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Chapter 1

Motivation and objectives

1.1 Motivation

Sensor technologies have been improved to anticipate and prevent the multiple threats
that European society faces: crime, terrorism, management of natural disasters, coastal
surveillance, tra�c control, etc. Optical, infrared, Radio Frequency IDenti�cation (RFID)
or conventional active radar technologies have been the object of intense research to deal
with these problems. Optical technology depends on weather conditions and needs illumi-
nating sources. Active radars have their own illumination source, and can be insensitive
to weather conditions if a correct operating frequency is selected. However, they need
frequency band allocation and are subjected to electromagnetic compatibility and health
constraints, together with public opinion rejection.

Passive Radars (PRs) are promising candidates to complement/substitute active ones
in security and defence applications. PRs are de�ned as a set of techniques whose main
objective is to detect targets and to estimate parameters using non-cooperative signals
(such as broadcast, communications, radar, or radio-navigation signals) as Illuminators
of Opportunity (IoO), rather than using a dedicated radar transmitter [IEE, 2017]. As a
result, they overcome all active radar drawbacks associated with the use of a dedicated
transmitter. On the other hand, transmitters are usually a large fraction of active radars
costs and design e�ort, and typically require a major share of system prime power and
maintenance. The absence of their own transmitter is the main advantage of passive
radars from the cost point of view. On the other hand, Commercial O�-The-Shelf (COTS)
devices can be used for signal reception (antenna, Radio Frequency (RF) front-end and
acquisition systems). But, the use of non-controlled transmitters that have not been
designed for radar purposes makes detection and tracking really complex. System design
and performance are strongly determined by the IoO and the geometry of the radar
scenario, so an intensive research of the di�erent IoO waveforms has been carried out in
the radar literature [Klemm et al., 2017].

Although the history of passive radar dates back to the early days of radar in 1935

1
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when the Daventry experiment was conducted in the UK [Kuschel, 2013], in recent years,
technological advances such as platforms for Field-Programmable Gate Array (FPGAs)
programming or Graphics Processing Units (GPUs), have reduced the gap between tech-
nological demonstrators and prototypes. Actual active radar designs try to move the
Analog-to-Digital Conversion (ADC) stage as close as possible to the antenna. Under this
Software-De�ned Radio (SDR) architecture, the development cost of active and passive
radars receivers can be comparable, but active systems will require their own transmitters.

A detailed study about PRs role in surveillance applications was presented by Professor
Chris Baker (Ohio State University) in the European Radar Conference held in Rome, as
part of the 2014 European Microwave Week Conference [Baker, 2014]. He considered the
Technology Readiness Levels (TRLs) which range from TRL1 to TRL9, depending on the
maturity level and the results in real environment validation trials [Baker, 2014]:

• Idea or proof of concept level: TRL1�TRL3.

• Development and validation phases: TRL4-TRL7.

• Matured technologies proved with success in real scenarios: TRL8-TRL9.

Chris Baker stated the necessity of facing the study of PRs terrestrial and maritime
applications and estimated the following TRLs for di�erent aspects of PR technology:

• Detection capabilities: TRL4, between Research to prove feasibility and Technology

development. Although the concept is feasible, a complete characterization requires
the development of techniques for the proper evaluation of the detection levels,
including available systems.

• Bistatic clutter modelling: TRL2 or lower. Bistatic clutter models are necessary for
detection parameters prediction.

• Tracking and localization: TRL4, between Research to prove feasibility and Tech-

nology development. Solutions capable of integrating range, Doppler and azimuth
information are required. Most systems exploit almost omnidirectional IoOs, with
very poor angular discrimination in the receiver, being unable of resolving ambigui-
ties generated by these con�gurations.

• Detection of ground moving targets: TRL2. Thanks to the use of high integration
times, Doppler resolutions can be high but insu�cient for low speed targets detection
in presence of ground clutter.

The objectives of this PhD Thesis are directly related to the PR aspects described
in previous paragraphs. Centred on the improvement of detection techniques in PRs,
this PhD Thesis focusses on statistical analysis of real data acquired by a technological
demonstrator developed in the University of Alcalá research group coordinated by Dr.
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María Pilar Jarabo Amores, under projects IDEPAR (Improved DEtection techniques
for PAssive Radars) and MASTERSAT (MultichAnnel paSsive radar receiver exploiting
TERrestrial and SATellite Illuminators), funded by the Spanish Ministry of Economy and
Competitiveness. This demonstrator exploits Digital Video Broadcasting - Terrestrial
(DVB-T) signals, and its main emplacement is the rooftop of the Polytechnic School
of the University of Alcalá. This semi-urban scenario is characterized by big buildings,
parking areas, trees, streets with metallic urban furniture, a road and a far highway, where
ground targets with a wide range of speeds and trajectories are present, providing low
Doppler shifts of high interest for improved detection techniques design. The system was
also deployed in the coast of Galicia during a small period of time, at the begin of this
research work. Because of that, sea clutter studies in coastal areas were also carried out.

During the design of the demonstrator, the design and development of measuring cam-
paigns, and the generation of databases, preliminary studies of clutter characterization
and their application to the design of improved detection techniques were carried out
using simulated and real data acquired by active radars characterized by di�erent oper-
ating frequencies and resolutions. Databases of monostatic sea clutter available in the
international research radar community were used. The data were acquired by high re-
solution monostatic X-band radars operating under di�erent weather conditions, and are
composed of sea clutter returns and small boats re�ections. Statistical techniques were
also applied to Synthetic Aperture Radar (SAR) data acquired by TerraSAR-X (DLR,
German Space Agency) and Sentinel (European Space Agency, ESA) to de�ne features
to be applied for the design of sea clutter classi�ers and to design more e�cient ship
detection techniques. Theses studies generated a strong base for the research line devoted
to PR technology, and the obtained results, and the launch of PAZ, the �rst Spanish
EO-SAR sensor, motivated a parallel and related research line.

In all cases, the detection performance is evaluated through the estimation of the
Probability of Detection, PD, and Probability of False Alarm, PFA, by Monte-Carlo si-
mulations, using controlled targets and guaranteeing a speci�ed accuracy.

Upgraded versions of the basic demonstrator included antenna arrays with independent
acquisition chains for the di�erent single radiating elements, allowing the design of digital
array signal processing techniques and detectors capable of integrating range, Doppler and
azimuth information, improving angular discrimination thanks to the use of Direction of
Arrival, DoA, estimation techniques.

These are the basic pillars that motivated, guided and supported this PhD Thesis. In
the following sections, the context where the research work was carried out is described.
European research groups with strong research lines in PR technology are described. The
knowledge transfer capability of studies and results of this PhD Thesis are proved by the
research projects that have supported its development.
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1.2 European research groups

The radar detection problem and the clutter characterization are open tasks in radar
literature, generating an intensive research activity in Universities, Research Institutes
and Companies. Some of the more relevant European research groups are the following:

• University of Pisa, Italy: In the Department of Information engineering of the
University of Pisa, an intensive research in statistical clutter characterization and
the design of radar detectors is carried out. Professor María Sabrina Greco and Pro-
fessor Fulvio Gini research activities are focussed on statistical signal processing, pa-
rameter estimation, and detection theory in radar applications. In particular, their
research interests include modelling and statistical analysis of radar clutter data,
coherent and incoherent detection in non-Gaussian clutter, Constant False Alarm
Rate (CFAR) techniques, and multistatic active and passive radar systems. M.
Greco participated in many national and international projects/contracts focussed
on radar target detection in non-Gaussian scenarios.

Some publications highly related to the research work carried out in this PhD Thesis
are [Gini, 1999, Sangston et al., 2012] for the detection problem formulation, and
[Farina et al., 1997,Billingsley et al., 1999,Gini and Greco, 2002,Greco et al., 2004,
Greco et al., 2006, Palamá et al., 2014, Palamá et al., 2015] for clutter statistical
characterization.

• University of Naples Federico II, Italy: In the Department of Biomedical, Elec-
tronics and Telecommunication Engineering, an intensive research focussed on sta-
tistical signal processing, radar detection, and convex optimization applied to radar
is carried out. Speci�c studies of non-Gaussian radar scenarios, CFAR detectors,
and passive bistatic radars that use Global System for Mobile (GSM) and Universal
Mobile Telecommunication System (UMTS) signals as IoOs are performed.

Some relevant publications in the context of this PhD Thesis are: [Conte et al.,
1991,Conte et al., 2004,Conte and Maio, 2004,Maio et al., 2008,Maio et al., 2010]
for monostatic and bistatic clutter characterization, and [Conte et al., 2000,Conte
et al., 2002,Maio et al., 2006,Maio and Conte, 2011] for the radar detection problem.

• University College London: The radar group of the Department of Electronic
and Electrical Engineering at University College London has carried out an intensive
research in radar systems and signal processing, including bistatic and multistatic
radar, microdrone detection and characterization, sea clutter and maritime target
analysis, and classi�cation. The research group developed a netted radar system
(NetRAD) operating at S-band [Derham et al., 2007], which was used for clutter
statistical characterization. Some relevant publications are [Gri�ths et al., 2010,Al-
Ashwal et al., 2014b,Al-Ashwal et al., 2014a,Ritchie et al., 2016,Palamá et al., 2017].
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• Institute of Electronic Systems, Warsaw University of Technology, Po-

land: In the Warsaw University of Technology, the research group on radar tech-
niques is focussed on radar detection, parameter estimation, target tracking, classi-
�cation, radar system simulations, radar imaging, SAR and passive radar systems.
This group developed the family of Passive Radar Demonstrators denoted as Pa-
RaDe (I, II and C), which operates using FM radio signals and are a basic refer-
ence in passive radar design and development [Malanowski et al., 2008,Malanowski
and Kulpa, 2008]. Its DVB-T demonstrator was presented in [Malanowski et al.,
2011]. Some publications in the statistical analysis area related to this PhD research
are [Malanowski et al., 2012,Malanowski et al., 2014]

• University of Rome, La Sapienza, Italy: The Radar Remote Sensing & Navi-
gation (RRSN) group belongs to the Department of Information Engineering, Elec-
tronics and Telecommunications (DIET) of the Faculty of Information Engineering,
Statistics and Informatics (University of Rome, 'La Sapienza'). The main research
interest of the RRSN group includes remote-sensing and navigation theory, techno-
logy and practice, radar and radio positioning systems analysis and data processing.
An intensive activity was carried out in signal processing, radar clutter modelling,
the analysis of non Gaussian statistics, coherent and incoherent radar detection in
non-Gaussian clutter, CFAR techniques, and passive radar systems based on FM,
Wi-Fi or DVB-T signals. The RRSN group is working in projects funded by national
and international radar industries and government organizations.

Some relevant publications in passive radar systems are related to FM signals
[Colone et al., 2013a, Colone et al., 2013b], Wi-Fi [Falcone et al., 2012, Falcone
et al., 2014], satellite illuminators [Cristallini et al., 2010], and DVB-T transmit-
ters [Colone et al., 2014,Martelli et al., 2016].

• Radar and Surveillance Systems (RaSS) center of the Italian National

Interuniversity Consortium for the Telecommunications (CNIT), Italy:
The RaSS centre originated from a joint e�ort of the Universities of Florence, Pisa
and Siena for building a team of researchers working in the �eld of radar, remote
sensing and applied electromagnetics. Its research work is focussed on radar system
design and analysis, radar data and signal processing, and electromagnetic surface
and man-made target scattering modelling. An intensive research activity in passive
radars using DVB-T and UMTS signals, CFAR and Space-Time Adaptive Proce-
ssing (STAP) target detection, and bistatic/multistatic Inverse SAR (ISAR) imaging
formation has been carried out. The research team has developed two passive radar
systems (using DVB-T and UMTS transmitters) under the direction of Professor
Fabrizio Berizzi [Petri et al., 2012,Capria et al., 2015].

• Fraunhofer FHR (Research Institute for High Frequency Physics and

Radar Techniques, Germany): this institute develop concepts, methods and



6 Chapter 1. Motivation and objectives

electromagnetic sensor systems in the �eld of radar in close conjunction with novel
signal processing methods and innovative technologies. They have carried out an
intensive research in passive radar technology: they design and developed a sys-
tem, called CORA, (COVERT RADAR) capable of exploiting alternatively Digital
Audio Broadcast (DAB) or DVB-T signals, using a circular antenna array with el-
ements for the Very High Frequency (VHF) and the Ultra High Frequency (UHF)
range [Kuschel and et al., 2008,Glende et al., 2007]. The department of Antenna
Technology and Electromagnetic Modelling (AEM) has developed various antenna
element types for the di�erent frequencies of interest for improving CORA antenna
array [Knott et al., 2011]. Furthermore, a passive radar that uses DVB-Satellite sig-
nals as IoO (SABBIA, Satellite Based Bistatic Imaging Accessory) was developed
by FHR institute.

• SELEX ES, a subsidiary of Leonardo S.p.A. (Italy), developed a Passive Coherent
Location radar that exploits FM signals as IoO, called AULOS, to provide detection
and tracking capability for defence and homeland security applications [Lallo et al.,
2012,Fulcoli et al., 2015]. SELEX has been carried out an intense research activity
in passive radar technology, developing improved AULOS passive radar that exploits
multiple FM transmitters and analyses multi-band con�gurations such as DVB-T
or GSM [Mancinelli, 2010].

• Cassidian, nowadays Airbus Defence and Space, designed a multiband passive
radar demonstrator capable of processing DVB-T Single Frequency Network (SFN),
DAB-SFN and 8 FM channels simultaneously, which was evaluated in various mea-
surement campaigns followed by an intensive theoretical analysis of the results
[Schroder, 2011]. Multistatic con�gurations were presented in [Schroeder et al.,
2012].

1.3 Objectives

The main objective of this PhD Thesis is the design of robust radar detectors in passive
radar scenarios. The IoO and the PR receiver are stationary, so the Doppler shift is
associated with target movement with respect to the IoO and the PR receiver. The
detection of ground targets with low Doppler shifts in semi-urban and maritime scenarios
is the main interest.

In parallel to the speci�c PR research objectives, clutter characterization and improved
detection techniques in active radars were also studied, in a related research line that
generated a solid basis and motivated di�erent approaches considered in this work.

PhD Thesis speci�c objectives are summarized in the following subsections.
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1.3.1 Statistical characterization of real clutter data

To deal with the radar detection problem, a statistical characterization of the observation
space is required, because the knowledge of the likelihood functions allows the formulation
of the Neyman-Pearson (NP) detector. In real radar scenarios, clutter signals present
temporal and spatial variability in their statistical model and the associated parameters.
Although clutter statistics can be characterized from environment radar measurements,
this is a very complex task in bistatic geometries.

In open radar literature, many studies of sea and ground clutter characterization in
monostatic radar scenarios are available to model the null hypothesis. However, not
much information about statistical models for bistatic clutter is accessible. On the other
hand, most studies are performed at typical radar frequencies, di�erent to those used by
communications systems usually exploited by PRs.

In this PhD Thesis, the study of the statistical properties of clutter and its dependences
on the environment and system geometry is carried out. Statistical analysis techniques are
applied to real monostatic and bistatic data in order to propose theoretical distributions
for modelling sea and ground clutter. The clutter characterization is carried out analysing
the in-phase and in-quadrature components, estimating the Probability Density Function
(PDF) and Cumulative Distribution Function (CDF), applying goodness-of-�t tests, and
estimating the autocorrelation function. Databases generated with data acquired by high
resolution X-band radars, and by the available technological DVB-T PR demonstrator in
di�erent measuring campaigns are analysed.

The proposed statistical models will be key results for:

• The formulation of the Neyman-Pearson optimum detector, and sub-optimum a-
pproaches designed for approximating it.

• The design of Neural Network (NN) based detectors and CFAR techniques.

• The implementation of synthetic data generation techniques for simulating monos-
tatic and bistatic radar scenarios, and for training and testing the proposed detection
solutions.

1.3.2 Formulation of the composite hypothesis test

The NP detector is a parametric solution that presents signi�cant detection losses when
the clutter and/or target characteristics are di�erent from those assumed in the detector
design. In practice, statistical characteristics of the observation vector under both hy-
potheses are unknown and variable, so the detection problem must be formulated as a
composite hypothesis test.

In this PhD Thesis, the Average Likelihood Ratio (ALR) and sub-optimum approaches
based on the Generalized Likelihood Ratio (GLR) are de�ned and implemented for the
statistical clutter models selected in the statistical study of real data. These solutions
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are used as reference ones for evaluating the detection capabilities of the proposed neural
network based detectors, and their computational cost.

1.3.3 Design of robust radar detectors based on neural networks

for approximating the NP detector

Detection schemes based on arti�cial intelligence techniques are proposed for approxima-
ting the NP detector in the composite hypothesis test, with computational costs lower
that those associated with alternative approximations to the GLR.

Di�erent solutions based on MultiLayer Perceptrons (MLPs), Radial Basis Function
Neural Networks (RBFNNs) or High Order Neural Networks (HONNs) are studied, choo-
sing the suitable cost function for training. The best architecture is selected for each case
study as a compromise solution between detection capabilities, robustness against clutter
variations, and computational cost.

1.3.4 Design of adaptive threshold techniques

The sub-optimum approaches and the solutions proposed for approximating the NP de-
tector are usually applied using a �xed detection threshold. Constant False Alarm Rate
(CFAR) techniques are used to maintain the PFA at a constant level in spite of clutter pa-
rameters variations, estimating its unknown parameters from observations acquired by the
radar. Di�erent CFAR techniques such as Cell Averaging (CA), Greatest Of (GO), Small-
est Of (SO), and Variability Index (VI) are applied to homogeneous and non-homogeneous
real data, and are used as reference to evaluate the detection capabilities of the proposed
neural network based solutions.

In this PhD Thesis, a new neural network based CFAR technique is proposed and va-
lidated in monostatic and bistatic radar scenarios, using simulated and real data. Neural
networks are trained to learn the statistics of the reference window and provide the re-
quired threshold for maintaining the PFA. This approach is not subject to any statistical
constraint and does not need a priori knowledge of the clutter model.

1.3.5 Design of array signal processing techniques to provide an-

gular discrimination and improve the performance of PR

systems

Upgraded versions of the IDEPAR demonstrator included antenna arrays with indepen-
dent acquisition chains for the di�erent single radiating elements, allowing the design of
digital array signal processing techniques.

In this PhD Thesis, beamforming algorithms are applied in the frequency domain
to take advantage of the SIR improvement, and the sparsity of targets information in
the Cross Ambiguity Function (CAF) domain. A modi�ed version of previous two-stage
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spatial �ltering techniques de�ned in radar literature is proposed to allow the estimation
of target azimuth, Doppler and range, and to improve the target localization accuracy to
make tra�c monitoring easier. DoA techniques are used to estimate the target azimuth.

3-D detectors capable of exploiting the information generated by the designed array
processing techniques (range-Doppler-azimuth) are proposed and evaluated in real passive
radar scenarios.

1.4 Related research projects

This PhD Thesis has been carried out in the frame of di�erent research projects develo-
ped by the University of Alcalá research group coordinated by Dr. María Pilar Jarabo
Amores.

The research work began with the project Research on Advanced Technologies

for radar data extraction and processing in maritime surveillance tasks (Inves-

tigación en Tecnologías para la Gestión de la Migración, INTEGRA, contract

UAH-116/2010, AMPER Sistemas S.A.). This project focussed on the detection
and tracking of small targets in maritime radar scenarios. Detection capabilities of con-
ventional solutions based on CFAR techniques were studied, and robust detectors based
on arti�cial intelligence were designed to improve the performance of CFAR detectors in
non-homogeneous scenarios. The characterization of the observation space was carried
out estimating clutter parameters from real radar measurements. The feasibility of the
proposed detection schemes were evaluated using synthetic databases assuming di�erent
clutter models, and simulated maritime radar scenarios with �uctuating small targets
with di�erent dynamics.

In parallel with INTEGRA, a research line in passive radar technology started with the
participation in the project On Array Passive ISAR Adaptive Processing, APIS

(contract A-1086-RT-GC European Defence Agency (EDA), and contract A-

0900-RT-GC - ICET Call 2 'Data Capture and Exploitation'). The objective of
this project was the study of the feasibility of PRs in military applications. The deve-
lopment and implementation of a passive radar demonstrator based on array processing
techniques and multichannel DVB-T signals as IoOs were carried out in order to detect
and track commercial air-planes �ying at low altitudes, and to generate Inverse Synthetic
Aperture Radar (ISAR) images of the detected targets for classi�cation purposes. As
a �rst approach, conventional incoherent CFAR detectors operating through the range-
Doppler map using di�erent reference windows were implemented in the detection stage.
Satisfactory detection capabilities were obtained in the considered radar scenario (Bara-
jas Adolfo Suarez Airport (Madrid)), where the ground clutter did not a�ect signi�cantly
to the desired target detection. However, for terrestrial targets, the hypotheses assumed
by the considered CFAR systems are not ful�lled, so the design of detection techniques
considering the real statistical distributions can give rise to interesting detection improve-
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ments.
The knowledge and experience acquired in APIS allowed the research group to face

the study of PRs in terrestrial and maritime scenarios. This study was part of IDE-
PAR project (Research on Improved Detection techniques for Passive Radars,

TEC2012-38701), funded by the Spanish Ministry of Economy and Competitiveness.
The main objective of this project was the design of new pre-processing techniques to
reject the zero Doppler interference, and the improvement of the detection capabilities
of PRs for the detection of ground targets. A technological demonstrator that uses a
DVB-T transmitter as IoO was designed and implemented, and used for the acquisition
of real radar data in terrestrial and maritime scenarios. The acquired databases were used
to carry out the study of the statistical properties of clutter and its dependences on the
environment and system geometry. This characterization allowed the formulation of the
optimum detector in the Neyman-Pearson sense, and to propose robust detection schemes
based on neural network solutions for approximating it, that were compared to the con-
ventional CFAR techniques used in APIS. The research work carried out in this project
to improve the detection capabilities of the IDEPAR demonstrator is directly related to
the objectives and results of this PhD Thesis.

In parallel with the IDEPAR project, projects funded by the University of Alcalá and
related to PRs systems were the basis for starting new related research lines for next
national and international projects:

• RIDPAR (Robust Intelligent Detectors for PAssive Radars applications,

CCG2013/EXP-92). Its main objective was the design of robust radar detectors
for the detection of ground targets in presence of spatial and temporal variable
clutter, in order to improve the performance of DVB-T PR systems. The research
work was carried out using the databases generated in the IDEPAR project. Sub-
optimum approaches based on the GLR were formulated to analyse the constrains
of the di�erent clutter models, and neural network solutions were designed. Clutter
classi�cation techniques were also proposed.

• RSS-BIRASAT (Remote Sensing and Surveillance BIstatic RAdar sys-

tems using SATellite illuminators, CCG2014/EXP-060). This project was
focussed on the study of PR systems that exploit satellite IoOs in surveillance and
monitoring applications. These IoOs were selected due to their high availability and
almost total invulnerability to natural disasters or physical attacks. The system
geometry and the reference and surveillance chains were analysed for geostationary,
medium and low orbit satellites.

• ARTEPAS (ARray signal processing TEchniques for PAssive radar ap-

plications, CCG2015/EXP-070). In this project, the study of the requirements
and the design of an antenna array for the surveillance channel of the IDEPAR
demonstrator, and the analysis of frequency sparse signals were carried out. Digital
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array signal processing techniques were implemented to improve system coverage
and provide angular discrimination. The angular discrimination allows the formu-
lation of detection schemes working in the 3-dimensional space (range, Doppler and
azimuth), which is one of the objectives of this PhD Thesis.

Currently, the research group is working on the follow-on projects of IDEPAR and
APIS, denoted as MASTERSAT and MAPIS, respectively, and on PARSY3D-D&T,
funded by the University of Alcalá.

• MASTERSAT (MultichAnnel paSsive radar receiver exploiting TERres-

trial and SATellite Illuminators, TEC2015-71148-R, funded by the Spanish
Ministry of Economy and Competitiveness) is focussed on the design of a PR sys-
tem capable of exploiting satellite IoOs taking into consideration the study carried
out in RSS-BIRASAT. Other important objectives are the design of antenna arrays
for DVB-T and satellite IoOs, and array signal processing techniques for improving
detection, localization and tracking techniques in terrestrial and maritime scenarios,
integrating range, Doppler and azimuth available information.

• InMAPIS (Multichannel passive ISAR imaging for military applications,

contract B-1359 IAP2 GP, reference 132/2014), advanced array processing
algorithms, improved detection and tracking techniques, and ISAR imaging gene-
ration capability to target recognition were studied. The main contributions of
the research group of the University of Alcalá are related to the radar scenario
characterization (IoO analysis and selection and target modelling), target detection
and the design of PR-ISAR images classi�ers.

• PARSY3D-D&T (Array signal processing in PAssive Radar SYstems for

3-D Detection and Tracking of terrestrial targets, CCG206/EXP-). The
main objective of this project is the improvement of 3-D detection and tracking
techniques for tra�c monitoring using PRs. Digital beamforming algorithms and
3-D detection schemes based on CFAR techniques combined with neural network
solutions will be designed. A 3-D tracking stage will be performed taking into
account the outputs of the detection and DoA stages.

1.5 Structure of the document

The rest of this PhD Thesis is structured in three di�erent parts: materials and methods
focussed on the theoretical review of the fundamentals on which this work is based, inclu-
ding relevant contributions that have generated the basis of the main research; research
and results, and the conclusion and future lines. The document is organized as follow:

• In Chapter 2, a brief introduction of the general description and operating principle
of active monostatic and passive bistatic radars is presented. Their basic processing
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architectures are also detailed to point out the stages where the present PhD Thesis
objectives are centred.

• Chapter 3 de�nes the detection problem, and presents sub-optimum approaches for
approximating the Neyman-Pearson detector, used as reference: Doppler processing
algorithms for clutter rejection, adaptive clutter cancellers, conventional adaptive
threshold detectors based on CFAR techniques, and neural network solutions.

• In Chapter 4, Gaussian and non-Gaussian clutter models described in radar lite-
rature are studied in order to characterize the likelihood functions. The statistical
analysis techniques used to characterize the real data are also presented, and a
revision of the state of the art in statistical clutter studies in monostatic and bistatic
environments is summarized.

• Chapter 5 is focussed on the description of the radar systems considered in this work
and the radar scenarios.

• In Chapter 6, the structure of the results part is explained taking into consideration
that the present document is a summary to provide a research context for the
compendium of contributions (international journals and conference papers) that
are the guarantors of the quality of the research work carried out, and the associated
results.

• In Chapter 7 the design of improved radar detectors based on neural network solu-
tions and their evaluation in active and passive radar scenarios are presented. The
results obtained in the statistical analysis of real passive bistatic data for sea and
ground clutter modelling are also detailed.

• In Chapter 8, the 3-D detector schemes designed for tra�c monitoring using passive
radars that use array signal processing techniques are presented. The proposed so-
lutions are validated in real passive bistatic scenarios, whose detection and tracking
results are also showed.

• In Chapter 9, the main conclusions extracted of this research work, and the future
research lines are summarized.
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Chapter 2

Introduction to radar systems

2.1 Introduction

RADAR (RAdio Detection And Ranging) is de�ned as an electromagnetic system whose
main objective is the detection and location of objects. These systems transmit electro-
magnetic signals, receive echoes from objects within their volume of coverage, and extract
information from the echo signal [IEE, 2017].

In general, any object that intercepts the transmitted signal and re-radiates part of it
towards the radar is denoted as target. Usually, this word refers to the desired objects to
be detected. On the other hand, non-desired targets are termed as clutter, and correspond
to energy backscattered from the sea, land, rain, birds or any other clutter source including
radar countermeasures.

In this PhD Thesis, active and passive radars are considered. Primary, monostatic
scanning radars are studied as a �rst step to delve into the formulation of the detection
problem, and to propose improved and e�cient solutions in complex clutter scenarios
characterized by non-Gaussian and variable statistics. Real data acquired under controlled
conditions for scienti�c purposes, and available in [IPIX, 2014,CSIR website, 2014], are
used for detectors design and validation, to generate a strong theoretical basis for facing
the problem of passive radar detection. During the research process, advances in active
monostatic and passive bistatic systems are shared and complemented, to give rise to the
�nal results presented in this Phd Thesis. The main characteristics of both systems are
detailed in the following sections.

2.2 Active monostatic radars

2.2.1 General description and operating principle

In scanning radars, the antenna main beam rotates to point across the time to di�erent
azimuths (A1, ..., Ai, ..., AKa), using mechanical or electronic systems [Skolnik, 2008]. For

15
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Figure 2.1: Basic architecture of an impulse monostatic radar

a given direction, Ai, the radar transmits an electromagnetic signal to the air/space, which
is backscattered by the objects (desired or not desired) located along that direction, in
the area de�ned by the radar antenna radiation pattern. In pulse radars, the transmitted
signal is a Radio Frequency (RF) pulse train, characterized by the carrier frequency, the
pulse length τ , and the Pulse Repetition Frequency (PRF). The RF pulse can be modu-
lated to improve resolution and average power, to reduce peak power, and modify other
operating parameters, but after the matched �lter, radar echoes samples are governed
by target and clutter scattering properties, making possible a general formulation of the
detection problem [Trees, 2013].

In the time between consecutive transmitted pulses, the system acquires the signals
scattered by targets or clutter sources, to generate a radar matrix. The range resolution
of the system is de�ned by the signal bandwidth, B, ∆R = Ri −Rj = c/2B, being c the
speed of light. The azimuth resolution is de�ned as the 3 dB beamwidth of the antenna
main beam. Both resolutions determine the size of the resolution cell. The pixel size of
the radar matrix acquired in each scan is de�ned by the sampling frequencies along range
and azimuth. The intensity or amplitude radar matrix is also considered as the radar
image generated by the system.

The azimuth and the range of a target can be estimated from the pointing direction
of the antenna beam, and the delay between the received echo and the transmitted pulse,
respectively.

2.2.2 Basic processing architecture

The basic architecture of an impulse monostatic radar is composed of four stages (Figu-
re 2.1):

1. Acquisition system: Generally, receivers transform the signal to Intermediate Fre-
quency (IF) in a super heterodyne architecture (RF stage). At this point, the signal
can be applied to a matched �lter. In coherent systems, the synchronous detector
generates the in-phase and in-quadrature components, that are digitized by a pair
of Analog-to-Digital Converters (ADCs), frequency and phase synchronized (Figure
2.2(a)) [Skolnik, 2002]. Modern radars move the ADC to the IF stage, allowing the
digital implementation of the matched �lter and the synchronous detector.
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(a) Coherent acquisition system (b) Incoherent acquisition system

Figure 2.2: Acquisition system schemes of impulsive monostatic radars

As an alternative, non-coherent receivers discard phase information, applying an
envelope detector at the output of the matched �lter (Figure 2.2(b)).

The radar matrix is generated at the output of the acquisition stage (Figure 2.3).
It is composed of the in-phase and in-quadrature components of the received sig-
nal digitized samples in the coherent case, and the amplitude or the intensity of
the digitized samples in incoherent receivers. Given a non-moving, point target,
an antenna beamwidth θB, and a rotating speed ωantenna, the radar can collect a
maximum number of P pulses from a target per scan, which could be calculated
using (2.1). Because of that, if targets of interest can be considered as point ones,
observation vectors are generated collecting a maximum number of P samples using
sliding windows that are shifted along radar matrix columns (range), throughout
the azimuth dimension: z̃ = [z̃1, ..., z̃P ]. These vectors de�ne the detector input
observation space.
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Figure 2.3: Observation vector obtained at the output of the acquisition system

P =
PRF · θB
6 · ωantenna

(2.1)

2. Radar signal processor: the main objective of this stage is the implementation
of the decision rule in order to decide between target absence or target presence.
Generally, a binary detection process is applied to the observation vector, genera-
ting a binary matrix, denoted as detection matrix, where '1' corresponds to target
presence and '0' otherwise.

Coherent and incoherent detectors can be designed. In the coherent solutions,
Doppler processors such as Moving Target Indicator (MTI) and Moving Target
Detector (MTD), are usually implemented at the output of the synchronous de-
tector to reject non-moving clutter and enhance the detection of moving targets,
exploiting Doppler information. On the other hand, incoherent detectors use only
the amplitude, intensity of other functions of signal amplitude, but can use clutter
�ltering solutions if clutter presence is guaranteed (marine or ground radars, for
example).

After Doppler �ltering in coherent radars, a linear-law or square-law envelope detec-
tor is usually applied. The output of the envelope detector is compared to a detection
threshold selected according to Probability of False Alarm (PFA) requirements, to
obtain the �nal detection matrix in both schemes, coherent and non-coherent. Due
to clutter residuals, adaptive detection thresholds are usually generated by Constant
False Alarm Rate (CFAR) techniques, whose objective is to ful�ll PFA requirements
in spite of clutter contributions variations [IEE, 2017].

3. Radar data extractor: The main objective of this stage is the estimation of the
target position (denoted as plot) in (range, azimuth) coordinates. Target velocity
or the con�dence level of the estimated plot could be also obtained in this process.
Usually, the plot extractor applies grouping techniques on the detection matrix
to connect all the hints associated with a target by �ood-�ll algorithms, and to
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estimate the target position in the system coordinates. Once the connected hints
are detected, the centroid related to each blob is calculated as its center of mass.

4. Radar data processor: this stage associates the plots belonging to the same
target in consecutive radar scans to obtain the corresponding tracks or trajectories.
Tracking techniques are implemented to declare, maintain and remove the tracks.
Kalman �lters and Extended Kalman �lters are the most widespread techniques
used in radar literature. A reduction in the PFA could be obtained at the output
of the tracking process using techniques that reject the plots that do not ful�l the
valid track requirements.

2.3 Passive bistatic radars

2.3.1 General description and operating principle

A Passive Bistatic Radar (PBR) is de�ned as a set of techniques that uses non-cooperative
signals as illumination sources, rather than a dedicated transmitter [IEE, 2017]. These
non-cooperative sources are known as Illuminators of Opportunity (IoOs). Communi-
cations systems such as Digital Video Broadcasting (DVB), FM radio, digital audio or
mobile phones have been analysed, together with radar and radio-navigation signals.

PBRs present many advantages against active radars due to the absence of a dedicated
transmitter: low development, implementation and computational cost due to the possi-
bility of use Commercial O�-the-Shelf (COTS) components, easy deployment, small size,
low weight, low probability of interception (except for the visual impact of the antenna)
and unnecessary frequency band allocation. These advantages allow the use of these sys-
tems in military and civil applications (air tra�c control, coast surveillance, surveillance
systems for critical infrastructures, urban tra�c monitoring, etc).

The operating principle of the PBRs is the coherent processing of the IoO signal and
the radar echoes generated by objects illuminated by the selected IoO, that allows target
detection and the estimation of its velocity and/or position.

The bistatic geometry and the lack of control over the transmitter impose the use of
multichannel reception systems composed of two channels: the reference one, to acquire
the direct signal from the IoO, and the surveillance one to capture the targets echoes.
In Figure 2.4, the basic scheme of a bistatic system is depicted, where RTi is the target-
to-transmitter distance, RRi is the target-to-receiver distance, L is the transmitter-to-
receiver distance or baseline, βi is the bistatic angle de�ned by RRi and RTi , and σbisi is
the Bistatic Radar Cross Section (BRCS), where i ∈ {a, b, c} refers to aeroplane, building
and car, respectively.

For the bistatic geometry depicted in Figure 2.4, the power scattered by a target can
be calculated as is expressed in equation (2.2), where PR and PT are the received and
transmitted powers, respectively, GR and GT are the receiver and the transmitter antenna
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Figure 2.4: Basic operating scheme of a Passive Bistatic Radar

gains, λ is the signal wavelength, and A includes the total propagation losses.

PR =
PTGTGRλ

2σbis
(4π)3(RRRT )2

· A (2.2)

The main challenge associated with the PBR systems is the complexity of the sig-
nal processing techniques required for targets' detection and tracking, due to the use
of out-of-control illuminators and waveforms. The available transmitter networks have
been developed for ful�lling quality of service requirements imposed by communications
applications.

An important issue in PBR systems is the study of the available IoOs waveforms, to
determine the achievable resolutions and coverages, and the characteristics of the potential
interferent components. Feasibility studies of di�erent communication signals as IoO were
carried out in radar literature, using the Ambiguity Function (AF). The AF (or the time-
frequency autocorrelation function) describes how a signal is correlated with itself delayed
in time by an amount τ , and shifted in frequency an amount f [Levanon and Monzeson,
2004]. In PBRs, the acquisition time, Tacq, is divided into Coherent Processing Intervals
(CPI), of integration time Tint seconds, using a periodic pulse train with a selected Pulse
Repetition Interval (PRI), Figure 2.5.

An AF is generated for a speci�c Tint value. It is a two dimensional function whose
discrete-time implementation is detailed in (2.3), with the following parameters:

− N is the number of samples (N = Tint · fs, being fs de sampling frequency).

− m represents the time bin associated with a delay τm = m/fs .

− p is the Doppler-shift corresponding to fdop = fs (p/N).
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Figure 2.5: Time processing parameters de�nition

χ (m, p) =
1

N

N−1∑

n=0

x∗ [n−m] · x [n] · e−j2π p
N
m (2.3)

Analog signals studies, such as television [Gri�ths and Long, 1986] and FM broadcas-
ting [Howland et al., 2005,Malanowski et al., 2008], conclude that these IoOs are not good
candidates for radar applications, due to their lower and data dependent bandwidths.
However, digital signals present higher bandwidth than analogical ones, guaranteeing
higher and data-independent range resolutions, and providing good performances in radar
applications: Digital Audio Broadcast (DAB) and Digital Radio Mondiale (DRM) [Cole-
man et al., 2008], Global System for Mobile (GSM) [Zemmari et al., 2009], Universal Mo-
bile Telecommunication System (UMTS) [Petri et al., 2009], Digital Terrestrial Television
(DVB-T standard in the European Union) [Saini and Cherniakov, 2005,Bárcena-Humanes
et al., 2014,O'Hagan et al., 2014].

Systems based on DVB-T signals are under intensive research due to their good fea-
tures in passive radar applications: higher transmitted power values, high availability,
known position and waveform, good autocorrelation characteristics, bandwidth around
8 MHz (with the possibility of using consecutive channels for increasing the system reso-
lution), and spectral properties which are nearly independent of the signal content.

2.3.2 Basic processing architecture

A complete design of a multichannel DVB-T PBR system for ground targets detection and
tracking is described in [Jarabo-Amores et al., 2016], where detection schemes designed
in this PhD Thesis were validated using real data. The basic architecture of PBRs is
depicted in Figure 2.6, which is divided into four di�erent stages:

1. Reception stage: This stage is composed of the antenna system, the RF front-
ends and the ADCs in charge of digitizing the reference and surveillance signals.
Usually, independent antenna subsystems are used for reference and surveillance.
The reference antenna has to capture the direct signal of the desired IoO, rejecting
interfering IoOs present in the radar scenario (this is an important problem in Single
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Figure 2.6: Basic architecture of a Passive Bistatic Radar

Frequency Network (SFN) systems). The surveillance antenna has to acquire the
target echoes rejecting all the IoO signals, providing the required angular resolution
and pointing capability, and reducing clutter contributions collection. To ful�l all
these requirements, antenna arrays are usually used. Due to the dependence on
the available IoOs, single radiating elements are usually provided with independent
acquisition chains, to implement array signal processing techniques. This solution
allows the generation of multiple beams, notches in selected directions, Direction of
Arrival (DoA) techniques implementation, and the de�nition of a 3D observation
space (bistatic range/delay, bistatic Doppler, pointing direction), for the detection
stage.

2. Processing stage: this stage includes the matched �ltering process and the pre-
processing techniques required for rejecting the interference components.

The matched �lter is based on the Cross Ambiguity Function (CAF), which allows
the estimation of the bistatic range and Doppler shift of the target, and provides
the necessary signal processing gain to allow the target echo detection. To generate
the CAF, delayed and Doppler-shifted copies of the reference signal, sref [n], are
correlated with the surveillance one, ssurv[n] (Figure 2.7(a)). The discrete time
expression of the CAF is presented in (2.4). The associated parameters and variables
are the same as in (2.3).

SCAF [m, p] =
N−1∑

n=0

s∗ref [n−m] · ssurv [n] · exp−j2π
p
N
n (2.4)

If array antennas with the capability of generating multiple instantaneous beams are
used, for each CPI and surveillance antenna beam, a Range-Doppler-Azimuth cube
(RDA-cube) is obtained, that will be the input of the detection stage (Figure 2.7(b)).
If only one surveillance beam is available, the RDA-cube reduces to a single Range-
Doppler Matrix (RDM).
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(a) CAF generation process basic scheme (b) RDA-cube

Figure 2.7: CAF generation process and processing stage output

PRI and Tint values are selected taking into account the Doppler resolution, desired
targets dynamics and the processing techniques to be applied. Generally, Tint =

PRI is considered. Long integration times are required to obtain a suitable Signal-
to-Noise Ratio (SNR) at the input of the detection stage, although range migration
can degrade system performance [Shan et al., 2016].

In the CAF, a Target (Ti) will generate a local maximum at (mi,pi) associated with
the target bistatic delay (τmi), and Doppler shift (fdpi ), respectively. For each target
in the area of interest, the result of the CAF is the AF of the transmitted signal,
scaled and shifted to be centred on (τmi ,fdpi ). In Figure 2.8, an example of a CAF
generated in a simulated scenario composed of the following elements is presented:

• Two stationary targets located at bistatic ranges R1 and R2 calculated as
Ri = τbistatic ·c, where τbistatic is the bistatic delay (obtained using equation (2.5)
depending on the target-IoO, the target-PBR, and the IoO-PBR or baseline
distances, denoted as RT , RR and L, respectively), and c is the velocity of
light. The stationary targets appear in the zero Doppler line of the RDM.

τbistatic =
RT +RR

c
− L

c
(2.5)

• One moving target are located at R1 bistatic range and fD3 Doppler shift
(position (R1, fD3) in the RDM). The associated Doppler shift depends on the
target motion relative to the PBR and IoO locations and could be calculated
using equation (2.6) when the receiver and the IoO are stationary [Willis, 2005],
being β and ψ the bistatic and aspect angles, respectively.

fD (Hz) =
2 · V
λ
· cos (ψ) · cos (β/2) (2.6)

• The direct IoO signal is acquired by the reference channel and also by the
surveillance one, although it is designed for rejecting that, due to the IoO signal
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Figure 2.8: Example of a CAF generated in a scenario with 3 targets where the DPI e�ect
is also included. Left: 3D CAF. Right: 2D CAF

can be 100 − 80dB higher than the target radar echoes. The level captured
by the surveillance antenna (known as Direct Path Interference or DPI) can
be signi�cant compared to target echoes ones, so it correlates correctly with
the reference antenna signal resulting a peak located at zero bistatic range and
zero Doppler shift in the RDM.

Pre-processing techniques are included before the CAF stage to reject interference
components: interfering IoOs, multipaths, DPI, ambiguity peaks and clutter signals.
Adaptive cancellers are usually proposed for mitigating DPI and other interference
components in the surveillance signals [Jarabo-Amores et al., 2016]: the Least Mean
Square (LMS) [Guillemin and Kalman, 1971,Widrow and Ho�, 1960], and the Ex-
tensive CAncellation (ECA) algorithm [Colone et al., 2006, Cardinali et al., 2007]
are widely used.

On the other hand, the reference channel multipath correlates perfectly with the
target echoes and generates CAF copies shifted along zero Doppler, increasing the
PFA, and generating phantom targets (target echoes associated with interference
signals) [Gómez-del Hoyo et al., 2017].

Adaptive noise cancellers will be used in the pre-processing stage in order to �lter
the DPI, multipath and clutter contributions, giving rise to important detection
improvements.

3. Detection stage: The most extended solutions are based on comparing the am-
plitude or the intensity of the RDA-cube or RDM samples to a threshold selected
according to PFA requirements, in order to decide between target absence or target
presence. The interferences and other targets modify CAF properties throughout
the RDA-cube or the RDM, making necessary adaptive detection thresholds for
ful�lling PFA requirements. The most common detectors used in PBR systems are
conventional solutions based on incoherent CFAR techniques [Gandhi and Kassam,
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1988,Cao et al., 2010,Langellotti et al., 2014,Falcone et al., 2012], which estimate
an adaptive threshold for the amplitude or intensity of each input sample, Cell Un-
der Test (CUT), taking into account the surrounding samples. These solutions are
optimum in presence of independent and identically distributed exponential sam-
ples (intensity of independent complex Gaussian samples), but their performance
decreases under other clutter conditions. Because of that, the main objective of
this PhD Thesis is to propose improved solutions based on statistical characteri-
zation of clutter from real data, and formulation of the optimum detector in the
Neyman-Pearson sense [Neyman and Pearson, 1933].

At the output of the considered detector, the detection matrix is generated, and a
target can be observed in a set of cells depending in its size and kinematics. The
target position (range-Doppler in the RDM or range-Doppler-azimuth in the RDA-
cube) could be estimated by the data extractor. This extractor applies algorithms
such as �ood-�ll algorithm that connect all the hints associated with a target, and
estimate the target position in the system coordinates. These estimated values
de�ne a point in the input 2D or 3D space, which is denoted as the plot associated
with the target. Once the connected hints are detected, the centroid related to each
blob is calculated as its center of mass.

4. Tracking stage: The plots obtained in the set of CPIs that compose an acquisition
are associated with the tracks or trajectories of the estimated targets. A processing
based on standard Kalman �lters operating on the range-Doppler domain is usually
applied to determine the plots belonging to the same target, and contributing to
reduce the PFA. In PBR systems with higher azimuth resolutions, improved 3D
tracker algorithms based on extended Kalman or particle �lters were proposed in
[Pasculli and et al., 2013,Li and Wang, 2012].

2.3.3 DVB-T signals for passive radar applications

DVB-T is the digital terrestrial television broadcast transmission standard most used in
the European Union [ETSI-300-744, 1999]. It combines MPEG-2 standard and OFDM
(Orthogonal Frequency Division Multiplexing), denoted as COFDM (Coded OFDM).
COFDM splits the digital data stream into a large number of slower digital streams, each
of which digitally modulate a set of closely spaced adjacent sub-carrier frequencies [Saini
and Cherniakov, 2002, Palmer et al., 2013]. The Spanish DVB-T transmission uses the
8k mode detailed in the standard [ETSI-300-744, 1999], which uses a 64− QAM carrier
modulation and has a total bandwidth equal to 7.61MHz.

The DVB-T signal is composed of a random component, generated by the interleaving
and the OFDM modulation of the MPEG-2 signal, and a deterministic one, generated by
the presence of Pilot Carriers (PC), Transport Parameter Signalling (TPS) and the Guard
Interval (GI) [Palmer et al., 2013]. The deterministic components give rise to a B1 class
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Figure 2.9: Ambiguity function of real DVB-T signal composed of one channel

signal characterized by an AF similar to a thumbtack, with a peak at (0,0) with delay
and Doppler widths equal to 1/B and 1/Tint, respectively. A pedestal spreads throughout
all the delay-Doppler plane with an height inversely proportional to the product B · Tint.
Deterministic components give rise to peaks in the AF [Saini and Cherniakov, 2005]. An
example of the AF of a DVB-T channel is shown in Figure 2.9.

In order to increase the signal bandwidth, multiple DVB-T channels can be acquired.
AF components and solutions to mitigate the e�ect of the deterministic components
spurious in multichannel signals were analyzed in [Bárcena-Humanes et al., 2014]. The
lack of IoO control was analysed in [del Rey-Maestre et al., 2017a] and [del Rey-Maestre
et al., 2017b], where the e�ect of unexpected channel vanishing or interferences were
analyzed. With respect to channel availability, a reduction of the detection performance
was obtained due to an increase of the pedestal mean level and a degradation of the
range resolution associated with a lower information bandwidth. On the other hand,
when a sporadic interference appears in the data acquisition, the pedestal mean value
also increases, but the PBR detection performance decreases due to the desired targets
could be masked by the interference, which generates blind Doppler shifts in the detection
stage.

2.4 Passive radars based on satellite illuminators

This PhD thesis focusses on passive bistatic radars based on DVB-T signals, as the main
objective of APIS, IDEPAR and MAPIS projects. However, nowadays, there is a rising
interest of satellite IoOs due to their high frequencies, big bandwidths, high availabili-
ty and almost total invulnerability to natural disasters or physical attacks. The main
drawbacks of these IoOs are: the low scattered power from the target (due to the big
distance between the target and the transmitter), and the relative movement of low and
medium orbit satellites with respect to the passive receiver. The study of these type of
IoOs is one the main objectives of MASTERSAT and BIRASAT projects. The study
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of the geometries and the modelling of clutter and targets Doppler spreads due to IoO
movement have been key results for the formulation of the detection problems to propose
novel solutions capable of providing detection performances of interest in passive radar
applications. Some of the more relevant results are the following:

• In [Bárcena-Humanes et al., 2015], a feasibility study of Earth Observation Syn-
thetic Aperture Radars (EO SAR) systems as IoO was carried out taking into ac-
count signal waveform, availability, bistatic geometry, instrumented coverage area,
and incident power density. A case study based on the use of PAZ system, a X-
band SAR instrument mounted on a TerraSAR-X-like platform developed by the
Spanish National Earth Observation Program (PNOTS), was selected. The trans-
mitted signal was analysed using the AF. To determine the time availability and
the instrumented spatial coverage, a study of potential bistatic geometries was per-
formed. The virtual displacement of a target was modelled to analyse the impact of
the IoO movement assuming a TerraSAR-X orbits. The study was completed con-
sidering GPS satellites as IoOs. Finally, the available power at the PBR antenna
was estimated as a function of the target-to-PBR distance. The results prove the
feasibility of PAZ system as IoO, allowing coverages of 15 km.

• In [Bárcena-Humanes et al., 2017], the study of the feasibility of space-borne based
passive radars in smart cities monitoring applications was carried out, focussing
on the Global Positioning System (GPS) satellite constellation. The e�ects of the
relative movement of the satellites on the bistatic system geometry were analysed.
The evolution of the bistatic range and bistatic angle for a certain acquisition time
were estimated, showing that target trajectories su�er a virtual displacement, which
must be taken into consideration in the design of the detection and tracking stages.
An analysis of the expected BRCS when GPS satellites are used as IoO was also
carried out, obtaining low BRCS values that complicated the detection task.
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Chapter 3

Detection Problem Formulation

3.1 Introduction

The radar detection problem can be formulated as a binary hypothesis test, where the
detector has to decide between two hypotheses:

• Target absence or null hypothesis, H0: the received signal consists of clutter plus
noise (interference signal).

• Target present or alternative hypothesis, H1: the received signal is composed of
target echo-plus-interference.

The most extended detector criterion in radar applications is the Neyman-Pearson
(NP) detector, which maximizes the Probability of Detection, PD, maintaining the prob-
ability of false alarm, PFA, lower than or equal to a given value [Neyman and Pearson,
1933,Trees, 2013]. If z̃ is the complex observation vector provided by the radar receiver,
and f(z̃|H0) and f(z̃|H1) are the detection problem likelihood functions, a possible imple-
mentation of the NP detector consists in comparing the Likelihood Ratio (LR), Λ(z̃), to
a detection threshold (ηlr) estimated according to PFA requirements (3.1) [Trees, 2013].
The detector decides in favour of H1 when the LR output is higher than the selected
threshold, and in favour of H0 when the LR output is lower than the selected threshold.

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηlr(PFA) (3.1)

This approach requires a complete knowledge of the likelihood functions, and sig-
ni�cant detection losses appear when the statistical characteristics of the observation
vector under both or any of the hypotheses vary from those assumed in the LR detec-
tor design [Aloisio et al., 1994, di Vito and Naldi, 1999]. In practice, clutter and target
characteristics are unknown and variable. Although clutter statistics can be estimated
from radar environment, target parameters are really di�cult to estimate, due to the
scattering �uctuations (phase and Radar Cross Section, RCS). As a result, the likelihood
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functions depend on a set of unknown parameters, and the radar detection problem must
be formulated as a composite hypothesis test.

If the likelihood functions depend on random variables with known Probability Density
Functions (PDFs), the NP detector can be implemented comparing the Average Likelihood
Ratio (ALR) to a detection threshold selected according to PFA requirements (ηalr). Let
θ be the random variable in the parameter space χ, with PDFs under boths hypothesis
f(θ|H0) and f(θ|H1), the ALR is expressed in (3.2) [Trees, 2013].

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)
=

∫
χ
f(z̃|θ,H1) · f(θ|H1) · dθ∫

χ
f(z̃|θ,H0) · f(θ|H0) · dθ

H1

≷
H0

ηalr(PFA) (3.2)

This formulation usually leads to integrals without analytical solutions, so suboptimal
approaches are usually applied: decision rules based on numerical approximations of the
ALR, or solutions based on the Generalized Likelihood Ratio (GLR), which uses the
maximum likelihood estimation of the parameters governing the likelihood functions in
the LR, as if they were correct [Trees, 2013,di Vito and Naldi, 1999,Carretero-Moya et al.,
2011,Sangston et al., 2012,Shuai et al., 2010]. The GLR test needs an in�nite number of
LRs to cover all possible values of θ in χ, so its implementation is complicated. Because
of that, the Constrained Generalized Likelihood Ratio (CGLR) detector de�ned in (3.3)
is used, where K is the �nite number of LR detectors designed for selected θ values in χ.

max
θk

Λ(θk)
H1

≷
H0

ηCGLR(PFA) k = 1, ..., K (3.3)

These approaches are characterized by high computational costs, so suboptimal solu-
tions are usually proposed. In active radar systems, the most widespread approximations
to the CGLR detector are based on clutter �ltering techniques or Doppler processors
(cancellers, �lter banks), and adaptive threshold solutions (CFAR) designed assuming
Gaussian interference. The most extended passive radars solutions apply �ltering tech-
niques to reject interference components before the CAF stage, and incoherent CFAR
techniques for performing the �nal decision.

Neural Networks (NNs) based solutions have been proposed as alternatives for radar
detection. NNs are known to be able to approximate the optimum Bayesian classi�er
[Ruck et al., 1990,Wan, 1990]. In [Jarabo-Amores et al., 2009] the suitability of di�erent
error functions was studied for training a one-output learning machine in a supervised
manner in order to approximate the NP detector. If the function approximated by the
learning machine ful�ls the su�cient condition, the associated error function is suitable
for training, but the �nal approximation error will depend on the selected error function,
the selected training and validation sets, the system structure and the training algorithm.
In [Jarabo-Amores and et al., 2013] this condition was extended to approximate the ALR
approach in composite hypothesis test.

In this chapter, a summary of the most extended practical solutions used in active
and passive radars is presented, to provide a theoretical basis over which this PhD Thesis
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Figure 3.1: MTI �lter scheme

was built. Related contributions are described with the associated publications.

3.2 Moving Target Indicators and Moving Target De-

tectors

In coherent active radar systems, practical detectors apply clutter �ltering techniques to
the in-phase and in-quadrature components of the received signals, in order to reduce the
presence of clutter and enhance moving targets, exploiting the Doppler shift associated
with the relative movement of the target with respect to interference [Curtis, 1999,Zuyin,
2001,Lagerkvist et al., 2005]. Moving Target Indicator (MTI) and Moving Target Detector
(MTD) systems are examples of these techniques.

MTI techniques enhance the detection of moving targets, rejecting signals with spectral
components centred on zero or low Doppler values (frequency region where heavy clutter
concentrations are expected) [Skolnik, 2008]. One method of implementation is Doppler
processing, whose basic structure consists in a complex-weight transversal �lter as is shown
in Figure 3.1: z̃ = [z̃(m) z̃(m − 1) ... z̃(m −M + 1)] is the complex observation vector
generated by the sliding window as it moves throughout the columns of the radar matrix;
w̃ = [w̃0 w̃1 ... w̃M−1] is the complex-weight vector, and ỹ(m) is the �lter output. The
output of the transversal �lter and its power are calculated in (3.4) and (3.5), respectively
[Curtis, 1999].

ỹ(m) =
M−1∑

j=0

w̃j z̃(m− j) = w̃T z̃ (3.4)

Po = E[ỹ∗ỹT ] = w̃∗TE[z̃∗z̃T ] · w̃ (3.5)

Denoting the Signal-to-Interference Ratio as SIR, an optimization criterion widely
used for the design of MTI �lters is the MTI improvement factor (If ), de�ned as the ratio
between the �lter output SIR (SIRo) and the �lter input SIR (SIRi). Under this design
criterion, the optimum weight vector of the transversal �lter can be obtained by solving
an optimization problem to maximize If . Actually, the normalized If is used, which is
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the MTI improvement factor assuming that SIRi = 1, which can be expressed in (3.6) as
a function of target and interference covariance matrices, Σs̃s̃ and Σĩ̃i, respectively.

If =
SIRo

SIRi

⇒
SIRi=1

Ifn =
Po,signal

Po,interference
=

w̃∗TΣs̃s̃w̃

w̃∗TΣĩ̃iw̃
(3.6)

The problem reduces to solve equation (3.7), where λ is a vector that contains the
eigenvalues of (Σ−1

ĩ̃i
Σs̃s̃). The eigenvector associated with the maximum eigenvalue, λmax,

corresponds to the optimal weight vector of the MTI �lter, for which Ifn = λmax [Curtis,
1999]. This optimum radar Doppler processor requires the knowledge of the target and
interference covariance matrices.

Σ−1

ĩ̃i
Σs̃s̃w̃ − λw̃ = 0 (3.7)

In practical situations, target parameters are di�cult to estimate. Among them, the
Doppler shift (Ωs) is of critical relevance. Di�erent design methods have been proposed
in the literature to deal with the unknown target Doppler shift:

• A MTI �lter designed for Σs̃s̃ obtained as the average of Σs̃s̃ over the variation
interval of Ωs. Assuming a non-�uctuating target with a Doppler shift that varies
uniformly in [0, 2π), the normalized average signal covariance matrix results in the
identity matrix, I, and (3.7) can be rewritten as (3.8). The resulted weight vector is
the eigenvector associated with the maximum eigenvalue of Σ−1

ĩ̃i
which corresponds

to a high-pass �lter whose cut-o� frequency depends on its order.

Σĩ̃i
−1w̃ − λw̃ = 0 (3.8)

• A bank of D MTI �lters optimized for discrete values of Ωs equally spaced along the
target shift interval ([0, 2π)). In practice, D corresponds to the number of processed
coherent pulses (P ) [Curtis, 1999]. In this case, each �lter is optimum at the center
frequency, but mismatched otherwise. This scheme improves the clutter rejection
reducing the e�ects on the desired targets, because the targets located in the pass-
band of one of the �lters will su�er negligible attenuation, while the clutter and
targets located in the stop-band will be strongly rejected.

• MTD based systems usually combine both methods. First, a MTI �lter (clutter
canceller) rejects clutter components concentrated around the zero Doppler, and
the �ltered signal is applied to a bank of band-pass �lters designed for enhancing
targets in presence of white interference. The �rst canceller can be optimized for
the estimated one-lag correlation coe�cient of the clutter (ρc). The bank of �lters
is designed assuming that, as the main components of clutter were rejected by the
�rst canceller, noise and interference residuals one-lag correlation coe�cient is close
to zero. Independent detectors are applied to the output of each band-pass �lter
and detectors outputs are combined using di�erent strategies.
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Figure 3.2: Conventional detector scheme based on Doppler Processors: MTI �lter-bank
with independent CFAR detectors whose outputs are combined using an OR operation

MTD processors also implement a processing chain focussed on the detection of
stationary or low speed targets. In this case, the �rst element is a low-pass �lter to
select the frequency band of interest, and the detector is applied to the output of
the low-pass �lter.

In Figure 3.2 the basic detector scheme that uses Doppler processing to reject the
clutter is presented: the initial MTI �lter is optimized for the ρc of the clutter scenario
and MMTI pulses, the MTI �lter-bank is designed for Mfbank pulses and ρc = 0, and,
�nally, independent detection stages composed of a square-law envelope detector followed
by a CFAR technique are implemented in each �lter branch, whose outputs are combined
using the OR-logic function.

3.3 Adaptive cancellers in passive radars

In Passive radar systems, the received signals are also composed of non-desired contribu-
tions such as clutter, DPI and interfering IoOs. If the IoO and the PBR are stationary,
and clutter sources are stationary or characterized by low Doppler shifts, although their
e�ects spread along all the CAF domain, their maxima are located along the zero Doppler.

In the literature, adaptive algorithms are usually implemented in the pre-processing
stage of the PBR architecture to reduce these non-desired signals and increase the de-
tection performance of the system [Colone et al., 2006, Saini et al., 2003,Wu and et al.,
2012]. The adaptive algorithms are chosen as a solution when a priori signal information
is not available, due to they are able to follow the input signal variations using a recursive
operation. In general, FIR �lters are selected because they present a stable performance.
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Figure 3.3: Clutter and DPI rejection scheme based on adaptive �lter algorithms in PBR
scenarios

In Figure 3.3, the basic adaptive �lter scheme in a PBR application is presented
[Haykin, 2008]:

• Sref (n) is the reference signal. In absence of interfering IoOs, Sref (n) is composed
of the direct signal and multipaths from the selected IoO, and the thermal noise of
the reference channel. In (3.9), Nmp multipath components are considered; where
the propagation losses factors are denoted as AIoO and Amp,nmp , nmp = 1, ..., Nmp,
for the direct signal and the multipaths, respectively.

• Ssurv(n) is the surveillance signal composed of the desired targets echoes, and the
interferences (clutter, DPI and thermal noise of the surveillance channel). In (3.9),
NT targets and NC stationary clutter sources are considered.

• Ssurv_fil(n) is the error signal and w̃(n) is the �lter weight vector in the n − th

iteration of the adaptive algorithm (3.10). This scheme is based on the conventional
Wiener-Kolmogorov one, and tries to maximize the signal-to-noise ratio rejecting
the clutter and DPI contributions till maximum delay of G cells (where G is the
�lter order) [Haykin, 2008].

Sref (n) = AIoO · SIoO(n) +

nmp=Nmp∑

nmp=1

Amp,nmpSIoO(n− nmp,nmp) + nref (n)

Ssurv(n) = ADPI · SIoO(n) +

nmp=NT∑

nt=1

AT,ntSIoO(n− nT,nt) exp (jΩT,ntn)

+

nC=NC∑

nC=1

AC,nCSIoO(n− nC,nC ) + nsurv(n)

(3.9)
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Ssurv_fil(n) = Ssurv(n)− y(n)

y(n) =
G−1∑

j=0

wj,n · Sref (n− j)
(3.10)

The most extended adaptive �lter algorithms used in PBR applications are the Least
Mean Square (LMS) [Widrow and Ho�, 1960,Guillemin and Kalman, 1971] and the Ex-
tensive CAncellation (ECA) [Colone et al., 2006,Cardinali et al., 2007], that are described
in the following subsections.

3.3.1 Least Mean Square �lter

LMS is a stochastic gradient algorithm characterized by its simplicity. It is usually used
as reference solution [Widrow and Ho�, 1960,Guillemin and Kalman, 1971]. The target
function to minimize during the adaptive process is ξn = E[|Ssurv(n)−y(n)|2] = E[e2(n)].
During the adaptation process, an instantaneous estimation of the error function is used:
ξ̂n = Ê[e2(n)] = |e2(n)|.

If Sref,n = [Sref (n), Sref (n − 1), ...Sref (n − (K − 1))] is the �lter input vector for the
n-iteration, w̃n is updated according to the rule w̃n+1 = w̃n +µ ·Sref,n · e2(n). Parameter
µ is the learning constant that must be selected to ful�l the condition 0 < µ < 2/p̂Sref ,
being p̂Sref the estimated power of the reference signal.

To reduce the higher converge time of the LMS algorithm, the Normalized LMS
(NLMS) one is usually used in PBR applications. In this case, the squared Euclidean
norm of the input vector is applied in the updating process, and the NLMS convergence
is assured if 0 < µ < 2 [Weiss and Mitra, 1979,Hsia, 1983].

Figure 3.4 shows an example of the e�ects of a LMS adaptive canceller on the CAF,
which constitutes the input to the detection stage [Jarabo-Amores et al., 2016]. Three
(25x21) windows are de�ned for evaluating �lter performance:

- Window 1 allows the estimation of the zero Doppler clutter contributions rejection
performance, that will in�uence the detector PFA.

- Window 2 is designed for evaluating the SIR value of targets close to the zero
Doppler line at the input of the detection stage. In this case, the objective is to
evaluate the missing targets due to the presence of strong clutter residuals in its
neighbourhood.

- Window 3 is centred on a strong target, far from the zero Doppler line. This is
the most favourable case for the detector.
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(a) Range-Doppler map for Tint = 200ms (b) Combination of the LMS �lter and the CAF stage

Figure 3.4: Example of clutter rejection using the LMS �lter [Jarabo-Amores et al., 2016].
Details related to a target (purple) and zero-Doppler interferences (red) contributions are
shown

3.3.2 ECA �lter

In the ECA algorithm, the �ltered signal vector is calculated as the projection of the
desired input vector on the orthogonal subspace to the zero Doppler interference subspace
[Colone et al., 2006,Cardinali et al., 2007]. The input and the desired signals are presented
in (3.11). R extra samples of the reference signal are used, so the total number of acquired
samples in the CPI is N +R.

Sref = [Sref (−R + 1), ..., Sref (0), Sref (1), ...Sref (N)]

Ssurv = [Ssurv(0), Ssurv(1), ...Ssurv(N)]
(3.11)

The �ltered signal vector, Ssurvfil = [Ssurvfil(0), Ssurvfil(1), ...Ssurvfil(N)], is calculated
as the projection of the desired input vector Ssurv de�ned in (3.11) on the orthogonal sub-
space to the zero Doppler interference subspace. The projection matrix, P0, is calculated
as is described in (3.12), where the operator D applies a one lag delay, and Λp is a di-
agonal matrix that applies the phase shift corresponding to the p-th Doppler bin [Colone
et al., 2006].

Ssurvfil = [IN −X(XHX)−1XH ]Ssurv
X = B[Λ−pSref , ...,Sref , ...,ΛpSref ]

Sref = [SrefDSref ...D
(K−1)Sref ]

(3.12)

.
This solution uses a unique �lter weight vector for each CPI. The associated compu-

tational cost is de�ned by the CPI duration time and the clutter subspace dimension. In
PBR systems, this computational cost is higher due to the long processing times required
to increase the integration gain.

Figure 3.5 shows an example of the e�ects of an ECA �lter and the windows de�ned
for performance evaluation [Jarabo-Amores et al., 2016].
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(a) Range-Doppler map for Tint = 200ms (b) Combination of the ECA �lter and the CAF stage

Figure 3.5: Example of clutter rejection using the ECA �lter [Jarabo-Amores et al., 2016].
Details related to a target (purple) and zero-Doppler interferences (red) contributions are
shown

3.4 Conventional adaptive threshold techniques

In modern radar systems, Constant False Alarm Rate (CFAR) detectors have been pro-
posed to maintain automatically the PFA at a constant level adjusting the detection
threshold according to the background interference. This parametric solution assumes a
clutter PDF, and estimates its unknown parameters from observations acquired by the
radar. The threshold in a CFAR detector is set on a cell-by-cell basis, estimating statis-
tics of the interference by processing a group of reference cells close to the Cell Under
Test (CUT) and multiplying it by a scale factor (threshold multiplier). Guard cells at
both sides of the CUT are de�ned to avoid using target echoes in the estimation of the
clutter parameters [Skolnik, 2008]. In Figure 3.6, the general operating scheme of CFAR
detectors is presented, where:

• q0 is the CUT.

• [q1, q2, ..., qNCFAR ] are the reference cells.

• T is the multiplicative factor �xed according to PFA requirements.

• Cell selection logic is the rule de�ned by the type of CFAR detector.

• Tq is the adaptive threshold obtained by the product of T and the output of the cell
selection logic.

In the CFAR techniques, the threshold multiplier can be calculated using analytical
solutions or conventional Monte Carlo simulations. In both cases, a complete knowledge
of the clutter statistics is required to obtain the correct detection threshold. Generally,
CFAR detection capabilities decrease signi�cantly when the clutter PDF is di�erent from
that assumed, so a previous statistical analysis of the radar data is required.
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Figure 3.6: CFAR detector general scheme

The choice of the number of reference cells used to estimate the adaptive threshold
is an important task in the CFAR design: as the size of the reference window increases,
the PD approaches that of the optimum detector, which is based on a �xed threshold. In
homogeneous clutter, the CFAR detector requires a higher SIR than the �xed threshold
detector, due to the estimation of the clutter parameters using a set of NCFAR samples.
This SIR increase is known as CFAR losses [Ward et al., 2006]. This parameter is very
important for small values of NCFAR. On the other hand, big reference windows can
increase the probability of enclosing target echoes, clutter returns from areas too far from
the CUT, and variability of clutter properties throughout the reference cells. Because of
that, a compromise solution must be determined, taking into consideration the characte-
ristics of the radar scenario and the system resolution.

Taking into consideration the radar systems described so far, the input of the detector
stage can be a 2D matrix generated by an active radar receiver in a scan, a 2D matrix
generated by the CAF stage of a passive radar with an antenna system capable of ge-
nerating only one beam, or a 3D-matrix generated after merging the CAFs generated
by multiple simultaneous beams in a passive radar. According to the data input, the
following windowing techniques can be used for estimating the background statistics in
CFAR techniques (Figure 3.7):

• 1D-window: the reference window extends along one of the dimensions of the 2D or
3D input matrix.

• 2D-window based on independent detectors operating on 1D reference windows that
are combined using some logical operator. For example, the AND operator will
declare a target if and only if both detectors have decided in favour of H1.

• 2D-window: a single detector operating on a 2D window that extends along two
dimensions of the input space de�ned by the input data.
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Figure 3.7: Examples of reference windows for CFAR techniques

• 3D-window: a single detector operating in a 3D window de�ned in the input space
of the data generated at the output of the CAF stage in a passive radar capable of
generating multiple simultaneous beams.

After the processing stages described so far, many detector designs assume that the
dominant interference at the input of the detection stage is the receiver thermal noise.
Previous �ltering techniques were de�ned for rejecting clutter components, and only some
clutter residuals remain, that require an adaptive control of the detection threshold to
guarantee the desired PFA. Under this assumption, the most extended solution is based
on an envelope detector and a CFAR technique for estimating the detection threshold.

Depending on the cell selection logic, there are di�erent CFAR detectors: Cell Ave-
raging CFAR (CA-CFAR), Greatest Of CFAR (GO-CFAR), Smallest Of CFAR (SO-
CFAR), Ordered Statistic CFAR (OS-CFAR) or Trimmed Mean (TM-CFAR) [Gandhi
and Kassam, 1988]. More recently, the Mean-to-Mean Ratio (MMR) test [Cao, 2008]
and an Automatic Censored Cell Averaging (ACCA) CFAR detector have been proposed.
Some works dealing with fuzzy CFAR detectors have been reported in the literature [El-
Henawy et al., 2012].
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3.4.1 Cell-Averaging CFAR (CA-CFAR)

The CA-CFAR is the most widespread incoherent CFAR technique, whose detection rule
and the multiplicative factor, TCA, in a white Gaussian environment can be calculated
using (3.13). This detector is optimal under the assumption of independent and iden-
tically distributed samples with exponential probability density function [Ward et al.,
2006]. These conditions are ful�lled when the interference is homogeneous white Gaus-
sian noise (whose squared magnitude is exponentially distributed). In this case, the size
of the reference window determines the noise power estimation error. In an homogeneous
environment, as this size increases, the PD approaches that of the optimum detector with
a �xed detection threshold.

q0

H1

≷
H0

T ·
NCFAR∑

i=1

qi

TCA = (PFA)
−1

NCFAR − 1

(3.13)

CA-CFAR performance degrades and does not guarantee the required PFA when the
assumption of homogeneous reference window is violated. This is the case when clutter
edges modify the variance of the exponential samples, or other targets appear in the
reference window.

3.4.2 Greatest Of CFAR (GO-CFAR)

The GO-CFAR was proposed as a solution to the problem of clutter edges modelled as
changes of the variance of the white Gaussian noise samples in the reference cell. In Figure
3.6, the samples of each sub-reference window are summed up, to select the sub-window
that provides the highest value. The detection rule and the relation between the PFA and
the multiplicative factor, TGO, in a Gaussian environment are presented in (3.14). The
additional loss in detection performance (in terms of Signal-to-Noise Ratio, SNR) over the
CA-CFAR in a homogeneous reference window is typically between 0.1 dB and 0.3 dB,
due to the use of NCFAR/2 samples for estimating the detection threshold. However, this
CFAR technique cannot resolve closely spaced targets.

q0

H1

≷
H0

TGO ·max



NCFAR/2∑

i=1

qi

NCFAR/2−1∑

j=NCFAR/2+1

qj




PFA = 2 · (2 + TGO)−
NCFAR

2 − 2 ·



NCFAR/2−1∑

i=0

(NCFAR
2

+ i− 1

i

)
· (2 + TGO)

−
(
NCFAR

2
+i
)



(3.14)
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3.4.3 Smallest Of CFAR (SO-CFAR)

For solving closely spaced targets, the SO-CFAR was proposed. In this case, the smallest
of the sums in the leading and lagging windows is used to estimate the interference power.
For small reference windows, the detection loss is higher than for the CA and GO, but
this loss decreases as the reference window size increases (a loss of 11 dB is calculated for
NCFAR = 4, but only 0.7 dB for NCFAR = 32 and PFA = 10−6) [Gandhi and Kassam,
1988]. Its detection performance degrades considerably if interfering targets are located in
both, the leading and lagging windows, and with clutter edges. The detection rule and the
relation between the PFA and the multiplicative factor, TSO, in a Gaussian environment
are presented in (3.15).

q0

H1

≷
H0

TSO ·min



NCFAR/2∑

i=1

qi

NCFAR/2−1∑

j=NCFAR/2+1

qj




PFA = 2 · (2 + TSO)−
NCFAR

2 ·



NCFAR/2−1∑

i=0

(NCFAR
2

+ i− 1

i

)
· (2 + TSO)−i




(3.15)

3.4.4 CFAR detectors comparative study

In Figure 3.8, a comparative study based on the estimation of the detection curves for
PFA = 10−6 for CA, GO and SO-CFAR detectors is presented, assuming Swerling I targets
in a homogeneous white Gaussian background. The �xed threshold detector detection
curve is also presented for comparison purposes:

• In all CFAR detectors, a loss in PD is observed due to the estimation performed
for determining the adaptive threshold. The CA-CFAR provides the best results,
followed by the GO and SO.

• The di�erences among the CA, the GO and SO decrease signi�cantly as the size of
the reference cell increases.

• In all the cases study, the PD losses for the SO are considerably higher than the PD
losses for the GO.

• In the SO, as the size of the reference cell increases, the reduction in PD losses is
slower than for the GO.

3.4.5 Variability Index CFAR (VI-CFAR)

The VI-CFAR, proposed in [Smith and Varshney, 2000], is based on a mixture of CA-
CFAR, GO-CFAR and SO-CFAR techniques, and achieves a good performance in both
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Figure 3.8: Comparative study of the detection curves for the CA, GO and SO CFAR
detectors for Swerling I targets in a homogeneous background as a function of the number
of reference cells, for PFA = 10−6

homogeneous and non-homogeneous clutter. This detector provides an adaptive threshold
switching to CA, SO or GO-CFAR depending on the outcomes of the Variability Index
(VI ) and the Mean Ratio (MR) hypothesis tests.

In Figure 3.9, the VI-CFAR block diagram is depicted, where the in-phase and quadra-
ture (I and Q) signals are the entries of a square-law envelope detector. The VI-CFAR
method works as the CFAR detectors detailed so far: estimates the interference power
in groups of cells surrounding the CUT and computes the adaptive threshold multiplying
the estimated power and the multiplicative factor, TV I . The VI-CFAR operates on three
windows: the leading half window (window A), the lagging half window (window B), and
the combination of both (window AB).

The VI-CFAR detector uses the statistic VI and the ratio MR to select the best
CFAR scheme (CA, GO or SO) and adapting the threshold as is shown in Table 3.1. The
multiplicative factor is either TNV I or TNV I/2, where NV I corresponds to the number of
reference cells in the complete window. If either leading or lagging half window is selected,
the multiplier TNV I/2 is used. These values are computed using equation (3.13), which is
based on the number of reference cells and the desired PFA.

The VI parameter, considered as a second-order statistic, will determine the clutter
homogeneity in the reference cells, and is computed for each window, leading (window
A) and lagging (window B) using equation (3.16), where X̄ is the arithmetic mean of the
n = NV I/2 cells in each half-window. The VI value is compared to the KV I threshold
using the rule (3.17), deciding if CUT is placed in a homogeneous or non-homogeneous
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Figure 3.9: VI-CFAR block diagram

Table 3.1: Selection the adaptive threshold for the VI-CFAR detector

Decision

Leading

Window

Variable

Lagging

Window

Variable

Di�erent

Means

VI-CFAR

Adaptive Threshold

Equivalente

CFAR method

1 No No No CNV I ·
∑

AB CA-CFAR

2 No No Yes CNV I/2 ·max(
∑
A,
∑

B) GO-CFAR

3 Yes No - CNV I/2 ·
∑

B CA-CFAR

4 No Yes - CNV I/2 ·
∑

A CA-CFAR

5 Yes Yes - CNV I/2 ·min(
∑
A,
∑

B) SO-CFAR
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environment.

V I∗ = 1 +
σ̂2

µ2
= 1 +

1

n
·

n∑

i=0

(Xi − X̄)2

X̄2
= n ·

n∑

i=1

X2
i

(
n∑

i=1

Xi

)2 (3.16)

V I ≤ KV I ⇒ Homogeneous

V I > KV I ⇒ Non− homogeneous (3.17)

TheMR statistic selects the best window to be used for noise/clutter power estimation.
It is de�ned as the mean values ratio for A and B windows as is expressed in (3.18). This
value increases when the presence of interfering targets or clutter edges in the A window,
and decreases when some of them is in B window. The decision rule expressed in (3.19)
is used to decide if the means in both windows halves are the same or di�erent, where
KMR is the associated threshold.

MR =
X̄A

X̄B

(3.18)

K−1
MR ≤MR ≤ KMR ⇒ Same Means

MR < K−1
MR or MR > KMR ⇒ Different Means (3.19)

The KV I threshold must be selected for minimizing the probability of classifying an
homogeneous environment as non-homogeneous (α0), and the KMR threshold must be
chosen for minimizing the probability of deciding that the estimated means are di�erent
in a homogeneous environment (β0), (3.20). If the thresholds KV I and KMR increase, the
VI-CFAR gives a higher probability of making a correct decision when the environment
is homogeneous, but it decreases in terms of sensitivity for detecting non-homogeneous
environments. For a reasonable performance in a non-homogeneous clutter, α0 should be
no larger than 5 to 10 times the desired PFA. In practice, typical values of β0 will not
exceed 0.1 [Smith and Varshney, 2000].

α0 = P [ V I > KV I |Homogenous Env.]

β0 = 1− P [
1

KMR

≤MR ≤ KMR|Homogenous Env.]
(3.20)

The VI-CFAR detector presents also CFAR losses due to the use of a set of samples to
estimate the clutter background. VI-CFAR losses are slightly higher than CA-CFAR ones
in homogeneous environments due to the probability of making a decision distinct from 1
(Table 3.1), where the number of reference cells used to estimate the adaptive threshold
is reduced to NV I/2. However, this detector is more robust than the CA-CFAR basic one
against non-homogeneous conditions, as shown in [del Rey-Maestre et al., 2016].
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3.5 Neural Networks for approximating the NP detec-

tor

NNs solutions are able to approximate the Neyman-Pearson detector, giving rise to com-
putationally e�cient solutions and outperforming the sub-optimum approaches based on
conventional detectors proposed in the radar literature [Mata-Moya et al., 2008,Mata-
Moya et al., 2011].

For a complex observation vector (z̃T = [z̃1, ..., z̃P ] ∈ CP ), the NNs input layer is
composed of 2P units corresponding to the real, <e{}, and the imaginary, =m{}, parts
of the complex samples (zT = [<e{z̃1}, ...,<e{z̃P},=m{z̃1}, ..., =m{z̃P}] = [z1..., z2P ] ∈
R2P ); the output layer consists of a single neuron whose output is compared to a threshold
set by the PFA requirements.

Di�erent NNs types have been applied to approximate the NP detector: Multi La-
yer Perceptrons (MLPs) [Gandhi and Ramamurti, 1997], Second Order Neural Net-
works (SONNs) [Mata-Moya et al., 2011], and Radial Basis Function Neural Networks
(RBFNNs) [Tian et al., 2015].

3.5.1 Multi-Layer Perceptrons (MLPs)

Multi-layer perceptrons are NNs composed of L hidden layers with linear basis functions,
and threshold or sigmoid activation functions. They are direct propagation networks
fully connected: each node in one layer connects to every neuron in the following layer
assigning a weight ωji (where j and i are the predecessor and the successor layer indices,
respectively). To adjust the weight vector, a supervised learning technique based on
back-propagation error could be used in the training stage.

The universal approximation theorem states that MLPs with a single hidden layer are
able to compute a uniform approximation of any continuous function to a given set of
pre-classi�ed patterns, if sigmoid activation functions are considered [Cybenko, 1989]. In
Figure 3.10, the basic MLP scheme with 2P inputs, one hidden layer with M neurons,
and an output layer with one neuron is depicted, where gi(·) is the activation function
of the i − th layer (i = {1, 2}), and y is the network output. For one hidden layer, the
function implemented by the MLP is expressed in equation (3.21), where b is the bias.
This MLP structure will be MLP 2P/M/1 (2P inputs, M neurons in the hidden layer,
and one output).

y = g2

(
b+

M∑

j=1

ωj · g1

(
bj +

2P∑

i=1

zi · ωji
))

(3.21)

The hyperbolic tangent (denoted as tansig, ranging form −1 to 1), and the logistic
(denoted as logsig and ranging form 0 to 1) are common sigmoid activation functions,
(3.22).
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Figure 3.10: MLP with 2P real inputs, a hidden layer of M neurons and an output layer
with one neuron

g(x) = tansig(x) = tanh(x)

g(x) = logsig(x) =
1

1 + exp(−x)

(3.22)

3.5.2 High Order Neural Networks (HONNs)

High Order Neural Networks use high order correlations between the samples of the input
vector to increase learning capability. These solutions have been proven to be able to
approximate any functional mapping to arbitrary accuracy, so they constitute a universal
class of parametric multivariate non-linear mappings [Villalobos and Merat, 1993, Ismail
and Jeng, 2011]. The main drawback of the HONNs is their high computational cost
because of the high number of free parameters to be estimated during the learning process.

The Second Order Neural Network (SONN) is composed of processing units that im-
plement second order combinations of the input vector elements. These solutions increase
the generalization capabilities and the performance of the NN, controlling their computa-
tional cost. The information supplied by the second order terms gives rise to translation
and rotation invariance. As these NNs require fewer training passes and smaller training
sets to achieve good generalization capabilities, a higher performance is expected at the
expense of a combinatorial increase in the weights number [Villalobos and Merat, 1993].
Taking into account this assumption, SONNs with only one quadratic neural unit are
usually considered.

The basic scheme of a SONN based detector with one Quadratic Neural Unit (QNU)
is depicted in Figure 3.11: the processing stage calculates the �rst-order and second-order
terms to obtain the input vector of a perceptron. Considering a 2P -dimension observation
space, the output of the QNU is expressed in (3.23), where ω(1)

j are the �rst-order weights,

ω
(2)
ji are the second-order weights, and g(·) is the activation function of the perceptron
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Figure 3.11: Quadratic Neural Unit with 2P inputs and one output

(sigmoid functions such as tansing and logsig).

y = g

(
2P∑

j=1

ω
(1)
j zj +

2P∑

j=1

2P∑

i=1

ω
(2)
ji zj · zi

)
(3.23)

From now on, SONN detectors based on a single QNU will be denoted as SONN
2P/(2P 2 + 3P )/1 (2P inputs, (2P 2 + 3P )-dimensional vector containing the �rst and
second order terms of the input vector, and one output).

3.5.3 Radial Basis Function Neural Networks (RBFNNs)

In RBFNNs, the activation of a neuron is de�ned as the Mahalanobis distance between
the input vector (z̃) and a reference vector (C̃), with respect to a weighting matrix Σ.
The squared value of this distance is calculated as [Bishop, 1995]: |z̃− C̃|2Σ = (z̃− C̃)T ·
Σ−1 · (z̃− c̃).

The activation function is usually Gaussian, so, for the i − th RBF neuron, gi(z̃) =

exp (−|z̃− C̃i|2Σi
/2). If spherical RBFn is considered, for the i−th RBF neuron Σi = α2

i ·I,
being I the 2Px2P identity matrix.

Figure 3.12 depicts a typical RBFNN architecture used in detection tasks, composed
of an input layer of 2P inputs, a hidden layer of M RBF neurons with their respective
reference vectors and weighting matrices (C̃i and Σi, i = 1, ...,M), and an output layer
with one linear neuron. The output of this RBFNN is expressed in (3.24), where b is the
bias.

y = b+
M∑

i=1

ωi · exp (−|z̃− C̃i|2Σi
/2) (3.24)
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Figure 3.12: RBFNN based detector scheme

3.6 Related contributions

In this section, the �rst contributions of this PhD Thesis related to the detection problem
formulation are summarized. These studies will be the starting point to achieve the main
objective of this research work: the design and optimization of robust detection techniques,
whose results are presented in Part II. The related contributions are the following:

3.6.1 Improved Doppler processors based on MTI �lters

Regarding to the clutter rejection, the detection performance and the computational
cost of detection schemes including robust Doppler processors based on MTI �lters (Sec-
tion 3.2) were evaluated in [del Rey-Maestre et al., 2013a]. The CGLR solution composed
of D = P and D = 2P �lters, being P the number of target echoes (P = 8 in the case
study), was considered as reference for the detection of �uctuating targets with unknown
Doppler shift (Ωs) in correlated Gaussian interference.

Two Doppler processor schemes were selected to obtain good detection capabilities
in the case study reducing considerately the computational cost with respect to CGLR
detectors. The �st scheme is based on a MTI �lter designed for an averaged target
covariance matrix for the validation interval of the Doppler shift and the corresponding
clutter one-lag correlation coe�cient. The second scheme is a �lter bank composed of
D = P and D = 2P MTI �lters optimized for equispaced discrete values of Ωs and the
corresponding clutter one-lag correlation coe�cient. Following the CGLR philosophy, the
outputs of the �lter bank were combined by a maximum selection, and a �xed threshold
selected according to PFA requirements was applied.

In Figure 3.13, Received Operating Characteristic (ROC) curves estimated for CGLR
detectors with di�erent number of K �lters and for the MTI �lter bank with D = {P, 2P}
are presented, where the selected SIR values guarantee a PD higher than 0.7 for PFA =

10−6. In the CGLR study, K = 16 was selected as a compromise solution between
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(a) CGLR study (b) Comparative study

Figure 3.13: ROC curves obtained by CGLR detectors and solutions based on MTD
�lter-bank

detection performance and computational cost. Results prove that the CGLR and the
MTI �lter bank with D = 2P outperformed the solutions using D = P �lters, due to high
loss in detection was obtained. Estimated PD values con�rm that the MTI �lter bank
presents more robustness than the MTI �lter designed for an averaged target covariance
(PD = 0.813 and PD = 0.25, respectively) with respect to the considered variation interval
of Ωs, and can be used as an approximation to the CGLR detector (PD = 0.88) reducing
severally the computational cost.

3.6.2 VI-CFAR in passive radars scenarios

Relative to the conventional adaptive threshold techniques (Section 3.4), in [del Rey-
Maestre et al., 2016] CFAR detectors were designed and evaluated in non-homogeneous
environments. CA-CFAR and VI-CFAR techniques were selected to detect low �uctuating
targets (with unknown Doppler shift) in passive radar scenarios. One and two dimensional
windowing techniques were used for estimating the background statistics.

For evaluating the detection performance of both CFAR solutions, homogeneous and
non-homogeneous data sets were generated taking into account the statistical characte-
rization of the real radar data acquired by a DVB-T demonstrator. As an example, in
Figure 3.14, the non-homogeneous set is depicted, where red and purple rectangles corres-
ponding to NV I = 8 and NV I = 16, respectively, are composed of homogeneous samples;
while orange and blue rectangles corresponding to NV I = 32 and NV I = 64, respectively,
includes clutter samples with higher clutter power related to the DPI. Detection curves
(Figure 3.15) were estimated and the minimum SIR required for a desired PD = 80% and
a PFA = 10−5 was obtained. Results show that the both detectors present same detection
capabilities in homogeneous environments (Figure 3.15(a)), but the CA-CFAR detection
performance decreases signi�cantly in non-homogeneous ones, being the VI-CFAR the
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Figure 3.14: Non-homogeneous data set generated to analyze the CFAR detection perfor-
mance. Red: NV I = 8. Purple: NV I = 16. Orange: NV I = 32. Blue: NV I = 64

(a) Homogeneous reference cells (b) Non-homogeneous reference cells

Figure 3.15: Detection curves for PFA = 10−5 in non-homogeneous clutter. Solid line:
CA-CFAR. Dash line: VI-CFAR

most robustness solution under these conditions (Figure 3.15(b)).

Finally, the proposed detectors were assessed in a simulated and a real passive radar
scenario. In Figure 3.16, the superimposition of the detector outputs for CA-CFAR and
VI-CFAR solutions is depicted. In the CA-CFAR case, results reveal a blind area where
targets with low values of Doppler shift are miss-detected due to the presence of a non-
homogeneous area in the reference window, decreasing the detection capabilities. However,
VI-CFAR provides higher PD under these conditions, controlling the CFAR losses and
ful�lling the PFA requirements.
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(a) CA-CFAR detector (b) VI-CFAR detector

Figure 3.16: 2D Range & Doppler CFAR detectors applied to the real passive data

3.6.3 NN based detection schemes

Regarding to Neural Network based detectors (Section 3.5), their detection capabilities
and computational cost were analysed in [Mata-Moya et al., 2013] for the detection of
�uctuating targets with unknown Doppler shift under Gaussian interference conditions
with correlation coe�cients expected in practical situations. Single MLP and SONN
based solutions, and mixtures of them, were designed for approximating the NP detector
in the case study and compared to reference sub-optimum approaches based on CGLR
detectors.

First, the CGLR solution was formulated for the case study, and its detection capabi-
lities were evaluated using ROC curves estimated by Monte-Carlo simulations. Di�erent
number of �lters (P , 2P and 4P , being P the number of target echoes) and clutter one-
lag correlation coe�cients (ρc = {0.7, 0.995}) were analysed (Figure 3.17). The CGLR
detector composed of 2P �lters designed for a SIR that provides a PD higher than 80%

for PFA > 10−6 was selected as a compromise solution between detection performance
and computational cost.

NN solutions based on a single MLP, a single SONN and mixtures of them were trained
for minimizing the squared mean error in the case study. Each MLP and SONN of each
mixture was specialized on a subspace of the unknown parameter observation space, and
their outputs were selected applying the maximum operation. ROC curves were estimated
to select the number of hidden neurons of the MLP and to test the detection capabilities
of the proposed NN based detectors (Figure 3.18). Results show that SONNs outperform
MLP solutions and are capable to approximate the NP detector providing good detection
capabilities in the case study, reducing signi�cantly the computational cost compared to
CGLR ones. The mixture of two SONNs is the best detector among those considered.
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(a) ρc = 0.7 (b) ρc = 0.955

Figure 3.17: Estimated ROC curves for CGLRK detectors for Swerling I targets with
unknown Doppler shift and CNR=20dB

(a) ρc = 0.7 and SIR = 13 dB (b) ρc = 0.955 and SIR = 1 dB

Figure 3.18: ROC curves for the CGLR and the NN based detectors, for Swerling I targets
with unknown Doppler shift and CNR=20dB
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(a) Top view (b) PBR point of view

Figure 3.19: PBR scenario for the analysis of reference multipaths e�ects [Gómez-del
Hoyo et al., 2017]

3.6.4 Analysis of detection artefacts in passive radars

The presence of IoO multipaths is a key issue in passive radar design and development.
They can be specially important in urban and semi-urban scenarios. In this context, the
IoO signal is re�ected on big buildings generating strong multipaths. In the receiver cohe-
rent processing stage, CAF stage, surveillance channel target and clutter echoes correlate
with the main IoO component of the reference channel and its multipaths, generating so
many radar echoes as multipath components are considered. Depending on the scenario
geometry, and more speci�cally on the buildings positions relative to the targets to be
sought, ghost targets echoes generated by the reference channel multipath can su�er delays
that can be lower than those associated with the reference channel main IoO component.
In [Gómez-del Hoyo et al., 2017] a detailed study of reference multipaths was presented.
The reference scenario is shown in Figure 3.19, and the e�ects of the multipath generated
by the big building are shown in Figure 3.20.

The multipath can be removed from the reference signal by completely demodulating
the signal received at the reference antenna, and exploiting the redundant information in
the DVB-T signal for error correction [Poullin, 2005]. Solutions based on time equalization
and channel estimation were explored in [Sherratt and Linfoot, 2003].

To reduce the ambiguity peaks in the CAF due to DVB-T signal deterministic com-
ponents, solutions based on the combination of �ltering and equalization techniques have
been proposed [Saini and Cherniakov, 2005, Bongioanni et al., 2009, Conti et al., 2011].
In [Bárcena-Humanes et al., 2014], a di�erent approach was proposed, which consisted in
substituting the deterministic components responsible of the ambiguity peaks by other
elements that do not generate them. The three methods are based on the reconstruction
of the DVB-T signal in order to allow us to manipulate the signal in the time domain
to remove OFDM carriers at speci�c locations. These components are replaced by ideal
64-QAM symbols, zero power components, and random segments with mean power equal
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(a) CAF intensity for a CPI (b) Cumulative output of the detection stage for the

set of CPIs belonging to a data acquisition

Figure 3.20: E�ects of the reference multipath generated by the big building in the scenario
depicted in Figure 3.19 [Gómez-del Hoyo et al., 2017]

to the acquired signal power, in the �rst, second and third method, respectively. The
main conclusions were the following:

• The solution based on the insertion of ideal symbols from the 64-QAM constellation
reduced signi�cantly the ambiguity peaks, at the expense of an increase of the
pedestal level of the CAF, which produces a reduction of detection capabilities.

• The solutions based on the insertion of zeros and random segments are less e�cient
in the reduction of ambiguity peaks than the �rst method, but reduce the pedestal
level. Therefore, the main peak to pedestal level ratio is higher than the obtained
with the �rst method, but worse than the original one.
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Radar clutter characterization

4.1 Introduction

Non-desired radar returns generated by objects present in the coverage area that interfere
and disperse the radar energy are called clutter. Point clutter sources are modelled using
the Radar Cross Section (RCS), de�ned as a (�ctional) area that intercepts a part of the
power incident at the target which, if scattered uniformly in all directions, produces an
echo power at the radar equal to that produced by the real target [Skolnik, 2002]. This
parameter is measured in square meters, and depends on signal frequency and polarization,
incidence and scattering angles, and physical and electrical properties of the target.

According to their origin, clutter returns can be classi�ed into four main categories:
point clutter (birds, insects, buildings, towers, etc), surface clutter (ground or sea surfaces
including trees and vegetation), volume clutter (weather conditions such as rain or snow,
and cha�), and electronic countermeasures (techniques designed to avoid radar acquisi-
tions). In this Thesis research, surface clutter will be considered. In many situations, a
surface clutter echo is the result of the energy scattered by a set of independent random
scatterers in the illuminated area. These radar echoes are characterized by a re�ection
coe�cient, σ0, that is de�ned as the clutter radar cross section, σRCS,C per unit area,
σ0 = σRCS,C/AC, being AC the radar clutter resolution cell [Skolnik, 2002,Skolnik, 2008].
AC is a function of the geometry, the antenna radiation pattern, and the signal waveform.

Clutter characterization is a key issue in radar detection research activities for the
formulation of the Neyman-Pearson optimum detector and for the design of sub-optimum
approaches. Generally, detection performance of parametric approaches decreases signi�-
cantly when the clutter and/or target statistical parameters di�er from those assumed in
the detector design, so a statistical characterization of the observation space is required.

Numerous measurement campaigns and statistical tools were used for this purpose,
being ground and sea clutter of great interest. The distributed nature of these clutter
sources complicates the analysis, because of their dependence on system resolution, fre-
quency, polarization, and incidence and scattering directions. The Gaussian model was

55
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widely used in low resolution radars (pulse length higher than 0.5µs) and grazing angles
higher than 5◦ for monostatic sea clutter; grazing angle higher than 5◦ regardless of radar
resolution, for land clutter. In high resolution radars, a long tail appears in the PDF
of the radar samples, requiring the study of alternative statistical distributions [Farina
et al., 1997].

However, few studies of bistatic clutter are available in the literature, compared to
monostatic ones, due to the limited number of operating systems and the multiple pa-
rameters to consider. They were mainly made using radar frequencies, and the results
cannot be easily extrapolated to communication systems frequencies used in many passive
radars.

In this chapter, clutter models described in radar literature to characterize the null
and alternative hypotheses are reviewed, and the statistical analysis techniques used to
propose theoretical statistical models �tting real data are presented.

4.2 Clutter models

Coherent and incoherent clutter models have been considered. As amplitude and intensity
provide only positive values, while real and imaginary parts of the complex samples can
be positive or negative, theoretical models supported on semi-in�nite interval [0,∞) and
on the whole real line (−∞,+∞) have been used [Maio et al., 2008,Maio et al., 2010].

4.2.1 Gaussian clutter models

The most simple clutter model is the Gaussian or Rayleigh one, which is applicable when
the echo can be modelled as that from a number of independent, random scatterers,
with no one individual scatterer producing an echo of magnitude commensurate with the
resultant echo from all scatterers [Skolnik, 2002].

In a Gaussian clutter model, if z̃ is the observation vector, theH0 hypothesis is assumed
to be composed of the sum of clutter components, c̃, and the receiving chain thermal noise,
ñ. In this case, the PDF of the clutter observation vector, c̃, can be modelled using (4.1),
where Mc is the autocovariance matrix (4.2), pc is the clutter power, ρc is the one-lag
correlation coe�cient, h and k are the row and column indexes, respectively, of each
element of the matrix, and n is the number of complex samples in z̃.

fn(c̃) =
1

πn|Mc|
exp−c̃TMc

−1c̃∗ (4.1)

(Mc)h,k = pc · ρc|h−k| h, k = 1, ..., n (4.2)

The one-lag correlation coe�cient could be calculated using (4.3), where PRF is the
Pulse Repetition Frequency of the radar system, and σC is the standard deviation of the
clutter spectrum [di Vito and Naldi, 1999].
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ρc = exp

(
−2π2( σC

PRF )
2
)

(4.3)

For a complex Gaussian random variable z̃, the amplitude (U = |z̃|) and the intensity
(R = |z̃|2) are Rayleigh and Exponential random variables, respectively. Meanwhile, the
real ( X = <e(z̃)) and imaginary parts (Y = =m(z̃)) are normal random variables. The
main characteristics of these distributions are:

• Exponential (E) distribution: The Exponential PDF and CDF are given by
(4.4), where λ > 0 is the rate parameter.

fR(r|λ) = λ · exp−λr; r ≥ 0

FR(r) = 1− exp−λr; r ≥ 0
(4.4)

• Rayleigh (R) distribution: The Rayleigh PDF and CDF with parameter σ > 0

are detailed in (4.5).

fU(u|σ) =
u

σ2
· exp−u

2/2σ2

; u ≥ 0

FU(u) = 1− exp−u
2/2σ2

; u ≥ 0
(4.5)

• Normal (N) distribution: The PDF and CDF for a Normal distribution of mean
µ ∈ <e and standard deviation σ > 0, is shown in (4.6), where erfc is the comple-
mentary error function.

fX(x|µ, σ) =
1

σ
√

2π
· exp−

(x−µ)2
2σ2 ; x ∈ <e

FX(x) = 1− 0.5 · erfc
(

(x− µ)√
2σ2

)
; x ∈ <e

(4.6)

4.2.2 Non-Gaussian clutter models

Surface clutter acquired by high resolution radars and/or at low grazing angles becomes
correlated and can be modelled by non-Gaussian models [Conte et al., 1991]. These
models are based on the compound Gaussian one. In this case, the clutter samples of the
observation vector (c̃k, k = 1, ..., n) can be expressed as c̃k = sk · ỹk, k = 1, ..., n, where ỹk
is a stochastic complex Gaussian process that accounts for local backscattering, and sk
is a positive random process that describes the underlying power level. When the non-
Gaussian process is observed during su�ciently short time intervals, the sk component
can be approximated by a random constant, so a Spherically Invariant Random Process
(SIRP) is used [Conte et al., 1991]. The n-order PDF of vector c̃ can be calculated
using (4.7) [Conte and Longo, 1987], where hn must lie in a class of admissible functions
to insure not only that fn(c̃k) is a PDF, but also fn−1(c̃k), fn−2(c̃k), ... obtained by
successive integration on components of x, are PDFs [Conte and Longo, 1987].
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fn(c̃) =
1

πn|Mc|
hn

(
(c̃− µ)T ·Mc

−1 · (c̃− µ)∗
)

(4.7)

The function hn is de�ned by the condition expressed in (4.8) [Conte and Longo,
1987]). Replacing (4.8) in (4.7), the n-order PDF c̃k could be calculated as is expressed
in (4.9) [Conte and Longo, 1987].

hn(q) =

∫

0

∞
s−2n · exp(− q(c̃)

s2
) ·f(s2) · ds2 (4.8)

fn(c̃) =

∫

0

∞ 1

πn|s2Mc|
exp

(
−(c̃−µ)T ·(s2Mc)

−1·(c̃−µ)∗
)
·f(s2) · ds2 (4.9)

In this research work, non-Gaussian clutter models for the intensity (R = |z̃|2) and
the real (X = <e(z̃)) and imaginary parts (Y = =m(z̃)) of a complex random variable z̃
are considered.

4.2.2.1 Clutter intensity modelling

The theoretical distributions selected for modelling the intensity, R = |z̃|2, of the data
are:

• Weibull (W) clutter model: This model is usually applied to sea and ground
clutter amplitude for high resolution radars operating in low grazing angles. Weibull
PDF and CDF are given by (4.10), where a > 0 and ρ > 0 are the shape and the
scale parameters, respectively.

fR(r|a, ρ) =
a · ra−1

ρa
· exp−(r/ρ)a ; r ≥ 0

FR(r) = 1− exp−(r/ρ)a ; r ≥ 0

(4.10)

In the particular case of a = 1, the Weibull distribution reduces to an Exponential
one with λ = 1/ρ [Maio et al., 2008]. The intensity, (a, ρ), and the amplitude,
(ν; b), parameters are directly related: a = ν/2, ρ = b2, being ν > 0 and b > 0

[Anastassopoulos and Lampropoulos, 1995].

• K-distributed (K) clutter model: This distribution is characterized by the
shape, ν > 0, and the scale, b > 0, parameters. The PDF and CDF are calcu-
lated using (4.11), where K is the modi�ed Bessel function of the second kind and
Γ(·) is the Eulerian Gamma Function. The K-distribution becomes an Exponential
one if ν →∞.

fR(r|ν, b) =
2 · b ν+1

2 · r ν−1
2

Γ(ν)
Kν−1

(
2
√
rb
)

; r ≥ 0

FR(r) = 1− 1

2ν−1Γ(ν)
rν
(√

4b
)ν
Kν

(
r
√

4b
)

; r ≥ 0

(4.11)
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• Log-Normal (LN) clutter model: Log-Normal distribution is considered to
model surface clutter amplitude when high resolution radars are used in sea en-
vironments with high sea states, urban and rural areas and mountainous terrains.
If X is a Normal random variable with mean b and standard deviation a, then
R = ln(X) is Log-Normal distributed, whose PDF and CDF are detailed in (4.12),
where b ∈ <e is the logarithmic scale parameter, and a > 0 is the logarithmic shape
factor.

fR(r|a, µ) =
1

ar
√

2π
· exp

(
− (ln(r)−b)2

2a2

)

; r ≥ 0

FR(r) =
1

2
· erfc

(
− ln(r)− b

a
√

2

)
; r ≥ 0

(4.12)

The shape and scale parameters for the intensity, (a, b), and the amplitude, (σ, µ),
are related as a = 2σ, b = 2µ, being µ ∈ <e and σ > 0.

• Gamma (Γ) clutter model: The Gamma PDF and CDF are expressed in (4.13),
where Γ(·) is the Eulerian Gamma function, γ is the lower incomplete gamma func-
tion, a > 0 is the scale parameter and ν > 0 is the shape one. This distribution is
related to the Exponential one: if R is a Gamma random variable with parameters
ν = 1 and a = 1/λ, then R is an Exponentially distributed with rate parameter λ.

fR(r|ν, a) =
1

Γ(ν)aν
· rν−1 · exp−

r
a ; r ≥ 0

FR(r) =
1

Γ(ν)
· γ
(
ν,
r

a

)
; r ≥ 0

(4.13)

• Gamma Mixture Distribution (ΓMD) model: A Gamma mixture distribution
consists of a mixture of K Gamma distributions [Atapattu et al., 2011]. Its PDF is
expressed in (4.14), where φ(r|νj, aj) is a Gamma PDF with parameters aj > 0 and
νj > 0, aΓmd and νΓmd are the scale and shape parameters of the ΓMD, and wj are
weights satisfying

∑K
j=1wj = 1 for wj ≥ 0.

fR(r|νΓmd, aΓmd) =
K∑

j=1

wj · φ(r|νj, aj); r ≥ 0 (4.14)

4.2.2.2 Modelling of the in-phase and in-quadrature components of clutter

The real (X = <e(z̃)) and imaginary parts (Y = =m(z̃)) of clutter samples are identically
distributed, because of that, the theoretical distributions are expressed in terms of X:

• Logistic (LG) clutter model: The Logistic PDF and CDF are given by (4.15),
where location and scale parameters are µ ∈ <e and s > 0, respectively. Logistic
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distribution resembles the Normal one in shape, but has heavier tails. Both distri-
butions are closely related: if X follows a Normal distribution with µ (mean) and
σ (standard deviation) parameters, then it follows a Logistic model with location
parameter µ and scale parameter s = σ

√
3/π .

fX(x|µ, s) =
exp−(x−µ)/s

s
(

1 + exp−
x−µ
s

)2 ; x ∈ <e

FX(x) = 1− exp−x
2/2σ2

; x ∈ <e
(4.15)

• Gaussian Mixture Distribution (GMD) model: A Gaussian mixture distribu-
tion consists of a mixture of k multivariate Gaussian distribution components [Hastie
et al., 2011] [Liu et al., 2011]. Its PDF is expressed in (4.16), where φ(x|µj, σj) is a
Gaussian PDF with mean µj and standard deviation σj; and wj are weights satis-
fying

∑k
j=1wj = 1 for wj ≥ 0

fX(x|µgmd, σgmd) =
k∑

j=1

wj · φ(x|µj, σj); x ∈ <e (4.16)

4.3 Statistical analysis techniques

The statistical analysis techniques that will be applied in order to propose theoretical
statistical models for the real data are: PDF and CDF estimation, goodness-of-�t test,
and the study of in-phase and quadrature components.

4.3.1 PDF and CDF estimation. Goodness-of-�t test

Empirical PDF and CDF of the data under study, denoted as EPDF and ECDF, respec-
tively, are estimated in a �rst step [Maio et al., 2008,Maio et al., 2010]. To assess the
suitability of the clutter models described in Section 4.2, the parameters of the considered
distributions are estimated from the available data using the Method of Moments [Kay,
1993], and goodness-of-�t tests based on the estimation of the distance between the em-
pirical and theoretical CDFs are usually used.

In this work, non-parametric tests such as the two-sample Kolmogorov-Smirnov (KS-
test2) and the two-sample Cramér-von-Mises (CM-test2) are considered to check whether
two data samples come from the same distribution:

• The two-sample Kolmogorov-Smirnov Test is one of the most used non-para-
metric goodness-of-�t methods, as it is sensitive to di�erences in location and shape
of the ECDF of the two samples under study. The main advantage of the KS-test
is that the standard threshold tables do not depend on the distribution which is
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being tested, if the distribution parameters are known. However, it has several
limitations [Conte et al., 2004]:

- It is only applied to continuous distributions.

- It requires the statistical independence of the samples used to compute the
ECDF.

- It is more sensitive near the center of the distribution than along the tails.

- It needs simulation techniques to estimate the threshold if the distribution
parameters are unknown. In this case, the statistic KS-distance depends on
the tested distribution, the estimated parameters, and the estimation method.

• The two sample Cramér-von-Mises criterion is used to improve the results
obtained with the KS-test2 when the tested distribution contains some unknown
parameters and/or the samples used to compute the ECDF are not independent.
This technique is based on the evaluation of an integral distribution distance between
the empirical CDF of two samples.

In the one-dimensional case, for two identically distributed random variables, denoted
as X = [x1, ..., xN1 ] and Y = [y1, ..., yN2 ], composed of N1 and N2 independent observa-
tions, respectively, the KS-test2 and the CM-test2 are implemented as follows [Frank and
Massey, 1951,D'Agostino and Stephens, 1986]:

1. Evaluate the ECDF of both observation vectors: F̂X(x) and F̂Y (y).

2. Compute the statistic KS-distance, dKS, and CM-distance, dCM using (4.17) and
(4.18) respectively, where sup is the supremum of the set of distances, and H(x) is
the empirical distribution function of the two samples together [Anderson, 1962].

dKS = supx|F̂X(x)− F̂Y (x)| (4.17)

d2
CM =

N1N2

(N1 +N2)

∫ ∞

−∞
|F̂X(x)− F̂Y (x)|2dH(x) (4.18)

3. Compare dKS and dCM with a threshold selected according to the signi�cance level,
α, (the probability to rejectH0 when it is true), and the two sample sizes, N1 andN2,
in order to determine ifH0 should be rejected. If the di�erence between the empirical
CDF of two samples exceeds the threshold, the two-sample KS-test and CM-test
reject the null hypothesis. Alternatively, if the p − value is less than the chosen
signi�cance level, that suggest that the observed data is su�ciently inconsistent with
the null hypothesis, the null hypothesis should be rejected [Anderson, 1962,Frank
and Massey, 1951]. The p − value is de�ned as the probability of observing test
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statistic as extreme as, or more extreme than, the observed value under the null
hypothesis. In [Miller, 1956] and [Anderson, 1962], two sample KS and CM threshold
tables, respectively, for di�erent signi�cance levels and sample sizes are presented.

In [Peacock, 1983] the two-sample Kolmogorov-Smirnov test for two-dimensional ran-
dom variables is presented. In this case, the KS statistic is de�ned as the largest di-
�erence between empirical and theoretical CDFs when all possible ordering combina-
tions are considered. For two two-dimensional random variables identically distributed,
X̃ = [x̃1, ..., x̃N1 ] and Ỹ = [ỹ1, ..., ỹN2 ], composed of N1 and N2 independent samples,
respectively, the 2D KS-Test2 is implemented as follows [Peacock, 1983]:

1. Evaluate the ECDF of both observation vectors for all four quadrants of the plane
de�ned by (x < X̃, y < Ỹ), (x < X̃, y > Ỹ), (x > X̃, y < Ỹ), and (x > X̃, y > Ỹ).

2. Compute the statistic KS-distance, dKS, as the maximum of the four absolute di-
�erences between the empirical and the theoretical CDFs.

3. Obtain the p − value as a function of dKS (equation (4.19)), and compare it with
the chosen signi�cance level, α. If p − value < α, the null hypothesis should be
rejected.

p− value = 2 · exp
(
−2 · (Zinf − 0.5)2)

Zinf =

√
M · dKS

1− 0.53 ·M−0.9
; M =

N1 ·N2

N1 +N2

(4.19)

4.3.2 Analysis of the in-phase and quadrature components

The third and fourth order normalized central moments, denoted as skewness and kurtosis
respectively, are usually used to check if the in-phase (X = <e(z̃)) and quadrature (Y =

=m(z̃)) components of the data are Gaussian distributed [Farina et al., 1997].
The skewness parameter, γ3, is de�ned as the degree of asymmetry of the PDF distri-

bution of X, around its mean value µX (4.20).

γ3 =
E[(X − µX)3]

E[(X − µX)2]3/2
(4.20)

The kurtosis or fourth order moment (γ4) is used to analyse the non-Gaussian nature
of the data. This parameter measures the "peakedness" or �atness of the PDF, and can
be calculated using (4.21). In radar literature, this parameter is usually expressed as a
function of the kurtosis value of a Normal distribution (γ4 = 3), and is denoted as "excess
kurtosis", γ4,exc (4.21). From now on, excess kurtosis will be considered.
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Table 4.1: Skewness and excess kurtosis characteristics
Skewness (γ3) Excess kurtosis (γ4,exc)

Positive

The distribution is skewed
to the right: the PDF is more
concentrated to the right of
the mean value.

Random variables with tails
thicker than the Gaussian
distribution. Denotes the impulsive
nature of a distribution.

Negative

The distribution is skewed
to the left: the PDF is more
concentrated to the left of
the mean value.

Random variables with tails
thinner than the Gaussian
distribution. PDFs with a rate of
decay higher than the Gaussian one.

Zero
Symmetric distribution: central
moments of odd order are zero

Gaussian distribution

γ4 =
E[(X − µX)4]

E[(X − µX)2]2
; γ4,exc =

E[(X − µX)4]

E[(X − µX)2]2
− 3 (4.21)

In Table 4.1, the characteristics of the distributions depending on skewness and excess
kurtosis values are detailed [Maio et al., 2010]. For a Gaussian distribution, γ3 and γ4,exc

are both equal to zero. Because of that, these parameters can be considered as a measure
of the deviation of the data from a Gaussian distribution.

4.4 Monostatic clutter studies

In the open radar literature, many studies about sea and ground clutter characterization
for monostatic radars are available.

In marine environments, the sea clutter can be modelled as an uncorrelated Gaussian
process if low resolution radars (high resolution cells) are used or higher grazing angle are
considered. High resolution radars with low grazing angles and calm sea states (0 or 1)
are also Gaussian processes, but a correlation factor appears between samples. For high
sea states, non-Gaussian models are considered [Conte et al., 1991,Watts et al., 1990]:

• In [Farina et al., 1997] a statistical characterization of sea clutter acquired by a hig-
resolution X-band radar was carried out. Theoretical models such as Log-Normal,
Rayleigh and K distributions were compared to the real data using an amplitude
PDF analysis and goodness-of-�t tests. Results proved that for vertical and hori-
zontal polarizations, the K-distribution and the Log-Normal model exhibited a good
�t to the real data, respectively. The compound model was also evaluated for verti-
cal polarization: speckle presented a Rayleigh behaviour, and the texture could be
modelled by a Gamma distribution.



64 Chapter 4. Radar clutter characterization

• In [Conte et al., 2004] and [Conte and Maio, 2004] the suitability of the spherically
invariant random process for the correct modelling of sea clutter acquired by high
resolution radars was analysed. The study was carried out testing the circular
symmetry, the quadrature components and the generalized spherical coordinates.

• In [Greco et al., 2004] the amplitude and frequency modulations induced on the sea
Bragg scatterers by the long waves causing the long-term non-stationarity of the sea
clutter was analysed. Low-grazing angles and high-resolution radar systems were
considered. Results proved that the amplitude could be modelled by the Generalized
K-distribution, proving the suitability of the compound Gaussian model.

• In [Greco et al., 2006] the di�erences due to changes of range resolution and/or
polarization in the dataset used in [Greco et al., 2004] were studied. Amplitude
PDF analysis, correlation and power spectrum estimations were carried out. Results
proved that the Generalized K model was suitable to model the real data for all
polarizations and range resolutions of 60 m and 30 m. However, for 3 m and 9 m, the
compound-Gaussian model was not valid if VV or HH polarizations were considered.

• In [Roy and Kumar, 2010] the e�ect of scanning on the clutter correlation was
analysed. The proposed model was based on the compound K-distributed clutter
and was accurately applicable to both, sea and land environments. Its validity and
applicability were proved in experimental data. In [Mandal and Bhattacharya, 2013],
the K-distribution model was validated for sea clutter acquired by a high-resolution
X-band radar.

• In [Carretero-Moya et al., 2010], the statistical analysis of a sea clutter database
acquired by a Ka-band high resolution radar was carried out. Results showed the
suitability of the compound Gaussian model, where the empirical PDF could be
modelled by the Generalized K-distribution with Log-Normal texture.

• Weibull models were considered in [Sekine and Mao, 1990] and [Ward et al., 2006]
to characterize sea clutter, and exhibited a good �t to the real data.

On the other hand, ground clutter observed with high grazing angles in non-urban
areas could be modelled as Gaussian. For low grazing angles, an impulsive behaviour is
observed due to the presence of objects such as buildings, mountains or trees. In this
case, non-Gaussian models are considered [Skolnik, 2008]. In [Billingsley et al., 1999]
and [Billingsley, 2002], a statistical analysis of X-band ground clutter data acquired by
the MTI Lincoln Laboratory Phase One program was carried out. The non-Gaussianity
of the in-phase and quadrature components was proved. The suitability of Rayleigh,
Weibull, Log-Normal and K-distribution theoretical models was evaluated for the data
amplitude, using a modi�ed Kolmogorov-Smirnov test and the PDF analysis. The best
�t was obtained with the Weibull model. In [Sekine and Mao, 1990], the Log-Weibull
model was proposed to model ground clutter.
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4.5 Bistatic clutter studies

Bistatic clutter studies are signi�cantly less numerous than monostatic ones. In [Willis
and Gri�ths, 2007] a detailed review of the bistatic σ0 database for terrain and sea
at microwave and optical frequencies published by Weiner in 1980 was presented. In
[Pidgeon, 1966] and [Hightower et al., 1987], the bistatic re�ection of sea clutter when
it is illuminated by a land-based Continuous Wave (CW) radar operating at C-band
and L-band was studied, respectively. In [Gri�ths et al., 2010], an empirical model to
express the variation of the bistatic cross section for sea clutter working in the X-band
was proposed. All these works used raw radar data, acquired by active bistatic radars in
di�erent frequency bands. However, no results were presented for neither VHF nor UHF
frequencies. More recent studies are the following:

• In [Hu et al., 2010] the deviation from the Gaussian distribution of Forward Scatte-
ring Radar (FSR), which is a special bistatic geometry with a bistatic angle equal
to o near to 180◦, was analysed.

• In [Maio et al., 2008] and [Maio et al., 2010], bistatic land clutter was measured
at GSM and UMTS frequencies. The signal acquired by a receiver composed of an
antenna and a real time spectrum analyser were analysed using time, frequency, and
ECDF techniques. A statistical study of the in-phase and in-quadrature components
proved their deviation from the Gaussian model. The two state Weibull-Rayleigh
model was shown to be the one that better approximated the amplitude CDF (Cu-
mulative Distribution Function), among those considered (K-distributed, Weibull,
or Rayleigh).

• In [Malanowski et al., 2012] the correlation of the clutter echo and IoO signals
was used for estimating clutter pro�les at FM frequencies. To reduce the masking
e�ect of strong clutter correlation side-lobes on weaker clutter, two techniques were
proposed: one based on the inversion of the covariance matrix of the IoO signal,
and the other one based on the power residual at the output of an adaptive �lter.

• In [Zhang et al., 2013] a statistical analysis of experimental ground clutter acquired
by a FSR system was carried out to provide the amplitude distribution and the
power spectral models under di�erent wind speeds and operating frequencies. K-
distribution and Log-Normal clutter models were selected to characterize the ampli-
tude for low and high wind speeds, respectively. A method based on the combination
of zero memory non-linear transformation and SIRP process was proposed to simu-
late ground FSR clutter using the previous statistical analysis.

• In [Al-Ashwal et al., 2014b,Al-Ashwal et al., 2014a] a study of sea clutter data ac-
quired by the S-band netted radar system (NetRAD) developed at University College
London (UCL) was presented. This system allowed the simultaneous acquisition of
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monostatic and bistatic data. The outputs of the compression �lter, matched to the
transmitted Linear Frequency Modulated Continuous Wave (LFMCW) signal were
analysed in [Al-Ashwal et al., 2014b], for studying sea surface re�ectivity average
values from the estimation of the received power in each range cell. In [Al-Ashwal
et al., 2014a] amplitude statistics were analysed and �tted to di�erent distributions
commonly used to model sea clutter.

• In [Palamá et al., 2015,Palamá et al., 2014] NetRAD data acquired at S-band were
analysed to characterize sea clutter and examine spikes statistics. The outputs of
the compression �lter were processed for generating Power-Range-Time maps, the
Power Spectral Density of each range cell (using the Welch periodogram), and plots
of Clutter-to-Noise Ratio (CNR) versus range. A detailed statistical analysis of
clutter amplitude and I/Q components was carried out. In [Palamá et al., 2017] the
correlation properties of the NetRAD sea clutter data were analysed. The texture
and speckle components were studied taking into account di�erent bistatic angles
and polarizations.

• In [Ritchie et al., 2016] data acquired by NetRAD were analysed for coherent spectra
parametrization of simultaneous monostatic and bistatic sea clutter under di�erent
geometries (bistatic angles), and for vertical and horizontal polarizations. The K-
distribution model was used for amplitude analysis (speckle and texture).

As far as the authors know, there is not any study of clutter modelling with passive
radars that use the DVB-T signal as IoO. The statistical analysis of clutter signals acquired
by a DVB-T passive radar demonstrator is one of the objectives of this research work.
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Radar systems description

The robust detection schemes designed in this PhD Thesis have been evaluated in real
radar scenarios. Solutions proposed for active monostatic radars have been applied to
the databases acquired by the McMaster University of Canada and by the Council for
Scienti�c and Industrial Research (CSIR) in South Africa. Measurement trials have been
carry out in maritime scenarios in order to provide data sets composed of sea clutter
returns and small boat re�ections that will be useful for researching purposes. The detec-
tion capabilities of the proposed solutions for passive radar scenarios have been analysed
in terrestrial environments using a technological demonstrator developed by the Univer-
sity of Alcalá that uses DVB-T signals as IoO. The main characteristic of the considered
monostatic and bistatic radars, and the selected radar scenarios are explained in detail in
the following sections.

5.1 Active monostatic radars

5.1.1 X-band radar (IPIX) developed at McMaster University,

Canada

IPIX (Intelligent PIxel processing X-band) is an experimental high resolution X-band
radar developed at McMaster University of Canada, which is depicted in Figure 5.1. This
system presents advanced features such as dual transmit/receive polarization, frequency
agility, stare/surveillance mode, and coherent processing [Conte et al., 2004]. It was
designed for researching purposes: sea clutter characterization, the design of improved
algorithms to detect small boats in marine environments, and the analysis of the e�ects
of sea state and the weather conditions.

In Table 5.1, the IPIX performance speci�cations are summarized [Drosopoulos, 1994].
The dual-polarization mode allows the acquisition of like-polarization (HH and VV) and
cross-polarization (HV and VH) data, being received quadruplet of in-phase (I) and
quadrature (Q) values. Two operational modes could be selected depending on the chosen

67
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Figure 5.1: IPIX Radar developed at McMaster University, Canada

Table 5.1: IPIX Radar Speci�cations

IPIX Radar Speci�cations

Transmitter Receiver Antenna

Peak power: 8 kHz Two linear receivers Diameter: 2.4 m

Frequency: 8.9 - 9.4 GHz

�xed & agile
Coherent reception Pencil beamwidth: 0.9◦

H-V polarization H-V polarization Gain: 44 dB

Pulse width: 20 - 5,000 ns

(typical 200 ns)
Sample rate: 0 - 50 MHz Rotation rate: 0 - 30 rpm

Pulse Repetition

Frequency (PRF): 0 - 20 kHz
Outputs: I and Q

Cross polarization

isolation: 30 dB

RF Pulse Width (PW):

• If PW ≥ 200ns, a �lter of 5 MHz is used to limit the receiver bandwidth to appro-
ximately 5 MHz.

• If PW < 200ns, the �lter is bypassed, providing a receiver bandwidth of approxi-
mately 50 MHz to match the minimum 20 ns pulse width.

Two databases were acquired in di�erent measurement trials to carry out the sea clutter
characterization study and the design of detection and tracking algorithms in maritime
scenarios:

1. Dartmouth database [Drosopoulos, 1994]: The IPIX radar was located in Dart-
mouth (Nova Scotia, Canada), on a cli� facing the Atlantic ocean at a height of
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(a) Dartmouth, Canada (b) Grimsby, Canada

Figure 5.2: IPIX radar deployment scenarios

100 feet above mean sea level with an open view about 130◦. In Figure 5.2(a), the
radar emplacement is shown, whose radar location geographical coordinates are:
44◦36′43.20′′ N, 63◦25′24.60′′. In this measurement trial, IPIX was operated at low
grazing angles, with the antenna dwelling in a �xed direction (stare mode), illumi-
nating a patch of ocean surface. The database was recorded in 1993 and was stored
in 333 �les, using integers of 8 bits. The weather and wave information is provided
by the Canadian Forecast Service. Wave height in the ocean varying from 0.8 m
to 3.8 m with peak heights up to 5.5 m, and wind conditions varying from still to
60 km/h with gust up to 90 km/h are observed in the recorded data set. Three
small �oating boats were used in the measurement campaigns.

2. Grimsby database [Greco et al., 2006]: The IPIX radar was installed in Grimsby
(Ontario, Canada), looking at Lake Ontario from a height of 20 m. In Figure 5.2(b),
the radar deployment is depicted, whose radar position geographical coordinates are:
43◦12′41.33′′ N, 79◦35′54.89′′ W. The data were acquired in 1998 and were stored in
222 �les, using a dynamic range of 10 bits. Low grazing angles and three di�erent
resolutions were considered. In this database, the weather conditions (wind speed,
gust) and the information of the waves are not available.

5.1.2 X-band radar developed by Council for Scienti�c and In-

dustrial Research (CSIR), South Africa

The Council for Scienti�c and Industrial Research (CSIR), South Africa, has launched, in
2006 and 2007, a series of measurement trials using its various measurement facilities that
were available to the international radar research community [Herselman et al., 2008]. The
databases are composed of sea clutter returns and small boat re�ectivity data acquired
at di�erent frequencies, range resolutions, grazing angles, look angles, and environmental
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Figure 5.3: Radar developed by CSIR [Herselman et al., 2008]

Table 5.2: CSIR radar speci�cations and environmental parameters

CSIR Radar main parameters

Transmission Frequency: 8.8GHz Peak power (Tx): 2kW

Antenna beam width: ≤ 2◦ Antenna gain: ≥ 30dB

Maximum range: 60 km Azimuth coverage of sea: 240◦ N to 20◦ N

Environmental conditions

Average wind speed: 0-40 kts Maximum wind gust: 60 kts

Signi�cant wave heigh: 1 m to 4.5 m Swell direction: 230◦ N to 270◦ N

conditions. The aims of these trials are the validation of current sea clutter models,
the development of statistically accurate sea clutter models, and the design of improved
detection and tracking algorithms to detect small boats in maritime scenarios, including
the littoral.

The radar used in the measurement campaigns is an experimental, monopulse, pulsed
Doppler X-band radar (Figure 5.3), whose main performance speci�cations are detailed
in Table 5.2. This system operates in vertical polarization for both transmit and receive,
and uses pulse compression to increase the system gain.

The radar was deployed on the top of Signal Hill (Cape Town, South Africa) at
geographical coordinates: 33◦55′15.62′′ S, 18◦23′53.76′′ E and 308 m above mean sea level.
In Figure 5.4, the radar scenario is depicted, where the south western coast of South
Africa is the Area of Interest (AoI). This location provided azimuth coverage of 140◦,
where a large sector spanned open sea whilst the remainder looked towards the West
Coast coastline from the direction of the open sea. The shortest distance to the coast line
was 1,250 m at a bearing of 288◦N. Grazing angles ranging from 10◦ at the coastline to
0.3◦ at the radar instrumented range of 60 km were obtained [Herselman et al., 2008].

Weather and wave information is available in the recorded datasets together with the
radar data. The weather information such as wind, temperature or rain for the area of
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Figure 5.4: Radar deployment scenario. Signal Hill (Cape Town, South Africa)

interest has been obtained from the South African weather services, and was recorded
by a weather sensor located in the radar emplacement. On the other hand, the local
wave conditions (its signi�cant heigh or swell direction) were measured using a seabed-
based wave sensor and a directional wave buoy close to the radar location. In Table 5.2,
environmental conditions are summarized. Although datasets were recorded with di�erent
local wind condition, only two predominant wind directions appear for the duration of
the trial.

Cooperative small vessels depicted in Figure 5.5 were used in the measurement trials:
a rescue vessel of 10 m (Nadine Gordimer), two rigid in�atable boats of 5.5 m (Rotary
Endeavour) and 4.8 m (SANParks RIB), and a pencil-duck of 4.2m. A GPS receiver was
installed on the boats to enable the evaluation of the detection and tracking techniques.
Non-cooperative targets were also recorded.

5.2 Passive bistatic radars

5.2.1 IDEPAR demonstrator

IDEPAR is a technological demonstrator developed by the Superior Polytechnic School of
the University of Alcalá under project TEC2012-38701 (Improved Detection techniques
for Passive Radars) and funded by the Spanish Ministry of Economy and Competitive-
ness [Jarabo-Amores et al., 2016]. The system is a multichannel DVB-T PBR designed
to carry out an intensive research in order to improve the detection capabilities of pas-
sive radars for tra�c monitoring in di�erent radar scenarios, and to optimize the pre-
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(a) Nadine Gordimer (b) Rotary Endeavour

(c) Pencil-duck (d) SANParks RIB

Figure 5.5: Boats deployed during the measurement trial [Herselman et al., 2008]

processing techniques required by this kind of radars. To achieve this goal, databases
of real bistatic data acquired in the UHF band in controlled scenarios are generated in
di�erent measurement campaigns. IDEPAR design requirements were:

• Use of COTS components to the largest possible extent, standard development tools,
data formats and interfaces.

• Modular system with a simple maintenance.

• O�-line digital signal and data processing (high level of con�gurability, but signi�-
cant latencies).

• Frequency band: from 450 MHz to 850 MHz.

The demonstrator has been implemented using the basic architecture of a PBR de-
picted in Figure 2.3.2. The main characteristics of the IDEPAR stages are the following:

1. Antenna system: commercial DVB-T antennas with high gains, high return losses
and high front-to-back ratios for the frequency band under study have been selected
in the reference and surveillance channels. Two di�erent antenna systems have been
implemented in the IDEPAR demonstrator, denoted as IDEPAR v1 and IDEPAR
V2, depending on if angular discrimination is desired.

• IDEPAR v1: in this �rst version of the demonstrator, the Televés DAT HD 75
BOSS yagi antenna composed of three structures of 49 elements is selected for
the reference and surveillance channels. Only one single antenna is considered
for both acquisition chains. This antenna works in the frequency band ranging
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(a) Televés DAT HD 75 BOSS an-

tenna

(b) Azimuth radiation pat-

tern

(c) Elevation radiation pat-

tern

Figure 5.6: Televés DAT HD 75 BOSS antenna and radiation patterns generated using
ANSYS HFSS

form 474 MHz to 750 MHz. In Figure 5.6, the Televés DAT HD 75 BOSS
antenna and its azimuth and elevation radiation patterns (estimated using
ANSYS HFSS (High Frequency Structure Simulator) software) are depicted.
According to the simulation results, this antenna is characterized by its high
directivity, high gain (17 dB at 750 MHz and almost constant in the band of
interest), high front-to-back ratio (around 30 dB due to the rear re�ector), and
its narrow beamwidth (24◦).

• IDEPAR v2: In the previous version, the targets were associated with the
pointing direction of the single surveillance antenna, so the detector and track-
ing stages do not provide any angular discrimination. To solve this problem
and to make more robust the IDEPAR PBR, an updated receiving chain for
the surveillance channel based on an array antenna is considered in the second
version of the demonstrator. The Televés DAT HD 75 BOSS antenna is not
suitable to array antenna con�guration due to its narrow beamwidth limits
the steering angle and the system coverage, and its width does not avoid the
grating lobes in the array radiation pattern.

Taking into account the IDEPAR design and beamforming techniques require-
ments, the Televés 4G Nova antenna has been selected as the single radiating
element of the linear array. It is a log-periodic antenna designed in microstrip
technology which operates in the LTE/4G band (698 MHz to 960 MHz). In
Figure 5.7, the Televés 4G Nova antenna and its azimuth and elevation ra-
diation patterns (estimated using ANSYS HFSS software) are presented. A
beamwidth of 59.94◦ and a gain of 8.3 dB for 750 MHz is obtained in the sim-
ulation results. The maximum azimuth coverage without grating lobes e�ects
is 23.72◦ in the worst case of the frequency band of interest (790 MHz).

Therefore, the surveillance channel of the second version of IDEPAR corre-
sponds to an array antenna composed of �ve Televés 4G Nova antennas. The
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(a) Televés 4G Nova antenna (b) Azimuth radiation pat-

tern

(c) Elevation radiation pat-

tern

Figure 5.7: Televés 4G Nova antenna and radiation patterns generated using ANSYS
HFSS

number of elements of the array con�guration has been selected due to the
current version of the passive radar demonstrator includes six synchronized
receiving chains (one for the reference channel and �ve for the surveillance
one).

New antenna prototype as single radiating element for the surveillance antenna
array of IDEPAR has been designed and built in the research group to improve the
front-to-back ratio and the angular coverage. This antenna is an E shape patch
that uses air gap as substrate and coaxial feeding, and operates at UHF frequencies.
The boxed ground antenna design was considered. In [Rosado-Sanz et al., 2017b]
and [Rosado-Sanz et al., 2017a], the design, characterization and validation in a
semi-urban radar scenario of the new antenna prototype were carried out.

2. Acquisition chain: the receiving chain is composed of commercial daughter bo-
ards, ADC systems, a synchronization unit, and the required drivers for storing
the acquired digitized samples in RAM (Random Access Memory) in real time.
Input RF cavity bandpass �lters and Low Noise Ampli�ers (LNAs) are also used to
increase the detection capabilities of the demonstrator. LNAs are only used in the
surveillance channel.

National Instruments Universal Software Radio Peripheral (NI USRP) devices, in
particular NI USRP-2930, are selected, which allow continuous acquisition time up
to 40 seconds. This acquisition system operates at 25 MHz in order to be able to
acquire three consecutive DVB-T channels, and to increase the signal bandwidth and
the range system resolution. To carry out the coherent processing of the reference
and surveillance channels, the synchronisation unit provides an external clock of
10 MHz and a shared pulse-per-second signal, reducing the relative phase shifts
among the channels.
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Figure 5.8: Acquisition and processing systems

The demonstrator is composed of six independent reception channels, allowing the
possibility to implement IDEPAR v1 or IDEPAR v2 con�gurations. In Figure 5.8,
the IDEPAR processor and acquisition system are shown.

3. Signal processing stage: main processing stages such as �ltering, CAF, detection
and tracking are implemented o�-line after save to disk the samples provided by
the acquisition chains. Pre-processing techniques based on ECA and LMS adaptive
�ltering process (detailed in Section 3.3) are implemented to suppress the DPI signal
in the surveillance channel. The CAF is calculated using a direct method based on
Fast Fourier Transforms (FFTs). For the IDEPAR v2 con�guration, where an array
antenna is considered in the surveillance channel, digital beamforming techniques
are applied in the RDM domain, to take advantage of the integration gain and the
range-Doppler mapping of the targets and interferences present in the input signal.

CA-CFAR techniques that assume an uncorrelated Gaussian clutter have been im-
plemented in the detector stage. However, the detection capabilities of these solu-
tions decrease signi�cantly when the clutter characteristics are di�erent from those
assumed. The design of robust detection algorithms to increase the IDEPAR per-
formance is one of the main objectives of this PhD Thesis. A tracking system based
on a Kalman �lter operating in the range-Doppler plane was applied to the detec-
tion matrix in order to generate the tracks associated with the detected targets.
DoA techniques are also implemented to estimate the target azimuth if the array
con�guration is used.

The architecture of the radar receiver for both IDEPAR con�gurations (IDEPAR v1
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Figure 5.9: Functional block diagram of IDEPAR v1 demonstrator

Figure 5.10: Functional block diagram of IDEPAR v2 demonstrator

and IDEPAR v2) are depicted in Figure 5.9 and Figure 5.10, respectively. More infor-
mation about the IDEPAR demonstrator such as system coverage, resolutions, detailed
processing stage, and the validation results is detailed in [Jarabo-Amores et al., 2016].

5.2.2 Scenarios of interest

In this PhD Thesis, the measurements acquired by the IDEPAR demonstrator in a semi-
urban and a coastal scenarios are used. The main characteristics of each scenario are
presented in the following sections.

5.2.2.1 Semi-urban radar scenario: University of Alcalá Campus (Spain)

A terrestrial scenario located at the University of Alcalá campus (Madrid, Spain) has been
considered to detect ground target such as cars, trucks or bus. The IDEPAR demonstrator
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(a) Scenario top view (b) View from the surveillance antenna

Figure 5.11: Terrestrial scenario. Green area: area of interest to a beamwidth equal to
30◦. Orange area: area of interest associated with a beamwidth equal to 60◦

was installed at the roof of the Superior Polytechnic School, where the R2 highway and
the Alcalá-Meco road are considered for de�ning the area of interest.

In Figure 5.11, the AoI de�ned by the 3dB beamwidth of the receiving antenna (30◦)
and a wider beamwidth equal to 60◦ are depicted together with the view from the surveil-
lance antenna. As is presented in Figure 5.11(a), the selected scenario is characterized
as semi-urban environment: low-height buildings with metal structure surrounding the
PBR receiver, countryside, and several roads with high tra�c (the R2 highway and the
Alcalá-Meco road are marked in orange and blue, respectively). As we can see in the
Figure 5.11(b), the antennas were placed to ensure that the maximum of the radiation
pattern was pointed to the AoI in order to enclose the roads under study. The Institute of
Molecular Medicine that is close to the receiver position re�ects a strong signal towards
the PBR. The associated echoes will be concentrated on the zero Doppler line of the
range-Doppler matrix, at di�erent bistatic range bins.

The �rst task to be carried out in the characterization of the radar scenario is the
study of the available IoOs. Two potential IoOs were identi�ed: Torrespaña (Equivalent
Radiated Power (ERP) equal to 20 kW and omnidirectional radiation pattern), and Algete
(ERP equal to 11.8 W) transmitters. The radiated power of each IoO under study has
been estimated using Winprop (AWE Communications GmbH) and a coverage study was
carried out. Results presented in Figure 5.12 show that Torrespaña provides higher power
values towards the selected scenario and the AoI, so it was selected as the IoO. Algete
transmitter is clearly out of the 3dB beamwidht of the receiver antenna (Figure 5.11(a)),
so it will not be considered as interfering IoO. In Table 5.3, the position coordinates of
the main elements are summarized.

The estimation of the system coverage is an important task in the study of the vi-
ability of the selected scenario. This parameter depends on the BRCS of the targets
of interest and the scenario geometry or bistatic angle. In [Bárcena-Humanes, 2016], a
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(a) Torrespaña IoO (b) Algete IoO

Figure 5.12: Radiated power and coverage study of the IoO available in the terrestrial
scenario

Table 5.3: IoO and IDEPAR receiver position coordinates in the terrestrial scenario
Latitude Longitude Altitude

Torrespaña IoO 42◦25′16.64′′ N 3◦39′51.39′′ W 658 m

IDEPAR Receiver 40◦30′47.54′′ N 3◦20′55.31′′ W 628 m

complete analysis of the target BRCS based on a global approach and a bistatic angle
dependant approach was carried out. A Mazda 6 SPORT vehicle and a Dron AAI RQ2
were considered as representative ground and air targets, respectively, and bistatic an-
gles ranging from 55◦ to 105◦ were selected. In Table 5.4, the averaged of the estimated
BRCS of the car model for di�erent bistatic angles is summarized. For coverage studies,
σbis = 10.6118 dBsm corresponding to the minimum BRCS value was used.

In this terrestrial scenario, the IDEPAR v1 and IDEPAR v2 performances have been
validated. The system coverage of the di�erent con�gurations has been obtained using the
parameters summarized in [Jarabo-Amores et al., 2016] for PD = 80% and PFA = 10−6. In
Figure 5.13, the coverages for only one Televés 4G Nova antenna (left) and for the antenna
array composed of �ve Televés 4G Nova antennas are depicted. Results show that both
IDEPAR con�gurations cover the roads selected in the AoI, providing an improvement in
the range coverage when an array antenna is used in the surveillance channel.

Table 5.4: Representative values of the estimated BRCS of the car model selected for the
study (Mazda 6 SPORT)

Bistatic angle 55◦ 70◦ 90◦ 105◦

BRCS 10.6118 dBsm 13.7543 dBsm 12.9469 dBsm 12.9589 dBsm
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(a) Single Televés 4G-Nova antenna in

the surveillance channel

(b) Televés 4G-Nova antenna array in

the surveillance channel

Figure 5.13: IDEPAR range coverage in the terrestrial radar scenario

5.2.2.2 Coastal radar scenario: Military Naval School of Marín (Spain)

The Military Naval School of Marín, Pontevedra (Spain), situated in the North-west of
the Spanish coast, has been selected as a coastal scenario. The IDEPAR demonstrator
composed of a single antenna element in the surveillance chain has been located at the
electromagnetic measurement center of the Spanish Army, Centro de Medidas Electro-

magnéticas de la Armada (CEMEDEN), being the AoI the sea inlet of Pontevedra.
In Figure 5.14, the AoI de�ned by beamwidths equal to 30◦ and 60◦ and the view from

the surveillance antenna are depicted. The surveillance antenna was placed to ensure that
the maximum of the radiation pattern was pointed to the AoI. The scenario is charac-
terized as maritime environment where small boats with high and low target velocities
(sailing boats, motorboats or leisure crafts) and large vessels (tanker ships or cargo boats)
are the desired targets to be detected. Some terrain clutter and �oating platforms on the
sea with high radar cross section values could be also captured by the receiver, providing
high power backscattering in the range-Doppler matrix.

The study of each available IoO in the considered scenario has been carried out: Bueu,
Domaio, Meis and Pontevedra. The radiated power was estimated using Winprop (AWE
Communications GmbH) in order to select the suitable IoO that provides good PBR
performance, and is depicted in Figure 5.15. Results show that the CEMEDEN falls
outside of the spacial coverage of Bueu, Pontevedra and Meis transmitters. On the other
hand, Domaio provides a good transmitter power in the AoI, so it was selected as the main
IoO. In Table 5.5 the position coordinates of the Domaio IoO and IDEPAR demonstrator
are summarized.
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(a) Scenario top view (b) View from the surveillance an-

tenna

Figure 5.14: Coastal scenario. Green area: area of interest to a beamwidth equal to 30◦.
Blue area: area of interest associated with a beamwidth equal to 60◦

(a) Bueu IoO (b) Domaio IoO (c) Meis IoO (d) Pontevedra IoO

Figure 5.15: Radiated power of the IoO under study in the coastal scenario

Table 5.5: IoO and IDEPAR receiver position coordinates in the coastal scenario
Latitude Longitude Altitude

Domaio IoO 42◦18′57.77′′ N 8◦42′15.07′′ W 625 m

IDEPAR Receiver 42◦23′44.18′′ N 8◦42′35.38′′ W 7 m
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Chapter 6

Introduction

In this part of the document, the most relevant contributions of this PhD Thesis are
presented. These contributions were published in di�erent journals and international
conferences. A set of journal contributions were selected as components of a compendium
of international journal articles to act as guarantors of the quality of the research activities
carried out, and the associated results.

The following chapters focus on the main objectives of this PhD Thesis:

1. Clutter statistical characterization.

2. Design of NN detectors for approximating the NP one.

3. Design of new CFAR detectors based on NNs.

4. Design of array signal processing techniques for improving detection capabilities and
detection of arrival techniques performance.

5. 3-D detectors based on NNs, capable of exploiting the information generated by the
designed array signal processing techniques.

6.1 Compendium of articles

The publications belonging to the compendium of articles are summarized in the following
sections:

6.1.1 Statistical analysis of SAR sea clutter for classi�cation pur-

poses [Martín-de Nicolás et al., 2014]

Journal : Remote Sensing.

Journal citation report (JCR) impact factor : 3.180 (Quartile Q1).

83
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This paper focussed on the characterization of sea clutter with the main objective of
extracting discriminant features for the design of sea state classi�ers. Real data acquired
by TerraSAR-X in open sea and coastal regions were used to build a data base and de�ne
a set of sea state classes. Due to the speckle noise is inherent in SAR data, a speci�c study
of how this noise a�ects the clutter distribution was also performed, and di�erent speckle
noise �lters were applied to the available real data. The criteria for feature selection and
the proposed features were of high relevance for the posterior design of improved detection
and target information extraction techniques.

6.1.2 MLP-CFAR for improving coherent radar detectors robust-

ness in variable scenarios [Mata-Moya et al., 2015]

.

Journal : Expert Systems with Applications. Elsevier.

Journal citation report (JCR) impact factor : 2.981 (Quartile Q1).

In this paper the problem of the design methodology of CFAR techniques without
assuming any a priory knowledge about clutter distributions was formulated. This was
an open problem in the research line related to the proposal of alternative detection
schemes in radar applications, where non-Gaussian clutter is expected with properties
variable along time and throughout space.

Conventional detectors based on Doppler processors and CFAR techniques were used
as reference. An immediate improved solution based on the CGLR was analysed, proving
the non-Gaussian nature of the samples at the output of the processing stage in charge
of selecting the maximum output from the considered �lter bank. A NN based CFAR
technique was designed for providing the required detection threshold at the output of
this stage, guaranteeing the desired PFA in spite of the variability of clutter properties
throughout the coverage area of the radar.

A general design methodology was detailed, that was the base of future robust detec-
tors designed for passive radar applications, which required CFAR techniques for ful�lling
the speci�ed PA requirements.

6.1.3 Arti�cial intelligence techniques for small boats detection in

radar clutter. Real data validation [del Rey-Maestre et al.,

2018a]

.

Journal : Engineering Applications of Arti�cial Intelligence. Elsevier.
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Journal citation report (JCR) impact factor : 2.894 (Quartile Q1) .

This paper tackles the design of arti�cial intelligence based robust detection schemes
for detecting small moving targets with unknown Doppler shift in maritime environments.
Conventional detectors based on Doppler �ltering and CFAR detection were built under
Gaussian conditions, and the clutter of the case study was modelled as a coloured Gaus-
sian process. This case study was really useful for analysing the optimum detector, and
the performance limits of conventional solutions. CGLR based sub-optimum approaches
were also analysed to de�ne performance bounds. MLPs, RBFNNs and SONNs were
considered.

Simulated and real data were used for training and testing. Real data acquired by
the X-band coherent radar deployed on Signal Hill by CSIR (subsection 5.1.2) were used.
Data were acquired under local wind conditions lower than or equal to Beaufort number of
2, so sea clutter could be modelled as a Rayleigh one. An in�atable boat and a container
ship were characterized and simulated with two di�erent dynamics. Results showed than
the SONN detector was the best solution among those considered, according to detec-
tion performance (the better approximation to the CGLR based reference detector) and
computational cost.

6.1.4 IDEPAR: A multichannel DVB-T passive radar technolog-

ical demonstrator in terrestrial radar scenarios [Jarabo-

Amores et al., 2016]

.

Journal : IET Radar, Sonar & Navigation.

Journal citation report (JCR) impact factor : 1.509 (Quartile Q3).

The problem of PR systems design was formulated from a general point of view. A
general and complete design methodology was detailed for the de�nition of system design
requirements and system coverage estimation, according to detection performance de�ned
as the required PFA and PD values, the targets of interest and the available IoOs. The
problem of the estimation of the BRCS of ground vehicles modelled at UHF frequencies
was studied using 3D physical models of real cars. Reference signal processing techniques
were analysed focussing on the description of the tracking stage, a critical processing
stage that was usually skip in radar literature. In this paper, the implementation of this
stage was deeply described and theoretically justi�ed. The �nal DVB-T demonstrator was
validated for the detection of cars in a real semi-urban scenario (that was located in the
Campus of the University of Alcalá, with the PR receiver on the rooftop of the Polytechnic
School, as is detailed in subsection 5.2.2.1). A system performance validation methodology
was de�ned using collaborating cars provided with GPS receivers, to estimate PFA and
PD guaranteeing valid accuracies.
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6.1.5 Machine learning techniques for coherent CFAR detection

based on statistical modeling of UHF passive ground clutter

[del Rey-Maestre et al., 2017c]

.

Journal : IEEE Journal of Selected Topics in Signal Processing. Special Issue 'Ma-
chine Learning for Cognition in Radio Communications and Radar'.

Journal citation report (JCR) impact factor : 5.301 (Quartile Q1).

This paper was proposed for an special issue focussed on Machine Learning for Cog-
nition in Radio Communications and Radar. Statistical and machine learning signal
processing methods were combined as a step towards the automation of cognitive func-
tionality in passive radars. Although in passive radars the feedback from the receiver to
the transmitter typical in cognitive systems is not possible, an intelligent algorithm capa-
ble of selecting the most suitable IoO among those available in the radar scenario can be
designed and implemented. In any case, the capability of radar scenario characterization
is a key element, being clutter of critical relevance.

Real data acquired by the technological demonstrator IDEPAR were analysed. A
semi-urban scenario located at the University of Alcalá external campus was selected
(subsection 5.2.2.1). Results proved that a Gaussian clutter model could be assumed for
absolute Doppler shifts higher than 40Hz. In the region centred in the zero-Doppler, mix-
tures of Gammas and Gaussians were proposed for the intensity and the real (imaginary)
parts, respectively. Correlation properties were also analysed, taking into consideration
the operation principle of CFAR techniques. Results proved that CAF samples were
uncorrelated along range, making the CA-CFAR detector the optimum solution for the
Gaussian regions (the most part of the CAF).

A bank of LR detectors was implemented for the non-Gaussian region. Their output
magnitude was compared with the output magnitude of the CAF and the combination of
an ECA �lter and the CAF, demonstrating the superior performance of the bank of LR
detectors for clutter rejection.

Finally, the CFAR technique based on a MultiLayer Perceptron (MLP-CFAR) pro-
posed in [Mata-Moya et al., 2015] was generalized for designing a single neural network
for estimating the detection thresholds to be applied to the output of the bank of LR
detectors.

6.1.6 Passive Radar Array Processing with Non-Uniform Linear

Arrays for Ground Target's Detection and Localization [del

Rey-Maestre et al., 2017d]

Journal : Remote Sensing. Special Issue Radar Systems for the Societal Challenges.
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Journal citation report (JCR) impact factor : 3.244 (Quartile Q1).

This paper tackled the problem of radar detection in a 3D target parameter space
using a DVB-T-based PR.

In a �rst step, a linear array was designed. Taking into consideration that one of the
advantages associated with the use of PRs is the lower development and maintenance
cost with respect to active ones, mainly related to the absence of a dedicated transmitter
and to the possibility of using COTS components, the linear array was designed using
commercial antennas. The number of single radiating elements was limited to 5, because
only 6 independent acquisition chains were available (one for the reference channel and
5 for the surveillance one). The independent acquisition of the signals captured by the
single radiating elements allowed the implementation of array signal processing techniques
and the generation of the 3D target parameter space for detection and tracking.

Commercial antennas are not designed for being used as single radiating elements in
array con�gurations, so directivity and physical sizes are not the most desirable for array
design. In Spain, the use of horizontal polarization includes additional constraints to
inter-element distances, and usually gives rise to grating lobes. A Non-Uniform Linear
Array (NULA) was designed using optimization techniques for maximizing directivity and
controlling Side Lobes Levels (SLL). A cost function was designed to determine the inter-
element distances, and the formulated optimization problem was solved using a genetic
algorithm. Results proved its better performance with respect to ULAs designed using
the same single radiating elements.

Beamforming techniques were applied in the frequency domain, using a modi�ed ver-
sion of previous two-stage algorithms published in recent radar literature:

• The �rst step generates a full-dimensional beam-space based on orthogonal beams
in the azimuth coverage area where the CFAR detector is applied. Beamforming
weights are calculated for guaranteeing an SLL (dB) lower than a speci�ed value.

• A new denser beam-space is generated using weight vectors calculated to maximize
the directivity. The output spectrum is used for estimating DoAs of the detected
targets.

The CFAR detector operates in the �rst stage output space using a windowing tech-
nique that de�nes CUTs related to maxima in the beam-space, and 3D reference windows
that exclude a set of guard cells to reduce the impact of targets contributions around the
CUT, in the detection threshold estimation. The use of 3D windows reduces CFAR losses.

The proposed solution was validated in the semi-urban scenario located in the external
Campus of the University of Alcalá (subsection 5.2.2.1).
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6.1.7 Neural Networks based Detectors for Passive Radars Ex-

ploiting Array Signal Processing Techniques in 3D Terres-

trial Tra�c Monitoring [del Rey-Maestre et al., 2018b]

Journal : Digital Signal Processing

Journal citation report (JCR) impact factor : 2.337 (Quartile Q2)

Under review.

Neural Network (NN) based detectors for digital video broadcasting-terrestrial passive
radars exploiting digital array signal processing techniques were designed and validated
using real data. A two stage beamformer was applied to the signals acquired by a linear
array to provide range, azimuth, and Doppler information to the detection and tracking
stages. NN detectors were trained to approximate the Neyman-Pearson one using real
bistatic clutter data and synthetic Gaussian targets with unknown Doppler and one-lag
correlation coe�cient. Multilayer Perceptrons and Second-Order NN solutions were com-
pared to reference ones including non-coherent integration techniques. A 3D tracker was
designed for con�rming detected targets and estimating their trajectories. Monte-Carlo
simulations were used for estimating probability of detection and false alarm using real
data acquired in a semi-urban scenario, characterized by the presence of buildings, trees
and parking areas, where terrestrial vehicles must be detected (subsection 5.2.2.1). Re-
sults con�rm that NN solutions outperform detection and tracking capabilities of reference
ones.

6.2 Other relevant contributions

6.2.1 Book chapter: Arti�cial Intelligence Based Approach for

Robust Radar Detection in Maritime Scenarios [Mata-Moya

et al., 2018]

Book : Advances in Signal Processing: Reviews, Book Series, Vol.1.

To be published by IFSA Publishing, S.L.

In press.

In this book chapter, a study of the suitability of arti�cial intelligence based detectors
for the detection of targets with unknown parameters in maritime scenarios was presented.
If the unknown parameters are random variables of known PDF, the decision rule based
on the ALR is an implementation of the NP detector. This solution usually leads to in-
tractable integrals that can be approximated using complex mathematical approximations
or alternative solutions based on the CGLR or arti�cial intelligence.
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Taking into consideration that in marine environments, the Gaussian interference
model �ts with real data acquired by low resolution or high resolution with low sea state
or high incidence angle, and the availability of real data, the considered case study was
the detection of Swerling I targets with unknown Doppler shift in Gaussian interference.

The ALR detector was formulated and sub-optimum approaches based on the CGLR
were analysed to de�ne a reference detector. A deep study of di�erent NN based ap-
proaches was carried out: MultiLayer Perceptrons trained using the cross-entropy error,
Second Order Neural Networks and Radial Basis Function Neural Networks trained with
the mean-squared error, 2C-Support Vector Machines (SVMs).

The considered detection schemes were evaluated with synthetic patterns. The com-
parative study of ROCs curves and computational costs con�rmed that SONNs outper-
formed the other considered NN solutions, being able of approximating the CGLR refer-
ence detector with a much lower computational cost. Solutions were also validated with
real data acquired by a coherent, pulsed X-band radar (detailed in subsection 5.2.2.1).

6.2.2 Conference contributions

• del Rey-Maestre, N., Mata-Moya, D., Jarabo-Amores, M.-P., Gómez-del Hoyo, P., and

Martín-de Nicolás, J. (2015c). Single MLP-CFAR for a radar Doppler processor based on

the ML criterion. Validation on real data. In 2015 European Radar Conference (EuRAD),

pages 53-56. [del Rey-Maestre et al., 2015c]

In this paper, CFAR processors based on NNs were evaluated with real data in a ma-
ritime scenario. The resulted detection capabilities were compared to those obtained by
conventional detection schemes based on a Doppler processor and CA-CFAR techniques,
which are optimum at the output of the square-law envelope detector if the Doppler �lters
reduce the clutter.

The considered detection scheme was a NN-based solution which does not impose any
statistical constraint to its input space that was applied at the output of a conventional
MTD system where a maximum operation was used to combine the �lter bank outputs
(DP-MAX MLP-CFAR). The most immediate improvement, that can be applied to the
reference detection scheme, was the combination of the Doppler processor outputs to select
the maximum value. The application of this non-linear function modi�es the statistics
of the �lters outputs. The proposed CFAR was based on a simple MLP trained with
a extended clutter power variation interval to reduce the approximation errors in the
extreme values, and with desired objectives composed of the threshold associated with
a PFA lower than the desired one to reduce detection losses due to estimation errors
corresponding to the use of a �nite set of clutter samples.

In order to evaluate the considered detection schemes, real data, provided by CSIR
and acquired by a coherent, pulsed and X-band radar system, have been used (sub-
section 5.1.2). After a statistical analysis of the selected dataset, the MLP-CFAR was
designed assuming Gaussian clutter model with a one-lag correlation coe�cient of 0.5.
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Results show that the DP-MAX MLP-CFAR detector outperforms signi�cantly the per-
formance of the reference detector ful�lling the PFA design requirements.

• del Rey Maestre, N., Mata-Moya, D., Jarabo-Amores, M.-P. , Martín-de Nicolás, J., and

Bárcea-Humanes, J.-L. (2013). Doppler processors as suboptimum approaches for de-

tecting targets with unknown Doppler shift. In 2013 Fifth International Conference on

Computational Intelligence, Communication Systems and Networks, pages 283-288. [del

Rey-Maestre et al., 2013a]

This paper tackled the detection of Swerling I targets with unknown Doppler shift in
Gaussian interference. Sub-optimum approaches based on the CGLR were analysed in
order to de�ne a reference detector for evaluating the performances of detector schemes
including robust Doppler processor based on MTI �lters. CGLR2P detectors have been
considered as a high computational cost solutions to approximate the ALR.

Two Doppler processor detection schemes assuming Ωs varying uniformly in [0; 2π)

were proposed to reduce the presence of clutter: a MTI �lter designed for an averaged
target covariance matrix for the variation interval of Ωs, and a MTI �lter bank designed
for equispaced discrete values of Ωs. Detection capabilities and computational cost were
analysed, showing that the MTI �lter-bank with D = 2P �lters provides a better approx-
imation to the NP detector for targets with unknown Ωs in correlated Gaussian clutter
reducing severally the computational cost with respect to the CGLR2P .

• del Rey-Maestre, N., Mata-Moya, D., Jarabo-Amores, M.-P., Martín-de-Nicolás-Presa, J.,

and Bárcena-Humanes, J.-L. (2013). Incoherent detection of targets with unknown Doppler

shift in spiky K-distributed clutter. International Conference on Digital Signal Processing

(DSP). [del Rey-Maestre et al., 2013b]

In this paper, the problem of detecting �uctuating targets with unknown Doppler
shift in spiky K-distributed clutter using conventional marine radars was studied, and the
composite hypothesis test was formulated. CA-CFAR detectors widely used in the liter-
ature were analysed, together with the �xed threshold detector designed for known and
homogeneous clutter statistics. Neural networks solutions (MLPs) trained in a supervised
manner to minimize the minimum squared error were proposed as alternative solutions,
due to their proved capability of approximating the Neyman Pearson detector using a set
of pre-classi�ed patterns.

Results show that the CA-CFAR detectors are capable of performing better approxi-
mations to the �xed threshold one as the number of reference cells increases, but the MLP
solution outperforms the reference detectors for the two cases study. The fact that the
MLP outperforms the �xed threshold detector can be explained taking into consideration
that the MLP is approximating the NP optimum detector, while the envelope detector
followed by a threshold detector is a simple solution implemented by most of the com-
mercial marine radars, that, considering the complexity of the composite hypothesis test
to be solved, can be guessed to be a very simple approximation.
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• Mata-Moya, D., Jarabo-Amores, M.-P., del-Rey-Maestre, N., Bárcena-Humanes, J.-L.,

and Martín-de-Nicolás, J. (2013). SONN and MLP Based Solutions for Detecting Fluc-

tuating Targets with Unknown Doppler Shift in Gaussian Interference , pages 584-591.

Springer Berlin Heidelberg. [Mata-Moya et al., 2013]

SONN and MLP based detection schemes were designed for approximating the Ney-
man Pearson detector for detecting �uctuating targets with unknown Doppler shift in
Gaussian interference. The optimum NP detector conveys a complex integral, so sub-
optimum approaches based on the Constrained Generalized Likelihood Ratio were pro-
posed as reference solutions. Detectors based on a single MLP, a single SONN, and
mixtures of them were studied, and their detection capabilities and computational costs
were evaluated using ROC curves. Results show that the detector based on a mixture of
SONNs is able to approximate the CGLR, outperforming the other proposed solutions,
with lower computational cost.

• Bárcena-Humanes, J.-L., Mata-Moya, D. , Jarabo-Amores, M.-P., del-Rey-Maestre, N.,

and Martín-de-Nicolás, J. (2013). Analysis of NNs detectors for targets with unknown

correlation in Gaussian interference. In 2013 Fifth International Conference on Com-

putational Intelligence, Communication Systems and Networks , pages 48-53. [Bárcena-

Humanes et al., 2013]

In this paper, di�erent NN architectures (MLPs, RBFNNs and SONNs) were studied
for designing detectors capable of approximating the NP detector in composite hypothe-
sis tests. The problem of detecting Gaussian targets with unknown one-lag correlation
coe�cient in Gaussian interference was analysed considering two cases study: Additive
White Gaussian Noise (AWGN), and correlated Gaussian clutter plus AWGN.

Sub-optimum approaches based on the CGLR were selected as reference for evaluating
the performance of the NN solutions: detection capabilities (represented by ROC curves)
and computational cost. An study of the suitability of di�erent NNs was carried out.
Results show that RBFNNs are the best compromise solution between detection perfor-
mance and computational cost, for detecting targets with unknown ρs in AWGN, although
they are clearly not suitable for the detection of these targets in correlated clutter. On
the other hand, SONNs present a great robustness to approximate the NP detector for
the two cases study, and are the best solution in presence of correlated Gaussian clutter.
Furthermore, the computational cost associated with the NN detectors is really much
lower than that related to the proposed CGLRs.

• del Rey-Maestre, N., Mata-Moya, D., Rosado-Sanz, J., Gómez-Hoyo, P.-J., and Jarabo-

Amores, M.-P. (2016). CFAR detectors for DVB-T Passive Radar in non-homogeneous

scenarios. International Journal of System Applications, Engineering and Development,

10:340-350. [del Rey-Maestre et al., 2016]
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CFAR detectors were designed and evaluated in non-homogeneous DVB-T passive
radar scenarios. In PR, the range-Doppler matrix or inputs to the detector are character-
ized by strong values in the range cells with zero Doppler shift, resulting non-homogeneous
backgrounds. VI-CFAR was proposed to present robustness in homogeneous and non-
homogeneous situations of clutter using a mixture of CA-CFAR, GO-CFAR and SO-CFAR
techniques depending on the outcomes of the VI and the MR hypotheses tests.

The considered CFAR detectors were evaluated in simulated and real passive radar
scenarios. The case study corresponds to a measurement campaign carried out with the
IDEPAR demonstrator in a semi-urban scenario (subsection 5.2.2.1), for detecting terres-
trial vehicles. The simulated scenario was generated using the same clutter parameters as
the real one with two Swerling targets with a SIR that guarantee a PD higher than 80%
for PFA = 10−5.

Results for CA-CFAR based solutions reveal a blind area where targets with low values
of Doppler shift are miss-detected associated with the presence of the high power values of
range cells with zero Doppler shift in the reference windows extended along the Doppler
dimension. Results provided by 2D Range & Doppler VI-CFAR in real scenarios con�rm
the suitability of this detector in non-homogeneous backgrounds. Its detection capability
is very much better than the CA-CFAR detection performance, controlling the CFAR
losses.

• del Rey-Maestre, N., Mata-Moya, D., Jarabo-Amores, M.-P., Gómez-Del-Hoyo, P.-J., and

Martín-De-Nicolás, J. (2015b). MLP-based approximation to the Neyman Pearson detector

in a terrestrial passive bistatic radar scenario. In 16th Int. Conf. on Computer as Tool,

volume 1, pages 356-361. [del Rey-Maestre et al., 2015b]

In this paper, MLPs trained in a supervision manner to minimize the mean square
error were proposed to solve the radar detection problem in passive bistatic scenarios.
The LR detector was considered as reference to evaluate the capability of the MLP-based
scheme to approximate the NP detector. The radar scenario was located at the roof of
the Polytechnic School of the University of Alcalá, (subsection 5.2.2.1), where a cooper-
ative target was considered. Attending to the case study, LR and MLP detectors were
designed to detect Swerling II targets in Gaussian interference, which was characterized
by a statistical analysis of the real radar data.

The proposed detection problem observation space was composed of P = 3 dimensio-
nal input vectors. Although the samples belonging to di�erent CPIs were considered, the
target detection could be improved due to the small CPI with respect to target speed.
Detection capabilities of both proposed detectors were compared using real bistatic radar
databases, and estimating the PD of the controlled vehicle. Results con�rm the capability
of the MLP solution to approximate the NP detector in passive bistatic environments.

• del Rey-Maestre, N., Jarabo-Amores, M.-P., Mata-Moya, D., Gomez-DelHoyo, P.-J., and

Bárcena-Humanes, J.-L. (2015a). Statistical analysis of UHF bistatic radar clutter in
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coastal scenarios. In European Radar Conf., volume 1, pages 253-256. [del Rey-Maestre

et al., 2015a]

In this paper, a statistical analysis of bistatic radar clutter in coastal scenarios using
a passive radar system was carried out, in order to propose theoretical distributions for
modelling the sea clutter. This statistical analysis will allow the design of robust detectors
capable of approximating the Neyman Pearson one for detecting slow moving targets.

Real radar data acquired by IDEPAR demonstrator in the Military Naval School of
Marín (subsection 5.2.2.2) was analysed. The statistical characterization of the radar
data was performed estimating the ECDF and applying goodness-of-�t tests to assess
the suitability of several theoretical distributions. Results show that the intensity of the
recorded data for high Doppler shifts can be modelled using Exponential distributions,
so a Gaussian clutter model can be assumed. However, Doppler shifts close to the zero
Doppler require a non-homogeneous characterization, where the Exponential, Weibull and
Log-Normal distributions are proposed as good candidates to model the intensity of the
sea bistatic clutter.

• del Rey-Maestre, N., Bárcena-Humanes, J.-L., Rosado-Sanz, J., Gómez-del Hoyo, P.-J.,

and Mata-Moya, D. (2017a). DVB-T based passive radar performance sensitivity with

respect to channel availability. In 2017 European Radar Conference (EURAD), pages 183-

186. [del Rey-Maestre et al., 2017a]

In this paper, the study of the sensitivity of the DVB-T based PBR performance
with respect to channel availability was carried out analysing the AF of real radar data.
Multichannel DVB-T signals can be used to increase the signal bandwidth, the system
range resolution, and slightly the SNR of the system. However, the channel availability is
not under control due to the use of the IoO, complicating the acquisition of consecutive
channels or temporal channel failures.

Real data composed of three consecutive channels were acquired using IDEPAR de-
monstrator in a semi-urban scenario (subsection 5.2.2.1), and digital �ltering techniques
were applied to simulate channels failure and non consecutive channels. The AF study
of DVB-T signals with one, two and three channels lead to a reduction in the detection
performance associated with a higher AF pedestal mean level when the information band-
width (Bi) is reduced and to a degradation in the range resolution related to 1/Bi . The
detection performance of the IDEPAR demonstrator was also analysed, con�rming the
dependence of its detection capabilities respect to channel availability.

• del Rey-Maestre, N., Bárcena-Humanes, J.-L., Rosado-Sanz, J., Gómez-del Hoyo, P.-J.,

and Mata-Moya, D. (2017b). Nondesired e�ects in DVB-T based passive radar due to

sporadic interference. In 2017 Signal Processing Symposium (SPSympo), pages 1-6. [del

Rey-Maestre et al., 2017b]
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This paper tackled the analysis of the IDEPAR detection capabilities and system res-
olution when a sporadic interference appears in the data acquisition. This study was
focused on the analysis of two real radar databases (denoted as Dataset 1 and 2) com-
posed of three DVB- T consecutive channels. The databases were acquired in semi-urban
and coastal scenarios (subsection 5.2.2.1, and subsection 5.2.2.2, respectively), where the
Dataset 2 is characterized by the presence of an interference signal in the right channel.

The AF pedestal mean level study for both cases study, including the analysis for the
isolated right channel where the interference signal is located, shown an increase of the
pedestal mean value due to the e�ect of the sporadic signal and, therefore, a reduction in
the system performance. IDEPAR detection capabilities were also analysed in a simulated
radar scenario, where the real reference channels of Datasets 1 and 2 were used. The
estimated PD con�rms the degradation in the PBR performance due to the interference
signal: desired targets could be masked by the interference, generating blind Doppler
shifts in the detection stage.

• Gómez-del-Hoyo, P.J., Bárcena-Humanes, J.-L., del Rey-Maestre, N., Rosado-Sanz, J.,

and Jarabo-Amores, M.-P. (2017). Study of the ghost target phenomenon on a real DVB-

T passive radar scenario. In Signal Proc. Symposium, pages 1-6. [Gómez-del Hoyo et al.,

2017]

In this paper, a study about ghost targets sources on a real scenario was carried out
using real and simulated data. Results shown the big impact of the multipaths generated
by buildings close to the PBR emplacement in the system performance: target echoes
generated by the reference channel multipath can su�er delays that can be lower that
those associated with the reference main IoO, and could be detected as desired targets.
This study concludes that a preliminary study of the presence of these elements in a radar
scenario is as important as the analysis of the potential illuminators, specially in urban
and semi-urban scenarios, which are of high interest in passive radar applications.

• Rosado-Sanz, J., Jarabo-Amores, M.-P., Mata-Moya, D., del-Rey-Maestre, N., and Gómez

del-Hoyo, P.-J. (2017b). Design of a broadband patch antenna for a DVB-T based passive

radar antenna array. In 2017 IEEE 17th International Conference on Ubiquitous Wireless

Broadband (ICUWB), pages 1-5. [Rosado-Sanz et al., 2017b]

In this paper, a wideband microstrip antenna was designed for a passive radar system
operating at UHF frequencies. The objective was the design of a single radiating element
for the construction of an antenna array for improving coverage and angular discrimination
capabilities of a multichannel DVB-T passive radar demonstrator.

An E-shaped patch antenna was selected as starting point. The basic design was
improved using air substrate, and the novel boxed-ground technique was considered to
increase the Front to Back (FB) ratio. The resulted radiation pattern associated with the
designed antenna ful�ls the requirements of the PBR surveillance channel. A prototype
was built and measured in an anechoic chamber. Finally, E-shaped antenna was integrated
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in IDEPAR demonstrator, outperforming the detection capabilities provided by a non-
dedicated antenna and improving the terrestrial target tracking and monitoring.

• Rosado-Sanz, J., Jarabo-Amores, M.-P., Gómez-Hoyo, P.-J., del Rey-Maestre, N., and

Mata-Moya, D. (2017a). Validation of a broadband E-shaped antenna in a real semi-urban

passive radar scenario. In 2017 42nd International Conference on Infrared, Millimeter,

and Terahertz Waves (IRMMW-THz), pages 1-2. [Rosado-Sanz et al., 2017a]

In this paper, a patch antenna designed to operate in a UHF passive radar with a
broadband about 19% was validated in a real semi-urban scenario (subsection 5.2.2.1).
Novel techniques, such as using air gap as substrate and E shaped patch, were considered
in the fabrication. The proposed solution was used in the surveillance acquisition system of
IDEPAR demonstrator, a DVB-T based passive radar system, to evaluate the detection
performance with real radar data acquired in a terrestrial scenario. Results validate
the proposed antenna as a suitable solution in PRS systems and con�rms the IDEPAR
detection performance improvement.
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Chapter 7

Improved radar detectors based on

clutter modelling and intelligence

agents

7.1 Arti�cial intelligence based detectors

This section focusses on the problem of detecting small moving targets, an important issue
in sea tra�c control, �shery management and ship search and rescue. Active radars are
usually used for surveillance and monitoring. In [del Rey-Maestre et al., 2018a], robust
Arti�cial Intelligence (AI) based radar detectors were designed for approximating the NP
one in composite hypothesis test characterized by small boats with unknown Doppler
shifts. The NN design methodology, training process and evaluation results presented
in [del Rey-Maestre et al., 2018a] are summarized in this section.

7.1.1 Reference detectors

Without loss of generality, observation vectors composed of P = 8 pulses (z̃T = [z̃1, ..., z̃P ] ∈
CP ) were considered. Case study main features were the following:

• H0 hypothesis, composed of clutter plus noise. Coloured Gaussian process with
ρc = 0.9, a model widely applied for the design of conventional solutions based on
anti-clutter �lter banks followed by CFAR techniques.

• H1 hypothesis, composed of clutter plus noise plus target. Swerling I targets (ρs = 1)
with unknown Doppler shift, Ωs, modelled as a random variable varying uniformly
in [0, 2π) were used.

This case study was really useful for analysing the optimum detector, and the perfor-
mance limits of conventional solutions:

97
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(a) CGLRK (b) MTI �lter banks

Figure 7.1: Estimated ROC curves for CGLRK detectors for Swerling I targets with
unknown Doppler shift, CNR = 20 dB and ρc = 0.9 (left); detection curves for the MTI
�lter bank followed by CFAR detectors: Ωs ∈ [0, 2π), ρc = 0.9 and PFA = 10−6 (right)

• CGLRs composed of K LR detectors designed for discrete values of Ωs equally
spaced in [0, 2π) (CGLRK). CGLR16 was selected as reference (Figure 7.1(a)).

• Doppler processors composed of a bank ofD transversal �lters optimized for discrete
values of Ωs equally spaced in [0, 2π) and designed for ρc = 0.9. Independent CA-
CFAR techniques were combined using an OR-logic operation to generate the �nal
detection matrix. In Figure 7.1(b), the scheme with D = 16 �lters had similar
detection performance than the CGLR16, so it was selected as reference solution.

7.1.2 AI based solutions

Di�erent NN solutions were designed and implemented for approximating the NP detec-
tor: MLPs, RBFNNs and SONNs. The proposed design strategy consisted in generating
training and validation sets composed of patterns under H1, assuming a uniform variation
of the target unknown parameter (Ωs ∈ [0, 2π)), and under H0 assuming Gaussian clutter
with ρc = 0.9. NN input layer had 2P nodes, P for the in-phase, and P for the quadrature
components. Their outputs were compared to a �xed threshold selected according to PFA
requirements.

Importance Sampling (IS) techniques [Sanz-Gonzalez and Andina, 1999,Vicen-Bueno
et al., 2010] were used to estimate PFA and PD guaranteeing an estimation error lower
than 10%. For that purpose, synthetic test sets under both hypotheses were generated. In
Figure 7.2, ROC curves for MLP, RBFNN and CGLR16 detectors are depicted. The best
results were obtained for MLP 16/17/1 and RBFNN 16/4/1. For biggerM (neurons in the
hidden layer) there is not signi�cant improvement in detection capabilities. Finally, the
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(a) MLPs study (b) RBFNNs study

(c) Comparative study

Figure 7.2: ROC curves obtained by NN solutions and CGLR16 detector. Ωs ∈ [0, 2π),
SIR = 10 dB and ρc = 0.9

SONN based detector is selected as the best solution among those considered, taking into
consideration detection performance (Figure 7.2(c)) and computational cost (Table 7.1).

7.1.3 Validation using synthetic data

A radar scenario located in the Strait of Gibraltar was simulated (Figure 7.3). A hypo-
thetical X-band radar similar to the CSIR's one was considered (section 5.1.2) [Herselman
et al., 2008]. The simulation included two types of vessels whose RCSs were estimated
using the software tool Pofacets, developed by Naval Postgraduate School [Jenn, 2014],
for a grazing angle of 0.1◦ (Figure 7.4): a small in�atable rubber boat (estimated average
RCSs equal to 9.636 dBsm), and a big metal container ship (estimated average RCSs equal
to 63.1096 dBsm). An acquisitions of 2,162 s corresponding to 650 scans was simulated,
with Gaussian clutter with ρc = 0.9. A desired PFA = 10−6 was selected as detection
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Table 7.1: Estimated PFA and PD values for Swerling I targets with Ωs ∈ [0, 2π), ρc = 0.9

and SIR = 10 dB, and Number of operations (Nop) required by the considered detectors

CGLR16 MTI �lter-bank with D = 16 SONN 16/152/1

PD 0.880 0.855 0.873
PFA 1.006 · 10−6 1.385 · 10−5 1.008 · 10−6

Nop 8, 943 1, 040 441

Figure 7.3: Simulated radar scenario located in the Strait of Gibraltar. Angular coverage
area of 23.9◦ and maximum range of 18NM [Localiza Todo, 2014]

performance requirement.

In Figure 7.5, the superimposition of all detected centroids in the whole acquisition
time is depicted for the Doppler �lter bank with D = 16 and the SONN detector. Target
trajectories can be estimated by visual inspection. Estimated PD was close to 0.99 for
both detection schemes, but PFAs were signi�cantly di�erent: 1.424 · 10−5 for the bank
of Doppler �lters, and 1.843 · 10−6 for the SONN. The SONN was again the best solution
among those considered according to detection performance and computational cost.

7.1.4 Validation using real data

The robustness of the SONN based detector was validated using real radar data acquired
by the CSIR's X-band radar (section 5.1.2). The Dataset08 − 028TStFA characterized
by the presence of a controlled small boat in low sea state was selected (Figure 7.6(a)).
A statistical analysis of the sea clutter samples was carried out. The KS-Test and the
CM-Test con�rmed the suitability of the Gaussian clutter model (Figure 7.6(b)).

The estimated centroids for a desired PFA = 10−4 for the CGLR16, the Doppler
�lter bank with D = 16, and the SONN detector are shown in Figure 7.7. A PD close
to 0.80 was obtained for all detection schemes, but PFAs of 1.553 · 10−4, 1.868 · 10−3

and 1.758 · 10−4 were estimated for the CGLR, the Doppler �lter bank and the SONN,
respectively. The best results were provided by the SONN based solution con�rming the
capability to approximate the optimum detector in Gaussian interference ful�lling the
PFA requirements with lower computational cost.
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(a) In�atable boat (b) Container ship

Figure 7.4: 3D models and estimated RCSs for an incident angle of 0.1◦ for the simulated
radar scenario

(a) Doppler �lter bank with D = 16 �lters followed

by CA-CFAR detector

(b) SONN based detector

Figure 7.5: Superposition of the estimated centroids over the 650 scans of the simulated
radar scenario
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(a) Logarithmic intensity (b) CDFs for the intensity of the sea area

Figure 7.6: Radar returns acquired by CSIR's X-band radar. Dataset 08-028 TStFA,
generated for a �xed pointing direction (no scanning e�ect is generated): intensity (left),
CDFs for the sea area (right)

7.1.5 Related contributions

The proposed NN training process can be applied to any type of radar scenario. Some
related contributions are:

• Detection of targets with unknown correlation coe�cient, in Gaussian interference
[Bárcena-Humanes et al., 2013].

• Detection of targets with unkonwn Doppler shift in spiky K-distributted clutter [del
Rey-Maestre et al., 2013b].

• SONN and MLP based solutions for detecting �uctuating targets with unknown
Doppler shift in Gaussian interference [Mata-Moya et al., 2013].

• MLP-based approximation to the NP detector in a terrestrial PR scenario [del Rey-
Maestre et al., 2015b].

• Book chapter: Arti�cial intelligence based approach for robust radar detection in
maritime scenarios [Mata-Moya et al., 2018].

7.2 NN based CFAR techniques for improving detec-

tion performance in variable scenarios

The LR, the ALR, the CGLR and the NN based detectors presented so far, use a �xed
threshold to decide between target absence or target presence. In the literature, CFAR
techniques are proposed to maintain the desired PFA in presence of clutter parameters
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(a) CGLR16 detector (b) Doppler �lter bank with D = 16 �lters followed

by CA-CFAR detector

(c) SONN based detector

Figure 7.7: Estimated centroids for the CGLR16, the Doppler �lter bank with D = 16,
and the SONN, over acquisition Dataset08− 028TStFA
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variations. The design of CFAR techniques for the LR, ALR or CGLR based approaches is
a complicated task, and no analytical solution has been reported for the considered cases
study, as far as author know. In practical radar detectors based on Doppler processors
(MTI or MTD), the most part of the clutter is rejected by Doppler �ltering, and the
samples at the output of the square-law envelope detector are assumed exponentially
distributed, so incoherent CFAR techniques based on cell averaging can be applied (CA-
CFAR is optimum in presence of independent and identically distributed Exponential
samples). Conventional detection schemes as the MTD showed in Figure 3.2 and detailed
in Section 3.2, or the implemented in [del Rey-Maestre et al., 2018a], use independent
detectors at the output of each Doppler �lter. However, although the PFA is controlled
in each detection branch, the �nal PFA generated by the OR-logic operation applied to
all the detections can be signi�cantly higher than the required value [Mata-Moya et al.,
2015,del Rey-Maestre et al., 2018a].

In [Mata-Moya et al., 2015] a NN based CFAR technique was proposed for providing
the detection threshold in an improved conventional detection scheme operating with
Doppler processors. As in [del Rey-Maestre et al., 2018a] (section 7.1), the case study
was the detection of radar targets with unknown Doppler shift in marine radar scenarios
characterized by coloured Gaussian interference with ρc = 0.9. Swerling I targets with
unknown Doppler shift, Ωs, modelled as a random variable varying uniformly in [0, 2π)

were used, and observation vectors composed of P = 8 pulses (z̃T = [z̃1, ..., z̃P ] ∈ CP ) were
considered without loss of generality. In this section, the general design methodology,
the training process and the evaluation results obtained in a simulated radar scenario
presented in [Mata-Moya et al., 2015] are summarized.

The basic MTD system shown in Figure 3.2, repeated in Figure 7.8 for convenience,
and denoted as OR-DP-CFAR was selected as the reference conventional solution to be
overtaken. Its main components were the following:

1. An initial MTI �lter was optimized for ρc = 0.9 and MMTI = 4 pulses.

2. Then, a bank ofDMTI �lters designed forMfbank = 6 pulses and ρc = 0 was applied.
Due to the previous MTI canceller requires 2 pulses for steady state performance
and rejects the frequencies close to zero, D = 2P − 2 = 14 was selected, and Ωs = 0

and Ωs = 2π were not considered in the �lter bank design.

3. Independent detection stages composed of a square-law envelope detector followed
by a CFAR technique were implemented in each �lter branch, whose outputs were
combined using the OR-logic function [Skolnik, 2008]. Estimated PFA values higher
than the desired one were obtained at the output of the OR-logic function.

An improved detection scheme, denoted as MAX-DP-CFAR, based on the CGLR
design philosophy was proposed (Figure 7.9). The squared amplitude of the �lters outputs
were compared for selecting the maximum value, and this maximum value was compared
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Figure 7.8: Conventional detector scheme based on Doppler Processors: MTI �lter-bank
with independent CFAR detectors whose outputs are combined using an OR operation

to a detection threshold adjusted by a CFAR technique designed for ful�lling the PFA
requirements in spite of the variation of clutter residuals parameters.

Due to the application of the non-linear maximum function, the samples in the refer-
ence window of the CFAR in Figure 7.9 are not exponentially distributed (Figure 7.10).
The KS and the CM-tests were applied using the Exponential, Weibull and Gamma
models. Results showed that none of the considered distributions ful�lled the test re-
quirements.

As a solution, a new CFAR technique, the MLP-CFAR, was designed to exploit NN
capabilities to approximate functions. The objective was the proposal of a technique
which did not impose any statistical constrain to its input space (Figure 7.11). The real
samples stored in the NCFAR reference cells of the reference window constituted the MLP
inputs layer. A MLP of one hidden layer was selected, and the number of hidden neurons,
M , was determined through a trial and error process. The training strategy described
in [Mata-Moya et al., 2015] was designed to approximate the required threshold, Tq, for
each CUT in the radar matrix.

In Figure 7.12, the estimated thresholds at the output of the MAX-DP-CFAR using the
MLP-CFAR are depicted for a set of 33 discrete clutter power values, pc, from the de�ned
clutter power variation interval, IPc, a desired PFA = 10−6, and two values of the reference
window size (NCFAR = {16, 24}). The objective detection thresholds estimated at the
output of the MAX-DP using IS techniques [Sanz-Gonzalez and Andina, 1999, Vicen-
Bueno et al., 2010] are also represented (black line). In the MLP-CFAR design, M = 2

was selected because no performance improvement was obtained for higher values. Results
presented in continuous red lines show that the MLP-CFAR estimation error is higher for
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Figure 7.9: MAX-DP-CFAR Detector

(a) CNR = 20dB (b) CNR = 40dB

Figure 7.10: CDFs at the output of the maximum function of the MAX-DP-CFAR in
Figure 7.9
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Figure 7.11: MLP-CFAR detector scheme

the pc extreme values of the IPc. However, when the extended power variation interval,
EIPc, is used, this error is reduced signi�cantly (dotted red lines). The EIPc is generated
from the IPc, reducing the lower bound by a factor 0.6, and increasing the upper bound
by a factor 1.25.

The use of a �nite set of NCFAR reference cells gives rise to CFAR losses. To reduce
them, a lower training PFA (P train

FA ) was selected for estimating the objective thresholds
to be approximated by the MLP-CFAR. The results obtained for the modi�ed P train

FA

represented in blue are quite close to the desired one. To provide a more rigorous detection
performance evaluation, PFA values were estimated. As an example, for NCFAR = 16,
the estimated values are 5.52 · 10−6, 5.54 · 10−6 and 9.57 · 10−7 for the IPc, the EIPc
and the EIPc with the modi�ed P train

FA , respectively. The estimation error is lower as
NCFAR increases, due to the associated reduction in CFAR losses. As a compromise
solution between detection performance and spatial adaptation capability, NCFAR = 16

was selected.

In order to compare the detection performance between the OR-DP-CFAR detector
and the MAX-DP detection schemes (MAX-DP-CFAR and MAX-DP-CFAR using MLP-
CFAR), detection curves for a desired PFA = 10−6 and NCFAR = 16 were obtained,
assuming Swerling I targets with Ωs ∈ [0, 2π) in clutter power uniformly distributed
in IPc (Figure 7.13). In Table 7.2, the estimated PD and PFA values for a SIR that
guarantees a PD ≥ 80% assuming a desired PFA = 10−6 are summarized. Results show
that the OR-DP-CFAR and the MAX-DP-CFAR (MLP-CFAR) detectors provide similar
detection curves, but the estimated PFA for the OR-DP-CFAR is higher than the desired
one. The MAX-DP-CFAR (MLP-CFAR) ful�lls the PFA requirements, maintaining a PD
very similar to that provided by the OR-DP-CFAR, and outperforming the MAX-DP-
CFAR scheme.
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(a) NCFAR = 16 (b) NCFAR = 24

Figure 7.12: Average MLP-CFAR thresholds: initial Pc interval (continuous red), ex-
tended Pc interval (dotted red), extended Pc and modi�ed PFA (blue)

Figure 7.13: Estimated detection curves for PFA = 10−6, NCFAR = 16 and Ωs ∈ [0; 2π)

Table 7.2: PD and PFA obtained by the considered detection schemes. NCFAR = 16,
SIR = 14dB, Ωs ∈ [0; 2π) and desired PFA = 10−6

OR-DP-CFAR
MAX-DP-CFAR

using conventional CA-CFAR

MAX-DP-CFAR

using MLP-CFAR

PD 0.8398 0.7762 0.8300

PFA 1.329 · 10−5 < 10−7 9.571 · 10−7
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Figure 7.14: Simulated radar scenario located at the East coast of the Iberian Peninsula,
with an angular coverage of 23.9◦ and a maximum range of 12NM (from [Localiza Todo,
2014])

7.2.1 Validation in a simulated scenario

A hypothetical X-band radar similar to the IPIX system detailed in section 5.1.1 was
assumed to be located on the Spanish East coast, to generate a simulated radar scenario
(Figure 7.14). Taking into account its range coverage, a power clutter variation interval
(IPc ∈ [Pc,min, Pc,max] dBm) was de�ned. The simulation included two real trajectories
with di�erent manoeuvres, followed by a small Glass Reinforced Polystyrene (GRP) yacht,
whose RCS was estimated using the software tool Pofacets, developed by Naval Postgrad-
uate School [Jenn, 2014] for a grazing angle of 0.1◦, obtaining an estimated average RCS
of 17.868 dBsm (Figure 7.15). The radar scenario was simulated using correlated Gaus-
sian clutter with ρc = 0.9 plus AWGN (Additive White Gaussian Noise) and Swerling
I targets. An acquisition interval of 7,860 s (3,840 scans) was considered, and a desired
PFA = 10−6 was selected as detection requirement.

In Figure 7.16, the superimposition of the detector outputs and the estimated centroids
for the whole acquisition time are depicted for the OR-DP-CFAR and the MAX-DP-
CFAR using MLP-CFAR detectors. These �gures allow the visual estimation of the target
trajectories, and display all the false alarms detected through all scans. As we can see, the
number of false alarms generated by the OR-DP-CFAR detector was signi�cantly higher:
PFA = 1.341 ·10−5 for the OR-DP-CFAR, and PFA = 9.301 ·10−7 for the MAX-DP-CFAR
using MLP-CFAR detectors. Results con�rm that the proposed scheme based on the
selection of the maximum Doppler �lter bank output, and its comparison to a detection
threshold provided by the MLP-CFAR outperforms signi�cantly the performance of the
reference detector. The propose method can be extended to other detection schemes or
clutter environments.
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(a) 3D model (b) Estimated RCS

Figure 7.15: 3D model and estimated RCS of the considered target for an incidence angle
of 0.1◦

(a) OR-DP-CFAR detector (b) MAX-DP-CFAR using MLP-CFAR

Figure 7.16: Estimated centroids for the 3, 840 scans
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7.2.2 Validation with real data

In [del Rey-Maestre et al., 2015b], the DP-MAX detector based on a NN-based CFAR
was evaluated using real data acquired by the coherent X-band radar developed by the
CSIR (section 5.1.2). The Dataset06 − 065TTtFA was selected, which was composed
of two small targets with unknown Doppler shift. A statistical study of the real data
was carried out in order to design the considered detection scheme. Gaussian clutter
model with a one-lag correlation coe�cient of 0.5 was assumed for modelling the H0

hypothesis. Comparative study of the results obtained with the conventional OR-DP-
CFAR scheme and the MAX-DP-CFAR using the MLP-CFAR con�rmed that the latter
allowed the adaptation of the detection threshold according to clutter statistics variations
maintaining the desired PFA.

7.3 Statistical analysis of real bistatic radar clutter

One of the main objectives of this PhD Thesis is the statistical analysis of real radar data
acquired by the technological demonstrator developed by the research group coordinated
by Dr. María Pilar Jarabo Amores in the University of Alcalá [Jarabo-Amores et al.,
2016]. As starting point, preliminary studies of clutter characterization were carried out
using simulated and real data acquired by active radars operating in di�erent frequencies
and resolutions. In [Martín-de Nicolás et al., 2014], a statistical analysis of SAR sea clutter
for sea state classi�cation purposes and to design more e�cient ship detection techniques
was presented. Statistical distributions (Gamma, Weibull, K, Rayleigh, Log-Normal and
Generalized Gamma) and their parameters were used to distinguish between di�erent sea
states, and the study of the e�ect speckle noise has on the statistical distribution of sea
clutter was carried out, showcasing the necessity of a speckle �ltering stage to improve
the �nal classi�cation accuracies. SAR data acquired by TerraSAR-X (DLR, German
Space Agency) were analysed. Theses studies generated a strong base for the research
line devoted to PR technology.

In this section, results dealing with ground and sea clutter characterization in PBR
scenarios, presented in [del Rey-Maestre et al., 2017c, del Rey-Maestre et al., 2015a, del
Rey-Maestre et al., 2016] are summarized. Real data acquired by the DVB-T demon-
strator IDEPAR were used in the statistical analysis study. The output of the CAF was
the observation space, and intensity, amplitude, in-phase, in-quadrature components, and
complex samples (z̃) statistics were estimated. A semi-urban scenario composed of big
buildings, vegetation and parking areas located in the University of Alcalá Campus was
considered for ground clutter modelling (section 5.2.2.1). On the other hand, a coastal
scenario located in the North-west of the Spanish coast (Galicia) was selected for sea clut-
ter modelling, where sea and terrain clutter returns can be received by the PBR (section
5.2.2.2). The proposed theoretical distributions will be useful for the formulation of opti-
mum detectors based on the Neyman-Pearson criterion and for designing radar detectors
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capable of approximating it.

7.3.1 Ground clutter modelling

The characterization of ground clutter in PBR scenarios was the objective of [del Rey-
Maestre et al., 2017c], in order to provide a deeper knowledge about the impact of ground
clutter components on the detection of ground targets with low Doppler shifts. The
considered case study was described in section 5.2.2.1. The PBR was located at the
rooftop of the Superior Polytechnic School of the University of Alcalá. This scenario is
characterized by the presence of parking areas and big buildings that were expected to
generate strong radar returns close to the zero Doppler line of the CAF. The measurement
campaign was carried out controlling that there was not any moving target in the scenario
during system operation. As Doppler resolution is a function of the integration time, two
values (Tint = 250 ms and Tint = 500 ms) were considered for comparison purposes, which
provided Doppler resolutions equal to 4 Hz and 2 Hz, respectively.

PBR signal processing architectures usually include adaptive cancellers for clutter �l-
tering before CAF generation, and CFAR detectors (Figure 2.6), many of which assume
Gaussian interference models [Colone et al., 2009,Cao et al., 2010,Falcone et al., 2012,Go-
labi et al., 2013]. Solutions based on the Generalized Likelihood Ratio (GLR) [Bialkowski
et al., 2011, Zaimbashi et al., 2013, Liu et al., 2014, Sira et al., 2007] and the reciprocal
�lter [Glende, 2006] have also been considered. In this PhD Thesis, a di�erent approach
was proposed based on the following hypothesis:

• The CAF is based on the matched �lter implementation which maximises the SNR,
when AWGN is considered, and it is used by the vast majority of radars and commu-
nication systems [Ringer et al., 1999]. Although this implementation is not optimum
for detection when clutter is present, it is frequently used for several reasons [Trees,
2001]: It is simpler than the optimum receiver; clutter scattering function may be
unknown, and it can work almost as well as the optimum receiver in many situations.

• When the CAF is applied to reference and surveillance signals without any prepro-
cessing, the results are the Maximum Likelihood Estimation (MLEs) of the complex
amplitude, delay and Doppler shift of the desired targets, and the clutter [Stein,
1993].

In this research work, the CAF output was used as observation space for the detection
problem formulation. Because of that, the �rst objective was the characterization of
clutter contributions in the CAF domain. As example, in Figure 7.17, the view from the
PBR receiver location is presented together with the normalized squared-amplitude of the
CAF for one CPI, where the regions under study and the high power values associated
with the Big Buildings (BB) located in the radar scenario are marked. These regions
were selected following a subjective criterion based on mean level estimation and target
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(a) Scenario view from PBR location (b) De�nition of CAF subregions for the statistical

analysis of the detector input space under H0

Figure 7.17: Radar scenario (left) and RDM (normalized magnitude in dB) with the
de�ned study regions and BBs contributions maxima (right)

Doppler shifts (fd): region 1 is associated with areas far from the zero Doppler (fd ∈
[−799;−550]Hz and fd ∈ [550; 799]Hz for 1A and 1B, respectively), region 2 is related
to areas where aircrafts could be detected (fd ∈ (−550;−300]Hz and fd ∈ [300; 550)Hz

for 2A and 2B, respectively), region 3 corresponds to areas where terrestrial vehicles are
located (fd ∈ (−300;−40]Hz and fd ∈ [40; 300)Hz for 3A and 3B, respectively), and
region 4 is the area where highest clutter contributions are concentrated.

The clutter characterization was carried out analysing the ECDF estimations, good-
ness-of-�t tests results (KS-test2 and CM-test2) assuming a 5% of signi�cance level,
skewness and kurtosis values, and correlation properties. The theoretical distributions
described in Section 4.2 were considered. Results proved that a Gaussian clutter model
could be assumed for absolute Doppler shifts higher than 40Hz, and that the statistical
parameters were similar in regions i − A and i − B (i = {1, 2, 3}), and depended on
Tint. In region 4 all considered distributions were rejected, so an exhaustive analysis was
performed dividing the region into di�erent sub-regions.

The ACFs along range and Doppler dimensions were also estimated. For all regions
and considered Tint values, samples can be considered uncorrelated. For justifying this
conclusion, a speci�c methodology was proposed to evaluate the impact of peaks observed
along the estimated ACFs. The objective of this methodology was the measurement of
the impact of the detected peaks on detection performance using CA-CFAR detectors
designed for ρc = 0 and ρc equal to the observed peaks.

The statistical analysis carried out in [del Rey-Maestre et al., 2017c] con�rmed that
non-homogeneous characterization is required for Doppler areas centred in the zero Dop-
pler line when a semi-urban scenario is considered. The presence of big buildings with
metal structures and parking areas in the area of interest, together with the DPI and
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Table 7.3: Theoretical distributions that ful�l the goodness-of-�t tests for region 4; Tint =

250 ms and Tint = 500 ms

fd (Hz) Intensity Real part Intensity Real Part

Tint (ms) 250 250 500 500

[−15,−14) E N E N

[−14,−13)

[−13,−12)

[−12,−11)

[−11,−10)

2 − ΓMD 2 − GMD

[−10;−8)

2-ΓMD 2 − GMD

[−9;−8)

[−8;−7)
2-ΓMD 2 − GMD

[−7;−6)

2 − ΓMD 2 − GMD

[−6;−5)
2 − ΓMD 2 − GMD

[−5;−4)

[−4;−3)
2 − ΓMD 2 − GMD

[−3;−2)

2 − ΓMD 2 − GMD

[−2;−1)
2 − ΓMD 2 − GMD

[−1; 0)

[0; 1)
LN 4 − GMD

[1; 2)

LN 4 − MGD

2 − ΓMD 2 − GMD
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Figure 7.18: RDM intensity (normalized magnitude in dB) with the de�ned study regions

the ground clutter, generates strong radar returns whose maxima are concentrated along
the zero Doppler line. Mixture of Gammas (ΓMD) and Gaussians (GMD) distributions
were proposed to model the intensity and the in-phase and quadrature components, re-
spectively, of the region centred in the zero Doppler line (Table 7.3). On the other hand,
higher Doppler shifts were characterized by Gaussian clutter models.

7.3.2 Sea clutter modelling

In [del Rey-Maestre et al., 2015a], a statistical analysis of passive radar interference signals
in coastal scenarios was presented in order to provide theoretical distributions for bistatic
sea clutter modelling. The study was carried out analysing the databases acquired by
IDEPAR demonstrator during the measurement campaigns developed in the Military
Naval School of Marín (Pontevedra, Spain). In subsection 5.2.2.2, the main characteristics
of the radar scenario was detailed.

The statistical characterization was performed in the RDM domain, estimating the
ECDF of the intensity of the data, applying goodness-of-�t tests to assess the suitability
of several theoretical distributions, and calculating the one-lag correlation coe�cient.
In Figure 7.18, the normalized intensity (dB) of the RDM for the CPI 5 is depicted,
where the de�ned study regions are marked. Due to a coastal scenario is selected, some
terrain clutter can be captured by the receiver, providing high power values along range
dimension for the zero Doppler frequency as the DPI e�ect. Because of that, three regions
depending on the Doppler shift (fd) were considered: region 1 (fd ∈ [−799,−100) Hz),
region 2 (fd ∈ (100, 799] Hz) and region 3 (fd ∈ [−100, 100] Hz).

The results provided by the KS-test2 and CM-tests2 with a 5% of the signi�cance
level reveal that region 1 and 2 can be modelled using an Exponential distribution, so a
Gaussian clutter model can be assumed. However, none of the considered distributions �t
the region 3. These results are checked in Figure 7.19, where the empirical and Exponential
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(a) Region 1 (b) Region 2

(c) Region 3

Figure 7.19: ECDF and Exponential CDF for the intensity of the recorded data

CDFs are shown. For all cases, one-lag correlation coe�cients equal to 0.88 and 0 along
range and Doppler dimensions, respectively, were obtained in the autocorrelation study.

An exhaustive statistical analysis was carried out for the region 3, where fd = 0 Hz
presents high power values for range samples lower than approximately 544. This region
was split into two new areas: region 3-A (range bins from 1 to 544) and region 3-B (range
bins from 545 to 1, 000), as is shown in Figure 7.20. Regarding Region 3-A in the radar
scenario, the high power backscattering can be provided by the terrain clutter and the
�oating platforms on the sea with high radar cross section value. An individual statistical
characterization was performed for each Doppler row in both regions. In Table 7.4, the
theoretical distributions (Exponential, Weibull and Log-Normal) that ful�l the goodness-
of-�t tests for the intensity of representative Doppler shifts values are summarized. Results
show the variability of clutter models that �t real data depending on range and Doppler
dimension, being the Log-Normal, the Exponential and the Weibull distributions good
candidates for characterize the intensity of sea bistatic clutter.
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Figure 7.20: Radar scenario and RDM of the recorded data for the region 3

Table 7.4: Theoretical models that ful�l the goodness-of-�t tests for the intensity of the
recorded data in Region 3

Doppler
Region 3-A Region 3-B

shift (fd) Dist. Parameters Dist. Parameters

0 Hz LN b = −3.799, a = 1.661 W ρ = 2.458 · 10−3, a = 0.843

−12 Hz LN b = −9.132, a = 1.742 E λ = 17, 657

12 Hz LN b = −8.719, a = 1.909 W ρ = 6.06 · 10−5, a = 0.879

−20 Hz LN b = −9.606, a = 1.623 E λ = 22, 406

20 Hz LN b = −9.304, a = 1.538 E λ = 21, 838

−64 Hz E λ = 19, 963 E λ = 28, 683

64 Hz LN b = −10.209, a = 1.496 E λ = 32, 011
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7.4 New passive radar detectors based on statistical

and machine learning signal processing

In [del Rey-Maestre et al., 2017c], statistical and machine learning signal processing meth-
ods were combined as a step towards the automation of cognitive functionality in passive
radars. In cognitive radars, the feedback from the receiver to the transmitter is a facil-
itator of intelligence [Haykin, 2006]; in passive radars, this feedback is not possible, but
an intelligent algorithm capable of selecting the most suitable IoO among those available
in the radar scenario can be designed and implemented [Inggs, 2009]. In this context, the
radar scene analyser is the cognitive radar main element responsible of the characteriza-
tion of the radar scenario, providing environment and target statistical information to the
detection and tracking tasks [Güntürkün, 2010].

One of the objectives of this PhD thesis was to demonstrate the feasibility of the
design of PR detectors starting from the formulation of optimum NP ones and the char-
acterization of the statistical properties of radar returns, to design machine learning based
solutions, exploiting the concept of cognition in passive radars. Real data acquired by
IDEPAR demonstrator in the scenario detailed in section 5.2.2.1 was selected for detector
design and validation purposes. The proposed methodology consists in the implementa-
tion of a bank of LR detectors using the estimated likelihood functions, and the design
of a CFAR technique based on a NN for adaptively estimating the detection thresholds,
guaranteeing the desired PFA throughout the whole CAF domain.

7.4.1 LR detector formulation

For the formulation of the LR detector, the knowledge of the likelihood functions of
the complex observation vector is required. The ground clutter characterization carried
out in subsection 7.3.1 was used to model the likelihood function under H0. In that
section, the Gaussian clutter model was assumed for absolute Doppler shifts higher than
40Hz. However, a non-homogeneous characterization based on mixture of Gaussian and
Gamma distributions was required for modelling the area centred in the zero-Doppler line
(fd ∈ [−40, 40]Hz). In the case study, the complex observation vector was composed of a
single complex sample, z̃ = z̃, so the joint PDF of z̄ = [Re{z̃}, Im{z̃}]T = [z1, z2]T under
both hypotheses must be estimated (where T denotes the transpose operation).

• Gaussian areas of the RDM : The components I and Q are Gaussian distributed
and independent, so the likelihood function of the observation vector (f(z̄)) can be
expressed as the product of its marginals (7.1), where µ and σ are the parameters
of the Gaussian distribution. Under this assumption, the LR consists in comparing
|z̄|2 with a detection threshold selected according to PFA requirements [Trees, 2001],
as is expressed in equation (7.1). For obtaining f(z̄|H1), a Gaussian target model
with Gaussians I and Q components of zero mean and variance σ2

target was assumed.
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Table 7.5: Estimated PFA for CA-CFAR detectors with di�erent ρrange: regions 1-3,
desired PFA = 10−4

NCFARr ρrange = 0 ρrange = 0.2322

16 7.1612 · 10−5 8.705 · 10−5

32 8.684 · 10−5 9.613 · 10−5

64 8.937 · 10−5 9.549 · 10−5

100 9.402 · 10−5 9.719 · 10−5

f(z̄) =
1

2πσ2
· exp

(
−(z̄− µ)2

2σ2

)
→ |z̄|2

H1

≷
H0

ηlr(PFA) (7.1)

In these areas, the basic CA-CFAR detector is optimum due to input samples are
independent and identical distributed Exponential random variables. However, the
clutter one-lag correlation coe�cient and the structure of the ACF can decrease
the CA-CFAR detection capabilities. In the autocorrelation study carried out in
Section 7.3.1, ρrange = 0.2322 and peaks lower than 0.2 in the AFCs were obtained
for the case study. To evaluate their impact on the detection process, CA-CFAR
detectors were implemented for ρrange = 0 and ρrange = 0.2322, and applied to
the squared magnitude of the complex data, using NCFARr -length range reference
windows [Himonas and Barkat, 1990]. This simple methodology is based on the
hypothesis that if the estimated ρrange was relevant, the CA-CFAR designed for
ρrange = 0.2322 would present better performance than the CA-CFAR designed for
ρrange = 0. The estimated PFA was used as performance parameter. In Table 7.5
the estimated PFAs are very similar and close to the desired one (10−4), so we could
conclude that the impact of the correlation peaks on the detection performance was
negligible, and in regions i−A and i−B, i = 1, 2, 3, RDM samples could be assumed
to be uncorrelated along range.

• Non-Gaussian areas of the RDM : The I and Q components of the non-Gaussian
areas could be modelled using a mixture of Gaussian distributions. In this case,
the in-phase and quadrature components were orthogonal, but we could not as-
sume that they were independent, so the knowledge of the joint PDFs is required.
The Expectation-Maximization (EM) algorithm was used for estimating their joint
distributions as mixtures of 2-dimensional Gaussians [McLachlan and Peel, 2000].
The likelihood function of the observation vector for Ngauss mixture of Gaussians is
detailed in (7.2), where µ̄i and Ci are the mean vector and the covariance matrix
of the i − th component, respectively; |Ci| denotes the determinant of Ci, and ki
are the mixture coe�cients, (k1 + ...+ kNgauss = 1). Ngauss will be equal to 2 for all
subregions except for the zero Doppler, where Ngauss = 4 is required.
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f(z̄) =

Ngauss∑

i=1

ki

2π ·
√
|Ci|
· exp

(−(z̄− µ̄i)T ·C−1
i · (z̄− µ̄i)

2

)
(7.2)

For obtaining f(z̄|H1), a Gaussian target model with Gaussians I and Q components
of zero mean and variance σ2

target was assumed. To calculate the likelihood function
underH1, the target covariance matrix (Ctarget = σ2

target·I, being I the 2-dimensional
identity matrix) is added to the covariance matrices of the individual components
of the H0 mixture. The target variance σ2

target could be estimated as a function
of the SIR, and the total mean vector and covariance matrix of f(z̄|H0), which are
expressed as (7.3) and (7.4), respectively, where tr(Ctotal) denotes the trace of Ctotal.

SIR = 10 log10

(
2σ2

target

tr(Ctotal)

)
(7.3)

µ̄total =

Ngauss∑

i=1

ki · µ̄i

Ctotal =

Ngauss∑

i=1

ki

(
Ci + (µ̄i − µ̄total) · (µ̄i − µ̄total)T

) (7.4)

Finally, the LR detector for Ngauss mixture of Gaussians is expressed in (7.5).

Ngauss∑
i=1

ki exp

(
−(z̄−µ̄i)T ·(Ci+σ2targetI)

−1·(z̄−µ̄i)
2

)

2π·
√
|Ci+σ2

targetI)|

Ngauss∑
i=1

ki exp

(
−(z̄−µ̄i)T ·C−1

i
·(z̄−µ̄i)

2

)

2π·
√
|Ci|

H1

≷
H0

ηlr(PFA) (7.5)

To implement the bank of LR detectors, the SIRs associated with the σ2
target of each

region and subregion, denoted as SIRd, were estimated. These values correspond to
the minimum SIRd values for the di�erent areas that ful�l the detection requirements
(PD > 80%, and desired PFA = 10−4 for the case study). To obtain the minimum SIRd,
the following methodology was performed:

1. Vectors of 106 complex samples under H0 were generated with the parameters es-
timated for the Gaussian and mixture of Gaussian distributions selected in the
statistical analysis carried out in Section 7.3.1 for each region and sub-region.

2. For each region and sub-region, LR detectors were built for SIRd ranging from
10 dB to 40 dB in steps of 0.1 dB. Applying these detectors to the dataset generated
in step 1, detection thresholds for PFA = 10−4 were estimated for each LR using
Monte-Carlo simulations with an estimation error lower than 10%.
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3. Synthetic vectors of 1,000 samples under H1 for each region and sub-region were
generated. SIRs ranging from 10 dB to 40 dB in steps of 0.1 were considered.

4. The set of H1 vectors designed for each region was applied to the LR detectors
of that region designed for SIRs = SIRd varying from 10 dB to 40 dB in steps of
0.1 dB. PD was estimated by Monte-Carlo simulations using the detection thresholds
estimated in step 2.

The proposed bank of LR detectors was applied to a dataset of 30 seconds processing
with Tint = 250 ms (120 CPIs) acquired by the IDEPAR demonstrator in the semi-
urban scenario located at the University of Alcalá. This dataset is the same dataset
used in subsection 7.3.1 to carry out the clutter characterization. In Figure 7.21(c), the
output magnitude of the bank of LR detectors is compared to the output magnitude
of a square-law envelope detector (Figure 7.21(a)) and to the output of a zero Doppler
suppression technique based on an ECA �lter followed by a square-law envelope detector
(Figure 7.21(b)). Results prove the superior performance of the bank of LR detectors for
clutter rejection.

7.4.2 CFAR technique based on NN solution: MLP-CFAR

The complexity of expression (7.5), the variability of SIRd, ki, µ̄i, and Ci, i = 1, ..., N ,
along Doppler, and the computational cost associated with PFA estimations, motivate the
proposal of an alternative CFAR technique based on MLP solutions for estimating the
adaptive detection thresholds to be applied to the output of the bank of LR detectors. The
design methodology of the proposed solution is based on the MLP-CFAR designed and
implemented in [Mata-Moya et al., 2015], and summarized in Section 7.2, where a single
MLP with one hidden layer was capable to estimate the desired detection thresholds. In
Figure 7.22, the operating principle scheme is presented:

• A sliding range window of (R+Rguard+ 1) cells is shifted along each Doppler line of
the output of the bank of LR detectors. R reference cells are used for estimating the
detection threshold, and Rguard cells are considered for avoiding the contribution of
target components when a target is in the CUT. The guard cells will be discarded
for estimating the background and the adaptive threshold.

• The Doppler lines are processed sequentially.

• The R reference cells are applied to the MLP-CFAR composed of R inputs, one hid-
den layer withM neurons, and one output (MLP-CFAR R/M/1); in order to obtain
the threshold for the associated CUT. Finally, the detection matrix is obtained.

For training the MLP, independent synthetic data sets were generated for training,
cross-validation and testing. Each set was composed of R − length vectors generated
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(a) CAF and a square-law envelope detector (b) ECA �lter, CAF, and a square-law envelope

detector

(c) CAF and bank of LR detectors applied

Figure 7.21: Amplitude (dB) of the outputs generated by the considered detection schemes

Figure 7.22: Proposed MLP-CFAR scheme
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Figure 7.23: Detection thresholds estimated by MLPs with di�erent number of hidden
neurons for a desired PFA = 10−4

under H0 for each clutter region, with the parameters estimated in the statistical analysis
study (subsection 7.3.1). After a study of the scenario and targets dynamics, R = 64

and Rguard = 12 were selected. The training set was composed of 9,000 patterns, 750
patterns per clutter region (i − A, i = 1...3, and the 9 subregions de�ned in region 4
for Tint = 250ms). Validation and test sets had the same structure, with 250 and 106

patterns per clutter sub-region, respectively. The detection thresholds estimated using
Monte-Carlo simulations with an estimation error lower than 10% for the implemented
LR detectors bank, for a PFA = 10−4, were used as desired outputs. The Levenberg-
Marquardt optimization algorithm was applied for MLP training.

For designing the MLP solution, the de�nition of the number of neurons in the hidden
layer, M , is required. In Figure 7.23, the detection thresholds obtained by the MLPs
with M = {3, 4, 5, 7} for the Doppler regions de�ned in the clutter characterization study
are depicted for Tint=250ms and a desired PFA = 10−4. For the case study, M = 4

was selected, due to it provides the minimum estimated mean squared error between the
desired and the estimated thresholds.

To evaluate the detection performance of the proposed detector, the MLP-CFAR
64/4/1 was applied at the output of the bank of LR detectors associated with the RDM-set
of an acquisition in the semi-urban passive radar scenario. In Figure 7.24, the superim-
position of the detector outputs for the 120 CPIs of the acquisition under study for a
desired PFA = 10−4 are presented. The detection matrices obtained by a conventional
CA-CFAR applied to the output of the square-law envelope detector (7.24(a)), and to the
output of the square-law envelope detector when an ECA �lter was used for zero Doppler
suppression (7.24(b)) were also showed.

In Table 7.6, the PFA for the detectors under study was estimated by Monte-Carlo
simulations for the whole CAF and Region 4. In the whole CAF case, the detection
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(a) CAF & CA-CFAR (b) ECA �lter, CAF & CA-CFAR

(c) CAF & LR-bank & MLP-CFAR with M = 4,

trained with thresholds estimated for PFA = 10−4

Figure 7.24: Superposition of detectors outputs for an acquisition. Desired PFA = 10−4
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Table 7.6: Estimated PFA for detectors under study. Desired PFA = 10−4

Whole RDM estimated PFA Region 4 estimated PFA

CA-CFAR 3.23 · 10−4 3.2 · 10−3

ECA & CA-CFAR 2.62 · 10−4 1.31 · 10−3

LR-bank & MLP-CFAR 1.85 · 10−4 6.97 · 10−4

Estimation error 1.8 % 7.71 %

Table 7.7: Estimated PFAs for MLPs trained for di�erent PFAs. Desired PFA = 10−4

Training PFA Whole RDM estimated PFA Region 4 estimated PFA

10−4 1.85 · 10−4 6.97 · 10−4

7 · 10−5 1.84 · 10−4 6.96 · 10−4

5 · 10−5 1.56 · 10−4 6.042 · 10−4

10−5 1.01 · 10−4 4.45 · 10−4

schemes based on basic CA-CFAR techniques provide PFAs higher than the desired one,
while the value estimated for the LR-bank & MLP-CFAR case is closer to 10−4. In
Region 4, where the non-Gaussian models are concentrated, the LR-bank with a MLP-
CFAR clearly outperforms the CA-CFAR, but the estimated PFA is signi�cantly far from
the desired one. As is detailed in [Mata-Moya et al., 2015], this is the e�ect of the CFAR
losses, due to the use of a �nite set of R clutter samples. To reduce CFAR losses, a lower
training PFA value was estimated for determining the desired outputs (thresholds) to be
estimated by the MLP. In Table 7.7, the considered training PFA values and the estimated
PFAs for the whole RDM and Region 4 are summarized. Finally, the MLP trained for
a desired PFA = 10−5 was selected, and the superposition of this detector outputs for
an acquisition are shown in Figure 7.25, where an increase of the detection performance
could be observed.

Finally, the results generated by the tracking system described in [Jarabo-Amores
et al., 2016] are presented in Figure 7.26. The LR detectors bank and the MLP-CFAR
trained for PFA = 10−5 allowed the tracker to con�rm a total of 25 tracks (also con�rmed
by visual information about non-cooperative targets), whereas from the CA-CFAR output
and the ECA & CA-CFAR case, only 13 tracks were con�rmed. Considering the total
length of the 25 tracks as a reference (a total of 1, 031 points), detection performance
was characterized as the number of plots generated after the detection stage divided by
1, 031: 51% for the CA-CFAR, 59% for the ECA & CA-CFAR, and 79% for the bank of
LR detectors and the MLP-CFAR.

These results are expected to provide a deeper knowledge about the impact of ground
clutter components on the detection of low Doppler shift targets. The proposed detection
schemes is characterized by its simplicity due to the bank of LR detectors based on
Gaussians mixtures is quite easy to implement and adapt to potential clutter changes,
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Figure 7.25: Superposition of the outputs generated by the MLP-CFAR trained with
thresholds estimated for PFA = 10−5, applied to Figure 7.21(c)

and the MLP-CFAR can be easily retrained.
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(a) CAF & CA-CFAR (b) ECA �lter, CAF & CA-CFAR

(c) CAF & LR-bank & MLP-CFAR PFA = 10−5

Figure 7.26: Tracker outputs for the considered detection schemes
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Chapter 8

Array signal processing techniques: 3D

detection schemes

8.1 Introduction

The integration of target information provides an improvement of the PD that can be
of great interest for the detection of weak targets. As a starting point to the design
of detectors capable of integrating 3D target information, a MLP-based detector was
proposed in [del Rey-Maestre et al., 2015b] for a DVB-T passive radar with only one
antenna in the surveillance channel. This novel approach considered the integration of
target information along di�erent CPIs, where the target can be assumed as a static
object. In this paper, the detection of ground targets in a semi-urban scenario, such as
that described in subsection 5.2.2.1, using PBR systems exploiting DVB-T transmitters
was studied. In the case study, as the CPI was very small with respect to the speed
of the controlled vehicle, the position of the target was considered constant in three
CPIs. Under this assumption, the detection problem observation space was composed of
3D input vectors. To evaluate the detection capabilities of the MLP-based scheme for
approximating the NP detector, the LR detector was considered as reference, assuming
the detection of Swerling targets in presence of Gaussian interference in passive radar
scenarios and using real radar data acquired by IDEPAR. Results showed an improvement
in the detection capabilities due to the target information integration, and con�rmed the
capability of the NNs to approximate the NP detector in passive bistatic scenarios.

On the other hand, the upgraded version of IDEPAR includes an antenna array with
independent acquisition chains for the di�erent single radiating elements. The use of an
antenna array and the associated array digital signal processing techniques could provide
further bene�ts: generation of notches along directions of arrival of interferences such as
the DPI or other direct signals from interfering IoOs, estimation of the target azimuth,
and improvement of angular resolution and angular coverage. In this architecture, detec-
tors capable of integrating range, Doppler and azimuth information could be designed,

129
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and angular discrimination could be improved thanks to the use of direction of arrival
estimation algorithms. In the following sections, detection schemes operating in the 3D
domain, such as conventional ones based on CA-CFAR techniques (designed and evalu-
ated in [del Rey-Maestre et al., 2017d]) or NN solutions proposed in [del Rey-Maestre
et al., 2018b], are detailed, and their detection capabilities are evaluated.

8.2 Array processing

To generate multiple independent beams pointing to di�erent steering angles, digital
beamforming techniques can be applied using weight vectors if the narrowband constraint
expressed in (8.1) is veri�ed, being B the signal bandwidth, damax the maximum physical
distance between two elements in the array, and TBWP the Time-BandWidth Product
[Trees, 2013].

TBWP =
B · damax

c
< 1 (8.1)

Snapshots for array signal processing can be generated in the time domain (outputs
of the ADCs associated with each sensor), or in the frequency domain (outputs of the
CAF processing stage calculated for each sensor, which corresponds to a time-frequency
mapping whose resolutions depend on the signal bandwidth and the integration time). If
beamforming is applied in the transformed domain:

• We could take advantage of the integration gain and the range-Doppler mapping
of the targets and interferences present in the input signal [Moscardini and et al.,
2014]: targets will concentrate in the (range, Doppler) cells associated with their
position and speed, and interferences are expected to concentrate around the zero
Doppler line.

• A speci�c beam space could be generated for each range-Doppler (time-frequency)
cell. The CAF will separate targets according to range and Doppler, and in each
range-Doppler cell, each beam space will be only responsible of azimuth discrimina-
tion.

Figure 8.1 shows the receiving chains and the processing stages previous to the array
signal processing step. Independent reception stages are implemented for each antenna,
which provide the snapshot de�ned in the time domain: ss[n] = [s1[n], s2[n], ..., sN [n]]T ,
where T denotes the transpose vector, and N is the number of single radiating elements
in the array. In the processing stage, where the acquisition time is divided into CPIs of
duration Tint, an independent CAF must be calculated from each CPI and each si[n], i =

1, ..., N . In the CAF domain, the snapshots are obtained for each (range bin, Doppler bin)
pair, (m, p): ss[m, p] = [sCAF1[m, p], sCAF2[m, p], ..., sCAFN [m, p]]T .
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Figure 8.1: Signals throughout the processing chain previous to the array signal processing
stage

To use the frequency-domain snapshot model operating with CPIs, two requirements
must be ful�lled [Trees, 2013]. The �rst requirement is that the integration time must
be signi�cantly greater than the propagation time across the array

(
Tint >

damax
c

)
. The

second requirement is determined by the bandwidth of the input signals and the shape of
their temporal spectra. When the product B · Tint is large enough and the input signals
temporal spectra are almost �at, the frequency-domain snapshot model is usually applied.

Array signal processing allows the generation of multiple beams pointing to a set
of azimuth directions, Φ = {φsa,1, φsa,2, ..., φsa,Nφsa}, using appropriate weight vectors,
w[p, φsa,i]. If the array is located along y axis, with the XY plane parallel to the tangent
plane to the array location, and z axis normal to that plane, the steering vector (a[p, φsa,i])
of a signal impinging from a direction φsa,i is de�ned in (8.2), where fs is the sampling
frequency, fp is the carrier frequency, NCAF is the number of samples in a CPI, di
i = 1, ..., N is the distance of the i-th antenna element relative to the origin, and c is the
speed of light. The resulting signal after beamforming processing is expressed in (8.3),
where superscript H represents the Hermitian conjugate operation.

a[p, φsa,i] =




e
j 2π
c
·(fs p

NCAF
+fp)·d1sin(φsa,i)

e
j 2π
c
·(fs p

NCAF
+fp)·d2sin(φsa,i)

...

e
j 2π
c
·(fs p

NCAF
+fp)·dNsin(φsa,i)




(8.2)

y[m, p, φsa,i] = w[p, φsa,i]
H · ss[m, p] (8.3)

In this PhD Thesis, conventional data independent beamforming algorithms are con-
sidered. These techniques are usually based on the maximization of array directivity
or the minimization of the squared error between the beamformer output and the de-
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Figure 8.2: Proposed two-stage frequency-domain spatial �ltering scheme

sired radiation pattern at de�ned directions for side-lobes control [Trees, 2013,Krim and
Viberg, 1996,Veen and Buckley, 1988]. Both approaches are detailed in Section 4.1 in [del
Rey-Maestre et al., 2017d].

8.3 Proposed two-stage spatial �ltering for a PBR

To estimate target parameters in the 3D space (range, Doppler, azimuth), a two-stages
spatial �ltering approach based on target detection using multiple simultaneous beams
and on the estimation of the angle of arrival using DoA techniques was designed. In
Figure 8.2, the main functional blocks of the method proposed in [del Rey-Maestre et al.,
2017d] are depicted. The two stages are:

• The �rst stage implements a beamforming processing using orthogonal beams cal-
culated under SLL requirements. If orthogonal beams are used, a signal arriving
along the maximum radiation axis of a beam will have no output in any other
beam; and a signal that is not along the maximum radiation axis will appear in
the side lobes of the other beams [Trees, 2013]. The set of steering directions
ΦSLL = {φSLL,1, φSLL,2, ..., φSLL,NφSLL} was de�ned following an iterative process,
that starts with the broadside beam and continues de�ning the maximum radiation
axis of the side main beams along the nulls of the broadside beam. This process is
iterated until the azimuth sector de�ned by the single radiating element of the array
is covered. For each φSLL,i pointing direction and each Doppler shift, p, the optimiza-
tion problem formulated in [del Rey-Maestre et al., 2017d] must be solved to obtain
the weight vector wSLL(p, φSLL,i), generate the associated beam, and determine the
main radiation axis of the side main beams. The result is a three dimensional ma-
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trix called SCAF , with indexes m, p, and φSLL,i, which elements sCAF [m, p, φSLL,i]

are obtained with (8.4):

sCAF [m, p, φSLL,i] = wSLL(p, φSLL,i)
H · ss[m, p]; i = 1, · · · , NφSLL (8.4)

The CFAR detection is implemented as follows:

1. For each [m, p] pair, the Cell Under Test (CUT) was the cell sCAF [m, p, φSLL,i]

for the φSLL,i value where the maximum power of the echo was received.

2. A 3D reference window with dimensions RRxRDxNφSLL (range x Doppler x
steering angle), is generated using the neighbour cells around the CUT, and
excluding the guard cells de�ned along range and Doppler for all the steering
angles, to reduce the impact of extended targets in the threshold estimation.
This 3D reference window also excludes sCAF [m, p, φSLL,i], i = 1, ..., NφSLL .

The use of 3D reference windows instead of 2D or 1D improves interference statistics
estimation, reducing the CFAR losses [Skolnik, 2008]. The outputs of this stage are
the detected targets, and the estimation of their ranges and Doppler values.

• The second stage corresponds to a high resolution DoA estimation. A new set of
steering angles was de�ned, ΦDoA = {φDoA,1, φDoA,2, ..., φDoA,NφDoA}, with NφDoA >

NφSLL to increase azimuth estimation accuracy. For each DoA steering direction and
Doppler shift, p, the weight vector was calculated to maximize the directivity. A
DoA based on Minimum Variance Distortionless Response, MVDR, (Capon) algo-
rithm was considered [Trees, 2013]. For each (m, p) pairs where a target is declared,
the DoA estimation is carried out obtaining the beamformer output spectrum ex-
pressed in equation (8.5), where R̂ssss(m, p) is the instantaneous spatial covariance
matrix estimation for the snapshot ss(m, p).

Sm,p(φ) = wMD(p, φDoA)T · R̂ss,ss(m, p) ·wMD(p, φDoA)

R̂ss,ss(m, p) = ss · sHs
(8.5)

The estimated azimuth for the target detected at (m, p) delay and Doppler bins
corresponds to the φ value where the beamformer spectrum, Sm,p(φ), is maximum.

8.4 Experimentation and validation

The detection capabilities of the di�erent solutions proposed for improving the 3D target
detection and localization using a two-stage beamforming process are evaluated in the
real radar scenario located in the nearby area of the Polytechnic School of the University
of Alcalá (Spain), whose main characteristics are detailed in Section 5.2.2.1.
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(a) Single radiating element and CA-CFAR (b) 5-element array and proposed two-stage array

processing

Figure 8.3: CFAR detection performance using a single radiating element and the pro-
posed two-stage array processing applied to signals acquired by the designed array

In the di�erent measurement campaigns, where an array composed of 5 elements was
used, sets of 20 s length acquisitions were recorded assuming the following characteristics:

− The 58-th DVB-T channel was acquired: fp = 770 MHz, B = 8 MHz.

− Broadside direction: 356.51◦N. The antenna orientation was selected to ensure that
the maximum of the radiation pattern was pointed towards the area of interest in
order to enclose the roads under study.

− Tint = 250 ms, which provides 80 range-Doppler matrices or RDM.

− CAF size: 401 Doppler shifts (p = [−200, ..., 200] and fd ∈ [−799.744 Hz; 799.744

Hz]), and 1, 000 range bins (m = [1; ...; 1, 000]) corresponding to 9.45 km in the
pointing direction.

− For validation purposes, a controlled car with GPS device was running along Alcalá-
Meco road within the area of interest.

In the �rst stage, the PFA requirement was set to 10−5 to determine the adaptive CFAR
threshold. The results are presented as the superimposition of the detector outputs in the
80 CPIs, allowing the visual estimation of the target trajectories, and displaying all the
false alarms detected through all the acquisition time. In Figure 8.3, the superposition of
the detection matrices for only a single radiating element of the array and a �ve-element
array are depicted. In a visual inspection, a set of trajectories located in the Alcalá-
Meco road (marked with the green ellipse), and a second set associated with R2 highway
(marked with the red ellipse) are identi�ed. The number of detected targets and the
detections densities of the guessed trajectories are clearly higher for the array and the
detection stage array processing.
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Table 8.1: Detection performances evaluated for the controlled car

PD PFA

Single radiating element 0.04 1.332× 10−5

Array (wSLL) 0.61 3.837× 10−5

Array (wMD) 0.56 3.812× 10−5

Table 8.2: Number of detections with respect to the number of CPIs associated with the
considered trajectories

T1 T2 T3

Single radiating element 1/25 31/52 70/80

Array (wSLL) 15/25 45/52 80/80

Array (wMD) 14/25 43/52 80/80

For performing a more rigorous detection performance evaluation, PFA and PD values
were estimated using the methodology described in [Jarabo-Amores et al., 2016]. Three
trajectories were selected without loss of generality:

• Trajectory 1 (T1): a cooperative moving target provided with a GPS receiver,
running along Alcalá-Meco road, observed from 25th CPI to 49th CPI.

• Trajectory 2 (T2): a moving target in Alcalá-Meco road, observed from 28th CPI
to 79th CPI.

• Trajectory 3 (T3): a moving target in R2 highway, observed during the whole
acquisition interval (from 0th CPI to 79th CPI).

In Table 8.1the estimated PD and PFA for the trajectory associated with the coop-
erative target, T1, are summarized. In Table 8.2 the number of detections at plot level
for the three targets is presented. In both cases, results were provided for beamforming
weights calculated for controlling SLL, wSLL, and for beamforming weights calculated for
maximizing the directivity, wMD. In all cases, the PD and the ratio of detections per
target are higher for the weights calculated for controlling the SLL.

A higher PD and number of detections were expected for the controlled car (T1) and
T2, due their location. However, the high di�raction losses generated by the big building
made of aluminium located close to the receiver, decrease the SIR of the targets situated
in the Alcalá-Meco road. This e�ect can be observed in Table 8.3, where SIR values
were estimated using the methodology described in [Jarabo-Amores et al., 2016]. The
estimated SIR for targets T1 and T2 was signi�cantly lower than that estimated for
target T3, although T3 is further.
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Table 8.3: SIR study for the selected targets

T1 T2 T3

Single radiating element 5.9 dB 8.9 dB 13.2 dB

Array (wSLL) 9.7 dB 14.8 dB 17.2 dB

Array (wMD) 9.3 dB 14.1 dB 16.9 dB

Figure 8.4: DoA based on the beamformer output spectrum for targets T1, T2 and T3

In Figure 8.4, the estimated angles (DoA stage outputs) of all the detections for
the three considered trajectories in the acquisition interval are presented. To prove the
performance of the proposed two-stage spatial �ltering, the 3D target parameters space
was transformed to 2D Geographical coordinates to be depicted in the radar scenario.
The bistatic geometry and the knowledge of the radar scenario allow an easy coordinate
conversion:

• The range bin (Rb) associated with a target de�nes an ellipsoid whose focuses are the
transmission and the receiver. These ellipsoids are calculated estimating the pair
(RT , RR) that provides the bistatic delay (τbistatic, equation (8.6)) related to the
estimated Rb, (τbistatic = Rb

fs
, where fs is the sampling frequency). As an example,

the ellipsoids of Rb1 = 18 and Rb2 = 80 associated with real radar trajectories in
the considered scenario are depicted in Figure 8.5(a).

τbistatic =
RT ·RR

c
− L

c
(8.6)

• The target angular information obtained in the DoA stage determines the correct
position of the target. Taking into account the pointing direction, the target azimuth
angle from the true North (ϕ) can be obtained. Finally, the target position in 2D
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(a) Ellipsoids de�ned by the bistatic ranges Rb1

(blue) and Rb2 (yellow)

(b) Target position. Black cross: pair (Rb1, ϕ1).

Red cross: pair (Rb2, ϕ2)

Figure 8.5: Estimation of the target position in 2D Geographical coordinates

(a) T1 + GPS data (b) T2 (c) T3

Figure 8.6: 2D estimated trajectories and GPS data in the radar scenario

Geographical coordinates corresponds to the intersection point between ϕ and the
ellipsoid of the associated Rb. Figure 8.5(b) shows the target position (black and
red cross) related to the pairs (Rb1, ϕ1) and (Rb2, ϕ2), respectively.

When the trajectories are depicted in the radar scenario (Figure 8.6), the target move-
ment dynamics �ts well with expected target echoes generated by vehicles running along
the Alcalá-Meco road and R2 highway. GPS data are also represented validating the
results obtained with the array and the two-stage beamformer.

8.5 3D Neural Network solution in PBR array process-

ing for tra�c monitoring

In [del Rey-Maestre et al., 2018b], 3D NN detectors are proposed for improving the
detection performance of the two stages spatial �ltering technique proposed in [del Rey-
Maestre et al., 2017d] (Figure 8.2). As the approximation error depends also on the
NN architecture, MLPs and SONNs were considered to study their suitability for the
case study. A semi-urban scenario such that described in subsection 5.2.2.1 is selected
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Figure 8.7: Azimuth radiation pattern of the array with 5 Televes 4G NOVA antennas,
for 770MHz, interelement spacing equal to 315mm, and three steering directions: 0◦

(broadside), 15◦, and 30◦.

for evaluating the performance of the proposed detection schemes. In this section, design
and training methodologies and the validation results presented in [del Rey-Maestre et al.,
2018b] are summarized.

In this case, a �ve element ULA con�guration with inter-element spacing d = 315 mm
for the surveillance acquisition chain is used. The inter-element distance constraints
the range of steering angles without main lobe replicas or grating lobes. Equation (8.7)
provides the maximum steering angle φmax for avoiding the grating lobes for a given inter-
element spacing d [Krim and Viberg, 1996]. For d = 315 mm, beampatterns generated
for steering angles higher than 13.7◦ and lower than −13.7◦ will present grating lobes.
Although the radiation pattern of the antenna reduces the e�ect of grating lobes, they
can be seen in Figure 8.7 for steering angles bigger or equal to 15◦.

|φmax| 6
∣∣∣∣arcsin

(
c

fp · d
− 1

)∣∣∣∣ (8.7)

The considered array composed of �ve elements ful�ls the requirements to implement
the frequency-domain snapshot model: TBWP = 0.03361 < 1, and the product B·CPI =

2 · 106 is enough large. Taking into account the proposed two-stage frequency-domain
spatial �ltering scheme depicted in Figure 8.2, the two-stage methodology is designed as
follows:

• First stage: Uniform weighting is applied to generate a beam-space de�ned by
ΦD = [−12◦,−8◦, −4◦, 0◦, 4◦, 8◦, 12◦], being NφD = 7. Figure 8.8 depicts the radia-
tion patterns associated with the considered steering angles, showing a �at response
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Figure 8.8: Azimuth plane radiation patterns of the array: multiple simultaneous beams
steered at ΦD for the detection stage (a zoomed area is depicted in the right)

between each beam directions ensuring a maximum loss at the middle of two con-
secutive main beams of 0.4 dB. Attending to the 3-dB beamwidth of the extrema
steering angles (φD,1 = −12◦ and φD,NφD = 12◦), the instrumental azimuth coverage
of IDEPAR in the case study is 36◦ (Φcoverage ∈ [−18◦, 18◦] remarked in Figure 8.8).
The size of ΦD is directly related to the number of pulses, T , with target information
in the input vector, sCAF , associated with the same (m, p)-cell of the CAF, and the
correlation or dependence between the target or clutter samples. Reference detec-
tors and solutions based on NN are designed for obtaining the detection matrices
and the (m, p) cells related to the detected targets.

• Target DoA Stage: Uniform weighting is used to allow more accuracy into the
coverage azimuth area constrained by the previous stage (ΦDoA is composed of 361

steering angles equispaced between −18◦ and 18◦).

In the experiment, two sets of 20 seconds acquisitions were recorded for designing and
assessment of the proposed detection schemes. Both datasets were pre-processing using
the zero Doppler interference suppression technique based on ECA �ltering:

• Data-set 1 contains only interference samples of the semi-urban scenario and is
used to train neural detectors and estimate the corresponding thresholds.

• Data-set 2 includes real target trajectories and is used to evaluate and compare
the detector performance of reference and proposed solutions.

To evaluate the detection capabilities of the proposed NN solutions, reference detectors
based on a maximum selection in the spatial �ltering space are considered. In [Bournaka
and et al., 2016,del Rey-Maestre et al., 2017d], an incoherent detector based on a maxi-
mum selection in the spatial �ltering space followed by a CA-CFAR technique is imple-
mented in the �rst stage of the array processing. For each (m, p) pair of the SCAF matrix,
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Figure 8.9: Detection scheme of the reference detector based on non-coherent single pulse
integration (MAX)

the beamformer that provides the maximum output power is considered as the CUT; and
its surrounding cells in the 2-dimensional ( [Bournaka and et al., 2016]) or 3-dimensional
( [del Rey-Maestre et al., 2017d]) area are used as the reference ones to estimate the
adaptive threshold. Taking into account the detection stage implemented in [Bournaka
and et al., 2016,del Rey-Maestre et al., 2017d], two di�erent con�gurations are considered
as reference. As NP detector is a �xed threshold solution, a �xed threshold attending
to false alarm requirements for each proposed detection scheme is estimated, instead of
adaptive threshold techniques, using Monte-Carlo simulations and the Data-set 1.

Taking into account the proposed two-stage frequency-domain spatial �ltering scheme
depicted in Figure 8.2 and its main characteristics detailed so far, the proposed detection
schemes for the �rst stage are the following:

1. Reference detector based on non-coherent single pulse integration (Fig-
ure 8.9): a square-law envelope detector is applied to each sCAF [m, p, φD,i] element
of the SCAF matrix, and the outputs are combined by maximum selection before
performing the �xed threshold ηmax (equation (8.8)).

yout = max (| sCAF (m, p, φD,i) |2) ; i = 1, ..., NφD

yout
H1

≷
H0

ηmax(PFA)

(8.8)

2. Reference detector based on non-coherent or post-detection pulse inte-

gration (Figure 8.10): the array processing and beamforming techniques imple-
mented in the �rst stage cause that T steering angles can illuminate a target. In
order to improve the SIR and the detection capabilities of the �rst reference solu-
tion, the integration of the T pulses related to the target information is considered.
In this case, the integration of the target information is carried out applying a slid-
ing window of size T at the output of the square-law envelope detector over the
number of pulses NφD associated with the beam-space (NφD = 7 for the case study).
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Figure 8.10: Detection scheme of the reference detector based on non-coherent pulse
integration (

∑ | · |2)

Finally, the outputs are combined using the non-linear maximum operation, and
compared to a �xed threshold ηpi_max (equation (8.9)).

yout = max
(
yP_j(m, p)

)
; j = 0, ..., (NφD − T )

yP_j =
T+j−1∑
i=j

| sCAF [m, p, φD,i+1] |2

yout
H1

≷
H0

ηpi_max(PFA)

(8.9)

3. Neural network based detectors: in the previous reference solutions, non-
coherent pulse integration method is considered to increase the SIR. However, the
use of the square-law envelope detector before pulse integration provides phase in-
formation losses. To improve the detection performance, NN based detectors are
used as a coherent solutions that are able to integrate the phase and amplitude
target information acquired by di�erent array beam patterns due to the azimuth
resolution of the main beamwidth of the �ve-elements array. MLPs and SONNs
architectures were designed and evaluated.

As real arithmetic was used, each complex observation vector (yin,i ∈ CT , being
i = 0, ..., NφD − T , and T 6 NφD the number of pulses where the target can be
present due to azimuth resolution associated with the beamwidth of the array), was
transformed into a real one, yin,i ∈ R2T with i = 0, ..., NφD − T , expressed as the
column vector (8.10), composed of the real, <e{}, and the imaginary, =m{}, parts,
so an input layer of 2T nodes was required. For each input, the NN solution provide
one output, yout,i with i = 0, ..., NφD − T .
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yin = [yin,1,yin,2, ...,yin,NφD−T ]

yin,i = [<e{sCAF (m, p, φD,1+i)}; ...;<e{sCAF (m, p, φD,T+i)};
=m{sCAF (m, p, φD,1+i)}; ...; =m{sCAF (m, p, φD,T+i)}]

i = 0, ..., NφD − T

(8.10)

For designing the NN solutions, statistical targets and interference models in a
passive radar scenario must be proposed to generate the training and validation
sets. Taking into account the capability of the NNs to estimate the likelihood
functions under both hypothesis, real data acquired by IDEPAR PBR in target
absence conditions are considered in the training process to model H0 hypothesis
(Data-set 1 ). However, as there are not enough target echoes to estimate statistical
parameters, a complex Gaussian target model with unknown one-lag correlation
coe�cient (ρs) based on the proposed by Peter Swerling [Swerling, 1960] is assumed
to generate patterns underH1. The target presents zero mean and covariance matrix
(Ms)h,k = ps · ρ|h−k|

2

s , where h, k ∈ {1, 2, ..., T} are the row and column indexes,
respectively, and ps is the target power [di Vito and Naldi, 1999,Eaves and Reedy,
1987].

Therefore, the NNs are designed to detect Gaussian targets with unknown ρs in semi-
urban DVB-T PR scenario. Taking into account the number of steering angles, NφD ,
considered in the detection stage, T = 3 is assumed as the number of steering angles
that can illuminate a point target. Then, the output of the detection stage for the
(m, p)-cell of the CAF is obtained applying a sliding window of size T = 3 over
the number of pulses NφD associated with the beam-space of the detection stage
(ΦD), combining yout using the maximum function, and, �nally, applying the �xed
threshold estimated according to PFA requirements ((8.11)).

youtm = max
(
yout,1,yout,2, ...,yout,NφD−T

)

youtm
H1

≷
H0

ηNN(PFA)
(8.11)

In the training process, the Data-set 1 is considered to generate the training and
validation sets:

• Training and validation-set 1 : interference patterns under H0 conditions.

• Training and validation-set 2 : interference plus target under H1 conditions. In
this case, target echoes modelled as complex Gaussian samples with ρs values
uniformly distributed in the variation interval (ρs ∈ [0, 1]) are added to the real
clutter samples. To generate target samples, design SIR values of [0, 5, 10]dB
(de�ned as SIR(dB)= ps/E[|yH0

in |2] where yH0
in are input vectors under H0) are

considered.
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Table 8.4: Detection performance of MLP-based detectors with M hidden neurons. De-
sired PFAd = 10−5

Estimated PD M = 8 M = 13 M = 18 M = 23

SIR = 0 dB 56.53% 64.80% 66.32% 64.66%

SIR = 5 dB 84.71% 85.27% 75.61% 79.90%

SIR = 10 dB 89.33% 93.62% 90.36% 91.92%

In all proposed solutions, the training and validation sets will be composed of 750

and 250 patterns, respectively. MLPs and SONNs are trained for minimizing the
mean-squared error with momentum and adaptive learning rate. The initial value of
the learning rate will be set to 0.05 and, in each epoch, if the new error exceeds the
old one by more than a prede�ned value (typically 1.04), the new weights and bias
will be discarded, and the learning rate will be decreased (typically by multiplying
by 0.7). If the new error it is less than the old one, the learning rate will be increased
(typically by multiplying by 1.05). The momentum constant will be set to 0.9. To
avoid over�tting due to training set size and the variable number of hidden neurons,
cross validation is used in order to improve the generalization capabilities. The
design of MLP based solutions requires the de�nition of the number of neurons in
the hidden layer,M . The number of hidden units (M = [8, 13, 18, 23]) is determined
from a try and error process based on training di�erent MLPs 2T/M/1 and selecting
a compromise solution between computational cost and detection performance.

To evaluate the architecture of the neural detectors and select the MLP con�gura-
tion, 200, 000 synthetic patterns under H1 are generated following the same strategy
used to generate the training and validation-set 2. To calculate the PD of each NN
solution, the �xed threshold (ηmlp(PFA) and ηsonn(PFA)) associated with the desired
PFAd = 10−5 for each M is estimated using the Data-set 1. In Table 8.4, PDs pro-
vided by MLPs 2T/M/1 trained with SIR = [0, 5, 10] dB are detailed. Regardless
the training SIR, a detection improvement is observed for M = 13 hidden neu-
rons whose PD is similar to MLPs with M > 13 hidden neurons controlling the
architecture complexity.

As SIR = 5 dB corresponds to a PD close to 80%, this value is used to train
the neural detectors (SIRtrain = 5 dB). In Table 8.5, the robustness of the MLP
6/13/1 and the SONN 6/27/1 against simulation SIR value (SIRsim) is tested. Re-
sults con�rm that SONN detector provides better detection capabilities for complex
Gaussian targets with ρs ∈ [0, 1] that MLP solutions independently of the simulation
SIR.

The designed neural detectors and the reference ones are applied to Data-set 2 to
assess the suitability of the 3D detection stage in a real radar scenario. In Figures 8.11
and 8.12, the superimposition of the detection matrices for the proposed detection schemes
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Table 8.5: Comparison of detection performances provided by MLP and SONN based
solutions. Desired PFAd = 10−5

Estimated PD
MLP 6/13/1 SONN 6/27/1

SIRtrain = 5 dB SIRtrain = 5 dB

SIRsim = 0 dB 59.33% 70.52%

SIRsim = 5 dB 85.27% 89.16%

SIRsim = 10 dB 92.92% 97.41%

are depicted. Attending to a visual inspection, a group of detections corresponding to
ground targets moving across the Alcalá-Meco road and the R2 highway could be clearly
identi�ed, showing similar detection capabilities for the cases under study. A group of
detections concentrated along the zero Doppler line of the detection map is observed due
to a semi-urban scenario is selected. Taking into account their range bins (Rb), these
detection plots can be associated with the buildings and the countryside located around
the PBR. In Figure 8.13, the ellipsoids related to Rb1 = [4, 8] and Rb2 = [29, 33] are
shown, where two big buildings with metal structure are identi�ed in the radar scenario
as the strong sources that provide these detections. In [Gómez-del Hoyo et al., 2017], the
study of the reference multipath phenomenon generated by buildings located in the same
radar scenario was carried out. Depending on the scenario geometry, and on the buildings
positions, ghost targets echoes generated by the reference signal could be appear in the
RDM and, therefore, in the detection matrices.

The (m, p) coordinates in the CAF domain of each declared target are supplied to the
second array signal processing stage to estimate their azimuths. The resulting 3D target
parameter space is the input of the 3D tracker. The tracker system used in this work is
a modi�ed version of the 2D tracker design for the IDEPAR passive radar demonstrator
described in [Jarabo-Amores et al., 2016], which working performances were proved for
ground target tra�c monitoring. In this case, the new azimuth dimension was included
with the use of a 3D Kalman �lter. The detection stage is critical in the global performance
because a detection loss lead to incomplete trajectories that can get worse the tracking
one.

In Figure 8.14, the 3D tracker performance, in range-Doppler and range-azimuth di-
mensions, based on the 3D-parameter space inputs provided by the proposed solutions
are shown. The 3D tracker declares 9 trajectories (denoted as Ti for i = 1...9) for

∑ | · |2,
MLP 6/13/1 and SONN 6/27/1 detection schemes; but 8 trajectories for MAX solution.
In this study, several targets can be associated with the same target track due to the
range, Doppler and azimuth system resolution and the high tra�c density of the radar
scenario. This fact complicates the track con�rmation stage of the 3D tracker: the target
movement provided by the combination of vehicles di�ers of those expected by the tracker
in the single target case.

In order to provide a more rigorous detection performance evaluation, quantitative
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(a) MAX detector (b)
∑ | · |2 detector

(c) MLP 6/13/1 detector (d) SONN 6/27/1 detector

Figure 8.11: Superposition of the detection matrices provided by the considered detectors
in the detection stage of the array processing
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(a) MAX detector (b)
∑ | · |2 detector

(c) MLP 6/13/1 detector (d) SONN 6/27/1 detector

Figure 8.12: Zoomed area of the superposition of detection matrices provided by the
considered detectors in the detection stage of the array processing
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Figure 8.13: Location of the big buildings considered as strong sources in the radar
scenario and their associated ellipsoids

Table 8.6: Ground-truths parameters of each declared trajectory

T1 T2 T3 T4 T5 T6 T7 T8 T9

CPI
First 8 11 21 40 43 42 38 58 18

Last 51 40 79 68 77 76 79 78 78

Range
First 15 13 85 9 72 46 21 80 8

bin Last 22 9 71 14 64 38 11 77 18

Doppler shift
First -68 72 88 -56 88 88 92 60 -56

(Hz) Last -60 56 88 -80 88 88 76 60 -88

results based on the estimation of the PFA and the PD at the output of the detection
and tracking stages are obtained. To evaluate the detection stage, a similar methodology
detailed in [Jarabo-Amores et al., 2016] is used: common ground-truths were generated
for each declared target (Ti, i = 1...9) combining the target information provided by the
3D tracker output for each detection scheme, due the GPS information is not available in
the measurement campaign. On the other hand, PFA is estimated in the CAF areas where
no targets are expected, using Monte-Carlo simulations with an estimation error lower
than 10%. In Table 8.6, the details of the range bin, Doppler shift and CPI parameters
of the nine ground-truths are summarized. To evaluate the 3D tracker performance, the
PD is de�ned as the number of provided detections with respect to expected one in each
trajectory.

In Table 8.7, the estimated PFA and the detection and tracking performances of each
detection scheme are summarized. Results show that all detection schemes ful�l the PFA
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(a) MAX detector (b)
∑ | · |2 detector

(c) MLP 6/13/1 detector (d) SONN 6/27/1 detector

Figure 8.14: 3D tracker performance of the considered detection schemes in the detection
stage of the array processing
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Table 8.7: Estimated PFA and PD for the considered detection schemes. Desired PFAd =

10−5

MAX
∑ | · |2 MLP 6/13/1 SONN 6/27/1

PFA 6.815 · 10−6 1.909 · 10−5 6.442 · 10−6 6.675 · 10−6

PD 0.719 0.747 0.764 0.742
detection stage

PD 0.598 0.624 0.705 0.683
tracking stage

Figure 8.15: Target trajectories in the azimuth coverage using the MLP 6/13/1 in the
detection stage of the array processing

requirements. Attending to PD results, the NN-based solutions present similar detection
capabilities with respect to reference ones at the output of the detection stage, increasing
approximately 5% the PD with respect to reference detector based on single pulse inte-
gration. However, the NN detectors provides higher PD at the output of the 3D tracking
stage with respect to reference ones, allowing the tracker to de�ne larger trajectories and
proving their suitability for the detection stage of the two-stage beamforming technique.

Only the 3D trajectories detected by the MLP-based scheme are transformed to 2D
Geographical coordinates because this solution presents higher PD than the SONN one.
In Figure 8.15, the declared trajectories by the 3D-tracker are depicted in the radar
scenario. Results show that the target movement dynamics �ts well with the re�ections
of the vehicles in the roads present in the surveillance area: two trajectories in the R2
highway (T3 and T8) and �ve in the Alcalá-Meco road (T1, T2, T4, T7 and T9). T5 and T6

corresponds to multipath trajectories caused by the big buildings depicted in Figure 8.13.
Finally, the map projections of the valid trajectories are detailed in Figure 8.16.
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(a) T1 (b) T2 (c) T3

(d) T4 (e) T7 (f) T8

(g) T9

Figure 8.16: 2D map projections of the �nal 3D trajectories
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These results con�rm that machine learning solutions, in combination with the two-
stages beamformer philosophy and the 3-D tracker, are suitable for PBRs in applications
related to terrestrial targets detection and monitoring, outperforming the results provided
by the reference detectors at the output of the tracking stage.
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Chapter 9

Conclusions and Future research lines

9.1 Conclusions

This PhD Thesis is the result of an intense research activity focussed on the detection
problem formulation in radar scenarios, the statistical characterization of radar clutter,
and the proposal of improved detection schemes for approximating the Neyman-Pearson
detector in complex scenarios characterized by non-homogeneous clutter and challenging
targets from the point of view of associated radar cross section and dynamics.

The research work was carried out in the research group coordinated by Dr. María Pi-
lar Jarabo Amores, under projects IDEPAR (Improved DEtection techniques for PAssive

Radars) and MASTERSAT (MultichAnnel paSsive radar receiver exploiting TERrestrial

and SATellite Illuminators), funded by the Spanish Ministry of Economy and Competi-
tiveness; APIS (On Array Passive ISAR Adaptive Processing) and MAPIS (Multichannel

passive ISAR imaging for military applications) funded by the European Defence Agency
(EDA), and the research contract INTEGRA (Research on Advanced Technologies for

radar data extraction and processing in maritime surveillance tasks) funded by AMPER
Sistemas S.A.

The present document is a summary of the most relevant contributions published in
di�erent journals and international conferences, whose objective is to provide a research
context for the compendium of contributions that acts as guarantors of the quality of the
research activity, and the associated results.

The main objective of this PhD Thesis was the design of robust radar detectors in
passive radar scenarios, characterized by stationary IoOs and PR receivers, so Doppler
shift is associated with target movement with respect to the IoO and the PR receiver. Two
main cases study were considered: detection of ground targets in semi-urban scenarios (in
presence of buildings, parking areas, and street furniture), and coastal scenarios where
the impact of the coast, with a variable sea bottom depth, and the presence of threes,
buildings, cli�s, etc. in small bays complicated the detection of small boats.

In parallel to the speci�c PR research objectives, clutter characterization and improved

155
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detection techniques in active radars were also studied, in a related research line that
generated a solid basis and motivated di�erent approaches used as basis for PR systems.

In the following sections, conclusions associated with the di�erent objectives of this
PhD Thesis are summarized. These objectives are repeated here for convenience:

• Statistical characterization of real clutter data to allow the formulation of the NP
detector and sub-optimum approaches for approximating it, the design of NN based
detectors and CFAR techniques, and the generation of monostatic and bistatic syn-
thetic data for training and testing the proposed detection solutions.

• Formulation of composite hypothesis test and de�nition of ALR and CGLR detectors

to improve detection robustness where clutter or targets parameters are unknown.

• Design of NN detectors for approximating the NP one, which provide similar de-
tection capabilities than those associated with approximations based on the GLR
(reducing signi�cantly the computational cost), and robustness against clutter vari-
ations.

• Design of new CFAR detectors based on NNs that are not subject to any statistical
constraint and does not need a priori knowledge of the clutter model.

• Design of array signal processing techniques to provide angular discrimination and

improve the performance of PR systems. 3-D detectors capable of exploiting the
information generated by the designed array processing techniques (range-Doppler-
azimuth) are proposed and evaluated in real passive radar scenarios.

9.1.1 Regarding to statistical characterization of radar clutter

In this PhD Thesis, the study of the statistical properties of clutter and its dependences on
the environment and system geometry was carried out. A general statistical analysis tool
was built to determine the most suitable clutter model among a representative selection of
models proposed in the literature. Statistical techniques based on the EPDF and ECDF
estimations, the use of goodness-of-�t tests such as the Kolmogorov-Smirnov and the
Cramér-von-Mises ones, the analysis of the skewness and kurtosis parameters, and the
estimation of the autocorrelation function were implemented.

These techniques were applied to simulated and real data acquired by active radars
characterized by di�erent operating frequencies and resolutions, and by an operating PBR
demonstrator based on DVB-T signals:

• Databases of monostatic sea clutter available in the international research radar
community were analysed, which were acquired by high resolution monostatic X-
band radars operating under di�erent weather conditions. The statistical analysis
proved the suitability of the Gaussian clutter model to characterize sea clutter re-
turns with local wind conditions lower than or equal to Beaufort number of 2, or
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acquired by high resolution radars with grazing angles higher than 10◦. An exhaus-
tive analysis of the available data allowed the identi�cation of di�erent types of
clutter:

� Gaussian distributed clutter samples, that were used for the design and valida-
tion of di�erent detection schemes based on Doppler �ltering techniques, NN
based detectors (MLP, RBFNN and SONN) and NN based CFAR techniques.

� Non-Gaussian clutter data that were used for the design of robust detectors
and classi�ers.

Maritime SAR images acquired by TerraSAR-X were key elements for the design
of e�cient ship detection techniques and the extraction of ship parameters ful�lling
EMSA requirements. The statistical analysis allowed the de�nition of discriminant
features for the design of sea state classi�ers.

• Databases of UHF bistatic clutter acquired by the technological demonstrator IDE-
PAR in semi-urban and coastal scenarios. Measurement campaigns were designed
to build these databases to provide a deeper knowledge about the impact of ground
and sea clutter components on the detection of targets with low Doppler shift.

Results derived of this objective are a really valuable novel contribution, taking into
consideration the lack of bistatic clutter studies at UHF frequencies (di�erent from
typical radar ones).

Another important contribution of this PhD Thesis is the proposal of the statistical
characterization of the CAF output, considered as the observation space for the de-
�nition of detectors to approximate the Neyman-Pearson one. This new approach
opened the possibility of applying statistical and arti�cial intelligence signal pro-
cessing techniques to improve detection performance in passive radars, exploiting
the integration gain provided by the CAF and its operation as ML estimator of the
complex amplitude, delay and Doppler shift of the desired targets and the clutter.

Following the proposed approach, an exhaustive statistical analysis was performed
throughout all the CAF space, without applying any pre-processing stage that could
alter clutter statistics. For ground and sea clutter modelling, the results proved
that a Gaussian clutter model could be assumed for absolute Doppler shifts higher
than 40Hz, justifying the suitability of conventional detection solutions used in
radar literature for airplanes and big and medium ships detection. However, a
non-homogeneous characterization was required for the region centred in the zero-
Doppler:

� Mixtures of Gammas and mixtures of Gaussians were proposed to characterize
the intensity and the real (imaginary) parts, respectively, of ground clutter.
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This information allowed the improvement of detection performance for ground
vehicles and small ships/boats with low Doppler shift.

� Log-Normal, Exponential and Weibull distributions were selected as good can-
didates to model the intensity of bistatic sea clutter.

The deployment of the PR demonstrator in di�erent scenarios allowed the identi�ca-
tion of other interference sources that turned out to be more usual than expected:

• Interferent FM emissions were detected in frequency channels assigned to DVB-T
services. DVB-T frequency allocation is di�erent in di�erent regions of a country,
and free DVB-T channels are used by illegal FM transmitters. This is an important
problem in multichannel PRs that acquire a higher bandwidth, that usually present
frequency gaps due to the dispersion of DVB-T channels.

• Associated with the previous point, a study of the impact of frequency gaps in
resolution and detection performance was studied. In this line, the impact of a
channel breakdown was also analysed.

9.1.2 Regarding to the formulation of composite hypothesis tests

In this PhD Thesis, the Average Likelihood Ratio (ALR) and sub-optimum approaches
based on the Generalized Likelihood Ratio (GLR) were de�ned and implemented for ap-
proximating the NP detector. These solutions were implemented, validated and proposed
as solutions. On the other hand, they were selected as reference ones for evaluating the
detection capabilities and the computational cost of the proposed detectors based on
arti�cial intelligence techniques:

• Sub-optimum approaches based on the CGLR detector were formulated and imple-
mented for detecting targets with unknown parameters (Doppler shift or one-lag
correlation coe�cient) in presence of coloured Gaussian interference. CGLR com-
posed of K = 2P �lters, being P the number of target echoes, was selected as the
best solution for approximating the ALR.

• Conventional radar schemes based on Doppler �ltering where improved proposing
an alternative solution based on the CGLR. More speci�cally, the reference solution
composed of a Doppler �lter bank, independent CA-CFAR detectors at the output
of each �lter branch, and an OR-logical operation to combine the detections, was
outperformed by a new Doppler processor scheme based the combination of the
Doppler �lter bank outputs to select the maximum value.

• The most relevant contribution is the proposal of a bank of LR detectors designed for
the non-Gaussian regions of the CAF. This solution was designed for the detection
of ground targets in the semi-urban DVB-T passive radar scenario considered in
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this PhD Thesis. The bank of LR detectors based on Gaussians mixtures is quite
easy to implement and adapt to potential clutter changes, proving the feasibility
of these solutions for the implementation of operative systems. Results proved an
impressive superior performance of the bank of LR detectors with respect to clutter
rejection preserving target contributions.

9.1.3 Regarding to the design of NN based detectors for approx-

imating the NP one

Solutions based on NNs were designed and evaluated in order to implement better ap-
proximations to the ALR for the detection of targets with unknown Doppler shift or one-
lag correlation coe�cient, in correlated Gaussian clutter. MLPs, RBFNNs and SONNs
were considered to study the suitability of the neural architecture for approximating the
CGLR2P with a signi�cantly lower computational cost, and outperforming the conven-
tional solutions.

The design strategy was based on the generation of training sets composed of patterns
under H1 assuming a uniform variation of the target unknown parameter. Synthetic
data sets generated under H0 and H1 hypotheses were used for evaluating the detection
performance of the proposed solutions, con�rming that the NN solutions are capable of
implementing a good approximation to the CGLR2P with a considerably lower computa-
tional cost.

The NN detection capabilities were also evaluated in simulated and real scenarios,
and were compared to conventional solutions based on Doppler �lters and CA-CFAR
techniques, whose outputs were combined using an OR-logic function. The simulated
scenario was generated assuming a similar coherent X-band radar developed by CSIR
used to acquire the real radar database analysed in this research work. An in�atable
boat and a container ship with unknown Doppler shifts were characterized and simulated.
Results obtained in the real and the simulated scenarios con�rmed that the SONN based
detector is the best solution among those considered for the detection of targets with
unknown Doppler shift in Gaussian interference, according to detection performance (PD
and PFA) and computational cost.

9.1.4 Regarding to the design of CFAR techniques based on NN

solutions

The solutions included in sections 9.1.2 and 9.1.3 required speci�c CFAR techniques for
guaranteeing the PFA. The complexity of the outputs generated by the sub-optimum
approaches based on the CGLR, the bank of LRs and the NN detectors required a further
study.

A design methodology of CFAR techniques based on NNs was proposed with the design
requirements of not to impose any kind of statistical constraints to the input space, or
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require knowledge about the clutter distribution. The proposed CFAR was based on a
simple MLP and was used for estimating the adaptive detection threshold in di�erent
detection schemes:

• As a �rst approach, the MLP-CFAR was designed for the detection of Gaussian tar-
gets with unknown Doppler shift in presence of Gaussian interference with clutter
power variation. The Doppler processor scheme based on the combination of the
Doppler �lter bank outputs to select the maximum value was considered. Under
this assumption, the CA-CFAR was not the optimum solution and signi�cantly de-
tection losses were obtained. The detection performance of the detection scheme
including the MLP-CFAR was evaluated in simulated and real scenarios. Data
acquired by a coherent, pulsed X-band radar (developed by CSIR and located in
South Africa), operating with di�erent range resolutions and polarizations was used.
Results showed that the proposed scheme based on the selection of the maximum
Doppler �lter bank output, and its comparison to a detection threshold provided by
the MLP-CFAR outperformed signi�cantly the performance of the reference detec-
tor, ful�lling the PFA design requirements.

• The MLP-CFAR detector was designed for the bank of LR detectors designed for the
detection of ground targets with low Doppler shift in semi-urban scenarios, using
passive radars. This solution outperformed a basic one based on the square-law
envelope detector at the output of the CAF, followed by CA-CFAR techniques, and
the most extended conventional solution that includes an adaptive canceller (an
ECA �lter) before the CAF.

In order to reduce the CFAR losses provided by the use of a �nite set of clutter samples
in the estimation process, a solution based on the modi�cation of the objective PFA was
proposed, which was able to approximate the PD values of the reference detection schemes,
ful�lling the PFA design requirements.

9.1.5 Regarding to the design of array signal processing tech-

niques and the proposal of 3-D detection schemes

Upgraded versions of the basic demonstrator included antenna arrays with independent
acquisition chains for the di�erent single radiating elements, allowing the design of digital
array signal processing techniques. Taking into consideration the requirement of using
COTS components in the demonstrator to the largest possible extent, commercial anten-
nas were selected as array elements for the surveillance channel.

In this PhD Thesis, beamforming algorithms were applied in the frequency domain to
take advantage of the SIR improvement, and the sparsity of targets information in the
CAF domain, using a modi�ed version of previous two-stage spatial �ltering techniques
proposed in radar literature. These techniques allowed the estimation of target azimuth,
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Doppler and range, and improved the target localization accuracy to make tra�c moni-
toring easier.

NULA and ULA con�gurations were considered, and 3D detection schemes based
on CFAR techniques and NN solutions were proposed and evaluated. To validate the
capabilities of the considered solution for monitoring ground targets, the semi-urban radar
scenario, with the PBR located at the rooftop of the Superior Polytechnic School of the
University of Alcalá, was selected as case study.

• In a �rst approach, a set of orthogonal beams were generated with weights calculated
for guaranteeing a SLL lower than a speci�c value. A 3D CFAR detector was applied
in the �rst step; and weight vectors calculated to maximize the directivity in the
second stage. Performance improvement associated with the use of NULA instead of
ULA, and the combination of weighting techniques to control SLL and maximizing
directivity, instead of uniform conventional beamforming, was proved by simulation.

The CFAR detector operates in the �rst stage using a windowing technique that
de�nes CUTs related to maxima in the beam-space, and 3D reference windows that
exclude a set of guard cells to reduce the impact of potential targets present in the
CUT, to estimate the adaptive threshold. The use of 3D windows improves the
interference statistic estimation, reducing the CFAR losses. Results obtained with
real data validate the proposed array architecture, and the two-stage array signal
processing in 3D terrestrial tra�c monitoring.

• In a second approach, arti�cial intelligence radar detectors capable of approximating
the optimum Neyman-Pearson one were proposed to be integrated in the detection
stage of the two-step array processing. These solutions were applied to signals
acquired by a uniform linear array to provide range, azimuth, and Doppler target
information. MLPs and SONNs were considered to study the suitability for the case
study, which were trained using real bistatic clutter data and synthetic Gaussian
targets with unknown Doppler shift and one-lag correlation coe�cient. Conventional
solutions based on non-coherent integration techniques were used as reference. To
evaluate the array processing schemes, a 3D tracker was designed to declare 3D
target manoeuvres and monitor tra�c in the acquisition interval. Results show
that NN-based two-stage scheme allows a better 3D tracker performance than the
conventional solutions. The translation of the 3D points of the trajectories to 2D
map coordinates con�rm the suitability of the proposed solution based on DVB-T
PRS to detect and track terrestrial targets.
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9.2 Future research lines

Future research lines derived from this PhD Thesis, some of then have been started and
had generated promissing preliminary results, are the following:

1. Study of the optimum CFAR detector for passive radars exploiting array

signal processing techniques

In this PhD Thesis, CFAR detectors operating with 3D reference windows de�ned
in a range, Doppler and azimuth space were designed for estimating the detection
threshold to be applied in the �rst step of the proposed two-stage array processing
scheme. Conventional CA-CFAR techniques were considered, which are optimal
under the assumption of independent and identically distributed samples with Ex-
ponential probability density function. However, CA-CFAR performance degrades
and does not guarantee the required PFA when the assumption of homogeneous
Gaussian reference window is violated.

A statistical analysis will be carried out for characterizing statistically the beam-
former outputs, to assess the suitability of the Gaussian clutter model, and to esti-
mate the one-lag correlation coe�cient between consecutive azimuth beams. This
characterization of the 3D beamformer space will be useful for designing the opti-
mum 3D CFAR detector to improve the detection performance of PBR exploiting
array signal processing techniques.

As alternative, NN based detectors were designed to improve detection performance,
based on the integration of the 3D information provided by the array signal process-
ing architecture. The knowledge and experience acquired during the development
of this PhD Thesis will be of great value for facing the design of CFAR techniques
for this type of detectors.

2. Proposal of radar detectors based on the VI-CFAR technique to improve

the detection algorithms in presence of non-homogeneous, non-Gaussian

clutter

Conventional VI-CFAR detectors are designed under Gaussian clutter conditions.
However, surface clutter acquired by high resolution radars and/or at low grazing
angles becomes correlated (long tail appears in the PDF) and can be modelled by
non-Gaussian models. In this case, conventional solutions are not optimal, and a
degradation in the detection capabilities is observed.

Following the design strategy of the VI-CFAR detectors, where the adaptive thresh-
old is estimated switching to CA, SO or GO-CFAR depending on the outcomes of
the Variability Index (VI) and the Mean Ratio (MR) hypothesis tests, a new design
strategy will be proposed for the detection of targets under non-Gaussian conditions.
In this case, the distributions used for modelling the clutter is characterized by two
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statistical parameters, so a new selection rule based on VI and MR parameters must
be designed.

3. Study of passive radar systems where the IoO and/or the PBR receiver

are not stationary

This research line has been started in the MASTERSAT project, where satellite IoOs
are analysed. GPS and EO-SAR systems are installed in satellites following medium
and low orbits, respectively, which are characterized by a movement relative to the
Earth surface. This new geometry requires the study of clutter (ground and sea in
the considered cases study) contributions, that will not be concentrated in the zero
Doppler line of the CAF. In a �rst step, PR scenarios simulator developed in the
research group has been updated to allow the simulation of the e�ects derived from
the movement of the IoO. Receiving chains are being redesigned for the acquisition
of GPS data, in a �rst stage, in order to design measuring campaigns and generate
new real databases for clutter modelling.

Targets dynamics will be studied and combined with the results of clutter statistical
analysis for formulating the detection problem and de�ning the starting point of a
research process parallel to that used in this PhD Thesis to provide novel solutions
that allow the exploitation of satellite IoOs and all their advantages, overcoming
the complex associated challenges.

The next step will be the study of PR geometries, where the PR receiver are installed
in a moving platform, an open problem of great interest in security and defence
applications.

4. Study of compressive sensing techniques for the design of new acquisition

and processing schemes in PR applications

Compressive sensing (CS) is an emerging area based on the integration of data
acquisition and compression in a single step. In the �eld of sensor array processing,
CS can be applied to reduce the sampling rate of the Analog-to-Digital Converters
of the sensors of the array or to reduce the number of single radiating elements.

CS is also promising for the design of multichannel DVB-T systems taking into
consideration the frequency sparse DVB-T signals that are expected in a PR scenario
due to DVB-T channel's allocation.

5. Improvement of the array calibration algorithms in passive radar appli-

cations

This is a complex task due to the lack of control over the IoO. One of the main
advantages of PR systems is their easy deployment, that makes them promising
candidates for moving systems. In these cases, versatile and robust array calibration
techniques are of great relevance for exploiting PR features in di�erent geometries
and using di�erent types of IoOs.
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6. Proposal of cognitive radars exploiting IoOs

Nowadays, there is a general trend toward cognitive radars, which are characterized
by three main properties [Haykin, 2006]) intelligent signal processing, which builds
on learning through interactions of the radar with the surrounding environment; 2)
feedback from the receiver to the transmitter, which is a facilitator of intelligence;
and 3) preservation of the information content of radar returns, which is realized by
the Bayesian approach to target detection through tracking.

In passive radars, the feedback from the receiver to the transmitter is not possi-
ble, but an intelligent algorithm capable of selecting the most suitable IoO among
those available in the radar scenario can be designed and implemented. Under this
assumption, we will explore and analyse signal processing techniques that allow
the autonomous operation of the radar from the interaction with the environment
and its adaptation to the environment changes in order to maintain its detection
capabilities.
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Glosary

ACCA: Automatic Censored Cell Averaging

ADC: Analog-to-Digital Converter

AF: Ambiguity Function

AI : Arti�cial Intelligence

ALR: Average Likelihood Ratio

AoI: Area of Interest

AWGN: Additive White Gaussian Noise

BB: Big Building

BRCS: Bistatic Radar Cross Section

CA-CFAR: Cell Averaging Constant False Alarm Rate

CAF: Cross Ambiguity Function

CDF: Cumulative Distribution Function

CEMEDEM: Centro de Medidas Electromagnéticas de la Armada

CFAR: Constant False Alarm Rate

CGLR: Constrained Generalized Likelihood Ratio

CM-test: Cramér-von-Mises test

CNR: Clutter-to-Noise Ratio

COFDM: Coded Orthogonal Frequency Division Multiplexing

COTS: Commercial O�-The-Shelf

CPI: Coherent Processing Interval

CS: Compressive Sensing

CSIR: Council for Scienti�c and Industrial Research

CUT: Cell Under Test

CW: Continuous Wave
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DAB: Digital Audio Broadcasting

DOA: Direction of Arrival

DPI: Direct Path Interference

DRM: Digital Radio Mondiale

DVB: Digital Video Broadcasting

DVB-T: Digital Video Broadcasting- Terrestrial

ECA: Extensive CAncellation

ECDF: Empirical Cumulative Distribution Function

EM: Expectation Maximization

EPDF: Empirical Probability Density Function

ERP: Equivalent Radiated Power

FB: Front-to-Back

FFT: Fast Fourier Transform

FPGA: Field-Programmable Gate Array

FSR: Forward Scattering Radar

GI: Guard Interval

GLL: Grating-Lobe Level

GLR: Generalized Likelihood Ratio

GO-CFAR: Greatest Of Constant False Alarm Rate

GPS: Global Positioning System

GPU: Graphics Processor Unit
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a b s t r a c t

Artificial intelligence techniques were applied for detecting small moving targets in maritime clutter environ-
ments. Neural detectors are considered to approximate the Neyman–Pearson (NP) in composite hypothesis
testing problems. Sub-optimum approaches based on the Constrained Generalized Likelihood Ratio (CGLR)
were analysed, and compared to conventional implementations based on Doppler filtering that are designed
to filter clutter and improve the Signal-to-Interference Ratio, and Constant False Alarm Rate techniques. The
CGLR performance was significantly better at the expense of a high computational cost. As a solution, neural
network training sets were designed for approximating the NP detector. The detection of small boats in Gaussian
clutter was the defined case study in order to assume the design hypothesis of the conventional solutions and to
study their performance under their most favourable conditions. Detection schemes were evaluated using real
radar data. Neural solutions based on Second Order Neural Networks provide the best results, being able to
approximate the CGLR with a significantly low computational cost compatible with real-time operations.
© 2017 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Small moving targets, such as inflatable boats, detection is nowadays
quite an important issue in tasks related to sea traffic control, fishery
management and ship search and rescue. A traditional security system
is based on active radar sensors used for surveillance and monitoring
tasks. In Fig. 1, the general structure of a scanning radar is presented.
The radar detection problem can be formulated as a binary hypothesis
test, where the detector has to decide between target absence (null
hypothesis, 𝐻0) and target presence (alternative hypothesis, 𝐻1). The
most extended detector criterion in radar applications is the Neyman–
Pearson (NP) detector, which maximizes the Probability of Detection,
𝑃𝐷, maintaining the Probability of False Alarm, 𝑃𝐹𝐴, lower than or equal
to a given value (Neyman and Pearson, 1933; Trees, 1968).

If �̃� is the observation vector generated at the output of the syn-
chronous detector and 𝑓 (̃𝐳|𝐻0) and 𝑓 (̃𝐳|𝐻1) are the detection problem
likelihood functions, a possible implementation of the NP detector con-
sists in comparing the Likelihood Ratio (LR), 𝛬(̃𝐳), to a threshold selected
according to 𝑃𝐹𝐴 requirements, 𝜂𝑙𝑟 (Trees, 1968), and deciding in favour
of 𝐻1 when the LR output is higher than the selected threshold, and in
favour of 𝐻0 when the LR output is lower than the selected threshold

* Corresponding author.
E-mail addresses: nerea.rey@uah.es (N. del-Rey-Maestre), david.mata@uah.es (D. Mata-Moya), mpilar.jarabo@uah.es (M.-P. Jarabo-Amores), pedrojose.gomez@uah.es

(P.-J. Gomez-del-Hoyo), joseluis.barcena@uah.es (J.-L. Barcena-Humanes).

(1). This approach requires a complete statistical characterization of
the observation vector under both hypotheses, and significant detection
losses are expected when the true likelihood functions are different from
those assumed in the LR detector design (Aloisio et al., 1994; di Vito
and Naldi, 1999). In practice, clutter and target statistics are variable.
Although clutter parameters can be estimated from radar measurements,
target ones are really difficult to estimate.

𝛬(̃𝐳) =
𝑓 (̃𝐳|𝐻1)
𝑓 (̃𝐳|𝐻0)

𝐻1
≷
𝐻0

𝜂𝑙𝑟(𝑃𝐹𝐴) (1)

When target parameters are unknown and can be modelled as ran-
dom variables, the detection problem must be formulated as a composite
hypothesis test. The decision rule consisting in comparing the Average
Likelihood Ratio (ALR) to a detection threshold fixed according to 𝑃𝐹𝐴
requirements, is an implementation of the NP detector (Trees, 1968).
The ALR can be formulated for the considered case study, characterized
by targets whose Doppler shift, 𝛺𝑠, is a random variable, in function of
the probability density function 𝑓 (𝛺𝑠). This is a problem of interest,
specially when weak moving targets with low radial speed must be
detected in presence of clutter. If the probability density functions of

https://doi.org/10.1016/j.engappai.2017.10.005
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Fig. 1. General architecture of a coherent radar receiver. Radar matrix generated after
an antenna scan.

Fig. 2. General architecture of a practical coherent radar detector.

the random parameters are unknown, the optimum test expressed in
Eq. (2) is formulated assuming that they are uniform in the variation
interval (Aref and Nayebi, 1994).

𝛬(̃𝐳) =
∫ 𝑓 (̃𝐳|𝐻1, 𝛺𝑠)𝑓 (𝛺𝑠)𝑑𝛺𝑠

𝑓 (̃𝐳|𝐻0)

=
1
2𝜋 ∫ 2𝜋

0 𝑓 (̃𝐳|𝐻1, 𝛺𝑠)𝑑𝛺𝑠

𝑓 (̃𝐳|𝐻0)

𝐻1
≷
𝐻0

𝜂𝑎𝑙𝑟(𝑃𝐹𝐴) (2)

The ALR formulation usually leads to integrals without analytic
solution, then suboptimal approaches are proposed: numerical approx-
imations of the ALR, or the Generalized Likelihood Ratio (GLR), which
uses the maximum likelihood estimation of the parameters governing
the likelihood functions in a LR, as if they were correct (Trees, 1968;
Carretero-Moya et al., 2011; Sangston et al., 2012).

Practical radar detectors are based on Doppler Processors, DPs,
(cancelers, bank of filters) which exploit the Doppler effect to filter
clutter and improve the Signal-to-Interference Ratio, (SIR). The basic
scheme of a practical coherent radar is presented in Fig. 2. Again, due
to the complex dynamics of the targets, their Doppler shift is usually
modelled as a uniform random variable in [0, 2𝜋), and, because of that,
the basic DP is based on a uniformly distributed filter bank. Assuming
that most of the clutter has been rejected, incoherent CFAR techniques
are applied to estimate clutter residuals plus thermal noise statistics, and
adapt the detection threshold for maintaining the desired 𝑃𝐹𝐴 (Skolnik,
2008; Curtis, 1999; Mata-Moya et al., 2015). This type of solutions
assumes that clutter plus interference can be modelled as Gaussian
processes, and filters are designed for maximizing the Moving Target
Indicator, MTI, improvement factor (the ratio between the SIR measured
at the filter output, and the SIR measured at the filter input) (Skolnik,
2008; Eaves and Reedy, 1987). Nowadays, this approach is still applied
in different clutter conditions, and the Gaussian model is the basis of
many research works (Shui and Shi, 2012; Xu et al., 2011; Cheikh and
Soltani, 2011; Pascal et al., 2008).

In this paper, we prove that the criteria that guide these traditional
designs based on anti-clutter filter banks are different from the NP one,
giving rise to solutions with significantly lower detection performance.

As an alternative, this paper tackles the design of Neural Network
(NN) based detectors for approximating the NP detector in composite
hypothesis tests, controlling the computational cost. Learning machines
trained in a supervised manner using a suitable error function have been
proved to be able to approximate the NP detector (Jarabo-Amores et
al., 2009, 2013). Neural networks (Whiteson and Whiteson, 2009; Mata-
Moya et al., 2011) and Support Vector Machines (SVM) (Davenport et
al., 2010) have been applied to approximate the NP detector. In Mata-
Moya et al. (2009) committees of Neural Networks (NNs) were designed
for detecting Gaussian targets with unknown correlation coefficient
in Additive White Gaussian Noise (AWGN). In the present work, this
study was extended, and different types of NNs were designed for
detecting small boats in low-state sea clutter. Fluctuating targets with
unknown Doppler shift uniformly distributed in [0, 2𝜋) were considered
for designing the case study. The low SIR expected due to strong clutter
returns, together with the wide range of possible target speeds (from 7
knots associated with a small wooden boat to 60 knots associate with a
motorboat) are the main challenges to be overcome. As the proposed
NN training process is designed to be able of approximating the NP
detector, the NN-based solutions results can be extended for any type
of radar scenario.

Real data acquired by a coherent, pulsed and X-Band radar de-
ployed on Signal Hill by Council for Scientific and Industrial Research
(CSIR) (Herselman et al., 2008) were considered. The real amplitude
data of clutter returns fit with a Rayleigh distribution associated with
the light breeze conditions during the measurements campaign. The
considered detectors (constrained-GLR, CGLR, conventional detectors
based on DPs and neural solutions) were designed under this assumption
and evaluated with simulated data estimating false alarm and detection
rates. Finally detection capabilities were presented with the real dataset.
NN-based detectors, designed for approximating the NP detector, pro-
vided detection performances similar to the CGLR ones, overcoming the
conventional schemes, with computational costs that can be compatible
with real time operations.

2. Radar system and signals models

Without loss of generality, according to the objectives of proving the
suboptimum character of practical implementations and the capability
of NN to approximate the ALR, clutter is modelled as a Gaussian
process. This is motivated also by the fact that the scheme of Fig. 2 was
designed under this assumption, with a basic objective of maximizing
the Signal-to-Interference Ratio (SIR) (Skolnik, 2008). This approach
is still applied in different clutter conditions being the Gaussian model
the basis of many research works (Shui and Shi, 2012; Xu et al., 2011;
Cheikh and Soltani, 2011).

In the considered case study, a marine radar was applied for
maritime traffic control and surveillance. In marine environments, the
Gaussian clutter model fits with real data acquired by low resolution
or high resolution with low sea state (Skolnik, 2008). A hypothetical
radar similar to the X-band radar deployed on Signal Hill by Council for
Scientific and Industrial Research (CSIR) was considered (Herselman et
al., 2008). In CSIR website (2014), there is measurement trials available
to the international radar research community.

Signal Hill location provided 140◦ azimuth coverage of which a
large sector spanned open sea whilst the remainder looked towards
the West Coast coastline from the direction of the open sea. Grazing
angles ranging from 10◦ at the coastline to 0.3◦ at the radar instrumented
range of 37.28NM(Nautical Miles) were obtained. The Pulse Repetition
Frequency (PRF) was 2 kHz and the range resolution is 15 m. A
collaborative 4.2 m inflatable rubber boat, that can be considered as
a point target, was used during some measurements (Fig. 3).

Datasets were recorded with different local wind conditions. The
average wind speed varied between 0 knots and 40 knots and the
significant wave height ranged between 1 m and 4.5 m. For sea state
below or equal to two (related to waves height) or a Beaufort number
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Fig. 3. Small boat deployed during the Signal Hill measurement trial (CSIR website,
2014).

below or equal to two (related to wind speed), the Rayleigh distribution
can be used for modelling sea clutter amplitude, so the Gaussian model
is suitable for the in-phase and in-quadrature components (Laroussi and
Barkat, 2006). In Section 7, the suitability of the Gaussian model for sea
clutter with light breeze is confirmed.

Usually, for the formulation of the detection problem, observation
vectors are assumed to be composed of clutter plus thermal noise under
hypothesis 𝐻0, and clutter-plus-thermal noise-plus-target echoes under
hypothesis 𝐻1. Without loss of generality, observation vectors composed
of 𝑃 = 8 pulses (̃𝐳𝑇 = [𝑧1,… , 𝑧𝑃 ] ∈ C𝑃 ) were considered. This
approach ignores the fact that, although clutter and thermal noise are
always present in a marine radar, due to the shifting of the observation
window along the azimuth dimension of the radar matrix generated at
the output of the synchronous detector (Fig. 2), observation vectors can
contain more or less target echo contributions. Once the detector has
been designed, sliding windows are applied to simulated or real radar
matrices, in order to test their effects on the detection performance of
the designed schemes.

In this section, the first signal model, which ignores the sliding
window effect in the observation vector, was considered, assuming
Gaussian interference and target statistical models. In Sections 6 and
7, a simulated radar scenario, generating synthetic radar matrices, and
a real radar one are described, respectively, to apply sliding windows.

2.1. Target model

In radar literature, the most extended target models are based on
the ones proposed by Peter Swerling (Swerling, 1960). Swerling I
and II are particular cases of complex Gaussian targets. Expression (3)
represents the elements of the covariance matrix of a vector of 𝑃 samples
of a complex Gaussian target with Gaussian Auto Correlation Function
(ACF): ℎ and 𝑘 are the row and column indexes, respectively, 𝑝𝑠 is the
target power, 𝜌𝑠 is the one-lag correlation coefficient, and 𝛺𝑠 is the
Doppler shift normalized with respect to the PRF (di Vito and Naldi,
1999; Eaves and Reedy, 1987).

(𝚺�̃̃�𝐬)ℎ,𝑘 = 𝑝𝑠 ⋅ 𝜌
|ℎ−𝑘|2
𝑠 ⋅ exp(𝑗(ℎ − 𝑘)𝛺𝑠) ℎ, 𝑘 ∈ {1, 2,…, 𝑃 } (3)

𝜌𝑠 and 𝛺𝑠 are defined in (4) where 𝜎𝑠, 𝑣𝑅 and 𝜆 are, respectively, the
standard deviation of the target Gaussian spectrum, the target radial
velocity with respect to the radar system, and the wavelength.

𝜌𝑠 = exp
(

−2𝜋2
( 𝜎𝑠
𝑃𝑅𝐹

)2
)

; 𝛺𝑠 =
4𝜋𝑣𝑅
𝜆𝑃𝑅𝐹

(4)

In the present work, the Swerling I model (𝜌𝑠 = 1) was used to model
vessel echoes acquired by marine radars (Yamaguchi and Suganuma,
2010).

2.2. Clutter model

The power of sea clutter echoes is characterized by the Radar Cross
Section, RCS. The RCS can be defined as a (fictional) area that intercepts
a part of the power incident at the target which, if scattered uniformly
in all directions, produces an echo power at the radar equal to that
produced at the radar by the real object (Skolnik, 2002); it is measured
in square metres. RCS of sea clutter depends on factors such as the
frequency, the grazing angle, the polarization and the sea state, and was
modelled as a Gaussian random variable, and the covariance matrix of
the interference composed of clutter plus Additive White Gaussian Noise
(AWGN), which is defined as:

(𝚺𝐢𝐢)ℎ,𝑘 = 𝑝𝑐 ⋅ 𝜌
|ℎ−𝑘|2
𝑐 + 𝑝𝑛𝛿ℎ𝑘 (ℎ, 𝑘 ∈ {1, 2,… , 𝑃 }) (5)

where 𝑝𝑛 is the noise power, 𝛿ℎ𝑘 is the Kronecker delta, and 𝑝𝑐 and 𝜌𝑐 are,
respectively, the clutter power and the one-lag correlation coefficient.
The relationships between 𝑝𝑐 , 𝑝𝑛 and 𝑝𝑠 can be described as:

∙ The Clutter-to-Noise Ratio: 𝐶𝑁𝑅 = 10log10(𝑝𝑐∕𝑝𝑛)
∙ The Signal-to-Interference Ratio: 𝑆𝐼𝑅 = 10log10(𝑝𝑠∕(𝑝𝑛 + 𝑝𝑐 ))

3. Reference detectors

In this section, the detection schemes used as references are pre-
sented. They are divided into implementations or approximations to the
NP detectors, which maximize the 𝑃𝐷 for a given 𝑃𝐹𝐴 at the expense
of high computational cost, and conventional and practical detectors,
which can use anti-clutter filter banks to improve SIR but presenting
detection losses with respect to NP ones.

The conventional detectors are designed assuming Gaussian interfer-
ence due to most of the clutter has been rejected (Skolnik, 2002). The NP
solutions depend on the likelihood functions under both hypothesis. In
this paper, Gaussian clutter is also considered for NP schemes design to
encourage the comparative analysis and taking into consideration that
real sea clutter data can fit this model in function of the radar scenario
conditions described in Section 7.

1. Neyman–Pearson detectors and approximations: ALR and CGLR
based detectors.

2. Conventional detectors: Moving Target Indicator (MTI) filter
bank followed by Constant False Alarm Rate (CFAR) detection.

3.1. ALR and GLR based detectors

If 𝛺𝑠 is known, the LR detector for the simple hypothesis test can be
expressed as in (6), where �̃� is the observation vector, �̃�𝑇 denotes the
transposed vector, and �̃�∗ denotes the complex conjugate one.

det(𝚺𝐢𝐢) exp
(

�̃�𝑇 [𝚺−1
�̃̃�𝐢

− (𝚺𝐢𝐢 + 𝚺�̃̃�𝐬)−1 ]̃𝐳∗
)

det(𝚺𝐢𝐢 + 𝚺�̃̃�𝐬)

𝐻1
≷
𝐻0

𝜂𝑙𝑟(𝑃𝐹𝐴) (6)

In the problem of detecting targets with unknown Doppler shift, 𝛺𝑠
can be modelled as a random variable varying uniformly in [0, 2𝜋) (Aref
and Nayebi, 1994). The ALR can be formulated as:

1
2𝜋 ∫

2𝜋

0

det(𝚺𝐢𝐢) exp
(

�̃�𝑇𝐌�̃�∗
)

det(𝚺𝐢𝐢 + 𝚺�̃̃�𝐬(𝛺𝑠))
𝑑𝛺

𝐻1
≷
𝐻0

𝜂𝑎𝑙𝑟(𝑃𝐹𝐴) (7)

Being 𝐌 = 𝚺−1
�̃̃�𝐢

− (𝚺𝐢𝐢 + 𝚺�̃̃�𝐬(𝛺𝑠))−1.
Expression (7) involves the calculus of a complex integral. A CGLR

composed of 𝐾 LR detectors designed for discrete values of 𝛺𝑘
𝑠 equally

spaced in [0, 2𝜋), a 𝐶𝐺𝐿𝑅𝐾 detector from now on, can be used (Fig. 4).
Rule (8) with 𝐾 = 2𝑃 , 𝐶𝐺𝐿𝑅2𝑃 , is proposed as a good approximation
to the NP detector for non fluctuating targets in coloured Gaussian
interference (Nayebi et al., 1996).

max
𝛺𝑘
𝑠

det(𝚺𝐢𝐢) exp
(

�̃�𝑇𝐌�̃�∗
)

det(𝚺𝐢𝐢 + 𝚺�̃̃�𝐬(𝛺𝑘
𝑠 ))

𝐻1
≷
𝐻0

𝜂𝑐𝑔𝑙𝑟(𝑃𝐹𝐴) 𝑘 = 1,… , 𝐾 (8)
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Fig. 4. 𝐶𝐺𝐿𝑅𝐾 detector.

3.2. MTI filter bank followed by CFAR detection

MTI filtering is a technique that improves the detection of moving
targets, using the Doppler shift on the reflected signal (Skolnik, 2008).
The optimum MTI transversal filter under the maximization of the out-
put SIR-to-input SIR ratio criterion was calculated in Curtis (1999) and
corresponds to the eigenvector associated with the maximum eigenvalue
of (𝚺−1

�̃̃�𝐢
𝚺�̃̃�𝐬). In order to exploit all the available target information, a MTI

filter of order 𝑃 − 1 = 7 has been used.
Doppler processors composed of a bank of 𝐷 transversal filters

optimized for discrete values of 𝛺𝑠 equally spaced in [0, 2𝜋) were
considered (Fig. 5) (Skolnik, 2008; Curtis, 1999). In del Rey-Maestre
et al. (2013), a filter bank of 𝐷 = 𝑃 and 𝐷 = 2𝑃 optimum MTI filters
designed for discrete 𝛺𝑠 values in [0, 2𝜋) and 𝜌𝑐 = 0.9 was studied.
Results proved that the 𝐷 = 2𝑃 filter bank overcomes the 𝐷 = 𝑃 one.
In this paper, the reference solution based on MTI filter bank followed
by CFAR detection also considers 𝐷 = 2𝑃 filters, and the corresponding
correlation coefficient of the radar scenario clutter.

CFAR detectors determine adaptive threshold, 𝑇𝑞 , that maintain the
𝑃𝐹𝐴 at a constant level in spite of clutter parameters variation. In
general, they work on a cell by cell basis, estimating clutter parameters
using a group of 𝑅 reference cells, [𝑞1...𝑞𝑅], close to the Cell Under
Test (CUT), 𝑞0. As clutter samples are usually uncorrelated in range
but correlated in azimuth, the range window Cell Averaging CFAR (CA-
CFAR) is one of the most extended (Skolnik, 2002). Under Gaussian
conditions, the multiplicative factor 𝑇 is calculated as 𝑇 = (𝑃𝐹𝐴)

−1
𝑅 − 1

and 𝑇𝑞 = 𝑇 ⋅
∑𝑅

𝑖=1𝑞𝑖.

4. NN-based detectors

Among the reference detectors considered so far, only the solution
based on the GLR is designed under the Neyman–Pearson criterion. The
main drawback of the considered practical implementations based on
𝐶𝐺𝐿𝑅𝐾 is the high computational cost. In this contribution, NN based
detectors are designed for approximating the ALR in order to improve
the detection capabilities of the conventional implementations based on
Doppler processors, with a computational cost significantly lower than
the CGLR detector.

In this work, NNs were trained in a supervised manner using error
functions that fulfil the sufficient condition proposed in Jarabo-Amores
et al. (2009, 2013) to study the suitability to approximate the ALR based
detector for any pair of likelihood functions. The final approximation
error will depend on the NN architecture, the training set, and the
training algorithm attending to the problem that must be solved. Dif-
ferent NNs types (Multi-Layer Perceptrons, MLPs, Radial Basis Function
Neural Networks, RBFNNs, and Second Order Neural Networks, SONNs)

were evaluated in the case study (detection of targets with 𝛺𝑠 varying
uniformly in [0; 2𝜋) in Gaussian interference) considered for detection
performances comparison with respect to those associated with CGLR
and MTI filter bank-based detectors.

In Fig. 6, the NN output is compared to a threshold fixed according
to 𝑃𝐹𝐴 requirements, 𝜂(𝑃𝐹𝐴), for deciding about the presence or absence
of a target.

As real arithmetic was used, each complex observation vector
(̃𝐳𝑇 = [𝑧1,… , 𝑧𝑃 ] ∈ C𝑃 ), was transformed into a real one com-
posed of the real, ℜ𝑒{}, and the imaginary, ℑ𝑚{}, parts (𝐳𝑇 =
[ℜ𝑒{𝑧1},… ,ℜ𝑒{𝑧𝑃 },ℑ𝑚{𝑧1},… , ℑ𝑚{𝑧𝑃 }] = [𝑧1..., 𝑧2𝑃 ] ∈ R2𝑃 ), so an
input layer of 2𝑃 nodes was required.

4.1. NN architectures

Different NN architectures were considered:

∙ MLPs with one hidden layer and sigmoid activation functions
have been proven to be able to compute a uniform 𝜖 approxima-
tion to a given set of pre-classified training patterns (Cybenko,
1989). In (9) the function implemented by the MLP is presented
(Fig. 7), where 𝑦 = 𝑙𝑜𝑔𝑠𝑖𝑔(𝑥) = 1∕(1 + exp(−𝑥)). From now on,
MLPs based detectors were denoted as MLP 2𝑃∕𝑀∕1 (2𝑃 = 16
inputs, 𝑀 hidden neurons and one output).

𝑦 = 𝑙𝑜𝑔𝑠𝑖𝑔

(

𝑏 +
𝑀
∑

𝑗=1
𝜔𝑗 ⋅ 𝑙𝑜𝑔𝑠𝑖𝑔

(

𝑏𝑗 +
2𝑃
∑

𝑖=1
𝑧𝑖 ⋅ 𝜔𝑖𝑗

))

(9)

∙ In RBFNNs, the activation of each neuron depends on the
distance between the input vector, 𝐳, and a prototype one, 𝐜.
They are usually composed of two layers (Fig. 8): a first layer
composed of RBFNNs, and an output layer of linear neurons.
The universal approximation theorem (Hartman et al., 1990)
provides the theoretical basis for the design of RBFNNs with
Gaussian basis functions, whose variances, 𝜎2𝑗 , are parameters
to be adjusted. In those cases, the function implemented by the
RBFNN is shown in (10).

They were denoted as RBFNN 2𝑃∕𝑀∕1 (2𝑃 = 16 inputs, 𝑀
hidden layers and one output).

𝑦 = 𝑏 +
𝑀
∑

𝑗=1
𝜔𝑗 ⋅ exp(

|𝐳 − 𝐜𝑗 |2

2𝜎2𝑗
) (10)

∙ High Order Neural Networks, HONNs, have been proven to be
able to approximate any functional mapping to arbitrary accu-
racy, and, because of that, constitute a universal class of para-
metric multivariate nonlinear mappings (Villalobos and Merat,
1993; Ismail and Jeng, 2011). The Second Order Neural Network
(SONN) is a type of HONN that is composed of processing units
that implement second order combinations of the elements of
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Fig. 5. Detection scheme based on MTI filter bank processing.

Fig. 6. NN based detector scheme.

the input vector. Considering a 2𝑃 -dimension observation space,
the output of the general second order processing unit can be
calculated as:

𝑦 = 𝑓

( 2𝑃
∑

𝑗=1
𝜔(1)
𝑗 𝑧𝑗 +

2𝑃
∑

𝑗=1

2𝑃
∑

𝑖=1
𝜔(2)
𝑗𝑖 𝑧𝑗 ⋅ 𝑧𝑖

)

(11)

where 𝜔(1)
𝑗 are the first-order weights, 𝜔(2)

𝑗𝑖 are the second-
order weights, and 𝑓 (⋅) is the activation function of the neuron.
The information supplied by the second order terms gives rise
to translation and rotation invariance. As these NNs require
fewer training passes and smaller training sets to achieve good
generalization capabilities, a higher performance is expected at
the expense of a combinatorial increase in the weights num-
ber (Villalobos and Merat, 1993). Because of that, SONNs with
only one quadratic neural unit were used, that corresponds with
the neural architecture presented in Fig. 9 with 𝑀 = 1. They will
be denoted as SONN 2𝑃∕2𝑃 2+3𝑃∕1 (2𝑃 = 16 inputs, vector with
dimension (2𝑃 2+3𝑃 ) containing the first and second order terms
of the input vector, and one output).

5. Experiments based on synthetic observation vectors

This section is dedicated to the design and performance evaluation of
the detection schemes described in Sections 3 and 4, for the case study
and signal models defined in Section 2. (𝑃 = 8)-dimensional complex
observation vectors were composed of clutter plus noise under 𝐻0, and

Fig. 7. MLP with 2𝑃 real inputs, a hidden layer of 𝑀 neurons and an output layer with
one neuron.

clutter pus noise plus target under 𝐻1, ignoring the sliding window
effect.

Synthetic test sets of pre-classified observation vectors were gener-
ated:

∙ Test dataset composed of 106 interference patterns for estimating
𝑃𝐹𝐴. Importance Sampling techniques were used to guarantee an
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Fig. 8. RBFNN based detector scheme.

Fig. 9. HONN with 2𝑃 inputs and one quadratic neural unit.

estimation error lower than 10% for the 𝑃𝐹𝐴 values of interest
(10−6 ⩽ 𝑃𝐹𝐴 ⩽ 10−6) (Sanz-Gonzalez and Andina, 1999).

∙ Test datasets composed of 104 interference plus target patterns
for estimating 𝑃𝐷. Monte Carlo techniques were used; an estima-
tion error lower than 1.4% was guaranteed (Sanz-Gonzalez and
Andina, 1999). Two types of test datasets were generated:

1. Type A test set — CUT samples with unknown 𝛺𝑠: Inter-
ference plus target patterns with 𝑆𝐼𝑅 ∈ [−3; 28] dB and
𝛺𝑠 varying uniformly in [0; 2𝜋).

2. Type B test set — CUT plus reference samples with un-
known 𝛺𝑠: Each pattern is a sub-matrix of the radar data
matrix containing a central column, corresponding to the
CUT, composed of interference plus target samples, and
a set of columns at both sides of the central one, corre-
sponding to reference cells, containing only interference
samples. These data structure allows the estimation of the
adaptive detection threshold of the CFAR detectors. As in
type A test sets, the 𝑆𝐼𝑅 of the CUT vector belongs to the
interval [−3; 28] dB, and 𝛺𝑠 varies uniformly in [0; 2𝜋).

5.1. Design and evaluation of reference detectors

5.1.1. The CGLR detector
In Fig. 10, ROC curves of CGLR detectors for 𝐶𝑁𝑅 = 20 dB and

𝜌𝑐 = 0.9 are presented. This 𝐶𝑁𝑅 value defines a non-dominant
clutter detection problem, where the receiver thermal noise cannot be
discarded (Aloisio et al., 1994; di Vito and Naldi, 1999). Selected SIR

Fig. 10. Estimated ROC curves for 𝐶𝐺𝐿𝑅𝐾 detectors for Swerling I targets with unknown
Doppler shift, CNR=20 dB and 𝜌𝑐 = 0.9.

Table 1
Number of sums (𝑁𝑠𝑢𝑚) and products (𝑁𝑝𝑟𝑜𝑑 ) required by the 𝐶𝐺𝐿𝑅𝐾 detector.

𝐶𝐺𝐿𝑅8 𝐶𝐺𝐿𝑅16 𝐶𝐺𝐿𝑅32

𝑁𝑠𝑢𝑚 2167 4335 8671
𝑁𝑝𝑟𝑜𝑑 2304 4608 9216

Table 2
Estimated 𝑃𝐹𝐴 and 𝑃𝐷 for Swerling I targets with 𝛺𝑆 ∈ [0, 2𝜋). 𝑆𝐼𝑅 = 10 dB and 𝜌𝑐 = 0.9.

Desired 𝑃𝐹𝐴 = 10−6

𝑃𝐷 𝑃𝐹𝐴

CGLR 0.880 1.006 ⋅ 10−6

MTI filter-bank (𝐷 = 16) 0.855 1.385 ⋅ 10−5

MTI filter-bank (𝐷 = 8) 0.796 1.3334 ⋅ 10−5

values guarantee a 𝑃𝐷 higher than 0.7 for the 𝑃𝐹𝐴 values of interest
(10−6 ⩽ 𝑃𝐹𝐴 ⩽ 10−4). Values of 𝐾 ∈ {8, 16, 32} were considered. The
test set for 𝑃𝐹𝐴 estimation and the type A test sets for 𝑃𝐷 estimation
were used.

For the considered 𝜌𝑐 and SIR values, a 𝐶𝐺𝐿𝑅16 was selected as
a compromise solution between detection performance and computa-
tional cost.

A 𝐶𝐺𝐿𝑅𝐾 detector defined by the rule (8) requires (𝐾)×((4𝑃 2+2𝑃 −
2) +𝐾 − 1 sums and (𝐾) × ((4𝑃 2 + 4𝑃 ) products (Table 1). The 𝐶𝐺𝐿𝑅16
detector was used as the theoretical reference to evaluate the detection
performance of conventional and NN based schemes.

5.1.2. MTI filter bank
The filter bank detector (Fig. 5) was designed assuming a design clut-

ter correlation coefficient of 𝜌𝐷𝑐 = 0.9 and 𝑅 = 16 range reference cells as
a compromise value among detection performance, computational cost
and spatial adaptation capability.

Detection curves estimated for 𝑃𝐹𝐴 = 10−6 and 𝐷 = {8; 16}, using
type B test sets, are depicted in Fig. 11. In this Figure, the CGLR, as
NP approximation, and conventional detectors are compared. To carry
out a complete study, the 𝑃𝐹𝐴 and 𝑃𝐷 were estimated for 𝑆𝐼𝑅 = 10
dB (Table 2). Although the CFAR detectors have been designed for the
desired 𝑃𝐹𝐴, they are expected to provide higher values due to their
estimation errors. The estimated 𝑃𝐷 for the MTI filter bank was very
similar to the CGLR one, but the 𝑃𝐹𝐴 was considerably worse (The 𝑃𝐹𝐴
is controlled in each MTI filter output but the final 𝑃𝐹𝐴 generated by
the OR-logic operation is significantly higher than the required value).

5.2. Design and evaluation of NN detectors

The strategy to design the NNs training set to allow the approxima-
tion to the ALR based detector consists of generating synthetic complex
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Fig. 11. Detection curves obtained for the MTI filter bank followed by CFAR detection:
𝛺𝑠 varying uniformly in [0; 2𝜋), 𝜌𝑐 = 0.9 and 𝑃𝐹𝐴 = 10−6.

observation vectors under hypothesis defined in the composite hypothe-
sis testing problem assuming a uniform variation of the unknown target
parameter.

In all cases, training sets composed of 5000 patterns from 𝐻0 and
5000 patterns from 𝐻1 have been generated. The assumed design
parameters were 𝑆𝐼𝑅𝐷 = 10 dB, 𝜌𝐷𝑐 = 0.9 and 𝛺𝐷

𝑠 ∈ [0; 2𝜋). The training
set is higher than 30 W, where W is the number of free parameters
in the network, in order to avoid a possible overfitting (Amari et
al., 1996). Cross-validation techniques were also used with the same
purpose. Validation sets of the same characteristics of the training ones
have been generated.

NNs were trained for minimizing the mean-squared error:

∙ The conjugate gradient algorithm was used for the MLPs and
the SONNs (Powell, 1977; Chiddarwar and RameshBabu, 2010).
This conjugate direction method performs a search along conju-
gate directions. These algorithms are proposed as solutions for
accelerating the typically slow convergence rate of steepest de-
scent, avoiding the estimation of the Hessian or its inverse (New-
ton’s and Quasi-Newton’s methods). A cross-validation technique
was used to avoid over-fitting, and all NNs were initialized using
the Nguyen–Widrow method (Nguyen and Widrow, 1990).

∙ The training of RBFNNs is usually performed in two stages:

1. Estimation of the parameters of the RBFs (the proto-
type vectors and the variances in (10)). The Expectation–
Maximization, EM, algorithm was used to fit a mixture
model to determine the centres of the RBFs (Lazaro et
al., 2003) and their widths were fixed to the maximum
intercenter squared distance.

2. Once the RBFs parameters were estimated, they remain
fixed, and the output layer weights are estimated. Using
linear output neurons and the mean squared error, the
determination of these weights conveys the resolution of a
linear problem that can be solved using the pseudo-inverse
matrix method (Bishop, 1995).

For each case, the training process was repeated ten times, and the
performances of the trained NNs were evaluated to check if all of them
were similar in average. For evaluating their detection performance,
ROC curves were estimated using the test datasets generated for esti-
mating the 𝑃𝐹𝐴 and the type A test set for 𝑃𝐷 estimation.

The design of MLP based solutions requires the definition of the
number of neurons in the hidden layer, 𝑀 (Section 4). A search process
has been carried out in order to determine a compromise solution
between detection performance and computational cost. The 𝐶𝐺𝐿𝑅16
has been used as a reference (performance limit) of the NP detector
approximation. In the left side of Fig. 12, estimated ROC curves for 𝑀
ranging from 14 to 23 are presented. The best results were obtained for
the MLP 16∕17∕1, because for less hidden neurons, a loss in detection
capabilities is observed, while for bigger NNs, there is no significant
improvement in detection capabilities. Considerable detection losses
were observed with respect to the 𝐶𝐺𝐿𝑅16. This approximation error
revealed that the MLP is not the best NN architecture to implement the
NP detector for this case study.

A similar study was carried out to determine the number of hidden
units of the RBFNN depicted in Fig. 8. Results are presented in the
right side of Fig. 12. The detection performance was even worse.
The combination of spherical Gaussian RBFNN is not suitable for the
considered case study.

As only one quadratic unit is used in the SONN approach, the
NN architecture is fixed, and no further study is required. In Fig. 13,
ROC curves estimated for the three types of NN based detectors and
the 𝐶𝐺𝐿𝑅16 (considered as the theoretical reference) are presented.
The resulted 𝑃𝐷 = 0.873 for the desired 𝑃𝐹𝐴 provided by the SONN
detector revealed that this architecture based on first and second order
relations implemented the best approximation to the 𝐶𝐺𝐿𝑅16 ROC
curve. Considering results of Table 2, we can conclude that the SONN
based detector outperforms the other conventional detection schemes
providing good detection capabilities for the required 𝑃𝐹𝐴.

Another advantage of NNs based solutions is associated with the
computational cost or the required number of operations. This is critical
for making real time applications possible. In Table 3, the computational
cost for the detection schemes that provided the best 𝑃𝐷 (𝐶𝐺𝐿𝑅16, MTI
filter bank with 𝐷 = 16 and SONN 16∕152∕1 detectors) is presented.
In the MTI filter bank followed by CA-CFAR, it was calculated at the
output of the envelope detectors; in the NN ones, it was calculated at
the output of the NN. The SONN computational cost is lower than the
MTI filter bank one, and its performance is significantly better. So the

Fig. 12. ROC curves obtained by MLPs (left) and RBFNNs (right) based detectors compared to the 𝐶𝐺𝐿𝑅16 one. 𝛺𝑆 ∈ [0, 2𝜋), 𝑆𝐼𝑅 = 10𝑑𝐵 and 𝜌𝑐 = 0.9.
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Fig. 13. Comparison of the ROC curves estimated for the MLP, the RBFNN and the SONN
based detectors, and the 𝐶𝐺𝐿𝑅16. 𝛺𝑆 ∈ [0, 2𝜋), 𝑆𝐼𝑅 = 10 dB and 𝜌𝑐 = 0.9.

Table 3
Number of sums (𝑁𝑠𝑢𝑚) and products (𝑁𝑝𝑟𝑜𝑑 ) required by the considered detection
schemes.

𝐶𝐺𝐿𝑅16 MTI filter-bank SONN
𝐷 = 16 16/152/1

𝑁𝑠𝑢𝑚 4335 496 153
𝑁𝑝𝑟𝑜𝑑 4608 544 288

SONN detector is proposed as the best solution among those considered,
taking into consideration detection performance and computational cost
criteria.

Results confirm the suitability of the proposed NNs based detectors,
using the described strategy to generate the training sets and using an
error function in the training process that fulfils the sufficient condition
defined in Jarabo-Amores et al. (2009, 2013), to approximate the
optimum detector attending to the NP criterion in composite hypothesis
testing problem. In function of the likelihood functions, the best NNs
architecture should be determined and final solutions can be designed
capable of improving the detection capabilities of conventional detec-
tors based on Doppler processor with a computational cost compatible
with real-time implementations.

6. Simulated radar scenario

Previous results confirm the suitability of SONN detectors to approx-
imate the NP one for detecting targets with unknown Doppler shift
in Gaussian interference. In order to assess the performance of the
considered detectors under more realistic conditions, radar matrices
similar to that presented in Fig. 1, corresponding to a scanning radar
system, were generated assuming a radar scenario. For generating
the observation vectors to be applied to the detectors inputs, P-length
window was shifted along the azimuth dimension (one sliding window
per range bin, i.e. radar matrix column).

In order to preserve the required clutter homogeneity for the eval-
uation of the CFAR techniques, the radar matrices were pre-processed
for compensating the effects associated with the electromagnetic wave
propagation and the variation of the radar resolution cell.

A hypothetical system, similar to the radar deployed in the Signal
Hill measurement trial by CSIR (Herselman et al., 2008; CSIR website,
2014) was located on the Strait of Gibraltar (Fig. 14). The radar antenna
was at a height of 58 m above sea level. The coverage area was an
angular sector of 23.9◦ with a maximum range of 18NM.

The simulation includes two types of vessel to evaluate the robust-
ness of the detection schemes in the case study against SIR: the small
inflatable boat described in Section 2 (Fig. 3), and a big metal container
ship presented in Fig. 15. For modelling the energy scattered by the
targets when it is illuminated by the radar antenna, the target mean

Fig. 14. Simulated radar scenario: radar located in the Strait of Gibraltar with an angular
coverage area of 23.9◦ and a maximum range of 18NM (Localiza Todo, 2014).

Fig. 15. Container ship example (Localiza Todo, 2014).

RCSs have been estimated using the software tool POFACETS, developed
by Naval Postgraduate School (Jenn, 2014). A grazing incidence angle
of 0.1◦ has been considered (the grazing incidence angle for a target
located at the radar coverage limit, 18NM, with an antenna height of
58m). In Fig. 16, the standard 3D target models of the two different
ships, with the corresponding dimensions and building materials, are
presented together with the estimated RCSs (in polar coordinates as
a function of the azimuth angle in the target reference system). The
resulting mean RCSs are 9.6361 dBsm and 63.1096 dBsm for the small
boat and the cargo ship respectively. Using both values, target echoes
have been generated as Swerling I described in Section 2.1.

The simulation includes two real trajectories extracted from (Local-
iza Todo, 2014) (Fig. 14):

∙ Trajectory 1 - Inflatable boat : A uniformly accelerated linear
motion characterized by an initial speed of 10.7 knots and an
acceleration of 0.058 knots/s. The associated variation interval
of 𝛺𝑠 varied from 1.3175 to 1.6655 rad (normalized frequency
ranging from 0.4194 to 0.5301).

∙ Trajectory 2 - Container ship: A uniform linear motion with a
velocity equal to 15 knots. The associated variation interval of
𝛺𝑠 goes from 2.3594 to 3.062 rad (normalized frequency ranging
from 1.7689 to 2.2955).

On the other hand, correlated Gaussian clutter (𝜌𝑐 = 0.9) plus AWGN
was simulated according to previous results presented in Section 5. Due
to the distributed nature of the sea clutter, for modelling the energy
backscattered by the sea surface when it is illuminated by a radar
system, the scattering coefficient 𝜎0 (defined as the clutter cross section
per unit area (Skolnik, 2002, 2008)) was used. To simulate the radar
clutter for a grazing angle of 0.1◦, the value of 𝜎0 = −48 dBsm was
assumed (Nathanson et al., 1999).

An acquisition interval of 2162 s was simulated. A rotation speed of
30 rpm was assumed, so the acquisition time corresponds to 1081 scans
in which at least one ship is within the radar coverage limits. The SIR
value varies from 14.84 to 18.22 dB in the trajectory 1 and from 65.93

303



N. del-Rey-Maestre et al. Engineering Applications of Artificial Intelligence 67 (2018) 296–308

Fig. 16. 3D models (left) and estimated RCSs for an incidence angle of 0.1◦ (right) of the inflatable boat (up) and the container ship (down).

to 69.21 dB in the trajectory 2 in function of the targets position scan-
to-scan allowing the study of the robustness of the detectors, designed
with 𝑆𝐼𝑅 equal to 17 and 67 dB, with respect to SIR value. Performances
provided by the considered detection schemes designed with both SIR
values are practically the same confirming the independence on the
design SIR, so the approximations associated with 𝑆𝐼𝑅 = 17 dB are
studied in detail to extract conclusions. Quantitative results, estimated
𝑃𝐷 and 𝑃𝐹𝐴 values for the two considered detectors, are detailed in Table
4. 𝑃𝐷 has been calculated for each trajectory to study the approximation
capabilities of the considered detectors in function of the SIR value.
The resulted detection matrices are also presented in Fig. 17. Detection
matrices were generated as a superimposition of the detected centroids
in each scan. This superimposition allows us to estimate the target
trajectory, but displays all the false alarms detected through the 1081
scans. They could be easily reduced by a tracker, because no false tracks
can be guessed by visual inspection.

Although the 𝑃𝐷 provided by MTI filter bank (left side of Fig. 17) is
similar to that associated with SONN detector (right side of Fig. 17), the
number of false alarms generated by the MTI filter bank based detector
is clearly the highest, and endanger the tracker performance.

Comparing the estimated 𝑃𝐷 and 𝑃𝐹𝐴 values for the considered
detectors in Table 4, the robustness of the SONN detector with respect
to 𝛺𝑠 in Gaussian interference is confirmed: the SONN detector presents
the best compromise between detection performance and computational
cost (Table 3).

7. Real radar scenario

Finally, the robustness of the proposed SONN detector was confirmed
using a real radar dataset. The data were acquired by a pulsed Doppler

Table 4
𝑃𝐷 and 𝑃𝐹𝐴 obtained by the considered detection schemes.

MTI filter bank SONN
with 𝐷 = 16 16/152/1

𝑃𝐷 Trajectory 1 0.9921 0.9978
𝑃𝐷 Trajectory 2 1 1
𝑃𝐹𝐴 1.4240 ⋅ 10−5 1.8431 ⋅ 10−6

Table 5
Acquisition specifications of Dataset 08-028.TStFA (CSIR website, 2014).

Acquisition Time: 33.9625 s (1,045 patterns)
Range Extend: 2248.4 m (151 gates)
Patterns of 64 complex samples
Antenna Elevation: −2.071◦ Azimuth: 355.3N
Wind speed: 4.62kts, 246.5N

X-band radar with an instrumented range of 37.28NM, located on Signal
Hill (Cape Town, South Africa) (Fig. 18) (CSIR website, 2014).

The selected file is the number Dataset 08-028.TStFA, and main
parameters of the acquisition are summarized in Table 5 (CSIR website,
2014). There is no available information about target speed or GPS data.
The squared envelope in logarithmic units of the first pulses of the 1045
patterns for all range cells is presented in Fig. 19.

Attending to local wind conditions (Table 5), the average wind
speed is associated with a Beaufort number of 2 corresponding to light
breeze, small wavelets and crests of glassy appearance, not breaking.
Under these conditions, Rayleigh distribution can be used for modelling
sea clutter amplitude independent of the grazing angle and the range
resolution.

304



N. del-Rey-Maestre et al. Engineering Applications of Artificial Intelligence 67 (2018) 296–308

Fig. 17. Estimated centroids for the 650 scans: MTI filter bank with 𝐷 = 2𝑃 = 16 filters followed by CA-CFAR (left), SONN based detector (right).
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Fig. 18. Plan overview of radar deployment site (CSIR website, 2014).

In the considered detection schemes, the knowledge of the likeli-
hood function under null hypothesis is an important issue. Because of
that, a statistical analysis of the database was realized, estimating the
Empirical Cumulative Distribution Function (ECDF) of the samples, and
checking it with Rayleigh distribution using goodness-of-fit tests. For
this statistical characterization, only the samples of the sea clutter zone
were considered.

Table 6
KS-Test and CM-Test for 40th range cell of Dataset 08-028.TStFA.

Distributions Parameters Decision

∣ 𝑥 ∣
Rayleigh (𝑥 ≥ 0)

𝜎 = 0.42783
KS-Test: 0

𝐹𝑥(𝑥) = 1 − exp−𝑥2∕2𝜎2 CM-Test: 0

∣ 𝑥∣2
Exponential (𝑥 ≥ 0)

𝜆 = 2.7316
KS-Test: 0

𝐹𝑥(𝑥) = 1 − exp−𝜆𝑥 CM-Test: 0

ℜ𝑒{𝑥}
Normal (𝑥 ∈ ℜ) 𝜇 = 0.0041 KS-Test: 0
𝐹𝑥(𝑥) = 1 − 0.5 ⋅ 𝑒𝑟𝑓𝑐

(

(𝑥−𝜇)
√

2𝜎2

)

𝜎 = 0.4277 CM-Test: 0

ℑ𝑚{𝑥}
Normal (𝑥 ∈ ℜ) 𝜇 = −0.0393 KS-Test: 0
𝐹𝑥(𝑥) = 1 − 0.5 ⋅ 𝑒𝑟𝑓𝑐

(

(𝑥−𝜇)
√

2𝜎2

)

𝜎 = 0.4284 CM-Test: 0

The estimated and the theoretical Cumulative Distribution Func-
tions, CDFs, for the amplitude, intensity, and real and imaginary parts
of the data samples are shown in Figs. 20 and 21. The Visual inspection
shows a very good agreement with the Rayleigh, Exponential and Nor-
mal distributions, respectively, but goodness-of-fit tests are required to
conclude about the data distribution with a given degree of confidence.

Results provided by the Kolmogorov–Smirnov test (KS-Test) and the
Cramér–von Mises criterion (CM-Test) for 40th range cell are summa-
rized in Table 6, where decision indicates the result of the hypothesis
test (1 if the test rejects the null hypothesis at the 5% significance
level, 0 otherwise). The considered reference distributions under null
hypothesis are Rayleigh, Exponential and Normal distributions to model
the variation of data amplitude, intensity and real and imaginary parts,
respectively. These results confirm that Rayleigh clutter model fits with
real data of sea clutter.

Proposed detection schemes present an important dependence on the
clutter one-lag clutter correlation coefficient (𝜌𝑐), so the Autocorrelation
Function (ACF) for the pulses associated with the same pattern was

Fig. 19. Logarithmic squared amplitude of the first pulses of the patterns for all range cells associated with the considered dataset.
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Fig. 20. Cumulative distributions functions for the amplitude (left) and intensity (right) of 40th range cell of Dataset 08-028.TStFA.

Fig. 21. Cumulative distributions functions for the real (left) and imaginary (right) part of 40𝑡ℎ range cell of Dataset 08-028.TStFA.

Fig. 22. Doppler Shift of 40𝑡ℎ range cell (left) and 68𝑡ℎ range cell (right) of Dataset 08-028.TStFA (RCS [dBm2 ⋅ Hz−1]).

studied. The estimated one-lag correlation coefficient is equal to 0.8. In
Fig. 22, the Spectrums for the 40th and 68th range cells are presented.
40th range cell is associated with sea clutter correlated returns that are
localized close to the zero Doppler. 68th range cell corresponds to a
slow-moving target echoes which present a Doppler shift variable from
−0.0491 to 0.0982 rad.

Clutter and target powers were estimated to generate the training
and validation sets to design the NN-based detector. 𝑝𝑐 = 0.3510 and
𝑝𝑠 = 20.7564 were obtained, so the mean 𝑆𝐼𝑅 equal to 17.72 dB was
considered.

Attending to the available data in 1,045 patterns and 151 range cells,
a 𝑃𝐹𝐴 = 10−4 estimation error lower than 25% was expected. Although

there is 𝑃 = 64 available pulses, results were obtained considering 𝑃 = 8
pulses according to the designed solution in Sections 3 and 4.

Fig. 23 shows the 𝐶𝐺𝐿𝑅16, MTI filter bank and NN-based detectors
outputs and the estimated centroids for the real radar database. 𝐶𝐺𝐿𝑅16
performance was used as theoretical reference NP approximation. In a
visual inspection, MTI filter bank and SONN detection schemes clearly
detect the target trajectory. MTI filter bank based detector provides the
highest number of false alarms among all proposed detectors.

To confirm the suitability of the SONN, estimated 𝑃𝐹𝐴 and 𝑃𝐷
values for the considered detectors are detailed in Table 7. Estimated
𝑃𝐷 values obtained with MTI filter bank and SONN-based solutions
are very close to the 𝑃𝐷 provided by the 𝐶𝐺𝐿𝑅16, although the MTI
filter bank detection scheme presents a 𝑃𝐹𝐴 higher than the desired
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Fig. 23. Estimated centroids for the real radar matrix: 𝐶𝐺𝐿𝑅16 (top-left), MTD with 𝐷 = 2𝑃 = 16 filters followed by CA-CFAR (top-right), SONN based detectors (bottom).

Table 7
Estimated 𝑃𝐹𝐴 and 𝑃𝐷 for the real radar data.

Desired 𝑃𝐹𝐴 = 10−4 𝑃𝐷 𝑃𝐹𝐴

𝐶𝐺𝐿𝑅16 0.8016 1.553 ⋅ 10−4

MTI filter-bank with 𝐷 = 16 0.796 1.868 ⋅ 10−3

SONN 16/152/1 0.791 1.758 ⋅ 10−4

one. This high value is associated with a lower threshold that can
mislead to a high 𝑃𝐷, and the resulted number of false alarms can
endanger the performance of the following processing stage focused on
tracking tasks. SONN detector trained with 𝛺𝑠 ∈ [0; 2𝜋) presents the
best detection capabilities providing the 𝑃𝐷 closest to that associated
with the reference detector fulfilling the 𝑃𝐹𝐴 requirements.

8. Conclusions

This paper tackles the problem of designing an artificial intelligence
radar detector capable of approximating the optimum Neyman–Pearson
detector for composite hypothesis tests characterized by targets with
unknown parameters. Specifically, the problem of detecting small mov-
ing boats in clutter was considered as the case study. This is a case
of interest in practical situations, because targets can present different
speed ranges and multiple dynamics. Conventional detectors, based on
Doppler filtering and CFAR detection, were developed under Gaussian
conditions, and the clutter of the case study was modelled as a coloured
Gaussian process. This case study was really useful for analysing the
optimum detector, and the performance limits of conventional solutions.

The ALR detector was formulated and sub-optimum approaches
based on the CGLR were analysed to define a reference detector. If
the radar can collect 𝑃 point target echoes in a scan, a 𝐶𝐺𝐿𝑅2𝑃
can provide a good approximation to the ALR. Its main drawback is
its high computational cost. On the other hand, results demonstrate

that conventional detection schemes based on MTI filters and CA-
CFAR techniques are really far from the reference detector, even under
Gaussian conditions.

In order to implement better approximations to the ALR capable
of outperforming the conventional solutions, and approximating the
𝐶𝐺𝐿𝑅2𝑃 with a significantly lower computational cost, solutions based
on neural networks were designed and evaluated. The proposed strategy
consists of generating training set composed of patterns under 𝐻1
assuming a uniform variation of the target unknown parameter. As the
approximation error, in each radar detection problem, depends also on
the NN architecture, MLPs, RBFNNs and SONNs were considered to
study the suitability of the neural architecture for the case study.

For the design and assessment of the different detection schemes,
synthetic training, validation and test datasets were generated. To
evaluate the detectors in a scenario more similar to a real one, a radar
scenario was simulated:

∙ The radar is assumed to be similar to X-band coherent radar
deployed on Signal Hill by CSIR. The local wind conditions are
considered lower or equal to Beaufort number of 2, so sea clutter
can be modelled as a Rayleigh one.

∙ Two different vessel types (an inflatable boat and a container
ship) were characterized and simulated with two different dy-
namics.

Results show that a SONN 2𝑃∕2𝑃 2 + 3𝑃∕1, trained with target
Doppler shift varying uniformly in [0, 2𝜋), is the best solution: it is ca-
pable of implementing a good approximation to the 𝐶𝐺𝐿𝑅2𝑃 providing
the higher 𝑃𝐷 fulfilling the 𝑃𝐹𝐴 requirements with a considerably lower
computational cost.

Simulated results reveal that the SONN is theoretically the best
solution among those considered according to detection performance
(the highest 𝑃𝐷 approximation with 𝑃𝐹𝐴 close to the desired one) and
computational cost.
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SONN based detector performance was also evaluated with real data
acquired by a coherent, pulsed and X-band radar. Clutter and target
parameters are similar to the simulated scenario. The best results were
again provided by the SONN based solution confirming the capability to
approximate the optimum detector in Gaussian interference regardless
the SIR.
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Machine learning techniques for coherent CFAR
detection based on statistical modeling of UHF

passive ground clutter
Nerea del-Rey-Maestre, Marı́a-Pilar Jarabo-Amores, David Mata-Moya, José-Luis Bárcena-Humanes, Pedro

Gomez-del-Hoyo

Abstract—UHF passive ground clutter statistical models were
determined from real data acquired by a passive radar, for the
design of approximations to the Neyman-Pearson detector based
on machine learning techniques. The Cross-Ambiguity Function
was the input space, without any pre-processing. The Gaussian
model was proved to be suitable for high Doppler values. Other
models were proposed for Doppler close to zero, where ground
clutter and low bistatic Doppler targets concentrate. Likelihood
Ratio detectors were built for this Doppler region, and a neural
network based adaptive threshold technique was designed for
fulfilling false alarm requirements throughout all the input space.
The proposed scheme outperformed a conventional passive radar
one, and could be used as a reference for future designs.

Index Terms—machine learning, Neyman-Pearson, adaptive
threshold, UHF passive ground clutter, statistical models, Cross-
Ambiguity function, passive radar

I. INTRODUCTION

PASSIVE Radars (PR) are emerging technologies that
encompass a set of techniques to detect targets and to

estimate their positions and velocities, using non-cooperative
signals (communications, radar, or radio-navigation signals)
as Illuminators of Opportunity (IoO), rather than a dedicated
transmitter [1]. System design and performance are strongly
determined by the IoO (waveform, transmitted power, avail-
ability), and the geometry of the radar scenario.

Different IoOs have been studied in the last decades. Analog
TV and FM radio were considered in [2] and [3], respectively,
constituting basic references of PR technology. Systems based
on Digital Video Broadcasting-Terrestrial (DVB-T) IoOs are
under intensive research [4], [5], [6], [7], [8], [9] [10].

Main advantages of PRs compared to active radars are low
cost due to the usage of Commercial Off-The-Shelf (COTS)
components, smaller size, lower weight, lower probability
of being intercepted, and minimisation of electromagnetic or
environmental problems. Besides, PRs are not affected by the
progressive spectrum occupancy of communication systems.

Drawbacks related to PRs are: a) out-of-control waveforms
are used that are not designed according to detection purposes;
b) the most suitable relative locations of IoOs and PRs cannot
be always used; c) the transmitted power level and stability
do not always fulfil the desirable requirements.
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The radar detector has to decide between target absence
(null hypothesis, H0) and target presence (alternative hypoth-
esis, H1) in presence of the receiving chain thermal noise,
the radar echoes generated by non-desired objects present
in the area of coverage, clutter, and especially, the direct
interference of the IoO signal, whose power is usually much
higher that the target echo. The Neyman-Pearson (NP) detector
maximizes the Probability of Detection (PD) maintaining the
Probability of False Alarm (PFA) lower than or equal to a
given value [11], [12]. If z̃ is the complex observation vector,
and f(z̃|H0) and f(z̃|H1) are the likelihood functions, a
possible implementation consists in comparing the Likelihood
Ratio (LR), Λ(z̃), to a threshold, ηlr , estimated according to
PFA requirements (1) [12].

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηlr(PFA) (1)

Some approximations to the NP detector apply adaptive
cancelers for clutter filtering and Constant False Alarm Rate
(CFAR) systems, many of which assume Gaussian interference
models [13] [14], [15], [16]. Solutions based on the General-
ized Likelihood Ratio (GLR) were also considered [17], [18],
[19], [20].

The reciprocal filter approach was proposed in [21], and the
DVB-T signal structure was exploited in [6] for the design of
pre-processing stages to mitigate the effects of signal determin-
istic components and clutter in range-Doppler processing. In
[22] different techniques based on sub-carrier orthogonality in
OFDM (Orthogonal Frequency-Division Multiplexing) signals
were compared and applied to a DVB-T based PR. The
channel detector presented in [10] unifies clutter rejection and
moving target detection, using the estimated impulse response
of the Doppler channel.

As alternatives, learning machines trained in a supervised
manner using a suitable error function were proved to be able
to approximate the NP detector [23], [24]: Multi-Layer Per-
ceptrons (MLP), [25], Radial Basis Function Neural Networks
(RBFNN) [26], Second Order Neural Networks (SONN) [27],
Support Vector Machines (SVM) [28], [29].

Nowadays, there is a general trend toward cognitive radars.
Three main properties of cognitive radars are [30]: “1) in-
telligent signal processing, which builds on learning through
interactions of the radar with the surrounding environment; 2)
feedback from the receiver to the transmitter, which is a facil-
itator of intelligence; and 3) preservation of the information
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content of radar returns, which is realized by the Bayesian
approach to target detection through tracking“. In passive
radars, the feedback from the receiver to the transmitter is not
possible, but an intelligent algorithm capable of selecting the
most suitable IoO among those available in the radar scenario
can be designed and implemented [31].

In this context, the radar scene analyser is the cognitive
radar main element responsible of the characterization of
the radar scenario. It should provide environment and target
statistical information to the detection and tracking tasks [32].
One of the objectives of this paper is to demonstrate that
the knowledge about the statistical characterization of the
radar returns can be used to design machine learning based
detectors, exploiting the concept of cognition in passive radars.

Numerous measurement campaigns have been carried out
for decades to obtain data of ground and sea clutter using
active radars, so as to characterise their statistical distributions.
The statistical characteristics of clutter depend on frequency,
polarisation, incidence and scattering directions, and system
resolution. The Gaussian model is widely used in low resolu-
tion radars (pulse width > 0.5µs and grazing angles > 5◦ for
monostatic sea clutter). It is also considered when the grazing
angle is > 5◦, regardless of radar resolution, for land clutter. In
high resolution radars, the Probability Density Function (PDF)
of clutter exhibits a long tail (’spiky’ clutter), and the study
of alternative clutter statistical distributions is required [33].

On the contrary, very few studies of bistatic clutter are
available in the literature. They were mainly made using radar
frequencies, and the results cannot be easily extrapolated to
communication systems frequencies used in many passive
radars. A study with bistatic sea clutter in the C band was
carried out in [34], measuring the bistatic reflection coeficient
(σ0, the cross section per unit area). A study in the L band
was presented in [35]. Measurements of σ0 from L band to
X band for terrain clutter were carried out in [36]. A detailed
analysis of the published radar data, and the proposal of an
empirical model, which expresses the variation of E{σ0} with
the measurement geometry and sea conditions, working in
the X band, were carried out in [37]. All these works used
raw radar data, acquired with active bistatic radars in different
frequency bands, and without any preprocessing.

More recent papers were published dealing with FM fre-
quencies [38], [39], [40], GSM (Global System for Mobile
communications) [41], [42], S-band [43], [44], [45], [46], [47].
Nevertheless, as far as the authors know, there is not any study
of clutter modelling with passive radars that use the DVB-T
signal as IoO.

Data acquired by a DVB-T passive radar demonstrator
developed at the University of Alcalá [48], were used for
clutter characterization and the design of detection schemes
based on learning machines. IDEPAR central frequency can
be varied from 450 MHz to 850 MHz, the signal bandwidth
is equal to 25MHz, and the maximum acquisition time is
equal to 40 s. The output of the Cross Ambiguity Function
(CAF) was the observation space, and amplitude, in-Phase (I)
and in-Quadrature (Q) components, and complex samples (z̃)
statistics were estimated. A semi-urban scenario composed of
big buildings, vegetation and parking areas was considered.

Results demonstrated that the Gaussian model can be applied
in areas of the CAF far from the zero Doppler. However, a
non-homogeneous characterisation was required for the region
close to the zero Doppler. The proposed coherent clutter mod-
els were used for implementing a bank of LR detectors. Due to
the complexity of the LRs, and its variability throughtout the
CAF, a learning machine was trained to implement the CFAR
operation troughout the whole CAF, taking [49] as starting
point. The proposed solution outperformed conventional PR
detection schemes in clutter rejection and PD.

The paper is structured as follows: in section II the operating
principle of PRs is summarized. The proposed approach is
presented in section III. Clutter models and statistical analysis
techniques are studied in section IV. In section V, the radar
scenario and the observation space parameters are defined.
Statistical analysis results are presented in section VI. The
detection scheme based on the bank of LR detectors is
designed in section VII, and the machine learning based CFAR
technique is designed and validated in section VIII. Finally, the
main conclusions are summarized in Section IX.

II. PASSIVE RADAR PRINCIPLE

PRs detect and track objects by processing reflections from
IoOs, such as commercial broadcast and communications
signals. Due to the lack of control over the transmitter, a
reference channel is used to acquire the signal transmitted
by the IoO, and a surveillance one to capture targets echoes.
The basic geometry and associated parameters are defined in
Figure 1, whilst the basic receiver architecture is presented in
Figure 2, which includes the following stages:
- The reception stage is composed of the antenna system,

radio frequency (RF) front-ends, and analog-to-digital con-
verters (ADC), for generating digital reference and surveil-
lance channels.

- The processing stage, which includes matched filtering and
pre-processing techniques for rejecting interferences.

- Non-coherent CFAR techniques are usually applied in the
detection stage.
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Fig. 1. Basic geometry of a bistatic PR: RTi is the target-to-transmitter
distance, RRi is the target-to-receiver distance, L is the transmitter-to-receiver
distance, βi is the bistatic angle, and σbis,i is the bistatic Radar Cross Section
(RCS), where i ∈ {b, c, a} refers to building, car, and airplane, respectively.
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Fig. 2. Basic architecture of a PBR

For performing the matched filtering, delayed and Doppler
shifted copies of the reference channel signal are correlated
with the surveillance channel one to generate the Cross-
Ambiguity Function (CAF) [3][2][50]:

SCAF [m, p] =

N−1∑

n=0

s∗
ref [n − m] · ssurv [n] · exp−j2π p

N n (2)

− sref [n] is the reference signal.
− ssurv[n] is the surveillance signal.
− N = Tint · fs, is the number of samples, being Tint (s) the

integration time, and fs (Hz) the sampling frequency.
− m is the time bin associated with a delay τm = m/fs .
− p is the Doppler-shift corresponding to fdop = fs (p/N).

The CAF is based on the matched filter implementation
which maximises the Signal to Noise Ratio (SNR), when
Additive White Gaussian Noise (AWGN) is considered, and
it is used by the vast majority of radars and communication
systems [51]. Although this implementation is not optimum
for detection when clutter is present, it is frequently used for
several reasons [52]: It is simpler than the optimum receiver;
clutter scattering function may be unknown, and it can work
almost as well as the optimum receiver in many situations.

In radar signal design and analysis, the Ambiguity Function
(AF) is a basic tool. It is calculated using (2) substituting
ssurv[n] by sref [n]. In PRs, the kind of IoO determines the
detection properties. The DVB-T signal is composed of a
random component and deterministic ones included for signal
decoding in commercial TVs. Its AF is a thumbtack function
with spurious, that spread throughout the delay-Doppler plane
of the CAF [53], [6]. The study of these spurious is of great
interest, and different solutions were proposed in the literature
for reducing their impact on the system detection performance
[8], [54], [55].

PBR signal processing architectures usually include adap-
tive cancelers for clutter filtering before CAF generation, and
Constant False Alarm Rate (CFAR) detectors (Figure 2), many
of which assume Gaussian interference models [13], [14], [15],
[16]. Solutions based on the Generalized Likelihood Ratio
(GLR) have also been considered [17], [18], [19], [20].

In [21], the reciprocal filter was proposed to keep the desired
target delay and Doppler information after range-Doppler
processing, getting rid of the autocorrelation of the reference
signal. The filter performs a modulus frequency equalization of
the transmitted signal. Because it is calculated from the actual
measured reference signal, it can be applied to an arbitrary
IoO waveform. In this line, the DVB-T signal structure was
exploited for the design of reference and surveillance channels
pre-processing techniques to reduce the impact of clutter and
ambiguities [6]. In [22], different techniques based on sub-
carrier orthogonality in OFDM signals were compared. Clutter
rejection and moving target detection were unified in the
channel detector proposed in [10].

The problem of detecting a target in presence of noise, the
direct IoO signal captured by the surveillance channel (DPI),
clutter, and interfering targets in additive white Gaussian noise
was also formulated as a composite hypothesis test [18].
Results proved that the basic architecture depicted in Figure
2 is based on the GLR detector for no interfering targets and
known noise variance. Both approaches differ in the method
applied for estimating clutter complex amplitudes: in Figure 2
adaptive filters are used for substracting DPI and clutter from
the surveillance channel before the CAF, in [18] the Maximum
Likelihood Estimates, MLE, of clutter complex amplitudes are
derived for all the clutter region in the delay-Doppler plane.

III. PROPOSED METHODOLOGY

When the CAF is applied to reference and surveillance
signals without any preprocessing, the results are the MLEs
of the complex amplitude, delay and Doppler shift of the
desired targets and the clutter [56]. In this work, the CAF
output is used as observation space for the detection problem
formulation.

Neural Networks (NN) have been proposed for radar detec-
tion. In [23], a theoretical study proved that learning machines
trained in a supervised manner using a suitable error function
are able to approximate the NP detector. In this paper, an
alternative approach is proposed, based on a detailed study of
clutter statistics for determining statistical models to be used
for the implementation of a bank of LR detectors, and a NN
based CFAR technique for guaranteeing the desired PFA.

For each scatterer, the result of the CAF is the AF of the
transmitted signal, scaled and shifted to be centred on the
scatterer time delay and Doppler shift. In Figure 3 the CAFs
generated by different combinations of the DPI and stationary
point targets are compared. The main contributions concentrate
on the zero Doppler line, with spreading effects of the main
peaks, and pedestals that spread throughout all the Range-
Doppler plane. Signal powers along a Doppler line far from
zero were estimated (caption of Figure 3), showing an increase
in the estimated power as the number of stationary point targets
increases.

In a semi-urban scenario, big buildings are expected to
generate strong CAF contributions similar to those presented
in Figure 3. Other clutter sources are cars in parking areas,
trees, and urban furniture, in general. The proposed method-
ology includes a local study of different CAF regions for
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Fig. 3. CAF for the DPI (a), for a point stationary target plus the DPI (b), and for a set of 4 stationary targets plus the DPI (c). The average value of the
magnitude of the samples belonging to the row marked with a black rectangle are: 163.28dBW for (a), 166.24dBW for (b) and 170.37dBW for (c).

determining the likelihood functions, the implementation of a
bank of LR detectors using the estimated likelihood functions,
assuming a Gaussian target for H1; and the design of a
CFAR technique based on a NN for adaptively estimating
the detection thresholds and guaranteeing the desired PFA

throughout the whole CAF.

IV. CLUTTER MODELS AND STATISTICAL ANALYSIS
TECHNIQUES

The Gaussian model is applicable when the echo can be
modelled as that from a number of independent, random
scatterers, with no one individual scatterer producing an echo
of magnitude commensurate with the resultant echo from all
scatterers [57]. Large deviations from Gaussian statistics are
observed in data acquired at low grazing angles and/or by
high-resolution systems [58]. Tables I and II summarize the
considered distributions. In the Weibull case, the relationships
among intensity, (a, ρ), and amplitude, (ν, b), parameters are
the following: a = ν/2, ρ = b2, beign ν > 0 and b > 0
[59]. In the Log Normal, the shape and scale parameters for
the amplitude, (σ, µ), are: a = 2σ, b = 2µ, being µ ∈ ℜ and
σ > 0. Data statistical analysis was carried out comparing
the Empirical Probability Density Function (EPDF) with the
theoretical PDFs whose parameters were estimated applying
the Method of Moments [60].

A. Goodness-of-fit tests

Goodness-of-fit tests based on the estimation of the distance
between the empirical and theoretical Cumulative Distribution
Fucntions (CDFs) are usually used to analyze the applicability
of theoretical distributions [41] [42]. In this work, the two-
sample Kolmogorov-Smirnov (KS-test2) and the two-sample
Cramér-von-Mises (CM-test2) were applied [64], [65], [66].

Given two random vectors, [X1, ..., XN ] and [Y1, ..., YM ],
the KS-test2 and the CM-test2 are implemented as follows:
1) Evaluate the ECDF of both observation vectors: F̂X(x) and

F̂Y (x).
2) Compute the statistic KS-distance, dKS = supx|F̂X(x) −

F̂Y (x)|, and CM-distance, dCM = NM
(N+M)

∫ ∞
−∞ |F̂X(x) −

F̂Y (x)|2dH(x), where sup is the supremum of the set of
distances, and H(x) is the empirical distribution function
of the two samples together [66].

TABLE I
DISTRIBUTIONS FOR CLUTTER INTENSITY MODELLING, x = |z̃|2 .

Exponential
f(x|λ) = λ · e−λx;

E; x ≥ 0 λ > 0

Weibull
f(x|a, ρ) = a·xa−1

ρa · e−(x/ρ)a

W; x ≥ 0 a > 0, ρ > 0; if a = 1, E with λ = 1/ρ [41]

K-distributed
f(x|ν, b) = 2·b

ν+1
2 ·x

ν−1
2

Γ(ν)
Kν−1

(
2
√

xb
)

K; x ≥ 0 ν > 0, b > 0; if ν −→ ∞, E

Log-normal
f(x|a, µ) = 1

ax
√

2π
· e

(
− (ln(x)−µ)2

2a2

)

LN; x ≥ 0 a > 0, µ ∈ ℜ

Gamma
f(x|a, ν) = 1

Γ(ν)aν · xν−1 · e− x
a

Γ; x ≥ 0 a > 0, ν > 0; if ν = 1 and a = 1/λ, E

Gamma Mixture [61]
f(x) =

∑k
j=1 wj · φ(x|νj , aj)

ΓMD; x ≥ 0 φ(x|νj, aj) is Γ, wj ≥ 0 and
∑k

j=1 wj = 1

TABLE II
DISTRIBUTIONS FOR CLUTTER I/Q COMPONENTS MODELLING. y = ℜ(z̃)

IS THE IN-PHASE (I) COMPONENT.

Normal
f(y|µ, σ) = 1

σ
√

2π
· e

− (y−µ)2

2σ2

N; y ∈ ℜ µ ∈ ℜ, σ > 0

Logistic
f(y|µ, s) = e−(y−µ)/s

s

(
1+e

− y−µ
s

)2

LG; y ∈ ℜ µ ∈ ℜ, s > 0; if s = σ
√

3/π, N

Gaussian Mixture [62], [63]
f(y) =

∑k
j=1 wj · φ(y, µj , σj)

GMD; y ∈ ℜ φ(y, µj , σj) is N, wj ≥ 0,
∑k

j=1 wj = 1

3) Compare the dKS and dCM with a threshold, selected
according to the significance level, α, and the two sam-
ple sizes, N and M . If dKS and dCM exceed the de-
fined thresholds, H0 will be rejected. Alternatively, if the
p − value is less than the chosen significance level, that
suggests that the observed data is sufficiently inconsistent
with the null hypothesis, and the null hypothesis may be
rejected.
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B. Skewness and kurtosis study
Skewness and kurtosis are usually used to check if I and

Q components are Gaussian distributed [67]. The skewness,
γ3 = E[(X − µx)3]/E[(X − µx)2]3/2, measures the degree
of asymmetry of a PDF with respect to its mean µx, being zero
for symmetric PDFs. In radar literature, the ”excess kurtosis”,
γ4,exc = γ4 − 3, being γ4 = E[(X −µx)4]/E[(X −µx)2]2, is
used to analyse the non-Gaussian nature of the data: negative
γ4,exc are generated by PDFs with a rate of decay higher than
the Gaussian PDF; positive γ4,exc are generated by higher tails,
typical of impulsive signals [42].

V. RADAR SCENARIO

The radar scenario is the same as that described in [48]. In
Figure 4, two Areas of Interest (AoI) were defined by the
surveillance antenna beamwidth of 30◦ (in green), and 60◦

(in orange). Two potential IoOs were identified: Torrespaña,
with an Equivalent Radiated Power, ERP, equal to 20kW ,
and Algete, with an ERP equal to 11.8W . The former was
selected as the main IoO; Algete was discarded as interfering
IoO because it was out of the orange AoI. In Figure 5, the
view from the surveillance antenna is shown. The targets to
be sought were vehicles moving along the R2 highway (in light
blue) and the Meco road (in dark blue). A parking area with
trees and three Big Buildings (BBs) were identified: BB1 (a
research institute, made of Aluminium); BB2 (textile industry);
BB3 (industrial area).

 

 

Fig. 4. Radar scenario with two IoOs: Torrespaña (40◦25′16.64′′N ,
3◦39′51.39′′W , at a height of 658m) and Algete (40◦30′47.19′′N ,
3◦20′55.02′′W , at a height of 628m). PR located on the flat roof of
the Polytechnic School of the University of Alcalá (40◦30′46.97′′N ,
3◦20′55.42′′W , at a height of 628m)

Speeds lower than 6.5 km/h in the R2 highway and the
Meco road gave rise to Doppler shifts close to the zero Doppler
line of the CAF, −10 < fd < 10 Hz; but in a roundabout,
targets speeds up to 35 km/h would generate Doppler shifts in
this range, proving the impact of the radar system geometry
in the expected bistatic Doppler shifts. BBs were expected
to reflect a strong signal, whose maximum values would be
concentrated on the zero Doppler line of the CAF, at different
bistatic range bins.

A. Observation space parameters

A database composed of acquisitions of Tacq = 20s. was
generated controlling that there wasn’t any moving car in

 

Fig. 5. View from the surveillance antenna.

the scenario during system operation. Each acquisition was
divided into Coherent Processing Intervals (CPIs) of duration
Tint s., the integration time, using a periodic pulse train with
a selected Pulse Repetition Interval (PRI) (Figure 6).

 

Tint 

PRI 

Time (s) 

Tadq 

Fig. 6. Time processing parameters definition

PRI defines the data updating speed and is selected ac-
cording to the implemented signal processing scheme and
system application (as an example, in [54] PRI = 0.6s and
Tint = 0.5s). In this work, PRI = Tint.

Taking into consideration desired targets dynamics, PRI =
Tint = 250 ms was selected in [48]. In this work, Tint ∈
{250ms, 500ms} were used, for evaluating the impact of
system Doppler resolution in clutter characterization.

Each CAF matrix was composed of 1, 000 range bins,
covering a distance of 9.450 km along the pointing direction.
Doppler ranged from −799.744Hz to 799.744Hz, but the
frequency step depended on Tint: 4 Hz for Tint = 250ms,
and 2 Hz for Tint = 500ms. Different Doppler regions
were defined following a subjective criterion based on CAF
magnitude mean level estimation, and possible targets Doppler
shifts (Figure 7):
- Areas far from the zero Doppler: 1A [−799; −550]Hz, and

1B [550; 799]Hz.
- Areas where aircrafts flying at low altitudes could be

detected:2A (−550; −300]Hz, and 2B [300; 550)Hz.
- Areas where terrestrial vehicles are expected [48]: 3A

(−300; −40]Hz, 3B [40; 300)Hz, and 4 (−40; 40)Hz.
Area 4 is of special interest because it concentrates ground
clutter highest contributions.
For saving space, and without loss of generality nor accu-

racy, the data acquired on February 13, 2015 were selected.
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Fig. 7. Example of CAF function (normalized magnitude in dB), with the
defined study regions and BBs contributions maxima.

I and Q components were identically distributed, because
of that, only the results related to the I component were
included. The PDF of data amplitude can be obtained fom the
PDF of their intensity, so only intensity results are presented.
For each clutter region, KS-Test2 and CM-Test2 goodness-
of-fit tests (5% significance level), skewness, kurtosis, and
AutoCorrelacion Functions (ACFs) were analysed.

VI. STATISTICAL ANALYSIS RESULTS

In Table III, dKS , dCM , and pCM values for regions 1, 2
and 3, Tint = 250 ms and 500 ms, are shown.
− Intensity was exponentially distributed. Weibull, Gamma

and K-distributions also were accepted, with estimated
parameters quite close to the values that make them equal
to the exponential.

− The Log-normal distribution was discarded. dKS and dCM

values belonged to [0.068, 0.072] and [47.90, 124], respec-
tively, with pCM = 0.

− The I component was Gaussian distributed. The study
of the skewness and excess kurtosis values for I and Q
components confirmed it.

TABLE III
GOODNESS-OF-FIT TEST DISTANCES AND p − value FOR CM-TEST2 WITH

α = 0.05; REGIONS i − A AND i − B, i = 1, 2, 3.

Intensity Q component
E, Tint = 250ms N, Tint = 250ms

dKS dCM pCM dKS dCM αCM

1A 0.005 0.15 0.3738 0.008 1.15 0.2277
2A 0.004 0.07 0.7533 0.003 0.08 0.5186
3A 0.004 0.07 0.7522 0.005 0.54 0.5799
4 0.92 3138 0 0.94 6341 0

3B 0.004 0.08 0.7079 0.004 0.20 0.7857
2B 0.005 0.19 0.2950 0.003 0.08 0.2527
1B 0.008 0.55 0.3012 0.007 1.27 0.6362

E, Tint = 500ms N, Tint = 500ms

1A 0.005 0.22 0.4321 0.003 0.09 0.6199
2A 0.005 0.114 0.7118 0.003 0.09 0.6314
3A 0.003 0.10 0.3730 0.002 0.04 0.9182
4 0.42 682 0 0.42 1370 0

3B 0.004 0.06 0.2623 0.002 0.082 0.6783
2B 0.005 0.21 0.6937 0.001 0.03 0.9809
1B 0.004 0.09 0.2930 0.003 0.23 0.2091
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Fig. 8. Standard deviation (std) of the I component in the Gaussian regions
of the CAF

Statistical parameters were similar in regions i − A and
i − B, and depended on Tint. Figure 8 represent the standard
deviations (std) of the I components for the different regions.

In region 4 all distributions were rejected (bold numbers
in Tables III and IV). Q samples had negative skewness and
positive excess kurtosis: γ3 = −2.342 and γ4,exc = 469.957
for Tint = 250ms, and γ3 = −2.889 and γ4,exc = 867.027 for
Tint = 500ms; skewness and positive excess kurtosis values
for I were quite different: γ3 = −19.740 and γ4,exc = 1, 776
for Tint = 250ms, and γ3 = −26.655 and γ4,exc = 3, 283 for
Tint = 500ms.

A. Study of the non-Gaussian region of the CAF

Region 4 was divided into different sub-regions:
- Tint = 250ms. Doppler resolution of 4Hz.

Intervals (Hz): [−42, −18); [18, 30); [30, 42).
Lines (Hz): [−18, −14); [−14, −10); [−10, −6); [−6, −2);
[−2, 2); [2, 6); [6, 10); [10, 14); [14, 18).

- Tint = 500ms. Doppler resolution of 2Hz.
Intervals (Hz): [−41, −15); [−15, −9); [15, 31); [31, 41).
Lines (Hz): [−9, −7); [−7, −5); [−5, −3); [−3, −1);
[−1, 1); [1, 3); [3, 5); [5, 7); [7, 9); [9, 11); [11, 13); [13, 15).

Table V presents the accepted distributions and the asso-
ciated dCM and pCM values. Subregions far away from the
zero Doppler line are Gaussian distributed. Weibull, K and
Gamma distributions were also accepted for the intensity, with
estimated parameters that made them equal to the Exponential.
The I component can be modeled with 4 − GMDs along the
zero Doppler, but any of the considered intensity distributions
passed the tests. Figure 9 shows the ECDFs and some esti-
mated ones for the zero Doppler line and Tint = 250ms.

 

(a) Intensity

 

(b) Real Part

Fig. 9. CDFs for the zero Doppler line and Tint = 250ms.
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TABLE IV
GOODNESS-OF-FIT TEST DISTANCES AND p − value FOR CM-TEST2 WITH α = 0.05; REGION 4; Tint ∈ {250ms, 500ms}.

Intensity, Tint = 250ms Q component, Tint = 250ms

W K LN Γ LG
dKS dCM pCM dKS dCM pCM dKS dCM pCM dKS dCM pCM dKS dCM pCM

0.22 210 0 0.96 3051 0 0.13 49 0 0.46 630 0 0.16 123 0
Intensity, Tint = 500ms Q component, Tint = 500ms

0.20 396 0 0.96 5913 0 0.11 68 0 0.48 1313 0 0.08 46 0

TABLE V
GOODNESS-OF-FIT TESTS FOR REGION 4; Tint = 250 MS AND Tint = 500 MS

fd (Hz) Intensity, Tint = 250ms Real part, Tint = 250ms Intensity, Tint = 500ms Real Part, Tint = 500ms

PDF dCM pCM PDF dCM pCM PDF dCM pCM PDF dCM pCM

[−15, −14) E 0.114 0.5221 N 0.113 0.5255 E 0.17 0.3216 N 0.08 0.7126
[−14, −13)

[−13, −12)

[−12, −11)

[−11, −10)

2 − ΓMD 0.06 0.8197 2 − GMD 0.096 0.6810

[−10; −9)

2-ΓMD 0.06 0.8216 2 − GMD 0.12 0.5066

[−9; −8)

[−8; −7)
2-ΓMD 0.13 0.4371 2 − GMD 0.05 0.8441

[−7; −6)

2 − ΓMD 0.09 0.6496 2 − GMD 0.09 0.6148

[−6; −5)
2 − ΓMD 0.02 0.9914 2 − GMD 0.14 0.9032

[−5; −4)

[−4; −3)
2 − ΓMD 0.12 0.5082 2 − GMD 0.04 0.5746

[−3; −2)

2 − ΓMD 0.16 0.3687 2 − GMD 0.15 0.3759

[−2; −1)
2 − ΓMD 0.11 0.5412 2 − GMD 0.11 0.5246

[−1; 0)

[0; 1)
LN 3.99 1 4 − GMD 0.21 0.6540

[1; 2)

LN 8.66 1 4 − MGD 0.33 0.11
2 − ΓMD 0.05 0.8646 2 − GMD 0.37 0.088

Figure 9(a) presents the LN CDF, together with the esti-
mated 5 and 6 − ΓMDs. Figure 9(b) depicts CDFs for the
4 and 3 − GMDs to show the error associated to the latest.
Data obtained with Tint = 250ms were used; results were
similar for Tint = 500ms. For the rest of Doppler subregions,
2−ΓMD and 2−GMD are proposed for the intensity and the
I component, respectively. In Figure 10, ECDFs are compared
to the theoretical models for two Doppler lines: that associated
to the lowest Doppler shifts for region 4, and that just next to
the zero Doppler.
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Fig. 10. CDFs for region 4 and Tint = 250ms: fd ∈ [−14, −10)Hz (top);
fd ∈ [−6, −2)Hz (bottom).

The Exponential distribution is depicted in the first case
(left image in Figure 10) to show the difference with respect
to the empirical one; in the second case, 2 − ΓMD and 3 −
ΓMD are plotted to show that although 3−ΓMD could have
been chosen by visual inspection, the 2 − ΓMD passed the
test and was selected due to its simplicity. Figures 11 and 12
show the variation of the 2 − GMD parameters throughout
the defined Doppler subregions for Tint = 250ms and Tint =
500ms, respectively. 4−MGD parameters for Doppler region
[−2, 2)Hz and Tint = 250ms are included in Table VI.

TABLE VI
PARAMETERS OF THE 4 − MGD IN [−2, 2)HZ FOR Tint = 250MS

Component 1st 2nd 3rd 4th

µ · 10−2 11.80 0.1922 0.0640 −0.02680
Std ·10−2 35.60 5.33 1.20 0.3280
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Fig. 11. 2 − GMDs parameters for the I component and Tint = 250ms.
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VII. LR DETECTORS FORMULATION

For the formulation of the NP detector, the likelihood
functions of the complex observation vector are required
(expression (1)). In the case of study, this vector is composed
of a single complex sample, z̃ = z̃, so the joint pdf of z̄ =
[Re{z̃}, Im{z̃}]T = [z1, z2]

T under both hypotheses must be
estimated (T denotes the transpose operation). Although the
detectors are applied to a single complex sample, the CFAR
techniques required for estimating the detection thresholds will
process the data in range reference windows. Because of that,
joint PDFs and Autocorrelation Functions (ACFs) along range
are analysed in the following subsections. For saving space,
from now on, only results for Tint = 250ms will be included.
Conclusions were similar for Tint = 500ms with different sets
of parameters.

A. Gaussian areas of the CAF

As I and Q components are Gaussians, they are independent,
and the likelihood function of z̄ can be expressed as the
product of its marginals. A possible implementation of the NP
detector consists in comparing |z̄|2 with a detection threshold
selected according to PFA requirements [52].

The basic Cell-Averaging CA-CFAR detector is optimum
when input samples are independent and identical distributed
exponential random variables. To check the suitability of this
CFAR technique, the ACFs along range were estimated for
regions i − A, i = 1, 2, 3 (Figure 13). Similar results were
obtained for regions i − B, i = 1, 2, 3. The estimated average
one-lag correlation coefficient was ρrange = 0.2322.
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Fig. 13. Estimated normalized ACF along range for Tint = 250ms, and
regions i − A, i = 1, 2, 3.

The ACFs presented peaks, lower than 0.2 except for the
samples close to the main peak. To evaluate their impact on
the detection process, CA-CFAR detectors were implemented
for ρrange = 0 and ρrange = 0.2322, and applied to the
squared magnitude of the complex data, using Nr-length range
reference windows [68]. This simple methodology is based on
the hypothesis that if the estimated ρrange was relevant, the
CA-CFAR designed for ρrange = 0.2322 would present better
performance than the CA-CFAR designed for ρrange = 0.
The estimated PFA was used as performance parameter. In
Table VII the estimated PFAs are very similar and close to
the desired one, so we could conclude that the impact of the
correlation peaks on the detection performance was negligible,
and in regions i−A and i−B, i = 1, 2, 3, CAF samples could
be assumed to be uncorrelated along range.

TABLE VII
ESTIMATED PF A FOR CA-CFAR DETECTORS WITH DIFFERENT ρ:

REGIONS 1-3, DESIRED PF A = 10−4

Nr ρ = 0 ρ = 0.2322
16 7.1612 · 10−5 8.705 · 10−5

32 8.684 · 10−5 9.613 · 10−5

64 8.937 · 10−5 9.549 · 10−5

100 9.402 · 10−5 9.719 · 10−5

B. Non-Gaussian areas of the CAF

I and Q components were orthogonal, but, as they weren’t
Gaussian, we couldn’t assume they were independent. The
Expectation-Maximization (EM) algorithm was used for es-
timating their joint distributions as mixtures of 2D Gaussians
(3)[69]. The complete region was studied due to its asymmetry
with respect to the zero Doppler. N = 2 for all subregions
except for the zero Doppler, which required N = 4; µ̄i and
Ci are the mean vector and the covariance matrix of the i−th
component, respectively; |Ci| denotes the determinant of Ci,
and ki are the mixture coefficients, (k1 + ... + kN = 1).

f(z̄) =

N∑

i=1

ki

2π ·
√

|Ci|
· exp

(−(z̄ − µ̄i)
T · C−1

i · (z̄ − µ̄i)

2

)

(3)
Tables VIII and IX summarize the estimated parameters,

and the results of the 2D-KS-test2 algorithm [70], proving
that the proposed distributions fulfilled the test. Results of the
correlation study showed again peaks lower than 0.2, except
for the samples close to the main peak, whose impact in
detection performance was neglected (Figure 14).

−100 −50 0 50 100

0

0.2

0.4

0.6

0.8

1

Lags

A
C

F

 

 

f
d
 = 0 Hz

−100 −50 0 50 100

0

0.2

0.4

0.6

0.8

1

Lags

A
C

F

 

 

f
d
 = 4 Hz

f
d
 = −4 Hz

f
d
 = −12 Hz

f
d
 = 12 Hz

Fig. 14. Estimated normalized ACFs along range for Tint = 250 ms.
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TABLE VIII
ESTIMATED PARAMETERS FOR THE MIXTURES OF 2D GAUSSIANS. DOPPLER INTERVALS DEFINED FOR Tint = 250ms.

Doppler k1 10−4 · µ1 10−6 · C1 k2 10−4 · µ2 10−6 · C2 dKS pKS

[−14, −10) 0.6873 [−0.264, 0.179]


 0.1665 −0.0186

−0.0186 0.1924


 0.3127 [−1.048, −0.817]


0.3994 0.0610

0.0610 0.3816


 0.0530 0.2

[−10, −6) 0.0175 [−1.0044, −0.5305]


2.319 0.108

0.108 2.204


 0.9825 [0.2665, −0.5305]


 0.2533 −0.0023

−0.0023 0.2497


 0.0430 0.2

[−6, −2) 0.9314 [−0.494, −0.019]


 0.256 −0.002

−0.002 0.275


 0.0686 [−1.881, −3.288]


 3.253 −0.073

−0.073 3.427


 0.0490 0.2

[2, 6) 0.0772 [2.999, 0.175]


 8.674 −2.429

−2.429 6.417


 0.9228 [−0.089, −0.723]


 0.326 −0.003

−0.003 0.305


 0.0540 0.2

[6, 10) 0.0606 [−0.587, .0.166]


 0.970 −0.071

−0.071 1.303


 0.9394 [0.459, −2.975]


0.233 0.006

0.006 0.220


 0.0520 0.2

[10, 14) 0.9868 [0.555, 0.627]


0.238 0.006

0.006 0.233


 0.0132 [0.6255.967]


 0.255 −0.500

−0.500 1.663


 0.0540 0.2

[14, 18) 0.0169 [0.304, −1.476]


1.470 1.379

1.379 2.486


 0.9831 [−0.654, 0.266]


 0.222 −0.010

−0.010 0.202


 0.0420 0.2

[18, 30) 0.4246 [0.372, −0.236]


0.292 0.046

0.046 0.185


 0.5754 [−0.104, 0.283]


 0.189 −0.031

−0.031 0.249


 0.0343 0.2

TABLE IX
ESTIMATED PARAMETERS FOR THE 4 − MGD PROPOSED FOR THE

DOPPLER INTERVAL [−2, 2)HZ, AND Tint = 250ms.

k1 10−4 · µ1 10−6 · C1

0.4132 [−1.005, 1.034]


13.6 −1

−1 10.3




0.1684 [2, 9.509]


2, 396 148

148 2, 487




0.0112 [646, −1, 410]


 94 · 103 −27 · 103

−27 · 103 39 · 103




0.4072 [8.289, −2.871]


139 −12

−12 143




dKS = 0.038, pKS = 0.2

For obtaining f(z̄|H1), a Gaussian target model
was assumed (Gaussians I and Q components of zero
mean and variance σ2

target). The total mean vector
of f(z̄|H0) was calculated as µ̄total =

∑N
i=1 ki · µ̄i;

the total covariance matrix was calculated as
Ctotal =

∑N
i=1 ki

(
Ci + (µ̄i − µ̄total) · (µ̄i − µ̄total)

T
)

,
with N = 2 for all subregions except the one centred on the
zero Doppler, for which N = 4.

For generating samples of f(z̄|H0), samples of the in-
dividual components must be generated with probabilities
equal to the mixture coefficients. When a target is present,
its covariance matrix (Ctarget = σ2

target · I, being I the 2D
identity matrix) is added to the covariance matrixes of
the individual components of the H0 mixture, to obtain
f(z̄|H1). The Signal-to-Interference Ratio (SIR) is defined
as SIR = 10 log10

(
2σ2

target

tr(Ctotal)

)
, where tr(Ctotal) denotes the

traze of Ctotal. The LR detector is expressed in (4).

∑N
i=1

ki exp

(
−(z̄−µ̄i)

T ·(Ci+σ2
targetI)

−1·(z̄−µ̄i)

2

)

2π·
√

|Ci+σ2
targetI)|

∑N
i=1

ki exp

(
−(z̄−µ̄i)

T ·C−1
i

·(z̄−µ̄i)

2

)

2π·
√

|Ci|

H1

≷
H0

ηlr(PF A) (4)

The SIR value associated to the σ2
target used in expression

(4) will be denoted as SIRd; while the SIR value associated
to the σ2

target used for generating synthetic data as input of (4)
to estimate PD will be denoted as SIRs. PD was estimated
for SIRd = SIRs, to determine the minimum SIRd values
for PD > 80%, and PFA = 10−4 for the different subregions
(Figure 15). These SIRd values will be used for implementing
the bank of LR detectors (4).
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Fig. 15. SIRd for the design of the LR detectors for Tint = 500ms.

Results presented in Figure 15 were generated following
this methodology:
1) Vectors of 106 complex samples under H0 were generated

with the parameters included in Figure 8, and Tables VIII
and IX. As the parameters of regions i− A and i −B, i =
1, 2, 3, were similar, a total of 12 vectors were generated:
9 for region 4, and 3 for the Gaussian areas.
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Fig. 16. Amplitude (dB) of the outputs generated by a square-law envelope detector applied to the CAF output (a); ECA filter, CAF, and an square-law
envelope detector (b); bank of LR detectors applied to the CAF (c).

2) For each region, LR detectors were built for SIRd ranging
from 10dB to 40 dB in steps of 0.1dB. Detection thresholds
for PFA = 10−4 were estimated for each LR by Montecarlo
simulations using the data sets described in the previous
step (estimation error lower than 10%).

3) 12 vector sets were generated under H1 for PD estimation:
one set for each CAF region. Each set was composed of
vectors of 1000 samples: one vector for each SIRs ranging
from 10dB to 40 dB in steps of 0.1dB.

4) The set of H1 vectors designed for a region was applied to
the LR detectors of that region designed for SIRs = SIRd

varying from 10dB to 40dB in steps of 0.1 dB. PD was
estimated by Montecarlo simulations using the detection
thresholds estimated in step 2.
The outputs of three detection schemes for a CPI are

presented in Figure 16: (a) a square-law envelope detector
applied to the CAF output; (b) a zero Doppler suppression
technique based on an Extensive CAncellation (ECA) filter,
the CAF, and an square-law envelope detector [48]; (c) bank
of LR detectors applied to the CAF. Results prove the better
performance of the bank of LR detectors in clutter suppression.

VIII. MLP-CFAR FOR THE BANK OF LR DETECTORS

The complexity of expression (4), the variability of SIRd,
ki, µ̄i, and Ci, i = 1, ..., N , along Doppler, and the com-
putational cost associated to PFA estimations, motivate the
proposal of an alternative CFAR technique to be applied to
Figure 16.c). Taking [49] as a starting point, the objective
was the design of a single MultiLayer Perceptron (MLP) with
one hidden layer capable of estimating the desired detection
thresholds. The proposed solution is presented in Figure 17:
a sliding range window of 2(R + Rguard + 1) cells is shifted
along each Doppler line of the output of the bank of LR
detectors (2R reference cells for estimating the detection
threshold, 2Rguard cells for avoiding the contribution of target
components when a target is in the CUT, and the CUT cell);
Doppler lines are processed sequentially, reference cells are
applied to the MLP-CFAR, which will generate a threshold
for the associated CUT.

For training the MLP, independent synthetic data sets were
generated for training, cross-validation and testing. Each set
was composed of R−length vectors generated under H0, with

the parameters included in Figure 8, and Tables VIII and IX.
After a study of the scenario and targets dynamics, R = 32 and
Rguard = 6 were selected. The training set was composed of
9,000 patterns, 750 patterns per clutter region (i−A, i = 1...3,
and the 9 subregions defined in region 4 for Tint = 250ms).
Validation and test sets had the same structure, with 250 and
106 patterns per clutter subregion, respectively. The detection
thresholds estimated for the implemented LR detectors bank,
for a PFA = 10−4, were used as desired outputs.

The Levenberg-Marquardt optimization algorithm was ap-
plied for MLP training. This algorithm uses the sum of
squares error as objective function and an approximation of
the Hessian matrix based on the Jacobian matrix in a Newton
based updating rule [71]. If w̄ = [w1, ..., wP ] is the vector
composed of all the MLP weights and bias, the updating rule
in iteration n is w̄(n+1) = w̄(n)−

(
JT (n) · JT (n) + µI

)−1 ·
JT (n) · e(w̄(n)), where:
- e(w̄(n)) = 1

2

∑Ntrain

j=1 e2(j) is the error, being Ntrain the
number of training patterns and e(i) the difference between
the MLP output and the desired one for the i − th pattern
of the training set, in the n − th iteration.

- J(n) is the Jacobian matrix of e(w̄(n)). It’s a NtrainxP
matrix and the element in row i and column j is calculated
as J[i, j] = ∂e(i)

∂wj
.

- µ is a positive constant that is choosen to guarantee that
the matrix to be inverted is definite positive. If µ = 0 the
updating rule is equal to the Newton’s method one; if µ is
high, the rule algorithm behaves as a gradient descent one
with a small step size. The aim is to shift toward Newton’s
method as quickly as possible. Thus, µ is decreased after
each successful step, and it is increased when a tentative
step would increase the performance function.
For determining the number of hidden neurons, M , MLPs

with M ∈{3,4,5,7} were trained, following a methodology
based on NN growing [72]. Figure 18 shows the detection
thresholds estimated by each MLP, for the Doppler regions
defined for Tint=250ms, and a desired PFA = 10−4. The
minimum estimated mean squared error between the desired
and the estimated thresholds was obtained for M = 4. Because
of that, M = 4 was elected.

For detection performance evaluation, the time parameters
used in [48] were selected: Tacq=30s, Tint = PRI=250ms.
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Fig. 17. Proposed MLP-CFAR scheme.
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Fig. 18. Detection thresholds estimated by MLPs with different number of
hidden neurons for a desired PF A = 10−4.

Figure 19 shows the superposition of detectors outputs for the
120 CPIs of an acquisition.

PFA was estimated by Montecarlo simulations for the whole
CAF and Region 4:
• Whole CAF: P̂FA = 3.23 ·10−4 for the CA-CFAR; P̂FA =

1.85·10−4 for the bank of LR detectors and the MLP-CFAR
trained for PFA = 10−4. Estimation error: 1.8%.

• Region 4: P̂FA = 3.2 · 10−3 for the CA-CFAR; P̂FA =
6.97 · 10−4 for the bank of LR detectors and the MLP-
CFAR trained for PFA = 10−4. Estimation error: 7.71%.
PFAs estimated for both detection schemes using the whole

CAF are higher than the desired one. The value estimated for
the LR bank and the MLP-CFAR are closer to the desired
one. Most of the Doppler regions of the CAF were Gaussian
distributted, because of that, PFA was also estimated in Region
4, where non-Gaussian models concentrate. In this case, the
LR bank with a MLP-CFAR clearly outperforms the CA-
CFAR, as expected, but the estimated PFA is significantly far
from the desired one. This phenomenon was also observed in
[49]: CA-CFAR detection threshold estimation rule is designed
for the available set of R samples, and an estimation error
is expected that will give rise to an overestimation of the
detection threshold that guarantees the required PFA at the
expense of a loss in PD (CFAR losses); the MLP-CFAR was
trained to approximate the detection thresholds required by
the LR detectors for infinite homogeneous regions, so the
associated CFAR losses will be higher. To reduce them, a
lower training PFA value was estimated for determining the
desired outputs (thresholds) to be estimated by the MLP [49].
Table X summarizes the considered training PFA values and
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Fig. 19. Superposition of detectors outputs for an acquisition, and a desired
PF A = 10−4 : (a) conventional CA-CFAR applied to Figure 16 a); (b) MLP-
CFAR with M = 4, trained with thresholds estimated for PF A = 10−4,
applied to Figure 16 c).

the estimated PFAs for the whole CAF and Region 4. Finally,
the MLP trained for a desired PFA = 10−5 was selected, and
the superposition of this detector outputs for an acquisition are
shown in Figure 20.

TABLE X
P̂F AS FOR MLPS TRAINED FOR DIFFERENT PF AS.

Training PF A Whole CAF estimated PF A Region 4 estimated PF A

10−4 1.85 · 10−4 6.97 · 10−4

7 · 10−5 1.84 · 10−4 6.96 · 10−4

5 · 10−5 1.56 · 10−4 6.042 · 10−4

10−5 1.01 · 10−4 4.45 · 10−4
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Fig. 20. Superposition of the outputs generated by the MLP-CFAR trained
with thresholds estimated for PF A = 10−5, applied to Figure 16 c).

In [48], an ECA filter was applied before the CAF, to reduce
zero Doppler interference; for a desired PFA = 10−6, the
best detection scheme among those considered provided an
estimated P̂FA = 5.499 · 10−6, which means a relative error
of 44.99%.

Visual inspection of Figure 20 demonstrates the superior
performance of the MLP-CFAR trained for a desired PFA =
10−5. Results generated by the tracking system described in
[48] are presented in Figure 21. The LR detectors bank and
the MLP-CFAR trained for PFA = 10−5 allowed the tracker
to confirm a total of 25 tracks (also confirmed by visual
information about non-cooperative targets), whereas from the
CA-CFAR output only 13 tracks were confirmed. Considering
the total lenght of the 25 tracks as a reference (a total of
1, 031 points), detection performance was characterized as the
number of plots generated after the detection stage divided by
1, 031: 51% for the CA-CFAR, and 79% for the bank of LR
detectors and the MLP-CFAR.
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Fig. 21. Tracker outputs for the CA-CFAR and the bank of LR detectors
with the MLP-CFAR.

IX. CONCLUSIONS

In this paper, statistical and machine learning signal process-
ing methods are combined as a step towards the automation of
cognitive functionality in passive radars. In cognitive radars,
the feedback from the receiver to the transmitter is a facilitator
of intelligence; in passive radars, this feedback is not possible,
but an intelligent algorithm capable of selecting the most
suitable IoO among those available in the radar scenario can
be designed and implemented. In any case, the capability
of radar scenario characterization is a key element, being
clutter of critical relevance. Because of that, a detailed study
of statistical analysis tools and their application to real data

acquired by an operating PR demonstrator is the first task to be
tackled. One of the objectives of this paper is to demonstrate
that the knowledge about the statistical characterization of the
radar returns can be used to design machine learning based
detectors, exploiting the concept of cognition in passive radars.

The considered case study was the use of a DVB-T based
passive radar for terrestrial traffic monitoring in a semi-urban
scenario. To approximate the Neyman-Pearson detector, a
solution based on the LR detector was proposed, considering
the following hypotheses:
• Ground clutter can be characterized from measurements to

model the likelihood function under H0.
• Ground clutter models are expected to present small varia-

tions along time, and these variations can be characterized
to modify the proposed likelihood function under H0.

• A Gaussian target is assumed.
• The proposed detector uses a single observation, but the

associated CFAR technique uses a set of observations to
estimate the detection threshold.

• The detection rule discriminant function is expected to be
complex. The capabilities of machine learning techniqes
will be exploited for designing a coherent CFAR technique
for the proposed detection scheme.
To accomplish ground clutter characterization, real data

acquired by the technological demonstrator IDEPAR, a multi-
channel DVB-T based PR demonstrator, were analyzed. The
selected scenario was located at University of Alcalá external
campus, a semi-urban environment characterized by the pres-
ence of big buildings, that were expected to generate strong
radar returns, and parking areas. As Doppler resolution is a
function of the integration time, two values were considered
for comparison purposes.

To model the likelihood function under H0, an exhaustive
statistical analysis was performed throughout all the CAF
space, without applying any pre-processing stage that could
alter clutter statistics. ECDF estimations, goodness-of-fit tests,
skewness and kurtosis, and correlation properties were ana-
lyzed to determine the most suitable clutter model among a
representative selection of models proposed in the literature.
Results proved that a Gaussian clutter model could be assumed
for absolute Doppler shifts higher than 40Hz. In the region
centred in the zero-Doppler, with absolute value of Doppler
shifts lower than 40Hz, a non-homogeneous characterization
was required. Mixtures of Γs and Gaussians were proposed
for the intensity and the real (imaginary) parts, respectively.
Two mixture components were enough in all cases, but for
the zero Doppler line, where four mixture components were
required.

For formulating the LR detector, the complex samples were
characterized and mixtures of 2D-Gaussians were estimated.
The correlation properties were also analysed, taking into
consideration the operation principle of CFAR techniques.
Results proved that CAF samples were uncorrelated along
range, making the CA-CFAR detector the optimum solution
for the Gaussian regions (the most part of the CAF).

A bank of LR detectors was implemented for the non-
Gaussian region. Their output magnitude was compared with
the output magnitude of the CAF and the combination of an
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ECA filter and the CAF, demonstrating the superior perfor-
mance of the bank of LR detectors for clutter rejection.

Finally, the CFAR technique based on a MultiLayer Percep-
tron (MLP) proposed in [49] was generalized for designing a
single neural network for estimating the detection thresholds to
be applied to the output of the bank of LR detectors. A single
MLP with 64 inputs, one hidden layer with four neurons,
and one output is able to provide the required thresholds for
guaranteeing the desired PFA throughout all the CAF.

Presented results are expected to provide a deeper knowl-
edge about the impact of ground clutter components on the
detection of low Doppler shift targets. The proposed bank of
LR detectors based on Gaussians mixtures is quite easy to
implement and adapt to potential clutter changes. The MLP-
CFAR can be easily retrained thanks to its simplicity and the
possibility of generating synthetic data. On the other hand,
the proposed solution could be used as a reference in future
designs.
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Abstract: The problem of ground target detection with passive radars is considered. The design of
an antenna array based on commercial elements is presented, based on a non-uniform linear array
optimized according to sidelobe level requirements. Array processing techniques are applied in the
cross-ambiguity function domain to exploit integration gain, system resolution and the sparsity of
targets in this domain. A modified two-stage detection scheme is described, which is based on a
previously-published one by other authors. All of these contributions are validated in a real semiurban
scenario, proving the capabilities of detection, the direction of arrival estimation and the tracking of
ground targets in the presence of big buildings that generate strong clutter returns. Detection performance
is validated through the probability of false alarm and the probability of detection estimation with
specified estimation errors.

Keywords: passive radar; array; beamforming; non-ULA; DOA; detection

1. Introduction

Passive radar technology is being extensively developed to foresee and prevent the multiple threats
that modern society faces. In recent years, the improvement in computing capacity and the availability of
new technological solutions have increased the interest in Passive Radar Systems (PRSs) as an alternative
option to active radars. PRSs present many advantages with respect to active ones: low development,
implementation and maintenance costs, small size, low weight, low probability of interception and
avoidance of electromagnetic compatibility or environmental impact problems. All of these features are
a result of the use of non-cooperative broadcast communications, radar or radionavigation transmitters,
as Illuminators of Opportunity (IoOs), rather than a dedicated radar transmitter [1].

A PRS is a multi-static system that allows multiple configurations depending on the number of
considered IoOs and receivers, with the objective of detecting targets and estimating their parameters (such
as position and velocity). The radar performance is strongly determined by the exploited IoO waveform
and the geometry of the radar scenario. The use of IoOs gives rise to complex processing architectures,
but thanks to the availability of Field-Programmable Gate Array (FPGA)-based programmable hardware
platforms and Graphic Processing Units (GPU), real-time processing is feasible.

Due to the lack of control over the transmitter, two channels are usually used (Figure 1):
a reference channel (to acquire the signal transmitted by the IoO) and a surveillance one (to capture
the target echoes). To estimate target dynamics information, delay and Doppler-shifted copies of the
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reference signal are correlated with the surveillance channel in order to generate the Cross-Ambiguity
Function (CAF).

Figure 1. Basic operating scheme of a Passive Radar System (PRS).

The received target echoes are extremely faint; therefore, high gain antennas are required in the
acquisition stage. If only a single antenna is used in the surveillance channel, the associated narrow
beamwidth (due to the inverse relation between antenna gain and beamwidth) leads to a considerable
reduction of the coverage area and makes angular discrimination at the detector level unfeasible.

Array processing and digital beamforming techniques have been proposed as a solution for PRS
in several works. An FM circular array was considered in [2,3] to obtain one reference and several
surveillance beams. In [4,5], a circular antenna array with elements for the VHF-range (150–350 MHz)
and the UHF-range (400–700 MHz) is used to exploit alternatively Digital Audio Broadcasting (DAB)
or Digital Video Broadcasting-Terrestrial (DVB-T) signals. Two-stage beamforming methods for low
complexity Constant False Alarm Rate (CFAR) detection and estimation of the angle of arrival in
DVB-T-based PRS have been proposed and tested in [6,7].

In this paper, instead of a Uniform Linear Array (ULA), a spatially-Non-Uniform Linear Array
(NULA) for the surveillance channel of a DVB-T passive radar demonstrator, IDEPAR (Improved
Detection Techniques for Passive Radars) PRS, is considered. IDEPAR was designed and developed
for terrestrial and maritime scenarios, and its capabilities were evaluated in [8–14]. Taking into
consideration the IDEPAR design requirement of using Commercial Off-The-Shelf (COTS) components
to the greatest possible extent, the array is based on commercial UHF antennas.

The advantage of the NULA is based on improving the radiation beam pattern of a linear aperture
of length L with uniformly-spaced array elements [15,16]. In the considered architecture, there are
different receiving chains, one per single radiating element, to generate the snapshots (vector composed
of complex samples associated with the output of each sensor). Snapshot models can be developed
in the frequency or time domain [15]. In this paper, the spatial filtering is applied in the frequency
domain to take advantage of the processing gain of the PRS. Beamforming techniques are applied in
a modified two-stage methodology based on [6,7], which is adapted to the NULA and the terrestrial
environments: the first step is focused on improving the target detection in the CAF domain, and the
second one consists of DoA estimation using a spectrum-based algorithm.

A real bistatic scenario, with the receiver at the rooftop terrace of the Polytechnic School
(University of Alcalá), was considered. This scenario was analyzed in [8], and the study is completed
with a more accurate estimation of system coverage. In [8], only free space losses were considered.
Taking into consideration that the desired targets are on the ground (cars), these estimations were really
rough. In this paper, the WinProp (AWE Communications) software is used to obtain more accurate
coverage estimations. Results confirm that the designed NULA based on COTS single radiating elements,



Remote Sens. 2017, 9, 756 3 of 29

in combination with the two-stage beamformer, is capable of improving the 2D localization accuracy of
terrestrial targets (cars) in semiurban scenarios, providing a low-cost solution for traffic monitoring.

The paper is structured as follows: In Section 2, a general description of the passive radar
operating principle and the DVB-T signal as IoO is presented. In Section 3, the problem of antenna
design for passive radars is formulated, and an NULA is designed with an optimization process,
solved using a genetic algorithm. In Section 4, spatial filtering based on weighting vectors for NULA
is described. In Section 5, the modified two-steps spatial filtering technique is detailed. In Section 6,
results are presented to validate the study with real data acquired in a semiurban scenario. Finally,
in Section 7, the main conclusions are summarized.

2. Passive Radars

2.1. General Description and Operating Principle

The basic architecture of passive bistatic radars is depicted in Figure 2:

• The reception stage includes the antenna system, the Radio-Frequency (RF) front-ends and the
Analog-to-Digital Conversion (ADC) stages for generating the digital reference and surveillance
channels.

• The processing stage includes the necessary preprocessing to reject interferences and the matched
filtering process. The interference can be composed of clutter (interfering radar echoes caused by
reflection from objects other than the target), the selected IoO signal present in the surveillance
channel (Direct Path Interference (DPI)) and IoO multipath.

• Finally, the output of the matched filter is applied to the detection stage in order to decide between
target absence or target presence.

Surveillance 
Channel Antenna

Reference 
Channel Antenna

Preprocessing (Adaptive 
canceller)

Detection and 
Tracking

Radio 
Frequency 
front-end

ADC

Radio 
Frequency 
Front-End

ADC

Cross 
Ambiguity 
Function

RECEPTION STAGE

PROCESSING STAGE

Figure 2. Basic architecture of a PRS with one surveillance channel and one reference channel.

To perform the matching filtering process, delay and Doppler-shifted copies of the reference
signal are correlated with the surveillance channel to generate the Cross-Ambiguity Function (CAF).
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For each Coherent Processing Interval (CPI) of duration Tint (s), and a sampling frequency fs (Hz),
the discrete time expression of the CAF is presented in Equation (1):

SCAF [m, p] =
NCAF−1

∑
n=0

s∗re f [n−m] · s [n] · exp−j2π
p

NCAF
n (1)

where:

− NCAF is the number of samples in the CPI (NCAF = Tint fs).
− m represents the time bin associated with a delay τm = m/ fs.
− p is the frequency bin corresponding to a Doppler-shift fDop(p) = fs (p/NCAF).
− sre f [n] is the reference signal at the output of the pre-processing stage.
− s[n] is the surveillance signal at the output of the pre-processing stage.

In PRS, one of the key issues is the suppression of the DPI, which correlates perfectly with
the reference signal. Although it is confined to the zero-Doppler and zero-range bin of the RDS, it
produces range and Doppler sidelobes that are several orders of magnitude greater than the echoes
that are sought. Actually, the target echo power is usually much lower (e.g., 80–100 dB) than the DPI
power. Due to the variability of the signal to be suppressed, adaptive algorithms are used [17,18].
The Extensive Cancellation Algorithm (ECA) is widely used [17,19].

2.2. Illuminator of Opportunity Selection: DVB-T Signals

Most of the PRS parameters depend on IoO characteristics: availability, radiated power, coverage
area, transmitted waveform. In the passive radar literature, digital commercial waveforms have
been extensively analyzed to determine their impact on system resolution, detection ambiguities
and expected coverage: DAB [20], Global System for Mobile (GSM) [21], Universal Mobile
Telecommunication System (UMTS) [22] and DVB-T, the European Union standard, [23,24].

The Ambiguity Function (AF) is a powerful tool to analyze the detection capabilities of radar
signals [25]. The AF allows the estimation of the bistatic range and Doppler shift of the target and
provides the necessary signal processing gain to allow the target echo detection, performing as
a matched filter for the radar system.

DVB-T is the digital terrestrial television broadcast transmission standard most used in the
European Union [26] and has been used as IoO in this study. This system transmits compressed
digital audio, digital video and other data in an MPEG transport stream, using Coded Orthogonal
Frequency-Division Multiplexing (COFDM) modulation. COFDM works by splitting the digital data
stream into a large number of digital streams, which digitally modulates a set of closely-spaced adjacent
sub-carrier frequencies. In the case of DVB-T, there are two options for the number of carriers, known
as 2 K-mode or 8 K-mode.

DVB-T signals are composed of a random component, generated by the interleaving and the
OFDM modulation of the MPEG-2 signal, and a deterministic component generated by the presence of
signaling elements (Guard Interval (GI), Pilot Carriers (PC) and Transport Parameter Signaling (TPS)).
Deterministic components of the DVB-T signal give rise to ambiguity peaks in the AF. The range of
ambiguities is summarized in Table 1.

Table 1. Ambiguity peaks location in the range domain for the 2 k and 8 k modes, due to Guard
Interval (GI), Pilot Carriers (PC) and Transport Parameter Signaling (TPS).

Mode GI Peaks (km) Scattered PC (km) Continual PC (km) TPS (km)

2 k, TU = 224 µs Every 33.6 Every 2.8 & 138.6 Every 11.2 & 34.65 34.65
8 k, TU = 896 µs Every 134.4 Every 11.2 & 554.4 Every 44.8 & 138.6 138.6
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In the scenario under analysis, located in Madrid (Spain), the 8 K mode was adopted. In Figure 3,
the zero Doppler cut of the AF of a single channel DVB-T signal is presented. The expected ambiguity
peaks are shown together with the main peak located at the range-Doppler plane origin.

Figure 3. Zero-Doppler cut of the Ambiguity Function (AF) of a simulated Digital Video
Broadcasting-Terrestrial (DVB-T) signal.

3. Passive Radar Array Antenna Design

3.1. Problem Formulation

The design of an array antenna to be part of the IDEPAR demonstrator [8], which has been used
to test the algorithms, is one of the objectives of this paper. Figure 4 presents a functional block
diagram of this multichannel DVB-T-based PRS. To ensure an easy maintenance and low-cost, COTS
components were used as much as possible, and following this design requirement, commercial
antennas were selected.

Figure 4. Functional block diagram of Improved Detection Techniques for Passive Radars (IDEPAR).

The use of an antenna array and array digital signal processing could provide further benefits:

• Reducing the direct signal interference, by creating suitable nulls in the beam pattern in the
direction of transmitters.
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• Enabling the application of beamforming techniques for estimating the target azimuth location.
• Increasing the angular coverage using an individual element of the array with a wide beamwidth.

The Televés 4G NOVA antenna (Figure 5), which is a log-periodic antenna designed in microstrip
technology for operating in the 698 MHz–960 MHz and the 1700 MHz–2700 MHz bands, was selected
according to the following requirements: (a) broad beamwidth to provide the required angular
coverage and a wide range of steering angles; (b) high discrimination between the main and the
back lobes; (c) small physical dimension. The 3D antenna model was generated and simulated in the
Ansoft HFSS (High Frequency Structure Simulator). Figure 6 shows the radiation patterns in elevation
and azimuth. The 3-dB azimuth beamwidth is approximately 60◦, and the directivity is 7.98 dBi for
770 MHz (Figure 7).

Figure 5. Televés 4G NOVA antenna.

(a) Elevation radiation pattern (b) Azimuth radiation pattern

Figure 6. Televés 4G NOVA antenna radiation pattern generated using ANSYS HFSS.

In a first approach, a study of Uniform-Linear Arrays (ULA) along the y-axis was carried out.
Arrays of five elements were considered because the current version of the passive radar demonstrator
includes six synchronized receiving chains: one for the reference channel and five for the surveillance
one. In Spain, DVB-T is transmitted in horizontal polarization, which requires all antennas to be
parallel to the ground. The inter-element spacing is limited by the width of the antenna, which could
give rise to the appearance of grating lobes. Equation (2) is the stringent condition for no grating lobes
[27], being φsa the steering angle and d the inter-element spacing.
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| sin(φsa)| <
λ

d
− 1 (2)

For d = 315 mm, the antenna width, beam patterns generated for steering angles higher than 13.7◦

and lower than −13.7◦ will present grating lobes at the operating frequency of 770 MHz. Although the
radiation pattern of the antenna reduces the effect of grating lobes, they can be seen in Figure 8 for
steering angles greater than or equal to 15◦.

Figure 7. Gain of the Televés 4G NOVA antenna.

Figure 8. Azimuth plane radiation pattern of the ULA with five Televes 4G NOVA antennas,
for 770 MHz, inter-element spacing equal to 315 mm and three steering directions: 0◦ (broadside), 15◦

and 30◦. The effect of grating lobes is marked with an ellipse.

A further study revealed that the reflector shown in Figure 5 only worked at the higher frequency
band (1700 MHz–2700 MHz), so we decided to remove it together with the radome, reducing the
minimum inter-element spacing to 210 mm. In this case, the steering angles’ interval for no grating
lobes is |φsa| 6 58.79◦.

As the single radiating element beamwidth is 60◦, the realistic steering angle interval is |φsa| 6 30◦.
Therefore, the inter-element spacing can be increased to improve array directivity while fulfilling
the no grating lobes condition expressed in Equation (2). If this condition is relaxed allowing the
appearance of part of the grating lobe for a steering angle φsa = 30◦, with a maximum level equal to
the Sidelobe Level (SLL), the inter-element spacing can be increased to 270 mm (Figure 12b). In this
work, when the SLL and Grating Lobe Level (GLL) are expressed in (dB), they are calculated as the
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difference in dB relative to the main lobe level. Therefore, the higher the value of SLL or GLL in dB,
the lower the importance of these lobes in the radiation pattern.

Simulation results for different steering angles (φsa = [−30◦,−15◦, 0◦, 15◦, 30◦]) for ULAs with
inter-element distances of 210 mm and 270 mm are summarized in Table 2. The SLL values obtained for
φsa = 30◦ with the ULAs are clearly bad. In order to obtain a compromise solution between directivity
and SLL, maintaining the beam steering capability in an azimuth range of ±30◦, a solution based on
Non-Uniform Linear Arrays (NULAs) was studied.

Table 2. Main characteristics of azimuth plane radiation patterns using conventional weighting of
the ULAs with inter-element distances of 210 mm and 270 mm, and a Non-ULA (NULA) with N = 5
elements. The considered steering angles are φ = [−30◦,−15◦, 0◦, 15◦, 30◦]. SLL, Sidelobe Level; BW,
Bandwidth; GLL, Grating Lobe Level.

Pointing Angle Array BW SLL (dB) GLL (dB) D (dBi)

−30◦
ULA (d = 210 mm) 20◦ 9.43 x 12.73

ULA (d = 270 mm) 17◦ 9.5 9.16 13.21

No ULA 19◦ 12.01 12.18 12.90

−15◦
ULA (d = 210 mm) 19◦ 12.12 x 12.86

ULA (d = 270 mm) 15◦ 11.57 x 13.78

No ULA 18◦ 13.94 x 13.13

0◦
ULA (d = 210 mm) 18◦ 15.06 x 12.93

ULA (d = 270 mm) 14◦ 13.84 x 13.87

No ULA 17◦ 16.62 x 13.20

15◦
ULA (d = 210 mm) 19◦ 12.29 x 12.88

ULA (d = 270 mm) 15◦ 11.7 x 13.80

No ULA 18◦ 14.09 x 13.15

30◦
ULA (d = 210 mm) 20◦ 9.68 x 12.72

ULA (d = 270 mm) 17◦ 9.64 9.75 13.21

No ULA 19◦ 11.66 12.67 12.90

3.2. Design of a Non-Uniform Array for Optimizing the SLL Value

In this subsection, the design of the NULA for the considered five-element array antenna is
described. The objective was to minimize the importance of the sidelobe level, so that the absolute
value of the difference (`1 norm) between the normalized radiation pattern and a specific value of
sidelobe level was calculated for φ outside the main beam width (BW3dB), which defines the system
azimuth resolution, and only for the values of φ where the normalized radiation pattern is higher than
the specific value of sidelobe level. When the sidelobe level is minimized, BW3dB increases, and the
resolution decreases. In order to control BW3dB, an additional term was added to the cost function,
to get a trade-off between sidelobe level and main beam width. The preliminary cost function to be
minimized is presented in Equation (3):

C(d, k, sllmax) = ∑
φ 6∈ BW3dB

|Ē(φ, d)| > sllmax

∣∣∣|Ē(φ, d)| − sllmax

∣∣∣+ k · BW3dB(d) (3)

• d and k are the parameters to be adjusted: d = [d1, d2, d3, · · · dN−1] is the inter-element distances
vector (d ∈ RN−1, for an array with N elements), and has been adjusted using a genetic
algorithm; k is the parameter that allows us to control the main beam width, BW3dB, and has been
adjusted experimentally.



Remote Sens. 2017, 9, 756 9 of 29

• |Ē(φ, d)| = |E(φ,d)|
|E(φ,d)|max

is the magnitude of the normalized radiation pattern of the array along the
y-axis expressed in natural units, particularized in θ = 90◦, the azimuth plane, for the considered
distances vector d. Note that for the evaluation of C(d, k, sllmax), only azimuth values outside the
main beam and with an associated radiation pattern magnitude higher than sllmax are considered
in the summation.

• sllmax is the specified maximum value of the sidelobe level in natural units. SLLmax(dB) is defined
as the difference between the main beam level in decibels and the highest sidelobe level in decibels:
SLLmax = −20× log(sllmax), if the radiation pattern is normalized.

• BW3dB(d) is the main beam width for the considered distances vector d.

As the array must be pointed towards a set of azimuth directions ranging from −φmax to φmax, a
vector of Nφ steering angles was defined, Φsa = [φsa,1, φsa,2, ..., φsa,Nφ

]; φsa,i ∈ [−φmax, φmax], i = 1, ...Nφ,
and a radiation pattern was generated for each pointing direction using conventional beamforming
weights, Ēφsa,i (φ, d; φsa,i). The final cost function was defined as the average of the preliminary one,
throughout the azimuth sector of pointing angles defined by Φsa, Equation (4):

Caverage(d, k, sllmax, Φsa) =
1

Nφ
∑

Nφ

i=1


∑ φ 6∈ BW3dB

|Ēφsa,i (φ, d, φsa,i)| > sllmax

∣∣∣|Ēφsa,i (φ, d, φsa,i)| − sllmax

∣∣∣+ k · BW3dBsa,i
(d, φsa,i)


 (4)

Once the cost function was defined, the optimization problem to be solved for an array of N
elements was formulated with Equation (5), where dmin and dmax are the limits of the allowed distances
between elements.

min
d,k

Caverage(d, k; sllmax, Φsa)

subject to:
d ∈ RN−1

dmin 6 di 6 dmax, i = 1, · · · , N − 1

(5)

The optimization problem was solved using a genetic algorithm [28], using MATLAB R©, with the
default options:

• Initial population size: 20 individuals.
• Number of best individuals that survive to next generation without any change: two.
• The fraction of genes swapped between individuals: 0.8.
• Migration direction: forward.
• The number of generations between the migration of the fittest individuals to other

sub-populations: 20.
• Fraction of those individuals scoring the best that will migrate: 0.2.
• Number of generations to be simulated: 100.
• Stopping criteria based on the maximum number of generations; if after this number of generations

there is no improvement, the simulation will end.

The maximum SLL value was defined to be SLLmax = 14 dB. A set of pointing directions
Φsa = {−30◦,−15◦, 0◦, 15◦, 30◦}, was defined. Distances should be greater than dmin = 210 mm
(the minimum value defined by the antenna width after removing the radome and the reflector) and
lower than dmax = 270 mm, in order to avoid higher grating lobes in the desired azimuth coverage.

The optimization procedure was applied to estimate the optimal inter-element distances of
a five-element array antenna, for different k values. Good results were obtained for 0.5 6 k 6 1,
and k = 1 was chosen for simplicity. The final values obtained for the design parameters (inter-element
distances) were: d1 = 243 mm, d2 = 210 mm, d3 = 210 mm and d4 = 243 mm (Figure 9).
Although d1 = d4, d2 = d3, this symmetry was not imposed in the optimization algorithm.
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Beam patterns generated with the resulted NULA are presented in Figure 10. The HPBW
(Half Power Beamwidth), SLL (dB), GLL (dB) and directivity, D (dB), were estimated for steering
angles φ = [−30◦,−15◦, 0◦, 15◦, 30◦] and are presented in Table 2. The worst results of SLL (dB) and
GLL (dB) are associated with steering angles of 30◦ and −30◦. For these angles, the obtained SLL (dB)
is lower than SLLmax(dB) due to the condition imposed in the optimization cost function related to
maintaining a narrow beamwidth, controlled with k = 1. Results confirm that the designed NULA
is able to provide the desired azimuth coverage with GLL (dB) and SLL (dB) higher than ULA with
d = 270 mm, and maintaining the directivity higher than ULA with d = 210 mm (Figure 11).

Figure 9. Designed NULA based on Televés 4G NOVA antennas without the radome detailing the
inter-element spacing.

Figure 10. Azimuth plane radiation pattern of the NULA with five Televes 4G NOVA antennas
without the radome or reflector, for 770 MHz, and optimized distances, with three steering directions:
0◦ (broadside), 15◦ and 30◦.
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(a) Steering direction: 0◦ (broadside) (b) Steering direction: 30◦

Figure 11. Azimuth plane radiation patterns of the ULAs (d = 210 mm and 270 mm) and NULA, with
five Televes 4G NOVA antennas without the radome or reflector, for 770 MHz.

We have repeated the procedure with an array of 11 elements (10 inter-element distances).
The results are presented in Table 3 and in Figure 12. In this case, the resultant distances
(d = [349, 259, 223, 210, 210, 210, 214, 235, 262, 231] mm) correspond to an asymmetric NULA that provides
a directivity 0.6 dB lower than that associated with an ULA of 11 elements with d = 270 mm, but with
an SLL (dB) that is approximately 4 dB higher, which demonstrates the usefulness of the proposed method.

(a) Steering direction: 0◦ (broadside) (b) Steering direction: 30◦

Figure 12. Azimuth plane radiation patterns of the ULAs (d = 210 mm and 270 mm) and NULA,
with 11 Televes 4G NOVA antennas without the radome or reflector, for 770 MHz.
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Table 3. Main characteristics of azimuth plane radiation patterns using conventional weighting of
the ULAs with inter-element distances of 210 mm and 270 mm and an NULA with N = 11 elements.
The considered steering angles are φ = [−30◦,−15◦, 0◦, 15◦, 30◦].

Pointing Angle Array BW SLL (dB) GLL (dB) D (dBi)

−30◦
ULA (d = 210 mm) 9◦ 10.98 x 15.93

ULA (d = 270 mm) 7◦ 11.25 11.68 16.60

No ULA 9◦ 15.06 x 16.14

−15◦
ULA (d = 210 mm) 9◦ 12.25 x 16.07

ULA (d = 270 mm) 7◦ 12.32 x 17.09

No ULA 8◦ 16.25 x 16.50

0◦
ULA (d = 210 mm) 8◦ 13.62 x 16.15

ULA (d = 270 mm) 6◦ 13.41 x 17.18

No ULA 8◦ 17.44 x 16.61

15◦
ULA (d = 210 mm) 9◦ 12.33 x 16.09

ULA (d = 270 mm) 7◦ 12.38 x 17.11

No ULA 8◦ 16.32 x 16.52

30◦
ULA (d = 210 mm) 9◦ 11.09 x 15.92

ULA (d = 270 mm) 7◦ 11.35 12.52 16.58

No ULA 9◦ 15.16 x 16.13

4. Array Processing

Beamforming can be applied with weight vectors if the narrowband constraint expressed in
Equation (6) is verified, B being the signal bandwidth, damax the maximum physical distance between
two elements in the array and TBWP the time-bandwidth product [15].

TBWP =
B · damax

c
< 1 (6)

Snapshots for array signal processing can be generated in the time domain (outputs of the
analog-to-digital converters associated with each sensor) or in the frequency domain (outputs of the
CAF processing stage calculated for each sensor). In PRSs, the CAF implements a time-frequency
mapping with a time (bistatic delay) resolution that depends on the signal bandwidth and a frequency
(Doppler shift) resolution that depends on the integration time. If beamforming is applied in this
transformed domain, we could take advantage of the integration gain and the range-Doppler mapping
of the targets and interferences present in the input signal [6]. Interferences are expected to concentrate
around the zero Doppler line of the CAF, while targets will concentrate in the cells associated with
their position and speed (range, Doppler), respectively, giving rise to sparse matrices from the point of
view of targets. Therefore, if snapshots are defined in the CAF domain, a specific beam space could be
generated for each range-Doppler (time-frequency) cell. The CAF will separate targets according to
range and Doppler, and in each range-Doppler cell, each beam space will be only responsible for the
azimuth discrimination.

Figure 13 shows the processing chain previous to the array signal processing stage. If the snapshots
were defined in the time domain, the resulting vector would be: ss[n] = [s1[n], s2[n], ..., sN [n]]T . In this
paper, we rely on the definition of the snapshots in the frequency domain, and an independent CAF
must be calculated from each si[n], i = 1, ..., N. The snapshots are obtained for each (m, p) in the CAF
domain: ss[m, p] = [sCAF1[m, p], sCAF2[m, p], ..., sCAFN [m, p]]T .



Remote Sens. 2017, 9, 756 13 of 29

Figure 13. Signals throughout the processing chain previous to the array signal processing stage.

The processing scheme requires the division of the acquisition time into Coherent Processing
Intervals (CPIs), of duration Tint. A set of N CAFs is generated for each CPI (Figure 13). The integration
time, Tint, must be significantly greater than the propagation time across the array

(
Tint >

damax
c

)
[15].

The second requirement on CPI is determined by the bandwidth of the input signals and the shape
of their temporal spectra. When the product B · Tint is large enough and the input signals’ temporal
spectra are almost flat, the frequency-domain snapshot model is usually applied [15].

The steering vector of a signal impinging from a direction φsa,i is defined in Equation (7), where fs

is the sampling frequency, fp is the carrier frequency, NCAF is the number of samples in a CPI and c is
the speed of light.

a[p, φsa,i] =

[
ej 2π

c ·( fs
p

NCAF
+ fp)d1sin(φsa,i), ej 2π

c ·( fs
p

NCAF
+ fp)d2sin(φsa,i), ..., ej 2π

c ·( fs
p

NCAF
+ fp)dN sin(φsa,i)

]T
(7)

Array signal processing allows the generation of multiple beams pointing to a set of azimuth
directions, Φ = {φsa,1, φsa,2, ..., φsa,Nφsa}, using appropriate weight vectors, w[p, φsa,i]. The resulting
signal after beamforming processing is expressed in Equation (8), where superscript H represents the
Hermitian conjugate operation.

y[m, p, φsa,i] = w[p, φsa,i]
H · ss[m, p] (8)

4.1. Data Independent Beamforming

Data independent beamforming is usually based on the maximization of array directivity or the
minimization of the squared error between the beamformer output and the desired radiation pattern at
defined directions for sidelobes control [15,29,30]. In this subsection, both approaches are summarized
to provide the theoretical basis of the two-stage array signal processing scheme for improving detection
and tracking in PRSs, which is presented in Section 5.

• Maximization of array directivity: Taking into consideration the snapshots defined in the
CAF domain, array directivity is calculated as D(p, φsa,i) =

(
w(p, φsa,i)

T ·A(p) ·w(p, φsa,i)
)−1,

where matrix A(p) is calculated in Equation (9). The element at the m-th row, and n-th column
can be expressed with Equation (10).

A(p) =
1
2

∫ π/2

−π/2
−a(p, φsa,i) · a(p, φsa,i)

Tcos(φ)dφ (9)
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A(p)[m, n] = sinc
(

2π

c
( fs

p
NCAF

+ fp)|dm − dn|
)

(10)

The vector w(p, φsa,i), which maximizes D(p, φsa,i), is expressed in Equation (11). In the special
case of ULA, A(p) tends to the identity matrix, and the maximum directivity weight vector is
close to the uniform weight vector steered to the desired direction. For the special case of a ULA
with inter-element spacing equal to λ/2, A(p) is equal to the identity matrix.

w(p, φsa,i) = A(p)−1 · a(p, φsa,i) ·
(

a(p, φsa,i)
H ·A(p)−1 · a(p, φsa,i)

)
(11)

• Sidelobes reduction: If lower sidelobes are desired, sacrificing some directivity, a methodology
based on [31] can be developed. The φ space is divided into Rδ sectors, δi =

(
2π
Rδ
(i− 1), 2π

Rδ
i
)

,

i = 1, ..., Rδ, and a desired radiation pattern, |Ēt,i(φ)|, φ ∈ δi, is defined for each sector.

Let wopt
t,i , i = 1, ..., Rδ, be the set of optimum weight vectors to generate the desired radiation

pattern, |Ēt,i(φ)| = (wopt
t,i )

Ha(φ), φ ∈ δi, i = 1, ..., Rδ. The objective is to find a single weight
vector, wSLL, to approximate the radiation pattern obtained as the concatenation of the set of
defined target radiation patterns |Ēt,i(φ)|, φ ∈ δi, i = 1, ..., Rδ. This is equivalent to maximize the
directivity controlling the SLL level in the whole φ interval, (0, 2π].

If the radiation pattern obtained using wSLL is |ĒSLL(φ)| = wH
SLLa(φ), φ ∈ (0, 2π], the squared

error to be minimized is defined in Equation (12), being Qi = −
∫

δi
a(φ)a(φ)H cos(φ)dφ.

ε2 =
Rδ

∑
i=1

∫

δi

−||ĒSLL(φ)| − |Ēt,i(φ)||2 cos(φ)dφ =
Rδ

∑
i=1

(wSLL −wt,i)
H ·Qi · (wSLL −wt,i) (12)

If snapshots are defined in the CAF domain, the methodology described so far must be applied
for every Doppler shift. Assuming that the target radiation pattern is the same for all Doppler
shifts, a weight vector must be determined for each p value. On the other hand, multiple beams
pointing towards a set of azimuth directions Φ = {φsa,1, φsa,2, ..., φsa,Nφsa} are required, so the final
error function to be minimized is a function of p and φsa,i as expressed in Equation (13), with:
Qi(p) =

∫
δi
−a(p, φ) ∗ a(p, φ)H cos(φ)dφ:

ε2(p, φsa,i) =
Rδ

∑
i=1

(wSLL(p, φsa,i)−wt,i(p, φsa,i))
H ·Qi(p) · (wSLL(p, φsa,i)−wt,i(p, φsa,i)) (13)

The minimization problem to be solved is formulated in Equation (14) where ε2
max is the imposed

SLL constraint. Unfortunately, there is no closed-form solution, and an iterative procedure is
required. In this paper, the solution proposed in [31] was implemented.

min
wSLL

wSLL(p, φsa,i)
H ·A(p) ·wSLL(p, φsa,i)

s.t. ε2(p, φsa,i) 6 ε2
max (14)

4.2. Directivity Maximization Applied to ULA and NULA

In Section 3.2, a comparative study of the ULAs and NULAs composed of five and eleven commercial
antennas was carried out. Conventional uniform weighting was applied to analyze SLL, GLL and
directivity in order to prove the benefits of designing NULAs. In this section, a parallel study is presented
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applying the maximum directivity weights defined in Equation (11). ULAs’ maximum directivity weights
are close to the conventional uniform weights, but in the case of NULAs, they are different. Tables 4 and 5
summarize the radiation pattern parameters for the two considered ULAs (with inter-element distances
equal to 210 mm and 270 mm) and the NULA designed in Section 3.2 with beamformer weights calculated
for maximizing the directivity, for N = 5 and N = 11 elements, respectively. The values obtained for the
ULAs are very similar to those presented in Tables 2 and 3, as expected. Even though for N = 5, SLL and
directivity of the ULA with d = 270 mm and the NULA are very similar, for N = 11, the SLL provided by
the NULA is significantly better, maintaining a similar directivity.

Table 4. Main characteristics of the azimuth plane radiation patterns generated with maximum
directivity weighting vectors of the ULAs with inter-element spacings of 210 mm and 270 mm and
the NULA designed in Section 3.2, for N = 5 commercial antennas. The considered steering angles are
φ = [−30,−15, 0, 15, 30]◦.

Pointing Angle Array BW SLL (dB) GLL (dB) D (dBi)

−30◦
ULA (d = 210 mm) 21◦ 9.62 x 12.73

ULA (d = 270 mm) 16◦ 8.53 10.6 13.21

NULA 19◦ 9.72 x 13.36

−15◦
ULA (d = 210 mm) 19◦ 11.95 x 12.86

ULA (d = 270 mm) 15◦ 11.23 x 13.78

NULA 18◦ 11.76 x 13.59

0◦
ULA (d = 210 mm) 18◦ 15.11 x 12.93

ULA (d = 270 mm) 14◦ 15.36 x 13.87

NULA 17◦ 14.73 x 13.71

15◦
ULA (d = 210 mm) 19◦ 12.12 x 12.88

ULA (d = 270 mm) 15◦ 11.37 x 13.80

NULA 18◦ 11.92 x 13.61

30◦
ULA (d = 210 mm) 21◦ 9.81 x 12.72

ULA (d = 270 mm) 16◦ 8.68 11.24 13.21

NULA 19◦ 9.71 x 13.36
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Table 5. Main characteristics of the azimuth plane radiation patterns generated with the maximum
directivity weighting vector of the ULAs with inter-element spacings of 210 mm and 270 mm and the
NULA designed in Section 3.2, for N = 11 commercial antennas. The considered steering angles are
φ = [−30,−15, 0, 15, 30]◦.

Pointing Angle Array BW SLL (dB) GLL (dB) D (dBi)

−30◦
ULA (d = 210 mm) 9◦ 10.98 x 15.93

ULA (d = 270 mm) 7◦ 9.69 12.26 16.60

NULA 9◦ 14.34 x 16.06

−15◦
ULA (d = 210 mm) 9◦ 12.25 x 16.07

ULA (d = 270 mm) 7◦ 12.23 x 17.09

NULA 8◦ 13.22 x 16.48

0◦
ULA (d = 210 mm) 8◦ 13.62 x 16.15

ULA (d = 270 mm) 6◦ 13.39 x 17.18

NULA 8◦ 14.68 x 16.63

15◦
ULA (d = 210 mm) 9◦ 12.33 x 16.09

ULA (d = 270 mm) 7◦ 12.29 x 17.11

NULA 8◦ 13.30 x 16.5

30◦
ULA (d = 210 mm) 9◦ 11.09 x 15.92

ULA (d = 270 mm) 7◦ 9.78 13.10 16.58

NULA 9◦ 14.44 x 16.05

4.3. SLL Reduction Applied to ULA and NULA

In this case, weight vectors are calculated for minimizing Equation (12), and a comparative study
of the ULAs and NULAs composed of five and eleven commercial antennas is presented. The objective
is to evaluate the impact of this beamforming technique on radiation pattern parameters in both array
architectures. The iteration method proposed in [31] was applied with the constraints of SLL and GLL
to be lower than 15 dB. Tables 6 and 7 summarize the results for N = 5 and N = 11, respectively.
The SLL improvement with respect to uniform conventional beamforming is clear, with a very small
reduction in directivity. For N = 5, the SLL (dB) of the NULA is slightly higher than the SLL (dB) of
the ULA with d = 270 mm, and the directivity is slightly lower, but GLL (dB) is lower than the SLL
(dB) for the ULA with d = 270 mm for steering angles equal to ±30◦ and does not fulfill the defined
GLL constraint. The gain and SLL (dB) are similar for NULA and the ULA with d = 210 mm, but the
BW in the azimuth plane is 2◦ narrower in the case of NULA. For N = 11, the improvement of NULA
compared to ULAs is significantly higher. The SLL (dB) of the NULA is higher, especially for steering
angles close to the broadside; the directivity is lower than the directivity of the ULA with d = 270 mm,
but this ULA does not fulfill GLL constraint for steering angles equal to ±30◦.



Remote Sens. 2017, 9, 756 17 of 29

Table 6. Main characteristics of the azimuth plane radiation patterns generated with the SLL
control weighting vector of the ULAs with inter-element spacings of 210 mm and 270 mm and the
NULA designed in Section 3.2, for N = 5 commercial antennas. The considered steering angles are
φ = [−30,−15, 0, 15, 30]◦.

Pointing Angle Array BW SLL (dB) GLL (dB) D (dBi)

−30◦
ULA (d = 210 mm) 22◦ 15.42 x 12.61

ULA (d = 270 mm) 19◦ 15.37 14.29 13.10

NULA 20◦ 15.39 x 12.87

−15◦
ULA (d = 210 mm) 21◦ 18.18 x 12.58

ULA (d = 270 mm) 17◦ 17.49 x 13.56

NULA 19◦ 17.9 x 12.97

0◦
ULA (d = 210 mm) 20◦ 21.41 x 12.60

ULA (d = 270 mm) 16◦ 19.95 x 13.60

NULA 18◦ 20.69 x 13.03

15◦
ULA (d = 210 mm) 21◦ 18.36 x 12.61

ULA (d = 270 mm) 17◦ 17.63 x 13.58

NULA 19◦ 18.06 x 13

30◦
ULA (d = 210 mm) 22◦ 15.61 x 12.62

ULA (d = 270 mm) 19◦ 15.23 13.98 13.09

NULA 20◦ 15.57 x 12.87

Table 7. Main characteristics of the azimuth plane radiation patterns generated with the SLL control
weighting vector of the ULAs with inter-element spacings of 210 mm and 270 mm and the NULA
designed in Section 3.2, for N = 11 commercial antennas. The considered steering angles are
φ = [−30,−15, 0, 15, 30]◦.

Pointing Angle Array BW SLL (dB) GLL (dB) D (dBi)

−30◦
ULA (d = 210 mm) 12◦ 19.48 x 15.49

ULA (d = 270 mm) 9◦ 19.72 11.24 16.23

NULA 11◦ 19.52 x 15.66

−15◦
ULA (d = 210 mm) 11◦ 21.03 x 15.51

ULA (d = 270 mm) 8◦ 20.92 x 16.58

NULA 10◦ 23.52 x 15.76

0◦
ULA (d = 210 mm) 10◦ 22.61 x 15.57

ULA (d = 270 mm) 8◦ 22.21 x 16.64

NULA 10◦ 29.08 x 15.82

15◦
ULA (d = 210 mm) 11◦ 21.12 x 15.53

ULA (d = 270 mm) 8◦ 20.99 x 16.60

NULA 10◦ 23.22 x 15.78

30◦
ULA (d = 210 mm) 12◦ 19.61 x 15.49

ULA (d = 270 mm) 9◦ 19.82 12.01 16.21

NULA 11◦ 19.65 x 15.65
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5. Two-Stage Spatial Filtering for a PRS

In order to provide 2D target localization (range and azimuth), a two-stage spatial beamforming
approach based on CFAR detection in multiple simultaneous beams and on the estimation of the angle of
arrival is proposed. Figure 14 depicts the scheme of this processing method. It is based on modifications
of those proposed in [6,7] for ULAs and implemented for the NULA designed in Section 3.2:

- In [6], Spatial Adaptive Processing (SAP) was analyzed for PRSs, for interference spatial filtering
and the estimation of the target’s Direction of Arrival (DoA). Time-domain SAP and range-Doppler
domain SAP were studied, and an alternative PRS signal processing chain, using both spatial
filtering and high resolution DoA estimators working in the range-Doppler domain, was proposed.

- In [7], real-time detection and tracking were demonstrated using a two-stage beamforming
approach. A smaller set of beams was used in the first stage for CFAR detection. For each [m,p]
pair, the beam that provided the maximum power was determined, and the CFAR detector was
applied on this beam’s outputs. First stage beams were designed under the condition of the
maximally flat response between beams’ directions. A more crowded set of beams was used in the
second stage for DoA estimation using a spatial smoothing-based Bucci algorithm proposed in
[32].

The modifications proposed in the two-stage spatial filtering scheme are related to the generation
of orthogonal beams using weight vectors calculated under SLL requirements (wSLL) for CFAR
detection, the CFAR detector threshold estimation in the 3D space defined by range, Doppler and
azimuth and the application of DoA techniques to estimate the azimuth of the detected targets using
weight vectors calculated to maximize the directivity (wMD):

Figure 14. Two-stage frequency-domain spatial filtering scheme.

• The first stage implements a beamforming processing using orthogonal beams calculated under
SLL requirements. If orthogonal beams are used, a signal arriving along the maximum radiation
axis of a beam will have no output in any other beam; and a signal that is not along the maximum
radiation axis will appear in the sidelobes of the other beams [15]. The set of steering directions
ΦSLL = {φSLL,1, φSLL,2, ..., φSLL,NφSLL} is defined following an iterative process that starts with the
broadside beam and continues defining the maximum radiation axis of the side main beams along
the nulls of the broadside beam. This process is iterated until the azimuth sector defined by the
single radiating element of the NULA is covered. For each φSLL,i pointing direction and each
Doppler shift, p, the optimization problem formulated in Equation (14) must be solved to obtain
the weight vector wSLL(p, φSLL,i), generate the associated beam and determine the main radiation
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axis of the side main beams. The result is a three-dimensional matrix called SCAF, with indexes
m, p and φSLL,i, for which elements sCAF[m, p, φSLL,i] are obtained with Equation (15):

sCAF[m, p, φSLL,i] = wSLL(p, φSLL,i)
H · ss[m, p]; i = 1, · · · , NφSLL (15)

The CFAR detection is implemented as follows:

1. For each [m, p] pair, the Cell Under Test (CUT) is the cell sCAF[m, p, φSLL,i] for the φSLL,i value
where the maximum power of the echo is received.

2. A 3D reference window with dimensions RRxRDxNφSLL (range xDoppler x steering angle),
is generated using the neighbor cells around the CUT and excluding the guard cells, which
are defined along the range and Doppler for all of the steering angles, to reduce the impact
of extended targets in the threshold estimation. This 3D reference window also excludes
sCAF[m, p, φSLL,i], i = 1, ..., NφSLL .

The use of 3D reference windows instead of 2D or 1D improves interference statistics estimation,
reducing the CFAR losses [33]. The outputs of this stage are the detected targets and the estimation
of their ranges and Doppler values.

• Second stage: DoA estimation. A new set of steering angles is defined, ΦDoA =

{φDoA,1, φDoA,2, ..., φDoA,NφDoA
}, with NφDoA > Nφsa to increase azimuth estimation accuracy. For

each DoA steering direction and Doppler shift, p, the weight vector is calculated to maximize the
directivity using Equation (11). DoA estimation is based on the beamformer output spectrum
expressed in Equatino (16), for (m, p) pairs where a target was declared.

Sm,p(φ) = wMD(p, φDoA)
T · R̂ssss(m, p) ·wMD(p, φDoA)

R̂ssss(m, p) = ss · sH
s (16)

R̂ssss(m, p) is the instantaneous spatial covariance matrix estimation for the snapshot ss(m, p).
For each (m, p) pair, the value of φ where the beamformer spectrum, Sm,p(φ), is maximum
determines the estimated azimuth for the target detected at (m, p) delay and Doppler bins.

As an alternative, a parametric estimator that exploits the information of R̂ssss(m, p) eigenvalues
and eigenvectors, such as MUSIC (Multiple Signal Classification), could have been used. However,
MUSIC resolution decreases when it is applied to NULAs [15].

6. Validation in a Semi-Urban Bistatic Radar Scenario

6.1. Scenario Description

The capabilities of the designed NULA and the two-step beamforming processing are evaluated
in a real radar scenario, in the nearby area of the Polytechnic School of University of Alcalá (Spain).
The PRS is located at the rooftop terrace of the Polytechnic School. This scenario is characterized as
a semiurban environment: low-height buildings belonging to the University Campus surrounded by
countryside and several roads (Alcalá-Meco road, R2 highway and inner-campus secondary roads).
A controlled car with a GPS device was running along Alcalá-Meco road within the area of interest.

In the considered radar scenario, there is one DVB-T transmitter (Torrespaña), with an Equivalent
Radiated Power (ERP) equal to 20 kW, which is used as IoO taking into consideration its high radiated
power and its omnidirectional radiation pattern. The estimated received power levels provided by
this IoO in the surveillance area are depicted in Figure 15. Coordinates of the main elements of the
geometry are presented in Table 8.
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Figure 15. Received power levels provided by the Torrespaña Illuminator of Opportunity (IoO) in the
considered radar scenario.

Table 8. IoO and IDEPAR receiver emplacement coordinates.

Latitude Longitude Altitude

Torrespaña transmitter 45◦25′16.64′′N 3◦39′51.39′′W 658 m
IDEPAR receiver 40◦30′47.19′′N 3◦20′55.02′′W 628 m

In order to obtain the system coverage, the Bistatic Radar Cross-Section (BRCS) of the targets of
interest was estimated in [8]. A Mazda 6 SPORT vehicle was considered as a representative target
for traffic monitoring. A study of the scenario geometry revealed that the bistatic angles varied
from 105◦–135◦. In Table 9, BRCS representative values are summarized. For coverage studies,
σbistatic = 10.6118 dBsm was used.

Table 9. Representative average values of the estimated BRCS of the car model selected for the study.
BRCS, Bistatic Radar Cross-Section.

Bistatic Angle 555◦ 70◦ 90◦ 105◦

BRCS 10.6118 dBsm 13.7543 dBsm 12.9469 dBsm 12.9589 dBsm

In Figure 16, the single element antenna radiation pattern in the horizontal plane is superimposed
on the scenario image to show the instrumented coverage sector. The antenna orientation was selected
to ensure that the maximum of the radiation pattern was pointed towards the area of interest in order
to enclose the roads under study.
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Figure 16. Radar scenario located at the roof of the Superior Polytechnic School of Alcalá University.

In the experiment, a set of 20-s length acquisitions was recorded. For each data acquisition,
80 range-Doppler matrices were generated using the following processing parameters:

− 58th DVB-T channel: fp = 770 MHz, B = 8 MHz.
− Tint = 250 ms.
− CAF size: 401 Doppler shifts, fd ∈ [−799.744 Hz; 799.744 Hz]; 1000 range bins (9.45 km along the

array broadside).
− Broadside direction: 356.51◦N.
− Surveillance antenna: 5 elements NULA array with inter-element distances equal to those

calculated in Section 3.2; single radiating element: TELEVES 4G NOVA. Better results could
be obtained with an NULA with 11 elements, but the current demonstrator used to validate the
results only has six receiving channels, which limits the number of elements in the array to five,
if one channel is used to acquire the reference signal.

6.2. Array Signal Processing Performance Evaluation

The NULA with five elements designed with the method described in Section 3.2 fulfills the
narrowband condition (TBWP = 0.0261 < 1), and the product B · CPI = 2× 106 is large enough to
implement the frequency-domain snapshot model. The two-stage processing proposed in this paper
was applied to the designed NULA.

6.2.1. First Array Signal Processing Stage: Target Detection

Taking into consideration the nulls of the main beam associated with the array radiation pattern
(Figure 12a) and the azimuth coverage area limited by the Televés 4G NOVA beamwidth, the steering
angles for the first stage beamformer are: Φ = [−18.66◦, 0, 18.66◦]. Figure 17 presents the NULA
azimuth radiation pattern of the multiple simultaneous orthogonal beams. Results show that
Alcalá-Meco road and R2 highway are covered for the different orthogonal beams allowing the
tracking of cars’ trajectories and traffic monitoring, guaranteeing the SLL requirement for all of the
steering angles.



Remote Sens. 2017, 9, 756 22 of 29

(a) Linear representation

(b) Polar representation in the considered radar scenario

Figure 17. Azimuth radiation pattern of NULA multiple simultaneous orthogonal beams in the azimuth
coverage area φ ∈ [−30◦,−30◦].

The coverage for only one Televés 4G NOVA antenna in the surveillance channel is depicted in
Figure 18a, for PD = 0.8 and PFA = 10−6, using system parameters summarized in [8]. In [8], only basic
propagation losses were considered; in this new study, WinProp (AWE Communications) software was
used, including geographical data and taking into consideration that the desired targets were located
on the ground. Results presented in Figure 18b confirm the range coverage improvement obtained
using an array antenna in the surveillance channel.
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Figure 18. IDEPAR range coverage in the considered radar scenario. (a) Only one Televés 4G NOVA
antenna in the surveillance channel; (b) Televés 4G NOVA antenna array in the surveillance channel.

The PFA requirement was set to 10−5 to determine the adaptive CFAR threshold. The superposition
of the detection matrices obtained from the processing of 80 consecutive CPIs is presented in Figure 19.
Results provided by only a single radiating element of the array are shown in Figure 19a. Two main
groups of detections are identified: a set of trajectories located in the Alcalá-Meco road (marked with
the green ellipse); a second set associated with R2 highway (marked with the red ellipse). From visual
inspection, the number of detected targets and the detection densities of the guessed trajectories are
clearly higher for the NULA and the detection stage array processing.

(a) Single radiating element (b) NULA and proposed first array signal processing stage

Figure 19. CFAR detection performance using a single radiating element (a) and the proposed first
array signal processing stage applied to the signals acquired by the designed NULA (b).

For performing a more rigorous detection performance evaluation, three trajectories were selected
without loss of generality (Figure 20):

• Trajectory 1 (T1): a cooperative moving target provided with a GPS receiver, running along
Alcalá-Meco road, observed from 25th CPI–49th CPI.

• Trajectory 2 (T2): a moving target in Alcalá-Meco road, observed from 28th CPI–79th CPI.
• Trajectory 3 (T3): a moving target in R2 highway, observed during the whole acquisition interval

(from 0th CPI–79th CPI).



Remote Sens. 2017, 9, 756 24 of 29

Figure 20. Targets trajectories in the coverage sector (white). The Polytechnic School of University of
Alcalá (EPS, Escuela Politécnica Superior) and a big building made of aluminum (IMMPA, Instituto de
Medicina Molecular Príncipe de Asturias) are marked in purple.

To estimate PFA and PD, ground-truths at the output of the detector are required, but due to the
complex nature of the electromagnetic propagation processes, targets dynamics and radar system,
the real ground-truth is not always available. Using the methodology described in [8], a ground-truth
was generated for each CFAR detector using GPS data of cooperative vehicles and visual information
about non-cooperative targets present on R-2 highway and Meco road during the acquisitions. The PD
was calculated at the plot level due to the errors associated with the pixel detection grouping techniques;
PFA was estimated throughout CAF areas where no targets were expected. Monte Carlo techniques
were applied, guaranteeing an estimation error lower than 10%.

Table 10 details the estimated PD and PFA for the trajectory associated with the cooperative
target, T1. Table 11 presents the number of detections at the plot level for the three targets, T1, T2 and
T3. In both cases, results are provided for beamforming weights calculated for controlling SLL, wSLL,
and for beamforming weights calculated for maximizing the directivity, wMD. In all cases, the PD and
the ratio of detections per target are higher for the weights calculated for controlling the SLL.

Results presented in Tables 10 and 11 require a further explanation because a higher PD was
expected for the controlled car, T1, and the number of detections for T1 and T2 was expected to be
higher than for T3 (actually, T3 is significantly further than T1 and T2). The main reason responsible
for these results is shown in Figure 20: a big building made of aluminum (IMMPA) is affecting
the propagation of the electromagnetic waves. Although cars can be seen from the passive radar
emplacement, the diffraction losses generated by the IMMPA are really high. This effect can be
observed in Table 12, where Signal-to-Interference Ratios (SIR) were estimated using the methodology
described in [8]. The estimated SIR for targets T1 and T2 is significantly lower than that estimated for
target T3, although T3 is further.

Table 10. Detection performances evaluated for the controlled car.

PD PFA

Single radiating element 0.04 1.332× 10−5

NULA (wSLL) 0.61 3.837× 10−5

NULA (wMD) 0.56 3.812× 10−5
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Table 11. Number of detections with respect to the number of Coherent Processing Intervals (CPIs)
associated with the considered trajectories.

T1 T2 T3

Single radiating element 1/25 31/52 70/80
NULA (wSLL) 15/25 45/52 80/80
NULA (wMD) 14/25 43/52 80/80

Table 12. Signal-to-Interference Ratios (SIR) study for the selected targets.

T1 T2 T3

Single radiating element 5.9 dB 8.9 dB 13.2 dB
NULA (wSLL) 9.7 dB 14.8 dB 17.2 dB
NULA (wMD) 9.3 dB 14.1 dB 16.9 dB

6.2.2. Second Array Signal Processing Stage: Target DoA Estimation

The (m, p) coordinates in the CAF domain of each declared target are supplied to the second array
signal processing stage to estimate their azimuths. The DoA estimation is carried out in a new beam-space
with better accuracy (steering angle increment of 0.01◦) and better resolution, using beamforming weights
calculated for maximizing the directivity. Figure 21 depicts the radiation patterns with a maximum
radiating axis towards the broadside, for the NULA with weights calculated to maximize the directivity,
and weights calculated to control the SLL, showing a narrower main beamwidth for the first one.

Figure 21. Comparison of azimuth radiation patterns of NULA with weights calculated for maximizing
the directivity (blue) and for guaranteeing SLL < 15 dB (red).

For the (m, p) pair associated with each declared target, a new set of radiation patterns is
generated with maximum radiating angles varying from −30◦–−30◦, with a step of 0.01◦ (ΦDoA =

{−30◦,−29.99◦...., 29.99◦, 30◦}); the target DoA is estimated as the maximum of the beamformer output
spectrum expressed in Equation (16).

As an example, the detection matrix of the 30th CPI is presented in Figure 22a. The detections
associated with each considered target (T1, T2 and T3) are marked in yellow. The beamformer output
spectrum built for each target detection is shown in Figure 22b. The estimated target azimuth will be
the maximum of the associated beamformer output spectrum.
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(a) Matrix detection (b) DoA estimation

Figure 22. DoA based on the beamformer output spectrum for detections in the 30th CPI associated
with the considered trajectories.

Figure 23 presents the estimated angles of all of the detections for the three considered trajectories
in the acquisition interval. At this point, 3D targets parameter space can be transformed to 2D map
coordinates. When the trajectories are depicted in the radar scenario (Figure 24), the target movement
dynamics fits well with expected target echoes generated by vehicles running along the Alcalá-Meco
road and R2 highway, respectively. GPS data are also represented validating the results obtained with
the NULA and the two-stage beamformer.

Figure 23. DoA based on the beamformer output spectrum for targets T1, T2 and T3.

(a) T1 + GPS data (b) T2 (c) T3

Figure 24. 2D estimated trajectories and GPS data in the radar scenario.
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7. Conclusions

This paper tackles the problem of radar detection in a 3D target parameter space using
a DVB-T-based PRS, with an NULA in the surveillance channel and spatial filtering in the frequency
domain. The proposed solution allows the estimation of target azimuth, Doppler and range, to improve
the target localization accuracy and to make traffic monitoring easier. Independent acquisition chains
were considered for digitizing the signal acquired by each single element of the array. Taking into
consideration the requirement of using COTS components in the demonstrator to the greatest possible
extent, the commercial Televés 4G NOVA antenna was selected as the array element for the surveillance
channel. This antenna provides a good range of steering, reduced dimensions, high front-to-back ratio
and the capability to fulfill the high gain requirement for passive radar detection.

The use of non-uniform linear arrays was proposed, and a cost function was designed to determine
the inter-element distances, to obtain a compromise solution of sidelobe levels and main beam width.
The formulated optimization problem was solved using a genetic algorithm. Arrays with five and
eleven elements were designed. N = 5 was selected because this is the number of available acquisition
chains for the surveillance channel of the passive radar demonstrator. N = 11 was selected to prove
the potential improvement achievable when more acquisition chains are available, as expected in
operative systems.

Beamforming has been applied in the frequency domain, using a modified version of the previous
two-stage algorithms published by other authors:

• The first step generates a full-dimensional beam-space based on orthogonal beams in the azimuth
coverage area where the CFAR detector is applied. Beamforming weights are calculated for
guaranteeing an SLL (dB) lower than a specified value (15 dB in the presented results). In the
CFAR detector, the windowing technique defines CUTs related to maxima in the beam-space and
3D reference windows that exclude a set of guard cells to reduce the impact of targets contributions
around the CUT, in detection threshold estimation. The use of 3D windows reduces CFAR losses.

• The angles of arrival of the detected targets are estimated using the output spectrum of a new
denser beam-space generated using weight vectors calculated to maximize the directivity.

Performance improvement associated with the use of NULA instead of ULA and the combination
of weighting techniques to control SLL and maximizing directivity, instead of uniform conventional
beamforming, was proven by simulation. The designed NULA constitutes a good base architecture to
implement beamformers under the specified design criteria, outperforming the ULA for the whole
system coverage sector, especially when eleven elements are considered.

Finally, a semiurban radar scenario, with the PRS located at the rooftop terrace of the Polytechnic
School of the University of Alcalá, was analyzed to validate the capabilities of the considered solution
for monitoring terrestrial targets. The environment is characterized by low-height buildings and
several roads. PRS coverage was estimated using WinProp (AWE Communications) software and
including geographical data, considering that the desired targets are on the ground. A controlled
car with a GPS device was used during the measurement campaign. Results obtained with real data
validate the conclusions extracted from the simulations of the proposed array architecture and the
two-stage array signal processing.
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Abstract: Passive bistatic radars (PBRs) sensors are emerging technologies that have sparked interest due to the advantages
derived from the use of opportunity illuminators instead of dedicated transmitters. An important research effort is being carried
out, mainly focused on the analysis of the illuminators waveforms and the development of system demonstrators, being the
detection and tracking of low flying aircrafts the most extended validation scenario. IDEPAR is a digital video broadcasting-
terrestrial (DVB-T)-based multichannel PBR technological demonstrator, developed in the University of Alcalá. The main
contributions of this study are the radar scenario, detection of terrestrial vehicles in semi-urban environments, and the
development of a general and complete design methodology, that will allow the definition of system design requirements for any
system and application. To validate system performance, real data were processed and detection and tracking results were
evaluated using global positioning system data from cooperative targets. Reference signal processing algorithms were used.
Results showed the feasibility of DVB-T-based PBRs for detecting and tracking low speed terrestrial vehicles in semi-urban
scenarios.

1 Introduction
A passive bistatic radar (PBR) can be defined as a set of techniques
using non-cooperative broadcast communications, radar or radio-
navigation transmitters as illuminators of opportunity (IoO), rather
than a dedicated one. PBR's main advantages with respect to active
radars are:

i. Possibility of using commercial off-the-shelf (COTS)
components, reducing development, deployment, maintenance
and updating costs.

ii. Non-constrained by neither frequency band allocation nor
public health or electromagnetic compatibility regulations,
being a possible solution to communications systems
progressive erosion of traditional radar frequencies.

The use of IoOs gives rise to complex processing architectures.
Thanks to platforms for easier field-programmable gate array
programming, or graphics processing units, the fulfilment of real
time requirements is feasible [1–3].

Digital video broadcasting-terrestrial (DVB-T) is of special
interest due to its availability (it is widely implemented, and DVB-
T2 is operative in some countries, and under consideration for mid-
term in others), transmitted power and waveform [4–7]. Most of
the demonstrators were validated in aerial scenarios (i.e. detection
of commercial aircrafts and performance analysis using secondary
radar outputs). In [8], a multi-band, multi-illuminator system at
near-production stage was presented. In [9], Baker stated the
necessity of facing the study of terrestrial and maritime
applications. These were the objectives of the project Improved
Detection techniques for Passive Radars, funded by the Spanish
Ministry of Economy and Competitiveness (TEC2012-38701). As
a result, IDEPAR, a DVB-T multichannel PBR demonstrator was
designed and developed for terrestrial and maritime scenarios [10,
11].

In [12], experimental results showed the feasibility of cars
detection. This paper, after presenting a general design
methodology, focuses on the problem of detection of terrestrial

vehicles in semi-urban scenarios, using the IDEPAR demonstrator.
A detailed analysis of a real scenario and the desired targets was
performed, and a methodology for evaluating detection
performance in terms of probability of detection, PD, and
probability of false alarm, PFA, was proposed, based on the use of
cooperative cars, detector outputs, estimated plots and tracker
estimations.

The rest of the document is organised as follows: in Section 2,
PBRs operating principle is summarised; IDEPAR demonstrator is
described in Section 3. Radar scenario and validation results are
presented in Sections 4 and 5, respectively. Conclusions are
summarised in Section 6.

2 Passive radar operation principle
In Fig. 1a, the system geometry and the basic components of a
PBR system are defined. σbis, the bistatic radar cross-section
(BRCS), models the power that is scattered from the target towards
the receiver, when it is illuminated by the IoO. Due to the lack of
control over the IoO, a dual-channel reception system is necessary
(Fig. 1b): a surveillance channel for the acquisition of target
echoes, and a reference channel for the acquisition of the IoO
signal. Through the coherent processing of both channels, cross-
ambiguity function (CAF), detection, and position and speed
estimation are possible as follows:

�CAF[�,�] = ∑� = 0
� − 1�REF∗ [� −�] ⋅ �SURV[�] ⋅ exp −j2� ��� (1)

• Tint and fs are the coherent processing time and the sampling
frequency, respectively; N = Tint · fs is the number of samples.

• m represents the time bin associated with a delay τm = m/fs, and p
is the Doppler bin corresponding to Doppler shift�D� = �s ⋅ (�/�)

• sREF[n] and sSURV[n] are the reference and surveillance signals,
respectively.
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A target, Tx, will generate a CAF local maximum at (mx, px)
associated with the target bistatic delay, ���, and Doppler shift,�D��. Other components of the received signals are the clutter, the
direct path interference (DPI) and the specific elements of the IoO
signal, which generate artefacts or ambiguity peaks [4, 7].

The DPI is the IoO signal acquired by the surveillance channel.
Although the surveillance chain introduces a high attenuation,
sDPI[n] = Att · sREF[n], DPI level can be 80–100 dB higher than
target echoes ones. sDPI[n] correlates perfectly with sREF[n],
generating a component that spreads throughout all the CAF
domain, the range-Doppler map (RDM) (2). Other IoOs belonging
to the same single frequency network will generate new terms at
the output of the CAF, so they must be rejected (see (2)) 

2.1 System resolutions

The bistatic time delay is calculated as (RT + RR)/c − (L/c), being c
the speed of light. For monostatic and bistatic systems, a separation
between two targets echoes at the receiver equal to c · τ/2, being τ
the radar compressed pulsewidth, allows targets separation. In
bistatic systems, those targets must lie on bistatic isorange contours
having a separation ΔRb = c · τ  · cos (β/2)/2. If the line joining both
targets is not colinear with the bistatic bisector, the physical
separation must be approximately ΔRb/cos (ψ), being ψ the angle

defined by the line joining both targets and the bistatic bisector
[13].

For a target, T1, with speed vector �1 = �1�̂�, the observed
Doppler shift when the PBR and the IoO are stationary is
calculated as fD1(Hz) = (2 · V1/λ) · cos(ψ1) · cos(β/2) (ψ1 is defined
by the target speed vector and the bistatic bisector). Stationary
targets appear in the zero Doppler line of the RDM. Table 1
summarises PBR resolutions [13]. 

2.2 System performance

The Neyman–Pearson detector maximises the PD, maintaining the
PFA lower than or equal to a given value [14]. System coverage is
defined for specific target and interference models, as the
maximum range where a target is detected fulfilling PD and PFA
requirements. The signal-to-noise ratio (snr) at the antenna
terminals, snrIN, for the required snr at the detector input snrDET,
must be calculated, being snr the signal-to-noise ratio in natural
units, and SNR(dB) = 10 · log10(snr) (Fig. 2). If the dominant
interference is thermal noise, the snr at the output of the analogue-
to-digital converter (ADC) can be expressed as snrADC = 
snrDET/gP, being gP = Tint · B, the CAF processing gain. Table 2
summarises the calculus of snrIN, considering Fig. 2, and for a
target at RT and RR distances, is calculated in (3), where pT is the
IoO transmitted power, gT and gR are the transmitter and receiver
antenna gains, and λ is the wavelength. Free space propagation
losses are usually assumed to obtain preliminary results. The loci
RT · RR =constant is known as Cassini's oval

snrIN = �T�T�R�2�bis4� 3 �R�T 2 ⋅ 1� ⋅ (�a+ �ant − con) ⋅ � (3)

3 IDEPAR demonstrator
IDEPAR is a multichannel DVB-T PBR demonstrator with the
following design requirements:

i. Use of COTS components to the largest possible extent,
standard development tools, data formats and interfaces.

Fig. 1  Bistatic passive radar main components
(a) System geometry: L is the base-line; RRi and RTi are the radar-to-target and target-to-IoO distances; βi are the bistatic angles defined by RRi and RTi; and σbis,i are the targets
BRCS. i ε {a, b, c} stands for the aeroplane, the building and the car, respectively, (b) Basic scheme of the PBR signal processing architecture

 

�CAF[�,�] = ∑� = 0
� − 1�REF∗ [� −�] ⋅ (�target[�] + ��� ⋅ �REF[�]) ⋅ exp −j2� ����CAF[�,�] = �CAF, target[�,�] + �CAF,DPI (2)

Table 1 PBR system resolutions (ϕ3 dB,T and ϕ3 dB,R, are
the −3 dB (one way) antenna beamwidths of the transmitting
and receiving antennas, respectively)
Bistatic range
resolution

Δ��1�2 = �2�cos(�/2)cos(�) ψ is defined by the line
connecting the targets to

be detected and the
bistatic bisector

Bistatic
Doppler
resolution

|�D�1 − �D�2 | = 1�int —

Bistatic
angular
resolution

Δ�� = 2�R�3dB,Rcos(�/2) ϕ3 dB,T · RT > 2 · ϕ3 dB,R · 
RR
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ii. Modular system with off-line digital signal and data processing
(high level of configurability, but significant latencies).

3.1 Reception stage

The antenna system is composed of two commercial DVB-T
antennas (Fig. 2), selected to have good gain, high return losses
and high front-to-back ratios for the system frequency band.

The main elements of the acquisition system are National
Instruments Universal Software Radio Peripheral, (USRP),
devices, that were selected due to their versatility, research-
oriented design and the possibility of storing the acquired digitised

samples in random-access memory. Each device is composed of a
radio-frequency (RF)-Doughter board that down-converts the
signal to base-band, and ADC boards, that digitalise the signals
(Table 3). 

The synchronisation unit provides an external clock of 10 MHz
and a shared pulse-per-second to guarantee the frequency and time
synchronisation required for coherent processing. Input RF cavity
pass-band filters were designed for selecting the frequency band of
interest, minimising insertion losses. In the surveillance channel, a
low noise amplifier (LNA) was included to fulfil the required
sensitivity.

3.2 Processing stages

High CAF processing gain (gp = TintB), is usually required because
IoOs transmitted power was designed for fulfilling a
radiocommunication service quality, and not for generating target
echoes to be exploited for detection purposes. Target dynamics
must be properly estimated, and Doppler resolution requirements
must be fulfilled. The acquisition time, Tacq, was divided into
coherent processing intervals (CPIs), of Tint s. CPIs leading edges
were separated by the pulse repetition interval (PRI).

An RDM was generated for each CPI using a direct method
based on fast Fourier transforms [17]. This is a critical stage
because of the associated computational cost. Efficient CAF
generation techniques were proposed in [18, 19]. If long Tint is
required, (i.e. detection of distant targets with very low BRCS),
range migration can degrade system performance [18]. For those
cases where available IoOs and system geometry allow the use of
small Tint, classical correlation without Doppler consideration, and
Doppler compensation along different CPIs, could be an efficient
matched filtering implementation.

Although stationary clutter, interfering IoOs and DPI effects
spread through all the RDM, their maxima are located along the
zero-Doppler line (Fig. 3a). Due to the bistatic geometry, low
speed vehicles are not the unique targets whose echo is expected to
be located close to the zero Doppler line. IDEPAR solutions for
signal pre-processing, detection and tracking stages are presented
in following sub-sections. 

3.2.1 Zero Doppler interference (ZDI) suppression: Due to the
variability of the signal to be suppressed, adaptive algorithms are
used [20–22] (Fig. 3b). Different filtering algorithms were
implemented. The least mean square (LMS) one main
characteristic is its simplicity, and it is usually used as a reference
solution [23, 24]. The extensive cancellation algorithm (ECA) is
widely used [20, 25]. In the ECA implemented solution, the filtered
signal vector is calculated as the projection of the desired input
vector on the subspace orthogonal to the ZDI subspace. Examples
are shown in Figs. 3c and d. Three (25 × 21) windows were
selected:

Fig. 2  Receiver general scheme. Detection curves for the square-law detector in thermal noise interference (snrDET is an exponential random variable of
mean ������ for Swerling I targets)

 

Table 2 Calculus of the snr and the noise power at the
antenna terminals, snrIN (Fig. 2)
Step 1 snrADC = �RF ⋅ �ADC�RF ⋅ �ADC+ �IntADC sRF: signal power at the RF

front-end outputsnrRF = snrADC ⋅ 1 + �IntADC�RF ⋅ �ADC gADC: ADC power gain
nRF: noise power at the

ADC output
nIntADC: ADC noise power

contribution
Step 2 snrIN = snrRF ⋅ 1 + �IntRF�IN ⋅ �RF nIN: noise power at the

antenna terminals output
gRF: RF front-end power

gain
nIntRF: RF front-end noise

power contribution
Step 3 snrIN = snrDET ⋅ 1�P ⋅ 1 + �IntADC�RF ⋅ �ADC ⋅ 1 + �IntRF�IN ⋅ �RF
Step 4 nIN = k(Ta + Tant−con)B k: Boltzman constant

Ta: antenna noise
temperature

Tant−con: equivalent noise
temperature of the

interconnection elements
B: receiver effective

bandwidth
 

Table 3 IDEPAR main features
IDEPAR main parameters

central frequency, MHz variable from 450 up to 850
signal bandwidth, MHz 25
in-phase and in-quadrature signals
sampling frequency, MHz

25

continuous acquisition time, s up to 40 s
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• Window 1, centred on the first range bins of the zero Doppler
line. As performance parameter, the power estimated using the
zero Doppler line and the two next lines located at both sides of
the CAF (a total of five lines) was divided by the estimated
power using the rest of the window samples. Obtained results
were: 36.98 dB without ZDI suppression, –2.8 dB with LMS
and 4.01 dB with ECA.

• Window 2, centred on a target close enough to the zero Doppler
line to guarantee that samples of the zero Doppler belonged to
the window. The performance parameter was calculated as the
target power estimated using a 3 × 3 sub-window centred on the
target, divided by the power estimated using the rest of the
window samples, so it was an estimation of a local signal-to-
interference ratio, which has a direct impact on the constant
false alarm rate (CFAR) detector performance. Obtained results
were: –7.22 dB without ZDI suppression, 13.10 dB with the
LMS and 16.99 dB with the ECA.

• Window 3, centred on a strong target, far from the zero Doppler
line to avoid the presence of zero Doppler cells inside the
window. Obtained results were: 21.66 dB without ZDI
suppression, 22.60 dB with the LMS and 22.34 dB with the
ECA.

Results show that the power around the zero Doppler line (Window
1) is clearly reduced compared with the background, specially
using the LMS algorithm. In Window 2, the ECA algorithm
outperforms the LMS, with a signal-to-noise improvement ∼4 dB
higher. In Window 3, improvements are clearly lower, and very
similar for both, the LMS and the ECA algorithms.

3.2.2 Target detection: CFAR detectors operate on the
independent RDMs, using one-dimensional (1D) and 2D
windowing techniques. In the first case, the reference window
extends along range or Doppler dimension; in the second case, two
possibilities were considered: independent detectors using 1D
reference windows along range and Doppler dimensions were

combined using the AND operator, or a single detector operating
on a rectangular windows was used.

3.2.3 Tracking stage: A bidimensional tracking system based on
the Kalman filter operating in the RDM domain was implemented
[26]. In the target dynamic model,�b(�) = �b(� − 1) + ��b(� − 1)�+ 1/2��b(� − 1)�2+ �(�),
Rb(k) is the bistatic range position of the target in the kth CPI, ��b
and ��b are its velocity and the acceleration components in the
bistatic range dimension, respectively, and w(k) is the small
acceleration variation modelled as noise [27]. The time between
consecutive iterations, PRI, was denoted as T.

The equation of the process is �(�+ 1) = ��(�) + �(�),
being �(�) the state vector, composed of Rb(k), the bistatic Doppler
shift, fd(k), and the change rate components along both dimensions,��b(�) and ��d(�). � is the state transition matrix, and �(�)
models the error sources (Gaussian distributed with covariance
matrix �, which depends on the acceleration noise power spectral
densities on both dimensions qR and qd) (4). The relationship
between the measurement vector, �(�) = (�b(�), �d(�))T, and�(�) is modelled as in (5). � is the measurement matrix, and �(�)
the measurement noise (Gaussian process with covariance matrix�)

� = 1 0 −�� −��20 0 −1 −��0 0 1 �0 0 0 1 ; � = diag(�R ⋅ �2, �d ⋅ �2);
�2 = �3/3 �2/2�2/2 �

(4)

Fig. 3  Clutter characterisation and rejection techniques
(a) RDM for Tint = 200 ms with details related to a target (dotted rectangles) and ZDI (dashed rectangles) contributions, (b) Adaptive noise canceller, (c) Combination of the LMS
filter and the CAF stage, (d) Combination of the ECA filter and the CAF stage
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�(�) = � ⋅ �(�) +�(�); � = 1 0 0 00 0 1 0 (5)

Once the basic mathematical tools have been defined, the
processing stages are summarised:

• Step 1: Prediction stage. A priori estimation of the next state
vector, �−(�) = ��(� − 1), and a priori estimated error
covariance, ��− = �′��− 1�′T+ �. �′ is the 2D-standard
transition matrix [17], and the use of F, �′ and Q varies the
Kalman gain (step 3), making range predictions more dependent
on measurements.

• Step 2: Detection (measurement) association. The new
measurement vector �(�) will be selected from the detections
provided by the detector in the kth – CPI using the nearest
neighbour algorithm in combination with a dynamic window
centred on �−(�).

• Step 3: Correction of the a priori estimated state vector,�(�) = �−(�) +��(��−��−(�)), being �� the Kalman gain:�� = ��−�T(���−�T+ �)−1.
• Step 4: State estimation error update. The a priori estimated

covariance matrix of the state vector error is corrected using the
Kalman gain: �� = (1−���)��−.

• Step 5: Track confirmation. Markov logic was selected due to its
low false alarm rate and time confirmation [28].

A high concentration of false tracks is expected in the CAF area
surrounding the zero-Doppler line, due to false detections. Two
confirmation rules were implemented: a temporal one (Markov
logic) checks if recursive detections are associated with the same
target; a spatial one verifies the consistency between the Doppler
shift and estimated target movement.

Bistatic range and Doppler coordinates do not provide enough
information to make direct coordinate conversion; the estimation of

the true target position into the ellipsoid associated with the bistatic
range is unworkable in the absence of angular discrimination.
Geographic information systems data about roads and their
characteristics (velocity limit, curves, intersections etc) were used
to generate a reference velocity profile of the area of interest, to be
used by the automatic converter to associate target tracks with
roads, through a recursive process. The system assumed that the
target followed predictable movements on the existing roads.
Although the tracking algorithm operated on all the targets
declared by the detector, only those describing an expected
trajectory were transformed by the geodesic coordinate converter
to locate them on a map. The tracks that could not be associated to
expected trajectories, could be used for generating alarms to alert
about the presence of potential threats, a useful information for
specific surveillance systems (i.e. if a track is declared in the
surveillance area of a critical infrastructure, but it cannot be
associated to any security check-point, or its dynamics don't match
with allowed approach behaviours, an alarm shall be activated).

Improved 3D tracking algorithms could be developed using
PBRs with higher azimuth precision. Solutions based on particle
filters or multiple IoOs can be found in [29, 30].

4 Case study
4.1 Scenario description

The IDEPAR system was located on the roof of the Superior
Polytechnic School of the University of Alcalá (Fig. 4a). Sought
cars ran along the R2 highway, characterised by a light traffic, and
the Meco road, with heavier traffic, and lower speed limit. The
view from the PBR receiver shows the presence of the IMMPA
building (made of aluminium). In Fig. 4b, the result of combining
detector oputputs for a set of CPIs is presented as an example of
moderate traffic level. 

Two potential IoOs were identified: Torrespaña with an
equivalent radiated power (ERP) equal to 20 kW, and Algete, with

Fig. 4  Scenario main characteristics. Coverage studies were generated using Winprop, AWE Communications GmbH
(a) Scenario top view and passive receiver point of view, (b) Combination of detector outputs for moderate traffic level; detections are associated to the coverage subareas defined in

(a), (c) Coverage of Torrespaña (40° 25′16.64′′N, 3° 39′51.39′′W, at a height of 658 m), (d) Coverage of Algete (40° 30′47.19′′N, 3° 20′55.02′′W, at a height of 628)
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an ERP equal to 11.8 W. The power received from Torrespaña is
significantly higher (Figs. 4c and d), so it was selected as IoO.

4.2 Target characterisation

The car model shown in Fig. 5a was used for the analysis. A study
of the scenario geometry revealed that the grazing incidence and
observation angles for the cars of interest were close to 0°. Bistatic
angles, β, varied from 105° to 135°. In Fig. 5, the estimated BRCSs
for β  = 105° and 135° are depicted; in Table 4, BRCS

representative values are summarised. For coverage studies,
σbistatic =   − 7.3625 dBsm was used. 

4.3 System coverage

For PD = 80% and PFA = 10−6, an SNRDET = 17.8 dB is required
(Fig. 2). Using the IDEPAR parameters summarised in Fig. 6,
σbistatic =   − 7.3625 dBsm and Tint = 250 ms, the Cassini's oval is
characterised by �T ⋅ �R = 33.886 km. 

4.4 System resolution

In Fig. 7, spatial bistatic range resolution and target Doppler
variations are presented. Range resolution varies from 7.50 and
9.588 m along the Meco road, and from 7.726 to 9.3 m along the
R2 highway. The lowest value is concentrated close to the baseline
(in white). 

Doppler resolution is constant and equal to 1/Tint = 4 Hz.
Bistatic Doppler shift of the observed targets varies from 50 to 125 

Fig. 5  BRCS study at f = 850 MHz, using POFACETS software (Naval Postgraduate School, California). Incidence and scattering directions were fixed,
maintaining a selected bistatic angle, and the car was rotated on the horizontal plane (πi)
(a) 4.211 m(L) × 1.757 m(W) ×  1.509 m(H) car model made of aluminium, (b) BRCS for β × 105°, (c) β  = 135°

 

Table 4 Representative values of the estimated BRCS of
the car model selected for the study
BRCS, dBsm β = 105° β = 115° β = 125° β = 135°

maximum 5.5139 5.7260 5.6663 5.9417
minimum −32.8513 −37.5045 −33.1817 −51.6826
average −7.3625 −6.8632 −5.2284 −3.4875
 

Fig. 6  IDEPAR receiver chain parameters: antenna system, RF-front-end, ADC. �a′  is the apparent temperature of the sky as viewed at the radar frequency,
and La is the dissipative loss within the antenna
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Hz along the Meco road, and from 50 to 135 Hz along R2 highway,
approximately (Figs. 7c and d).

5 Results
Detection and tracking capabilities of the IDEPAR demonstrator
were verified for the signal processing chain described in Table 5,
and the detector windowing techniques aforementioned in Section
3.2.2. A methodology for PD and PFA estimation was designed
using targets information provided by the tracker outputs. For
validating tracker outputs, global positioning system (GPS) data of
cooperative targets was used (Table 5). As the presence of non-
cooperative targets could not be avoided, Meco road low traffic
level time intervals were selected, and visual confirmation of the
targets presence was reported. Target distance from the PBR varied
from 300 to 500 m, making results comparable to those presented
in [12]. 

5.1 PD and PFA estimation methodology

To estimate PFA and PD, ground-truths at the output of the detector
are required, but due to the complex nature of the electromagnetic
back propagation process, targets dynamics and radar system, the
real ground-truth is not available. Using confirmed tracker tracks, a
ground-truth was generated for each CFAR detector. Tracker tracks

were previously confirmed using GPS data (cooperative vehicles)
and visual information about non-cooperative targets present in
Meco road during the acquisitions.

For estimating the PFA, target contributions in the RDM were
removed. In each CPI, the set of pixel detections associated to a
single target must be grouped, to estimate the centroid that will be
applied to the tracker. If the plot is assigned to a track, all pixel
detections associated to the centroid will be removed from the
RDM for PFA estimation purposes. As each CFAR detector
generated different groups of pixel detections for a single target,
they were combined using a logic OR operation for generating the
common ground-truth.

Indeed, PD estimation is more complex due to the errors
associated to the pixel detections grouping technique. Owing to
that, PD was estimated at plot level, using confirmed tracker
outputs. To be considered a detection, a plot must be reported by
the detector and the tracker, and belong to a confirmed track.
Monte Carlo techniques were applied, guaranteeing an estimation
error lower than 10%.

5.2 CFAR windowing techniques and tracker study

A comparative study of the windowing techniques for the CA-
CFAR detector is summarised in Table 6. 

Fig. 7  Variation of the bistatic resolution and target Doppler throughout the scenario
(a) Area of interest in GoogleEarth, (b) Spatial variation of the bistatic range resolution (the baseline is represented with a dash-dotted line, the Meco road and the R2 highway with
dotted lines, the area defined by the surveillance antenna beamwidth with dashed lines), (c) Meco road bistatic Doppler (target speed varying from 50km/h to 95km/h), (d) R2
highway bistatic Doppler (target speed varying from 85km/h to 125km/h)

 

Table 5 CAF and ZDI processing stages parameters; controlled targets trajectories main parameters (acquisition date: 13,
February, 2015)

CAF and ZDI processing stages parameters
time parameters Tacq = 30 s Tint = PRI = 250 ms; 120 CPIs

CAF 401 Doppler bins ∈ [ − 799.744;799.744]Hz 1000 range bins (9.45 km towards surveillance pointing direction)
ZDI suppression ECA filter N = 900
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The 2D rectangular window provides the best PD, but the PFA is
higher than the desired one. The logical AND combination of 1D
detectors was selected as a trade off solution, providing the lowest
PFA, with a PD slightly lower than the best one. In Figs. 8a and b,
the output for the detection and tracker stages is depicted. False
alarms due to clutter residuals located close to the zero Doppler
line are responsible of a PFA higher than the desired one. 

More detailed analysis of controlled cars is shown in Figs. 8c
and d. The tracker generates continuous trajectories, correctly
approximating the real manoeuvres of the cooperative targets. The
difference is bigger along the end parts of the trajectories, due to
scenario characteristics: regions are out of the antenna beamwidth
giving rise to spread detections.

To characterise tracker performance, for each confirmed track,
the difference between the tracker prediction and the current plot
calculated from detector outputs was calculated. The error
cumulative probability distributions for range bin and Doppler
were estimated using the available IDEPAR database. Table 7
shows the estimated percentils for different fractions of system
resolution. More than 90% of the points have an estimated error
lower than the system resolution. 

The selected signal processing techniques proved good
performances in aerial scenarios. Although the presented results
prove the feasibility of low speed terrestrial targets detection in
semi-urban scenarios, more detailed studies are required to
improve system performance.

Table 6 Estimated PFA and PD of the IDEPAR demonstrator
at the output of the detector stage

1D range
window

1D Doppler
window

(1D range
window) AND
(1D Doppler

window)

2D rectangular
window

PFA 3.126 × 10−5 1.637 × 10−5 5.499 × 10−6 9.306 × 10−5

PD 0.7525 0.6828 0.7284 0.7665
 

Fig. 8  Detection and tracking results for Data 1 and Data 2 (120 CPIs)
(a) Detector and tracker outputs for Data 1, (b) Detector and tracker outputs for Data 2, (c) Comparative study of detector, tracker and GPS data of the controlled cars, using Data 1,
(d) Comparative study of detector, tracker and GPS data of the controlled cars, using Data 2

 

Table 7 Estimated tracked error classified on percentiles
1/4 System resolution 2/4 System resolution 3/4 System resolution 1 System resolution 3/2 System resolution

range 0.381 0.665 0.841 0.918 0.972
Doppler 0.505 0.675 0.798 0.907 0.967
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6 Conclusions
PBRs are emerging technologies that use non-cooperative signals,
known as IoO. The absence of a dedicated transmitter is the origin
of numerous advantages with respect to active radars.

In this paper, a brief summary of the PBR operating principle
and basic architecture were presented, to provide the required
framework to develop a general design process that allows the
definition of system design parameters from system requirements.
System resolution and coverages were related to signal, receiving
chain, desired target and processing stages features, for fulfilling
defined detection requirements (PD and PFA). Although this
methodology can be applied to any scenario, this paper focuses on
proving the feasibility of PBRs for car detection and monitoring in
semi-urban scenarios.

The IDEPAR demonstrator was developed in the University of
Alcalá, to be used as a design and testing platform for the analysis
and improvement of PBRs in different scenarios. In this paper, the
basic RF and signal processing architectures are presented. A
complex scenario is considered for validation. Cooperative targets
and other non-cooperative ones controlled by visual inspection are
used, and ground-truths at the output of the detector are generated
for improving the detection performance estimation.

Results show that the detection of low speed cars in presence of
big buildings is feasible, although signal processing techniques
need to be modified to fulfil the desired detection requirements
(PFA = 10−6 and PD = 80%).
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Abstract: Passive radars exploit the signal transmitted by other systems, known as
opportunity illuminators (OIs), instead of using their own transmitter. Due to its almost total
invulnerability to natural disasters or physical attacks, satellite OIs are of special interest.
In this line, a feasibility study of Earth Observation Synthetic Aperture Radar (EO SAR)
systems as OIs is carried out taking into consideration signal waveform, availability, bistatic
geometry, instrumented coverage area and incident power density. A case study based
on the use of PAZ, the first Spanish EO SAR, is presented. PAZ transmitted waveform,
operation modes, orbit characteristics and antenna and transmitter parameters are analyzed to
estimate potential coverages and resolutions. The study concludes that, due to its working in
on-demand operating mode, passive radars based on PAZ-type illuminators can be proposed
as complementing tools during the sensor commissioning phase, for system maintenance and
for improving its performance by providing additional information about the area of interest
and/or increasing the data updating speed, exploiting other sensors during the time PAZ is
not available.

Keywords: passive radar; bistatic geometry; resolution; opportunity illuminator; synthetic
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1. Introduction

A passive radar (PR) is defined as a sensor whose main objective is to detect targets and to estimate
parameters, such as position and speed, using non-cooperative transmitters, known as opportunity
illuminators (OIs), rather than a dedicated one [1]. Broadcast, communications, radar or radio-navigation
signals can be used as OIs. PRs present many advantages over active radars:

• Low development, implementation and maintenance costs.
• Easy deployment without any particular power requirement, using solar panels and batteries, and

without complex civil engineering.
• Small size and low weight.
• Low probability of intercept (LPI).
• Invulnerability against the progressive erosion of communication systems, which are demanding

the use of traditional radar frequencies.
• Avoidance of electromagnetic compatibility or environment impact problems.

In active radars, transmitters are usually a large fraction of the radar system cost and design effort
and typically require a major share of system prime power and maintenance. The absence of their own
transmitter is the main advantage of passive radars from the cost point of view. Of course, the use of
non-controlled transmitters that have not been designed for radar purposes makes detection and tracking
really complex. Thanks to the possibility of using commercial off-the-shelf (COTS) devices for signal
reception (antenna, RF front-end and acquisition systems), an intense research activity has been carried
out by research institutions, companies and universities. Technological advances, such as platforms
for field-programmable gate array (FPGAs) programming or graphics processing units (GPUs), allow
the reduction of the gap between technological demonstrators and prototypes. Actual active radar
designs try to move the analog-to-digital conversion stage as close as possible to the antenna. Under
this software-defined radio-receiving architecture, active and passive radars’ development costs can be
comparable, but the active system will require its own transmitter.

Due to the high availability of satellite OIs and their almost total invulnerability to natural disasters or
physical attacks, these OIs are of special interest. A deep study of the potential OIs is required, because
most of the defining characteristics of the resulting PR system are inherited from the characteristics of
the OI, in the same way that the behavior of an active radar is determined by the characteristics of its
dedicated transmitter.

Geostationary satellites, constellations of medium Earth orbit satellites or low Earth orbit satellites
have different features with respect to propagation losses, transmitted powers, central frequencies,
bandwidths, waveforms, visibility times and geometry variation with time.

Systems based on geostationary communication satellites, Global Navigation Satellite System
(GNSS) constellations or Earth Observation (EO) systems have been considered [2–5]. EO SARs
present potential advantages associated with the use of radar signals: frequencies characterized by
low atmospheric gas absorption and rain attenuation, high radiated powers, which have been designed
for fulfilling radar requirements in a monostatic configuration, and low orbits, which reduce the
transmitter-receiver and transmitter-target distances compared to other satellite constellations.
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Synthetic Aperture Radar (SAR) sensors are key pieces of the Earth observation European Program
Copernicus, previously known as GMES (Global Monitoring for Environment and Security) [6].
These sensors produce high-resolution remote-sensing imagery using antennas installed aboard mobile
platforms, such as aircraft or spacecrafts. Platform movement is used to improve azimuth resolution,
through the generation of a larger synthetic antenna. SAR data are used for mapping terrain and sea
surfaces and detecting and classifying point and extended targets [7].

The high interest in these sensors has resulted in the launch of several satellites, and more launches
are scheduled for the foreseeable future. Among these satellites are TerraSAR-X and next generation
missions, Cosmo SkyMed, Sentinel-1 and the Radarsat mission (Figure 1) [8]. The Spanish National
Earth Observation Program (PNOTS, Programa Nacional de Observación por Satélite ) has developed
the PAZ system, an X-band SAR instrument mounted on a TerraSAR-X-like platform [9], to fulfill
the objective of providing a constellation of observation satellites to cover Spanish EO needs and to
contribute to the Copernicus and Global Earth Observation System of Systems (GEOSS) programs. PAZ
is a dual system: civilian and defense. Its potential applications are those considered in Copernicus,
whose main goal is to deliver products and services to manage and protect the environment and natural
resources and to ensure civil security. Six main areas are considered: maritime environment, land
environment, atmospheric monitoring, emergency management, security and climate change monitoring.
PAZ will be operational in 2016.

Figure 1. Operating SAR EO satellites’ main characteristics [8].

Over the last decade, bistatic SAR (BSAR) techniques have been developed using spaceborne,
airborne or even fixed platforms [10–13]. Space-surface BSAR (SS-BSAR), or hybrid BSAR, combines
a spaceborne platform and another platform located on or near the Earth’s surface. The spaceborne
platform can be a SAR sensor [10,14–17]. Some of the advantages associated with the use of bistatic
systems are the following:
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• Alternative geometries.
• Different scattering mechanisms.
• Ground resolution comparable to that of a monostatic system in fixed-receiver bistatic

systems [16].
• Advantageous sensitivity requirements due to the shorter distance from target to receiver.

The use of a ground-based receiver allows [18]:

• Low cost experimentation of single and multichannel techniques (only a passive antenna with
multiple sub-apertures with no space qualification).

• No data-link/data storage limitations.
• Data immediately available at the ground receiver.

Although the number of available SAR EO constellations is constantly growing (Figure 1), increasing
the chances that an area of interest is illuminated by an EO sensor, the orbit properties (revisit time) and
on-demand operating principle limit the availability of an illuminating signal. This is an important
constraint, but the high cost associated with the development and launch of an EO SAR and its limited
lifetime justify the study of applications based on the signal generated from space.

Passive BSAR systems have been the object of an intense research activity [19–26]. The fact that
they exploit OIs instead of a controlled transmitter allows the use of other satellite illuminators (other
EO sensors, GNSS or communication systems) to provide a continuous monitoring of areas of interest,
instead of being limited by the revisit time of one EO satellite or constellation.

In this paper, a different approach is considered. The objective is to study the feasibility of the
detection and tracking of moving targets using EO SAR satellites as OIs. Taking into consideration that
the objective of passive BSAR systems is to generate radar images of Earth’s surface for detecting and
classifying point and extended targets, both systems could be used as valuable complements of actual
active EO SAR systems. More specifically, PRs based on these OIs could provide additional information
during the EO SAR sensor calibration and operation stages. The EO SAR and the PR sensors use the
same transmitted signal, so novel complementary calibration techniques can be designed. Furthermore,
information retrieval from SAR images can be improved. In the first approach, PR could estimate the
speed and trajectory of moving targets or provide new target features due to the bistatic geometry. The
availability of commercial receiving stations makes the deployment of PRs based on EO SAR sensors in
areas of special interest with a low cost feasible. Because of that, a preliminary feasibility study for a PR
using the signal transmitted by PAZ is presented.

This paper is structured as follows: In Section 1, the motivation and objectives of the paper are
presented; the performance principle of PRs is summarized in Section 2, and the basic parameters related
to resolution and coverage are analyzed taking into consideration the bistatic geometry and the use of
satellite illuminators. Section 3 describes the main features of PAZ and provides the required information
for the feasibility study. Finally, Sections 4 and 5 deal with the feasibility study and the analysis of a
case study, respectively. Conclusions are presented in Section 6.
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2. Passive Radar Performance Principle

In Figure 2, the basic geometry of a bistatic PR using an EO SAR sensor as the OI is presented. The
system principle of operation is based on the correlation of the reference signal from the OI acquired
by the reference channel (continuous orange arrow) and the target echoes acquired by the surveillance
channel (continuous blue arrows). As a result of this coherent processing, the cross-ambiguity function
(CAF) is generated.

Figure 2. Example of passive radar geometry.

In Equation (1) the discrete time expression of the CAF is presented for a coherent integration time,
Tint (s), and a sampling frequency, fs (Hz), where:

• N = Tint · fs is the number of samples.
• m represents the time bin associated with a delay τm = m

fs
.

• p is the Doppler bin corresponding to Doppler shift fDp = fs · ( pN ).
• sREF [n] and sSURV [n] are the reference and surveillance signals, respectively.

sCAF [m, p] =
N−1∑

n=0

s∗REF [n−m] · sSURV [n] · exp(−j2π p
N
n) (1)

For each target of the coverage area, the result of the CAF is the ambiguity function (AF) of the
transmitted signal, scaled and shifted to be centered on the time delay and Doppler shift corresponding
to the bistatic range and bistatic Doppler shift of the target. Figure 3 presents an example of CAF
generated in a scenario with the following elements:

• Two stationary targets are at bistatic ranges Rb1 and Rb2. These bistatic ranges are calculated
as Rb = τbistatic · c, where τbistatic is the bistatic delay calculated in Equation (2) as a function
of the target-OI, the target-PR and the OI-PR or baseline distances, denoted as RT , RR and L,
respectively. c is the velocity of light. Stationary targets appear in the zero Doppler line of the
range-Doppler map.

τbistatic =
RT +RR

c
− L

c
(2)
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• One moving target is detected at a bistatic range Rb1. Its echo appears in the range-Doppler map
at (Rb1, fdb3), where fdb3 is the bistatic Doppler generated by target movement relative to the OI
and the PR.

• The direct signal transmitted by the OI is captured by the reference and surveillance channels. The
surveillance antenna is designed for rejecting this direct signal, but as it can be 100–80 dB higher
than the target radar echoes, the level captured by the surveillance antenna can be significant
compared to the target echo ones. This signal, known as the direct path interference (DPI)
signal, correlates perfectly with the reference antenna signal, and as a result, a peak appears in
the range-Doppler map of the CAF, located at zero bistatic range and zero Doppler.

(a) (b)

Figure 3. Example of the cross-ambiguity function (CAF) generated in a scenario with three
targets. The effect of the DPI signal is also shown: 3D (a) and 2D (b).

In the following subsections, the main parameters and tools that will be used in the feasibility study
are presented: the bistatic range resolution, the bistatic Doppler resolution and the bistatic radar equation.

2.1. Bistatic Range Resolution

The bistatic range resolution, ∆R, is defined as the minimum distance between two targets that
guarantees a time delay between their respective radar echoes equal to the radar compressed pulse width,
τc. It is calculated using Equation (3), where B is the signal bandwidth, B = 1

τc
, β is the bistatic angle, ψ

is the aspect angle with respect to the bistatic bisector and L is the OI-to-PR or baseline length (Figure 4).
The value obtained for ψ = 0 is usually used for specifying the bistatic range resolution of a system as a
function of the bistatic angle.

∆R =
c

2B cos(β/2) cos(ψ)
(3)
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Figure 4. Geometry for bistatic range resolution calculation.

2.2. Bistatic Doppler Resolution

For monostatic and bistatic Doppler resolutions, 1/Tint
is conventionally considered as an adequate

Doppler separation between two target echoes at the receiver, where Tint is the coherent integration
time. In Figure 5, two targets sharing the same bistatic bisector are represented, as well as their
speed component along the bistatic bisector. The required ∆V = |VP1 − VP2| is given by expression
Equation (4) [1]:

∆V =
λ

2Tint cos(β/2)
(4)

Figure 5. Geometry for Doppler resolution calculus.

2.3. Bistatic Radar Equation

The radar equation is a mathematical expression that relates the radar range at which the specific
performance is obtained to the parameters that characterize the radar (transmitted power, antenna gains,
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operation frequency, etc.), the desired target (radar cross-section (RCS)) and the radar scenario (bistatic
geometry, propagation losses, multipath, clutter).

For the bistatic geometry depicted in Figure 2, the power scattered by a target can be calculated as:

PR =
PTGTGRλ

2σbis

(4π)3 (RRRT )2
· A (5)

where PR is the received power, PT is the power transmitted by the opportunity emitter, GT and GR

are the transmitter and receiver antenna gains, respectively, λ is the signal wavelength, A represents the
total propagation losses and RT and RR are the target-to-transmitter and target-to-receiver distances,
respectively. The bistatic RCS, σbis, models the power scattered by the target towards the PR when it is
illuminated by the OI.

2.4. System Coverage Limited by Sensitivity

Expression Equation (5) can be re-written as in Equation (6). The loci corresponding to
RT ·RR = constant is known as the oval of Cassini. For a required system sensitivity, PRmin, a value
of RR ·RT is obtained.

(RRRT )2 =
PTGTGRλ

2σbis

(4π)3 PR
· A (6)

In the considered bistatic geometry, the passive radar is located on the Earth’s surface (Figure 6).
Assuming a baseline length L = 500 km and RR < 20 km, L/(RT · RR) > 2, and the Cassini oval
breaks into two parts, one centered on the OI and the other on the PR.

As an example of the impact of the L/(RT · RR) relation on the coverage area geometry, a simple
study is presented in Figure 7. Assuming a normalized value RT ·RR = 1 km2, different coverage areas
are represented for L/(RT ·RR) ∈ {1.5, 2, 3}.

Figure 6. Geometry of the PAZ-based passive radar: β is the bistatic angle and α is the
incidence one.
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Figure 7. Study of different coverage areas for a fixed passive radar (PR) position as a
function L/(RTRR) assuming RT · RR = 1 km2: L/(RTRR) = 1.5 in red, L/(RTRR) = 2

in blue and L/(RTRR) = 3 in green.

2.5. Bistatic Radar Cross-Section

The bistatic RCS, σbis, is a function of the transmitted signal (frequency and polarization), the shape
and materials of the target and the incidence and scattering directions. In the bistatic RCS region,
characterized by bistatic angles higher than 5◦ and lower than 180◦, the bistatic RCS is usually lower
than the monostatic RCS for complex targets. Exceptions include [27]:

1. Some target aspect angles that generate a low monostatic RCS and a high bistatic specular RCS at
specific bistatic angles.

2. Targets that are designed for low monostatic RCS over a range of aspect angles.
3. Shadowing that sometimes occurs in a monostatic geometry and not in a bistatic one.

Taking into consideration the scenario geometry depicted in Figure 6 and the possible incidence and
scattering directions, the monostatic and the bistatic RCSs of a car were estimated using the program
POFACETS, developed at the Naval Postgraduate School [28]. Incidence and scattering directions are
defined by pairs (θ, φ), where θ represents the elevation angle (measured with respect to the Earth’s
surface perpendicularly) and φ the azimuth one (measured in the plane tangent to the Earth’s surface,
with respect to the north). A basic car model made of perfect electrical conductor (PEC) with dimensions
6 m (L) × 2 m (W) × 1.6 m (H) was used, and the simulations were performed for f = 9.65 GHz and
vertical polarization. The RCS has dimensions of area, so an RCS value equal to a(m2) corresponds to
A(dBsm) = 10 · log10(a).

For the monostatic study, two cases were simulated: Monostatic-1 (θm1 = 15◦ and φm1 ∈ [0, 360◦]),
and Monostatic-2 (θm2 = 65◦ and φm2 ∈ [0, 360◦]). In Figures 8 and 9 the results obtained for the
monostatic study cases, Monostatic-1 and Monostatic-2, are depicted in 3D and in cartesian coordinates.
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(a) (b)

Figure 8. Results obtained for the Monostatic 1 case using POFACETS : (a) 3D
model of the target and 3D monostatic radar cross-section (RCS); (b) Monostatic RCS in
Cartesian coordinates.

(a) (b)

Figure 9. Results obtained for the Monostatic 2 case using POFACETS: (a) 3D model of
the target and 3D monostatic RCS; (b) Monostatic RCS in Cartesian coordinates.

In the bistatic case, incidence and scattering directions must be considered. The estimation of an
average bistatic RCS was performed using the following methodology:

• For each value of incidence elevation angle, θi1 = 15◦ and θi2 = 65◦, the incidence azimuth angle,
φi, was varied from 0◦ to 180◦, taking into consideration the symmetry of the car in the XY plane.

• For each incidence direction (θi, φi), the elevation angle of the scattered wave was fixed to
θs = 90◦, and the azimuth scattering angle, φs, was varied from 0◦ to 360◦. Figures 10 and 11
show results obtained for θi1 = 15◦ and θi2 = 65◦, respectively.
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Figure 10. Bistatic RCS as a function of the scattering direction azimuth, φs, for θi = 15◦,
θs = 90◦ and φi ∈ {0◦, 40◦, 80◦, 100◦, 140◦, 180◦}.

Figure 11. Bistatic RCS as a function of the scattering direction azimuth, φs, for θi = 65◦,
θs = 90◦ and φi ∈ {0◦, 40◦, 80◦, 100◦, 140◦, 180◦}.

• For each scattering direction, (θs, φs), and incidence elevation angle θi, an average bistatic RCS
was calculated as the mean value of the bistatic RCSs estimated for the set of φi values ranging
from 0◦ to 180◦. The study carried out for θi1 = 15◦ was denoted as Bistatic-1 and the study for
θi2 = 65◦ was denoted as Bistatic-2. Results are presented in Figure 12.

Maximum, minimum and average values of the mean bistatic RCS along the φs dimension are
summarized in Table 1. Results show that for the lower incidence angle (close to normal incidence),
the monostatic RCS is higher than the bistatic one, but for higher values of the incidence angle, the
bistatic RCS can be higher than the monostatic one.
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(a) (b)

Figure 12. Bistatic RCS averaged along the incidence direction azimuth, φi: (a) Bistatic 1
case study; (b) Bistatic 2 case study.

Table 1. Bistatic RCS simulations results.

RCS Monostatic 1 Bistatic 1 Monostatic 2 Bistatic 2

Maximum 37.385 dBsm 11.074 dBsm 23.611 dBsm −6.293 dBsm
Minimum −50.229 dBsm −28.678 dBsm −51.619 dBsm −22.193 dBsm
Average −3.331 dBsm −15.522 dBsm −20.532 dBsm −14.658 dBsm

3. PAZ Description

The PAZ satellite platform is similar to the TerraSAR-X one and has been developed by Airbus
DS. The instrument front-end has been designed by Airbus DS Spain/CASAEspacio ( Construcciones
Aerospaciales S.A.). The Spanish National Institute for Aerospace Technology (INTA, Instituto
Nacional de Tecnología Aerospacial) has been responsible for the development of the Ground Segment
of the PAZ Mission, and it is responsible for PAZ scientific exploitation.

Scientific exploitation conveys all knowledge areas related to SAR technology: radio-frequency,
digital signal processing, image processing, remote sensing, etc. The main objectives are the following:

• To identify areas of interest considering the Spanish environment and compromises.
• To provide data to the scientific community for educational, scientific and technological purposes.
• To research SAR systems’ characterization and calibration, operating modes’ definition,

multi-static configurations and multi-sensor developments.
• To collaborate with high level SAR institutions.
• To develop a set of research-based demonstrators to prove SAR technology capabilities in

different applications.

Searchers or research groups can communicate their interest to the e-mail address
PAZ_science@inta.es.
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For the proposed study, the antenna gain and the imaging modes are of great importance. They are
analyzed in the following subsections.

3.1. PAZ Antenna

The PAZ antenna is an X-band active-phase planar array implemented in printed-radiator technology.
Together with a low profile, low-mass, flexibility and easiness of manufacturing, this technology allows
the development of flexible beamforming networks (BFN).

The PAZ planar array is composed of 12 panels (4.8 m × 0.7 m). Each panel is composed of
32 subarrays, and each subarray is composed of 16 microstrip patches. Each subarray is a single radiating
element, which includes a dedicated transmit-receive module (TRM) adjustable in amplitude and phase
by applying complex excitation coefficients. This enables beam steering, adaptive beamforming in the
azimuth and elevation and the generation of more than ten thousand beams. An accurate antenna model
(AMOR, Antenna MOdelleR ) was developed for generating the antenna patterns for improving radar
image quality and calculating TRM settings to ensure the performance further on, even in the case of
drifting and/or failed modules during the spacecraft lifetime, among other objectives [29]. Figure 13
shows a qualification model composed of nine subarrays [8].

Figure 13. PAZ panel subarrays [8].

The array gain is a key element in the feasibility study, so an estimated value was calculated using the
available information [30]:

• Subarray directivity higher than 20.1 dB for vertical and horizontal polarizations.
• Losses lower than 1 dB.
• Peak power equal to 2.26 kW.
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Assuming that all of the elements of the array are equal and unaffected by the position in the array,
thus ignoring some possible edge effects, the array gain can be estimated as follows [31]:

Garray (θ, φ) = N ·Delement (θ, φ) · εelement · Lscan (7)

where:

• εelement is the element efficiency term due to possible mismatching effects.
• Lscan represents the scan loss effect, which is typically modeled as a function of cos(θ0), being θ0

the main beam pointing direction with respect to the array broadside direction.
• Delement (θ, φ) represents the directivity of each single radiating element.
• N is the number of single radiating elements in the array.

Given the similarities between PAZ and TerraSAR-X, the angle between the array panel inclination
and nadir direction of TerraSAR-X was considered for the study, this value being equal to 33.8◦.

Finally, the Equivalent Isotropic Radiated Power (EIRP) was estimated for α ranging from 15◦ to 65◦.
For α = 15◦ and α = 65◦. EIRPs of 65.4 dBm and 63.4 dBm, were obtained, respectively.

3.2. Transmitted Signal

The PAZ signal is a periodic train of linear frequency-modulated pulses. The typical bandwidth
will be 150 MHz, but it will be able to be increased to 300 MHz for special imaging modes. Table 2
summarizes the main signal parameters [32,33].

Table 2. PAZ signal parameters.

Central frequency 9.65 GHz

Maximum bandwidth 300 MHz

Peak power 1.9 kW

Pulse length 15 µs–67 µs

Service factor 18%–20%

Pulse repetition frequency 2 kH–6.5 kH

3.3. Orbit Parameters

PAZ will fly in a polar dawn-dusk Sun-synchronous orbit. This type of orbit allows power throughput
maximization and simplifies the thermal design. TerraSAR-X and TanDEM-X satellites follow this
same orbit, offering the capability for repeat-pass interferometry. PAZ will cover all of Earth with a
mean revisit time of one day and a mean access delay slightly higher than 24 h (Table 3) [33].

Table 3. PAZ orbit and incidence angle values.

Nominal height 514 km

Orbits per day 15 + 2/11

Incidence angle 20◦–45◦ (full perf.) 15◦–60◦ (accessible)
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3.4. PAZ Imaging Modes

The PAZ satellite will operate in four nominal imaging modes (Figure 14):

• Stripmap: The antenna beam is pointed to a fixed angle in elevation and azimuth, resulting
in a strip with constant quality in azimuth (azimuth resolution up to 3 m, scene size up to
30 km × 50 km). Single (HH, VV) and dual (HH/VV, HH/HV, VV/VH) polarization modes
are possible.

• ScanSAR: The electronic antenna elevation steering is used to switch after bursts of pulses between
swathes with different incidence angles. This mode has an azimuth resolution up to 18 m, with a
scene size of 100 km × 150 km. It can only acquire images with single polarization (HH, VV).

• Spotlight: Azimuth phased array beam steering is used to increase the illumination time and the
azimuth resolution, at the cost of azimuth scene size (azimuth resolution up to 2 m, scene size of
10 km × 10 km). Single (HH, VV) and dual polarization (HH/VV) operating modes are possible.

• High resolution spotlight: this mode has an azimuth resolution up to 1 m, with a scene size of
10 km × 5 km and is able to operate with single (HH, VV) and dual polarization (HH/VV).

New modes developed for TerraSAR-X, such as the staring spotlight and the wide ScanSAR, are
foreseeable for PAZ.

(a) (b) (c)

Figure 14. PAZ imaging models [8]: ScanSAR (a); stripmap (b); spotlight (c).

4. Feasibility of PAZ as an Opportunity Illuminator in a Passive Bistatic Radar System

The feasibility study will be carried out taking into consideration several criteria: the signal waveform,
the availability of the OI and the knowledge of its position, the signal power level and the instrumented
coverage area.

4.1. OI Signal Waveform

Most of the detection capabilities of a passive radar system depend on the OI signal, in the same way
that the dedicated transmitter determines the characteristics of active radars.
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Bistatic range resolution depends on signal bandwidth and system geometry, as shown by expression
Equation (3), so other criteria related to system geometry must be studied before facing the calculus of
the bistatic range resolution.

For the waveform analysis, a synthetic signal was generated with the following parameters:

• Pulse repetition frequency, PRF = 3.03886 kHz
• Duty cycle, τ = 19%.
• Pulse duration, T = 62.523 µs.
• Modulation factor, kr = 2.0383 · 1012 Hz/s
• Bandwidth, ∆B = 127.44 MHz
• Number of Linear Frequency Modulation (LFM) pulses, 50.

The ambiguity function is a powerful analysis tool for determining the detection capabilities of a
waveform. It can be calculated using Equation (1), after substituting sSURV [n] by sREF [n].

The AF of the synthetic signal is depicted in Figures 15 and 16. The ambiguity peak pattern predicted
in [34] can be clearly identified:

• Periodic ambiguity peaks appear along the time delay dimension, with a period equal to 1
PRF

.
• Periodic ambiguity peaks appear along the Doppler shift dimension, with a period equal to PRF .

These undesired peaks can mask desired targets or increase the probability of false alarms. To avoid
these effects, radar coverage and desired target dynamics must be limited to guarantee the operation in
the unambiguous region of the AF: time delay lower than τ = 1

PRF
= 0.32908 ms and Doppler shift

lower than ν = PRF = 3.03886 kHz.

Figure 15. Ambiguity function (AF) estimation for a synthetic signal composed of a set of
LFM pulses.
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(a) (b)

Figure 16. AF main cuts: (a) zero Doppler; (b) zero delay.

4.2. OI Availability

The PR requires an OI that illuminates the area of interest. As discussed in Section 1, the availability
constraints of an EO satellite are very tight, and are mainly related to its movement with respect to
the Earth’s surface and its on-demand operation. Since no cooperation of the illuminator is required,
other EO satellites could be used to increase the time an area is illuminated. As a matter of fact,
both TerraSAR-X and TanDEM-X follow the same orbit of PAZ and have very similar characteristics.
Furthermore, other SAR sensors, like the Cosmo SkyMed constellation, Sentinel-1 and the future
Radarsat constellation, will also help to increase this time. A study of the potential bistatic geometry
has to be carried out in order to determine parameters, such as:

• The time availability: determined by the sensor orbit parameters and the scheduled data acquisition
processes. This study is directly related to the knowledge of the OI position that is studied in
Section 4.3.

• The instrumented spatial coverage: determined by the EO satellite footprint, which depends on the
sensor movement and acquisition mode. It is studied in Section 4.4.

4.3. Knowledge of the OI Position

The position of the OI is a key element for the definition of the bistatic geometry. In Figure 6,
RT +RR can be estimated from the delay between the transmitted wave and the target echo, τbistatic, and
the baseline length, L, Equation (8). The instantaneous position of a satellite can be determined using
the simplified general perturbation model (SGP4), which estimates the instantaneous two-line element
(TLE) parameters of the orbit from an initial state [35]. The standard TLEs are routinely available from
CelesTrak [36]. As an example, the TLE parameters of TerraSAR-X on 13 April 2015, obtained from
that source, are presented in Figure 17.

RT +RR = c · τbistatic + L (8)
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Figure 17. Two-line element (TLE) parameters for the TerraSAR-X orbit (13 April 2015) [36].

Given the instantaneous position of the OI, the location of the PR receiver and the radiation properties
of the OI and the PR surveillance channel, the main geometry parameters (RT , RR and β) can be
estimated for each detected target as functions of time. A case study example is defined and analyzed in
Section 5.

4.4. Instrumented Coverage Area

Due to the high distance between the OI and the PR receiver, L > 2(RTRR), the coverage area is split
into two ovals centered on the OI and the PR receiver, respectively. The one centered on the receiver is
the coverage area to be exploited. The system area of interest must be located inside this oval.

The instrumented coverage area is determined by the OI antenna footprint. It depends on the selected
imaging mode: stripmap, ScanSAR or spotlight. Due to the satellite and the SAR sensor antenna beam
movement, the following issues must be considered:

• The reference channel must include tracking techniques to guarantee the reference
signal reception.

• The surveillance channel must reject the OI direct signal (direct path interference (DPI)) as the OI
beam moves. The PR receiver and the area of interest are in the same coverage oval, so both are
illuminated by the OI. Targets to be sought are on the surface or at low altitudes compared to the
OI position, making the rejection of the direct OI signal feasible (incidence angles in [15◦, 65◦]).
The DPI rejection requires a surveillance antenna system capable of generating notches toward the
satellite elevation and a receiver with properly-designed filtering techniques.

• If the OI antenna beam cannot be considered stationary or quasi-stationary during the
acquisition time (stripmap or ScanSAR imaging modes), the coverage area will vary with the
footprint movement.

In Section 5, a study of the system geometry is presented assuming a spotlight acquisition mode
(Figure 18).



Sensors 2015, 15 29097

Figure 18. Footprint of the opportunity illuminator (OI) during the acquisition of a
spotlight image.

4.5. Incident Power Density and Required Sensitivity

For the study of the power density reaching the desired targets, the following considerations have
been taken:

1. The incidence angle of the PAZ antenna beam, α, can vary in [15◦, 65◦] (Figure 6). This parameter
determines the baseline, the OI-target distances and the associated propagation losses.

2. The estimated values of Equivalent Isotropic Radiated Power (EIRP) calculated in Section 3.1
range from 65.4 dBm for α = 15◦, to 63.4 dBm for α = 65◦.

3. A receiver gain (GR) of 23 dB was considered. Average bistatic RCS values were calculated for
each incidence angle following the methodology explained in Section 2.5. Estimated values for
the car model used in Section 2.5 are presented in Table 4.

4. The PR receiver was located at 40◦30′48.44′′ N and 3◦20′55.30′′ W.

Table 4. Simulated bistatic RCS for the car model used for calculating the received power
in Figure 19.

RCS α = 15◦ α = 25◦ α = 35◦ α = 45◦ α = 55◦ α = 65◦

Maximum 11.074 dBsm −0.046 dBsm −5.539 dBsm −7.631 dBsm −8.385 dBsm −6.293 dBsm
Minimum −28.678 dBsm −29.317 dBsm −28.164 dBsm −26.995 dBsm −26.685 dBsm −22.193 dBsm
Average −15.522 dBsm −15.912 dBsm −15.897 dBsm −16.729 dBsm −16.132 dBsm −14.658 dBsm

The available power at the PR antenna was calculated as a function of the target-to-PR distance,
and it is presented in Figure 19 as a function of the OI incidence angle. For a coverage of 15 km,
affordable power levels are obtained, proving the feasibility of PAZ as the OI from the point of view of
this parameter.



Sensors 2015, 15 29098

Figure 19. Coverage area of PAZ as the OI depending on the sensitivity of the system and
the incidence angle of the satellite’s illumination beam.

5. Case Study Example

The analysis of the bistatic geometry of a PR based on TerraSAR-X was carried out, because of the
similar characteristics of PAZ and TerraSAR-X. The central point of the area of interest was located at
the University of Alcalá campus, on the roof of the Polytechnic School, with the following coordinates
40◦30′48.44′′ N, 3◦20′55.30′′ W and an altitude of 587 m.

An acquisition in spotlight mode was assumed. This mode simplifies the geometry of the system,
because it allows the definition of a constant coverage area during SAR sensor operation. It has been
selected in order to focus on the description of the parameters to be considered in the analysis. Once the
methodology has been explained, it can be straightforwardly applied to ScanSAR and stripmap modes,
taking into consideration the movement of the footprint and the increase in the achievable coverage area.

A spotlight image acquisition covering an area of 10 × 10 km2, with a bandwidth of 300 MHz, an
incidence angle of 24.75◦, and an acquisition time of 1.5 s was assumed (Figure 18). Due to the slight
movement of the beam along the cross-range direction, an effective inner illuminated area of 5× 5 km2

was considered (Figure 20).
The PR receiver was located at the center of the area of interest. This solution minimized the required

sensitivity, taking into consideration that, as has been already mentioned, the coverage was composed
of two independent ovals centered on the OI and the PR receiver, respectively. The considered area laid
completely in the unambiguous detection region defined by the LFM pulse train CAF, which is around
480 km long for the monostatic case.

The date and time parameters of the case of study were: 13 April 2015, 17:58:50. From the TLE
parameters provided by the SGP4 model, during the acquisition time of 1.5 s, the main features of the
satellite movement where estimated:

• The satellite moved from 40◦10′20.00′′ N, 5◦51′56.00′′ W to 40◦15′57.00′′ N, 5◦53′24.00′′ W.
• Satellite altitude remained approximately constant and equal to 513.4 km.
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• The acquisition started at the time when the elevation angle of the satellite with respect to the
PR receiver location was maximum. The elevation variations were of some hundredths of degree
around 65.25◦.

• The azimuth of the satellite with respect to the North varied 3◦, from 260◦ to 263◦. This variation
was higher due to the polar orbit of the sensor.

Knowing the position of the OI during the acquisition time, a bistatic system geometry analysis was
carried out throughout the coverage area (Figure 20) with the following considerations:

• The area of interest was divided into 5× 5 m2 cells.
• The system geometry was calculated assuming that a non-moving ground target was located at the

center of each cell.
• The system geometry was recalculated each 0.01 s (150 time slots were analyzed) in order to take

into account the satellite dynamics.

Figure 20. Case study geometry analysis scheme.

The bistatic angle at the acquisition starting time for each 5× 5 m2 cell of the defined coverage area
is presented in Figure 21a. The total variation of the bistatic angle during the whole acquisition time is
represented in Figure 21b. The maximum bistatic angle variations is equal to 1.17◦.

(a) (b)

Figure 21. Study of the spatial and time variation of the bistatic angle: (a) initial value at
each 5× 5 m2 cell of the coverage area; (b) total variation during the acquisition time.
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The bistatic range resolution, which is a function of the bistatic angle, was also analyzed. Using
Equation (3), its value at the acquisition starting time for each 5× 5 m2 cell of the defined coverage area
was calculated (Figure 22a). Due to the small variation of the bistatic angle during the acquisition time,
the variation of the bistatic range resolution in the 1.5 s has not been represented.

Because of the satellite movement, the bistatic time delay and the associated bistatic range are also a
function of time (RT +RR−L, in Figure 6). This makes the estimated target location a time-dependent
variable. In Figure 22b, the total variation of the bistatic range during the whole acquisition time is
represented for each 5 × 5 m2 cell of the defined area of coverage. In this case, variations of 50 m
are calculated.

(a) (b)

Figure 22. Bistatic range resolution and bistatic range: (a) initial bistatic range resolution
at each 5× 5 m2 cell of the coverage area; (b) total variation of the bistatic range during the
acquisition time.

The variation of the bistatic range with time for a stationary target (i.e., corner reflector) located at
the center of a 5× 5 m2 cell gives rise to the virtual movement of the stationary target. In Figure 23, the
virtual trajectory of a stationary target located at the upper right corner cell of Figure 22b is depicted.
During the acquisition time, an average speed of 38 m/s and a total variation of the bistatic range of
around 55 m were estimated.

Figure 23. Virtual displacement for a fixed point inside the area of interest.
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This virtual movement is completely defined by the system geometry, so it can be predicted
and, therefore, compensated. To complete the study, two examples of different system geometries
are presented:

• Virtual movement analysis for a bistatic radar scenario using the same satellite, but assuming a
different acquisition date: The new date and time parameters are: 3 June 2015, 17:34:15. Figure 24
shows the total variation of the bistatic range and the virtual movement of the same stationary target
as in the previous study, during the same acquisition time. In this case, the maximum magnitude
of the bistatic range variation is approximately 35 m, lower than the approximated 55 m obtained
in the previous study.

(a) (b)

Figure 24. System geometry analysis assuming different TerraSAR-X orbital parameters
(3 June 2015, 17:34:15): (a) total variation of the bistatic range during the acquisition time;
(b) virtual displacement associated with satellite movement.

• Virtual movement analysis for a bistatic radar scenario using a GPS satellite: A new study case
is considered exploiting the signal transmitted by Navstart 59 (USA 192). This is a medium-orbit
satellite. The date and time parameters are: 25 May 2015, 12:20:00. The characteristics of
the orbit and the transmitted signal parameters used in the study are summarized in Tables 5
and 6, respectively. Results are presented in Figure 25. In this case, the stationary target is assumed
to be located on the upper left corner of Figure 25a, in order to perform the analysis for a case
characterized by a big variation of the considered parameters. For the same acquisition time used
in previous examples, the obtained virtual displacement is significantly lower, less than 1 m.

These results validate the proposal of a PAZ-based PR for PAZ calibration and maintenance purposes
and for surveillance of critical areas where the increase of monitoring time and/or target speed estimation
could be important added values.
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Table 5. GPS signal parameters used in the third geometry study.

Central frequency 1557 MHz

Bandwidth 2 MHz

Power 27 W

Modulation Spread spectrum

Transmission rate 50 bps

Table 6. GPS orbit parameters.

Nominal height 20,200 km

Orbits per day 2

(a) (b)

Figure 25. System geometry analysis for Navstart 59 (USA 192), on 25 May 2015, at
12:20:00: (a) total variation of the bistatic range during the acquisition time; (b) virtual
displacement associated with the satellite orbit.

6. Conclusions

PAZ, the satellite EO SAR sensor of the Spanish National Earth Observation Program, is a powerful
observation tool that will be used in the different applications defined in Copernicus, the European Earth
observation program: land monitoring, marine monitoring, emergency management and security.

Taking into consideration the increasing interest in passive radars and the potential good features of
a system such as PAZ, a complete study about PAZ’s feasibility as an opportunity illuminator in passive
radar applications was carried out. Bistatic SAR systems have been the object of study, and some works
dealing with the generation of passive radar images have been published. In this paper, the feasibility
of PAZ as an opportunity illuminator in a passive bistatic radar system in surveillance applications was
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considered. Although a major drawback of that system is its intermittency in acquisition, constrained
by the orbit parameters and its on-demand operating principle, PAZ is a powerful detection tool, with a
finite lifetime, factors that justify the search for alternative applications.

A detailed study was carried out to analyze the influence of waveform, platform movement, variable
bistatic geometry, transmitted power and on-demand operation mode. The main conclusions are
the following:

• The transmitted signal is characterized by periodic ambiguity peaks that limit the coverage area
and the target dynamics. After a study of instrumented coverage and system sensitivity, the limits
imposed by the signal AF are beyond the limits imposed by these other factors, so the ambiguity
peaks have no practical effect on system performance.

• OI availability: A study of potential bistatic geometries was carried out in order to determine the
time availability and the instrumented spatial coverage. The orbital parameters, the acquisition
modes and the operation schedule impose critical limitations on the OI availability. Taking into
consideration these limitations, the following potential applications are proposed:

– A PR system exploiting the signal emitted by PAZ can be used as a low-cost, easily
deployable and configurable calibration tool in the commissioning phase of the SAR sensor
or in posterior maintenance processes. The cost associated with the PR receiver is expected
to be reduced due to the availability of commercial systems for direct receiving of sensor
X-band data.

– PR based on PAZ can also provide additional information, especially that related to the speed
and trajectory of moving targets, to improve the information extraction from the acquired
SAR images in the operational phase. This application can be really important in areas of
special interest for monitoring specific phenomena.

– As a PR can exploit the signal transmitted by other SAR sensors, GNSS and communication
satellites, BSAR images can be generated to fill time gaps during which PAZ is not available.

• Instrumented coverage area: This is determined by the OI antenna footprint. The spotlight
acquisition mode simplifies the geometry of the system, because it allows the definition of a
constant coverage area during SAR sensor operation. For stripmap or ScanSAR operation, the
knowledge of the sensor position makes it possible to study the movement of the coverage area,
providing an increase of the achievable coverage.
Different study cases were defined to analyze the impact of OI orbit: two study cases based on
TerraSAR-X with different orbit parameters and a study case based on a GPS satellite.

• Incident power density and required sensitivity: The available power at the PR antenna was
estimated as a function of the target-to-PR distance, proving the feasibility of PAZ as an IO from
this point of view, allowing coverages of 15 km with affordable system sensitivities.
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a b s t r a c t

This paper tackles the detection of radar targets with unknown Doppler shift in presence of clutter. A
Neural Network based Constant False Alarm Rate (CFAR) technique is proposed for adapting the detection
threshold in an improved architecture based on the Generalized Likelihood Ratio (GLR) detector.
Detection schemes based on Doppler processors (Moving Target Indicator (MTI) and Moving Target
Detector (MTD)) and conventional CFAR detectors are considered as reference. In these reference solu-
tions, interference is assumed Gaussian and white at the output of each Doppler filter, so conventional
incoherent CFAR detectors are applied. The outputs of the CFAR detectors are combined using an OR
operation to decide the presence of a target if, at least, one of the CFARs declares it. As a result, the PFA

is higher than the desired one, as we prove. In this paper, an improved detector is presented that com-
bines the following features: a better approximation to the Neyman–Pearson detector based on the
GLR (selecting the maximum filter bank output), and a unique CFAR detector applied to the squared
modulus of the maximum filter bank output. Due to the non-linear nature of the maximum function, con-
ventional CFAR detectors are not suitable. A Neural Network CFAR solution is proposed. A general design
method is presented. Results prove that the designed CFAR allows the exploitation of the better detection
capabilities of the detector based on the maximum function, providing a higher probability of detection
while fulfilling the probability of false alarm requirement. The proposed method can be extended to other
detection strategies and radar scenarios.

� 2015 Published by Elsevier Ltd.

1. Introduction

Active pulse radars are extensively used for surveillance and
monitoring tasks. In Fig. 1, the general structure of a scanning radar
is presented. Any object in the coverage area can intercept the
radar transmitted signal and reradiate part of it towards the radar.
The objects to be detected are denoted as targets, while all radar
echoes from other non-desired objects are called clutter. Radar
echoes will be acquired by the receiver, which will generate the
observation vector, ez, a complex vector composed of the in-phase
and in-quadrature components of the digitized samples.

The objective is to detect targets in presence of interference
(receiver noise plus clutter), maximizing the Probability of
Detection (PD), while maintaining the Probability of False Alarm
(PFA) lower than or equal to a given value (the Neyman–Pearson,

NP, detector) (Neyman & Pearson, 1933; Trees, 1968). So the radar
detection problem is a binary hypothesis test, where the detector
has to decide between two hypotheses:

� Target absent or null hypothesis, H0: the received signal con-
sists of interference (clutter plus noise).
� Target present or alternative hypothesis, H1: the received sig-

nal consists of target echo-plus-interference.

If f ðez j H0Þ and f ðez j H1Þ are the detection problem likelihood
functions, a possible implementation of the NP detector consists
in comparing the Likelihood Ratio (LR), KðezÞ, to a detection thresh-
old selected according to PFA requirements, glrðPFAÞ (Trees, 1968),
and deciding in favor of H1 when the LR output is higher than
the selected threshold, and in favor of H0 when the LR output is
lower than the selected threshold (1). This approach requires a
complete statistical characterization of the observation vector
under both hypotheses, and significant detection losses are
expected when the likelihood functions vary from those assumed
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in the LR detector design (Aloisio, di Vito, & Galati, 1994; di Vito &
Naldi, 1999; Mata-Moya et al., 2008, Mata-Moya, Jarabo-Amores,
Rosa-Zurera, Nieto-Borge, & Lopez-Ferreras, 2009).

KðezÞ ¼ f ðez j H1Þ
f ðez j H0Þ

?

H1

H0

glrðPFAÞ ð1Þ

In practice, clutter and target statistics are variable. Although clut-
ter parameters are usually estimated from radar measurements,
target statistics are really difficult to estimate. In these cases, if tar-
get parameters are unknown and can be modeled as random vari-
ables, the detection problem must be formulated as a composite
hypothesis test. The decision rule consisting in comparing the
Average Likelihood Ratio (ALR) to a detection threshold (galr) fixed
according to PFA requirements, is an implementation of the NP
detector (Trees, 1968). In expression (2), the ALR has been formu-
lated for a case study characterized by targets whose Doppler shift,
Xd, is a random variable with probability density function f ðXdÞ.
Frequencies for discrete-time signals are considered. Therefore,
the samples of the observation vector ez are obtained sampling at
the Pulse Repetition Frequency, Xs 2 ½0;2pÞ. If the probability den-
sity function of the random parameters is unknown, the optimum
test can be built assuming that they are uniform in the variation
interval (Aref & Nayebi, 1994).

KðezÞ ¼ 1
2p

R 2p
0 f ðez j H1;XdÞf ðXdÞdXd

f ðez j H0Þ
?

H1

H0

galrðPFAÞ ð2Þ

The ALR formulation usually leads to integrals without analyti-
cal solution, and suboptimal approaches are proposed: numerical
approximations of the ALR, or the Generalized Likelihood Ratio
(GLR), which uses the maximum likelihood estimation of the
parameters governing the likelihood functions in the LR, as if they
were correct (Carretero-Moya, Gismero-Menoyo, Asensio-Lopez, &
del Campo, 2011; Sangston, Gini, & Greco, 2012; Shuai, Kong, &
Yang, 2010; Trees, 1968). Because of that, the detection of small
moving targets with unknown Doppler shift in presence of clutter
is an open issue.

On the other hand, the LR, the ALR and their suboptimum
approaches use a fixed threshold (glr). Constant False Alarm Rate
(CFAR) techniques have been proposed as a solution to maintain
the desired PFA under variable clutter parameters, but in most
cases, envelope detectors have been assumed. The design of a
CFAR technique for LR, ALR or GLR based approaches is a compli-
cated task, and no analytical solution has been reported, as far as
authors know.

Practical radar detectors are based on Doppler Processors, DPs,
(cancelers, bank of filters) which exploit the Doppler effect to filter
clutter and improve the Signal-to-Interference Ratio, (SIR). Again,
due to the complex dynamics of the targets, their Doppler shift is
usually modeled as a uniform random variable in ½0;2pÞ, and,
because of that, the filters of the filter banks are uniformly dis-
tributed. Assuming that most of the clutter has been rejected,
incoherent CFAR techniques are applied to estimate clutter residu-
als plus thermal noise statistics, and adapt the detection threshold
for maintaining the desired PFA (Schleher, 1999; Skolnik, 2002,
2008). In Fig. 2, a basic Moving Target Detector (MTD) architecture
is depicted. These solutions assume that clutter plus interference
can be modeled as Gaussian processes, and filters are designed
for maximizing the Moving Target Indicator, MTI, improvement
factor (the ratio between the SIR measured at the filter output,
and the SIR measured at the filter input) (Eaves & Reedy, 1987;
Skolnik, 2002, 2008). Nowadays, this approach is still applied in
different clutter conditions, and the Gaussian model is the basis
of many research works (Cheikh & Soltani, 2011; Lagerkvist,
Jonsson, & Wittberg, 2005; Muehe, 2006; Shui & Shi, 2012;
Siddiq, 2006; Smith & Varshney, 2000; Xu, Yu, Peng, & Xia, 2011;
Zuyin, 2001).

In Fig. 2, an independent detection process is carried out at the
output of each Doppler filter. Ideally, if the Doppler filter has
rejected the clutter in his pass-band, the output of the square
law detector can be assumed exponentially distributed, and the
Cell Averaging CA-CFAR is the optimum solution. As the clutter
has not been completely removed, and other targets can be in
the neighbourhood of the considered one, other CFAR techniques
have been proposed (Gandhi & Kassam, 1988): Smaller-Of CFAR
(SO-CFAR), Greater-Of CFAR (GO-CFAR), Ordered-Statistic CFAR
(OS-CFAR), Censored Cell-Averaging CFAR (CCA-CFAR), Mean-
Level (ML-CFAR). More recently, the Mean-to-Mean Ratio (MMR)
test (Cao, 2008) and a new Fuzzy CFAR scheme (El-Henawy,
Abdoul-Fattah, Gamal, Attala, & Hafez, 2012) have been proposed.
In all cases, samples at the output of the square law detector are
assumed to be independent and exponentially distributed.

The application of independent detection processes make the
mentioned CFAR techniques suitable, but, although the PFA is con-
trolled in each detection branch, the final PFA generated by the OR-
logic operation applied to all the detections can be significantly
higher than the required value, as we demonstrate in the present
paper.

Following a strategy similar to the GLR, a detection scheme
based on the conventional one depicted in Fig. 2 has been analyzed
(Fig. 3). The maximum output of the envelope detectors is

Fig. 1. General architecture of a coherent radar receiver. Radar matrix generated after an antenna scan.
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compared to a detection threshold controlled by a CFAR technique.
Due to the application of the non-linear maximum function, the
generated samples are not expected to be Gaussian, so the CFAR
techniques discussed so far are not suitable.

In this paper, a CFAR technique for the detection scheme of
Fig. 3 is designed. As the analytical design of the CFAR technique
is a complex task and highly dependent on the actual clutter statis-
tics, a Neural Network (NN) based solution is proposed.

NNs have emerged as solution for several technological prob-
lems, as pattern recognition, classification, computer vision and
function approximation. The theoretical NN capability to approxi-
mate functions has been widely studied in the literature; NNs have
been proposed as universal approximators (Bishop, 1995; Nayebi,
Aref, & Bastani, 1991; Pinkus, 1999). Kolmogorov’s superposition
theorem proved that any continuous function with a finite number,
more than one, of arguments can be represented using a finite
composition of single argument functions and an addition. An
interpretation of this theorem, expressed in (3), states that a
Multi-Layer Perceptron (MLP) with two layers can represent any

continuous function in a compact and limited domain (Bishop,
1995): wq are continuous functions of the hidden neurons, g is
the function implemented by the output layer and kp are the con-
nection weights to be determined in the training process (Gougam,
Tribeche, & Mekideche-Chafa, 2008; Rojas, 1996).

f ðx1; x2; . . . ; xnÞ ¼
X2nþ1

q¼1

g
Xn

p¼1

kpwqðxpÞ
 !

ð3Þ

In (Cheikh & Faozi, 2004), a MLP was proposed to approximate a
system composed of an envelope detector and CA-CFAR tech-
niques. In the present paper, a general method for designing NN
based CFAR techniques is presented and applied to the detection
scheme depicted in Fig. 3. The proposed methodology allows the
adaptation of the detection threshold according to clutter statistics
variations without knowledge of the clutter model, and can be
applied to any detection strategy. Results prove the correct opera-
tion of the proposed MLP-CFAR, and its potential application to
other detection schemes or clutter environments.

Fig. 2. Basic MTD detector: filter-bank with independent CFAR detectors working in different frequency bands, whose outputs are combined using an OR operation.

Fig. 3. MAX-DP-CFAR Detector.
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The paper is structured as follows: Section 2 describes the radar
scenario and the considered case study. In Section 3, detection
schemes based on Doppler processors are presented. Adaptive
threshold stages based on Neural Networks are proposed in
Section 4. Section 5 exposes the design and validation of conven-
tional and proposed radar detectors. A simulated radar scenario
is presented and used to evaluate detection performance. Finally,
the main conclusions are presented in Section 6.

2. Problem formulation

The problem of detecting fluctuating targets with unknown
Doppler shift in correlated Gaussian clutter plus Additive White
Gaussian Noise (AWGN) is studied. This is motivated by the fact
that the scheme of Fig. 2 was designed under this assumption with
a basic objective of maximizing the Signal-to-Interference Ratio
(SIR) (Eaves & Reedy, 1987; Skolnik, 2002, 2008). Nowadays, this
detection scheme is still applied in different clutter conditions
(Shui & Shi, 2012; Xu, He, Yao, & Jian, 2011), and the Gaussian
model is the basis of many research works (Cheikh & Soltani,
2011; Xu, He, et al., 2011; Maio, Farina, & Foglia, 2007).

The scheme of Fig. 2 is applied under clutter conditions differ-
ent from the Gaussian ones, because, as the considered clutter is
correlated and the detection scheme coherent, filters are designed
for rejecting clutter. This, together with the fact that linear filtering
tends to transform the input random processes into Gaussian ones
(the filter output is a linear combination of inputs), allows the
assumption that at the output of each filter the interference is
the sum of thermal noise and clutter residuals, making suitable
the application of a conventional CFAR, one per each filter of the fil-
ter bank.

In the considered case study, a marine radar is applied for mar-
itime traffic control and surveillance. In marine environments, the
Gaussian clutter model fits with real data acquired by low res-
olution or high resolution, with grazing incidence angles above
10� (Skolnik, 2008). A hypothetical radar similar to IPIX (IPIX,
2014) has been assumed. The IPIX radar can select the pulse length
between 20 ns to 5000 ns. In the considered scenario, the selected
pulse length is 500 ns (range resolution of 75 m). Under these con-
ditions, the resolution cell is large compared to the wave structure
independently of the sea state, and the Rayleigh distribution can be
used for modeling sea clutter amplitude, so the Gaussian model is
suitable for the in-phase and in-quadrature components (Foreman
& Wilson, 2000; Laroussi & Barkat, 2006; Skolnik, 2002).

In (Conte, Maio, & Galdi, 2004; Greco, Bordoni, & Gini, 2004), a
statistical analysis of real data acquired by IPIX radar with a pulse
length of 200 ns and lower is presented. Results confirm that as the
range resolution is improved, the amplitude of the clutter samples
can not be modeled as Rayleigh. Pareto distribution has been vali-
dated recently as a model for X-band high resolution maritime sea
clutter returns (Weinberg, 2013).

2.1. Observation space

In Fig. 1, the scanning antenna is rotating/exploring at a certain
speed. The transmitted signal is a modulated pulse train, character-
ized by a Pulse Repetition Frequency (PRF). For a given direction, Ai,
the radar transmits an electromagnetic pulse, which is scattered by
the object/s illuminated by the antenna beam. The range resolution
of the system is defined by the signal bandwidth, B, DR ¼ Ri � Rj ¼
c=2B, being c the velocity of the electromagnetic wave in the med-
ium; the azimuth resolution is equal to the 3 dB beamwidth of the
antenna main beam, hB.

From each antenna scan, a radar matrix is generated (Fig. 1).
Each element of the matrix corresponds to a received echo,

digitized at the output of the synchronous detector, represented
by a complex value composed of the in-phase (real part) and in-
quadrature (imaginary part) components. For a given azimuth res-
olution, antenna rotating speed and PRF, a number of pulses, P, are
expected from each object, which are allocated along the column
associated with the object range from the radar. Because of that,
for each radar matrix column, a sliding window is shifted along
the azimuth dimension for generating the observation vectors to
be applied to the detector (ezT ¼ ½ ez1 ; . . . ; ezP � 2 CP).

A low-resolution X-band coherent radar, similar to the
McMaster University IPIX radar (IPIX, 2014), has been assumed.
In Table 1, the main parameters are detailed. The selected operat-
ing parameters provide range and angular resolutions of 75 m and
0:9�, respectively. Then, results and simulated data are obtained
considering clutter model. Attending to antenna movement,
P ¼ 8 and a clutter one-lag correlation of 0.9 have been considered
in the radar detector design without loss of generality. Clutter sam-
ples will be uncorrelated in range but correlated in azimuth.

2.2. Target model

Usually, for the formulation of the detection problem and the
design of the radar detector, observation vectors are assumed to
be composed of clutter plus thermal noise under hypothesis H0,
and clutter-plus-thermal noise-plus-target echoes under hypothe-
sis H1, ignoring the fact that, although clutter and thermal noise are
always present, due to the shifting of the observation window
along the azimuth dimension, observation vectors can contain
more or less target echo contributions. Once the detector has been
designed, sliding windows are applied to simulated or real radar
matrixes, in order to test the sliding window effects on the detec-
tion performance of the designed detector.

In this section, the first signal model, which ignores the sliding
window effect in the observation vector, is applied for describing
the interference and target statistical models used in the design
process. In Section 5, a radar scenario will be simulated, and sliding
windows will be applied to the synthetic radar matrixes, in order
to assess the performance of the different detectors under more
realistic conditions.

In radar literature, the most extended target models are based
on the ones proposed by Swerling (1960). Swerling I and II are par-
ticular cases of complex Gaussian targets. Expression (4) is the
covariance matrix of a vector of P samples of a complex Gaussian
target with Gaussian Auto-Correlation Function (ACF), where h
and k are the row and column indexes, respectively, ps is the target
power, qs is the one-lag correlation coefficient, and Xs is the
Doppler shift normalized with respect to the PRF (Eaves & Reedy,
1987). In (5), qs and Xs are defined, where rs; vR and k are the stan-
dard deviation of the target spectrum, the target radial velocity
with respect to the radar system and the wavelength, respectively

Table 1
IPIX radar specifications.

IPIX radar specifications

Transmitter Receiver Antenna

Frequency: 9.39 GHz Synchronous
detector

Beam width: 0:9�

Peak power: 8 KW Bandwidth:
5.5 MHz

Gain: 44 dB

Pulse width: 500 ns Noise figure: 1.2 dB Rotation: 30 rpm
Polarization: H Polarization: H Diameter: 2.4 m
Pulse Repetition Frequency

(PRF): 1600 Hz
Minimum range:
150 m

Azimuth resolution:
0:9�

Range resolution: 75 m Target illumination
time: 5 ms

Azimuth sampling
period: 0:1125�
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(Eaves & Reedy, 1987). In the present work, the Swerling I model
(qs ¼ 1) is used to model vessel echoes acquired by marine radars
(Yamaguchi & Suganuma, 2010).

ðResesÞh;k ¼ ps � qjh�kj2
s � expðjðh� kÞXsÞ ðh; k 2 f1;2; . . . ; PgÞ ð4Þ

qs ¼ exp �2p2 rs

PRF

� �2
� �

; Xs ¼
4pvR

kPRF
ð5Þ

2.3. Interference models

Sea clutter echoes are characterized by a radar cross section, rc ,
composed by many independent non-dominant random scatterers.
rc depends on factors such as the frequency, the grazing angle, the
polarization and the sea state (Skolnik, 2002). rc is modeled as a
Gaussian random variable and the covariance matrix of the inter-
ference composed by clutter plus AWGN is defined as:

ðReieiÞh;k ¼ pc � qjh�kj2
c þ pndhk ðh; k 2 f1;2; . . . ; PgÞ ð6Þ

where pn is the noise power, dhk is the Kronecker delta, and pc and qc

are, respectively, the clutter power and one-lag correlation
coefficient.

Due to the distributed nature of sea clutter, for modeling the
energy backscattered by the sea surface when it is illuminated by
a radar system, the scattering coefficient r0 is used. It is defined as
the clutter cross section per unit area (Fig. 4) (Skolnik, 2002, 2008):

rc ¼ r0 � Dist � hB � secð/Þ � c=ð2 � BÞ ð7Þ

According to the radar equation, pc can be calculated using (8),
where PT is the radar transmitted power, G is the radar antenna
gain (dB) and Dist is the clutter cell-radar distance. In a radar sce-
nario, pc varies in an interval that depends on statistics rc and clut-
ter cell-radar distance. Then a radar detector must consider an
adaptive threshold to fulfill the PFA requirements.

pc ¼ 2 � PT � G2 � rc � k2

ð4pÞ4 � Dist4 ð8Þ

The relationships between pc; pn and ps can be described as:

� The Clutter-to-Noise Ratio: CNR ¼ 10log10ðpc=pnÞ.
� The Signal-to-Interference Ratio: SIR ¼ 10log10ðps=ðpn þ pcÞÞ.

3. Detection schemes

In this section, two detection schemes are described and
analyzed:

� Reference detector: the practical Doppler filtering based solu-
tion depicted in Fig. 2, is used as reference (Schleher, 1999;
Skolnik, 2008). It is based on a bank of optimum MTI filters
designed for discrete values of Doppler shift, and incoherent
CFAR techniques applied independently to the squared ampli-
tude of each filter output. These outputs are assumed to be
independent exponential random variables, the design
hypotheses of conventional CFAR techniques. CFARs outputs
are combined by an OR-logic function in order to declare a tar-
get if, at least, it has been declared by one of the CFAR tech-
niques. This scheme will be denoted as OR-DP-CFAR detector.
� Improved detector: the MAX-DP-CFAR detector is an anti-

clutter system based on the GLR (the maximum likelihood
estimator). In order to improve the detection capabilities of
the reference solution, the squared magnitude of the outputs
of the Doppler filters are combined by maximum selection
before thresholding. The non-linearity of the maximum func-
tion gives rise to an output with non-exponential statistics.
Because of that, conventional CFAR techniques are not suitable,
and a new CFAR technique is required to fulfill the PFA

requirements.

3.1. Doppler processors

The OR-DP-CFAR (Fig. 2) includes two filtering stages: the MTI
canceler and the bank of filters.

MTI is a technique that rejects fixed or slow-moving targets in
order to improve the detection performance, using the Doppler
shift on the reflected signal to distinguish moving targets from
fixed ones (Skolnik, 2008). For a stationary target with a Doppler
that varies uniformly in ½0; 2pÞ, the optimum MTI filter under the
maximization of the output SIR-to-input SIR ratio criterion was cal-
culated in (Schleher, 1999). In this paper, a ðN � 1 ¼ 3Þ-order FIR
filter has been considered as a compromise solution between clut-
ter and targets rejection.

In order to improve the clutter rejection, and to mitigate the
negative effect on the desired targets, a bank of D transversal filters
is used. Different design methods have been proposed in the
literature:.

� Many practical systems include the previous MTI canceler, so
the filter bank is composed of D ¼ P � N þ 1 filters optimized
for D discrete values of Xs equally spaced in ½0;2pÞ. In the
design, qc ¼ 0 is assumed regardless of the actual qc value
(Schleher, 1999).
� In Nayebi, Aref, and Bastani (1996), the CGLR based detector

with D ¼ P and D ¼ 2P filters for the detection of targets with
unknown Doppler shift in noise plus clutter was studied. In
this case, no MTI canceler is applied and each filter of the
bank was designed for approximating the NP detector for tar-
gets with known Doppler in clutter. Results proved that a
CGLR with D ¼ 2P filters outperformed the solution using
D ¼ P filters.
� In del Rey-Maestre, Mata-Moya, Jarabo-Amores, de Nicolas,

and Barcena-Humanes (2013), both approaches were com-
bined: without using a previous MTI canceler, a filter bank
of D ¼ P and D ¼ 2P optimum MTI filters designed for Xs val-
ues equally spaced in ½0;2pÞ and qc ¼ 0:9 was studied.
Results prove that the D ¼ 2P filter bank overcomes the
D ¼ P one.Fig. 4. RCS of sea clutter: elevation view (top), plan view (bottom).

4882 D. Mata-Moya et al. / Expert Systems with Applications 42 (2015) 4878–4891



In the present paper, following the design philosophy of practi-
cal systems, a filter bank with the following characteristics is
considered:

1. A MTI canceler of N ¼ 4 pulses, optimized for qc ¼ 0:9.
2. A filter bank composed of D filters designed for maximizing the

MTI improvement factor for D Xs values equally spaced in
½0; 2pÞ, assuming qc ¼ 0.

In Rey-Maestre et al. (2013), D ¼ 8 and D ¼ 16 were analyzed.
In this case, as the MTI canceler requires 2 pulses for steady state
performance, D ¼ P � 2 ¼ 6 and D ¼ 2P � 2 ¼ 14 will be consid-
ered. On the other hand, the MTI filter has rejected the frequencies
close to zero, so Xs ¼ 0 and Xs ¼ 2p are not considered in the filter
bank design.

3.2. The reference detector, OR-DP-CFAR

In Fig. 2, the outputs of the filters are applied to a set of D
independent detection stages composed of a squared law envelope
detector followed by a CFAR detector. The Cell Averaging CFAR (CA-
CFAR) is the most widespread incoherent CFAR technique (Fig. 5,
where q0 is the Cell-Under-Test or CUT, ½q1 . . . qR� are the R refer-
ence cells, T is the multiplicative factor and Tq is the threshold)
(Skolnik, 2002; Ward, Tough, & Watts, 2006). For each cell of the
radar matrix, the CUT, this technique estimates the clutter power
from a set of R neighbouring cells in the same radar matrix (refer-
ence window). As clutter samples are uncorrelated in range, the
range window CA-CFAR is one of the most extended. Under
Gaussian conditions, the squared amplitude of the samples in the
reference window are independent and exponentially distributed,
and the CA-CFAR with the multiplicative factor T expressed in (9)
is the optimum solution.

T ¼ ðPFAÞ
�1
R � 1 ð9Þ

In homogeneous clutter, the CFAR detector requires a higher SIR
than the fixed threshold detector, due to the estimation of clutter
parameters using a set of R samples. This SIR increase is known
as CFAR losses, and can be calculated as (Ward et al., 2006):

CFARloss ¼
R � 1� ðPFAÞ

�1
R

� �
logeðPFAÞ

ð10Þ

CFAR losses are very important for small values of R. On the
other hand, big reference windows can increase the probability
of enclosing target echoes, terrain returns (in coastal areas) or clut-
ter returns from areas too far from the CUT. So a compromise solu-
tion must be determined, taking into consideration the
characteristics of the radar scenario and the system resolution.

The outputs of the different CA-CFAR detectors are combined
using a logical OR operation (Schleher, 1999; Skolnik, 2008). This
approach guarantees the desired PFA in each CA-CFAR decision,
but the final PFA, after the OR function, will be unknown and higher.

3.3. An improved detector, MAX-DP-CFAR scheme

Combining the design philosophy of the GLR detector and prac-
tical Doppler processors, the detection scheme presented in Fig. 3
is proposed:

1. The squared amplitude of the filters output will be compared
for selecting the maximum value.

2. This maximum value will be compared to a detection threshold
adjusted by a CFAR technique designed for fulfilling the PFA

requirements.

As the squared amplitudes of the filters outputs are combined
using a non-linear operation, the samples in the reference window
of the CA-CFAR are not exponential random variables. Under these
conditions, if T is calculated with expression (9), the detection
capabilities of the MAX-DP-CFAR detector could decrease
significantly.

For characterizing statistically the maximum filter bank output,
the Empirical Cumulative Distribution Function (ECDF) of the sam-
ples at the output of the maximum function has been estimated. In
Fig. 6, the ECDF and the exponential Cumulative Distribution
Function (CDF) for CNR ¼ 20 and 40 dB are compared. By visual
inspection, it is evident that the ECDFs are not exponential dis-
tributed, because of that, the Kolmogorov–Smirnov test (KS-Test)
and the Cramér–von Mises criterion (CM-Test) have been applied
using models widely used in open literature for radar clutter mod-
eling. Results are presented in Tables 2 and 3 (Conte et al., 2004),
where decision indicates the result of the hypothesis test (1 if the
test rejects the assumed model at the 5% significance level, 0 other-
wise). To complete the statistical study, the test statistic generated
by the KS-Test and the CM-T, stat, are also provided. These results

Fig. 5. CA-CFAR detection scheme.
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allow us to conclude that none of the considered distributions can
be used for modeling the data.

At this point, the problem can be solved following two strate-
gies: to model the CDF of the maximum filter bank output and
design a new CFAR technique for the estimated model, or to search
an alternative technique that can be easily applied to any CDF
without a deep statistical analysis, and so, more robust than the
former. We have selected the second alternative and, because of
that, a Neural CFAR solution is proposed.

4. MLP-CFAR design

A general methodology is presented for designing CFAR tech-
niques based on NNs, that can be applied to any detection scheme
and/or radar scenario. In Fig. 7, the proposed MLP-CFAR is applied
to the output of the maximum function of the MAX-DP scheme
described in Section 3.3. The reference window extends along the
range direction to guarantee that the MAX-DP samples are uncor-
related. The MLP must learn the statistics of the input samples and
provide the required threshold for maintaining the PFA under clut-
ter variable parameters.

The MLP-CFAR structure is presented in Fig. 8. It will be denoted
as MLP-CFAR R=M=1:

� The real samples stored in the R reference cells of the reference
window are applied to the MLP input layer, q ¼ ½q1; q2 . . . qR=2;

qðR=2Þþ1 . . . qR�. So an input layer of R nodes is required. A study
of the dependence of the MLP-CFAR performance with respect
to R will be carried out.
� Taking into consideration the Kolmogorov’s superposition theo-

rem, a MLP with one hidden layer is proposed (Bishop, 1995).
� The number of hidden neurons will be determined by a trial and

error process, because no analytical approximation of the func-
tion to be implemented is available, as far as the authors know.
Sigmoid activation functions will be considered.
� An output layer with one unit will provide the required thresh-

old for each CUT in the radar matrix.

The MLP-CFAR training strategy is based on the objective of
approximating the fixed threshold required by the MAX-DP detec-
tor applied to an homogeneous environment, adapting the actual
threshold from estimations of clutter parameters in a non-
homogeneous scenario. Such a solution will increase the robust-
ness of the MAX-DP detector and will make it suitable in real radar
scenarios. The main steps of the training strategy are the following:

1. Taking into consideration the radar scenario (clutter conditions,
coverage and system parameters), determine the expected
power clutter variation interval using expressions (7) and (8).

2. Select discrete clutter power values, pc , in the defined variation
interval, and estimate the fixed threshold required by MAX-DP
detector working in an homogeneous clutter of power equal to
the selected pc value, for the selected PFA. These threshold val-
ues will be the desired outputs for the training process.

3. For each pc value, generate a training set, and apply a training
algorithm in order to minimize the MSE between the MLP
output and the estimated threshold for the selected PFA.
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Fig. 6. Cumulative distribution functions at the output of the maximum function. CNR ¼ 20 dB (left) and CNR ¼ 40 dB (right).

Table 2
KS-Test and CM-Test for CNR ¼ 20 dB.

Distributions Parameters Test
type

Decision Stat

Exponential k ¼ 14:483 KS-Test 1 0.267
CM-Test 1 12:104� 103

Rayleigh r ¼ 0:055 KS-Test 1 0.055
CM-Test 1 513.423

Normal l ¼ 0:069;r ¼ 0:035 KS-Test 1 0.085
CM-Test 1 1:456� 103

Weibull b ¼ 0:078; m ¼ 2:071 KS-Test 1 0.049
CM-Test 1 533.295

Gamma b ¼ 0:016; m ¼ 4:172 KS-Test 1 0.021
CM-Test 1 69.141

Log-normal l ¼ �2:798;r ¼ 0:508 KS-Test 1 0.014
CM-Test 1 41.529

Table 3
KS-Test and CM-Test for CNR ¼ 40 dB.

Distributions Parameters Test type Decision Stat

Exponential k ¼ 19:599 KS-Test 1 0.195
CM-Test 1 6:254� 103

Rayleigh r ¼ 0:043 KS-Test 1 0.094
CM-Test 1 1:879� 103

Normal l ¼ 0:051;r ¼ 0:033 KS-Test 1 0.097
CM-Test 1 1:943� 103

Weibull b ¼ 0:058; m ¼ 1:684 KS-Test 1 0.038
CM-Test 1 324.398

Gamma b ¼ 0:019; m ¼ 2:704 KS-Test 1 0.017
CM-Test 1 59.942

Log-normal l ¼ �3:172;r ¼ 0:651 KS-Test 1 0.025
CM-Test 1 125.021
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5. Results

This section is dedicated to the design and performance evalua-
tion of the considered detection schemes for the case study and

signal models defined in Section 2. The following parameters are
assumed (Fig. 9):

� Range coverage: from 7 to 12 NM (Nautical Miles).
� Azimuth coverage: 23:9�.
� Grazing incidence angle of 0:1� at the maximum range.
� P ¼ 8 and qc ¼ 0:9.
� Non-dominant clutter with CNR ¼ 20 dB at the maximum

range.
� Swerling I target with SIR 2 ½0;30� dB and Xs uniformly dis-

tributed in ½0;2pÞ.
� CFAR reference windows with R ¼ 16 and 24 cells.

Expressions (7) and (8) have been used in combination with the
radar parameters described in Table 1 to determine the pc variation
interval, which ranges from Pc;min ¼ 10 � logðpc;minÞ ¼ �150 dBm to
Pc;max ¼ 10 � logðpc;maxÞ ¼ �142 dBm, for ranges equal to 12 and
7 NM, respectively.

The evaluation of the performance of the different detection
solutions, involves the estimation of the PFA and the PD in an sce-
nario with variable power clutter. For that purpose, two types of
simulation sets have been generated:

1. Type I sets (estimation of PFA): Each pattern is a matrix contain-
ing the input vectors of P samples required for generating the
CUT and the associated R reference cells at the output of each
filter belonging to the considered filter bank (Figs. 2 and 3).

Fig. 7. MAX-DP-CFAR using a MLP based solution to determine the adaptive threshold.

Fig. 8. MLP R=M=1.

Fig. 9. Simulated radar scenario located at the East coast of the Iberian Peninsula, with an angular coverage of 23:9� and a maximum range of 12 NM (from (Localiza Todo
(2014))).
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All vectors are generated under H0.
A set of 3� 106 matrixes are generated with pc uniformly dis-
tributed in the defined pc variation interval (from �150 dBm
to �142 dBm).
� The squared magnitude of each filter output is applied to an

independent CA-CFAR detector in the reference detector,
OR-DP-CFAR (Fig. 2).

� The squared magnitude of the filters outputs are compared
and the maximum value is applied to the MLP-CFAR in the
improved detector, MAX-DP-CFAR (Fig. 3).

Importance Sampling techniques have been applied for guarantee-
ing an estimation error lower than 10% for PFA ¼ 10�6 (Sanz-
Gonzalez & Andina, 1999; Vicen-Bueno, Jarabo-Amores, Rosa-
Zurera, & Sanz-Gonzalez, 2010).
2. Type II sets (estimation of PD): each pattern is a matrix contain-

ing the input vectors of P samples required for generating the
CUT and the associated R reference cells at the output of each
filter belonging to the considered filter bank (Figs. 2 and 3).
The vector corresponding to the CUT is generated under H1,
and the associated R vectors are generated under H0.31 SIR val-
ues have been considered, ranging from 0 to 30 dB. For each SIR
value, a set of 5� 104 matrixes are generated with pc uniformly
distributed in the defined pc variation interval (from �150 dBm
to �142 dBm).
� The squared magnitude of each filter output is applied to an

independent CA-CFAR detector in the reference detector,
OR-DP-CFAR (Fig. 2).

� The squared magnitude of the filters outputs are compared
and the maximum value is applied to the MLP-CFAR in the
improved detector, MAX-DP-CFAR (Fig. 3).

Montecarlo techniques have been used for evaluating the PD,
guaranteeing an estimation error lower than 1.4% (Sanz-Gonzalez
& Andina, 1999)

5.1. Evaluation of the reference solution: the OR-DP-CFAR detector

In Fig. 10, the estimated detection curves for PFA ¼ 10�6 and
D ¼ 6 and D ¼ 14 Doppler filters are presented. Only PD > 0:5 val-
ues are considered. In all cases, especially for high SIR values, the
scheme with D ¼ 14 Doppler processors outperforms the one with
D ¼ 6.

In Table 4, the estimated PD and PFA values for SIR ¼ 14 dB are
summarized. This SIR value provides a PD close to 80%. For the
considered D values, the final PFA is higher than the required
10�6. The PD is better for D ¼ 14, at the expense of a higher PFA.

As the MLP-CFAR is expected to improve the PFA control, D ¼ 14
has been selected in order to exploit its higher PD.

5.2. Design and evaluation of the MLP-CFAR

Following the steps defined in Section 4, different experiments
have been carried out:

5.2.1. Thresholds estimation and MLP train
For estimating the desired threshold (the fixed detection

threshold for the MAX-DP detector working in an homogeneous
environment with known pc), a set of 33 discrete pc values have
been selected from the defined pc variation interval. For each pc

value, a new type of data set has been defined:

� Type III set (estimation of the fixed threshold): Each pattern is a
vector of P samples generated under H0.

For each pc , a set of 3� 106 patterns is generated and applied to
the MAX-DP scheme (Fig. 3). The squared magnitude of the filters
outputs are compared and the maximum value is used for estimat-
ing the desired threshold. Importance Sampling techniques have
been applied to guarantee an estimation error lower than 10% for
PFA ¼ 10�6 (Sanz-Gonzalez & Andina, 1999; Vicen-Bueno et al.,
2010). The objective detection thresholds are represented in
Fig. 11 in black.

MLPs have been trained for minimizing the MSE between the
actual MLP output and the objective thresholds. The conjugate gra-
dient algorithm (Powell, 1977) has been applied in combination
with a cross-validation technique. MLP weights have been initial-
ized using the Nguyen–Widrow method (Nguyen & Widrow,
1990). For each pc value, two new Type I sets have been generated:

� A training set composed by 900 patterns.
� A validation set composed by 200 patterns.

The data associated with the CUT have not been used, because
the objective is to estimate the required threshold. For each case,
the training process has been repeated ten times, and the perfor-
mances of the trained MLPs have been evaluated to check if all of
them were similar in average.

In order to study the impact of design parameters such as the
number of hidden neurons, M, the pc variation interval, or the PFA

value selected for training, Ptrain
FA , new Type I sets have been gener-

ated, one per pc value. Each set is composed of 1000 patterns, and
the average value of the MLP estimated thresholds has been com-
pared to the objective one. M ¼ 2 has been selected because no
performance improvement was obtained for higher values.
Results presented in Fig. 11 in continuous red lines show how
the MLP-CFAR estimation error is higher for the pc extreme values,
especially for the highest ones. To reduce this effect, the initial Pc

interval (IPc) has been extended (EIPc) from ½�150 dBm;�
142 dBm� to ½�154 dBm;� 141 dBm� (the lower bound has been
reduced by a 60%, while the upper bound has been increased a
25%). Results are shown in Fig. 11 in dotted red lines.

But the evaluation of the performance of the proposed MLP-
CFAR requires the estimation of the PFA and PD values. PFA values
are shown in Table 5. For both pc variation intervals, the estimated
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Fig. 10. Detection curves for OR-DP-CFAR detector.

Table 4
PD and PFA obtained by the OR-DP-CFAR detector for D ¼ f6; 14g. SIR ¼ 14 dB.

OR-DP-CFAR with D ¼ 6 OR-DP-CFAR with D ¼ 14

PD 0.7892 0.8398
PFA 5:939� 10�6 1:329� 10�5
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PFA is higher than the desired one, although the difference between
the objective and the MLP thresholds is significantly lower for the
extended pc interval. This is the effect associated with the CFAR
losses (due to the use of a finite set of R clutter samples, an estima-
tion error is expected that will give rise to an overestimation of the
detection threshold that guarantees the required PFA at the expense
of a loss in PD). In order to reduce the CFAR losses, a modified train-
ing strategy is proposed:

� For a desired PFA, a lower train value, Ptrain
FA < PFA will be selected

for estimating the objective thresholds the MLP has to
approximate.

The new estimated values for the modified Ptrain
FA are quite close

to the desired one (Table 5). Results confirm that the required Ptrain
FA

value is closer to the desired PFA as R is increased, due to the CFAR
losses will be reduced.

5.3. Detection curves

Detection curves for Swerling I targets with Doppler shift vary-
ing in ½0;2pÞ in clutter power uniformly distributed in
IPc ¼ ½�150 dBm;� 142 dBm� have been estimated, for the OR-
DP-CFAR and the MAX-DP detection schemes. The MAX-DP has
been analyzed in two cases: using a CA-CFAR (MAX-DP-CFAR
(CA-CFAR)) and the proposed MLP-CFAR (MAX-DP-CFAR (MLP-
CFAR)) (Fig. 12 and Table 6):

� The OR-DP-CFAR provides the highest PD, but the PFA is signifi-
cantly higher than the desired one (10�6), so it must be rejected.
� The MAPX-DP-CFAR using conventional CA-CFAR has a PFA

much lower than the required one, and the PD is lower.
� The MAX-DP-CFAR using MLP approximates the desired PFA

with a PD close to the best value (the value provided by the
OR-DP-CFAR).

5.4. Simulated radar scenario

In order to evaluate the performance of the considered detec-
tors under more realistic conditions, a radar scenario has been
generated.

A hypothetical system, similar to the IPIX radar (IPIX, 2014), has
been located on the Spanish East coast (Fig. 9, Table 1). The radar
antenna is at a height of 38.79 m above sea level. The coverage area
is an angular sector of 23:9� and the range coverage is from 7 to
12 NM. A grazing incidence angle of 0:1� at the maximum range
is considered.

The simulation includes two real trajectories extracted from
(Localiza Todo, 2014):
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Fig. 11. Average MLP-CFAR thresholds for R ¼ 16 (top) and R ¼ 24 (bottom): initial
Pc interval (continuous red), extended Pc interval (dotted red), extended Pc and
modified PFA (blue). (For interpretation of the references to color in this figure
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Table 5
Estimated PFA for the MAX-DP-CFAR based on MLP-CFAR: desired PFA ¼ 10�6; R ¼ 16
and 24.

Estimated PFA value

MLP(16/2/1), IPc ; P
train
FA ¼ 10�6 5:52� 10�6

MLP(16/2/1), EIPc ; P
train
FA ¼ 10�6 5:54� 10�6

MLP(16/2/1), EIPc ; P
train
FA ¼ 10�7 9:57� 10�7

MLP(24/2/1), IPc ; P
train
FA ¼ 10�6 3:43� 10�6

MLP(24/2/1), EIPc ; P
train
FA ¼ 10�6 3:24� 10�6

MLP(24/2/1), EIPc ; P
train
FA ¼ 2 � 10�7 9:43� 10�7
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Fig. 12. Estimated detection curves for PFA ¼ 10�6;R ¼ 16 and Xs 2 ½0; 2pÞ.

Table 6
PD and PFA obtained by the considered detection schemes. R ¼ 16. SIR ¼ 14 dB.
Xs 2 ½0; 2pÞ. Desired PFA equal to 10�6.

OR-DP-CFAR MAX-DP-CFAR using
conventional CA-CFAR

MAX-DP-CFAR using
MLP-CFAR

PD 0.8398 0.7762 0.8300
PFA 1:329� 10�5 < 10�7 9:571� 10�7
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� Trajectory 1 (Fig. 13): a uniformly accelerated linear motion
characterized by a initial speed of 29.82 knots and an accelera-
tion of 0.058 knots/s. The associated variation interval of Xs

goes from 1.3175 to 1.6655 rad (normalized frequency ranging
from 0.4194 to 0.5301).
� Trajectory 2 (Fig. 14): a uniform linear motion with a velocity

equal to 25 knots. The associated variation interval of Xs goes
from 2.3594 to 3.062 rad (normalized frequency ranging from
0.7510 to 0.9747).

As the radar range and angular resolutions are 75 m and 0:9�,
respectively, a small GRP (Glass Reinforced Polystyrene) yacht
16.6 m long and 4 m wide, can be considered as a point target. A
picture of the target is presented in Fig. 15.

For modeling the energy scattered by the target when it is
illuminated by the radar antenna, the target mean Radar Cross
Section (RCS) has been estimated. The RCS can be defined as a (fic-
tional) area that intercepts a part of the power incident at the tar-
get which, if scattered uniformly in all directions, produces an echo
power at the radar equal to that produced at the radar by the real
target (Skolnik, 2002); it is measured in square meters. The result-
ing mean RCS is 17.868 dBsm (Fig. 16).

For a CNR ¼ 20 dB at the coverage area boundary, the SIR varia-
tion for each trajectory can be calculated: SIR 2 ½29:28;30:14� dB
for Trajectory 1, and SIR 2 ½27:81;30:18� dB for Trajectory 2.

The radar scenario has been simulated using correlated
Gaussian clutter (qc ¼ 0:9) plus AWGN and Swerling I targets. In
Fig. 17 clutter return for exploration 5 in rectangular and polar
coordinates (t ¼ 10 s) has been represented.

For estimating the PFA with an estimation error lower than 10%,
an acquisition interval of 7680 s has been simulated (3840 scans),
although only in 3840 scans at least one ship is within the radar
coverage limits. In Figs. 18 and 19, results are presented as a super-
imposition of the detector outputs and the estimated centroids in
the 420 scans where some ship is in the radar coverage area.
This superimposition allows the visual estimation of the target

Fig. 13. Representation of Trajectory 1: uniformly accelerated linear motion (Localiza Todo, 2014).

Fig. 14. Representation of Trajectory 2: uniform linear motion (Localiza Todo, 2014).

Fig. 15. Yacht simulated in the radar scenario (Azimut Yachts, 2014).
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trajectory, and displays all the false alarms detected through the
420 scans:

� The number of false alarms generated by the OR-DP-CFAR
detector is significantly higher, making very complex the pos-
terior task of the tracker.

� Both detectors are capable of detecting the targets with very
low loses, due to the high SIR values of the simulated radar sce-
nario (Fig. 12).

In Table 7, estimated PFA values for the two considered detectors
are summarized. Due to the high probability of detection values
estimated at the border of the coverage area (approximately
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80%), for the simulated trajectories, the targets are detected in all
the scans. Results confirm that the proposed detection scheme
based on MAX-DP-CFAR using MLP-CFAR detector presents the
best detection performance. The NN based CFAR technique pre-
sented in this paper, allows the study and proposal of alternative
detection schemes, guaranteeing the possibility of increasing their
robustness in real radar scenarios, where clutter parameters are
expected to be variable.

6. Conclusions

This paper tackles the implementation of CFAR techniques
based on NNs, and the proposal of a design methodology that
can be extended to any detection scheme and/or clutter model.

The case study has been selected with the objective of having a
reference solution that is the basis for the study and design of radar
detectors: the detection of Gaussian targets with variable Doppler
shift, in Gaussian interference of variable power.

Conventional detection schemes are based on Doppler filtering
techniques designed for reducing clutter, and transforming the ini-
tial problem into a simpler one: detection of Gaussian targets in
AWGN. Due to clutter residuals, the power of the clutter samples
can vary along the radar coverage, so CFAR techniques are applied.
The most widespread CFAR technique is the CA-CFAR, which
assumes that all clutter samples in the selected reference window
are independent Gaussian random variables. These hypothesis
gave rise to the use of independent CFAR techniques, one per each
Doppler filter branch, and to combine their detections using some
logical operation.

In this paper, the constraint imposed by the CA-CFAR technique
are removed, providing a methodology for designing a CFAR tech-
nique which does not impose any statistical constraint to its input
space. NNs are proposed as the basis for this solution, due to their
ability to approximate functions, using a set of input–output pairs
generated by the function to be approximated.

The most immediate improvement, that can be applied to the
reference detection scheme, is the combination of the Doppler fil-
ters output to select the maximum value (a solution based on the
GLRT, which is based on the maximum likelihood estimation for
approximating the NP detector). The application of this non-linear
function modifies the statistics of the filters outputs. In this paper,
the most extended clutter models have been applied to model the
resulting data, but none has been suitable for the case study.

The proposed CFAR is based on a simple MLP. As expected in any
CFAR technique based on the estimation of clutter parameters from
a finite set of available data, the first MLP-CFAR solution presents
CFAR losses. In order to reduce these detection losses associated
with overestimations of the detection thresholds, a solution based
on the modification of the objective PFA has been proposed. This
solution is able to approximate the good PD values of the reference
detection scheme, fulfilling the PFA design requirements (require-
ments that the reference solution was not able to fulfil).

In order to evaluate the considered detection schemes, a radar
scenario has been simulated. The effects of the propagation losses,
the variation of the resolution cell size, and the sliding window
have been included. Results show that the proposed scheme based
on the selection of the maximum Doppler filter bank output, and its
comparison to a detection threshold provided by the MLP-CFAR
outperforms significantly the performance of the reference
detector.
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Abstract: Statistical analysis of radar clutter has always been one of the topics, where more
effort has been put in the last few decades. These studies were usually focused on finding
the statistical models that better fitted the clutter distribution; however, the goal of this work
is not the modeling of the clutter, but the study of the suitability of the statistical parameters
to carry out a sea state classification. In order to achieve this objective and provide some
relevance to this study, an important set of maritime and coastal Synthetic Aperture Radar
data is considered. Due to the nature of the acquisition of data by SAR sensors, speckle noise
is inherent to these data, and a specific study of how this noise affects the clutter distribution
is also performed in this work. In pursuit of a sense of wholeness, a thorough study of the
most suitable statistical parameters, as well as the most adequate classifier is carried out,
achieving excellent results in terms of classification success rates. These concluding results
confirm that a sea state classification is not only viable, but also successful using statistical
parameters different from those of the best modeling distribution and applying a speckle
filter, which allows a better characterization of the parameters used to distinguish between
different sea states.

Keywords: Synthetic Aperture Radar; statistical analysis; speckle filtering; classification;
sea clutter
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1. Introduction

Synthetic Aperture Radars (SARs) produce high-resolution remote sensing imagery using antennas
installed aboard mobile platforms, such as aircraft or spacecraft. Platform movement is used to obtain
a larger synthetic antenna and improve azimuth resolution. One of the main SAR applications is related
to the mapping of terrain and sea surfaces and the detection and classification of point and extended
targets. The utilization of SAR systems has experienced an important increase during the past two
decades thanks to their usability regardless of meteorological conditions, their ability to penetrate clouds
and forest canopy and to operate at night due to their illumination properties [1,2]. Because of that,
SAR systems are powerful observation tools in those cases where the utilization of optical data is
restricted. Some applications deal with the monitoring of natural disasters, morphodynamic studies
and with a number of aspects involved in coastal resource management and decision making by the
National Port and Coastal Authorities. However, automatic interpretation of information contained in
the reflected intensity of SAR data is very difficult. These difficulties are mainly due to speckle noise,
the consequence of the way the transmitted signal is reflected by the imaged surface, which hinders data
interpretation with standard image analysis tools [3].

Speckle noise is always present in SAR images. This noise is due to the coherent sum of many
elementary scatterers in each resolution cell and gives a grainy appearance to images, which makes
detection and classification tasks more complex. The presence of speckle noise not only degrades SAR
images, leading to the loss of information, but also makes difficult the statistical modeling of the data,
which is one of the basic problems of SAR interpretation. Statistical modeling of SAR images has
become a crucial task to address for applications, such as pattern recognition, coastline estimation or
ship detection. These applications need to be part of automatic processing tools, hence the necessity
of developing adaptive techniques that take into account the variability of SAR data. This variability
demonstrates the importance of the good modeling of the different areas in a SAR image.

The application of the known statistical models may allow one to perform a pattern recognition and
classification over both terrain and marine surfaces, distinguishing many different classes, like urban
areas, forest areas, water, etc. However, the application of this knowledge to sea clutter estimation is
not as easy as it might appear. Ship detection, which is an important problem in sea traffic control,
fishery management and ship search and rescue, is usually based on adaptive threshold algorithms using
constant false alarm rate (CFAR) techniques. Therefore, statistical modeling of the sea clutter plays
a key role in ship detection, since the construction of the CFAR detector usually requires knowledge of
the clutter distribution.

In the last few decades, there has been an intense study of the most appropriate statistical distributions
to model SAR data. The goal of these studies was the modeling of either land or sea areas [4–9].
However, the goal of this paper is not the modeling of sea areas, but the classification of sea states
using the information given by the statistical distributions and the impact the speckle has on sea clutter
distribution. Most of the studies related to SAR classification are focused on land areas, distinguishing,
for instance, between urban areas, arid land, forest, water, etc. [10–14]. In [15], an ocean feature
detection, extraction and classification scheme is presented. The classification performed is based on
texture analysis, considering case studies of linear ocean features, such as fronts, ice edges and a polar
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low. Although it is not exactly sea classification, recently, a lot of effort has been put in sea-ice
classification in regions like the Baltic Sea. Some of this research has been presented in [16–18].
However, a thorough study of classification focused only on the sea surface has yet to be done. That
void is what this paper plans to fill. The objective is to define how the parameters of the statistical
distributions are affected by the state of the sea, meaning how a heavy wave field or a calm sea may affect
those parameters, for instance. This connection between the sea state and the statistical parameters is
what should allow the desired classification and automatically select the most suitable technique and the
associated parameters. Such techniques mainly involve applications related to ship detection, land mask
estimation in those situations where geographic maps cannot be used (natural disasters, marshlands and
wetlands) and oil-spill detection, among others. Furthermore, maritime applications have become one of
the SAR major fields of study in recent years [19–24]. All in all, the absence of studies of this particular
issue along with the difference it can make in automatic processing, make this topic an interesting one
to cover. The results presented in this paper may be approached by the reader as a first attempt to find
solutions to this sea state classification.

Summarizing, the goal of this paper is the classification of different sea states in SAR images. For
this purpose, an important set of images acquired by TerraSAR-X is built, from which a large amount of
sea patches can be extracted, so that the final results acquire a global dimension and can be extended to
other SAR images. This classification will be helpful in automatic and adaptive applications, where sea
areas need to be characterized in order to achieve a good final result. These applications deal with ship
and ship wake detection, land mask estimation or coastline detection in wetlands or natural flooding.
The main parameters of some statistical distributions along with other statistics will be used to perform
the classification, taking into consideration the effect speckle noise has on the statistical distribution of
SAR sea clutter. Studies of the most suitable speckle filter and the most ideal patch size will be also
carried out. The final results will reflect a comparison of four aspects: the classifier, the patch size, the
statistics and the necessity of speckle filters.

This paper is organized as follows: in Section 2, some brief information about SAR images and
TerraSAR-X products is presented; in Section 3, the data set selected to carry out the experiments is
described; an introduction to speckle filters and an analysis of the speckle filtering quality parameters
are presented in Section 4; an introduction to the statistical distributions theory is presented in Section 5,
and a preliminary statistical analysis is performed in Section 6; the final results are discussed in Section 7;
and finally, Section 8 contains the conclusions.

2. SAR Images and TerraSAR-X

SAR is defined as “a coherent radar system that generates a narrow cross-range impulse response by
signal processing (integrating) the amplitude and phase of the received signal over an angular rotation of
the radar line of sight with respect to the object (target) illuminated. Due to the change in line-of-sight
direction, a synthetic aperture is produced by the signal processing that has the effect of an antenna
with a much larger aperture (and hence a much greater angular resolution)” [25]. The two orthogonal
coordinates of the acquired 2D signal are the azimuth direction, parallel to the direction of the travel of
the sensor, which is supposed to be linear, and the slant-range direction, parallel to the radar beam.
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Due to the way SAR sensors acquire data from the Earth’s surface, SAR images always present
a multiplicative noise called speckle. It is a phenomenon that degrades the SAR image quality and arises
because the relative phase of individual scatterers within a resolution cell is strongly dependent upon the
radar viewing angle [1,2]. The resulting fluctuations generate SAR images with a grainy appearance,
which makes detection and classification tasks difficult.

2.1. TerraSAR-X

In this work, images acquired by TerraSAR-X are considered. TerraSAR-X is a side-looking X-band
synthetic aperture radar based on active phased array antenna technology, with a carrier frequency of
9.65 GHz and a typical maximum range bandwidth of 150 MHz (although an experimental bandwidth of
300 MHz has been recently used). Thanks to this, different imaging modes are available. TerraSAR-X
basic products are the operational products offered by the TerraSAR-X PGS (Payload Ground Segment)
to commercial and scientific customers. These products can be classified according to these three
categories [26]: imaging mode, geometric resolution and geometric projection and data representation.

2.1.1. Imaging Modes

The following imaging modes are defined for the generation of basic products: stripmap (SM), high
resolution spotlight (HS) and spotlight (SL), in single or dual polarization, and staring spotlight (ST) and
ScanSAR (SC), only in single polarization.

The SM mode is the basic SAR imaging mode, as known from other satellites, like ERS-1. The
ground is illuminated, while the antenna beam is pointed to a fixed angle in elevation and azimuth,
resulting in a strip with constant quality in azimuth.

Spotlight modes use phased array beam steering in the azimuth direction to increase the illumination
time and, therefore, the size of the synthetic aperture. The larger the aperture, the higher the azimuth
resolution at the cost of azimuth scene size. In the SL mode, the beam steering velocity is lower than in
the HS mode, resulting in reduced azimuth resolution. The ST mode appeared thanks to the experience
gained with the instruments and experimental acquisitions. The azimuth beam steering angle range is
widened to 2.2 degrees, making possible the acquisition of scenes with a 6 to 10-s aperture length in
a staring spotlight configuration.

Finally, the SC mode uses the electronic antenna elevation steering to switch after bursts of pulses
between swathes with different incidence angles.

The main parameters of each imaging mode are presented in Table 1. These parameters correspond
to single polarization and a nominal range bandwidth of 150 MHz, except for the ST mode, which uses
a 300 MHz range bandwidth.
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Table 1. Imaging modes of TerraSAR-X [26]. Stripmap (SM), high resolution spotlight
(HS), spotlight (SL), staring spotlight (ST) and ScanSAR (SC).

SM HS SL ST SC

Swath width (km) 30 10 10 7.5 to 4.6 100

Product length (km) 50 5 10 2.5 to 2.8 150

Incidence angle range 20◦–45◦ 20◦–55◦ 20◦–55◦ 20◦–45◦ 20◦–45◦

Azimuth resolution (m) 3.3 1.1 1.7 0.24 18.5

Ground range resolution (m) 1.70–3.49 1.48–3.49 1.48–3.49 0.85–1.77 1.70–3.49

2.1.2. Geometric Resolution

Depending on the geometric resolution, there are two different products: spatially enhanced (SE) and
radiometrically enhanced (RE).

SE products are designed for the highest possible square ground resolution. Depending on many
parameters, the larger resolution value determines the square pixel size; therefore, the smaller resolution
value is adjusted to this size. This equalization of the resolution results in a reduction of the bandwidth,
used for speckle reduction.

RE products are optimized with respect to radiometry, decreasing both range and azimuth resolutions
to reduce speckle and obtain a radiometric resolution of about 1.5 dB. The result is a product with an
equivalent number of looks in the order of five to seven.

Figure 1 includes an example of each of these two products generated from the same SAR image of
Toronto (image downloaded from the Infoterra free data website).

Figure 1. Comparison between spatially enhanced (SE) and radiometrically enhanced (RE)
products. (a) SAR image of Toronto with SE geometric resolution; (b) SAR image of
Toronto with RE geometric resolution.

(a) (b)
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2.1.3. Geometric Projection and Data Representation

TerraSAR-X offers four basic products depending on the geometric projection and data
representation: single look slant range complex (SSC), multi-look ground range detected (MGD),
geocoded ellipsoid corrected (GEC) and enhanced ellipsoid corrected (EEC).

The SSC is the basic single look product of the focused radar signal, where data are represented as
complex numbers. The geometric projection is done in the time domain.

The MGD is a detected multi-look product with reduced speckle and square resolution cells on the
ground. The image is oriented along the flight direction, and it is not rotated to a map coordinate system,
avoiding interpolation artifacts. The consequence of this lack of rotation is that the pixel localization
accuracy is lower than in geocoded products.

The GEC is also a multi-look detected product, like the MGD; however, the image is rotated in
this case. It is projected and resampled to the WGS84 reference ellipsoid, but no terrain correction is
performed. Instead of considering a digital elevation model (DEM), it is assumed for the whole image
an average terrain height, resulting in a pixel location accuracy dependent on the terrain.

Once more, the EEC is a multi-look detected product, and like the GEC, it is projected and resampled
to the WGS84 reference ellipsoid. The difference with the latter is that terrain-induced distortions are
corrected using a DEM in this case. Thus, the pixel localization is highly accurate.

3. Data Set Description

Ten SAR images acquired by TerraSAR-X are used in this paper in order to perform a sea state
classification. The quick looks of these images are presented in Figure 2. All of these images are selected
for having large sea areas with different characteristics, which may give an idea of the variability of the
ocean in SAR images. All of them have in common the acquisition mode and the geometric resolution
configuration, so that ground and azimuth resolutions are the same in all images, allowing us to use
patches of the same size extracted from any image. Some other acquisition parameters of each image
are presented in Table 2. All of the MGD images were provided by the German Aerospace Center under
Project COA0158, while the GEC image was downloaded from the Infoterra free data site. The SM
mode is selected so that a compromise between the resolution and the scene extent is achieved. As for
the geometric resolution, all of the images are SE in order to have the best resolution an SM product
can provide, as well as having a square resolution. Furthermore, it must be noted that all of the images
share the same polarization (HH), as most of them were acquired under Project COA0158, conceived
as a study of the ocean surface, where fusion of data acquired by TerraSAR-X and a marine radar was
intended. Since ordinary X-Band marine radars scan the water surface with HH polarization, which is
useful to analyze different aspects of the sea surface as ocean waves, wind fields or ocean currents, all
of them aspects that determine the sea state [27], SAR images with the same polarization were acquired
for this project. In [28], the ocean wave imaging by SAR is studied and compared with data acquired
by the marine radar, WaMoS (Wave and Surface Current Monitoring System). Moreover, considering a
potential target detection application, where the signal-to-clutter ratio (SCR) is crucial, HH polarization
is recommended, as the SCR is improved with respect to VV polarization, and the backscatter signal
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presents a stronger modulation [29]. However, a study of the effect that the polarization has on the
statistical distribution of SAR sea clutter is not overlooked and will be considered in future works.

Figure 2. Quick looks of the TerraSAR-X images.
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Table 2. TerraSAR-X images used to perform the classification (Geo., geometric resolution;
Pol., polarization; Res., ground range resolution (m) × azimuth resolution (m)).

Product Name Type Mode Geo. Orbit Angle Pol. Res. Size

TSX1_SAR__GEC_SE___SM
_S_SRA_20080512T062951
_20080512T063000

GEC SM SE D 32.2144 HH 3 × 3 55,600 × 37,600

TSX1_SAR__MGD_SE___SM
_S_SRA_20090120T062950
_20090120T062958

MGD SM SE D 31.0874 HH 3 × 3 45,333 × 25,289

TSX1_SAR__MGD_SE___SM
_S_SRA_20090106T193221
_20090106T193226

MGD SM SE A 31.0299 HH 3 × 3 31,086 × 25,806

TSX1_SAR__MGD_SE___SM
_S_SRA_20090115T075524
_20090115T075532

MGD SM SE D 37.3196 HH 3 × 3 45,254 × 25,194

TSX1_SAR__MGD_SE___SM
_S_SRA_20081112T175955
_20081112T180003

MGD SM SE A 39.2624 HH 3 × 3 42,474 × 25,479

TSX1_SAR__MGD_SE___SM
_S_SRA_20081204T175944
_20081204T175952

MGD SM SE A 42.8476 HH 3 × 3 45,118 × 25,492

TSX1_SAR__MGD_SE___SM
_S_SRA_20081112T180008
_20081112T180016

MGD SM SE A 33.2739 HH 3 × 3 45,234 × 25,848

TSX1_SAR__MGD_SE___SM
_S_SRA_20081102T174040
_20081102T174048

MGD SM SE A 39.2196 HH 3 × 3 45,213 × 25,958

TSX1_SAR__MGD_SE___SM
_S_SRA_20081206T172316
_20081206T172324

MGD SM SE A 42.8647 HH 3 × 3 45,179 × 25,911

TSX1_SAR__MGD_SE___SM
_S_SRA_20080709T071352
_20080709T071400

MGD SM SE D 31.0636 HH 3 × 3 45,360 × 25,807

From all of these images, an important number of patches needs to be extracted in order to perform
a proper classification. The patch extraction methodology consists of tiling the sea areas of the images
into non-overlapping patches. In [10], a study of the ideal patch size was carried out focusing on land
areas. For images with a resolution comparable to that of the images selected in this work, the authors
proposed a patch size of 160 × 160 pixels. The main difference between land and sea areas is the
presence of human structures and the variability of the terrain. Due to these characteristics, the size of the
patches needs to be smaller when considering land areas than when working with sea areas. Furthermore,
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the correlation length of sea clutter has to be accounted for. Since this length depends strongly on the sea
state, horizontal and vertical correlations have been measured for different areas of the aforementioned
SAR images. Provided that most of the selected areas have vertical or close to vertical wave fields, the
horizontal correlation represents in this case the limiting parameter, with values around 100–120 pixels.
Therefore, the patch size should be greater than that value. Three patch sizes are considered at first:
150 × 150 pixels, 300 × 300 pixels and 500 × 500 pixels. Considering the resolution of the selected
images, these sizes in pixels correspond to approximately 187.5 × 187.5 square meters, 375 × 375
square meters and 625 × 625 square meters, respectively. Different examples are shown in Figure 3.

Figure 3. Examples of patches with different sizes. (a) 150 × 150-pixel patches;
(b) 300 × 300-pixel patches; (c) 500 × 500-pixel patches.

(a) (b) (c)

After tiling the sea areas of the 10 images into the three patch sizes, the three data sets are formed
by 8100 patches. Now, the data sets are constructed, and the next step is the definition of the classes by
visual inspection of the patches. Five classes are defined with the following characteristics:

• First class: wave fields with low to medium height waves and different wavelengths.
The difference in gray level between the crest and the trough is not very high, meaning both
are at medium levels (Figure 4, first row).
• Second class: wave fields with high waves and different wavelengths. In this case, the difference

in gray level between the crest and the trough is higher than in the first class. Crests tend to be
closer to white and troughs closer to black (Figure 4, second row).
• Third class: a linear and very narrow structure is visible. This structure does not respond to wave

fields (Figure 4, third row).
• Fourth class: wave fields where crests and troughs are only partially defined. In classes one and

two, crests and troughs describe a linear pattern, but in this class, they hardly appear to be linear
(Figure 4, fourth row).
• Fifth class: no wave fields or other structure visible. The distribution of the gray level of pixels

does not follow any pattern (Figure 4, fifth row).
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Figure 4. Examples of 500 × 500-pixel patches of each class. The five rows correspond
to the five classes defined in Section 3, presented in ascending order. Each row contains
10 patches of the same class.

In Section 7, a study of the best patch size depending on several parameters, such as the classifier, the
statistical parameters set and the presence of a speckle filter, will be presented. In Figure 3, where patches
from different classes are shown, wave fields come to be more noticeable as the patch size increases, so
better success rates are expected for the largest size.

4. Speckle Filtering

Conventional image filtering techniques, such as mean and median filtering, other adaptive filtering
techniques, like the Lee [30], Kuan [31], Frost [32] or Lee-Sigma [33] techniques, and new versions of
these filters [34] have been proposed to reduce speckle noise. Most of them use a defined filter window
to estimate the local noise variance (NV) of a speckled image and perform an individual filtering process.
The result is generally a high reduction of speckle noise in areas that are homogeneous, but the image
is oversmoothed due to losses in details and edges in heterogeneous areas. Other successful despeckling
techniques are based on the Wiener filter and the discrete cosine transform (DCT) [35–37]. The Wiener
filter is specially suitable for speckle suppression, due to the consideration that the autocorrelation of
speckle in SAR images is not negligible for non-zero lags.

Wavelet-based denoising algorithms have been studied and successfully applied for speckle reduction
in SAR images [35,38,39]. These methods perform shrinkage on wavelet coefficients of the SAR
image, and some of them apply a preprocessing stage consisting of a logarithmic transformation [40].
A dyadic wavelet decomposition, where speckle is considered as a signal-dependent additive noise
and the wavelet coefficients are modeled using the generalized Gaussian and the generalized Gaussian
Markov distributions, is presented in [41], outperforming classical filters especially in homogeneous
areas. In [42], the application of Donoho wavelet shrinkage denoising techniques [43] in combination
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with an edge detector was studied to reduce speckle noise, preserving edges and small details in
SAR images.

The mean shift (MS) algorithm is a simple nonparametric technique for density gradient estimation
proposed by Fukunaga and Hostetler [44] that has been widely used in pattern recognition tasks. In [45],
the MS algorithm was introduced in SAR imagery for shadow extraction and building reconstruction,
and it was applied along with other parametric filters to single and multi-look synthetic images to detect
dark regions. The estimated receiver operating characteristic curves showed that the performance of MS,
which requires no assumptions on the statistics, was similar to the performance of the best parametric
filter in the considered ideal case. Although the use of MS filtering is not innovative in image processing,
its application to SAR images is quite recent, and remarkable results have been achieved. In [46], MS
was applied to speckle reduction and edge and texture preservation and also for land mask estimation.
The influence of MS parameters was studied and compared to the Lee filter, improving the results of the
latter in both speckle noise reduction and edge and texture preservation.

Another filter that has appeared in the last decade is the improved sigma filter [47], which was
developed as an improvement to the previous Lee sigma filter implemented by the same author in
1983 [33]. The Lee sigma filter, based on the concept of two-sigma probability, had deficiencies
dealing with biased estimation and blurring and depressing strong reflected targets [47], which were
more exposed with the advances that SAR technology has experienced in the last two decades. These
problems are solved in the improved sigma filter: the sigma range is redefined based on the speckle
probability density functions, and a target signature preservation technique is developed in order to
mitigate the blurring and depressing.

In this paper, mean shift and the improved sigma filters are considered to study the effect speckle
noise has on the statistical distribution of SAR sea clutter. This study is not focused on finding the best
speckle filter, and therefore, the decision of using two well-known techniques, such as mean shift and
the improved sigma fitter, is based on the fact that both techniques started being applied to SAR imagery
in the last decade, achieving remarkable results. Although these two filters are a guarantee to obtain
good filtering results, as some of the aforementioned works showed, it cannot be assumed that the results
presented in this paper are the best ones, and therefore, a further study focused on the selection of the
best speckle filter is highly recommended.

Quality Parameters Estimation

In order to choose the most suitable filter to carry out the speckle filtering, a thorough study of the
possible filtering parameters is performed. To evaluate the filters capabilities, three quality parameters
are proposed: noise variance (NV), smoothness or equivalent number of looks (ENL) and sharpness.
While the first two parameters need to be estimated over a homogeneous area, the third one is measured
over the whole image. However, in our case, the patches can be considered homogeneous; therefore, the
estimation of the three parameters is done over the whole patches.

• The noise variance represents the level of speckle in the image; the more filtered the image, the
lower the noise variance value.
• The smoothness gives an idea of the equivalent number of looks of the resulting filtered image:
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Smoothness = ENL =
µ2

σ2
(1)

where µ and σ are the mean and the standard deviation values of the considered
image, respectively.
• The sharpness represents how well the details and structure of an image are preserved after the

application of the filter. While the other two parameters were estimated solely over the filtered
image, this parameter requires a comparison of the original and the filtered images. It is given by:

Sharpness = ENL

(
x

ŷ

)
(2)

where x is the original image and ŷ is the filtered image. The closer the value of this parameter
to the original number of looks, the better the preservation of details and structure in the
filtered image.

In Table 3, the results of the quality parameters estimation for some filtering parameter sets applied
to three randomly selected patches are presented. The study included more values, and it was performed
over a larger number of patches, but only the most relevant ones are shown. Two free parameters
are considered in mean shift: hs and hr, the spatial and range bandwidths, respectively. The spatial
bandwidth defines the size of the sliding window, while the range one sets the threshold that defines
where the Gaussian kernel is applied. For the hs values presented in Table 3 (2, 4 and 6), the
corresponding window sizes are 11 × 11, 15 × 15 and 19 × 19, respectively. As for the sigma filter,
two free parameters are considered, too: ξ, which is the sigma value, and Tk, a threshold that defines in
a first windowing process whether the pixels within the window are considered part of a point target or
not. In this case, the filtering window size is kept constant at 9 × 9, as is recommended in [47].

• In the case of mean shift filtering, the quality parameters alone can lead to wrong conclusions,
as the best results in terms of noise variance and smoothness are generally obtained when both
the space and range bandwidths are higher. However, when these two parameters get higher, the
resulting image becomes blurry, and most of the details are lost. Therefore, a trade-off between
the estimated parameters and the visual inspection has to be considered. According to Table 3, in
two of the three presented patches, the second to best quality parameters values are obtained with
a combination of hs = 4 and hr = 0.5. In Figure 5, three parameter sets are applied to Patch
3, showing that by visual inspection the better result between the patch filtered with hs = 4 and
hr = 0.5 and the one filtered with hs = 6 and hr = 0.5 is the former. With hs = 2 and hr = 0.5,
the image is less filtered and the quality parameters are worse, adding to the decision in favor of
the hs = 4 and hr = 0.5 combination.
• From the sigma side of Table 3, the main conclusion that can be extracted is that the higher the

sigma parameter and the threshold, the better the quality parameters values are. For all of the tested
patches, the result is the same; therefore, the sigma filter selected to carry out the preliminary
experiments in Section 6 is the one with a sigma value of 0.9 and a threshold value of 0.95.



Remote Sens. 2014, 6 9391

Table 3. Quality parameters estimation for mean shift and sigma filtering. NV, noise
variance; ENL, equivalent number of looks.

Patch 1 NVoriginal = 0.8081 ENLoriginal = 1.2375

Mean Shift Sigma

NV ENL Sharpness NV ENL Sharpness

hs = 2 hr = 0.2 0.8187 1.2215 3.5636 ξ = 0.5 Tk = 0.85 0.1637 6.1104 1.8218
hs = 2 hr = 0.5 0.4481 2.2318 4.2543 ξ = 0.5 Tk = 0.90 0.1613 6.1985 1.8216
hs = 2 hr = 0.8 0.3459 2.8912 4.3460 ξ = 0.5 Tk = 0.95 0.1596 6.2659 1.8214
hs = 4 hr = 0.2 0.7261 1.3773 2.2625 ξ = 0.7 Tk = 0.85 0.1404 7.1204 1.7262
hs = 4 hr = 0.5 0.1630 6.1333 2.1122 ξ = 0.7 Tk = 0.90 0.1383 7.2321 1.7260
hs = 4 hr = 0.8 0.1336 7.4842 2.1014 ξ = 0.7 Tk = 0.95 0.1367 7.3178 1.7258
hs = 6 hr = 0.2 0.6557 1.5252 1.7824 ξ = 0.9 Tk = 0.85 0.1341 7.4558 1.7120
hs = 6 hr = 0.5 0.0721 13.8783 1.6507 ξ = 0.9 Tk = 0.90 0.1320 7.5763 1.7118
hs = 6 hr = 0.8 0.0703 14.2171 1.6627 ξ = 0.9 Tk = 0.95 0.1304 7.6687 1.7116

Patch 2 NVoriginal = 0.9549 ENLoriginal = 1.0473

Mean Shift Sigma

NV ENL Sharpness NV ENL Sharpness

hs = 2 hr = 0.2 0.3887 2.5728 3.7697 ξ = 0.5 Tk = 0.85 0.1886 5.3021 1.7379
hs = 2 hr = 0.5 0.3406 2.9359 3.7282 ξ = 0.5 Tk = 0.90 0.1886 5.3021 1.7379
hs = 2 hr = 0.8 0.3392 2.9478 3.6738 ξ = 0.5 Tk = 0.95 0.1886 5.3021 1.7379
hs = 4 hr = 0.2 0.1439 6.9500 1.8828 ξ = 0.7 Tk = 0.85 0.1664 6.0104 1.6476
hs = 4 hr = 0.5 0.1402 7.1342 1.9082 ξ = 0.7 Tk = 0.90 0.1664 6.0104 1.6476
hs = 4 hr = 0.8 0.1463 6.8358 1.9060 ξ = 0.7 Tk = 0.95 0.1664 6.0104 1.6476
hs = 6 hr = 0.2 0.0945 10.5805 1.5145 ξ = 0.9 Tk = 0.85 0.1595 6.2695 1.6331
hs = 6 hr = 0.5 0.0905 11.0553 1.5369 ξ = 0.9 Tk = 0.90 0.1595 6.2695 1.6331
hs = 6 hr = 0.8 0.0951 10.5154 1.5420 ξ = 0.9 Tk = 0.95 0.1595 6.2695 1.6331

Patch 3 NVoriginal = 1.1922 ENLoriginal = 0.8388

Mean Shift Sigma

NV ENL Sharpness NV ENL Sharpness

hs = 2 hr = 0.2 0.7299 1.3701 3.1335 ξ = 0.5 Tk = 0.85 0.2639 3.7899 1.6069
hs = 2 hr = 0.5 0.4969 2.0126 3.6894 ξ = 0.5 Tk = 0.90 0.2632 3.7987 1.6069
hs = 2 hr = 0.8 0.4774 2.0948 3.6645 ξ = 0.5 Tk = 0.95 0.2630 3.8027 1.6069
hs = 4 hr = 0.2 0.3630 2.7547 1.6567 ξ = 0.7 Tk = 0.85 0.2379 4.2030 1.5212
hs = 4 hr = 0.5 0.1853 5.3955 1.7663 ξ = 0.7 Tk = 0.90 0.2374 4.2131 1.5212
hs = 4 hr = 0.8 0.2005 4.9879 1.7852 ξ = 0.7 Tk = 0.95 0.2371 4.2176 1.5212
hs = 6 hr = 0.2 0.2683 3.7276 1.3038 ξ = 0.9 Tk = 0.85 0.2303 4.3421 1.5081
hs = 6 hr = 0.5 0.1084 9.2248 1.3500 ξ = 0.9 Tk = 0.90 0.2297 4.3527 1.5081
hs = 6 hr = 0.8 0.1232 8.1161 1.3782 ξ = 0.9 Tk = 0.95 0.2295 4.3575 1.5081
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Figure 5. Effect of increasing hs on mean shift filtering. (a) Patch 3; (b) Patch 3 filtered with
mean shift, hs = 2 and hr = 0.5; (c) Patch 3 filtered with mean shift, hs = 4 and hr = 0.5;
(d) Patch 3 filtered with mean shift, hs = 6 and hr = 0.5.

(a) (b) (c) (d)

When comparing the selected results of each filter, in most cases, the better results in the quality
parameters estimation are attained with mean shift. Moreover, in terms of visual inspection, the mean
shift-filtered patches are less blurry than the sigma-filtered ones, as shown in Figure 6, where the original
patch is also included for comparison purposes.

Figure 6. Comparison of the original Patch 1 and the best filtered results. (a) Patch 1;
(b) Patch 1 filtered with sigma, σ = 0.9 and Tk = 0.95; (c) Patch 1 filtered with mean shift,
hs = 4 and hr = 0.5.

(a) (b) (c)

5. Statistical Distributions

Plenty of statistical distributions have been studied to model the sea clutter in SAR images with
different results. Traditionally, according to the central limit theorem, it has been assumed that the real
and imaginary parts of the received data can be modeled by the Gaussian distribution. Although the
Gaussian model fits accurately to the low-resolution sea-clutter, it does not perform correctly when the
range resolution increases [5]. When dealing with high-resolution SAR systems, such as TerraSAR-X,
the application of other distributions is needed. The properties of high-resolution sea-clutter are defined
by the surface roughness, which can be characterized by two main types of waves: gravity and capillary
waves. Gravity waves describe the macrostructure of the sea surface, with wavelengths from less than
a meter to hundreds of meters, while capillary waves have wavelengths of centimeters or less, being
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caused by surface tension [48]. In order to work with this new high-resolution scenario, other distribution
models are typically considered, starting with the Rayleigh model. The Gaussianity of the real and
imaginary parts of the received echoes leads to the suitability of this model for the amplitude distribution
of the signal. While this model may work fine for some terrain scenes, it may not be the best option
for modeling the sea surface, where underlying heavy-tailed distributions might need to be considered
instead [4]. Another common distribution used to characterize sea clutter is the K distribution [49],
which results from the Rayleigh distribution, used to model the speckle of the received data, and the
Gamma distribution, the one that describes the modulation component [4]. Along with the same line
of heavy-tailed distributions, the Weibull distribution presents itself as a good option to model both
urban scenes and sea clutter [50] and, as does the K distribution, includes the Rayleigh distribution as
a special case.

More recently, some other clutter models have emerged to give an answer to the difficulties sea-clutter
characterization has. One of the most adopted models for sea-clutter modeling is the generalized gamma
distribution, which was first introduced in [51]. Its highly flexible form and good fitting capability have
caused this distribution to be applied in different areas, but one of the first to use it for SAR sea-clutter
analysis was Anastassopoulos [4]. In the past few years, Li has published many papers dealing with
this distribution [52,53]. Although the results visually and quantitatively attained proved that, in most
cases, the generalized gamma distribution outperformed the majority of parametric models (Weibull,
Nakagami, K and others) in terms of fitting SAR image data histograms, the experiments showed in both
papers were applied to different land scenes, but no sea scene was used. In [54], this same distribution
is applied to sea images considering different polarizations and sea states, obtaining better results than
those obtained by many classic models, including the Gaussian, Log-Normal, Weibull and K.

Another model that has been recently applied is the α-stable distribution, which was first developed
for financial time series analysis. It has been used for background clutter modeling in a ship detection
scheme proposed by Liao and Wang [55,56], where the images dealt with issues of inhomogeneity
and spiky properties. The ability this distribution has to fit heavy-tailed models, due in part to the
spiky appearance of inhomogeneous sea-clutter, results in a better modeling performance than the ones
obtained by the classical models to which it was compared.

In [9], a special case of this distribution, namely the zero-mean symmetric α-stable (SαS), is used.
Along with the generalized central limit theorem, it is assumed that the real and imaginary parts of the
received signal are jointly SαS, giving rise to a new model called the generalized heavy-tailed Rayleigh
distribution. This new distribution can describe impulsive data and has thicker tails than the classical
Rayleigh distribution, allowing a better fit to very-high-resolution (VHR) SAR marine images.

Finally, in [57], the authors address the problem of simultaneous modeling of the joint information
by taking a semiparametric approach based on a nonparametric kernel density estimator (KDE)
for estimating the marginal distribution and a Gaussian copula to estimate the underlying spatial
correlation structure. Results showed that, for the final purpose of the paper, which was ship detection,
a significant improvement was achieved in terms of the receiver-operating-characteristic curve and
detected target pixels.

Among all of the possible distributions used to model the sea clutter in SAR images, six are
considered and compared in this paper: Rayleigh, K, Weibull, gamma, lognormal and generalized
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gamma. These distributions are selected due to their suitability to model SAR clutter, taking into
consideration the geometry of data acquisition by SAR sensors, where incidence angles greater than
typical marine radar grazing angles are used. Based on the coherent imaging mechanism of the sensor,
it is assumed that each resolution cell contains enough scatterers, whose echoes are independent and
identically distributed. Both the amplitude and phase of the echo of one scatterer are statistically random
variables. It is also assumed that inside a resolution cell, there are no dominant scatterers, the size of the
cell being large enough compared to the size of a scatterer [8]. With these hypotheses acknowledged,
many statistical models assume a constant radar cross-section (RCS) background, which leads to a
Rayleigh-distributed single-look amplitude and a gamma-distributed multi-look intensity [58]. However,
for in-homogeneous regions with underlying gamma-distributed RCS fluctuations, the corresponding
intensity data have to be K-distributed. Furthermore, when the resolution becomes high enough,
theoretically, the resolution cell will be too small to consider the central limit theorem applicable.
In [4], this last assumption is considered leading to the generalized gamma distribution for speckle and
intensity RCS fluctuation components. As for the lognormal and Weibull distributions, there is no sound
deduction in theory for the suitability of their application to SAR images, as they have come from the
experience of having been successfully applied to them [8].

6. Preliminary Statistical Analysis

As has been said before, the main goal of this paper is not the modeling of sea clutter, but the
classification of sea states. In the previous section, the probability distributions, whose parameters are
considered to carry out the classification, were presented. At this point, what is important is how good
the parameters classify the sea states and not how good the clutter is modeled. In order to select those
parameters, a reduced set of 250,500 × 500-pixel patches is built. Fifty representatives of each class,
which are described in Section 3, are taken to build such a set. A first consideration that needs to be
addressed is how the application of speckle filtering affects the statistical distribution of the patches,
which appears to be reasonable, due to the statistical distribution of speckle itself. In Figures 7–9, the
lowest values attained for the distances measured with the Cramér–von Mises test [59,60] are shown for
the six probability distributions and the 250 patches considered, without speckle filtering, after the mean
shift filter and after the sigma filter, respectively. While in all of the figures, the distribution of the patches
tends to fit a generalized gamma, the difference between the original patches and the filtered ones is that
the distances in the former have several crosses, and in the latter, they are more separated, except for the
generalized gamma and the lognormal distributions. If this is translated to how the parameters would
be affected by the speckle filters, it is only logical to expect more separation when speckle filtering is
applied. There is not much difference between the distances measured for the sigma-filtered and the
mean-shift-filtered patches.

All of the parameters of the six distributions, estimated with the maximum likelihood criterion, are
considered at first as candidates to be part of the feature sets used to carry out the classification. However,
the values of the shape parameter of the generalized gamma distribution, k, present a huge intra-class
variability and inter-classes overlapping, which give rise to confusion when applied to the classifier.
Furthermore, it must be noted that the shape parameter of the K distribution has a very low intra-class
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and inter-classes variability, with no information to discriminate among classes. Therefore, these two
parameters are directly excluded from any further consideration, and the other ten are presented in
Figures 10–12. In this case, the scale of all the parameters is similar, and more conclusions can
be extracted.

Figure 7. Cramér–von Mises distances measured for a reduced set of representative
original patches.

Figure 8. Cramér–von Mises distances measured for a reduced set of representative
mean-shift-filtered patches.
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Figure 9. Cramér–von Mises distances measured for a reduced set of representative
sigma-filtered patches.

Figure 10. Selection of statistical parameters estimated from a reduced set of original
patches. Fifty patches of each considered class are used for the estimation.
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Figure 11. Selection of statistical parameters estimated from a reduced set of
mean-shift-filtered patches. Fifty patches of each considered class are used for
the estimation.

Figure 12. Selection of statistical parameters estimated from a reduced set of sigma-filtered
patches. Fifty patches of each considered class are used for the estimation.

Comparing the three figures, it is clear that speckle filtering is helping to separate some parameters
among the others and also separates between the five classes of patches. In fact, in Figure 13, the
parameters that better distinguish between patch classes when speckle filtering is applied are represented
for both original and mean-shift-filtered patches, so that a more obvious decision in favor of the
application of speckle filtering can be made. These results speak for themselves and show how decisive
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speckle filtering can be in order to address the classification of the different sea states. Three parameters
stand out among the others as the best choices for sea state classification. Those candidates are the shape
parameter of the Weibull distribution (bWeibull), the shape parameter of the gamma distribution (aGamma)
and the power parameter of the generalized gamma distribution (νGeneralized Gamma). Even though none
of them display a perfect separation between classes, the combination of these statistical parameters
with others may lead to a nice classification, especially in the case of aGamma, where the thresholds
between classes may be more easily selected than with the other parameters. The parameters discarded
for classification purposes are mainly the scale ones, which are usually more dependent on the mean level
of the patch than the wave field structure. Such dependance would give rise to classes too heterogeneous
in terms of wavelength, which is what basically allows the classification. Since the distances and
the statistical parameter values for both mean shift and sigma filters are very similar, but the quality
parameters presented in Section 4 were slightly better in the case of mean shift, from now on, the studies
will only be using this filter with the aforementioned filtering parameters of hs = 4 and hr = 0.5.

Figure 13. Comparison of the shape parameters of the gamma and Weibull distributions for
original and mean shift-filtered patches.

To continue a bit further down this line of thought of exploiting the information provided by the
probability distributions, the cumulative distribution functions (cdf) of the patches will be considered.
Taking into consideration the way the classes are defined and the role the differences in gray level the
wave crests and troughs play, the cdf can provide valuable insight into the percentage of dark and bright
pixels. What these values actually represent in a way is the height and depth of crests and troughs, as
well as the width of both of them. Given that the shape parameter of the gamma distribution is the one
that separates best the five classes, the gamma cdf will be in consideration to estimate the new value. In
Figure 14, some cdfs corresponding to patches selected from different classes are presented. Although,
at first glance, it looks like all of the curves merge into one, when applying a zoom to the lower values,
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an interesting separation between the five classes tends to appear. After some study, the third percentile
value is selected.

Figure 14. Gamma cumulative distribution functions of representative patches of each class.

Taking everything into consideration, we define four parameter sets:

• Set I: the shape parameter of the gamma distribution and the third percentile of the gamma cdf.
• Set II: the shape parameter of the Weibull distribution and the third percentile of the gamma cdf.
• Set III: the power parameter of the generalized gamma distribution and the third percentile of the

gamma cdf.
• Set IV: the shape parameters of the gamma and the Weibull distributions and the third percentile

of the gamma cdf.

Many other sets have been considered, starting with the three statistical parameters alone and different
combinations of them, but due to space limitations and the poor results achieved with those sets, only
the results for the four aforementioned sets will be presented in Section 7.

7. Final Results

The previous sections have been used to describe all of the elements needed for this experimentation
section. The SAR images chosen to test the classifiers were introduced in Section 3, and three sets
of differently-sized patches were built. The speckle filters that were initially considered in this paper
were presented in Section 4, choosing mean shift as the better option. In Sections 5 and 6, six of the
most used probability distributions for sea clutter modeling were briefly introduced, and the suitability
of their parameters to perform the sea state classification was studied. As a result, four parameter sets
were defined. There is one final element needed to complete all of the experiments: the classifier. Four
well-known techniques will be compared:

• K-means;
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• Radial basis function neural network (RBFNN);
• Nearest neighbor (NN);
• Support vector machine (SVM).

These techniques have been widely used in all sorts of applications, not only SAR. Some recent
studies with the NN technique were presented in [11], where second-kind statistics were used as
classifying features; SVMs have been used in [10,12], comparing them with a supervised Wishart
classifier in the latter; in [61], RBFNNs were used for an automatic target recognition application.
The K-means classifier is an unsupervised clustering approach. To find the five centroids, the same
training set used for the supervised approaches is used. After that, the clusters are formed by measuring
the K-means distance between the centroids and the elements in the test set. Furthermore, the first results
of K-means clustering were used as a valuable support to first determine which parameters could better
separate between the five considered sea state classes.

The experiments that will be carried out will ultimately serve as a comparison in four different levels:

• The parameters extracted from the patches;
• The patch size;
• The classifiers and the number of elements they are composed of in the case of RBFNN and NN;
• The absence or presence of a speckle filtering stage.

7.1. Experiments Description

Three sets of patches with different sizes are used to test all of the algorithms. The choice of the size
of these patches was explained before in Section 3. Using the largest size to determine the number of
elements contained in each set, the number of patches in each class is presented in Table 4.

Table 4. Number of patches in each class.

First Class Second Class Third Class Fourth Class Fifth Class

2438 2998 352 1858 454

Two hundred fifty patches, 50 of each class, form the set used for training the classifiers, leaving a
total of 7850 patches for the test set. All of the success rates presented in the following figures and tables
will refer to that test set. In the case of K-means and SVMs, one result is presented for each parameters
set (SVMs parameters have been optimized to present the best values), to serve as comparison elements,
while a more thorough study is presented for NNs and RBFNNs. For the former, values for 2, 4, 6
and 10 neighbors are presented in Figures 15 and 16, and for the latter, values for 8–11 hidden neurons
are presented. The choice of neighbors and hidden neurons presented include the best results and also
show the trends of the success rates. The notation used in the figures and tables is k-NN, where k is the
number of neighbors, and n-RBFNN, where n is the number of hidden neurons. The success rates as
a percentage for the original patches are shown in Figure 15 and for the mean-shift-filtered patches in
Figure 16. These results not only are subject to the classifier, but also to the patch size and the parameters
set considered. The combination of these two elements represent the different colors of the bars in the
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figures. Thus, each bar will be denoted by the patch size and the number of the parameter set selected, as
seen in Section 6 (e.g., 300-IV represents the combination of a 300× 300-pixel patch size and parameter
set number IV, which includes the shape parameters of the gamma and the Weibull distributions and the
third percentile of the gamma cdf).

Figure 15. Overall success rates for the original patches depending on the classifier
(horizontal axis), the patch size (150, 300 or 500) and the parameters set (I, II, III or IV;
defined in Section 6).

Figure 16. Overall success rates for the mean shift-filtered patches depending on the
classifier (horizontal axis), the patch size (150, 300 or 500) and the parameters set (I, II,
III or IV; defined in Section 6).
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7.2. Impact of the Speckle Filtering

One of the main purposes of this paper was to give an answer to whether the application of a speckle
filter to the SAR images was necessary or not in order to be able to extract more information from the
sea clutter and, thus, attain a better classification performance. Preliminary studies, shown in Section 6,
suggested the need of a filter, as the statistical parameters began to show potential thresholds between
classes when a filter was applied (Figure 13). The results in Figures 15 and 16 confirm what was
previously hinted. Globally, the success rates are higher when the speckle filter has been applied,
especially for Sets I and II, which included the shape parameter of the gamma distribution and the shape
parameter of the Weibull distribution, respectively. Although the best results are attained after applying
the speckle filter and a clear improvement of the success rates can be observed, it must be noted that for
Set III, the trend is the other way around for most of the classifiers. Let the reader be reminded that this
set included the power parameter of the generalized gamma distribution, and while, at first glance, this
parameter did not look as promising as others for the classification, the fact that the generalized gamma
distribution was the one that best modeled the sea clutter when no speckle filter was applied, as shown
in Figure 7, clearly helps to attain these results.

7.3. Patch Size Study

Results presented in Figures 15 and 16 show that in nearly all of the cases studied, the overall success
rates reach higher values for a patch size of 500 × 500 pixels, independently of the choice of the
parameters set, the classifier and the application of mean shift. Nevertheless, differences are higher
when the speckle filter is applied.

The most probable explanation for this behavior is that the 150 × 150-pixel patch is too small to
extract enough information on wave fields, which is what mainly allows us to perform the sea state
classification. Significantly better results are achieved with a patch size of 300 × 300 pixels, thanks
to a better characterization of wave fields. However, the best results are attained with a patch size of
500 × 500 pixels. Even though for some of the experiments, there is not much difference in terms of
success rate between 300 × 300 and 500 × 500 patches, global results suggest the selection of the latter.

7.4. Classifier and Parameters Set Selection

When comparing the classifiers, what stands out the most is the inability of the K-means technique
to perform the classification. The other three classifiers obtain success rates in the same range, but the
RBFNNs are the ones with the best overall performance, except for Set III. As for the number of hidden
neurons, there is not a linear evolution of the success rate with the increase in the number of neurons;
however, the best results are in most cases attained with 10 or 11 neurons.

Finally, the comparison between parameter sets shows what the first studies in Section 6 already
suggested. The shape parameter of the gamma distribution along with the third percentile of gamma cdf
outperform the shape parameter of the Weibull distribution and the power parameter of the generalized
gamma distribution. However, it is the combination of both shape parameters with the third percentile,
that is Set IV, that achieves the best overall results. In concrete terms, the best success rate, with a value
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of 87.46%, is attained with an RBFNN with 11 hidden neurons (Figure 16). Compared to the result
attained under the same conditions, but for the original patches, the improvement is 4%.

7.5. Accuracies, Uncertainties and Errors

The best overall accuracies for each classifier are presented in Table 5 to support with numbers the
information shown in Figures 15 and 16. All of them are attained with mean shift-filtered patches,
a patch size of 500 × 500 pixels and parameter Set IV, except for K-means, which is parameter Set III.
For the RBFNN, 11 hidden neurons have been considered, and for the NN, 10 neighbors. These values
show that although K-means can correctly classify three out of four patches, which is far from the results
attained by the supervised techniques. The accuracies of these three techniques are close, but it is the
RBFNN method that obtains the best results.

Table 5. Best overall accuracies with each classifier (values in %). RBFNN, radial basis
function neural network; NN, nearest neighbor; SVM, support vector machine.

K-Means 11-RBFNN 10-NN SVM

75.3090 87.4634 84.8261 86.5588

In order to add more information, confusion matrices for the experiments with the best overall
accuracies are also presented in Tables 6–9. These matrices show that the third class is the one with
the highest true positives rate for all of the classifiers, with no false negatives in the case of NN and SVM
and very low rates of false positives. The fourth class is globally well classified, although over 10%
of patches in the second class were classified as the fourth class when RBFNN and NN are used. This
issue could be expected, as these two classes correspond to wave fields with high waves. On the other
hand, the worst accuracy rate, excluding the results obtained with K-means, which are really low for
Classes 1 and 5, is attained with the first class and SVM. In this specific case, almost 16% of the patches
are misclassified as the fifth class.

With the information provided by the confusion matrices presented, the unweighted kappa coefficient
for each one is calculated (Table 10). This coefficient is a useful statistical measure for assessing the
reliability of agreement between a fixed number of classes, which is five in our study. These kappa
values confirm the values previously presented for the overall accuracies, as it is the RBFNN with 11
hidden neurons that is the one that attains the value closest to one, and once more, it is K-means that
is the technique with the worst result. The value attained for the RBFNN technique, equal to 0.8257,
is given for a standard error of kappa of 0.005, with a 95% confidence interval that goes from 0.816
to 0.836.
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Table 6. Confusion matrix for K-means, mean shift-filtered patches, 500 × 500-pixel
patches and parameter Set III (values in %).

Actual Class

Predicted Class
1st 2nd 3rd 4th 5th

1st 45.6030 27.7219 0.5025 20.1843 5.9883

2nd 3.3582 90.6377 0 6.0041 0

3rd 0 0 93.0233 0 6.9767

4th 3.0973 2.5442 0 94.2478 0.1106

5th 37.1287 15.0990 0.2475 6.4356 41.0891

Table 7. Confusion matrix for RBFNN with 11 hidden neurons, mean shift-filtered patches,
500 × 500-pixel patches and parameter Set IV (values in %).

Actual Class

Predicted Class
1st 2nd 3rd 4th 5th

1st 86.5578 0.7956 2.3451 6.1977 4.1039

2nd 6.0719 83.2090 0 10.7191 0

3rd 0.6645 0 99.3355 0 0

4th 3.6504 1.7146 0 94.6350 0

5th 14.8515 1.7327 0.2475 0.2475 82.9208

Table 8. Confusion matrix for NN with 10 neighbors, mean shift-filtered patches,
500 × 500-pixel patches and parameter Set IV (values in %).

Actual Class

Predicted Class
1st 2nd 3rd 4th 5th

1st 83.6265 0.9213 3.4757 6.0720 5.9045

2nd 6.4111 79.2062 0 14.3826 0

3rd 0 0 100 0 0

4th 3.6504 4.0376 0 92.3119 0

5th 10.6436 0.4950 0.2475 0.4950 88.1188
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Table 9. Confusion matrix for SVM, mean shift-filtered patches, 500 × 500-pixel patches
and parameter Set IV (values in %).

Actual Class

Predicted Class
1st 2nd 3rd 4th 5th

1st 74.8744 0.4188 2.2613 6.7420 15.7035

2nd 4.7151 91.0448 0 4.2062 0.0339

3rd 0 0 100 0 0

4th 3.1527 5.8628 0 90.7633 0.2212

5th 5.1980 0.2475 0.2475 0.2475 94.0594

Table 10. Kappa values for the experiments with the best overall accuracies.

K-Means 11-RBFNN 10-NN SVM

0.6511 0.8257 0.7904 0.8146

Taking into consideration the variability of the sea surface and the difficulty a visual classification
implies, the results are really good and very encouraging to follow up on these studies to try to find
parameters that may improve the final classification success rates even more.

7.6. Computational Complexity

Computational complexity is expressed by two different parameters: the number of CPU cycles and
CPU time expressed in seconds. CPU time is calculated by using the number of CPU cycles and an
average CPU speed of 2.1605 × 109 cycles/s. The algorithms were executed on a MacBook Pro with
OS-X 10.9.4, a 2.2 GHz Intel Core i7 processor, four cores and 8 GB of RAM memory. These algorithms
are not parallelized; therefore, the presented values could be reduced if parallel processing was used.

Both CPU times and the number of CPU cycles for speckle filtering, statistical parameters estimation
and classification considering one single patch are presented depending on the patch size (Table 11).
For the speckle filtering stage, times and cycles for mean shift and sigma, applied to a single patch with
the filtering parameters that were selected as the best in Section 4, are presented. The times and cycles for
the parameter estimation stage correspond to modeling a single patch with the six statistical distributions
described in Section 5, estimating all of the associated parameters. As for the classification algorithms’
times and cycles, since they do not depend on the size of the patch, as the number of parameters extracted
from each patch size is the same, one value is presented for each classifier, measured for the cases
where the best overall accuracies were attained. These results show that mean shift is faster than sigma,
especially when the patch size increases, and the fastest classifier, except for K-means, is the RBFNN.
Given that both mean shift and RBFNN attained the best overall results, these times add more value to
that achievement.
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Table 11. Number of CPU cycles and CPU time for the filtering algorithms, the
statistical parameters estimation and the classification algorithms depending on the patch
size. CPU time is calculated with an average CPU speed of 2.1605× 109 cycles/s.

CPU Cycles CPU Time (s)

Patch size 150 × 150 300 × 300 500 × 500 150 × 150 300 × 300 500 × 500

Mean Shift 4,705,897,519 15,991,855,606 43,105,229,247 2.1782 7.4019 19.9515

Sigma 23,438,933,492 70,384,918,352 183,524,472,102 10.8488 32.5781 84.9454

Parameter estimation 47,655,839 124,194,090 324,481,363 0.0221 0.0575 0.1502

K-means 35,908 0.000017

RBFNN 285,932 0.000132

NN 4,015,497 0.001859

SVM 6,337,956 0.002934

8. Conclusions

A statistical analysis of Synthetic Aperture Radar sea clutter for sea state classification purposes has
been presented in this paper. The lack of studies covering this particular area, as they focus just on the
modeling of clutter (either land or sea clutter), served as the motivation to address this topic. The present
work successfully used statistical distributions and their parameters to distinguish between different
sea states and represents an important contribution to the field, as most SAR classification studies are
focused on land areas. Furthermore, a study of the effect speckle noise has on the statistical distribution
of sea clutter was carried out, showcasing the necessity of a speckle filtering stage to improve the final
classification accuracies.

The importance of the presented work resides not only in the use of statistical distributions for sea
state classification and the study of the effect of speckle filtering on the classification accuracy, but
also in the extensive resources used to achieve those goals. Ten coastal and maritime SAR images
acquired by TerraSAR-X have been selected for this proposal, allowing the construction of a data set
with more than 8000 patches and the definition by visual inspection of five sea state classes. For the
speckle filtering stage, two filters with well-proven performance results have been used: the improved
sigma-Lee filter and the mean shift technique. Six statistical distributions have been studied in this paper:
gamma, Weibull, K, Rayleigh, lognormal and generalized gamma. As for the classification stage, four
well-known and widely-used classifiers have been considered: K-means, nearest neighbor (NN), radial
basis function neural network (RBFNN) and support vector machine (SVM).

The experimental results presented were subjected to a four-level comparison: the effect of speckle
filtering, the dependence on the patch size, the statistical parameters sets and the classifiers. Overall
classification accuracies for non-filtered and mean-shift-filtered patches, with sizes of 150 × 150,
300 × 300 and 500 × 500 pixels, for four different parameters sets and the aforementioned classifiers
were obtained.

Globally, accuracy values experienced an increase when the speckle filter was applied, independently
of the parameters set, the patch size and the classifier. The study of the patch size showed that in
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nearly all cases, the overall accuracies reached higher values for a patch size of 500 × 500 pixels, as
more information of the wave fields can be extracted from patches with this size. The parameters set
that attained the best classification accuracy values was the one formed by the shape parameters of the
gamma and Weibull distributions and the third percentile of the former one; even though the gamma
and Weibull distributions were not the best modeling ones, their parameters were indeed the best for sea
state classification. As for the classifiers, the three supervised techniques had a similar performance, the
RBFNN being the one that slightly stood out as the best. The best result of 87.5% of overall accuracy
and the highest kappa coefficient equal to 0.83 were achieved for 500 × 500-pixel patches, filtered with
mean shift, the combination of the shape parameter and the third percentile of the gamma distribution,
the shape parameter of the Weibull one and a RBFNN with 11 hidden neurons. As an added value,
the CPU times of mean shift and the classification based on RBFNN were the best ones among the
supervised techniques.

All of the experiments and studies carried out have to be put under the perspective of the resources
that have been used. Although a large data set was considered, the extension of the study to a larger
number of images could lead to the definition of new sea state classes. Furthermore, the application
of the algorithms presented in this paper to data with different resolution and polarization is highly
recommended, as a dependence between these parameters and the classification accuracy might be
possible. Furthermore, the statistical distribution and the parameters selected to perform the classification
can have a big impact on the final results. Many distributions have been considered in this work, but the
study of recently applied to SAR distributions, such as the α-stable, is suggested. Results showed that
the application of a speckle filter improved the final classification accuracy; therefore, a deeper study of
this stage is advised, as well.

The work presented in this paper was first conceived of as a tool for improving ship detection
applications in SAR imagery. A lot of effort has been put into this research area in the past few years,
as not only researchers, but also governments are interested in the development of maritime surveillance
tools. The algorithms and the statistical parameters selected in this work, together with the suggested
studies, should be very helpful to perform an automatic ship detector, as most of them are based on
the comparison between sea clutter and the target, and the better the clutter modeling, the better the
ship detection.
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Abstract—This paper tackles the study of the sensitivity of
the characteristics and detection capabilities of a passive radar
based on DVB-T signals with respect to channel availability.
Real data acquired by IDEPAR demonstrator (developed by the
University of Alcalá) were considered. The ambiguity function of
one, two and three consecutive channels is calculated to estimate
the pedestal mean level and the spike width. A reduction of
the detection performance is obtained due to an increase of the
pedestal mean level and a degradation of the range resolution
associated with a lower information bandwidth. The detection
probability provided by IDEPAR confirms the dependence on
the spectrum. This sensitivity should be taken into account to
design a passive radar that fulfils detection requirements.

I. INTRODUCTION

Passive Bistatic Radars (PBRs), defined as a set of tech-
niques that uses non-cooperative signals as illumination
sources (Illumination of Opportunity, IoO) to detect targets
and estimate parameters (position or velocity) [1], are used as
an alternative solution to active ones to anticipate and prevent
the multiple threats that modern society faces. The IoOs are
an important issue in the radar performance and design.

These systems present many advantages derived of the use
of an IoO instead of an own transmitter: the possibility of use
Commercial Off-the-Shelf (COTS) components for the design
of the PBR receiver, low development, implementation, design
and maintenance cost. Furthermore, they usually present small
size, low weight, low probability of interception (except for
the visual impact of the antenna) and avoid electromagnetic
compatibility or environment impact problems. However, their
main challenge is the complexity of the signal processing
techniques and the detection and classification stages due to
the use of out-of-control waveforms (IoOs). The available
transmitter networks have been developed for service and qual-
ity communications purposes without taking into consideration
detection requirements. This fact defines a set of geometrical
constraints, that together with the transmitted waveform, can
make the PBR system design a very complex task.

In PBR systems, the Ambiguity Function (AF) is a powerful
tool for analysing the detection capabilities. It describes how
a signal is correlated with itself delayed in time and shifted
in frequency, and allows a fairly accurate estimation of the
radar system resolutions (range and Doppler), an analysis of
the detection capabilities of a waveform and the prediction of

potential ambiguities. On the other hand, the detection process
is based on the Cross Ambiguity Function (CAF), which is
defined as the correlation of the delay and Doppler-shifted
copies of the received signals from the IoOs and the target
echoes to obtain the Range-Doppler (RD) map.

In this paper, an exhaustive study of the dependence of the
AF and the CAF of real DVB-T signals as IoOs with respect
to the channel availability was carried out. DVB-T signals
are considered as IoO due to their good features [2]: higher
transmitted power values, the characteristics of the transmitter
waveform and its bandwidth are known, and its bandwidth is
around 8 MHz with the possibility of use consecutive channels
for increase the system resolution. The processed signal was
composed of three consecutive DVB-T channels (bandwidth of
24 MHz) and was acquired by IDEPAR [3], a technological
demonstrator developed in the University of Alcalá, located at
the roof of the Polytechnic School to detect terrestrial targets.

Multichannel DVB-T signals can be used to improve the
system resolution and the detection capabilities of the PBR,
increasing the Probability of Detection (PD). However, one
of the main drawbacks of the use of uncontrolled transmitters
is that the channel allocation is not under the control of the
system developer or user, so the acquisition of consecutive
channels is a difficult task. In this work, the DVB-T based
PBR detection performance sensitivity with respect to channel
allocation or availability is studied. The case study considers
firstly three consecutive channels and one or two channel
failures. An estimation of the AF pedestal mean level is
determined to calculate the theoretical reduction in the Signal-
to-Noise Ratio (SNR) in function of channel availability and,
therefore, the degradation in the detection capabilities. Finally,
IDEPAR performance will be analysed using real radar data
and digital filtering to simulate channel failure. The PD and
the Probability of False Alarm (PFA) will be estimated for a
Cell-Average Constant False Alarm Rate (CA-CFAR) detector
to prove the detection capabilities sensitivity when the channel
availability varies.

II. THE AMBIGUITY FUNCTION (AF)

The Ambiguity Function (AF) is a powerful tool to analyse
the detection capabilities of the radar signals, the achievable
resolutions and the possible detection ambiguities [4]. The
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AF, knows as the time-frequency autocorrelation function,
describes how a signal is correlated with itself delayed in time
by an amount τ , and shifted in frequency an amount f . It is a
two dimensional function whose discret-time implementation
is detailed in (1), where N is the length of the signal and m
and ω are referred to delay and Doppler-shifted copies, respec-
tively. This function provides the necessary signal processing
gain to allow detection of the target echo, acting as a matched
filter for the radar system, and allows the estimation of the
bistatic range and Doppler shift of the target.

χ (m, ω) =
1

N

N−1∑

n=0

x [n] · x∗ [n − m] · e−jωn (1)

The AF presents the following properties:
1) The maximum of the absolute value always appears at

the origin and is related to the energy of the signal.
2) The magnitude is symmetric respect to the origin.
3) The volume inside the AF (|χ (τ, fd) |2) is a constant

value. If the signal is energy normalized, this volume is
equal to 1.

4) The cut of the AF along the frequency axis allows us to
study the frequency resolution and is expressed as the
Fourier transform of the squared signal amplitude.

5) The cut along the delay axis is the autocorrelation of the
signal. The delay resolution will depend on the signal
bandwidth.

Taking into consideration the signal waveform, the AF can
be classified in four classes [4] [5]. The mainly IoOs used
in radar applications present a class B1 waveform, which are
noise-like, non-periodic signals and are almost uncorrelated
with themselves. The AF consists of a spike at the origin
with the largest part of the volume distributed in a low level
pedestal (Figure 1). In this kind of signals exists an inverse
relationship between the signal length T , or the bandwidth
B, and the volume of the spike at the origin. The range and
Doppler resolutions correspond to 1/B and 1/T , respectively
[3]. Furthermore, the average heigh of the pedestal can be
estimated as 1/TB [5]. According to Figure 1, this level
determines the ratio between the main lobe level and the noise
one, related to the Signal-to-Noise Ratio (SNR) of the AF.

If long durations and high bandwidths are used, this kind
of AF can resolve targets very well in both time delay and
Doppler shift dimensions. However, the targets with low radar
cross-section can be masked by the pedestal. Long pseudo-
random sequences are good examples of Class B1 waveforms.

III. CASE STUDY. IDEPAR DEMONSTRATOR

The real radar data used in this paper to realize a com-
plete study of the DVB-T AF are acquired by the IDEPAR
demonstrator developed in the University of Alcalá. The
IDEPAR project is a technological demonstrator based on
passive radar systems that uses a DVB-T transmitter as IoO,
in order to acquire real bistatic signals in the UHF (Ultra High
Frequency) band in terrestrial and coastal radar scenarios. The
demonstrator was implemented using one commercial antenna

Fig. 1: Class B1 ambiguity function scheme [4]

(Televes DAT HD 75 BOSS) for the reference channel and
another one for the surveillance channel, commercial daughter
boards, Analog-to-Digital Conversion (ADC) systems, Low-
Noise Amplifiers (LNAs) and a synchronization unit. On
the other hand, the filtering, processing signal, detection and
tracking process are implemented off-line on a high perfor-
mance processing unit. More information about the IDEPAR
demonstrator such as reception and processing stages, or
system coverage and resolutions is detailed in [3].

IDEPAR uses a DVB-T transmitter as IoO due to their good
features [2]: high and stable transmitted powers (to ensure a
coverage area), growing availability, known position and wave-
form, bandwidth around 8 MHz, and spectral properties which
are nearly independent of the signal content. DVB-T signals
are composed of a random component and a deterministic
one, which gives rise to peaks in the radar AF [6] [7]. These
ambiguities can directly mask returns from real target and/or
can provide false targets for the detection stage. The AF of a
DVB-T signal is a Class B1 one, whose main characteristics
were detailed in Section II.

The distribution of the different commercial television chan-
nels along the available spectrum allows the use of multi-
channel DVB-T signals, increasing the signal bandwidth and
improving the system resolution. An additional consequence of
using consecutive channels is the reduction of the AF pedestal
level due to the class B1 AF characteristics. IDEPAR was
designed to operate in the high frequency band of the DVB-T
signal for exploiting the three higher consecutive channels.
The receiver signal was filtered to select the higher three
consecutive channels of the DVB-T standard, so a central
frequency equal to 850 MHz and a bandwidth of 24 MHz
were considered. However, the spectrum reassignment carried
out in Spain provided a high channel dispersion, reducing
the probability to acquire consecutive channels. In addition,
spurious and temporal conditions can produce channel failures.
In this paper, the sensitivity of IDEPAR performance under the
channel frequency availability is analysed.

A. Radar scenario

In order to detect terrestrial vehicles, the PBR demonstrator
was installed at the roof of the Polytechnic School in the
University of Alcalá campus (Madrid, Spain). In Figure 2,
the Area of Interest (AoI) defined by the 3dB beamwidth of
the receiving antenna (30◦) is depicted together with the AoI
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Fig. 2: Radar scenario. Areas of interest associated with
beamwidth equal to 30◦ (green) and equal to 60◦ (orange)

associated with a wider beamwidth equal to 60◦, where the
Meco road and the R2 highway are marked in brown and
blue, respectively. The Torrespaña transmitter was selected as
IoO after a complete study of the available IoOs. This scenario
is characterized by the presence of big buildings with metal
structure and a high traffic around them. A cooperative target
provided with GPS receiver was used for verification purposes.

IV. RESULTS

In this paper, the data acquired on February 13, 2015 have
been used. In the experiment, a set of 30 seconds acquisitions
were recorded. For each data acquisition, 120 range-Doppler
matrixes were generated using a Processing Repetition Interval
(PRI) equal to 250 ms, an integration time of 250 ms and a
CAF with 401 Doppler shifts (fd ∈ [−799.744; 799.744] Hz)
and 1, 000 range bins corresponding to a coverage distance
of 9.45 km in the pointing direction. The recorded data are
composed of three consecutive DVB-T channels (the signal
bandwidth is Bs = 24 MHz). However, digital filtering
techniques were applied to simulate the failure of one or
two channels with different channel allocation. Then, three
cases study with different information bandwidth, Bi have
been analysed: Bi = [8, 16, 24] MHz corresponding to signals
with one, two and three channels, respectively. Although all
possible channel allocations, with one or two channels, are
studied, only the averages are presented as final results.

A. Sensitivity of the AF with respect to channel availability

If the most part of the AF volume is accumulated in the
pedestal for a class B1, the pedestal volume of a energy
normalized AF will be equal to one. Taking into account
this assumption, the average pedestal level can be estimated
calculating the Probability Density Function (PDF) of the AF
and selecting the corresponding maximum value. In Figure 3,
the PDFs of real signals with one, two and three channels are
presented, where the reduction of the pedestal mean value is
shown when the number of channels increase. In Table I, the
corresponding estimated AF pedestal mean level for T = 30
ms is compared to the theoretical one taking into account
the class B1 characteristics detailed in Section II. Results

Fig. 3: Mean pedestal value of the AF for a real DVB-T signal

TABLE I: Pedestal mean values of the AF in the cases study
for T = 30 ms

Bs Bi 1/BiT Real Data Estimation
24 MHz 8 MHz −53.802 dB −51.57 dB
24 MHz 16 MHz −56.812 dB −54.78 dB
24 MHz 24 MHz −58.573 dB −56.39 dB

confirm that the bandwidth used in the theoretical AF pedestal
mean level determination (1/TB) depends on the information
bandwidth instead of the signal bandwidth.

The pedestal level decreases if more than one channel is
considered: a reduction of almost 3.0dB is obtained when two
channels are used, and around 4.8dB when three consecutive
channels are available. Then, the SNR is improved as Bi is
increased. In Figure 4, the AF zero Doppler cuts for all cases
are depicted. Results confirm the reduction of the SNR as the
presence of channel failures.

B. IDEPAR performance in the cases study

To prove the conclusions extracted from the AF study, the
IDEPAR detection performance is analysed. The detection
stage of IDEPAR demonstrator is designed using conventional
solutions based on adaptive threshold techniques (Constant
False Alarm Rate, CFAR, systems). In this work, the Cell-
Averaging CFAR (CA-CFAR) working in a 2-dimensional area

Fig. 4: Zero-Doppler cut of the AF of a real DVB-T signal
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Fig. 5: CA-CFAR detection curves for PFA = 10−5

TABLE II: Estimated PD, PFA and SNR values for a desired
PFA = 10−5

PFA PD SNR

1-channel 1.181 · 10−5 46.50 % 11.3 dB
2-channels 1.196 · 10−5 66.88 % 14.4 dB
3-channels 1.197 · 10−5 75.16 % 15.8 dB

is selected [3] (the reference window is extended along 64 cells
in range and 8 cells in Doppler creating a rectangular window
around the cell under test with N = 1, 064 reference cells).

To estimate the PD and the PFA, ground-truths at the output
of the detector are required. However, the real ground-truths
are not available due to the complex of the radar scenario
and the PBR system. For estimating the PD, a ground-truth
was generated using GPS data of cooperative targets and the
confirmed target tracks. The PD was calculated at plot level
due to the errors associated with the pixel detection grouping
techniques. On the other hand, the PFA was estimated in the
RD-map area where no targets are expected. A desired PFA =
10−5 could be estimated using Montecarlo simulations with
an estimation error lower than 10%. In Figure 5, detection
curves for a desired PFA = 10−5 were calculated using N
= {8, 64, ∞} reference cells and a point Gaussian target with
a SNR ranging from 0dB to 30dB. N = ∞ corresponds to
the optimum detector. As N = 1, 064 is very high, optimum
detection curve can be used as reference one.

In Table II, the estimated PD and PFA for all cases study
are summarized. Taking into account Figure 5, the SNR asso-
ciated with the pair (PFA, PD) is also represented. The PBR
detector capabilities decrease significantly when one DVB-T
channel is available (a reduction of 4.5dB with respect to three
consecutive channels is obtained, decreasing approximately
30% the PD). In the 2-channels case, an improvement of 3dB
in the SNR is obtained compared to the 1-channel one (the
PD increases 20%). This study confirms the reduction of the
pedestal mean level summarized in Table I.

These results prove the sensitivity of the IDEPAR
demonstrator with respect to channel spectrum availability,
resulting a reduction of the detection capabilities when the

number of channels decreases and also a degradation of the
range resolution associated with Bi. Then, this sensitivity
should be taken into account to design a PBR system that
guarantees PD requirements.

V. CONCLUSION

In this paper, the study of the sensitivity of the DVB-T
based PBR performance with respect to channel availability
has been carried out. Multichannel DVB-T signals can be
used due to the distribution of different commercial television
channels, increasing the signal bandwidth. This fact provides
an improvement in the system range resolution, reduces the AF
pedestal level due to the B1 noise-like signals AF characteris-
tics and increases slightly the SNR of the system. However, if
the use of IoO is the most promising feature of PBRs, one of
the main drawbacks is that the channel availability is not under
control, complicating the acquisition of consecutive channels
or temporal channel failures.

A real radar database has been acquired using the DVB-
T based PBR IDEPAR demonstrator located at the roof of
the Polytechnic School of the University of Alcalá. The
acquisition has been composed of three consecutive channels
(Bs = 24 MHz). However, digital filtering techniques have
been applied to simulate channels failure and non consecutive
channels. An study of the AF pedestal mean value and SNRs
has been carried out for three cases study depending on Bi:
DVB-T signals with one, two and three channels. Results lead
to a reduction in the detection performance associated with a
higher AF pedestal mean level when Bi is reduced and to a
degradation in the range resolution related to 1/Bi. Finally, the
detection performance of the IDEPAR demonstrator has been
analysed. Results show the dependence of the PD provided by
IDEPAR in the real scenario respect to channel availability.
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Abstract—This paper tackles the study of the nondesired
effects in the detection capabilities and system resolution of
Passive Radar (PR) solutions due to sporadic interference. Real
radar data acquired by IDEPAR demonstrator (DVB-T based
PR system developed by the University of Alcalá) with the
presence of an interference were considered. The ambiguity
function is calculated to estimate the pedestal mean level and
the equivalent information bandwidth. A degradation of the
range resolution and a reduction of the Signal-to-Noise Ratio
are observed. A simulated radar scenario was designed using
the acquired data and adding terrestrial targets to obtain a
good approximation of a real environment. Although the resulted
detection capabilities are reduced, the target trajectories can
be identified. This trend can be explained based on the power
migration along range dimension associated with the interference
bandwidth, generating blind Doppler shifts in the detection stage.
Then, these nondesired effects should be taking into account to
improve the PR availability against sporadic interferences.

I. INTRODUCTION

Passive Bistatic Radars (PBRs) are defined as a set of
techniques whose main objective is to detect targets and to
estimate parameters such as position or velocity exploiting
non-cooperative signals or Illuminators of Opportunity (IoOs)
instead of an own transmitter [1]. These systems are emerging
techniques under an intense research activity as alternative
solutions to active ones for surveillance applications [2]. These
radars are multi-static systems composed of a receiver element
and one or more IoOs available in the environment. Multi-
channel reception systems are imposed due to the bistatic
geometry of the radar and the lack of control over the
transmitter, so a minimum of two channels will be used: the
reference channel to acquire the transmitted signal by the IoO
and the surveillance one to capture the target echoes.

As a dedicated transmitter is not required, these systems
present attractive advantages against active ones, such as low
cost (possibility of use Commercial Off-the-Shelf (COTS)
components for the PBR design) and low probability of in-
terception. Another advantage is that PBRs are not affected by
the progressive erosion of communication systems, which are
demanding the use of traditional radar frequencies. The main
drawback of PBRs is the complexity of the signal processing
techniques and the detection and classification stages, which
is related to the use of out-of-control waveforms (IoOs).

In PBR systems, the Ambiguity Function (AF) is a key tool
for analysing the detection capabilities, providing the required
signal processing gain to allow detection of the target echo,

working as a matched filter. On the other hand, to estimate the
bistatic range and Doppler shift of the target in the detection
stage, delayed and Doppler-shifted copies of the reference
signal are correlated with the surveillance channel in order
to obtain the Range-Doppler Maps (RDM) through the Cross
Ambiguity Function (CAF).

In this paper, an exhaustive study of the AF and the
detection capabilities of a PBR was carried out when a
sporadic interference appears in the acquired data. The real
radar databases to be analyzed were acquired by the IDEPAR
demonstrator developed in the University of Alcalá (UAH) [3].
This system is a PBR that uses DVB-T signals as IoO due
to their good features [4]. Two databases of different mea-
surement campaigns were selected, where three consecutive
DVB-T channels were acquired: Dataset 1 recorded in the
roof of the Polytechnic School of the UAH, and Dataset 2
recorded in the Military Naval School of Marı́n (Pontevedra).
In the Dataset 2 case, a real sporadic interference appears in
the right channel.

An estimation of the AF is carried out to study the
degradation of the PBR resolution and the reduction in the
Signal-to-Noise Ratio (SNR) associated with the increased
of the AF pedestal level. Finally, a simulated radar scenario
located at the roof of the UAH is implemented to analyse
the IDEPAR detection performance sensitivity. The Probability
of False Alarm (PFA) and Probability of Detection (PD) are
estimated for a Cell-Averaging Constant False Alarm Rate
(CA-CFAR) detector to prove the degradation of the detection
capabilities and the system resolution due to the appearance of
a sporadic interference. The interfering signal can mask desired
targets, giving rise blind Doppler shifts in the detection stage.

II. THE AMBIGUITY FUNCTION

The AF is a powerful tool to analyse the detection capa-
bilities of the radar signals, the achievable system resolutions
and the possible detection ambiguities [5]. The AF, knows as
the time-frequency autocorrelation function, describes how a
signal is correlated with itself delayed in time by an amount τ ,
and shifted in frequency an amount f . It is a two dimensional
function whose discret-time implementation is detailed in (1),
where N is the length of the signal and m and ω are
referred to delayed and Doppler-shifted copies, respectively.
This function provides the necessary signal processing gain to
allow detection of the target echo, acting as a matched filter
for the radar system, and allows the estimation of the bistatic
range and Doppler shift of the target.

978-1-5090-6755-8/17/$31.00 ©2017 IEEE



Fig. 1: Class B1 ambiguity function scheme [5]

χ (m,ω) =
1

N

N−1∑

n=0

x [n] · x∗ [n−m] · e−jωn (1)

The AF presents the following properties:

1) The maximum of the absolute value always appears
at the origin and is related to the energy of the signal.

2) The magnitude is symmetric respect to the origin.
3) The volume inside the AF (|χ (τ, fd) |2) is a constant

value. If the signal is energy normalized, this volume
is equal to 1.

4) The cut of the AF along the frequency axis allows us
to study the frequency resolution and is expressed as
the Fourier transform of the squared signal amplitude.
Its resolution depends on the integration time.

5) The cut along the delay axis is the autocorrelation of
the signal. The delay resolution will depend on the
signal bandwidth.

According to the signal waveform, the AF can be classified
in four classes [5] [6]. The mainly IoOs used in radar appli-
cations present a class B1 waveform. These waveforms are
noise-like and non-periodic signals almost uncorrelated with
themselves. The AF consists of a spike at the origin with the
largest part of the volume distributed in a low level pedestal
(Figure 1). In this kind of signals exists an inverse relationship
between the signal length T , the bandwidth B, and the volume
of the spike at the origin. The range and Doppler resolutions
correspond to 1/B and 1/T , respectively [3]. Furthermore, the
average height of the pedestal can be estimated as 1/TB [6].
According to Figure 1, this level determines the ratio between
the main lobe level and the noise one, related to the Signal-
to-Noise Ratio (SNR) of the AF.

If long durations and high bandwidths are used, this kind
of AF can resolve targets very well in both time delay and
Doppler shift dimensions. However, the targets with low radar
cross-section can be masked by the pedestal. Long pseudo-
random sequences are good examples of Class B1 waveforms.

III. CASE STUDY

The real radar data analyzed in this paper were acquired
by the IDEPAR demonstrator, a multichannel passive bistatic
radar developed in the UAH. This PBR uses DVB-T signals as
illumination sources due to their good features: high and stable
transmitter powers, bandwidth around 8 MHz, growing avail-
ability, known position and waveform and spectral properties

(a) Dataset 1 (b) Dataset 2

Fig. 2: Spectrums of real data acquired by IDEPAR

which are nearly independent of the signal content. DVB-T
signals are composed of a random component and a deter-
ministic one, which provide a class B1 AF. This demonstrator
was designed for a bandwidth of 24 MHz in order to acquire
three consecutive channels, increasing the system resolution.
More information about IDEPAR such as receiving chains,
processing stages, radar coverage, system resolution and first
results can be found in [3] [7].

In this paper, two databases of different measurement
campaigns associated with acquisition time equal to 30 seconds
and with three DVB-T consecutive channels (channels number
67, 68 and 69 with a total signal bandwidth Bs = 24 MHz),
have been selected:

• Dataset 1, acquired on February 13, 2015: the IDE-
PAR demonstrator was deployed at the roof of the
Polytechnic School in the UAH campus and Tor-
respaña transmitter was selected as IoO.

• Dataset 2, recorded on July 30, 2014: the PBR
was located at the Military Naval School of Marı́n
(Pontevedra) using Domaio transmitter as IoO.

In Figure 2, the spectrums of the reference channel of
Datasets 1 and 2 for T = 250 ms are depicted. In the first
case (Figure 2a), the recorded signal is composed of three
consecutive channels with similar receiver power. However, in
the Dataset 2 case (Figure 2b), different receiver power levels
for each channel and a sporadic interference in the channel 69
are observed.

To obtain more information about the nature of the inter-
ference signal, its bandwidth has been estimated obtaining the
spectrum for different time periods. In Figure 3, the Dataset
2 spectrums of T1 = 250 ms, T2 = 15 s and T3 = 30 s are
shown. Estimated bandwidths of BT1

= 53 kHz, BT2
= 100

kHz and BT3 = 94 kHz are obtained. The interference is
located on the central frequency fc = 5.5 MHz with respect to
the acquisition frequency. According to the estimated values,
a sporadic FM interference is assumed. FM signals have a
theoretical maximum bandwidth of 150 kHz and present a
Class B1 AF, so a range resolution around 1 km could be
obtained [8] [9].

IV. RESULTS

A. Ambiguity function sensitivity

For a class B1 AF, the pedestal volume of a energy
normalized AF will be equal to one if the most part of the AF



(a) T1 = 250 ms (b) T2 = 15 s (c) T3 = 30 s

Fig. 3: Spectrums of the Dataset 2 at a central frequency fc = 5.5MHz for different time periods

Fig. 4: PDF of the AF for real radar data estimated using
Bs = 24 MHz

volume is accumulated in the pedestal. Taking into account this
assumption, the Probability Density Function (PDF) of the AF
can be a good tool for the estimation of the average pedestal
level. Bs = 24 MHz is always considered to estimate the AF,
taking into account two options: information bandwidth, Bi,
equal to Bs using all the information provided by the three
channels; and Bi = 8 MHz associated only with the channel 69
after the application of digital filtering techniques. In Figure 4,
the estimated PDFs of Datasets 1 and 2 with Bi = 8 MHz and
24 MHz are depicted. Results show an increase of the pedestal
mean level in the Dataset 2 case due to the interference effect.
Furthermore, a reduction of this mean value is observed when
the number of channels increases.

In Table I, the corresponding estimated B̂i for T = 30 ms
is compared to the theoretical one according to the DVB-T
class B1 characteristics. These values were obtained selecting
the PDF maximum point and the expression 1/BiT related to
the AF pedestal mean level. A reduction of the information
bandwidth is observed when the interference is considered
(Dataset 2). When Bs = 24 MHz and Bi = 8 MHz is
studied, the estimated Bi is close to 158.95 kHz associated
with a FM bandwidth signal. However, the approximation to
the interference bandwidth gets worse when three channels are
available (Bi = 24 MHz). Then, the range resolution will be

TABLE I: Pedestal mean values of the AF in the cases study
for T = 30 ms and Bs = 24 MHz

Bi 1/BiT Real Data B̂i
(MHz) Estimation (MHz)

Dataset 1
8 −53.802 dB −52.462 dB 5.876

24 −58.573 dB −56.683 dB 15.53

Dataset 2
8 −53.802 dB −36.784 dB 0.1589

24 −58.573 dB −46.432 dB 1.466

degraded due to the presence of the sporadic interference.

In Figure 5, the 3D AF and the zero Doppler cuts of
Datasets 1 and 2 for Bs = Bi = 24 MHz are depicted. Figures
show the non desired effects of the interference in the AF:
the increase of the AF pedestal mean level, the increase of
the number of ambiguity peaks, the change in the position of
these ambiguity peaks and the reduction in the SNR. Then, the
detection capabilities are expected to be also reduced. Results
of Dataset 2 for Bs = Bi = 24 MHz (Figure 4 and Table I)
show a SNR almost 10dB lower than the case associated with
interference absent.

B. Simulated radar scenario

To prove the conclusions extracted from the AF study, the
IDEPAR detection performance is analyzed in a simulated
radar scenario. Reference signals of Datasets 1 and 2 have
been used as the reference signal, and simulated targets are
added for comparison purposes.

In the simulated radar scenario, IDEPAR demonstrator was
located at the roof of the Polytechnic School in the UAH cam-
pus. Considering the objective of detecting terrestrial vehicles,
a road was selected for defining the Area of Interest (AoI) . In
Figure 6, the AoI defined by the 3dB beamwidth of the receiver
antenna (30◦) and the beamwidth equal to 60◦ are depicted,
where the Meco road is marked in yellow. Two experiments
were carried out using as reference channel the two acquired
datasets. In each experiment, the surveillance channel was
generated based on the corresponding real reference channel,
assuming an acquisition of three DVB-T consecutive channels.



(a) Dataset 1: 3D Ambiguity Function (b) Dataset 1: Zero Doppler cut

(c) Dataset 2: 3D Ambiguity Function (d) Dataset 2: Zero Doppler cut

Fig. 5: 3D AF and Zero-Doppler cuts of real DVB-T signals for Bs = Bi = 24 MHz. Top: Dataset 1. Bottom: Dataset 2

Fig. 6: Simulated radar scenario. Areas of interest associated
with beamwidth equal to 30◦ (green) and equal to 60◦ (orange)

The simulation includes two point targets driving in both
directions of the Meco road with an average Bistatic Radar
Cross Section (BRCS) equal to 12.8dBsm estimated as in [3]:

- Target 1 is a vehicle (V1) that follows an accelerated
motion with an initial speed of 40 km/h. The re-
lated variation intervals of the pair Doppler frequency
and range bins (fd,rb) goes from (−44 Hz, 24) to
(−117 Hz, 111).

- Target 2 is a vehicle (V2) that has an accelerated mo-
tion with an initial speed of 50 km/h. The associated
variation intervals of the pair Doppler frequency and
range bins goes from (55 Hz, 151) to (115 Hz, 61).

A set of 30 seconds acquisitions were simulated, generating
120 range-Doppler matrices for each acquisition. The follow-
ing processing parameters were used:

- Coherent Processing Interval (CPI) and integration
time: 250 ms.

- CAF size: 401 Doppler shifts fd ∈
[−799.744; 799.744] Hz and number of range
bins equal to 1, 000 corresponding to a coverage
distance of 9.45 km in the pointing direction.

In Figure 7, the intensity (dB) of the outputs of the CAF
stage for the CPI 8 and Datasets 1 and 2 are shown together
with a zoom of the range-Doppler area where V1 is expected.
Samples along range dimension for zero Doppler shift present
high power values due to the direct path interference and the
strong radar clutter echoes.

Due to the degradation in range resolution when the
interference is present, a migration of the power level of the
range-Doppler cell along range dimension can be expected.
This trend is confirmed in Figure 7c. These strong echoes
could mask the desired targets with specific Doppler shifts
(blind speeds) and can decrease the detection capabilities.

C. PBR detection capabilities in the radar scenario

The detection stage of IDEPAR demonstrator was designed
using conventional solutions based on adaptive threshold tech-
niques such as CFAR systems. Different windowing techniques
can be used to estimate the background statistics [3]. In this
work, the presence of strong returns in the RDM and the
higher range resolution value of the Dataset 2 (Figure 7c) lead



(a) Dataset 1. T = 2ms (CPI 8) (b) Dataset 1. T = 2ms (CPI 8). Zoomed area

(c) Dataset 2. T = 2ms (CPI 8) (d) Dataset 2. T = 2ms (CPI 8). Zoomed area

Fig. 7: Range Doppler maps. Right figures are range-Doppler zoomed area where target 1 (V1) is expected. Top: Dataset 1.
Bottom: Dataset 2

to consider only reference window along range dimension. A
CA-CFAR with Nr = 64 reference range cells and Ngc = 12
guard cells is selected. A desired P d

FA = 10−5 is considered
as detection requirement.

To estimate the PD and the PFA, ground-truths at the
output of the detection stage are required. These masks were
generated using the known Doppler shift and range bin po-
sitions of both simulated targets. The PD was calculated at
plot level due to the errors associated with the pixel detections
techniques. Monte-Carlo simulations were applied, guarantee-
ing an estimation error lower than 10 %.

Detection results are presented as the superimposition of
the detector outputs in the 120 CPIs, allowing the visual
estimation of the targets trajectories, and displaying all the
false alarms detected through all acquisition time. In Figure 8,
the outputs of the CA-CFAR detector for both cases study are
presented together with a zoom of the range-Doppler areas
where the targets are expected. In both cases, the trajectories
moving across the Meco road in both directions (V1 and V2)
could be clearly identified.

In Table II, the detection performance for both cases
study are summarized. Considering the theoretical detection
capabilities of the CA-CFAR with Nr = 64, P d

FA = 10−5 and
a point Gaussian target, a SNR can be associated with a PD.
The estimated SNRs for each target and each Dataset are also
included in Table II.

A degradation in the PBR detection capabilities is observed
when a sporadic interference appears in one of the DVB-T

TABLE II: Estimated PD, PFA and SNR values for a desired
PFA = 10−5

Dataset 1 Dataset 2

PFA 4.34 · 10−5 9.64 · 10−6

V1
PD 98.32 % 84.03 %

SNR 28.4 dB 18.5 dB

V2
PD 83.19 % 63.03 %

SNR 18.2 dB 14.2 dB

channels: a reduction of 9.8dB for V1 and 4.3dB for V2 is
obtained. This study confirms the conclusions extracted in
Section IV-A about the reduction of the mean pedestal level
when an interference signal appears. On the other hand, the
Dataset 2 presents an improvement in the PFA requirements.
The strong echoes provided by the interference signal increase
the estimated CFAR threshold in the areas where these high
power values are located, reducing the number of false alarms.
However, targets associated with Doppler shifts and/or range
bins close to these areas could be masked, giving rise blind
Doppler shifts in the detection stage.

V. CONCLUSIONS

In this work, the study of the IDEPAR detection capabilities
and system resolution has been carried out when a sporadic



(a) Dataset 1 (b) Dataset 1. Zoomed area

(c) Dataset 2 (d) Dataset 2. Zoomed area

Fig. 8: Superimposition of the detector outputs for the 120 CPIs. Top: Dataset 1. Bottom: Dataset 2

interference appears in the data acquisition. IDEPAR is a PBR
designed to detect terrestrial vehicles in the UHF band, using
DVB-T signals as IoO. This study was focused on the analysis
of two real radar databases (denoted as Dataset 1 and 2) com-
posed of three DVB-T consecutive channels (Bs = 24 MHz),
which were acquired in the roof of the Polytechnic School of
the UAH, and in the Military Naval School of Marı́n (Ponteve-
dra), respectively. Dataset 2 acquisition is characterized by the
presence of an interference signal in the right channel.

The AF pedestal mean level and the SNRs were es-
timated for both cases study, including the study for the
isolated right channel where the interference signal is located
(Bs = 24 MHz and Bi = 8 MHz). Results shown an increase
of the pedestal mean value due to the effect of the sporadic
signal. The estimated Bi values were also calculated, showing
a smoothness in the interference effect when the number
of DVB-T channels increases. In the Dataset 1, the Bi is
higher than the Dataset 2, so the range resolution will be
improved if the interference disappears. IDEPAR detection
capabilities were analyzed in a simulated radar scenario. The
experiments were designed using the real reference channels
of real Datasets 1 and 2, and simulated targets were added
for comparison purposes. The estimated PD confirms the
degradation in the PBR performance due to the interference
signal: desired targets could be masked by the interference,
generating blind Doppler shifts in the detection stage.
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Abstract—Passive radars are emerging technologies that use
non-cooperative transmitters instead of dedicated ones. They
present a set of advantages with respect to active ones, such
as lower cost and low probability of intercept, but require
complex signal processing stages due to the use of non-controlled
transmitters. IDEPAR demonstrator is a DVB-T based passive
radar developed by the University of Alcalá. DVB-T signals were
selected due to their proved good features. Among them, the high
availability of transmitters is of great value, but it is associated
with the ghost target phenomenon in single frequency networks.
In urban and semi-urban scenarios, strong multipaths generated
by buildings can also generate phantom targets. In this paper, a
study about ghost targets sources on a real scenario is carried out,
using real and simulated data. Results prove the big impact of
multipaths generated by buildings, concluding that a preliminary
study of the presence of these elements in a radar scenario is as
important as the analysis of the potential illuminators, specially
in urban and semi-urban scenarios, which are of high interest in
passive radar applications.

I. INTRODUCTION

Nowadays, there is an increasing interest in surveillance,
security and management tools. As a result, a growing effort
on a wide scope of sensors technologies is taking place,
considering not only mature technologies as optical or active
radars, but also emerging ones such as Passive Bistatic Radars
(PBR).

PBR can be defined as a set of techniques that uses
available non-cooperative signals rather than a dedicated trans-
mitter [1]. The called Illuminators of Opportunity (IoOs) are
selected among the available transmitters in the surrounding
area: broadcast and commercial communication signals, other
conventional radars or radio-navigation transmitters. In Figure
1, the basic operating scheme of a PBR is depicted. A dual
receiving channel is required: one for acquiring the IoO signal
(reference channel, in orange) and other for capturing the radar
echoes (in blue). The IoO signal captured by the surveillance
channel, (Direct Path Interference or DPI, in blue dotted line)
is of great interest because this signal level can be significantly
higher than the level of the echoes to be sought.

These systems have several advantages derived of the use
of non-dedicated transmitters, as can be a low development,
deployment and maintenance cost or the possibility of using
COTS components designed for the IoOs [2]. But there are
also drawbacks associated with the use of signals designed
considering other constrains and specifications than those
related to detection purposes. As the defining characteristics

Fig. 1: Passive bistatic radar basic scheme: reference channel
(orange), radar echoes (blue), and DPI (blue dotted line)

of the resulting radar are inherited from the IoO, and in order
to afford this fact, complex and heavy signal processing stages,
from the computational cost point of view, are required.

The analysis of the feasibility of different signals as passive
radar IoOs can be found in the bibliography [3], [4]. Analogical
communication signals have been considered as for example
the FM broadcasting [5], [6] or the analogic TV, but their
low and data-dependant bandwidths make these signals less
attractive as IoO than digital ones: Digital Audio Broadcast-
ing (DAB) and Digital Radio Mondiale (DRM) [7], Global
System for Mobile communications (GSM), Universal Mobile
Telecommunications System (UMTS) [8], [9] or space-borne
illuminators [10], [11].

The Digital Video Broadcasting-Terrestrial (DVB-T) is one
of the most interesting commercial signals to be used as IoO,
due to its availability, transmitted power, and bandwidth [12],
[13], [14], [15], with the possibility of using multiple channels.
DVB-T transmitters can be organized in a Single Frequency
Network (SFN), where all the stations transmit the same signal.
The reference channel can capture the signal transmitted by
several transmitters and the surveillance channel can capture
the echoes comming from a unique target illuminated by the
different IoOs. If only one IoO is considered in the processing
stage, only one echo will provide useful information, while the
others will be associated with ghost targets.

Multipath signals generated by the presence of strong clut-
ter sources such as buildings (mainly in urban and semiurban
scenarios) can generate a similar effect. For example, when
the ghost target is generated by a strong IoO multiplath that
illuminates the desired target, generating a new radar echo that
combines with that associated with the IoO main path.

978-1-5090-6755-8/17/$31.00 ©2017 IEEE



IDEPAR is a DVB-T-based PBR demonstrator developed in
the University of Alcalá, which main scenario is located in the
High Polytechnic School [16]. In this work, an analysis of the
ghost target phenomenon in this semi-urban radar scenario is
presented. Interfering IoOs belonging to the same SFN network
and strong multipaths generated by big buildings were studied
using real and simulated data. Conclusions proved that the
analysis of these strong clutter sources can be as important as
the presence of interfering IoOs in the design of detection and
tracking techniques for improving PBRs capabilities.

The rest of the document is organized as follows: in section
II, passive radars fundamentals and the main characteristics
of the DVB-T signals as IoOs are summarized. In section
III, a case study is presented, showing potential ghost targets
detected on real data acquired using IDEPAR system. In
section IV, an analysis of the aforementioned data was carried
out through simulations considering interfering IoOs belonging
to the same SFN as the main one, and predominant multipath
effects. Finally the main conclusions extracted from this work
are enumerated in section V.

II. THEORETICAL FUNDAMENTALS

The basic geometry of a PBR exploiting terrestrial IoOs is
presented in Figure 1. The target detection is based on the co-
herent processing of the IoO signals (acquired by the reference
channel) and the target echoes (acquired by the surveillance
one). The coherent processing is based on the Cross Ambiguity
Function (CAF), which generates Range-Roppler Surfaces,
RDSs, from the cross-correlation of the surveillance signals
with Doppler shifted copies of the reference signal. Targets
are expected to generate peaks located at the delay-Doppler
pairs of the RDS associated with their positions and speeds,
respectively.

A. Basic signal model

The reference signal model is presented in (1), where
SIoO(i) is the direct signal from the IoO, and nR(i) is the
thermal noise contribution at the reference channel antenna.

Sref (i) = SIoO (i) + nR (i) (1)

The signal received at the surveillance channel can be
modelled as in (2). The term S(i) refers to the desired target
echoes; ν0(i) represents all the undesired contributions.

Ssurv (i) = S (i) + νo (i) (2)

In (3), surveillance channel contributions are detailed:

- M targets, located at positions associated with time
delays τ(t,m), with velocities that generate Doppler
shifts fd(t,m)

, m = 1, ...M . The scaling factors A(t,m),
m = 1, ...,M are the result of the target Bistatic Radar
Cross Section (BRCS) and the propagation losses.

- N stationary clutter sources with associated delays
τ(c,n), and amplitude A(c,n), n = 1, ..., N .

Fig. 2: PBR scheme under SFN conditions: solid lines repre-
sent the reference signal, dotted lines the car radar echo, and
dash-dotted lines the building radar echoes (clutter)

- The reference signal captured by the surveillance
channel antenna SDPI(i), responsible of the Direct
Path Interference (DPI).

- The thermal noise contribution nR(i).

Ssurv (i) =
M∑

m=1

A(t,m)SIoO(i− τ(t,m))e
j2πifd(t,m) + ...

...+
N∑

n=1

A(c,n)SIoO(i− τ(c,n)) + SDPI (i) + nR(i)

(3)

Real radar scenarios also include new elements that in-
crease signal model complexity. Two of the most important
additional elements are related to the interfering transmitters
and the multipath phenomenon.

Under the assumption of DVB-T signals exploitation, the
transmitters deployment throughout a country is usually based
on one or several SFNs in order to maximize the efficiency of
the broadcasting service. This fact increases the complexity of
PBR systems due to the presence of multiple signal sources in
the radar scenario. Figure 2 shows an example of a PBR sce-
nario with two IoOs: the main one, represented by Torrespaña
tower, and an interfering one, represented by a basic transmitter
symbol. The second one is considered as interferent because
the detection and tracking stages of the PBR are assumed to
be designed considering only the main IoO.

B. Signal model under SFN conditions

According to the DVB-T channel allocation in a SFN,
the IoOs transmit the same signal that reaches the reference
acquisition chain of the PBR under different conditions. For
a set of L IoOs, the distances between the PBR position and
each IoO produce a different delay on the received signals,
τ(IoO,l), l = 1, ...L. Therefore, the individual path losses
and arrival directions generate different attenuation factors,



A(IoO,l), l = 1, ...L. The reference channel signal model
including the contributions of the L IoOs is expressed in (4).

Sref (i) =

L∑

l=1

A(IoO,l) · S(IoO,l)(i− τ(IoO,l)) + nR(i) (4)

The effects on the surveillance signal are similar. For each
target and clutter source, the number of generated radar echoes
is multiplied by L. The new surveillance signal model is
expressed in (5). The new index, l, references the IoO gener-
ating the target, A(t,m,l)S(IoO,l)(i− τ(t,m,l))ej2πifd(t,m,l) , the
clutter, A(c,n,l)S(IoO,l)(i− τ(t,n,l)), and the DPI contribution,
S(DPI,l)(i). Basic scheme of a PBR under SFN assumption is
depicted in Figure 2.

Ssurv (i) =

L∑

l=1

M∑

m=1

A(t,m,l)S(IoO,l)(i− τ(t,m,l))e
j2πifd(t,m,l) + ...

...+
L∑

l=1

M∑

n=1

A(c,n,l)SIoO,l(i− τ(t,n,l)) + ...

...+

L∑

l=1

S(DPI,l)(i) + nR(i)

(5)

C. Signal model including reference channel multipath

The presence of big buildings can produce new adverse ef-
fects. In this context, the IoO transmitted signal is reflected on
the buildings and acquired by the reference chain, giving rise to
the reference multipath phenomenon (Figure 3). The multipath
effects depend on the building location, physical dimensions,
orientation, construction materials, and the reference antenna
radiation pattern at the receiving angle. In most cases, the
PBR emplacement is selected in order to limit these pernicious
signals. Nevertheless, the multipath signal can be acquired with
enough power to affect radar detection capabilities.

At this study case, the received reference signal (1) is
modified by the addition of a new set of components. In (6) a
unique IoO and a number of P multipath contributions were
considered. The effects of the surrounding buildings on the
surveillance channel were previously considered by the clutter
contribution in (3).

Sref (i) = SIoO(i) +

P∑

p=1

A(mp,p)SIoO(i− τ(mp,p)) + nR(i) (6)

In the receiver coherent processing stage, surveillance
channel target and clutter echoes correlate with the main
IoO component of the reference channel and its multipaths,
generating so many radar echoes as multipath components are
considered. Depending on the scenario geometry, and more
specifically on the buildings positions relative to the targets
to be sought, ghost targets echoes generated by the reference
channel multipath can suffer delays that can be lower that those
associated with the reference channel main IoO component.
This is the case in the considered radar scenario that is
described in detail in the following sections.

Fig. 3: PBR scheme with a reference multipath phenomenon
with only the main IoO: reference signal (solid black line),
building echo (dash-dotted black line), car echo (dotted black
line), and reference multipath (red dash-dotted line)

III. CASE STUDY AND RADAR SCENARIO

IDEPAR is a technological demonstrator designed and
developed in the University of Alcalá. It is a DVB-T based
PBR to be used as a development and test platform to face the
study of terrestrial applications, such as traffic monitoring.

The system was designed under the following general
requirements: use of COTS components, system modularity,
and off-line digital signal processing. This last requirement
was intended to provide high flexibility for the updating of
signal processing algorithms and their validation using real
data acquired in previous measurement campaings, which were
store in a database.

Commercial antennas and Software Defined Radiro (SDR)
based on National Instruments Universal Software Radio Pe-
ripheral, (USRP), devices were selected. More information
about the IDEPAR demonstrator can be found in [16], [17].

The main radar scenario is shown in Figure 4a. It was
used during design and validation stages in [16]. It can be
classified as a semi-urban environment: low-height buildings
surrounded by countryside, and several roads (Meco road and
R2 highway high-lined in blue and orange respectively, and
inner-campus secondary roads). Torrespaña is used as IoO due
to its high transmitted power and angular coverage. In Figure
4b, the surrounding area from the PBR location point of view
is shown.

Data acquisitions of up to 40s. were processed, dividing
the acquisition time in 250ms Coherent Processing Intervals
(CPIs). A Range Doppler Surface was generated for each CPI.
In Figure 5a an example of RDS is presented. Clutter and
target components can be easily identified.

The detection stage was applied to each RDS. The cumu-
lative output of the detector stage during the whole acquisition
time is shown in Figure 5b. Targets trajectories can be guessed
although the tracking stage is required for performing an accu-
rate estimation. In [16] only confirmed targets were considered
for Probability of Detection estimation, but from the analysis



(a) Top view

(b) Passive receiver point of view

Fig. 4: Main IDEPAR scenario

of Figure 5b, some trajectory replicas can be guessed. A more
detailed study of the detector outputs revealed the presence
of detections that could be associated with ghost targets: their
estimated locations and trajectories were synchronized with
respect to other targets with a stronger echo level. Examples
of candidates to ghost targets are marked with blue tags
in Figure 5a. They could be the result of the SFN or the
reference channel multipath conditions as explained before.
In the considered scenario there are at least 3 interfering
DVB-T transmitters in the area surrounding the receiver, all
of them belonging to the same SFN. In addition, in Figure 4b,
the IMMPA building was identified as a potential reference
channel multipath source. In the following section a detailed
study is presented to characterize the nature of the identifed
potential ghost targets.

IV. RESULTS

The study of the nature of the identified potential ghost
targets was carried out in two stages. In a first approach,
the SFN network was analyzed taking into account available
transmitters characteristics as location, transmitted power, and
coverage. They are summarized in Table I, and are represented
in the radar scenario in Figure 6.

A simulation software was developed to better understand
the acquired radar data. Two targets with trajectories along the
Meco road were considered: one approaching the campus, and
the other one moving away. Both vehicles were modeled as
point targets according to the bistatic range resolution of the
system. An estimated average Bistatic Radar Cross Section
(BRCS) of around 12 dBsm was obtained with POFACETS
software, assuming the 3D model of a commercial vehicle and

(a) Range-Doppler Surface for a coherent integration interval

(b) Cumulative output of the detection stage

Fig. 5: Example of the IDEPAR performance for a 30 second
real-data acquired in the main radar scenario

Fig. 6: SFN DVB-T transmitters available in the radar scenario

TABLE I: Main characteristics of the SFN DVB-T transmitters
available in the radar scenario.

IoO Location ERP (W)
Long. Lat. Distance

Torrespaña 3.66◦ W 40.42◦ N 28.7 km 12,180
Ginzo de Limia 3.71◦ W 40.49◦ N 30.56 km 9.3

Algete 3.50◦ W 40.60◦ N 16.3 km 15.1
El viso 3.41◦ W 40.45◦ N 8.3 km 1,950



Fig. 7: RDS obtained from the simulation of the SFN network
composed of the IoOs described in Table I, and the two targets
considered in the study. The areas where the ghost targets were
expected are marked with blue ellipses

the angular conditions of the scenario (IoOs, PBR and vehicles
locations).

In Figure 7, a RDS obtained through the coherent process-
ing of the simulated channels is depicted. The reference signal
was generated using the model expressed in (4), considering
L = 4 IoOs with the parameters shown in Table I. The echo
of the simulated target is easily identified, but no replica is
observed in the RDS areas where they appeared in Figure 5,
generated from real data. Results proved that the replicas or
potential ghost targets observed in Figure 5 were not generated
by the available IoOs belonging to the same SFN.

The next step was the study of potential sources of refe-
rence channel multipath. The Institute of Molecular Medicine
”Principe de Asturias” building, IMMPA for its Spanish
acronym, was considered as potential reference channel multi-
path source due to its size and position in the scenario (Figure
4b). From the study of the zero-Doppler line levels in the
RDS obtained with real data, a scattering distribution for the
building was estimated in order to simulate an equivalent level
of interference. For the multipath simulation, the same simu-
lated trajectories and target characteristics as in previous case
were considered. This time, only Torrespaña illuminator was
selected, considering the results obtained in the SFN analysis,
in order to reduce the complexity and the computational cost
of the simulation.

In Figure 8, the processed data obtained in the new simu-
lation are shown as an example of RDS for a CPI. The peaks
associated with the simulated vehicles are clearly observed,
but also, the expected replicas appear inside the blue ellipses,
where they were expected according to the RDS obtained with
real data (Figure 5): with a level lower than the target echo,
the same Doppler shifts, and a shift in the range dimension
similar to the obtained with real data.

To finish the study, the simulated data were applied to the
detection stage and the whole set of CPIs associated with
an acquisition was processed. In Figure 9, the cumulative
output of the detector stage is presented for the two studies:
under SFN conditions (Figure 9a), and including the reference

Fig. 8: RDS obtained from the simulation of Torrespaña IoO
and the multipahth generated by the IMMPA building. The
areas where the ghost targets were expected are marked with
blue ellipses

channel multipath generated by the IMMPA building (Figure
9b). In the second approach, not only the trajectories related
to the simulated targets are obtained (marked in green), but
also several trajectories synchronized with those ones as the
observed in the real data results (marked on blue). Therefore,
the observed ghost targets can be associated with the multipath
phenomenon, more specifically, to the echo reflected by the
main facade of the IMMPA building sited close to the passive
receiver location, that is acquired by the reference channel.
Then the system performance degradation derived from these
effects could be avoided through the use of this information
in later processing stages, as, for example, in the tracking one.
In this stage, the increase in the computational cost derived of
the correct identification of this kind of ghost detections won‘t
be significant.

V. CONCLUSIONS

Facing the increasing interest that passive radars technolo-
gies are receiving in recent years, there is a great research effort
focused on this task. IDEPAR project affords the objective of
developing a PBR technological demonstrator based on DVB-T
signals, to be used as a design, testing and validation platform
that impulses the study of all processing signal stages required
in this kind of systems. DVB-T signals were selected due
to their good characteristics as IoO: good waveform for the
detection point of view, a high bandwidth that can be improved
through the use of multiple channels, good availability and
transmitted power. But one of its associated drawbacks is that
the DVB-T channel allocation can be organized in a SFN, that
can give rise to ghost targets.

In this work, a study of the ghost target phenomenon on
a real radar scenario was carried out. The main IDEPAR sce-
nario, centred on the High Polytechnic School and character-
ized as a semi-urban environment was selected. Some potential
ghost targets were observed after the coherent processing of
real data acquisitions and at the output of the detection stage.
In order to study the nature of these ghost targets, a simulation
tool based on the passive radar signal model was developed.



(a) Cumulative detector output for SFN simulation

(b) Cumulative detector output for multipath simulation

Fig. 9: Results of the simulation considering IMMPA building
as multipath focus

In a fist approach, three additional interfering IoOs were
included in the simulation using available data of the SFN de-
ployed in the radar scenario. Results showed that the observed
target replicas or potential ghost targets were not generated by
the interferent IoOs.

In a second approach, the study was focussed on the
identification of potential sources of reference channel multi-
path. The selected scenario was characterized by the presence
of a big building quite close to the PBR receiver and to
the defined area of interest. This situation is expected in
urban and semiurban scenarios where the use of passive radar
technologies is of great interest. To analyze the effect of the
building, a scatterer model was generated from the study of
real data RDSs and the geometry of the scenario. The echoes
generated by scatterers and captured by the reference channel
were included in the simulation. As a result, the simulated
targets were clearly identified together with replicas located in
the RDS areas where they were expected according to the real
data RDS.

The main conclusion of this work is that due to the
dependence of PBRs on the available IoOs and the radar
scenario, before the final deployment and the configuration of
the signal processing techniques, a study must be performed
in order to evaluate the potential impact of available IoOs

belonging to a same SFN and relevant structures than could
cause reference channel multipaths. These studies could be
used in the tracking stage for improving detection performance.
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Abstract—The design process of the single radiating element
for a digital terrestrial television based passive radar antenna ar-
ray is presented. Design requirements were analyzed considering
the specific application, and patch antenna technology was finally
selected. The complete design process is presented for a single
element operating at 700 MHz with a fractional bandwidth close
to 19%. The final solution is a E shaped patch, using air gap as
substrate and coaxial feeding. Antenna performance parameters
were simulated using ANSYS HFSS. A prototype was built and
characterized in an anechoic chamber. Measurements proved the
correct performance of the antenna for a passive bistatic radar
system.

I. INTRODUCTION

The objective of this study is the design of the single
radiating element of an antenna array for a passive bistatic
radar (PBR) exploiting Digital Video Broadcasting-Terrestrial
(DVB-T) signals. The designed antenna will be the base of
the new antenna system of the passive radar demonstrator
designed in the University of Alcalá, whose first version was
described in [1].
The presented solution is based on patch antenna tech-

nology, a cheap and versatile approach that will be proved
to be suitable for the design objective, with the advantages
associated to its low cost and easy manufacturing, especially
at the frequencies of interest.
A patch antenna is a radiating element built on a high

conductivity metal over a substrate. This technology has been
widely used for wide bandwidth antennas for different applica-
tions. In the bibliography, studies can be found for frequencies
higher than 1GHz, and mostly for tens of Gigahertz, but it has
scarcely been studied at frequencies of hundreds of MHz, so
this is the objective of this study.
Using a thick air gap as substrate, a wide impedance

BandWidth (BW) can be obtained because the patch antenna
BW is directly proportional to the substrate thickness, h,
and inversely proportional to the square root of its dielectric
constant, εr, [2], [3]. Using air as substrate gives the facility of
using the desired thickness without depending on commercial
standards. On the other hand, air has the lowest εr.
Modifying the fundamental shape of the patch, BW can be

enhanced up to 15%. This is done by cutting slots along non-
radiating edges of the patch, drawing modified shapes from
the fundamental one. In this way, C, E or H-shaped antennas

can be designed, obtaining improvements in bandwidth and
even multiple frequency bands. A deep study of the state
of the art proved that the E-shaped antenna provided the
best bandwidth improvement, although the available studies
focussed on designs at higher frequencies [4], [5], [6], [7].
The main contribution of this paper is the design of a

single radiating element fulfilling a specific set of requirements
defined by the passive radar system. A novel technique was ap-
plied for front-to-back ratio enhancement, an important feature
in passive radars design. Passive radars exploit signal radiated
by other transmitters, usually belonging to commercial broad-
casting system, instead of a dedicated one. In the considered
application, DVB-T signals are exploited. The frequency band
allocated for this service spans from 450 MHz to 850 MHz,
but in different European countries and in different regions
of the same country, channel allocation can vary significantly
and along time. As passive radar resolution is dependent on
signal bandwidth, a broadband antenna is desired to improve
the robustness of the passive radar with respect to the available
DVB-T channels in the desired emplacement.
The rest of the paper is structured as follows: in section

II antenna requirements are defined and the design process
based on electromagnetic simulations using ANSYS HFSS
is summarized [8]. In section III measurements results of
the built prototype in anechoic chamber are presented and in
section IV the results of real performance of design antenna
in radar system are shown. Finally, in section V, the main
conclusions are summarized.

II. ANTENNA DESIGN

Antenna requirements are defined, considering its perfor-
mance as single radiating element in an antenna array for
the surveillance channel of a passive radar exploiting DVB-
T signals. The design process of the solution is detailed,
including simulations performed using ANSYS HFSS.

A. Antenna Requirements Definition

The system was designed to exploit DVB-T channels con-
tained in the frequency range from 690 MHz to 790 MHz,
requiring a wide bandwidth of at least 13,5%.
The use of non-controlled transmitters as Illuminators of

Opportunity, IoOs, and signal waveforms not designed for



TABLE I
ANTENNA DESIGN REQUIREMENTS

Impedance Bandwidth From 690 MHz to 790 MHz
Gain 6-8 dBi

Beam-width 40◦ − 80◦

Front-Back ratio 16-20 dB
Antenna Dimensions 30x20 cm

detection purposes, imposes the requirement of high gain
antennas for acquiring low power target echoes, fulfilling the
desired detection performance requirement.
On the other hand, the antenna must have a wide beam-

width in the azimuth plane, because a wide system angular
coverage is usually desired in surveillance applications. The
first version of the available passive radar demonstrator uses
high gain antennas for the reference and surveillance channels,
limiting the angular coverage, without angular discrimination
capabilities [1]. In a near future, the antenna designed in this
paper will be used as single radiating element prototype for the
construction of an array that will allow the implementation of
digital beamforming techniques for the generation of multiple
simultaneous beams that will provide the required gain and
angular discrimination.
A high Front-to-Back (FB) ratio is usually required in order

to minimize the Direct Path Interference, DPI; a passive radar
systems interference generated by the IoO signal captured
by the surveillance antenna. Radar geometries with a high
angular separation between the IoO and the surveillance area,
measured with respect to the passive radar emplacement are
preferred. In these cases, a high FB ratio is a valuable antenna
parameter.
Two extra requirements must also be considered due to

the future use in an antenna array and the implementation of
beamforming techniques: to avoid grating lobes, a maximum
separation between array elements of half wavelength was
selected, so the maximum width of the antenna should be
20cm, and a study of coupling effects between array elements
should be performed; the antenna radiation pattern should be
as smooth as possible for guaranteeing a wide variation of
beamforming based beam steering. Requirements are summa-
rized in table I.

B. Antenna First Design

ANSYS HFSS electromagnetic simulation software was
used. An E-shaped patch antenna was chosen because it
offered a great bandwidth improvement with respect to the
simple rectangular patch [3], [4]. Using this approach as a
staring point, the design was improved using air substrate and
a inverted patch technique which improved antenna gain, in
addition to protect the patch from the external environment.
Proposed design is shown in figure 1. To clarify, antenna
profile is shown in figure 1(b), multiple layers that make up
the antenna are enumerated below, from bottom to top:
1. Ground, with same size as substrate.

(a) Top View

(b) Sideways

Fig. 1. E-shaped antenna schematic. Coaxial feeding at position (Xf , Yf ).

TABLE II
VALUES OF ANTENNA DESIGN PARAMETERS

Parameter W L Wslot Lslot Warm Xf Yf hgap hsubs

Value [mm] 170 140 13 98 35 41 0 40 1.5748

Fig. 2. Reflection Coefficient S11 simulation result

2. FR-4 substrate.
3. Air gap.
4. Patch.
5. FR-4 substrate (εr = 4.4).

The width (W) and the length (L) of the patch were
calculated using the basic expressions to adjust the antenna
resonant frequency [9]. Slot width (Wslot), length (Lslot)
and arm width (Warm) control the frequency of the second
resonant mode and, therefore, the achievable bandwidth [6].
The height of air substrate determines the impedance adapted
bandwidth. All these parameters were optimized using ANSYS
HFSS. Final values are shown in table II.
The design fulfils most of the defined requirements. As it is

shown in figure 2, it achieves a wide impedance matching
bandwidth getting return loss below -10 dB at frequencies
between 664 MHz and 803 MHz, which means a fractional
bandwidth of 18.8%. The rest of parameters can be observed
in figure 3: a gain of 7.83dBi, a front-back ratio of 18.28dB,
and an azimuth −3dB beam-width of 80◦.



Fig. 3. Gain simulation result

(a) Plane reflector (b) Parabolic reflector

(c) Pyramidal reflector

Fig. 4. Illustration of the different shapes of reflector

C. Front-to-Back improvement

For enhancing the front-to-back ratio, two techniques were
evaluated: antenna reflectors of different shapes, and a novel
technique that will be referred as boxed-ground.
1) FB enhancement using a reflector: Reflectors located

at a distance of 5 cm from the antenna improved FB ratio
up to 18.38dB, but a greater improvement could be obtained
modifying its shape. As an example, a parabolic shape reflector
improved FB to 19.05dB, and a pyramidal one improved FB
ratio up to 18.95dB (figures 4 and 6).
2) FB enhancement with boxed ground: As reflectors did

not reach a great FB improvement, a novel technique was
designed which provided an improvement of almost 3 dB (an
enhancement of 0.7 dB in the front direction, and a decrease of
2.4 dB in the back lobe). The basic idea was to wrap the air gap
with the ground, blending its edges as it was a box. Because of
this reason it is called boxed ground. Actually, the final result
can be considered as a type of cavity-backed antenna [10], but
the presented design methodology, based on the modification
of the shape of the ground plane, is significantly simpler than
that based on the endoresonant characteristics of the cavity
enclosed antenna. A similar technique, U-shaped ground, was
studied in [11].
Different heights of wrapping were simulated. The best

results were obtained when the air gap was completely covered
by ground, what requires a height of 40 mm (figure 5). The air
gap is enclosed by the conductor (bottom and lateral faces) and

Fig. 5. Boxed ground antenna design

Fig. 6. Comparison of Gain results for FB improvement techniques.

Fig. 7. Change in elevation pattern when moving patch from original position.

by the patch and the FR-4 substrate (top). This novel technique
provided a FB ratio of 21.4dB (figure 6).
This technique introduced a tilt of 14◦ in the elevation

radiation pattern. To solve that problem, the patch was shifted
2.6cm from the centre of the substrate. This last modification
reduced the tilt to 2◦, an acceptable value for the system, even
though the gain is reduced almost 1 dB. The elevation pattern
change is shown in figure 7.

III. PROTOTYPE CHARACTERIZATION
The antenna prototype was measured in the semi-anechoic

chamber of High Technology and Homologation Centre, CAT-
ECHOM, of the University of Alcalá (figure 8).
Gain fell down about 1 dB, but the measured FB ratio were

quite similar to simulated one, even it improved about 0.3 dB.
Beam-width decreased 2◦ in azimuth plane and 6◦ in eleva-
tion plane, but they still fulfilled requirements. Comparison
between simulated and measured patterns is shown in figure
9. An overview of antenna final parameters is shown in table
III.
Prototype adaptation was worse than the simulated one due

to construction process losses, but input impedance bandwidth
requirements were fulfilled (figure 10).



Fig. 8. Measurements assembly in CATECHOM anechoic chamber.

TABLE III
ANTENNA FINAL PARAMETERS

Parameter Simulated Measured
Impedance Bandwidth 673-779 MHz 651-795 MHz

Gain 7.65 dBi 6.71dBi
Azimuth Beam-width 81◦ 79◦

Elevation Beam-width 72◦ 66◦

Front-Back ratio 20.5 dB 18.36 dB

Fig. 9. Comparison of real and simulated patterns at 740Mhz.

IV. RADAR MEASUREMENTS

To verify the E-antenna performance in a real scenario, it
has been integrated in the surveillance channel of IDEPAR
demonstrator [1]. The IDEPAR system was located on the
roof of the Superior Polytechnic School of the University of
Alcalá (figure 11). Sought cars ran along the R2 highway,
characterised by a light traffic, and the Meco road, with

×

Fig. 10. Comparison of real and simulated reflection coefficients.

Fig. 11. IDEPAR acquisition and processing unit and E-shape antenna located
on the roof of Superior Polytechnic School.

heavier traffic, and lower speed limit. The view from the PBR
receiver shows the presence of the IMMPA building (made of
aluminium).
Acquisitions were recorded considering two frequencies

within the operating band(698Mhz and 770Mhz) and another
one out of the limits(634Mhz). Cross Ambiguity Function
(CAF) processing of that measurements gave us the Range-
Doppler (RD) maps, showing that SNR (Signal to Noise Ratio)
is almost equal in both frequencies inside the adaptation band
(figure 12) but, in the non-matched frequency this ratio is too
low. Differences in RD map between the two measurements
inside matching band are due to channel conditions, such us
interferences. RD maps of a processed Coherent Processing
Interval (CPI) at each frequency is shown in figure 12.
After CAF processing stage, a basic CFAR (Constant False

Alarm Rate) detector has been used in detection stage. The
adaptive threshold is estimated along range dimension, using
16 reference cells and 5 guard cells. In figure 13, the cumu-
lative detections during the 80 CPIs of an acquisition of 20
seconds at 770Mhz is depicted, allowing the visual estimation
of the targets trajectories moving across main roads of the
radar scenario, and displaying all the false alarms detected
through whole acquisition time.

V. CONCLUSIONS

A wideband microstrip antenna was designed for a passive
radar system operating at UHF frequencies. The objective was



(a) 770MHz

(b) 698Mhz

(c) 634Mhz

Fig. 12. Comparison of RD maps at different frequencies. 300 represented
range bins correspond to a coverage distance of 2.7kms in the pointing
direction.

the design of a single radiating element for the construction
of an antenna array for improving coverage and angular
discrimination capabilities of a multichannel DVB-T passive
radar demonstrator.
Antenna requirements were defined for the specific surveil-

lance application based on passive radar technology. An E-
shaped patch antenna was selected as starting point. The basic
design was improved using air substrate and two approaches
whose main objective was the increase of the FB ratio. Both
techniques were based on the use of reflectors. One of them,
the boxed ground solution, is a contribution of this work, as
far as the authors know.

Fig. 13. Cumulative detections at 770Mhz

A prototype was built and measured in an anechoic chamber.
Measurements confirmed the fulfilment of the defined require-
ments.
Finally, antenna was integrated in IDEPAR demonstrator

and detection results confirmed that designed E-antenna is suit-
able for the system, getting very good performance detecting
targets.
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Abstract—In this paper, a patch antenna designed to operate
in a UHF passive radar with a broadband about 19% is validated
in a real semi-urban scenario. Novel techniques, such as using
air gap as substrate and E shaped patch, were considered in
the fabrication. The proposed solution is used in the surveillance
acquisition system of IDEPAR demonstrator, a DVB-T based
passive radar system, to evaluate the detection performance with
real radar data acquired in a terrestrial scenario.

I. INTRODUCTION AND BACKGROUND

THE objective of this study is to validate a designed and
built E shaped patch antenna as a cheap solution for a

Passive Radar System (PRS) operating at UHF frequency.
A patch antenna is a radiating element built in a high

conductivity metal over a substrate. In order to achieve a wide
bandwidth (BW), the use of a thick air gap as substrate and the
modification of the fundamental shape of the patch have been
proposed [1]. E-shaped antennas get the best improvement in
BW but always at higher frequencies [2].

In this paper, the design of a single radiating element
fulfilling a specific set of requirements defined by the PRS,
besides presenting a novel technique for front-back ratio
enhancement, was presented. In the considered application,
Digital Video Broadcasting-Terrestrial (DVB-T) signals are
exploited. As PRS resolution is dependent on signal BW, a
broadband antenna is required.

The proposed E-shaped antenna has been used in the
surveillance channel of the reception stage of the technological
demonstrator developed under project IDEPAR (Improved
Detection techniques for Passive Radars), funded by the
Spanish Ministry of Economy, Industry and Competitiveness
(TEC2012-38701) [3]. The new architecture was validated
acquiring real data in semi-urban background. The resulted
detection performance confirms the suitability of the E-shaped
antenna due to its radiation characteristics (high gain and high
front-to-back ratio, FBR).

II. PROTOTYPE AND CHARACTERIZATION

The design requirements of E-shaped antenna are:
impedance BW from 690 to 790 MHz; high gain (6-8 dBi);
high azimuth beamwidth (40◦ − 80◦) and high FBR (16 −
20dB). ANSYS HFSS electromagnetic simulation software
was previously used. The proposed design was build in a
home-made way. Materials used are photosensitive FR4 PCBs,
a copper shield, copper thread, a SMA connector, expanded
polystyrene, and some chemical products for copper attacking.

TABLE I
PARAMETERS OF DESIGNED ANTENNA

Impedance 18.8%
Bandwidth From 664 MHz to 803 MHz

Gain 7.83 dBi
Azimuth Beamwidth 80◦

Front-Back ratio 18.28 dB
Antenna Dimensions 30x20x4 cm

(a) Prototype (b) Gain patterns

Fig. 1. Prototype and characterization of the design E-shaped antenna

The prototype of antenna is based on an E-shaped patch built
employing inverse substrate technique [1]. For improving the
antenna bandwidth, a thick air-gap of 4cm (a tenth of wave-
length at operating frequency) is employed under the patch.
A novel technique called boxed-ground allows to enhance
gain and front-to-back ratio of the antenna. This technique
lies in blending the ground plane around the air-gap, so the
antenna looks like a box [4]. Different heights of wrapping
were studied and the best results were obtained when all
the air substrate was covered by ground (height of 40mm)
providing a FB ratio of 21.4dB. Final prototype is shown
in Figure 1(a) and its parameters are summarized in table I.
Constructed antenna was measured and characterized in semi-
anechoic chamber of High Technology and Homologation
Centre (CATECHOM). In Figure 1(b) the comparison of the
real and simulated azimuth and elevation gain patterns are
depicted.

III. RESULTS

The IDEPAR detection performance has been analysed
when the proposed E-shaped patch is included in the surveil-
lance acquisition system. Real passive data were acquired



Fig. 2. Radar scenario and the area of interest associated with E-shapped
antenna beamwidth (R-2 highway, green, Meco road, orange)

in a radar scenario located at the roof of the Polytechnic
School (University of Alcalá). This scenario is characterized
by the presence of big metal buildings and an surveillance
area focused on the monitoring of terrestrial vehicles in the
Meco road and the R2 highway (Figure 2). The Torrespaña
transmitter was selected as non-controlled illumination source.

In this paper, a set of 20 seconds acquisitions recorded on
February 16, 2017 have been used. For each data acquisition,
80 Range-Doppler (RD) matrices were generated using a Pro-
cessing Repetition Interval (PRI) equal to 250 ms, a Coherent
Processing Interval (CPI) of 250 ms and a Cross Ambiguity
Function (CAF) with 401 Doppler shifts (fd ∈ [−799.744;
799.744] Hz) and 1, 000 range bins corresponding to a cover-
age distance of 9.45 km in the pointing direction. The data-
sets have been acquired at a central frequency of 770MHz,
considering an information signal bandwidth equal to 8 MHz.

The detection and tracking stages of IDEPAR demonstrator
were implemented off-line. The detection stage is designed
using Constant False Alarm Rate (CFAR) systems working in
a 2-Dimensional (2D) area [3] (independent detectors using 1D
reference windows along range and Doppler dimensions are
combined using the AND operator). Cell-Averaging CFARs
(CA-CFARs) with Nr = 32 and Nd = 16 reference range
and Doppler cells, respectively, were selected, using Nrgc

=
10 and Ndgc

= 4 guard cells. A desired P d
FA = 10−5 is

considered as detection requirement. The tracker stage is based
on a bi-dimensional Kalman filter operating in the RD plane.

To estimate the Probability of Detection (PD) and the
Probability of False Alarm (PFA), ground-truths at the output
of the detection stage are required. However, the real one are
not available due to the complex radar scenario. Because of
that, a ground-truth was generated using the confirmed target
tracks for estimating the PD, which was calculated at plot level
due to the errors associated with the pixel detection grouping
techniques. On the other hand, the PFA was estimated in
the RD-map area where no targets are expected. Montecarlo
simulations were applied, guaranteeing an estimation error
lower than 10 %.

Detection results are presented in Figure 3(a) as the super-
imposition of the detector outputs in the 80 CPIs, allowing
the visual estimation of the targets trajectories moving across
the Meco road and the R2 highway and displaying all the
false alarms detected through all acquisition time. The output

(a) Detection performance (b) Tracker performance

Fig. 3. Validation of E-shaped antenna as surveillance acquisition system of
IDEPAR in a semi-urban scenario.

TABLE II
ESTIMATED PD AND PFA VALUES FOR A DESIRED PFA = 10−5

T1 T2 T3 Total
PD 98.75 % 42.11 % 75.86 % 83.44 %
PFA 6.62 · 10−7

of the tracker system is presented in Figure 3(b), where
three different targets manoeuvres (T1, T2 and T3) have been
identified describing trajectories with expected Doppler shifts.

In Table II, the estimated PD for each trajectory and the
associated PFA are summarized. Results validate the proposed
antenna as a suitable solution in PRS systems and confirms
the IDEPAR detection performance improvement.

IV. CONCLUSIONS

A wideband microstrip antenna was designed for a passive
radar system operating at UHF frequencies. The objective was
the design of a single radiating element for the construction
of an antenna array for improving coverage and angular
discrimination capabilities of a multichannel DVB-T passive
radar demonstrator.

Antenna requirements were defined for the specific surveil-
lance application based on passive radar technology. An E-
shaped patch antenna was selected as starting point. The basic
design was improved using air substrate and the novel boxed-
ground technique was considered to increase the FB ratio. The
resulted radiation pattern associated with the designed antenna
fulfils the requirements of the PRS surveillance channel.

A prototype was built and measured in an anechoic chamber.
Finally, E-shaped antenna was integrated in IDEPAR demon-
strator outperforming the detection capabilities provided by
a non-dedicated antenna and improving the terrestrial target
tracking and monitoring.
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Abstract. This paper tackles the design and evaluation of cost sensitive
Support Vector Machine (2C-SVM) based radar detectors in presence of
Gaussian and K-Distributed clutter. 2C-SVM based solutions are able
to approximate the Neyman-Pearson detector for a specific false alarm
rate (PFA). Real data acquired in different wind conditions by a coher-
ent, pulsed and X-Band radar were considered. A statistical analysis is
carried out to design the 2C-SVM for detecting targets with unknown
parameters in Gaussian and non-Gaussian interference. A grid search of
the best training parameters to approximate the pair detection probabil-
ity (PD) and PFA of the NP detector is required. Results prove the capa-
bility of the 2C-SVM based detectors to maximize the PD for a desired
PFA independently of the detection problem likelihood functions.

Keywords: 2C-SVM · Neyman-Pearson detector · Gaussian clutter ·
K-Distributed clutter

1 Introduction

A traditional security system is based on active radar sensors used for surveil-
lance and monitoring tasks. In Fig. 1, the general structure of a scanning radar is
presented. The radar detection problem can be formulated as a binary hypothesis
test, where the detector has to decide between target absence (null hypothesis,
H0) and target presence (alternative hypothesis, H1). The most extended detec-
tor criterion in radar applications is the Neyman- Pearson (NP) detector, which
maximizes the Probability of Detection, PD, maintaining the Probability of False
Alarm, PFA, lower than or equal to a given value [1,2].

If z̃ is the observation vector generated at the output of the synchronous
detector and p(z̃|H0) and p(z̃|H1) are the detection problem likelihood func-
tions, a possible implementation of the NP detector consists in comparing the
Likelihood Ratio (LR), Λ(z̃), to a threshold selected according to PFA require-
ments, ηlr [2], and deciding in favour of H1 when the LR output is higher than
the selected threshold, and in favour of H0 when the LR output is lower than the
selected threshold (1). This approach requires a complete statistical characteri-
zation of the observation vector under both hypotheses, and significant detection

c© Springer International Publishing AG 2017
I. Rojas et al. (Eds.): IWANN 2017, Part I, LNCS 10305, pp. 257–268, 2017.
DOI: 10.1007/978-3-319-59153-7 23
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Fig. 1. General architecture of a coherent radar receiver

losses are expected when the true likelihood functions are different from those
assumed in the LR detector design.

Λ(z̃) =
p(z̃|H1)

p(z̃|H0)

H1

≷
H0

ηlr(PFA) (1)

In practice, clutter and target statistics are variable. Although clutter para-
meters can be estimated from radar measurements, target ones are really difficult
to estimate. If the parameters the likelihood functions depend on, φ, are random
variables (RVs) and their Probability Density Functions (PDF’s) are known, the
optimum detector in the NP sense can be implemented by comparing the average
likelihood ratio (ALR) to a detection threshold fixed according to PFA require-
ments [2]. The ALR formulation usually leads to integrals without analytical
solution, and suboptimal approaches are proposed: numerical approximations of
the ALR, or the Generalized Likelihood Ratio (GLR), which uses the maximum
likelihood estimation of the parameters governing the likelihood functions in the
LR, as if they were correct [2,3]. Note that GLR test requires infinite number
of LRs detector to cover all possible values of φ, so an implementation cannot
be carried out. As an alternative the Constrained Generalized Likelihood Ratio
(CGLR)is expressed in (2) where K is the finite number of LR detectors designed
for equispaced discrete values in the expected variation range of φ.

max
ϕk

Λ(z̃, ϕk)
H1

≷
H0

ηcglr(PFA) k = 1, . . . ,K (2)

This paper tackles the design of radar detectors based on Support Vector
Machines (SVMs) to maximize the detection probability in composite hypoth-
esis testing problems. The possibility of approximating the optimum detector
using supervised learning machines trained to minimize a suitable error func-
tion has been previously studied [4]. Although, the output of a discriminative
learning machine permits to obtain an estimate of the posterior probabilities of
the (binary) hypotheses if and only if the surrogate cost which is applied for
training is a Bregman divergence [5]. SVMs are an intelligent agent that are an
approximate implementation of the method of structural risk minimization that
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can provide good generalization on detection and classification problems with-
out incorporating problem-domain knowledge [6,7]. In [8,9], SVMs, the original
SVM formulation (C-SVM) and the cost-sensitive SVM one (2C-SVM), are used
to design detectors considering NP and minimax criteria. In [10], a theoretical
study about the capabilities of SVMs to approximate the NP detector reveals
that only 2C-SVM based solutions are able to approximate the optimum one for
any specific PFA value associated with the costs assigned to miss detections and
false alarms.

In this paper, the validation of the 2C-SVM based detector with real radar
data is considered. Real data acquired by a coherent, pulsed and X-Band radar
deployed on Signal Hill by Council for Scientific and Industrial Research (CSIR)
[11] were considered. 2C-SVMs, trained in a supervised manner, are designed
and evaluated in Gaussian and non-Gaussian radar scenarios. Results confirm
the capability of 2C-SVM based solutions to maximize the PD for a desired PFA.

2 2C-SVM Based Approximation to the NP Detector

Let’s consider a learning machine with one output to classify input vectors
z = [�e(z̃1),�e(z̃2), ...,�e(z̃P ),�m(z̃1),�m(z̃2), ...,�m(z̃P )]T into two hypoth-
esis, H0 and H1. The training set is composed of Ni pre-classified patterns from
Hi, with desired outputs tHi

, i ∈ {0, 1}, and N = N0 + N1. The output of the
learning machine is denoted by f(z).

In 2C-SVMs, the function implemented by the learning machine (f(z) =
wT Φ(z) + b) is a linear function of the results of mapping the input pattern z
into a higher dimensional space H with the functions Φ(z), that are known as
kernel functions [6]. The parameters of the learning machine are the weights
vector w, the bias constant b, and the parameters the functions Φ(z) depend on.
The SVM is based on the hyperplane which maximizes the separating margin
between the two classes, that can be obtained mathematically by solving the
following unconstrained optimization problem defined in expression (3) [9]:

min
f,ξ,γ

{
1
2‖w‖2 + Cγ

∑
i∈X0

ξi + C(1 − γ)
∑

i∈X1
ξi

}

tHi
f(zi) � 1 − ξi i = 1, ..., N

ξi ≥ 0 i = 1, ..., N

(3)

where C and γ control of the cost associated with the two possible errors: Cγ
associated with false alarms and C(1−γ) associated with detection losses. ξi are
slack variables to relax the separability constraints when the training data can
not be completely separable by an hyperplane (

∑
i ξi is an upper bound on the

number of training errors).
The function approximated by a 2C-SVM trained in a supervised manner to

minimize (3) when N → ∞ is calculated in [10] and expressed in (4).

f0(z) = −1 if (1 − γ)P (H1)f(z|H1) < γP (H0)p(z|H0)
f0(z) = 1 if (1 − γ)P (H1)f(z|H1) > γP (H0)p(z|H0)

(4)
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After training, the 2C-SVM will provide outputs close to +1 or −1, depending
on the conditions expressed in (4). If the output of the 2C-SVM is compared to
a threshold η0 = 0, the intermediate value between +1 and −1, the decision rule
is equivalent to:

f0(z)
H1

≷
H0

η0 = 0 ⇒ f(z|H1)

f(z|H0)

H1

≷
H0

ηlr =
γP (H0)

(1 − γ)P (H1)
(5)

Varying the value of γ, we can select different thresholds of the likelihood
ratio based detector. And varying ηlr, we can implement detectors with pairs
(PFA, PD) corresponding to different points of the Receiver Operating Charac-
teristic (ROC) curve of the NP detector. However, the surrogate cost which is
applied for training is not a Bregman divergence, so if the applied threshold
is changed, an approximation error to another ROC point has to be assumed.
Then, a 2C-SVM based detector can maximize the PD for a given PFA using
the corresponding ηlr and training the 2C-SVM with the associated γ. Unfor-
tunately, it is difficult to fix the threshold theoretically, and it must be fixed
experimentally. In addition, the training set size is finite and the C parameter
will be used to increase the generalization capability. A grid search in C − γ
space has to be carried out to approximate the desired point of the NP ROC
curve.

3 Experimental Results

Real radar data acquired by X-Band radar deployed on Signal Hill by Council for
Scientific and Industrial Research (CSIR) are used to demonstrate the capability
of 2C-SVMs to maximize the PD for a given PFA value. The datasets used in
this study are available to the international radar research community on [12].

Signal Hill location (Fig. 2(a)) provided 140◦ azimuth coverage of which a
large sector spanned open sea whilst the remainder looked towards the West
Coast coastline from the direction of the open sea. Grazing angles ranging from
10◦ at the coastline to 0.3◦ at the radar instrumented range of 37.28 NM (Nau-
tical Miles) were obtained. The pulse repetition frequency was 2 kHz and the
range resolution is 15 m. A collaborative 4.2 m inflatable rubber boat, that can
be considered as a point target, was used during some measurements (Fig. 2(b)).

Datasets were recorded with different local wind conditions. The average
wind speed varied between 0 knots and 40 knots and the significant wave height
ranged between 1 and 4.5 m. Then, in function of the selected dataset and the
associated wind conditions, sea echoes can be modelled as Gaussian or non-
Gaussian clutter.

The selected files are Dataset 08-028.TStFA and Dataset 10-104.TTrFA, and
main parameters of the acquisitions are summarized in Table 1 [12]. There is no
available information about target speed or GPS data. The squared envelopes
in logarithmic units of the first pulses of the patterns are presented in Fig. 3.

A CGLR composed of K = 2P LR detectors designed for discrete values
of unknown target parameter equally spaced in the variation interval can be
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(a) Plan overview (b) Small boat deployed during
measurement trial

Fig. 2. Radar environment considered in [12]

(a) Dataset 08-028.TStFA (b) Dataset 10-104.TTrFA

Fig. 3. Logarithmic squared amplitude of the first pulses of the patterns for all range
cells associated with the selected files

Table 1. Acquisition specifications of selected datasets [12]

Dataset 08-028.TStFA Dataset 10-104.TTrFA

Acquisition time 33.9625 s (1, 045 patterns) 64.48 s (1, 984 patterns)

Range extend 2248.4 m (151 gates) 1, 903.7 m (128 gates)

Significant wave height <0.1 m, 246.5 N 2.48 m, 244.8 N
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used to approximate the NP detector [14,15]. Both CGLR and 2C-SVM based
detectors require for the design stage a statistical analysis of the databases based
on the Empirical Cumulative Distribution Function (ECDF). Goodness-of-fit
test, the Kolmogorov-Smirnov test, was used to validate the clutter model using
the decision parameter that indicates the result of the hypothesis test (1 if the
test rejects the null hypothesis at the 5% significance level, 0 otherwise).

2C-SVMs are designed assuming the quadratic function (6) as kernel function
due to the better performance compared to radial basis for large training sets
[13]. The training set size is composed of 1, 000 patterns (P (H0) = P (H1) = 0.5).

Φ(zi, zj) = (1+ < zi, zj >)2 < zi, zj >=
∑L

l=1 zi,lzj,l (6)

The desired PFA is set to 10−4. PFA and PD values have been estimated
using Monte-Carlo simulations and the data availability guarantees a relative
estimation error lower than 25%.

3.1 Statistical Analysis of Real Radar Data

Attending to significant wave height (Table 1), the sea state is calm (code 1)
for Dataset 08-028.TStFA and moderate (code 4) for Dataset 10-104.TTrFA.
Under these conditions, Rayleigh and K-Distribution can be used for modeling
sea clutter amplitude, respectively.

The ECDFs of the sea clutter amplitude samples are estimated and compared
to theoretical Rayleig and K-Distribution CDF. Samples of 27th and 40th range
gates for Dataset 08-028.TStFA and Dataset 10-104.TTrFA respectively are con-
sidered. The comparisons between the empirical and the theoretical CDFs are
presented in Fig. 4. The Visual inspection in Fig. 4 confirms a very good agree-
ment with Gaussian and K-Distributed clutter model respectively. Table 2 details
the results provided by the KS-Test.

(a) Dataset 08-028.TStFA (b) Dataset 10-104.TTrFA

Fig. 4. CDFs for the sea clutter amplitude samples of the real radar data
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Table 2. KS-Test for the sea clutter amplitude samples of the real radar data

Dataset 08-028.TStFA

Distributions Parameters Decision

| x | Rayleigh (x ≥ 0) Fx(x) = 1 − exp−x2/2σ2
σ = 0.42783 KS-Test: 0

| x | K-Distribution (x ≥ 0) ν = 1.0040 KS-Test: 0

Fx(x) = 1 −
(

2
2ν ·Γ (ν)

(
2 · x
√

ν
μ

)ν

· Kν

(
2 · x
√

ν
μ

))
μ = 0.42810

Dataset 10-104.TTrFA

Distributions Parameters Decision

| x | Rayleigh σ = 0.4455 KS-Test: 1

| x | K-Distribution ν = 3.9357 KS-Test: 0

μ = 0.3969

The K-distribution is formed by compounding two separate probability dis-
tributions, one representing the radar cross-section (RCS) and the other rep-
resenting speckle. The component representing the RCS is a slowly varying
non-negative Gamma process that introduces a power modulation of the local
backscatter, consequence of longer wavelength sea waves (texture), τ [n]. The
component representing speckle is modeled as a complex Gaussian random
process, g[n]. As the power modulation is slower than the speckle component, it is
possible to approximate the received clutter sequence by the following expression:

zk[n] =
√

τ [k]g[n] n = k, ..., k + Lc − 1 (7)

where Lc is the coherence length of sea texture, the number of time samples
for which the texture can be considered constant. Expression (8) can be used to
estimate the texture and the hypothetical speckle time sequences, respectively,
for each possible Lc.

τ̃ [n] = 1
Lc

∑k=n+ Lc
2 −1

k=n− Lc
2

| zk[n] |2 g̃[n] = zk[n]√
τ̃ [n]

(8)

In Fig. 5(a), the KS-Test values obtained by comparing the texture sequence
CDF to a gamma distribution for different Lc are presented. The threshold of a
5% significance level is also depicted. It is possible to conclude that the coherence
length of sea texture is between 0.08 and 0.43 s. As the 64-pulses-patterns time
is 0.0325 s, a constant texture can be considered in each pattern. Additionally,
the real and imaginary parts fulfil the Jarque-Bera goodness-of-fit test (it is
a goodness-of-fit test of whether sample data have the skewness and kurtosis
matching a normal distribution), so the Gaussian distribution fits the real and
imaginary parts of speckle. In Fig. 5(b), the speckle amplitude ECDF is depicted
confirming the approximation to a Rayleigh distribution.

Proposed detection schemes present an important dependence on the clut-
ter one-lag clutter correlation coefficient (ρc), so the Autocorrelation Func-
tion (ACF) for the pulses associated with the same pattern was studied. The
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(a) KS-Test statistic of the texture for
different Lc

(b) CDFs for the amplitude of speckle
component (Lc = 0.18s)

Fig. 5. Statistical analysis of the speckle component for 27th range cell of Dataset
10-104.TTrFA

(a) Sea clutter spectrum of Dataset
08-028.TStFA

(b) Target spectrum of Dataset
08-028.TStFA

(c) Sea clutter spectrum of Dataset
10-104.TTrFA

(d) Target spectrum of Dataset
10-104.TTrFA

Fig. 6. Doppler Shift of range cells of real radar data (RCS [dBm2 · Hz−1])
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estimated ρc is equal to 0.8 and 0.966 for Dataset 08-028.TStFA and Dataset
10-104.TTrFA respectively. In Fig. 6, the spectra for range cells associated with
seal clutter and target returns are presented. The spectra corresponding to sea
clutter correlated echoes are localized close to the zero Doppler, while spectra
of range cells corresponding to target echoes present a variable Doppler shift,
Ω ∈ [−0.0491, 0.0982] rad for Dataset 08-028.TStFA and Ω ∈ [−0.6; 0.6] for
Dataset 10-104.TTrFA.

Clutter and target powers, ps and pc, were estimated to generate the design
CGLR and the 2C-SVM training sets. In Table 3, the estimated power and the
mean SIR = 10 log(ps/pc) is detailed.

Table 3. Estimated power levels or real radar data

ps pc SIR (dB)

Dataset 08-028.TStFA 20.7564 0.3510 17.72

Dataset 10-104.TTrFA 2.0068 0.3969 7.04

3.2 CGLR and 2C-SVM Detection Performance

Attending to statistical analysis, two radar scenarios with different detection
problem likelihood functions are considered for designing and testing the con-
sidered detectors:

– Dataset 08-028.TStFA: CGLR and 2C-SVM are design for detecting targets
with unknown Doppler shift in Gaussian interference. Swerling I target to
model vessel echoes acquired by marine radars was assumed [16].

– Dataset 10-104.TTrFA: detection schemes are designed for detecting targets
with unknown Doppler shift in K-distributed interference. Swerling V targets
model was selected in order to have the capability of formulating the LR
detector analytically [17,18].

In Fig. 7, the grid searchs in the C and γ space to select the best 2C-SVM
training values in both environments are depicted. The represented logarithmic
PFA values were estimated using η0 = 0. The detection performances of the
2C-SVMs designed with the suitable pairs (γ, C) applied to real radar databases
are compared with the PD provided by the CGLR for PFA = 10−4 in Fig. 4.
The pair (γ = 0.99, C = 10) provides the best approximation to the CGLR
performance for PFA = 10−4 independently of the case study.

2C-SVM, designed with (γ = 0.99, C = 10), based solutions provides similar
detection performance to the CGLR detector for the PFA closest to the desired
one. Figure 8, show the considered detection schemes outputs for considered
radar scenarios. The estimated centroids are depicted and the target trajectories
are clearly detected by the CGLR and 2C-SVM detectors with both databases.
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(a) Dataset 08-028.TStFA (b) Dataset 10-104.TTrFA

Fig. 7. 10 log(PFA) resulted from a grid search in (γ, C) for 2C-SVM

Table 4. 2C-SVM and CGLR detection performances with real radar data

Dataset 08-028.TStFA Dataset 10-104.TTrFA

Detector PFA PD PFA PD

CGLR 1.553 · 10−4 0.8016 1.0183 · 10−4 0.5101

SVM C γ

10 0.99 1.0503 · 10−4 0.8008 1.1024 · 10−4 0.4879

10 0.95 15.2247 · 10−4 0.8563 20.1065 · 10−4 0.8372

103 0.7 0.9145 · 10−4 0.7847 23.3584 · 10−4 0.5111

(a) CGLR detector applied to
Dataset 08-028.TStFA

(b) 2C-SVM detector applied to
Dataset 08-028.TStFA

(c) CGLR detector applied to
Dataset 10-104.TTrFA

(d) 2C-SVM detector applied to
Dataset 10-104.TTrFA

Fig. 8. Estimated centroids for the real radar matrices
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4 Conclusions

This paper tackles the problem of designing and validating a 2C-SVM radar
detector capable of approximating the optimum Neyman-Pearson detector for
given PFA in composite hypothesis testing problems characterized by targets
with unknown parameters in Gaussian and K-Distributed clutter.

In [10], a theoretical study to obtain the function the learning machine con-
verges to after training, if a sufficiently large number of training patterns was car-
ried out. The 2C-SVM implements a function with only two values, but they are
obtained depending on which is higher (1− γ)P (H1)p(z|H1) or γP (H0)p(z|H0).
In this case, the detector that is implemented when the output of the 2C-SVM
is compared to a threshold with an intermediate value between the possible out-
puts, is equivalent to the Neyman-Pearson detector for a fixed pair (PFA, PD).
The values of PFA and PD varies with the parameter γ that can be used to select
different points in the ROC curve of the NP detector. As the number of training
patterns is finite and the relation between γ and PFA is usually unknown, a grid
search in C − γ space has to be carried out to approximate the desired point of
the NP ROC curve.

The evaluation of the 2C-SVM detection performance is also studied using
real data available at [12]. Clutter and target statistics are analyzed to design the
synthetic training set. Two datasets with different wind conditions are selected
to consider two cases study: detecting Swerling I targets with unknown Doppler
shift in Gaussian interference and detecting Swerling V targets with unknown
Doppler shift in spiky K-Distributed clutter. Sub-optimum approaches to the
ALR detector based on the CGLR are considered as reference detectors. Results
obtained for PFA = 10−4 confirm the similarity of the CGLR and 2C-SVM based
solution detection capabilities. 2C-SVMs are quite good systems to approximate
the NP detector for a given point of the ROC curve.
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Abstract—Coherent CFAR (Constant False Alarm Rate) detec-
tors were designed and evaluated in non-homogeneous DVB-T
(Digital Video Broadcasting-Terrestrial) passive radar scenarios.
Conventional CFAR techniques are usually applied to non-
coherent detector that can not be optimal attending to Neyman-
Pearson criterion. The capability to approximate function of
neural networks (NN) was used to maintain the false alarm rate
without a priori knowledge of the optimum detector outputs. In
addition, variability index (VI) was used to provide robustness
against non-homogeneous interference. The considered detection
scheme was evaluated with real passive radar data acquired
by IDEPAR demonstrator, a DVB-T passive radar system, in
a terrestrial scenario. Results confirm the potentiality of the
coherent VI-MLP-CFAR detector as a low-cost solution for traffic
monitoring.

I. INTRODUCTION

Intelligence transportation infrastructures use remote sens-
ing systems to extract information of vehicles in order to
improve travelers’ safety, optimize traffic and costs reduction.
Passive Radar System (PRS) have been proposed as ground
traffic control and monitoring tools in modern urban areas
[1]. The PRS concept is based on the explotation of non-
cooperative illuminators as commercial broadcast, communi-
cations systems (digital television, FM radio, digital audio,
mobile phone, etc), and radar or radio-navigation signals to
detect targets and to estimate their parameters (such as position
or velocity) [2]. This solution could provide good coverage,
accuracy and timely information on many roadways without
using dedicated transmitters, therefore with low development
and maintenance cost, low probability of intercept, small size,
low weight, and easily deployed.

In PR systems, multi-channel reception schemes are im-
posed due to the bistatic geometry of the radar and the lack
of control over the transmitter. Usually, two channel are used:
reference channel (to acquire the transmitted signal by the
Illuminator of Opportunity, IoO) and surveillance one (to
capture the target echoes). This kind of radars is based on
the correlation of the delay and Doppler-shifted copies of
the received signals from the IoOs and the target echoes,
generating the Cross Ambiguity Function (CAF) at the output

of the processing stage. The result of the cross-correlation is
the ambiguity function of the transmitted signal, scaled and
shifted to be centred on the time delay and Doppler shift
corresponding to the bistatic range and radial velocity of the
target. The input to the target detector will be range-Doppler
maps generated at each Pulse Repetition Interval (PRI).

The radar detection problem to be solved can be formulated
as a binary hypothesis test, where the detector has to decide
between target absence (null hypothesis, H0) and target pres-
ence (alternative hypothesis, H1). The Neyman-Pearson (NP)
detector, extensively applied in radar problems, maximizes
the Probability of Detection (PD) maintaining the Probability
of False Alarm (PFA) lower than or equal to a given value
[3]. A possible implementation of the NP detector consist in
comparing the Likelihood Ratio (LR) to a detection threshold
estimated according to PFA requirements [4], as is expressed
in (1). Where z̃ is the complex observation vector provided by
the radar receiver, and f(z̃|H0) and f(z̃|H1) are the detection
problem likelihood functions under both hypotheses.

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηlr(PFA) (1)

This approach requires a complete knowledge of the likeli-
hood functions, and significant detection losses appear when
the actual target and/or interference models differ from those
assumed in the LR detector design [5]. In [6], [7], [9] ground
clutter models were proposed for different bands FM, GSM,
DVB-T and DVB-T2, respectively. In these bistatic scenarios,
Swerling II target model was proposed in [10]. In [8] a LR
detector was designed and compared to a neural solution as
an approximator to the NP detector using a fixed threshold
assuming homogeneous background.

In radar literature, conventional radar detection schemes
based on incoherent Constant False Alarm Rate (CFAR)
techniques applied to estimate cell-by-cell clutter residuals
plus thermal noise statistics by processing a group of reference
cells close to the Cell Under Test (CUT), and adapt the
detection threshold for maintaining the desired PFA [11].
The CA-CFAR (Cell-Averaged CFAR) detector, the most
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widespread incoherent CFAR technique, is optimal under the
assumption of independent and identically distributed (i.i.d.)
samples with exponential distribution [12]. However, the CA-
CFAR detection capabilities decrease significantly when the
clutter statistical parameters are different from that assumed.

In some scenarios, a non-homogeneous environment due
to the presence of multiple interfering targets and/or clutter
edges is presented. Range-Doppler maps associated with PRSs
are characterized by the high power samples along range
dimension for zero Doppler shift (due to the Direct Path
Interference (DPI) generated by the IoO, the ground clutter
and the strong radar echoes provided by the big buildings) that
can mask targets with low Doppler values due to an increment
in the adaptive threshold. Some solutions have been proposed
in the literature as an attempt to design CFAR algorithms
in non-homogeneous environment [13]: Smaller-Of CFAR
(SO-CFAR), Greater-Of CFAR (GO-CFAR), Ordered-Statistic
CFAR (OS-CFAR),... Other approach known as Variability
Index CFAR (VI-CFAR) is proposed in [14]. It is based on
the CA-CFAR and indicators of non-homogeneity to provide
detection performance similar to CA-CFAR in homogeneous
environment and robustness in non-homogeneous scenarios. In
all cases, samples at the output of the square law detector, a
suboptimal solution, are assumed to be i.i.d.

In [15], [16], an adaptive threshold detection scheme was
designed without a priori knowledge of the output detectors
statistics. In [15], a solution based on a MultiLayer Perceptron
(MLP), as a function approximator, is able to maintain the
PFA requirements. In this paper, the combination of the VI-
CFAR philosophy with the MLP-CFAR methodology were
applied at the output of the LR detector to improve the
detection performance in a DVB-T based PRS. The considered
detection scheme was evaluated using real data acquired in
urban background. The real radar data were acquired by a
technological demonstrator developed under project IDEPAR
(Improved Detection techniques for Passive Radars), funded
by the Spanish Ministry of Economy and Competitiveness
(TEC2012-38701) [17]. This system is a passive bistatic
radar that uses Digital Video Broadcasting-Terrestrial (DVB-
T) transmitters as IoOs. The radar scenario was located at
the roof of the Polytechnic School (University of Alcalá,
UAH), with the objective of detecting terrestrial vehicles.
Results confirm the potentiality of the coherent VI-MLP-
CFAR detector as a low-cost solution for traffic monitoring.

II. CASE STUDY

In this paper, the design of the coherent LR solution
for detecting vehicles in urban scenarios is considered. This
detector requires a target and clutter statistical models assump-
tion. Results of a statistical analysis of bistatic urban clutter
acquired by a PRS based on DVB-T were considered. Real
radar datasets were collected by IDEPAR Demonstrator.

The IDEPAR system is a PRS that uses a DVB-T transmitter
as IoO in terrestrial radar scenarios [17]. The demonstrator
has been implemented using COTS components to the largest
possible extent, standard development tools, data formats

Fig. 1. Radar scenario. Green area: area of interest with a beamwidth equal
to 30◦. Orange area: area of interest with a beamwidth equal to 60◦

and interfaces. The IDEPAR demonstrator has been designed
to acquire three consecutive channels to provide a system
resolution suitable for traffic monitoring.

A measurement campaign, with the radar scenario described
in Figure 1, was considered. The Meco road and the R2
highway are marked in brown and blue respectively. This
scenario is characterized by the presence of big buildings
with metal structure and a high traffic around them. A set of
30 seconds acquisitions recorded on February 13, 2014 were
considered. The dataset is composed of 120 range-Doppler
matrices generated using the following processing parameters:
PRI 250 ms, integration time 250 ms and CAF composed of
401 Doppler shifts, fd ∈ [−799.744; 799.744] Hz, and 1000
range bins corresponding to a coverage distance of 9.45 km.

In Figure 2, the normalized intensity (dB) of the range-
doppler map for the PRI 1 is shown. As we can see, samples
along range dimension for zero Doppler shift and the Doppler
cells close to it present high power values due to the DPI
generated by the IoO, the ground clutter and the strong
radar echoes provided by the big buildings. This area is
characterized by a non-homogeneous interference than can
difficult the slow moving target detection. The range-Doppler
matrix was split into Regions 1-A and 1-B correspond to high
Doppler shift values, Regions 2-A and 2-B the target areas
and Region 3 that contains the zero Doppler shift.

In [8] range-doppler maps were statistically characterized.
Non-parametric tests (two-sample Kolmogorov-Smirnov (KS-
test2) and the two-sample Cramér-von-Mises (CM-test2) cri-
teria) were applied to determine the theoretical distributions
that fulfil the considered goodness-of-fit test with a 5% of
the significance level for the intensity of the recorded data
(Table I). Results show that Regions 1 and 2 follow a Expo-
nential distribution, while a non-homogeneous environment is
considered in Region 3 due to the high clutter returns of the
Doppler lines close to zero Doppler shift. Then, a Gaussian
model with zero mean and a variable clutter power pc for the
in-phase and quadrature components was considered to design



Fig. 2. Range-Doppler matrix of the recorded data

TABLE I
THEORETICAL MODELS THAT FULFIL THE GOODNESS-OF-FIT TESTS FOR

THE INTENSITY OF THE RECORDED DATA

Region
Intensity

Distribution Parameters

Region 1-A Exponential λ = 4.677 · 105

Region 2-A Exponential λ = 4.683 · 105

Region 3 * *

Region 2-B Exponential λ = 4.702 · 105

Region 1-B Exponential λ = 4.602 · 105

the detection stage. The resulting pc variation interval is from
−57.95 dB, associated with samples of Regions 1 and 2, to
−23.37 dB, associated with zero Doppler line.

Autocorrelation functions for the complex data along range
and Doppler dimensions were computed. For all cases, corre-
lated clutter samples with ρrange close to 0.47 are obtained
along range dimension. However, the clutter data are uncorre-
lated in Doppler (ρDoppler = 0).

There are not enough samples to carry out a statistical
analysis of targets models. In radar literature, the most ex-
tended target models are based on the ones proposed by Peter
Swerling [18]. In the present work, the Swerling II model
(ρs = 0) was used to model point target echoes acquired by
passive radars [10].

III. MLP-CFAR
MLP-CFAR technique can be applied to any interference

model without a deep statistical analysis of the detector
outputs. Neural Networks are the basis for this solution, due
to their ability to approximate functions, using a set of input-
output pairs generated by the function to be approximated.

Taking into consideration the Kolmogorov’s superposition
theorem, a MLP with one hidden layer is proposed [19]. Then,
the architecture of the MLP (N/M/1): N inputs associated
with the detector outputs of the N reference cells, M hidden
neurons determined by a trial and error process and an one

Fig. 3. VI-CFAR block diagram

output unit. The MLP must learn the statistics of the the N
reference cells to provide the required threshold for each CUT
required to maintain the PFA under clutter variations.

The main steps of the MLP-CFARtraining strategy are the
summarized [15]:

1) Determine an extended power clutter variation interval
to reduce the approximation error in the pc extreme
values (the lower bound is reduced by a 60%, while
the upper bound is increased a 25%). In the case study
the extended interval is [−61.93dB; −22.40dB].

2) Select discrete clutter power values, pc and estimate the
fixed thresholds required by LR detector for the resulted
P train

FA . P train
FA is a value, always lower than the desired

PFA, that is searched to compensate the estimation
errors of clutter statistics in the limited reference cells.

3) For each pc value, generate a training set, and apply
a training algorithm in order to minimize the mean
squared error, MSE, between the MLP output and the
estimated threshold for the selected P train

FA .

IV. VI-CFAR

VI-CFAR provides an adaptive threshold depending on the
outcomes of the Variability Index (VI) and the Mean Ratio
(MR) hypothesis tests achieving a good performance in both
homogeneous and non-homogeneous situations of clutter [14].
In Figure 3, the VI-CFAR block diagram is depicted. VI-CFAR
method estimates the clutter statistics in groups of cells (lead-
ing half, window A, and lagging half, window B) surrounding
the CUT. The statistic VI and the ratio MR were used by the
VI-CFAR to determine the clutter homogeneity and select the
best window, between window A, B, or combination used for
noise/clutter power estimation, respectively.

The VI threshold (computed for each window, V IA and
V IB) and MR are defined in (2). The outcomes of both
VI and MR hypothesis tests (3) are used for adapting the
threshold as is shown in Table II where CN and CN/2 are the
multiplicative threshold associated with N and N/2 reference
cells, respectively.



TABLE II
SELECTION THE ADAPTIVE THRESHOLD FOR THE VI-CFAR DETECTOR

Decision
Window

Variable

Different

Means

VI-CFAR

Adaptive Threshold

1 None No CN · ∑AB

2 None Yes CN/2 · max(
∑

A,
∑

B)

3 Leading - CN/2 · ∑B

4 Lagging - CN/2 · ∑A

5 Both - CN/2 · min(
∑

A,
∑

B)

V I∗ = (N/2) ·

N/2∑

i=1

q2
i

⎛
⎝

N/2∑

i=1

qi

⎞
⎠

2 MR =

N/2∑

i=1

qi

N∑

i=N/2

qi

(2)

V I ≤ MR ≤ KV I Non variable
V I > MR ≤ KV I Variable
K−1

MR ≤ MR ≤ KMR Same Means
MR < K−1

MR or MR > KMR Different Means

(3)

The values KV I and KMR are chosen such that there
is a high probability that the hypothesis test outcomes in a
homogeneous environment will decide that one window is
variable, α0, and has different means, β0, respectively. For
reasonable performance in a non-homogeneous clutter, α0

should be no larger than 5 to 10 times the desired PFA. In
practice, typical values of β0 will not exceed 0.1 [14].

V. RESULTS

Attending to the available real radar data, the desired PFA

was set to 10−5 and an estimation error lower than 10% was
expected using Montecarlo method. For saving space, CFAR
techniques were designed for N = 32 and 64.

A. Design of coherent CFAR detectors

The decision rule of the LR detector for the considered radar
scenario defined by Swerling II target and Gaussian clutter
models is expressed in (4), where MS and MI are the target
and interference auto correlation functions, respectively.

ẑT
[
MI − (MS + MI)

−1
]
z∗

H1

≷
H0

ηs(PFA) (4)

For estimating the desired LR thresholds, a set of 33 discrete
pc values have been selected from pc ∈ [−61.93; −22.40] dB.
For each pc value, a set of 3 · 106 patterns was generated and
applied to the LR detector. Importance Sampling techniques
have been applied to guarantee an estimation error lower than
10% for the different P train

FA [20], [21].
MLPs have been trained for minimizing the MSE to ap-

proximate the objective thresholds. The conjugate gradient

TABLE III
EVALUATION OF MLP-CFAR PERFORMANCE

MLP N /3/1 P train
F A Estimated PF A

MLP 16/3/1 8 · 10−8 1.12 · 10−5

MLP 32/3/1 9 · 10−7 1.01 · 10−5

MLP 64/3/1 4 · 10−6 0.95 · 10−5

TABLE IV
ESTIMATED KV I AND KMR VALUES FOR A DESIRED PF A = 10−5

N = 32 N = 64

KV I 6.174 5.236

KMR 1.876 1.556

algorithm [22] has been applied in combination with a cross-
validation technique. For each pc value, have been generated
900 training patterns and 300 validation patterns. After a
trial and error process, M = 3 was selected because no
performance improvement was obtained for higher values.

In order to evaluate MLP-CFAR performance, 3 ·
106 patterns under H0 with pc uniformly distributed in
[−57.95; −23.37] dB were generated. Results presented in
Table III confirm that the required P train

FA value is closer to
the desired PFA as N is increased, due to the reduction in the
clutter statistics estimation error.

The VI-MLP-CFAR will use V IA, V IB and MR values to
determine the neural inputs and select the corresponding MLP
(N/3/1 or (N/2)/3/1) to obtain the adaptive threshold. In
Table IV, the estimated KV I and KMR values for the different
number of reference cells are summarized, assuming α0 =
3.3 · 10−5 and β0 = 0.08 [14].

B. Detection Curves

Detection curves (PD vs SIR for a given PFA) for case
study were estimated. Coherent LR detection performance is
compared with the MLP without (MLP-CFAR) and with (VI-
MLP-CFAR) variability index ones. The simulation set is a
matrix (65x105) containing 64 reference cells generated under
H0 with pc uniformly distributed in [−57.95; −23.37] dB, and
a CUT generated under H1 with SIR belonging to [0; 20] dB.
The 53th cell were replaced by a Gaussian clutter with pc =
0.0046 in order to simulate the zero Doppler line. Only the
CFAR with N = 64 includes this line.

In Figure 4, detection curves are compared. If N = 32, clut-
ter can be considered homogeneous and MLP-CFAR and VI-
MLP-CFAR detectors present similar detection performances.
In non-homogeneous environment (N = 64), VI-MLP-CFAR
clearly improves the detection capabilities of the MLP-CFAR.
Then VI-MLP-CFAR allows the use of high values of N
controlling the CFAR losses and providing robustness in PD

when the background is non-homogeneous.
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Fig. 4. Detection curves for PF A = 10−5 in non-homogeneous clutter

C. Validation using DVB-T passive radar real data

In order to test and evaluate the proposed VI-MLP-CFAR,
real data acquired by IDEPAR demonstrator described in
Section II was used. 2D window techniques were designed
to control non desired effects:
• If reference windows extend along range dimension were

assumed, the clutter power estimation could lead to
false alarms due to strong returns, spread over Doppler
dimension, associated with IoOs multipath.

• If reference windows extend along doppler dimension
were assumed, false alarms could arise due to clutter
echoes presented along range dimension for zero Doppler
shift due to DPI and big metal buildings. In addition,
these high returns can increase the estimated CFAR
threshold and can mask targets with low Doppler values.

• Then, 2D Range & Doppler CFAR technique was im-
plemented: independent detectors using 1D reference
windows along range and Doppler dimensions were com-
bined using the AND operator in order to declare a target
if and only if both detectors have decided in favor of H1.

Taking into consideration the PD reduction due to the
estimation error in the N reference cells, N = 64 was
considered in both dimensions. Results are presented as the
superimposition of the outputs in the 120 PRIs. This superim-
position allows the visual estimation of the targets trajectory,
and displays all the false alarms detected through all PRIs.

Taking into account results presented in detection curves
(Figure 4), the detection capabilities will get worse in non-
homogeneous Region 3 (Figure 2). Then, a complicated area
in range-doppler map for range cells with Doppler shift
in [−128; 128] Hz, where the high power clutter samples
are included in the leading or lagging reference window, is
expected. This interval can be reduced with a lower N value
at expense of decreasing the detection performance.

Figures 5(a) and 5(b) show the MLP-CFAR and VI-MLP-
CFAR detection performances, respectively, where the com-
plicated area is highlighted. Results confirm the MLP-CFAR
problem of detecting targets with low Doppler values and the

TABLE V
PF A AND PD OBTAINED BY COHERENT CFAR DETECTORS WITH REAL
BISTATIC RADAR DATA USING DIFFERENT WINDOWING TECHNIQUES (1D

RANGE OR DOPPLER DIMENSIONS AND 2D RANGE & DOPPLER)

Range Doppler Range&Doppler

PD 62.18% 11.76% 11.76%

PF A 3.82 · 10−5 3.88 · 10−3 3.63 · 10−5

PD (VI) 57.98% 61.34% 57.14%

PF A (VI) 9.18 · 10−6 1.55 · 10−5 1.09 · 10−5

robustness of the VI-MLP-CFAR which provides a better defi-
nition of the target trajectories. In Figure 5(c) the homogeneity
decisions for PRI 1 are depicted. The meaning of the colormap
is described in Table II. Clutter in range dimension is homo-
geneous with some variation between clutter power means at
both sides of CUT (decisions 1 and 2). Decisions in Doppler
dimension are clearly characterized by the Zero Doppler line,
making the decision 4 or 3 when leading/lagging reference
window included the Zero Doppler line and estimating clutter
power of lagging/leading reference window.

PFA and PD were estimated using the methodology de-
scribed in [17] generating a ground-truth using GPS data
of cooperative vehicles and visual information about non-
cooperative ones. For estimating the PFA, target and big
buildings contributions were removed. Table V shows that
PFA values are always higher for 1D CFAR techniques than
for 2D CFAR based schemes due to non desired effects asso-
ciated with the characteristics of the PRS (the IoO, the bistatic
geometry,...). VI-MLP-CFAR based detector is a suitable and
potential tool in DVB-T passive radar scenarios improving the
PD and fulfilling the PFA requirements.

VI. CONCLUSIONS

Coherent CFAR detectors were designed and evaluated for
traffic monitoring in non-homogeneous DVB-T passive radar
scenarios. The fact that PRSs exploit IoOs instead of an
own transmitter, makes them attractive and low-cost solution
solutions for surveillance applications. In PRS, the processing
stage provides the CAF that generates the range-Doppler maps
or inputs to the detector. These maps are characterized by
strong values in the range cells with zero Doppler shift. In
addition, in a radar scenario can be present multiple interfering
targets resulting non-homogeneous backgrounds.

Conventional radar detectors are based on incoherent CFAR
techniques to maintain the desired PFA at a constant level
in spite of clutter variations. CFAR techniques are usually
designed under the assumption of homogeneous interference,
but detection performance is degraded when this assumption
is not fulfilled. VI-CFAR was proposed to present better
robustness using the outcomes of VI and MR hypothesis tests.

CFAR techniques are not usually applied to coherent ap-
proximations to the NP detector because the statistics of their
outputs are unknown. Taking into consideration the ability to
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(b) 2D Range & Doppler VI-MLP-CFAR
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Fig. 5. Detection performances and decision matrices using real urban clutter data acquired by IDEPAR demonstrator

approximate functions of the Neural Networks, an adaptive
threshold detection scheme based on a MLP was considered.
A combination of the VI-CFAR and the MLP-CFAR, VI-MLP-
CFAR, applied at the output of the LR detector is proposed
to better approximation to the NP detection capabilities and
robustness in non-homogeneous scenarios.

VI-MLP-CFAR detectors was evaluated in a real passive
radar scenarios. The case study corresponds to a measurement
campaign carried out with the IDEPAR demonstrator, a DVB-
T PRS. The radar scenario was located at the roof of the
Polytechnic School (UAH), with the objective of detecting
terrestrial vehicles. Results for MLP-CFAR without variability
index solution reveal a complicated area where targets with
low values of Doppler shift are miss-detected. This area can
be reduce decreasing the reference window size and increasing
the clutter statistics estimation error. The VI-MLP-CFAR
clearly improves the detection capability fulfilling the PFA

requirements and controlling the CFAR losses. Then, a DVB-R
PRS which includes the proposed detector can be considerate
as a low-cost, suitable and potential tool for traffic monitoring.
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Abstract—Direction of Arrival (DoA) estimator based on Uni-
form Linear Array (ULA) is designed and validate in a semi-
urban DVB-T passive radar scenario. Commercial UHF antennas
(Televes 4G NOVA) were considered as individual array elements
taking into account the requirement of using COTS components
in order to provide a low-cost surveillance solution. A ULA of five
elements was designed and deterministic beamformers were ap-
plied in two stages: the first one in centered in a CFAR detection
at the output of the spatial filtering to obtain velocity and range
estimation of targets and the second stage corresponds to a Doa
estimator based on ESPRIT (Estimation of Signal Parameter via
Rotational Invariance Techniques) algorithm to include azimuth
information to the target 2-D localization. Results are validated
using IDEPAR (DVB-T passive radar system) confirming its
capabilities as a terrestrial traffic monitoring tool.

I. INTRODUCTION

Passive Radars Systems (PRS) can be proposed as an
alternative solution to active ones taking into consideration
their inherent advantages: low development, implementation
and maintenance costs, small size, low weight, low probability
of interception and avoidance of electromagnetic compatibility
or environment impact problems. All these features are a result
of the use of non-cooperative broadcast communications, radar
or radionavigation transmitters as Illuminators of Opportunity
(IoO), rather than a dedicated radar transmitter [1]. The PRS
objective is detecting targets and estimating parameters (such
range, azimuth and velocity). The radar performance are
strongly determined by the exploited IoO waveform and the
geometry of the radar scenario.

The use of IoOs gives rise to complex processing architec-
tures. Due to the lack of control over the transmitter, usually
two channels are used (Figure 1): a reference channel (to
acquire the signal transmitted by the IoO), and a surveillance
one (to capture the target echoes). To estimate target dynamic
information, delay and Doppler-shifted copies of the reference
signal are correlated with the surveillance channel in order to
generate the Cross Ambiguity Function (CAF) and to obtain
Range-Doppler Surface (RDS).

The use of a single radiating element in the surveillance
channel doesn’t allow any angular discrimination at detector
level. Target position estimation accuracy can be improved in
the tracking stage, using geographical data, available roads,
and expected desired terrestrial targets Doppler profiles. To

Fig. 1. Basic operating scheme of a PRS

improve the target x-y coordinates estimation without external
information, a multiple passive radar sensors were exploited
to collect a set of measures for the same target observed at
different bistatic geometries [2]. However, the availability of
many measures is typically paid in terms of complexity and
cost. An alternative approach is focused on the use of arrays
and spatial filtering based on digital beamforming techniques.
In [3][4] a FM circular array was considered to improve the
system azimuth coverage generating specific beam patterns for
the reference and surveillance channels; in [5][6], different
arrays are combined to cover VHF and UHF bands; in [7], a
two stage beamforming approach in DVB-T PRS is developed
to estimate aerial targets Directions of Arrival (DoAs).

In this paper, a DoA estimator is applied to terrestrial targets
using IDEPAR (Improved Detection techniques for Passive
Radars) demonstrator. IDEPAR is a multichannel DVB-T PRS
demonstrator developed in the University of Alcalá, under
project TEC2012− 38701 funded by the Spanish Ministry of
Economy and Competitiveness [8]. Taking into consideration
the IDEPAR design requirement of using Commercial Off-
The-Shelf (COTS) components to the largest possible extent,
a Uniform Linear Array (ULA) based on commercial UHF
antennas is designed. The target parameters estimation accu-
racy is constrained by the commercial antenna characteristics
instead of self-designed one to guarantee a low-cost solution
for traffic monitoring, capable of 2D localization and tracking
of terrestrial targets (cars) in semi-urban scenarios.
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Fig. 2. Basic architecture of a PRS

II. PASSIVE RADARS SYSTEMS

The basic architecture of PRS is depicted in Figure 2:
• The reception stage includes the antenna system, the

Radio-Frequency (RF) front-ends and the Analog-to-
Digital Conversion (ADC) stages for generating digital
reference and surveillance channels.

• The processing stage includes the matched filtering pro-
cess and the pre-processing techniques required for re-
jecting interference components such as the selected IoO
signal present in the surveillance channel (Direct Path
Interference, DPI), clutter and IoO multipath.

• Finally, the output of the matched filter is applied to
the detection scheme in order to decide between target
absence or target presence.

Most of the PRS parameters depend on IoO features: avail-
ability, radiated power, coverage area, transmitted waveform.
DVB-T is the digital terrestrial television broadcast transmis-
sion standard most used in the European Union [9]. DVB-T
signals are composed of a random component generated by the
interleaving and the OFDM modulation of the MPEG-2 signal,
and a deterministic component generated by the presence
of signaling elements (Pilot Carriers, Transport Parameter
Signalling and the Guard Interval).

III. DOA BASED ON ULA FOR A PRS

In this paper, the following issues are considered: ULA
with N elements; a commercial antenna as individual element
and deterministic digital beamforming techniques to design
customize radiation patterns.

The considered architecture assumes one receiving chain
per single radiating element and the digital beamforming
is performed weighting the complex samples provided by
the Analog-to-Digital Converters, referred as snapshots x =
[x1, x2, ..., xN ]T , where xn corresponds to n-th sensor re-
ceiving chain output. As narrowband assumption constrain
is verified attending to equation 1, where B is the signal
bandwidth, d is the physical distance between elements and
TBWP is the Time-BandWidth Product (TBWP), and DVB-
T signal spectrum can be considered flat, the beamformer can
operate on time-domain snapshots [10].

TBWP =
B · (N − 1) · d

c
< 1 (1)

In a linear array along the y axis, with the XY plane parallel
to the tangent plane to the array location, and the z axis normal
to that plane, the steering vector for a narrowband plane wave
incident at azimuth angle φ is given by the column vector
in (2), where dn is the distance of the n-th antenna element
relative to the origin defined as the apex of the linear array
for n = 1, 2, ..., N , and k = 2π

λ , beign λ the wavelength at
the center frequency [11][12].

a(φ) =
[
exp(jkd1sin(φ)) exp(jkd2sin(φ)) ... exp(jkdN sin(φ)

]T

(2)
Then, the resulting signal after the beamforming processing

is y = wH · x, where wH is the hermitic of the complex
weight vector. The conventional beamforming strategy is inde-
pendent of the input data and is based on the array directivity
maximization: w (φ) = (1/N) ∗ a (φ). A spatial filtering is
implemented without physical modifications, forming multiple
independent beams steered towards different directions.

The antenna physical size constraints the minimum separa-
tion between antennas. Equation (3) provides the maximum
inter-element spacing for avoiding main lobe replicas (grating
lobes), for a maximum steering angle equal to φmax [11].

d � λ

1 + | sin(φmax)| (3)

In this paper, the unknown angles of arrival, associated with
targets in the azimuth-range coverage area, are estimated ap-
plying ESPRIT (Estimation of Signal Parameter via Rotational
Invariance Techniques) algorithm to the incoming signals.
ESPRIT estimator, that exploits the shift invariance property
of ULA and the eigenvalues information, is fast, efficient and
robust solution for determining the DoA of multiple sources.
Due to its simplicity and performance, ESPRIT has become a
very popular method [13].

IV. VALIDATION ON REAL DATA ACQUIRED BY IDEPAR

IDEPAR characteristics are described in [8]. In this paper,
the measurements campaign is designed for using a ULA com-
posed of five commercial antennas in the surveillance channel
(the number of antennas was defined by project budget). The
Televes 4G NOVA antenna, a log-periodic antenna designed
in microstrip technology which operates in the LTE/4G band
(698−960 MHz) covering IDEPAR frequency band, is selected
according to the following requirements:

• Broad beamwidth to provide the angular coverage and a
wide range of steering angles

• High discrimination between the main and the back lobes
• Small physical dimension
Figure 3(a) presents the Televes 4G NOVA and the five-

elements ULA and Figure 3(b) shows the radiation patterns in
azimuth for 770 MHz. The beamwidth is 59.94◦ and the gain
is 8.3 dB. The minimum possible distance between antennas
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(a) Televes 4G NOVA antenna and
ULA

(b) Single element azimuth radiation pattern (c) ULA azimuth radiation pattern

Fig. 3. Antenna system for the surveillance channel and its radiation characteristics

Fig. 4. Radar scenario located at the roof of the Superior Polytechnic School
of Alcalá University

is d = 315 mm, so the maximum azimuth coverage without
grating lobes is 27.4◦.

As TBWP for one DVB-T channel (B = 8 MHz) is
0.0336 (equation 1) lower than 1, so narrowband time-domain
snapshots can be considered. Using uniform weighting steering
at the radiation maximum direction (φ = 0), the azimuth
radiation pattern of the Televes 4G NOVA array can be
determined (Figure 3(c)). The use of five antennas increases
in almost 7 dB the single element gain and the main beam has
been narrowed to almost 12◦, more suitable for the detection
and localization of the echoes incoming from the targets.

The real radar scenario is centred at the roof of the
Polytechnic school of the University of Alcalá. This scenario
is characterized as semi-urban environment with low-height
buildings belonging to the university campus, surrounded
by countryside and several roads as Alcalá-Meco road, R2
highway and inner-campus secondary roads. In Figure 4, the
detail of the receiver Televes 4G NOVA antenna angular
coverage is depicted. The antennas were placed to ensure that
the maximum of the radiation pattern was pointed to the area
of interest in order to enclose the roads under study.

In order to provide target 2D localization (range and az-
imuth), a two stage spatial beamforming approach based on

Fig. 5. Results of first stage: CFAR detection

a CFAR detection in multiple simultaneous beams and on the
estimation of the angle of arrival is performed. This processing
methodology is a modification of [7] based on time-domain
snapshots:

• The first stage is based on a CFAR detection in the
range-Doppler maps generated with multiple simultane-
ous beam steering at φ = [18◦, 6◦,−6◦,−18◦]. The
CFAR is applied in the range-Doppler cell where the
maximum power of target echo is received. Two CFAR
detectors, which estimate the interference statistics of the
same range-Doppler along both dimensions, are applied
and the outputs are combining using an AND logical
operation. Results, presented in Figure 5, show two main
groups of detection: one of then in the zero Doppler
line associated with the big building, and another one
with different ranges and Doppler shifts associated with
moving targets in Meco road. This first stage provides
the target range parameter estimation.

• The second stage corresponds to a DoA estimation using
ESPRIT approach. The angle step in the estimation
algorithm is much lower than the simultaneous beams
generated in the first stage. N − 1 incoming signals are
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TABLE I
SECOND STAGE: ESPRIT DOA ESTIMATOR

CPI Range Azimtuh CPI Range Azimuth

0 36 5.44◦ 12 44 7.65◦

1 36 4.46◦ 13 45 6.42◦

2 37 4.47◦ 14 46 5.49◦

3 38 5.71◦ 15 47 3.19◦

4 39 5.28◦ 16 48 4.91◦

5 39 5.22◦ 17 48 4.54◦

6 40 3.94◦ 18 49 5.05◦

7 41 4.59◦ 19 50 3.76◦

8 42 5.24◦ 20 51 4.67◦

9 42 4.54◦ 21 52 2.89◦

10 43 5.91◦ 22 52 3.65◦

11 44 5.31◦ 23 53 1.89◦

Fig. 6. Detected target trajectory in the radar scenario

considered to estimate N − 1 angles. As the big building
corresponds to urban clutter, results are centered in the
detection of targets in Meco Road. Then, outputs allow
us to improve the target azimuth localization accuracy.

The pairs (range, azimuth) of targets are described in Table
I. When the points are depicted in the radar scenario (Figure
6), the trajectory fits with the reflections of a vehicle in the
Meco Road assuming the accuracy provided by the selected
array antenna and the number of array elements.

V. CONCLUSIONS

This paper tackles a DoA estimator for traffic monitoring
using a DVB-T PRS with a ULA of commercial antennas
in the surveillance channel. Independent acquisition chains
were implemented for digitizing the signal acquired by each

single element of the array, and applying digital beamforming
techniques over snapshots in time domain due to narrowband
condition is fulfilled. Televes 4G NOVA was finally selected to
build an array of five elements. The considered beamformer is
independent of the received signal and can provide a complex
weight that maximize the directivity of the array.

A semi-urban radar scenario was considered to validate the
capabilities of IDEPAR for monitoring terrestrial targets. It
was characterized by low-height buildings and several roads.
The gain obtained with the proposed surveillance antenna
array fulfilled the threshold requirements to cover the surveil-
lance area of interest. A CFAR detector is performed in
the spatial filtered data after the first beamformer in order
to estimate ranges and velocities of the targets. Finally, a
DoA estimator based on ESPRIT algorithm is applied to
provide target x-y coordinates. Results confirm the capability
of increase the target location accuracy using 3-D target data
acquired by a DVB-T PRS in a semi-urban environment.
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Abstract—A non-uniform linear array architecture was 
selected for the design of the surveillance channel antenna of a 
passive bistatic radar exploiting Digital Video Broadcasting-
Terrestrial signals. The use of commercial radiating elements and 
the possibility of implementing beamforming techniques for the 
generation of simultaneous beams were the main requirements. A 
commercial antenna was characterized by electromagnetic 
simulations and uniform and non-uniform linear arrays were 
designed. Optimization techniques based on a genetic algorithm 
were applied for guaranteeing the beam steering throughout 60º 
(the single element azimuth beam-width), with a maximum side 
lobe level of 12dB at the limit steering angles. 

Keywords—Side-Lobe-Level optimization; non-uniform linear 
array; commercial antennas; passive radar; beamforming; genetic 
algorithm 

I. INTRODUCTION

A Passive Bistatic Radar (PBR) is defined as: “A set of 
techniques using broadcast, communications, radar, or radio-
navigation signals as illumination sources rather than using a 
dedicated radar transmitter. Other terms that have been used 
include passive coherent location (PCL), passive and covert 
radar (PCR), covert radar, non-cooperative radar, broadcast 
radar, parasitic radar, and opportunistic radar” [1].
PBR advantages with respect to active ones are related to the 
use of non-cooperative transmitters, called Illuminators of 
Opportunity (IoOs): low development, implementation and 
maintenance costs, small size, low weight, low probability of 
intercept, and avoidance of electromagnetic compatibility or 
environment impact problems. The possibility of using 
commercial components for the receiving chains is a really 
attractive possibility, although the specifications of 
commercial antennas, filters, amplifiers and frequency 
converters are usually quite far from those defined by a radar 
system. Commercial devices were designed for fulfilling 
service quality requirements of a specific radio-
communication system, and not for detecting objects using 
their scattered energy when they are illuminated by a 
transmitter.
The PBR antenna system is a key element like in any other 
radar. Main challenges to face when dealing with PBRs are the 
following:

The IoO signal received through the surveillance 
channel (the direct path interference or DPI).
The signals transmitted by other IOs (direct 
component and multipaths). This problem is 
specially relevant in single frequency networks, 
where multiple transmitters emit the same signal in a
synchronous mode.
Signal scattered by non-desired targets (ground and 
sea clutter, buildings and other elements present in 
the scenario) when they are illuminated by the direct 
path and the multipaths of the main IoO and other 
interfering ones.

Analog and digital broadcasting waveforms have been studied 
in the radar literature: FM radio [2], Universal Mobile 
Telecommunications System (UMTS) [3], Digital Video 
Broadcasting-Terrestrial (DVB-T) [4-6].  

DVB-T is of great interest due to its availability, stable power 
and waveform. Signal bandwidth can be increased using 
consecutive channels, although channels allocation depends on 
the selected region and can be changed. Array antennas were 
proposed for PBR operating in DVB-T frequencies: a 
semicircular array composed of 16 vertically polarized broad 
band dipoles [7]; linear and circular arrays of vertically 
polarized discone antennas [8,9]. In these cases, customized 
single radiating elements were designed and built. In this 
paper, a solution based on commercial DVB-T antennas is 
presented. Optimization techniques are applied for 
determining inter-element spacing in a non-uniform linear 
array architecture, with the objective of reducing Side-Lobes 
Level (SLL) and avoiding the appearance of grating lobes.
Results prove that the antenna array based on commercial 
elements allows wide beam-steering (only limited by the 
single radiating element radiation pattern) maintaining 
directivity and SLL requirements.   

The paper is structured as follows: The passive radar 
operating principle is described in section II. Section III 
presents the selected DVB-T commercial antenna. In section 
IV, solutions based on Uniform-Linear Arrays are studied, and
the limits of this array architecture are defined. A Non-
Uniform Linear Array solution is proposed in section V, and a
cost function is defined for optimizing the distances using a 
genetic algorithm. Conclusions are summarized in section VI.
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II. PASSIVE BISTATIC RADARS

Fig. 1 shows the basic geometry of a PBR. The use of IoOs 
requires two receiving channels: reference channel, that 
acquires the IO transmitted signal, and the surveillance one 
that acquires the echoes of the sough targets in the area of 
interest. The surveillance signal, sk[n], is correlated with 
copies of the reference one sref[n], shifted in time and 
frequency, to generate the Cross Ambiguity Function, CAF, 
obtaining the Range Doppler Maps, RDMs, where peaks are 
expected at the associated time delays and Doppler shifts of 
the targets. Fig. 2 shows the CAF magnitude for three targets: 
two stationary ones located at distances Rb1 and Rb2, 
respectively, with zero Doppler, and one moving target 
located at Rb2 with Doppler fd_b3. The peak shown in the origin 
is the IO direct signal captured by the reference channel (the 
Direct Path Interference, DPI).

Fig. 1 Geometry of a PBR

Fig. 2 CAF amplitude generated by two stationary targets, one 
moving target and the DPI.

III. STUDY OF COMMERCIAL DVB-T ANTENNAS

For the selection of the single radiating element, the 
following requirements were considered: 

Broad beamwidth to fulfill PBR angular coverage, 
and to allow a wide range of steering angles. 
High Front to Back Ratio (FBR).
Small physical dimension to avoid the presence of 
grating lobes.
A smooth radiation pattern in the angular interval 
where beamforming techniques will be applied.

The antenna Televes 4G NOVA was finally selected. This 
antenna was designed for operating in the 698MHz-960MHz 
and the 1700MHz-2700 MHz bands [9]. Fig. 1 shows the 
antenna and the ANSYS HFSS model. Cuts of the radiation 
pattern for 770MHz are shown in Fig. 2 (azimuth  beamwidth 
59.94º, and gain 8.3 dBi).

Fig. 3. Televes 4G Nova and ANSYS HFSS 3D model

Fig. 4 Antenna radiation pattern cuts: elevation (left), azimuth (right)
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IV. SOLUTIONS BASED ON UNIFORM LINEAR ARRAYS 

In a first approach, a study of Uniform-Linear Arrays was 
carried out. Arrays of five elements were considered because 
the actual version of the passive radar demonstrator developed 
in the University of Alcalá, includes six synchronized 
receiving chains: one for the reference channel and five for the 
surveillance one.

In Spain, DVB-T is transmited in horizontal polarization, 
which requires all antennas parallel to the ground, being the 
interelement spacing limiting value defined by the width of the 
antenna. The 315mm antenna width could give rise to the 
generation of grating lobes for the selected operating 
frequency of 770MHz. Although the radiation pattern of the 
antenna reduces the effect of grating lobes, Fig. 5 shows their 
effect for steering angles bigger or equal to 15º.

Fig. 5 Azimuth plane radiation pattern of the ULA with 5 Televes 4G nova 
antennas, for 770MHz, interelement spacing equal to 315mm, and three 
steering directions: 0º (broadside), 15º, and 30º. The effect of grating lobes is 
marked with a ellipse.

A further study revealed that the reflector shown in Fig. 3 only 
worked at the higher frequency band (1700MHz-2700 MHz), 
so we decided to remove it, reducing the minimum inter-
element spacing to 210mm (Fig. 6). This distance could be 
increased to 270mm, for which the grating lobe level reaches 
the SLL value when the antenna is pointing to 30º; more 
specifically: SLL=9.6dB, beamwidth=21º.

Fig. 6 Array formed with the 5 antennas after removing the radome and the 
reflector. 

Fig. 7. Azimuth plane radiation pattern of the ULA with 5 Televes 4G nova 
antennas without radome nor reflector, for 770MHz, interelement spacing 
equal to 270mm, and three steering directions: 0º (broadside), 15º, and 30º. 

V. DESING OF A NON-UNIFORM ARRAY FOR OPTIMIZING THE 
SLL VALUE 

The SLL value obtained with the ULA with an inter-
elements spacing of 270mm is too high for the considered 
application. In order to improve this parameter maintaining the 
beam steering capability in an azimuth range of 30º, a 
solution based on Non-Uniform Linear Arrays (NULAs) was 
studied. This new array architecture provides four degrees of 
freedom, the four inter-element distances, that can be adjusted 
for achieving some goal. 

The cost function defined for the optimization process was 
based on the L1-norm. Given a set of pointing directions 
belonging to the desired azimuth range, [-30º;30º], and a 
starting vectors of distances:

1. The beamformer vectors were calculated for each 
pointing direction, and the associated radiation patterns 
throughout the azimuth plane were generated. 

2. The main beams were extracted from the radiation 
patterns calculated in the previous step.

3. A reference pattern was generated for each pointing 
direction with a constant value throughout the azimuth 
plane, whose level was calculated as the difference 
between the array antenna main beam maximum level 
and the desired SLL.

4. L1-norm was calculated for each radiation pattern 
without the main beam, and the reference pattern.

5. The average value of the L1-norms calculated for the 
different steering directions was calculated and used as 
cost function.

The optimum distances were calculated using a genetic 
algorithm [11]. Distances should be greater than 210mm, the 
minimum value defined by the antenna width after removing 
the radome and the reflector, and 500mm, for using the actual 
array antenna support. The final values obtained for a desired 
SLL of 14dB were: d1=243mm, d2=210mm, d3=210mm, and
d4=243mm. Although d1=d4, d2=d3, this symmetry was not 
imposed in the optimization algorithm.
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Final results are presented in Fig. 8. For a pointing direction 
equal to 30º, the SLL is of 12dB, and the grating lobe level is 
almost equal to the SLL. The main beam width is equal to 15º.  

Fig. 8 Azimuth plane radiation pattern of the NULA with 5 Televes 4G nova 
antennas without radome nor reflector, for 770MHz, and optimized distances:

0º (broadside), 15º, and 30º. 

The response of a ULA with inter-element spacing equal to 
(d1+d2+d3+d4)/4=226.5mm is depicted in Fig. 9. For a pointing 
direction equal to 30º, the SLL is of 9.6dB, and the grating lobe 
level is almost equal to the SLL. The main beam width is equal 
to 21º. So, for the same array length, the optimized NULA 
outperforms the ULA from the SLL and the beamwidth points 
of view, making it more suitable for passive radar applications.

VI. CONCLUSIONS

The problem of designing a linear array for a passive radar 
exploiting DVB-T signals was considered. The main 
requirements imposed for these systems were summarized, and 
two important ones were added for the desired design: the use 
of commercial DVB-T antennas and the available receiving 
chains, which limited the number of elements of the array to 5.

A wide study of commercial antennas was carried out and 
finally the Televes 4G-Nova was selected. A complete 3D 
electromagnetic study was performed which revealed the
possibility of simplifying the antenna and reducing its physical 
width, which defined an important constraint for avoiding 
grating lobes.

Different ULA solutions were analyzed, and the best solution 
provided a SLL equal to 9.6dB and a beamwidth of 21º for a 
total array length of 270·4=1,080mm.

A NULA was proposed as alternative, and a cost function was 
defined to limit the SLL value for all the desired pointing 
directions. The defined cost function was based on the average 
of the L1-norm calculated for the antenna radiation patterns for 
a given set of distances, and a reference pattern defined 
according to the desired SLL limit value.

The distances generated by a genetic algorithm using the 
defined cost function allowed the pointing of the array 
throughout all the desired azimuth range, with a minimum SLL 
of 12dB, and a maximum beamwidth of 21º with an array total 

length equal to 906mm, outperforming the best results obtained 
with the ULA configuration.

Fig. 9 Azimuth plane radiation pattern of the ULA with 5 Televes 4G nova 
antennas without radome nor reflector, for 770MHz, and an interelement 
distance equal to 226.5mm: 0º (broadside), 15º, and 30º.
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Ship Detection Requirements Analysis for Different
Sea States: Validation on Real SAR Data

Jaime Martı́n-de-Nicolás, David Mata-Moya, Nerea del-Rey-Maestre, Pedro Gómez-del-Hoyo, Marı́a-Pilar
Jarabo-Amores

Abstract—Ship detection is nowadays quite an important issue
in tasks related to sea traffic control, fishery management and ship
search and rescue. Although it has traditionally been carried out
by patrol ships or aircrafts, coverage and weather conditions and
sea state can become a problem. Synthetic aperture radars can
surpass these coverage limitations and work under any climatological
condition. A fast CFAR ship detector based on a robust statistical
modeling of sea clutter with respect to sea states in SAR images
is used. In this paper, the minimum SNR required to obtain a
given detection probability with a given false alarm rate for any
sea state is determined. A Gaussian target model using real SAR
data is considered. Results show that SNR does not depend heavily
on the class considered. Provided there is some variation in the
backscattering of targets in SAR imagery, the detection probability
is limited and a post-processing stage based on morphology would
be suitable.

Keywords—SAR, generalized gamma distribution, detection
curves, radar detection.

I. INTRODUCTION

SYNTHETIC Aperture Radars (SARs) are capable of
generating high-resolution remote-sensing images of the

electromagnetic energy backscattered by the Earth surface.
SAR systems are installed aboard mobile platforms, such as
spacecrafts, using the platform movement to obtain a larger
synthetic antenna and improve azimuth resolution. As SAR
systems can be used regardless of meteorological conditions,
can operate at night due to their illumination properties [1],
[2], they have become powerful tools to map terrain and sea
surfaces and to detect and classify point and extended targets.
Some applications deal with the maritime traffic or natural
disasters monitoring. The fact that the origin and properties of
SAR images are different from optical ones makes necessary
the development of new signal processing algorithms and/or
the adaptation of conventional ones to allow the automatic
interpretation of contained information.

One of the problems to solve in SAR imagery is to
reduce the speckle noise. Speckle noise is always present
in SAR images. This noise is due to the coherent sum
of many elementary scatterers in each resolution cell and
gives a grainy appearance to images, which makes detection
and classification tasks more complex [1]. The presence of

Jaime Martı́n-de-Nicolás, David Mata-Moya, Nerea del-Rey-Maestre,
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speckle noise makes difficult the statistical modeling of the
data, which has become a crucial task to address for SAR
interpretation (such as pattern recognition, coastline estimation
or ship detection). In addition, the dispersive characteristics
of the sea surface, affected by many different meteorological
phenomena, make the image analysis to be quite tough. This
variability demonstrates the importance of developing adaptive
techniques associated to the different areas in a SAR image.

The conventional ship detector, which is an important
problem in sea traffic control, fishery management and
ship search and rescue, is usually based on adaptive
threshold algorithms using Constant False Alarm Rate (CFAR)
techniques. The performance is highly dependent on the
knowledge of the clutter statistics. In [3]–[8] statistical clutter
models for terrain and marine SAR data were proposed. In
[9], it was concluded that the best model, among several
that were studied, was the Generalized Gamma model, which
will be used in this paper as the sea clutter model in a ship
detection application. This model showed its versatility as
it adapted extremely well to several sea states. The goal of
this paper will be the analysis of those sea states in terms
of SNR (Signal-to-Noise Ratio), and how this value affects
the PD (Probability of detection) and the PFA (Probability
of false alarm) in a ship detection application using real SAR
data. The considered detector is based on the Neyman-Pearson
(NP) criterion [10], which maximizes the PD maintaining
the PFA equal or lower to a given value, using Generalized
Gamma clutter model and Gaussian target model. If z is the
observation vector and f(z|H0) and f(z|H1) are the detection
problem likelihood functions, a possible implementation of
the NP detector consists in comparing the Likelihood Ratio
(LR), Λ(z), to a threshold (ηlr) selected according to PFA

requirements, and decide in favor of H1 when the LR output
is higher than the selected threshold (1).

Λ(z) =
f(z|H1)

f(z|H0)

H1

≷
H0

ηlr(PFA) (1)

II. SEA STATE CLASSIFICATION

Using the study carried out in [9], a set 8,100 500x500-pixel
patches is considered in order to define the different observed
sea states. Five classes were defined with the following
properties:

• First class: Sea clutter returns with a linear and very
narrow structure that does not respond to wave fields
(Figs. 1 (c) and (h)).
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 1 Examples of 500 × 500-pixel patches of each class: The five columns correspond to the five classes defined in Section II

• Second class: Sea clutter without a structure visible. The
gray level of pixels are distributed without any pattern
(Figs. 1 (e) and (j)).

• Third class: Sea clutter echoes with high waves and
different wavelengths. As the waves are higher than in the
first class, the difference in gray level between the crest
and the trough is also higher. Crests tend to be closer to
white and troughs closer to black (Figs. 1 (b) and (g)).

• Fourth class: Sea clutter associated to wave fields where
crests and troughs are partially defined and they hardly
appear to be linear as in first and second classes (Figs. 1
(d) and (i)).

• Fifth class: Sea clutter returns with low to medium height
waves and different wavelengths. The gray level of the
crest and the trough are both at medium levels (Figs. 1
(a) and (f)).

III. DETECTOR BASED ON THE GENERALIZED GAMMA
CLUTTER MODEL

The detector proposed in [11], a fast block CFAR detector
especially suitable for very-high-resolution SAR images, is
used in this paper for ship detection. As a first step, the area of
interest is divided into equally-sized patches, depending on the
resolution and the pixel spacing of the considered image. After
this, the brightest pixels of each patch are filtered so that the
remaining pixels belong mostly exclusively to the sea surface,
and a statistical modeling of the sea clutter is performed. It
is widely extended the assumption of a Gaussian model for
the sea clutter in this kind of detectors [12]- [14], and had the
goal been just the detection of the ship or the definition of
an area where the ship is contained, it would have sufficed;
however, in the spirit of making the most of the resolution
current SAR sensors can achieve, a heavy-tailed distribution
is selected, for it models better the SAR sea clutter distribution

[9] and therefore, a better and more accurate ship detection is
expected. It is for this reason that the Generalized Gamma
distribution is chosen to model the background clutter, whose
PDF (Probability Density Function) is as:

y = f (x|k, ν, σ) =
|ν|kk

σΓ (k)

(x

σ

)kν−1

· exp
(
−k

(x

σ

)ν)
(2)

where k > 0 is the shape parameter, σ > 0 the scale
parameter and ν �= 0 the power parameter. It can model both
amplitude and intensity fluctuations and has several special
cases: Rayleigh (ν = 2, k = 1), exponential (ν = 1, k = 1),
Nakagami (ν = 2), Gamma (ν = 1), lognormal (k → ∞) and
Weibull (k = 1).

With the parameters estimated in every patch, the CDF
(Cumulative Distribution Function) of the clutter is modeled
and by means of a selected PFA, a decision threshold
inherent to the patch under study is set. Thus, the selection
of this threshold is adaptively achieved, providing a good
insight into the different states of the sea. What should be
remarked about this detector is its ability to detect ships
with one-pixel-resolution. Therefore, not only will ships be
detected, but they will also be better defined, for information
about their size could be provided with more detail, and
the variability of ship size will not become an issue.
Another important problem in high-resolution SAR imagery
is related to the fact that moving targets are unfocused.
ISAR techniques have been proposed for focusing ships,
extracting dominant scatterers and other features intended
for classification purposes. The correct extraction of the
information related to the ship is a key issue for improving
the performance of these techniques. The detector used in this
paper can fulfill this complex requirement.
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Fig. 2 Relation between the SNR and the PD for the first class

Fig. 3 Relation between the SNR and the PD for the second class

Fig. 4 Relation between the SNR and the PD for the third class

IV. RESULTS

A. SNR Requirements Analysis

In order to define SNR requirements to detect vessels in
different sea states, detection curves were analyzed assuming
target Gaussian model based on Swerling models [15], [16].
The detection curves show the minimum SNR required to
obtain the desired PD with a given PFA. The detection
capabilities were estimated using real clutter data of each
class defined according to the sea state. Two patches of

500x500 pixels are used, the first one to estimate the threshold
associated with the specified PFA, and the second one to
estimate the corresponding PD resulting of adding a synthetic
Gaussian target with different SNRs.

Empirical results, used as reference ones, were estimated
using Montecarlo Simulation. PFA = 10−2, with an associated
estimation error of 0.2% with regard to patch size, was
considered to estimate the corresponding threshold. Using
the same patches associated with each class, new thresholds
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Fig. 5 Relation between the SNR and the PD for the fourth class

Fig. 6 Relation between the SNR and the PD for the fifth class

Fig. 7 SNR of the five classes for a fixed PD of 80%

are also determined using statistical parameters estimated
assuming Gaussian model, widely used in the literature [12]-
[14], and Generalized Gamma model that presents a good
results to fit sea clutter in different sea states [9].

The comparative detection curves are presented in Figs. 2-6.
As can be seen, the Generalized Gamma model is closer to the
Montecarlo simulation in most cases, especially when the sea
state is higher, and in those cases where the Gaussian model is
closer, the difference between this model and the Generalized

Gamma is not important. Therefore, results confirm that the
Generalized Gamma model is expected to perform correctly
with every sea state.

Figs. 2-6 provide the SNR requirements for any PD and
any sea state class. In Fig. 7, the dependence of the minimum
SNR needed in order to ensure such a PD ≥ 80% on the
sea state is detailed. Using the threshold corresponding to an
approximation to a Generalized Gamma model for PFA =
10−2, 10−3 and 10−4, it can be observed that the SNR does
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Fig. 8 (a) original SAR image; (b) manually-estimated mask; (c) result of the ship detector based on the Generalized Gamma model; (d) pixel-level SNR of
both ships

not depend heavily on the class considered.

B. Ship Detection

In order to confirm the previous study, a subimage with
two ships is selected (Fig. 8 (a)). The image is a GEC/SE
stripmap with HH polarization, with both ground range and
azimuth resolution of 3m, 1.45 range looks, 1.039 azimuth
looks and a size of 52,400×37,200 pixels.

First, a manually-estimated mask is attained to serve as a
comparison to the result of the proposed detector and so that
the PD and the PFA can be accurately estimated. This mask
is shown in Fig. 8 (b). The result of the detector based on the
Neyman-Pearson criterion presented in Section III for a PFA

equal to 10−4, presented in Fig. 8 (c), shows that although
most parts of both ships are detected, some internal areas are
not. This is due to their low backscattering, which results in
a lower SNR. Therefore, the PD attained is pretty low, with
a value equal to 48.77%, while the resulting PFA is equal to
2.27 · 10−4, which is similar to the design requirements. As
said before, the explanation to this low PD is the difference in
intensity of the signal reflected by the ships; in other words,
the difference in SNR. As a matter of fact, the SNR values
of the pixels within the ships are represented in Fig. 8 (d),
and given that the SNR for a PD equal to 48.77% is close to
9 dB, it is clear that plenty of those pixels have a SNR well
under that threshold, thus being undetectable and requiring a
post-processing stage to include the semantic environment.

V. CONCLUSION

An analysis of the ship requirements in terms of SNR was
carried out in this paper, considering five different sea states
first defined in a database described in [9], and using real
SAR data. Detection curves were analyzed assuming target
Gaussian model based on Swerling models and a Generalized
Gamma model for the sea clutter. These model were used in
a comparison with a Montecarlo simulation and a Gaussian
clutter model, which is commonly used.

The analysis of the different sea states showed that the
Generalized Gamma model is closer to the Montecarlo
simulation in most cases, especially when the sea state is
higher, and in those cases where the Gaussian model is closer,
the difference between the two models is not significant.
SNR requirements for any PD and any sea state class was
determined and it was observed that the SNR did not depend
heavily on the class considered.

Provided there is some variation in the backscattering of
targets in SAR imagery, which results in a lower SNR, the
detection probability is limited and, although most parts of
both ships are detected, some internal areas are not. Therefore,
in order to overcome this issue, a post-processing stage based
on morphology or semantic information would be desirable.
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Abstract—A study of achievable coverages using passive radar
systems in terrestrial traffic monitoring applications is presented. The
study includes the estimation of the bistatic radar cross section of
different commercial vehicle models that provide challenging low
values which make detection really difficult. A semi-urban scenario
is selected to evaluate the impact of excess propagation losses
generated by an irregular relief. A bistatic passive radar exploiting
UHF frequencies radiated by digital video broadcasting transmitters
is assumed. A general method of coverage estimation using
electromagnetic simulators in combination with estimated car
average bistatic radar cross section is applied. In order to reduce the
computational cost, hybrid solution is implemented, assuming free
space for the target-receiver path but estimating the excess
propagation losses for the transmitter-target one.

Keywords—Bistatic radar cross section, passive radar,
propagation losses, radar coverage.

I. INTRODUCTION

RBAN traffic monitoring is a task of great importance,
especially in smart cities [1]. Control and security tools

are required for the detection and tracking of terrestrial
vehicles for traffic regulation purposes, acquisition of
statistical data, or surveillance applications. Conventional
active radar systems have been widely used. These systems
provide their own illumination and, with a correct choice of
the working frequency, can be insensitive to weather
conditions; but they must fulfill legislation requirements on
electromagnetic emissions and are usually characterized by
high design, development and maintenance costs, mainly
related to their dedicated transmitter.

Passive radars are emerging technologies that are awaking
great interest due to the absence of a dedicated transmitter.
They can be defined as a set of radar techniques that use non-
cooperative signals, such as broadcast, communications, radar,
or radio-navigation signals, as illumination sources named
Illuminators of Opportunity (IoO) [2]. These techniques try to
overcome the aforementioned active radar drawbacks without
a significant detection capabilities reduction. The relevance of
these systems is proved by the great number of available
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publications, especially related with the exploitation of digital
broadcasting systems: Digital Audio Broadcasting (DAB) [3],
Digital Radio Mondiale (DRM) [4], Global System for Mobile
Communications (GSM), UMTS or Universal Mobile
Telecommunications System [5], [6], and Digital Video
Broadcasting-Terrestrial (DVB-T) [7]-[10].

DVB-T transmitters are really a promising option for the
terrestrial traffic monitoring, taking into consideration the
specific requirements that this kind of systems could arise [9]-
[11]. Because of that, they are selected as IoOs in the present
paper whose main objective is the study of achievable
coverages in semi-urban scenarios where the influence of non-
uniform reliefs on propagation losses cannot be ignored. The
analysis is completed with the characterization of the bistatic
radar cross section (BRCS) of different car models, the
assumption of a minimum signal power required at the input
of the system receiver, and the estimation of the system
propagation losses.

The rest of the paper is organized as follows: In Section II,
the problem of the estimation of passive radar systems
coverages is considered, focusing on the detection of cars in
semi-urban scenarios, by means of the modeling of the BRCS
of different cars models, the calculus of the excess
propagation losses, and the required minimum received signal
power. In Section III, an approximated coverage calculation
methodology is presented, and the obtained coverage results
for a given radar scenario are shown. Finally, the main
conclusions are presented in Section IV.

II. PASSIVE RADAR COVERAGE ESTIMATION PROBLEM

The basic geometry of a Passive Bistatic Radar (PBR) is
presented in Fig. 1.

Fig. 1 Basic PBR geometry

Ultra-High Frequency Passive Radar Coverage for
Cars Detection in Semi-Urban Scenarios
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A dual channel reception system is required: a surveillance
channel for targets echoes acquisition, and a reference one, for
acquiring the IoO signal. Target echoes signals will be
correlated with Doppler shifted copies of the reference signal
to generate the Cross-Ambiguity Function, CAF, which will
provide a processing gain that depends on the signal length,
and the capability to estimate the bistatic range and Doppler of
the detected targets.

The key tool for estimating the PBR coverage is the bistatic
radar equation (1):

2
2

34
T T R b

R T IoO target target-BPR
R

p g gR R l l
p

λ σ
π

(1)

where RR and RT are the distances between the target and the
passive receiver and the IoO, respectively, ltarget-PBR and lIoO-

target are the excess propagation losses associated to both paths;
pT and gT are the power and antenna gain of the IoO, gR is the
PBR receiver antenna gain; pR is the available power at the
receiver, and b is the target BRCS.

Under the free space propagation conditions (lIoO-target=ltarget-

PBR =1), given a minimum value of pR (sensitivity), a Cassini
oval is obtained, that is widely used as a first approach for
coverage calculations. More precise coverage estimations
require three basic elements that are analyzed in the following
subsections: a proper model of target BRCS, determination of
system sensitivity, and proper models for lIoO-target and ltarget-

PBR.

A. Estimation and Analysis of BRCS of Different Cars
Models

The POFACETS software (Naval Postgraduate School,
California), has been used for modeling the BRCS of three
commercial cars, assuming they are all made of Aluminum
(Table I and Fig. 2), and a selected radar scenario that
stablishes the relative position of the target with respect to the
system elements (bistatic geometry).

In Table II, the estimated BRCSs for a working frequency
of 600 MHz and horizontal polarization were summarized.
The selected semi-urban scenario was located on campus of
the University of Alcala, where the passive radar demonstrator
IDEPAR [9], [10], developed by Signal Theory and
Communication department, was placed (Fig. 3).

TABLE I
COMMERCIAL CARS SELECTED FOR THE BRCS STUDY

Feature Audi A5 Mazda 6 sport Peugeot 307
Length 4.625 m 4.735 m 4.211 m
Width 1.855 m 1.795 m 1.757 m
Height 1.370 m 1.440 m 1.509 m

Two different methodologies were considered:
1) Global analysis: Grazing incidence and observation

angles are fixed and equal to 89.2º and 89.8º, respectively,
azimuth incidence angles varied from 0 to 180º in steps of
20º. For each azimuth incidence angle, the azimuth
observation one was varied from 0 to 360º in steps of 0.5º.

In Fig. 4, the estimated two-dimensional BRCS maps are
depicted for the three vehicle models.

Audi A5

Mazda 6 sport

Peugeot 307

Fig. 2 Commercial cars models used in Pofactes
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2) Bistatic angle dependent analysis: Grazing angles stay the
same as in previous method, but making the relation
between incidence and observation azimuth angle, the
bistatic angle, constant. Values of β = {60º, 90º, 120º}
were considered for the area of interest associated to the
selected scenario. For each bistatic angle, the target was

completely rotated.
For the coverage studies carried out in this work, the

conservative value of -0.365 dBsm, as the average value for
the three results obtained by using the second method, has
been selected.

Fig. 3 Detail of the PBR location in the Campus of the University of Alcalá

TABLE II
COMMERCIAL CARS SELECTED FOR THE BRCS STUDY

BRCS (dBsm)
Audi A5 Mazda 6 sport Peugeot 307

Max. Min. Average Max. Min. Average Max. Min. Average
Global 29,382 -6,985 10,748 27,176 -11,02 9,194 36,887 -9,982 12,883
β = 60º 6,48 -43,19 -2,742 -3,525 -30,678 -5,118 3,529 -33,963 -7,188
β = 90º 9,21 -33,089 0,881 4,877 -26,29 -2,489 7,296 -35,618 -2,597
β = 120º 12,44 -29,18 4,941 8,851 -41,254 -1,187 8,278 -27,619 -0,142

Fig. 4 2D BRCS maps for three representative vehicle models: (a) Audi5, (b) Mazda 6 sport and (c) Peugeot 307

B. System Sensitivity
System coverage is defined for the specific target and

interference models, as the maximum range where a target is
detected fulfilling Probability of Detection, PD, and

Probability of False Alarm, PFA, requirements. For a squared
law detector in a noise dominated environment, the detection
curves for Swerling I models and a PFA =10-6 are presented in
Fig. 5 (SNRDET is the Signal-to-Noise Ratio at the detector
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input) [8]. For PD=80%, and PFA =10-6, a SNRDET of 21 dB is
required.

0 10 20 30 40
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Mean SNRDET (dB)

P D

Fig. 5 Detection curve for a squared law detector and Swerling I
targets in a noise dominated environment. PFA=10-6

For SNRDET=21 dB, typical system sensitivity values have
been estimated by using noise factors, gains and losses in PBR
receiving chains based on commercial acquisition boards such
as National Instruments USRP devices [12]. As a result,
values ranging from -140 dBm to -150 dBm have been
obtained.

C.Excess Propagation Losses
The modeling of excess propagation losses is usually

carried out using electromagnetic simulators. In this work,
WinProp (AWE Communications GmbH) was used.

This software allows the selection of different propagation
models and the integration of GIS data in order to model the
relief of the area of interest. Assuming the already commented
radar scenario, the relief information is depicted in Fig. 6.

Torrespaña transmitter was selected as IoO due to its
location, height, global coverage, and power signal. In Table
III, the main features of the IoO and bistatic system
parameters are summarized.

TABLE III
SCENARIO MAIN PARAMETERS

Scenario Features Value

PBR Location Longitude: 40º25′16.64′′N
Latitude: 3º39′51.39′′W

IoO Location
(Torrespaña)

Longitude: 40°30'47.19"N
Latitude: 3°20'55.02"W

IoO ERP
(Equivalent Radiated Power) 20 kW

IoO Working Frequency
(DVB-T) 478 – 782 MHz

Base-Line (L) 28 km

The simulation of both system paths, IoO-Target and
Target-PBR, is required in order to obtain an accurate
estimation of the received echo signal power at the PBR
receiver surveillance channel.

The available IoO power estimated by WinProp at each
point of the defined area of interest, pIoO-target in (2), is depicted
in Fig. 7. The target BRCS and the estimation of the excess
propagation losses along the IoO-Target path were considered.

2

24 4
T T

IoO target IoO target
T

p gp l
R

λ
π π (2)

The estimation of the excess propagation losses along the
target-PBR requires new estimations that overload the
processing system, and an increased computational time. In
the next section, an approximated method is proposed and
evaluated.

(a)                                                         (b)

Fig. 6 Relief map (a), and selected area of interest (b)
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Fig. 7 IoO available power (dBm) at each point of the area of interest

III. RESULTS

As an intermediate approach between the application of the
simplest model, where the excess propagation losses are
assumed lIoO-target = ltarget-PBR=1, and a complete model that
estimates both losses, a hybrid solution is proposed by
combining the estimated lIoO-target, and free space losses for the
target-PBR path.

La
tit

ud
e

Longitude
-3.8 -3.6 -3.4 -3.2 -3

40.2

40.3

40.4

40.5

40.6

40.7

40.8

40.9

Fig. 8 Estimation of the power received at the PBR considering a car
with BRCS equal to -0.365 dBsm, a gR of 15 dB and ltarget-PBR=1

Fig. 9 Iso-power level at PBR receiver curves associated to Fig. 8

As a result, coverage areas are not the expected Cassini
ovals due to the relief effect over the first path losses. The
power received at the PBR considering a car with BRCS equal
to -0.365 dBsm, and a receiving antenna gain of 15 dB, is
represented in Fig. 8. The associated iso-power levels at PBR
receiver curves are shown in Fig. 9.

The coverage masks for receiver sensitivities equal to -140
dBm and -150 dBm are depicted in Figs. 10 and 11
respectively. Signal level increases as the target approximates
the IoO. This is an effect of the applied approximation: target
locations closer to the IoO have a longer RR distance, and the
free space propagation model is assumed for a longer path,
giving rise to a fictitious power level increases due to the
unconsidered excess propagation losses. This effect is less
important in target locations closer to the PBR, because in
these points, RR (Target-PBR path) giving rise to a
comparatively lower estimation error due to the difference
between free space and excess propagation losses. However,
the non-uniform relief could modify this effect through local
regions with high propagation altering conditions.

La
tit

ud
e

Longitude

Fig. 10 Coverage mask for a sensitivity equal to -150dBm obtained
using the approximated method
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Fig. 11 Coverage mask for a sensitivity equal to -140dBm obtained
using the approximated method

IV. CONCLUSION

The general problem of the estimation of passive radar
coverage areas was considered in this work. The detection of
terrestrial vehicles using UHF signals in the DVB-T frequency
band was the defined case study. A semi-urban radar scenario
was selected to evaluate the impact of irregular reliefs in the
propagation losses.

Three key elements of the bistatic radar equation were
analyzed: the excess propagation losses along IoO-target and
target-IoO paths, the minimum signal level required at the
receiver input, and the target bistatic RCS.

The estimation of maximum, minimum, and average
BRCSs of three different commercial cars was carried out by
taking into consideration two approaches: the first one
assuming a global analysis, and the second one using fixed
bistatic angles coherent with the region under study. The
results revealed really low values combined with low Doppler
shifts which will complicate detection tasks significantly.

A complete study of the excess propagation losses along the
IoO-target path using an electromagnetic simulation, reveals a
big deformation of the theoretical Cassini ovals. Due to the
complexity of the estimation of the target-PBR path excess
losses, the impact of assuming free space propagation along
this path was analyzed. Results prove that the associated error
depends on the scenario relief and on the considered target
position, being lower for locations at lower distances from the
receiver.
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Abstract—CFAR (Constant False Alarm Rate) detectors were
designed and evaluated in non-homogeneous DVB-T (Digital Video
Broadcasting-Terrestrial) passive radar scenarios. The CA-CFAR
(Cell-Averaged CFAR) is the most widespread incoherent CFAR
technique. CA-CFAR detector is optimal under the assumption of
homogeneous interference, but CA-CFAR performance is degraded
when this assumption is not fulfilled. As an attempt to design CFAR
algorithms in non-homogeneous environment, VI-CFAR (Variability
Index-CFAR) was proposed. CA-CFAR and VI-CFAR detectors
were designed and evaluated in a simulated and real passive radar
scenarios. The real data were acquired by IDEPAR demonstrator, a
DVB-T passive radar system. Results confirm the suitability of VI-
CFAR based solutions in passive radar scenarios providing detection
probabilities much higher than the detection capabilities associated
with CA-CFAR.

Keywords—Constant False Alarm Rate Techniques, Passive Radar
System, Radar signal processing

I. INTRODUCTION

In recent years, the availability of new technological solu-
tions has increased the interest of Passive Radar (PR) systems
as an alternative solution to anticipate and prevent the multiple
threats that European society faces, such as crime, terrorism or
management of natural disasters. A PR is a radar system whose
main objective is to detect targets and to estimate parameters
(such as position or velocity) using commercial broadcast,
communications systems (digital television, FM radio, digi-
tal audio, mobile phone, etc), and radar or radio-navigation
signals as illumination sources, rather than using a dedicated
radar transmitter [1]. These radars are multi-static systems
composed of a receiver element and one or more Illuminators
of Opportunity (IoOs) available in the environment.

In PR systems, multi-channel reception schemes are im-
posed due to the bistatic geometry of the radar and the lack
of control over the transmitter. Usually, two channel are used:
reference channel (to acquire the transmitted signal by the IoO)
and surveillance one (to capture the target echoes). This kind
of radars is based on the correlation of the delay and Doppler-
shifted copies of the received signals from the IoOs and the
target echoes, generating the Cross Ambiguity Function (CAF)
at the output of the processing stage. The CAF will be a key
tool to estimate the bistatic range and Doppler shift of the
target in the detection stage.

Although PR systems present many advantages over active
ones (low development and maintenance cost, low probability

of intercept, small size, low weight, and easily deployed),
high complexity processing signal systems are required to
detect targets and extract their information due to the use
of uncontrolled transmitters, multi-static geometry and signals
that are not designed for radar applications.

In PR scenarios, the radar detection problem to be solved
can be formulated as a binary hypothesis test, where the
detector has to decide between target absence (null hypothesis,
H0) and target presence (alternative hypothesis, H1). The
Neyman-Pearson (NP) detector is extensively applied in radar
problems, which maximizes the Probability of Detection (PD)
maintaining the Probability of False Alarm (PFA) lower than
or equal to a given value [2].

A possible implementation of the NP detector consist in
comparing the Likelihood Ratio (LR), Λ(z̃) , to a detection
threshold estimated according to PFA requirements (ηlr) [3],
as is expressed in (1). Where z̃ is the complex observation
vector provided by the radar receiver, and f(z̃|H0) and
f(z̃|H1) are the detection problem likelihood functions under
both hypotheses.

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηlr(PFA) (1)

This approach requires a complete knowledge of the likeli-
hood functions, and significant detection losses appear when
the actual target and/or interference models differ from those
assumed in the LR detector design [4] [5].

In passive radars, the processing stage provides the CAF
that allows the estimation of the range and Doppler of a
target in the following detector stage. The input to the target
detector is a set of M range-Doppler surfaces, one per each
Pulse Repetition Interval (PRI). For detecting a low fluctuating
target in AWGN (Additive White Gaussian Noise), the squared
magnitude of the output of the CAF, sampled at the instant
where the ratio between the instantaneous power of the output
signal to the average power of the output noise is maximum, is
a sufficient statistic (the Doppler shift of the input signal with
respect to the matched filter impulse response was assumed
equal to zero).

Actually, moving targets with unknown Doppler are as-
sumed. The result of the cross-correlation between the refer-
ence channel and the surveillance channel signals, is the ambi-
guity function of the transmitted signal, scaled and shifted to
be centered on the time delay and Doppler shift corresponding
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to the bistatic range and radial velocity of the target. So, for
each range-Doppler cell, a threshold can be calculated as a
function of the thermal noise of the system. However, in the
target echo, clutter and interference residuals are inevitably
present along all the system. If the detection threshold is
calculated assuming only the thermal noise contribution, the
clutter and other interference residuals would give rise to an
increase on the PFA value.

In radar literature, conventional radar detection schemes
based on Constant False Alarm Rate (CFAR) techniques are
applied to maintain the desired PFA at a constant level in
spite of clutter parameters variations. This parametric solution
works on a cell by cell basis, estimating statistics of the inter-
ference by processing a group of reference cells close to the
CUT (Cell-Under-Test) and adjusting the detection threshold
according to the background interference [6]. However, the
CFAR detection capabilities decrease significantly when the
clutter and/or target statistical parameters are different from
that assumed.

In some scenarios, a non-homogeneous environment due to
the presence of multiple interfering targets and/or clutter edges
is presented. In this case, a CA-CFAR detector suffers high
performance degradation and do not guarantee the required
PFA. If one or more targets seep in the reference cells, the PD

decreased due to an increment in the adaptive threshold. The
clutter edge effects are quite similar than target interference,
mainly when low power is placed in CUT. In addition, range-
doppler maps associated with PR systems are characterized
by the high power samples along range dimension for zero
Doppler shift (due to the Direct Path Interference (DPI)
generated by the IoO, the ground clutter and the strong
radar echoes provided by the big buildings) that can mask
targets with low Doppler values. Some solutions have been
proposed in the literature as an attempt to design CFAR
algorithms in non-homogeneous environment. Great-Of CFAR
(GO-CFAR) offers better performance in the clutter edge
case, but it degrades the PD in interference target scene. The
Small-Of CFAR (SO-CFAR) [6] reduces the target masking
problem selecting the smallest reference window, furthermore
when targets are placed in both reference windows, it gets
a reduction in terms of PD. Thus, with small number of
reference cells and homogeneous environment, its behavior
is worse than CA-CFAR and GO-CFAR techniques.

Other approach known as Variability Index CFAR (VI-
CFAR) is proposed in [7]. It is based on the CA-CFAR,
GO-CFAR and SO-CFAR techniques, and it provides a better
performance in both homogeneous and non-homogeneous
situations of clutter. VI-CFAR selects the group of reference
cells as leading half or lagging half of reference cells, or all the
available reference cells. Using this previous classification, this
CFAR technique provides lower CFAR losses in homogeneous
environment and robustness in non-homogeneous scene.

In this paper, CA-CFAR and VI-CFAR based detectors were
evaluated in a DVB-T PR urban scenario. Different windowing
techniques are used for estimating the background statistics:

• One-dimensional (1D) window: the reference window
extends along range or Doppler dimension.

• Two-dimensional (2D) window: independent detectors

using 1D reference windows along range and Doppler
dimensions were combined using the AND operator in
order to declare a target if and only if both detectors
have decided in favour of H1.

The real radar data analyzed in this paper were acquired by
a technological demonstrator developed under project IDE-
PAR (Improved Detection techniques for Passive Radars),
funded by the Spanish Ministry of Economy and Competitive-
ness (TEC2012-38701) [8]. This system is a passive bistatic
radar that uses Digital Video Broadcasting-Terrestrial (DVB-
T) transmitters as IoOs. The radar scenario was located at the
roof of the Polytechnic School (University of Alcalá), with
the objective of detecting terrestrial vehicles. Results confirm
that the VI-CFAR based detectors provides in passive radar
scenarios a higher probability of detection, controlling CFAR
losses and fulflling the PFA requirement, than the conventional
CA-CFAR solution.

II. IDEPAR DEMONSTRATOR: DVB-T PASSIVE RADAR
SYSTEM

A. IDEPAR Demonstrator Description

The IDEPAR (Improved Detection techniques for Passive
Radars) project is a technological demonstrator developed in
the Superior Polytechnic School of the University of Alcal,
funded by the Spanish Ministry of Economy and Competitive-
ness under project TEC2012-38701 [8]. The main objective
of this project is to carry out an intensive research in order
to improve the detection capabilities of passive radars, taking
into consideration the detection of aerial and terrestrial targets.

This system is a PR that uses a DVB-T transmitter as IoO,
in order to acquire real bistatic signals in the UHF (Ultra High
Frequency) band in a terrestrial radar scenario. The demonstra-
tor has been implemented using the basic architecture of a PR,
where the following components have been considered:

• Commercial antennas: one for the reference channel and
one for the surveillance one. These antennas have been
selected to have good gains, high return losses and high
front-to-back ratios for the frequency band under study.

• The receiving chain is composed of commercial daughter
boards, Analog-to-Digital Conversion (ADC) systems,a
synchronization unit, and the required drivers for storing
the acquired digitized samples in RAM (Random-access
memory) in real time.

• Signal processing stage: Different signal processing algo-
rithms have been implemented, in order to perform the
test and assessment of the hardware components. In this
work, the output of the CAF stage is analyzed to define
suitable statistical models for detector design.

The IDEPAR demonstrator has been designed to acquire
three consecutive channels to improve the system resolution.
The filtering, processing and detection stages have been imple-
mented off-line. In [8], more information about the IDEPAR
demonstrator such as reception and processing stages, or
system coverage and resolutions is detailed.
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Meco Road 

Cooperative 

Target 

R2 Highway 

Fig. 1. Radar scenario. Green area: area of interest with a beamwidth equal to 30◦ . Orange area: area of interest with a beamwidth equal to 60◦

B. Passive Radar scenario

The radar scenario was located at the roof of the Polytechnic
school of the University of Alcalá, with the objective of
detecting terrestrial vehicles. The Torrespaña transmitter was
selected as IoO after a complete study of the available IoOs
using WinProp software. In Figure 1 the Area of Interest (AoI)
defined by the 3dB beamwidth of the receiver antenna (30◦)
is depicted together with the AoI associated with a beamwidth
equal to 60◦. The Meco road and the R2 highway are marked
in brown and blue respectively. This scenario is characterized
by the presence of big buildings with metal structure and a
high traffic around them. In this paper, the data acquired on
February 13, 2014 were used in the analysis.

In the experiment, a set of 30 seconds acquisitions were
recorded. For each data acquisition, 120 range-Doppler matri-
ces were generated using the following processing parameters:

− PRI: 250 ms.
− Integration time: 250 ms.
− CAF size: 401 Doppler shifts, fd ∈ [−799.744; 799.744]

Hz and number of range bins equal to 1000 correspond-
ing to a coverage distance of 9.45 km in the pointing
direction.

In Figure 2, the normalized intensity (dB) of the output
of the CAF stage for the PRI 1 is shown. As we can see,
samples along range dimension for zero Doppler shift present
high power values due to the Direct Path Interference (DPI)
generated by the IoO, the ground clutter and the strong
radar echoes provided by the big buildings. In this Doppler
shift and the Doppler cells close to it, a non-homogeneous
environment is considered. The range-Doppler matrix was split
into different regions following a subjective criterion based
on mean level estimation and the target position (Figure 2):
Regions 1-A and 1-B correspond to high Doppler shift values

 
Range bin

D
o

p
p

le
r 

[H
z
]

 

 

200 400 600 800 1000

-800

-600

-400

-200

0

200

400

600

800 120

130

140

150

160

170

180

190

200

Region 1-A 

Region 2-A 

Region 2-B 

Region 1-B 

Region 3 

Fig. 2. Range-Doppler matrix of the recorded data

(fd ∈ [−799; −200] Hz and [200; 799] Hz respectively),
Regions 2-A and 2-B are the target areas (fd ∈ [−200; −40]
Hz and [40; 200] Hz respectively) and Region 3 contains the
zero Doppler shift (fd ∈ [−40; 40] Hz).

C. Case Study: Interference Statistical Analysis

For characterizing statistically the input of the radar detec-
tors and the radar scenario detailed in the previous section,
the Empirical Cumulative Distribution Function (ECDF) of
the samples at the output of the PR processing stage (CAF
matrix) was estimated and compared to those different theo-
retical distributions used in the radar literature to model the
overall amplitude and/or intensity of the radar data [9]. Non-
parametric tests such as the two-sample Kolmogorov-Smirnov
(KS-test2) and the two-sample Cramér-von-Mises (CM-test2)
criteria were applied to analyze the CDF applicability. Both
methods are based on the estimation of the distance between
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Fig. 3. ECDF and Exponential CDF for the intensity of the recorded data

the empirical and theoretical CDFs, which will be compared
to a threshold selected according to the significance level (the
probability to reject H0 when is true), α, and the samples sizes
[9].

For saving space, only the results obtained for one PRI
of only one acquisition was studied. The results can be
extended to the rest of acquisitions. The range-Doppler matrix
depicted in Figure 2 was analyzed, carrying out an independent
statistical analysis for each region.

In Table I, the theoretical distributions that fulfill the consid-
ered goodness-of-fit test with a 5% of the significance level
for the intensity of the recorded data are presented. Results
show that Regions 1 and 2 follow a Exponential distribution,
so a Gaussian clutter model is suitable. Because of that, a
Gaussian model with zero mean and an associated clutter
power pc = σ2 ≃ 1.063 ·10−6 for the in-phase and quadrature
components was considered to design the detection stage.

Due to PR systems provide a zero Doppler, a non-
homogeneous environment is considered in Region 3. This
zero Doppler line has a mean power pZD

c = 0.0046 for the
in-phase and quadrature components, almost 36 dB higher than
the clutter power associated with Regios 1 and 2. These results
can be checked in Figure 3, where the ECDF of the intensity
and the Exponential CDF for Regions 1-A, 2-A and 3 are
depicted.

In the considered radar scenario, terrestrial vehicles ap-
pear in the Regions 2-A and 2-B. The relationships between
target and clutter power can be described as the Signal-to-
Interference Ratio (SIR = 10 log10(ps/(pc + pn), where pn

is the noise power obtained using the Clutter-to-Noise Ratio,
CNR = 10 log10(pc/(pn)).

III. 1D CFAR TECHNIQUES IN HOMOGENEOUS AND
NON-HOMOGENEOUS INTERFERENCE BACKGROUNDS

A. Cell Averaged CFAR (CA-CFAR)

The objective of CFAR detector is to maintain constant
the false alarm probability even though noise and/or clutter
variations exist in the receptor. This technique produces a
threshold for each cell, adapting it against the noise and/or
clutter around itself [10]. The threshold is set on a cell-by-cell
basis, estimating interference statistics by processing a group
of reference cells close to the CUT. Guard cells at both sides
of the CUT are defined to avoid target echoes in the estimation

TABLE I
THEORETICAL MODELS THAT FULFILL THE GOODNESS-OF-FIT TESTS FOR

THE INTENSITY OF THE RECORDED DATA

Region
Intensity

Distribution Parameters

Region 1-A Exponential λ = 4.677 · 105

Region 2-A Exponential λ = 4.683 · 105

Region 3 * *

Region 2-B Exponential λ = 4.702 · 105

Region 1-B Exponential λ = 4.602 · 105

 

Fig. 4. CFAR detector general scheme

of the clutter parameters. In Figure 4, the general operating
scheme of CFAR detectors is presented, where:

• q0 is the Cell Under Test (CUT).
• [q1, q2, ..., qN ] are the reference cells.
• T is the multiplier factor fixed according to PFA require-

ments.
• Cell selection logic is the rule defined by the type of

CFAR detector.
• Tq is the adaptive threshold obtained by the product of

T and the output of the cell selection logic.
Depends on how the adaptive threshold is computed, there

are different CFAR detectors: Cell Averaging CFAR (CA-
CFAR), Greatest Of CFAR (GO-CFAR), Smallest Of CFAR
(SO-CFAR), Ordered Statistic CFAR (OS-CFAR) or Trimmed
Mean (TM-CFAR) [6]. More recently, the Mean-to-Mean
Ratio (MMR) test [11] and an Automatic Censored Cell
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Averaging (ACCA) CFAR detector have been proposed. Some
works dealing with fuzzy CFAR detector has been reported in
the literature [12].

The CA-CFAR (Cell-Averaged CFAR) is the most
widespread incoherent CFAR technique, whose thresholding
constant can be calculated using 2. This detector is optimal
under the assumption of independent and identically dis-
tributed samples with exponential probability density function
[13]. These conditions are fulfilled when the interference is
homogeneous white Gaussian noise (whose squared magnitude
is exponentially distributed). In this case, the size of the
reference window determines the noise power estimation error,
and as this size increases, the detection probability approaches
that of the optimum detector with a fixed detection threshold.

T = (PFA)
−1
N − 1 (2)

As the size of the reference cells increases, the PD ap-
proaches that of the optimum detector which is based on a
fixed threshold. In homogeneous clutter, the CFAR detector
requires a higher Signal to Interference Ratio (SIR) than the
fixed threshold detector, due to the estimation of the clutter
parameters using a set of N samples. This SIR increase is
known as CFAR losses [13]. This parameter is very important
for small values of N . On the other hand, big reference
windows can increase the probability of enclosing target
echoes, terrain returns (in coastal areas) or clutter returns from
areas too far from the CUT. So a compromise solution must
be determined, taking into consideration the characteristics of
the radar scenario and the system resolution.

CA-CFAR performance degrades when the assumption of
homogeneous reference window is violated. Different mod-
ifications have been proposed to overcome the problems
associated with non-homogeneous noise backgrounds. They
are intended for maintaining the desired PFA when in the ref-
erence window the variance of the exponential noise samples
changes (clutter edge) or there is any target. In all cases, the
only interference present at the input of the envelope detector
is assumed to be white Gaussian noise.

B. Variability Index CFAR (VI-CFAR)

Variability Index CFAR (VI-CFAR), proposed in [7], pro-
vides an adaptive threshold depending on the outcomes of the
Variability Index (VI) and the Mean Ratio (MR) hypothesis
tests achieving a good performance in both homogeneous and
non-homogeneous situations of clutter.

In Figure 5, the VI-CFAR block diagram is depicted. The
in-phase and quadrature (I and Q) signals are the entries of a
square-law envelope detector. Like in the CA-CFAR technique,
VI-CFAR method estimates the interference power in groups
of cells surrounding the CUT and divides the group of refer-
ence cells as leading half (window A) or lagging half (window
B) of reference cells. In this Figure, N + 1 samples which
correspond to N reference cells and a CUT (q0) and the guard
cells that are needed in order to prevent the reference cells
corruption due to target power in the CUT are also presented.
The adaptive threshold is computed as a constant multiply
by the background noise/clutter power estimation. VI-CFAR

 

Fig. 5. VI-CFAR block diagram

detector estimates this power using a group of reference cells,
in the same manner as CA-CFAR. The difference between
them is that VI-CFAR split all available reference cells in two
parts as commented, and decides between window A, B and
all cells combination (window A-B). Shifting the content of
the sample cells, VI-CFAR produces a decision for each CUT.

The statistic VI and the ratio MR are utilized by the VI-
CFAR to determine the clutter homogeneity in the reference
cells and select the best window or combination used for
noise/clutter power estimation, respectively.

The VI threshold, considered as a second-order statistic, is
computed for each window, leading (window A) and lagging
(window B) using equation (3), where X̄ is the arithmetic
mean of the n = N/2 cells in each half-window.

V I∗ = 1 +
σ̂2

µ2
= 1 +

1

n
·

n∑

i=0

(Xi − X̄)2

X̄2
= n ·

i=1∑

n

X2
i

(
i=1∑

n

Xi

)2

(3)
VI value is compared to KV I threshold using the rule (4),

deciding if CUT is placed in a homogeneous (non-variable)
or non-homogeneous (variable) environment.

V I ≤ MR ≤ KV I ⇒ Nonvariable
V I > MR ≤ KV I ⇒ V ariable

(4)

The MR is defined as the mean values ratio in both windows
as shown in (5). Where

∑
i∈A Xi and

∑
i∈B Xi are the mean

values for A and B window, respectively. These values increase
when the presence of interfering target or clutter edge is placed
in the A or B window, respectively.

MR =
X̄A

X̄B
=

∑

i∈A

Xi

∑

i∈B

Xi

(5)

Decision rule expressed in (6) is used to decide if the means
in both windows halves are the same or different.
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TABLE II
SELECTION THE ADAPTIVE THRESHOLD FOR THE VI-CFAR DETECTOR

Decision
Window

Variable

Different

Means

VI-CFAR

Adaptive Threshold

1 None No CN · ∑AB

2 None Yes CN/2 · max(
∑

A,
∑

B)

3 Leading - CN/2 · ∑B

4 Lagging - CN/2 · ∑A

5 Both - CN/2 · min(
∑

A,
∑

B)

K−1
MR ≤ MR ≤ KMR ⇒ Same Means

MR < K−1
MR or MR > KMR ⇒ Different Means

(6)

VI-CFAR detector uses the outcomes of both VI and MR
hypothesis tests, for adapting the threshold as is shown in
Table II. The multiplier constant is either TN or TN/2 where
N corresponds to the number of reference cells in the complete
window. If either leading or lagging half window is selected,
the multiplier TN/2 is used. These values are computed using
equation (2) which is based on the number of reference cells
and the desired PFA.

The values KV I and KMR are chosen such that there is
a high probability that the hypothesis test outcomes in a ho-
mogeneous environment will decide that each half window is
non-variable and has the same mean as the other half reference
window, respectively. These probabilities could be written by
(7) and (8), where α0 is defined as the error probability of
classifying wrongly a homogeneous environment ranking as
variable, and β0 corresponds to the MR hypothesis test such
that the means in both half windows are classified as different
in a homogeneous environment. For reasonable performance
in a non-homogeneous clutter, α0 should be no larger than 5
to 10 times the desired PFA. In practice, typical values of β0

will not exceed 0.1 [7].

α0 = P [ V I > KV I | Homogenous Env.] (7)

β0 = 1 − P [
1

KMR
≤ MR ≤ KMR| Homogenous Env.]

(8)
If the thresholds KV I and KMR increase, VI-CFAR gives

a higher probability of making a correct decision when the
environment is homogeneous but it decreases in terms of
sensitivity for detecting non-homogeneous environments. The
VI-CFAR detector presents also CFAR losses due to the use of
a set of N samples to estimate the clutter background. The VI-
CFAR technique provides slightly higher CFAR losses in ho-
mogeneous environments and robustness in non-homogeneous
backgrounds.

TABLE III
ESTIMATED KV I AND KMR VALUES FOR A DESIRED PF A = 10−5 IN

THE CASE STUDY (pc = 1.0630 · 10−6 , α0 = 3.3 · 10−5 AND β0 = 0.08).

N = 8 N = 16 N = 32 N = 64

KV I 3.874 5.754 6.174 5.236

KMR 3.746 2.472 1.876 1.556

C. Minimum required SIR in homogeneous and non-
homgeneous scenarios

For evaluating the detection capabilities of the both detec-
tors under study, detection curves (PD vs SIR for a desired
PFA) were estimated assuming the following considerations:

• N = {8, 16, 32, 64} reference cells were analyzed.
• PFA = 10−5 was selected.
• Montecarlo simulations were performed, guaranteeing

an estimation error lower than 10% (105 samples were
generated).

• According to the statistical analysis carried out in sec-
tion II-C, Gaussian clutter samples with pc ≃ 1.063·10−6

for the in-phase and quadrature components was consid-
ered. A Clutter to Noise Ration (CNR) equal to 20 dB is
assumed to generate the interference signal without loss
of generality.

• The extended Swerling II model was used to model the
CUT as point target echoes acquired by passive radars
[14]. SIRs ranging from 0 dB to 30 dB are studied.

• For the VI-CFAR detector, KV I and KMR parameters are
estimated using Montecarlo simulations and the expres-
sions (7) and (8), respectively. In Table III, the estimated
values for the different number of reference cells are
summarized, assuming α0 = 3.3 · 10−5 and β0 = 0.08
(values recommended in [7]).

Two different data sets were generated in order to ana-
lyze the detection performance under homogeneous and non-
homogeneous environments:

• Data set 1 - Homogeneous clutter: the pattern is a
matrix (65x105) containing 64 reference cells generated
assuming Gaussian clutter samples with pc uniformly
distributed and CNR = 20 dB, and a CUT generated
under H1 hypothesis with SIR belonging to [0, 30] dB.
In figure 6(a), the intensity of the data set 1 is presented.

• Data set 2 - Non-homogeneous clutter: as in the previous
data set,the pattern is a matrix (65x105) containing 64
reference cells and the CUT generated assuming H0 and
H1 hypothesis. In this case, the 43th cell were replaced
by a Gaussian clutter with pc = 0.0046 and CNR = 20
dB in order to generate a non-homogeneous environment
similar to typical radar-doppler maps of PR systems. In
figure 6(b), the intensity of the data set 2 is depicted.

In Figure 6, the red, purple, orange and blue rectangles
corresponds to N = 8, 16, 32, 64 reference cells, respectively.
In the non-homogeneous simulation (Figure 6(b)), reference
cells equal to 32 and 64 includes the clutter samples with
higher clutter power that can lead to an over-estimation of the
adaptive threshold in the considered CFAR detectors.
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Fig. 6. Data sets generated to analyze the CFAR detection performance. Red: N = 8. Purple: N = 16. Orange: N = 32. Blue: N = 64
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Fig. 7. Detection curves for PF A = 10−5 in homogeneous clutter. Solid
line: CA-CFAR detector. Dash line: VI-CFAR detector

In Figures 7 and 8, the estimated detection curves for
Data set-1 and Data set-2 are depicted, respectively. In a
homogeneous environment, CA-CFAR and VI-CFAR detec-
tors present similar detection performances. In both cases,
as the number of reference cells increases, the CFAR losses
decreases. VI-CFAR presents worse detection capabilities due
to probability of making a decision distinct from 1 (Table II),
where the number of reference cells used to estimate the
adaptive threshold is reduced to N/2, so the CFAR losses
are higher than the CA-CFAR basic detector. In the non-
homogeneous environment, Figure 8(a) shows the N = 8
and N = 16 reference cells performance, where the reference
window is composed of homogeneous interference samples
(red and purple rectangles in Figure 6(b)). As we expect,
CA-CFAR and VI-CFAR detectors provide same detection
capabilities as in the homogeneous environment. However, in
Figure 8(b), detection curves for N = 32 and N = 64 (orange
and blue rectangles in Figure 6(b)) show the robustness of the
VI-CFAR against non-homogeneous conditions, maintaining
the detection capabilities.

TABLE IV
SIR REQUIRED FOR PD = 80% AND PF A = 10−5 IN HOMOGENEOUS

ENVIRONMENT

N = 8 N = 16 N = 32 N = 64

CA-CFAR Detector 20.6 dB 18.7 dB 17.9 dB 17.4 dB

VI-CFAR Detector 21.3 dB 19.1 dB 18.1 dB 17.6 dB

TABLE V
SIR REQUIRED FOR A PD = 80% AND PF A = 10−5 IN

NON-HOMOGENEOUS ENVIRONMENT

N = 8 N = 16 N = 32 N = 64

CA-CFAR Detector 20.6 dB 18.7 dB > 30 dB > 30 dB

VI-CFAR Detector 21.3 dB 19.1 dB 18.8 dB 17.9 dB

In Tables IV and V, the minimum SIRs required for PD =
80% and PFA = 10−5 in homogeneous and non-homogeneous
conditions are summarized. As we can see, CA-CFAR and VI-
CFAR detectors provide similar detection capabilities when
homogeneous interference is considered. However, for N =
32 and N = 64 in non-homogeneous environment, the CA-
CFAR detector performance decreases significantly (for N =
32 and SIR = 30 dB, the PD is equal to 33.55%. Under same
conditions, for N = 64 and SIR = 30 dB, the PD is equal
to 53.60%).

As a compromise solution between CFAR loss and CUT-
reference cells distance and taking into consideration the
characteristics of the radar scenario and the system resolution,
N = 32 is selected to estimate the clutter background and the
adaptive threshold in the considered radar detectors.

IV. EXPERIMENTAL RESULTS

A. CFAR Techniques in a simulated scenario

In this paper, different windowing techniques were con-
sidered for estimating the background statistics in the CFAR
techniques:

• 1D Range CFAR detectors: the reference window extends
along range dimension. The clutter power estimation can

INTERNATIONAL JOURNAL OF SYSTEMS APPLICATIONS, ENGINEERING & DEVELOPMENT Volume 10, 2016

ISSN: 2074-1308 346



0 5 10 15 20 25 30
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SIR (dB)

P
d

 

 

N = 8

N = 16

N = 8

N = 16

(a) Homogeneous reference cells

0 5 10 15 20 25 30
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SIR (dB)

P
d

 

 

N=32
N=64
N=32
N=64

(b) Non-homogeneous reference cells

Fig. 8. Detection curves for PF A = 10−5 in non-homogeneous clutter. Solid line: CA-CFAR detector. Dash line: VI-CFAR detector

lead to false alarms due to strong returns, spread over
Doppler dimension, associated with IoOs multipath.

• 1D Doppler CFAR detectors: the reference window ex-
tends along Doppler dimension. This solution can present
false alarms associated with clutter echoes presented
along range dimension for zero Doppler shift due to DPI
and big metal buildings. In addition, these high returns
can increase the estimated CFAR threshold and can mask
targets with low Doppler values.

• 2D Range & Doppler CFAR: the combination of the
outputs generated by both detectors has been considered
to improve the detection performance. The AND logical
operation has been applied in order to declare a target
if and only if the target has been declared previously by
both detectors.

Simulated scenario was considered to evaluate the 2D Range
& Doppler CA-FAR and VI-CFAR using the characteristics
of the radar scenario described in Section II-B and the clutter
statistical parameters estimated in Section II-C maintaining a
ratio of almost 36 dB between mean clutter power of Zero
Doppler line and the Regions 1 and 2. Two Swerling II model
targets with a SIR of 19 dB, associated to a PD higher than
80% for PF A = 10−5 with 32 reference cells (Tables IV and
V), were also simulated and represented in Figure 9. Target 1 is
centered in 100th range cell with -40 Hz Doppler and Target 2
is centered in 200th range cell with -180 Hz Doppler. N = 32
reference cells were considered in both dimensions.

Figure 10 presents the detection results provided by 2D
Range & Doppler CA-CFAR detector where the bottom figures
correspond to zoomed areas of the Range-Doppler detection
maps centered on the targets location. Although 1D Range
CFAR scheme is able to detect both targets (Figure 10(d)), the
target 1 is miss-detected by the 1D Doppler CFAR solution
(Figure 10(e)) and consequently by the 2D Range & Doppler
CFAR one (Figure 10(f)). This behavior is explained taking
into consideration that target 1 is located in the blind area of
the 1D Doppler CFAR associated to the considered reference
cells (N = 32) and the estimated threshold when range cells
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Fig. 9. Simulated Range-Doppler map with two Swerling II targets

of zero Doppler shift are included in the reference ones.
In Figure 11 the detection improvement associated with VI-

CFAR based detectors is presented. As the VI-CFAR can adapt
the threshold estimation in function of the homogeneity of the
clutter in the reference cells, target 1 is also detected with the
1D Doppler CFAR scheme (Figures 11(b) and 11(e)). Then
2D Range & Doppler VI-CFAR detector (Figure 11(f)) clearly
outperfoms 2D Range & Doppler VI-CFAR one (Figure 10(f)).

B. CFAR Techniques in DVB-T passive radar real data

In this Section CA-CFAR and VI-CFAR based detectors are
evaluated using real data acquired by IDEPAR demonstrator
described in Section II. Results are presented as the superim-
position of the detector outputs in the 120 PRIs (acquisition
time equal to 30 sec.). This superimposition allows the visual
estimation of the targets trajectory, and displays all the false
alarms detected through all PRIs.

To estimate PFA and PD , ground-truths at the output of
the detector are required, but due to the complex nature of the
electromagnetic back propagation process, targets dynamics
and radar system, the real ground-truth is not available. Using
the methodology described in [8], a ground-truth was gener-
ated for each CFAR detector using GPS data of cooperative
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Fig. 10. Considered CA-CFAR techniques applied to the simulated scenario

vehicles and visual information about non-cooperative targets
present in Meco road during the acquisitions. For estimating
the PFA, target and big buildings contributions in the range-
Doppler map were removed. Montecarlo techniques were
applied, guaranteeing an estimation error lower than 10%.

In [8] detection and tracking capabilities of the IDEPAR
demonstrator were verified. The considered detection schemes
were based on 1D Range, 1D Doppler and 2D Range &
Doppler CA-CFAR techniques. In order to avoid the blind
area associated with CA-CFAR based solutions the number
of reference cells in the Doppler dimension were very small
(N = 8) at expense of higher CFAR losses and decreasing
the detection probability. Figure 12 confirms the CA-CFAR
problem of detecting targets with low Doppler values.

2D Range & Doppler VI-CFAR is able to improve the
detection capabilities in the whole Range-Doppler map using
reference windows with size enough to control the CFAR
losses. The main advantage is that this scheme allows the
determination of non-homogeneous areas in both dimensions.
In Figure 13 the homogeneity decisions for PRI 1 are depicted
where the meaning of the decision values are described in
Table II. Clutter in range dimension is homogeneous with vari-
ation of clutter power means at both sides of CUT. Decisions
in Doppler dimension are clearly characterized by the Zero
Doppler line, making the decision 4 when leading (down) ref-
erence window included the Zero Doppler line and estimating
clutter power of lagging (up) reference window and making the
decision 3 when lagging (up) homogeneous reference window
included the Zero Doppler line and estimating clutter power
of leading (down) homogeneous reference window.

2D Range & Doppler VI-CFAR detection performance is
presented in Figure 14. Results show that the target trajectories
are better defined even for low values of Doppler shift and the

TABLE VI
PF A AND PD OBTAINED BY LR AND MLP DETECTORS WITH REAL

BISTATIC RADAR DATA.

PF A PD

CA-CFAR AND Detector 8.652 · 10−6 49.52%

VI-CFAR AND Detector 8.573 · 10−6 67.65%

big metal buildings are also detected. Table VI confirms the
suitability of the proposed VI-CFAR based detector in DVB-T
passive radar scenarios providing a PD much higher than that
associated with CA-CFAR based solutions, fulfilling the PFA

requirements.

V. CONCLUSION

CFAR detectors were designed and evaluated in non-
homogeneous DVB-T passive radar scenarios. In PR, the
processing stage provides the CAF that generates the range-
Doppler maps or inputs to the detector. These maps are char-
acterized by strong values in the range cells with zero Doppler
shift. In addition, in a radar scenario can be present multiple
interfering targets resulting non-homogeneous backgrounds.

Conventional radar detection schemes are based on CFAR
techniques to maintain the desired PFA at a constant level in
spite of clutter parameters variations. The CA-CFAR is the
most widespread incoherent CFAR technique. The detection
performance depends on the number of reference and the
estimation error of the clutter statistics. As the reference
window size decrease, CFAR losses are increased or the
required SIR to maintain a given PD is increased. CA-CFAR
detector is optimal under the assumption of homogeneous
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Fig. 11. Considered VI-CFAR techniques applied to the simulated scenario
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Fig. 12. 2D Range & Doppler CA-CFAR detector applied to the real data acquired by IDEPAR demonstrator
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Fig. 13. VI-CFAR homogeneity determination
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Fig. 14. 2D Range & Doppler VI-CFAR detector applied to the real data acquired by IDEPAR demonstrator

interference, but CA-CFAR performance is degraded when this
assumption is not fulfilled.

VI-CFAR was proposed to present robustness in homo-
geneous and non-homogeneous situations of clutter using
the outcomes of the VI and the MR hypothesis tests. This
combination provides slightly higher CFAR losses than CA-
CFAR one for the same number of reference cells in homo-
geneous clutter however the detection performance is clearly
outperformed in non-homogeneous scenarios.

Different CA-CFAR and VI-CFAR techniques were de-
signed:

• 1D Range CFAR detectors: the reference window extends
along range dimension.

• 1D Doppler CFAR detectors: the reference window ex-
tends along Doppler dimension.

• 2D Range & Doppler CFAR: independent detectors using
1D reference windows along range and Doppler dimen-
sions were combined using the AND operator in order to
declare a target if and only if both detectors have decided
in favour of H1.

The considered CFAR detectors were evaluated in a simu-
lated and real passive radar scenarios. The case study corre-
sponds to a measurement campaign carried out with the IDE-
PAR demonstrator, a DVB-T PR system. The radar scenario
was located at the roof of the Polytechnic School (University
of Alcalá), with the objective of detecting terrestrial vehicles.
The simulated scenario was generated using the same clutter
parameters as the real one with two Swerling targets with a
SIR that guarantee a PD higher than 80% for PFA = 10−5.
Results for CA-CFAR based solutions reveal a blind area
where targets with low values of Doppler shift are miss-
detected associated with the presence of the high power values
of range cells with zero Doppler shift in the reference windows
extended along the Doppler dimension.

Results provided by 2D Range & Doppler VI-CFAR con-
firm the suitability of this detector in non-homgeneous back-
grounds. The detection capability is very much better than
the CA-CFAR detection performances. The main contribution
of the considered 2D Range & Doppler VI-CFAR is the
decision maps in function of VI and MR values that allows

the capability of determining non-homogeneous areas in both
dimensions and estimating the adaptive threshold to provide
good detection probabilities controlling the CFAR losses.
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ABSTRACT

A fast non-parametric CFAR ship detector based on the statis-
tical modeling of sea clutter in SAR images is proposed. Typ-
ical CFAR detectors, like the double parameter model (DPM),
assume a Gaussian sea clutter model and usually degrade the
image resolution using target windows. The proposed detec-
tor works in a pixel-by-pixel fashion, adaptively selecting a
decision threshold for every single patch the SAR image is
divided into. Sea clutter is modeled using the Generalized
Gamma distribution. Therefore, the presence of different-
sized ships will not become an issue and they will be better
characterized, allowing the extraction of the target informa-
tion, which could be used for refocusing, feature extraction,
modeling and classification, while maintaining the resolution
of the SAR image.

Index Terms— Synthetic aperture radar, ship detection,
CFAR, clutter modeling.

1. INTRODUCTION

Synthetic aperture radars (SAR) produce high-resolution re-
mote sensing imagery using antennas installed aboard mo-
bile platforms as aircrafts or spacecrafts. Platform move-
ment is used to obtain a larger synthetic antenna and thus, an
improvement of the azimuth resolution is achieved. Among
the variety of SAR applications, the ones where the most
effort has been usually put into are the mapping of terrain
and sea surfaces and the detection and classification of point
and extended targets. SAR images can be acquired under
any weather condition and during day and night [1][2]. It
is for these reasons that SAR systems are powerful observa-
tion tools in those cases where the utilization of optical data is
restricted. However, automatic interpretation of information
contained in the reflected intensity of SAR data is not easy.
These difficulties are mainly due to speckle noise, which hin-
ders data interpretation with standard image analysis tools [3].

This work has been supported by the Spanish “Ministerio de Economı́a
y Competitividad” under Project TEC2012-38701. Test data were provided
by the German Aerospace Center (DLR) under Project COA0158.

Ship detection is a key problem in sea traffic control, fish-
ery management and ship search and rescue. Ship detection
has been traditionally carried out using patrol ships or air-
crafts, which are costly, with limited coverage area, and lim-
ited by weather conditions. Due to these characteristics, SAR
is a very useful tool for ocean surveillance. Ships are typi-
cally constructed from large flat metal sheets and hence are
usually radar bright and therefore detectable in SAR imagery.
While backscatter from the ship itself is the usual basis for
ship detection algorithms, other factors can also be taken into
account. Higher level information may be relevant too. For
instance: ocean going ships will tend to be larger and made
of metal whereas coastal boats will be smaller and may be
made from wood or fibre glass; oil slicks are often associated
with ships; and the location of shipping channels and regular
routes taken by ferries may be useful [4]. Adaptive thresh-
old algorithms are the most common ones for target detection
in radar imagery. The two most frequently used are the two
parameter CFAR (Constant False Alarm Rate) detector and
the cell-averaging CFAR detector. In [5] the two parameter
CFAR detector with a multiple pixel target window for de-
tecting ships in Radarsat-1 imagery is used. Eldhuset [6] also
applies this detector to SEASAT and ERS-1 SAR imagery.
The Double Parameter Model (DPM), which is based on the
combination of the two-parameter CFAR and the assumption
of Gaussian clutter by means of the Central Limit Theorem,
is presented and compared to other detectors in [7]. This spe-
cific detector will be used in this paper for comparison pur-
poses with the proposed one. Many other CFAR-based detec-
tors are explained in [8], [9], [10], [11], [12]. Even though
CFAR detectors represent the vast majority of ship detectors,
other detection approaches based on different techniques have
been studied: segmentation [13], wavelet transform [14], Rice
factor [15] and Neural Networks [16] [17].

CFAR detectors are based on an adaptive thresholding
where the modeling of SAR sea clutter becomes crucial in
order to enhance the performance of the ship detection. The
study of the most suitable model for SAR sea clutter is one
of the areas that has drawn more attention in the past years
and many results and conclusions have been published [18]

4426978-1-4799-8339-1/15/$31.00 ©2015 IEEE ICIP 2015



[19]. Some of these studies were taken into consideration for
the preparation of this paper in order to design a CFAR-based
detector where the focus is on the sea clutter distribution. In
[20], the modeling of sea clutter was used as a tool for the
definition of some statistical parameters suitable for sea clas-
sification. The Generalized Gamma distribution was proved
to be the most suitable for modeling the high variability of
SAR sea clutter within the considered dataset. Therefore, this
distribution will be considered in this paper for estimating an
adaptive threshold for a given probability of false alarm (Pfa).
Several sub-images selected from maritime TerraSAR-X im-
ages will be used to test the algorithm.

The paper is organized as follows: Section 2 is dedicated
to a brief explanation of the DPM detector; the proposed ship
detector is presented in Section 3; the images selected for
summarizing the detectors performance study are described
in Section 4 while the most relevant results are presented in
Section 5; and finally, Section 6 presents the main conclusions
of this work.

2. DOUBLE PARAMETER MODEL

The DPM algorithm [7] estimates the detection threshold for
a target area under test from the pixels contained in the sur-
rounding area [4]. This area, where the statistics are analyzed,
is formed by a ring of samples around the pixels under test,
called the background area. This setup includes a first sur-
rounding ring, called guard area, used to ensure that no pixel
of an extended target lies within the limits of the background
area. The Gaussian distribution is often considered because
the Central Limit Theorem states that the average of a large
enough number of identically distributed random variables
tends to be Gaussian [21] [22] [23]. However, it must be
noted that in order to comply with that statement, the reso-
lution of this detector will be set by the size of the target area.
The decision threshold is defined as follows:

µt > µb + σbt (1)

where µt is the mean of the target area, µb is the back-
ground mean, σb is the background standard deviation, and
t is a detector design parameter that controls the false alarm
rate.

3. PROPOSED DETECTOR

The detector proposed in this paper is a fast block CFAR
detector especially suitable for very-high-resolution SAR
images. As a first step, the area of interest is divided into
equally-sized patches, depending on the resolution and the
pixel spacing of the considered image. After this, the bright-
est pixels of each patch are filtered so that the remaining
pixels belong mostly exclusively to the sea surface, and a sta-
tistical modeling of the sea clutter is performed. It is widely

extended the assumption of a Gaussian model for the sea clut-
ter in this kind of detectors [21] [22] [23], and had the goal
been just the detection of the ship or the definition of an area
where the ship is contained, it would have sufficed; however,
in the spirit of making the most of the resolution current SAR
sensors can achieve, a heavy-tailed distribution is selected in
this paper, for it models better the SAR sea clutter distribution
[20] and therefore, a better and more accurate ship detection
is expected. It is for this reason that the Generalized Gamma
distribution is chosen to model the background clutter, whose
probability density function (pdf) is as follows:

y = f(x|k, ν, σ) =
|ν| kk
σΓ(k)

(x
σ

)kν−1

e−k(
x
σ )

ν

(2)

where k > 0 is the shape parameter, σ > 0 the scale
parameter and ν 6= 0 the power parameter. It can model both
amplitude and intensity fluctuations and has several special
cases: Rayleigh (ν = 2, k = 1), exponential (ν = 1, k = 1),
Nakagami (ν = 2), Gamma (ν = 1), lognormal (k → ∞)
and Weibull (k = 1).

With the parameters estimated in every patch, the cumu-
lative density function (cdf) of the clutter is modeled and by
means of a selected Pfa, a decision threshold inherent to the
patch under study is set. Thus, the selection of this threshold
is adaptively achieved, providing a good insight into the dif-
ferent states of the sea. What should be remarked about this
detector is its ability to detect ships with one-pixel-resolution,
as a good contrast to the DPM detector whose resolution is set
by the size of the target area. Therefore, not only will ships be
detected, but they will also be better defined, for information
about their size could be provided with more detail, and the
variability of ship size will not become an issue.

Another important problem in high-resolution SAR im-
agery is related to the fact that moving targets are unfocused.
ISAR techniques have been proposed for focusing ships, ex-
tracting dominant scatterers and other features intended for
classification purposes. The correct extraction of the infor-
mation related to the ship is a key issue for improving the
performance of these techniques, avoiding the use of sea clut-
ter returns. The detector proposed in this paper can fulfill this
complex requirement.

4. DATA SET DESCRIPTION

Two SAR images acquired by TerraSAR-X have been se-
lected (Figure 1): a MGD (Multi Look Ground Range De-
tected) image of Eastern Gibraltar and a GEC (Geocoded El-
lipsoid Corrected) image of the Strait of Gibraltar. Both im-
ages share the following acquisition parameters: the acqui-
sition mode is StripMap, with a spatially enhanced (SE) ge-
ometric resolution, descending orbit, horizontal polarization
(HH), ground range and azimuth resolutions of 3 meters and
pixel spacing of 1.25 meters [24].

4427



Fig. 1. SAR images used in this paper: left - Eastern Gibral-
tar (COA0158 project); right - Strait of Gibraltar (Airbus De-
fence and Space Sample Imagery).

5. RESULTS

Due to the paper length limitation, the results presented in
this paper correspond to just two sub-images, each one ex-
tracted from one of the two SAR images selected (Figure 2
top row). The sea surrounding the ships in these two images
clearly differs from one to another, leading to the need of a
robust detector in order to perform correctly in both situa-
tions. To showcase not only this extreme difference but also
the suitability of the assumed Generalized Gamma model, the
empirical and the Generalized Gamma pdfs of both images
are represented in Figure 3. As expected, empirical data are
well modeled by the Generalized Gamma distribution in both
cases, improving the selection of the decision threshold.

In order to guarantee a Pfa of at most 10−4, a patch size of
500x500 pixels is selected. For the DPM detector the guard
area size is set to 350x350 pixels, so that no area of a big ship
might lie within the limits of the background area, and the
target area size is set to 5x5 pixels.

Results presented in Figure 2 show that both methods are
able to detect the ship in the first image (left column); how-
ever, although the sea clutter level is considerably lower, the
DPM detector fails to detect properly the small ship present
in the second image (right column), for it is too small to the
resolution this method can achieve, while the proposed algo-
rithm detects it correctly. Moreover, it must be remarked the
accuracy of the detections achieved by the proposed method
in contrast to the ones of the DPM detector, limited by its res-
olution. As for the false alarm rate, both methods behave ex-
traordinarily well even for the image on the left, where more
false alarms could be expected due to the high gray level of
the surrounding sea. Details of all the ships present in both
images are shown in Figures 4 and 5. These details demon-

Fig. 2. Sub-images selected (top row): Image 1 (left column),
Image 2 (right column); DPM detector results (middle row);
proposed detector results (bottom row).

Fig. 3. Empirical and Generalized Gamma pdfs of the two
images considered.
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Fig. 4. Details of the ships: ship in Image 1 (top row); large ship in Image 2 (bottom row); from left to right: DPM detector
masks, proposed detector masks, ship backscattered energy obtained after using the proposed detector mask.

strate that the proposed detector clearly outperforms the DPM
one in terms of accuracy of the detection, preserving the res-
olution of the SAR image. It is this accuracy in the detection
what allows a better determination of ships and opens the pos-
sibility of applying techniques for refocusing the detected tar-
gets and extracting features for classification purposes. These
potential features can be better appreciated in the colored im-
ages included in Figures 4 and 5 (right column), where the
brightest color represents the main scatterers of the ships and
the target backscattered energy is better separated from the
sea surface. It should also be noted that the proposed detec-
tor beats the DPM one in processing time, for the decision
threshold is applied just once for each patch in contrast to the
sliding-window operation-mode the DPM detector relies on.

6. CONCLUSIONS

A fast block CFAR detector especially designed for very-
high-resolution SAR images has been proposed in this paper.
The Generalized Gamma distribution has been selected for
modeling the sea clutter, due to its suitability for heavy-
tailed models, allowing an accurate and adaptive selection
of the decision threshold. The proposed detector has been
compared to the widely extended double parameter CFAR
detector, which assumes a Gaussian model for the sum of the
data belonging to the target and background areas by means
of the Central Limit Theorem. Both detectors have been ap-

Fig. 5. Detail of the small ship in Image 2: left - proposed
detector mask; right - ship backscattered energy obtained after
using the proposed detector mask.

plied to several sub-images. Results corresponding to two
sub-images have been presented. These results show that the
proposed detector outperforms the DPM one in terms of ac-
curacy in the detections, resolution preservation, robustness
with respect to target size, displaying also a better capability
to perform correctly in different sea state conditions, thanks
to the better modeling of SAR sea clutter. It is precisely this
ability of accurate detection what makes the proposed detec-
tor stand out, as it can be exploited in applications such as
ship classification, modeling or refocusing.
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Abstract—A fast CFAR ship detector based on the statistical
modeling of sea clutter in SAR images is proposed. Typical
CFAR detectors, like the double parameter model (DPM), assume
a Gaussian sea clutter model and usually degrade the image
resolution using target windows. The proposed detector works in
a pixel-by-pixel fashion, adaptively selecting a decision threshold
for every single patch the SAR image is divided into. Therefore,
the presence of different-sized ships will not become an issue and
they will be better characterized, allowing the extraction of the
target information, which could be used for refocusing, feature
extraction, modeling and classification, while maintaining the
resolution of the SAR image. Sea clutter is studied using different
statistical models, with the Generalized Gamma distribution
presenting itself as the most suitable one. This model is used to
characterize the sea clutter in the proposed detector. In order
to showcase the robustness of the proposed detector, images
acquired with SAR sensors working in different frequency bands
are selected. Ship detections results show a good performance
regardless of the sensor, the ship size and the sea state.

I. INTRODUCTION

Synthetic Aperture Radars (SAR) produce high-resolution
remote sensing imagery using antennas installed on mobile
platforms. Platform movement is used to obtain a larger
synthetic antenna and improve azimuth resolution. One of the
main SAR applications is related to the mapping of terrain
and sea surfaces, and the detection and classification of point
and extended targets. SAR images can be acquired under
any weather condition, and during day and night [1] [2].
Because of that, SAR systems are powerful observation tools
in those cases where the utilization of optical data is restricted.
However, automatic interpretation of information contained in
the reflected intensity of SAR data is very difficult. These
difficulties are mainly due to speckle noise, which hinders data
interpretation with standard image analysis tools [3].

Ship detection is a key problem in sea traffic control,
fishery management and ship search and rescue. Ship detection
has been traditionally carried out using patrol ships or aircrafts,
which are costly, with limited coverage area, and limited by
weather conditions. Due to these characteristics, SAR is a
very useful tool for ocean surveillance. Ships are typically
constructed from large flat metal sheets and hence are usually
radar bright and therefore detectable in SAR imagery [4].
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Adaptive threshold algorithms are the most common ones
for target detection in radar imagery. The two most frequently
used are the two parameter CFAR (Constant False Alarm Rate)
detector and the cell-averaging CFAR detector. In [5] the two
parameter CFAR detector with a multiple pixel target window
for detecting ships in Radarsat-1 imagery is used. Eldhuset [6]
also applies this detector to SEASAT and ERS-1 SAR imagery.
The Double Parameter Model (DPM), which is based on the
combination of the two-parameter CFAR and the assumption
of Gaussian clutter by means of the Central Limit Theorem, is
presented and compared to other detectors in [7]. This specific
detector will be used in this paper for comparison purposes
with the proposed one. Many other CFAR-based detectors are
explained in [8]–[11]. Even though CFAR detectors represent
the vast majority of ship detectors, other detection approaches
based on different techniques have been studied: segmentation
[12], Rice factor [13], wavelet transform [14] and Neural
Networks [15].

CFAR detectors are based on an adaptive thresholding
where the modeling of SAR sea clutter becomes crucial in
order to enhance the performance of the ship detection. The
modeling of SAR images has been an important area for
researchers and scientists in the past decades. The statistical
distributions used to model SAR data have experienced an
evolution in accordance to the improvements and developments
of SAR sensors. Statistical distributions that proved to be
suitable for modeling SAR data a couple of decades ago, fail
in the present to achieve proper results due to the increase in
resolution of the newest SAR sensors. At the same time, the
difference between ground and sea clutter leads to the need of
different models for each region.

Traditionally, according to the central limit theorem, it has
been assumed that the real and imaginary parts of the received
data can be modeled by the Gaussian distribution. Although
the Gaussian model fits accurately to the low-resolution sea-
clutter, it does not perform correctly when the range resolution
increases [16], as occurs with new sensors like TerraSAR-X
and Sentinel-1. In order to work with this new high-resolution
scenario, other distribution models are typically considered,
starting with the Rayleigh model. The Gaussianity of the real
and imaginary parts of the received echoes leads to the suitabil-
ity of this model for the amplitude distribution of the signal.
While this model may work fine for some terrain scenes, it
may not be the best option for modeling the sea surface,



where underlying heavy-tailed distributions might need to be
considered instead [17]. Another common distribution used to
characterize sea clutter is the K distribution, which results
from the Rayleigh distribution, used to model the speckle
of the received data, and the Gamma distribution, the one
that describes the modulation component [17]. Along with the
same line of heavy-tailed distributions, the Weibull distribution
presents itself as a good option to model both urban scenes
and sea clutter, and as does the K distribution, includes the
Rayleigh distribution as a special case.

More recently, some other clutter models have emerged to
give an answer to the difficulties sea-clutter characterization
has. One of the most adopted models for sea-clutter modeling
is the Generalized Gamma Distribution. Its highly flexible
form and good fitting capability have made this distribution
be applied in different areas, but one of the first to use it for
SAR sea-clutter analysis was Anastassopoulos [17]. Results
visually and quantitatively attained in [18] proved that, in most
cases, the Generalized Gamma Distribution outperformed the
majority of parametric models (Weibull, Nakagami, K and
others) in terms of fitting SAR image data histograms, the
experiments showed in both papers were applied to different
land scenes, but no sea scene was used.

In this paper a study of the most suitable statistical model
and ship detection based on that model is performed over
images acquired by two different SAR sensors, TerraSAR-X
and Sentinel-1, which work in the X-band and the C-band,
respectively. The goal is to showcase the versatility of the pro-
posed ship detector, which achieves good results regardless of
the frequency band of the sensors, and its detection accuracy,
for it works in a pixel-by-pixel basis. Furthermore, in order to
prove the capabilities of the detector, images with resolutions
in the vicinity of 20 meters are selected, so that the targets are
formed by few pixels.

II. SAR IMAGES

A SAR system makes an image of the Earth’s surface
by pointing an antenna beam approximately perpendicular
to the sensor’s motion direction, transmitting phase-encoded
pulses, and recording the radar echoes. The two orthogonal
coordinates of the acquired 2-D signal are the azimuth di-
rection (parallel to the direction of the travel of the sensor,
which is supposed to be linear) and the slant-range direction
(parallel to the radar beam). In slant-range dimension, the
pulse compression technique provides a high resolution. Due
to the relative movement between the platform and the target,
the direction and range of the line of sight vary, giving rise
to an azimuth signal with linear frequency modulation. In
the receiver, after compressing the raw data in range and
azimuth, the SAR image is formed. This first product is a
single look complex (SLC) image. In this image, the pixels are
spaced equidistant in azimuth (according to the pulse repetition
interval) and in slant range (according to the range sampling
frequency), and the data are represented as complex numbers.
This product is intended for scientific applications that require
full bandwidth and phase information, e.g., SAR interferome-
try and interferometric polarimetry. In many applications, the
detected images (amplitude or intensity) are used with some
kind of preprocessing related to the size and shape of the
desired resolution cell (the azimuth resolution is much higher

than the range resolution in the SLC image), speckle noise
filtering, or geometric projection.

Speckle noise is a phenomenon that degrades the SAR im-
age quality and arises because the relative phase of individual
scatterers within a resolution cell is strongly dependent upon
the radar viewing angle [1], [2]. The resulting fluctuations
generate SAR images with grainy appearance, which makes
detection and classification tasks difficult. Speckle noise is a
multiplicative noise. The amplitude level of the noisy image
I(x,R) can be expressed as

I(x,R) = I0(x,R)n(x,R) (1)

where I0(x,R) is the amplitude level that would be ob-
served without speckle noise, n(x,R) is the speckle noise,
and (x,R) are the azimuth and range, respectively.

The probability density function (pdf) of the observed
amplitude I can be found to be [19]

f(I|I0) = 2

(
I

I0

)2L−1
LL

I0Γ (L)
exp

−L
(
I
I0

)2
(2)

where L denotes the equivalent number of looks (ENL),
which describes the degree of averaging applied to he SAR
measurements during data formation and postprocessing [1].
Equation (2) is the pdf of a generalized Rayleigh random
variable. The mean-squared value of the image amplitude I
is equal to the noiseless image squared amplitude E[I2] = I20 .

III. SHIP DETECTORS

A. Double Parameter Model

The DPM algorithm [7] estimates the detection threshold
for a target area under test from the pixels contained in
the surrounding area [4]. This area, where the statistics are
analyzed, is formed by a ring of samples around the pixels
under test, called the background area. This setup includes a
first surrounding ring, called guard area, used to ensure that
no pixel of an extended target lies within the limits of the
background area. The Gaussian distribution is often considered
because the Central Limit Theorem states that the average
of a large enough number of identically distributed random
variables tends to be Gaussian [20] [21]. However, it must be
noted that in order to comply with that statement, the resolution
of this detector will be set by the size of the target area. The
decision threshold is defined as follows:

µt > µb + σbt (3)

where µt is the mean of the target area, µb is the back-
ground mean, σb is the background standard deviation, and t is
a detector design parameter that controls the false alarm rate.



B. Proposed Detector

The detector proposed in this paper is a fast block CFAR
detector especially suitable for very-high-resolution SAR im-
ages. As a first step, the area of interest is divided into
equally-sized patches, depending on the resolution and the
pixel spacing of the considered image. After this, the brightest
pixels of each patch are filtered so that the remaining pixels
belong mostly exclusively to the sea surface, and a statistical
modeling of the sea clutter is performed. It is widely extended
the assumption of a Gaussian model for the sea clutter in this
kind of detectors [20] [21], and had the goal been just the
detection of the ship or the definition of an area where the
ship is contained, it would have sufficed; however, in the spirit
of making the most of the resolution current SAR sensors can
achieve, a heavy-tailed distribution is selected in this paper,
for it models better the SAR sea clutter distribution [22] and
therefore, a better and more accurate ship detection is expected.
It is for this reason that the Generalized Gamma distribution
is chosen to model the background clutter, whose probability
density function (pdf) is as follows:

y = f(x|k, ν, σ) =
|ν| kk
σΓ(k)

(x
σ

)kν−1

e−k(
x
σ )

ν

(4)

where k > 0 is the shape parameter, σ > 0 the scale
parameter and ν 6= 0 the power parameter. It can model both
amplitude and intensity fluctuations and has several special
cases: Rayleigh (ν = 2, k = 1), exponential (ν = 1, k = 1),
Nakagami (ν = 2), Gamma (ν = 1), lognormal (k →∞) and
Weibull (k = 1).

With the parameters estimated in every patch, the cumu-
lative density function (cdf) of the clutter is modeled and by
means of a selected Pfa, a decision threshold inherent to the
patch under study is set. Thus, the selection of this threshold is
adaptively achieved, providing a good insight into the different
states of the sea. What should be remarked about this detector
is its ability to detect ships with one-pixel-resolution, as a good
contrast to the DPM detector whose resolution is set by the size
of the target area. Therefore, not only will ships be detected,
but they will also be better defined, for information about their
size could be provided with more detail, and the variability of
ship size will not become an issue.

Another important problem in high-resolution SAR im-
agery is related to the fact that moving targets are unfocused.
ISAR techniques have been proposed for focusing ships,
extracting dominant scatterers and other features intended for
classification purposes. The correct extraction of the infor-
mation related to the ship is a key issue for improving the
performance of these techniques, avoiding the use of sea clutter
returns. The detector proposed in this paper can fulfill this
complex requirement.

IV. DATA SET DESCRIPTION

Images acquired by two different sensors were used in
this paper in order to determine whether the different fre-
quency bands affected the sea clutter behavior. On one hand,
TerraSAR-X is a side-looking X-band (8-12 GHz) synthetic

Fig. 1. Left column - SAR images of Lisbon (Portugal): TerraSAR-X
acquisition (top); Sentinel-1A acquisition (bottom); Right column - SAR
images of Terceira (Portugal): TerraSAR-X acquisition (top); Sentinel-1A
acquisition (bottom)

aperture radar based on active phased array antenna technol-
ogy, with a carrier frequency of 9.65 GHz and a typical maxi-
mum range bandwidth of 150 MHz (although an experimental
bandwidth of 300 MHz has been recently used). Thanks to
this, different imaging modes are available. On the other hand,
Sentinel-1 is a C-band (4-8 GHZ) European polar orbit satellite
system with a carrier frequency of 5.405 GHz, which is part
of the Copernicus system, designed to provide an independent
and operational information capacity to the European Union to
support monitoring the open ocean and the changes to marine
and coastal environmental conditions.

Two images acquired by each sensor were selected: one
corresponding to the area of Lisbon in Portugal (Figure 1,
left column) and the other to the Island of Terceira, which
also belongs to Portugal (Figure 1, right column). The main
characteristics of these four images are presented in Table
I. In order to carry out the clutter modeling, a total of 500
patches with a size of 250×250 pixels are extracted from each
of the four images. Samples of these patches are shown in
Figure 2. As can be seen, patches extracted from TerraSAR-X
images show more detailed wave fields than those extracted
from Sentinel-1 images. The main reason of this behavior is
the difference in central frequency between the two sensors.
The penetration depth of C-band signals is greater than X-band
signals, thus a loss of information of the surface is expected.
Furthermore, according to the Rayleigh surface roughness
scattering criterion, the lower the central frequency, the higher



TABLE I. MAIN CHARACTERISTICS OF THE SELECTED IMAGES.

Lisbon - TerraSAR-X Terceira - TerraSAR-X Lisbon - Sentinel-1 Terceira - Sentinel-1

Acquisition Mode ScanSAR ScanSAR Interferometric Wide Swath Interferometric Wide Swath

Product Type MGD/RE MGD/RE GRD GRD

Polarisation HH HH VH VH

Resolution 18.2 m × 18.2 m 17.6 m × 17.7 m 20 m × 22 m 20 m × 22 m

Pixel Spacing 8.25 m 8.25 m 10 m 10 m

Fig. 2. Examples of patches extracted from: image of Terceira acquired
by TerraSAR-X (first row); image of Terceira acquired by Sentinel-1 (second
row); image of Lisbon acquired by TerraSAR-X (third row); image of Lisbon
acquired by Sentinel-1 (fourth row).

the Rayleigh threshold for assuming a smooth surface.

V. RESULTS

A. Clutter Modeling Results

Among all of the possible distributions used to model the
sea clutter in SAR images, six are considered and compared in
this paper: Rayleigh, K, Weibull, gamma, lognormal and gen-
eralized gamma. These distributions are selected due to their
suitability to model SAR clutter, taking into consideration the
geometry of data acquisition by SAR sensors, where incidence
angles greater than typical marine radar grazing angles are
used. Based on the coherent imaging mechanism of the sensor,
it is assumed that each resolution cell contains enough scatter-
ers, whose echoes are independent and identically distributed.
Both the amplitude and phase of the echo of one scatterer are
statistically random variables. It is also assumed that inside a
resolution cell, there are no dominant scatterers, the size of the
cell being large enough compared to the size of a scatterer [23].
With these hypotheses acknowledged, many statistical models

assume a constant radar cross-section (RCS) background,
which leads to a Rayleigh-distributed single-look amplitude
and a gamma-distributed multi-look intensity [3]. However, for
in-homogeneous regions with underlying gamma-distributed
RCS fluctuations, the corresponding intensity data have to
be K-distributed. Furthermore, when the resolution becomes
high enough, theoretically, the resolution cell will be too
small to consider the central limit theorem applicable. In [17],
this last assumption is considered leading to the generalized
gamma distribution for speckle and intensity RCS fluctuation
components. As for the lognormal and Weibull distributions,
there is no sound deduction in theory for the suitability of
their application to SAR images, as they have come from the
experience of having been successfully applied to them [23].

The Cramér-von Mises test was used to measure the
suitability of the six considered models. As said in Section IV,
the test measured the goodness-of-fit of 500 patches extracted
from each of the four considered images. The results of this test
are shown in Figures 3-6. Consistent with the results presented
in [22], the statistical model that better fits SAR sea clutter for
the considered dataset is the generalized gamma, although for
the TerraSAR-X images the lognormal model also achieves a
good overall performance. It is important to remark that the
results presented in [22] corresponded to TerraSAR-X images
with a resolution of 3 meters, while in this paper the resolution
is close to 20 meters and different frequency bands are used.
Therefore, the versatility and robustness of the generalized
gamma model is highly showcased.

B. Ship Detection Results

The two ship detectors described in Section III were
applied to the sea areas of the four considered images, attaining
good results in terms of number of detections, but completely
opposed results in terms of detection accuracy. Due to the
lack of space, the results of only four ships are presented,
two from Sentinel-1 images and two from TerraSAR-X images
(Figure 7). In order to comply with the central limit theorem, a
target area of 5×5 pixels was considered for the DPM detector,
causing a lack of accuracy in the detections. On the other hand,
the proposed algorithm, thanks to its one-pixel resolution,
was able to detect every ship more accurately, allowing the
possibility of a ship classification stage. This is especially clear
in the case of ship number four, which is completely shapeless
when using the DPM detector but well defined when using the
proposed detector.

The importance of the proposed detector stems from the
necessity of a full ship recognition in marine surveillance
tasks, in order to properly determine whether a ship’s targeted
activity is illegal or not. Furthermore, thanks to the upgrades
SAR sensors have experienced during the past decade, image



Fig. 3. Cramér-von Mises distances for the patches extracted from the image
of Lisbon acquired by TerraSAR-X.

Fig. 4. Cramér-von Mises distances for the patches extracted from the image
of Lisbon acquired by Sentinel-1.

resolution has increased, and this detector is able to exploit
to the limit this resolution. Moreover, the processing times of
the proposed algorithm were much lower than those of the
DPM detector, for the latter uses a sliding window, which has
a huge impact on the processing time. The proposed detector
splits the image into blocks and selects a threshold for each
block, hence its low processing time. All in all, the proposed
detector outperforms the typical CFAR detector in terms of
detection accuracy and processing time, and fully exploits the
increase in resolution of the newest SAR sensors.

VI. CONCLUSION

A fast CFAR-based ship detector was proposed in this
paper and compared to the typical DPM detector. Since CFAR
models compare the background clutter to the target, a study
of sea clutter was also preformed, so that the most suitable
statistical model was selected for the ship detection stage.
Both clutter modeling and ship detection were applied to
SAR images acquired with SAR sensors working in different
frequency bands to showcase the robustness of the proposed
algorithm. Moreover, in order to prove the detection capa-
bilities of the proposed detector, images with a resolution
close to 20 meters were selected, where targets are small
and only comprise a few pixels. The statistical modeling of
sea clutter showed that regardless of the frequency band, the
model that better fit the dataset was the generalized gamma.
However, due to the penetration depth of the microwaves,
images acquired by TerraSAR-X showed more detailed wave
fields, and therefore a sea state classification would not be a

Fig. 5. Cramér-von Mises distances for the patches extracted from the image
of Terceira acquired by TerraSAR-X.

Fig. 6. Cramér-von Mises distances for the patches extracted from the image
of Terceira acquired by Sentinel-1.

priori viable with the Sentinel-1 images. Ship detection results
showed that the proposed algorithm beat the DPM detector
in terms of detection accuracy due to its one-pixel resolution,
allowing the possibility of a ship classification stage. They
also showcased the robustness of the proposed detector, for
ships were perfectly detected regardless of the image and the
frequency band of the sensor.
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Abstract—In this paper, the design of Neural Network (NN)
based solutions for detecting ground targets using passive radar
systems exploiting Digital Video Broadcasting transmitters as
illuminators of opportunity, is tackled. Real radar data acquired
by a technological demonstrator developed at the University of
Alcala was used, to determine suitable statistical models of the
interference. To exploit the expected NN based detector perfor-
mance improvement, a novel approach was proposed to define
the observation space for the detection problem. Observation
vectors composed of complex radar returns belonging to different
Coherent Processing Intervals (CPIs) were considered. For CPIs
of 250ms, statistical analyses showed that the problem was an
example of detection of Swerling II targets in white Gaussian
interference. NN based detectors were designed for approximating
the Likelihood Ratio detector (Neyman-Pearson solution). Results
were a new prove of NN approximation capabilities, which could
be exploited in other passive bistatic radar scenarios.

I. INTRODUCTION

Passive Radars (PR) are emerging technologies that are
being extensively developed to anticipate and prevent the
multiple threats that European society faces. In recent years,
the improvement in computing capacity and the availability
of new technological solutions have increased the interest
of passive radar systems as an alternative solution to active
ones. A Passive Bistatic Radar (PBR) is defined as a set of
techniques whose main objective is to detect targets and to
estimate parameters (such as position or velocity) using non-
cooperative signals (such as broadcast, communications, radar,
or radio-navigation signals) as illumination sources, rather than
using a dedicated radar transmitter [1]. These non-cooperative
sources are known as Illuminators of Opportunity (IoO).

Due to the lack of control over the transmitter, usually two
channel are used: reference channel (to acquire the transmitted
signal by the IoO) and surveillance one (to capture the target
echoes). To estimate the bistatic range and Doppler of the
target, delay and Doppler-shifted copies of the reference signal
are correlated with the surveillance channel in order to generate
the Cross Ambiguity Function (CAF).

PBR systems present many advantages over active ones
due to a dedicated transmitter is not required: low development
and maintenance cost, low probability of intercept, small size,
low weight, and easily deployed. Another advantage is that
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PBRs are not being affected by the progressive erosion by
communication systems, which are demanding the use of
traditional radar frequencies. On the other hand, PBRs use
uncontrolled transmitters, multi-static geometry and signals
that are not designed for radar applications, so detection and
classification stages are difficult to design.

In PBRs scenarios, the radar detection problem to be solved
can be formulated as a binary hypothesis test, where the
detector has to decide between target absence (null hypothesis,
H0) and target presence (alternative hypothesis, H1). The most
extended detector criterion in radar applications is the Neyman-
Pearson (NP) detector, which maximizes the probability of
detection maintaining the probability of false alarm lower than
or equal to a given value [2].

If z̃ is the complex observation vector provided by the
radar receiver and f(z̃|H0) and f(z̃|H1) are the detection
problem likelihood functions under both hypotheses, a possible
implementation of the NP detector consists in comparing
the Likelihood Ratio (LR), Λ(z̃) , to a detection threshold
estimated according to PFA requirements (ηlr) [3], as is
expressed in (1).

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηlr(PFA) (1)

This approach requires a complete knowledge of the like-
lihood functions, and significant detection losses arise when
the statistical properties of the observation vectors under both
hypotheses vary from those assumed in the LR detector design
[4] [5]. A statistical analysis is required to propose statistical
models for the design of PBR optimum detectors. The informa-
tion available in the open literature about bistatic interference
models is very limited due to the low number of operating
systems and the multiple parameters to consider. In [6] and
[7] ground clutter acquired by a passive bistatic radar with FM
broadcast transmissions as IoO is analyzed. In [8], statistical
analyses of passive bistatic ground clutter are performed for a
GSM-based passive radar. In [9], considering that the urban
environment can be especially difficult for detecting weak
targets, a detection scheme based on LR detector and DVB-T2
control symbols was proposed.

Neural Networks (NNs) are known to be able to approx-
imate the NP detector, if a suitable error function is used



for training [10]. Multi-Layer Perceptrons (MLP), [11], Radial
Basis Function Neural Networks (RBFNN) [12], Second Order
Neural Networks (SONN) [13], Support Vector Machines
(SVM) [14] and ommittees of Neural Networks (NNs) [15],
have been applied to approximate the NP detector.

In this paper, LR detector and NN-based solutions were
designed and evaluated using real bistatic radar data. A novel
approach was proposed to define the observation space for
the detection problem. The proposed observation vectors were
composed of samples belonging to different Coherent Process-
ing Intervals (CPIs) and the detection problem likelihood func-
tions were defined after a statistical analysis of passive radar
returns in terrestrial environment. The real radar data to be
analyzed were acquired by a technological PBR demonstrator
developed in the University of Alcalá, under project IDEPAR
(Improved Detection techniques for Passive Radars). In this
demonstrator, DVB-T signals were selected as IoOs due to
their good features [16]: high and stable transmitted powers,
growing availability, bandwidth around 8 MHz and spectral
properties which are nearly independent of the signal content.
The radar scenario was located at the roof of the Polytechnic
School of the University of Alcalá. Results confirm that the
NN-based detector is able to approximate the NP detector in
a terrestrial PBR scenario.

II. TARGET AND CLUTTER MODELS

In radar literature, the most extended target models are
based on the ones proposed by Peter Swerling [17]. Swerling
I and II are particular cases of complex Gaussian targets.
(Ms)h,k = ps · ρ|h−k|

2

s , where h, k ∈ {1, 2, ..., P} are the row
and column indices, represents the elements of the covariance
matrix of a vector of P samples of a complex Gaussian target
with Gaussian Auto Correlation Function (ACF). ps is the
target power and ρs is the one-lag correlation coefficient. In
the present work, the extended Swerling II model was used to
model point target echoes acquired by passive radars [9].

Clutter refers to all radar echoes generated by objects
present in the coverage area that are not considered as desired
targets. As targets, point clutter sources were modelled using
the Radar Cross Section (RCS). The RCS, measured in square
meters, is defined as a (fictional) area that intercepts a part of
the power incident at the target which, if scattered uniformly
in all directions, produces an echo power at the radar equal to
that produced at the radar by the real target [18]. It depends
on signal frequency and polarization, incidence and scattering
angles, and physical and electrical properties of the target.

Due to the distributed nature of ground clutter, for mod-
elling the energy backscattered by the ground surface when it
is illuminated by a transmitter, the scattering coefficient σ0 was
used. It is defined as the clutter radar cross section, σRCS,C

per unit area, σ0 = σRCS,C/AC , being AC the radar clutter
resolution cell [18]. AC is a function of the geometry and the
signal waveform.

The mainlobe bistatic clutter cell area, AC,bistaic is defined
as the intersection of the range cell, the Doppler cell, and the
main beam footprint in the area of the ground common to the
one-way transmitting and receiving beams [19]. The calculus
of AC,bistaic is really complex [19]. In (2), an approximation of
the range-limited AC,bistaic for small grazing angles and RT +

RR >> L was presented [19]: RR is the target-to-receiver
distance, ∆φR is the receiver antenna azimuth beamwidth, B
is the signal bandwidth, and β is the bistatic angle.

AC,bistaic =
c ·RR ·∆φR

2 ·B · cos(β/2)2
(2)

In this work, real bistatic radar data were statistically
analyzed to design the detection scheme. The CAF output
(a range-Doppler complex matrix, for a given azimuth) was
analyzed. As amplitude and intensity provide only positive
values, while real and imaginary parts of the complex samples
can be positive or negative, theoretical models supported on
the semi-infinite interval [0,∞), and on the whole real line
(−∞,+∞) were used [8].

III. STATISTICAL ANALYSIS TECHNIQUES

In radar literature, different theoretical distributions are
used to model the overall amplitude Cumulative Distribution
Function (CDF) of the radar data. To assess the suitability
of these theoretical models, empirical CDF (ECDF) must be
estimated [8], and goodness-of-fit tests is applied to analyze
their applicability.

In this paper, non-parametric tests based on the estimation
of the distance between the empirical and theoretical CDFs
were used: the two-sample Kolmogorov-Smirnov (KS-test2)
and the two-sample Cramér-von-Mises (CM-test2). Both meth-
ods compute the statistic distance (dKS and dCM respectively)
using the ECDF for two independent random variables and
compare it with a threshold selected according to the signifi-
cance level (the probability to reject H0 when is true), α, and
the samples sizes, in order to determine if the hypothesis must
be rejected [8].

IV. NN DETECTORS

NNs have been proposed for radar detection in the litera-
ture. In [10] a theoretical study was presented proving that
learning machines trained in a supervised manner using a
suitable error function are able to approximate the NP detector.
Under these conditions, the final approximation error will
depend on the NN architecture, the training set, and the training
algorithm. In this paper, MLP-based solutions were considered.

As real arithmetic was used, each complex observation
vector (z̃ ∈ CP ), was transformed into a real one composed
of the real, <e{}, and the imaginary, =m{}, parts (zT =
[<e{z̃1}, ...,<e{z̃P },=m{z̃1}, ..., =m{z̃P }] ∈ R2P ), so an
input layer of 2P nodes was required.

MLPs with one hidden layer and sigmoid activation func-
tions have been proven to be able to compute a uniform ε
approximation to a given set of pre-classified training patterns
[20]. In (3) the function implemented by the MLP is presented,
where y = logsig(x) = 1/(1+exp(−x)). In this paper, MLPs
with 2P input neurons, a hidden layer with M units and one
output were trained (Figure 1). They were denoted as MLP
2P/M/1.

y = logsig


b+

M∑

j=1

ωj · logsig
(
bj +

2P∑

i=1

zi · ωij

)
 (3)
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Fig. 2: Radar scenario. Green area: area of interest with a
beamwidth equal to 30◦. Orange area: area of interest with a
beamwidth equal to 60◦

V. CASE STUDY

A. Radar scenario

The real radar data were collected using the IDEPAR
demonstrator, a passive bistatic radar that uses DVB-T signals
as IoO. The demonstrator was designed for a central frequency
of 850 MHz and a bandwidth of 24 MHz, using three consec-
utive channels to increase the system resolution. The radar
scenario was located at the roof of the Polytechnic school
of the University of Alcalá, with the objective of detecting
terrestrial vehicles. The Torrespaña transmitter was selected as
IoO after a complete study of the available IoOs. In Figure 2
the Area of Interest (AoI) defined by the 3dB beamwidth of
the receiver antenna (30◦) is depicted together with the AoI
associated with a beamwidth equal to 60◦. The Meco road and
the R2 highway are marked in brown and blue respectively.
This scenario is characterized by the presence of big buildings
with metal structure and a high traffic around them.

In this paper, the data acquired on February 13, 2014 were
used in the analysis. For evaluating the detection capabilities,
a cooperative vehicle with an average speed of 60km/h was
used during the acquisition time.
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B. Data processing

In the experiment, a set of 30 seconds acquisitions were
recorded. For each data acquisition, 120 range-Doppler matri-
ces were generated using the following processing parameters:

− CPI: 250 ms.

− Integration time: 250 ms.

− CAF size: 401 Doppler shifts, fd ∈ [−799.744;
799.744] Hz and number of range bins equal to 1000
corresponding to a coverage distance of 9.45 km in
the pointing direction.

In Figure 3, the normalized squared-amplitude (dB) of the
output of the CAF stage for the CPI 1 is shown. As we can
see, samples along range dimension for zero Doppler shift
present high power values due to the Direct Path Interference
(DPI) generated by the IoO, the ground clutter and the strong
radar echoes provided by the big buildings. The range-Doppler
matrix was split into different regions following a subjective
criterion based on mean level estimation and the target po-
sition (Figure 3): Regions 1-A and 1-B correspond to high
Doppler shift values (fd ∈ [−799;−200] Hz and [200; 799]
Hz respectively), Regions 2-A and 2-B are the target areas
(fd ∈ [−200;−40] Hz and [40; 200] Hz respectively) and
Region 3 contains the zero Doppler shift (fd ∈ [−40; 40] Hz).

C. Statistical analysis of the real radar data

In this subsection the statistical analysis of the real radar
data was carried out in order to provide a suitable statistical
model to design the radar detector. For saving space, only
the results obtained for one CPI of only one acquisition was
studied. The results can be extended to the rest of acquisitions.

The theoretical distributions that fulfil the two-sample KS
and CM tests with a 5% of the significance level for the
real and imaginary parts of the recorded data are presented in
Table I. Results show that Regions 1 and 2 follow a Normal
distribution, so a Gaussian clutter model is suitable. However,
none of the considered distributions can be used to model the
variation of the in-phase and quadrature components in Region
3. These results can be checked in Figure 4, where the ECDF
of the real parts and the Normal CDF for Regions 1-A, 2-A
and 3 are depicted.

In the considered radar scenario, terrestrial vehicles appear
in the Regions 2-A and 2-B. Because of that, a Gaussian model



with zero mean and a clutter power pc = σ2 ' 1.063 · 10−6

for the in-phase and quadrature components was considered
to design the LR and the neural detectors. The detection
performance of both detectors will present a high PFA in
Region 3 where a Gaussian model was not suitable. The
relationships between target and clutter power can be described
as the Signal-to-Clutter Ratio (SCR = 10 log10(ps/pc)).

Autocorrelation functions for the complex data along
time in different PRIs (ρPRI ), range (ρrange) and Doppler
(ρDoppler) dimensions were computed. The clutter samples
were correlated in range dimension (ρrange = 0.47) and
uncorrelated in time and Doppler dimensions.

D. Design of LR and MLP detectors

The proposed detection schemes were based in observation
vectors with P = 3 complex samples ((z̃ ∈ C3 and (z ∈ C6)).
This novel approach considered that the samples were associ-
ated with different CPIs. As the CPI is really small with respect
to the speed of the controlled vehicle, the position of the
target was considered constant in three CPIs. The integration
of the target information in the detector improves the PD

associated with weak ground targets that can be masked by
the interference.

LR and MLP detectors were designed to detect Swerling II
targets in Gaussian interference considering results presented
in subsection V-C. Swerling II target is a gaussian process with
zero mean and covariance matrix Ms = 2 · ps · I = 2 · scr · I,
where I is the P ×P identity matrix. The decision rule based
on the LR for the case study is expressed in (4). Detection
capabilities for SCR = 10 dB is depicted in Figure 5.

z̃T [(2 ∗ I)−1 − (Ms + 2 ∗ I)−1]z∗
H1

≷
H0

ηs (4)

MLPs were trained for minimizing the mean-squared error
with momentum and adaptive learning rate. The initial value of
the learning rate has been set to 0.05 and, in each epoch, if the
new error exceeds the old one by more than a predefined value
(typically 1.04), the new weights and bias are discarded, and
the learning rate is decreased (typically by multiplying by 0.7).
If the new error it is less than the old one, the learning rate is
increased (typically by multiplying by 1.05). The momentum
constant was set to 0.9.

The number of hidden units is determined from a try and
error process based on training MLPs 6/M/1 from M = 2
to M = 11 and selecting a compromise solution between
computational cost and detection properties. In all cases,
training sets composed of 900 patterns from H0 and 900
patterns from H1 were generated using clutter parameters
obtained in subsection V-C. If the size of the training set is
lower than 30W , where W is the number of free parameters
in the network, overfitting may occur and there is practical
merit in using a cross-validation technique. For the MLP with
M = 8 hidden units, W = 65, so 1, 800 training patterns
are sufficient to avoid the use of cross-validation. But as the
number of hidden units is varied, cross validation was used in
order to improve the generalization capabilities. Validation sets
of the same characteristics of the training ones were generated.
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In Figure 5, ROC curves are presented and compared to
those obtained by the LR detector. The best results were
obtained for the MLP 6/8/1 due to it provided a good
approximation to the LR detector. For less hidden neurons,
a loss in detection capabilities is observed, while for bigger
neurons, there is no significant improvement.

VI. RESULTS

The LR detector and the MLP 6/8/1 solution were used
in the detection stage of the IDEPAR demonstrator. Attending
to the available data in Region 1 (250x1, 000x120 samples),
where no targets are expected, a PFA = 10−5 could be
estimated with an error lower than 6%. Fixed detection
thresholds associated with required PFA were estimated using
Monte Carlo simulations. On the other hand, the GPS data
of the controlled trajectory is composed of 62 points, so the
estimation error associated with PD almost 80% was 6.35%.

Results are presented as the superimposition of the detector
outputs in the 120 CPIs (acquisition time equal to 30 sec.).
This superimposition allows the visual estimation of the targets
trajectory, and displays all the false alarms detected through
all CPIs. In Figure 6 the outputs of the considered detectors
are presented together with a zoom of the range-Doppler area
where the targets are expected:

• Results show that the MLP detector provided detection
matrices close to the LR detector ones. In MLP and
LR performances, the trajectories of targets moving
across the Meco road and the R2 highway in both
senses could be clearly identify.

• The high power values associated with zero Doppler
shift and with the big buildings and the unsuitability
of the Gaussian clutter model justify the high value of
PFA obtained by both detectors in Region 3.

• In Table II, the estimated PFA and PD values provided
by the LR and the MLP detectors are detailed. LR de-
tector with P = 1 performance was used as reference
one. The improved PD associated with detectors with
P = 3 confirms the advantage of the proposed pulse
integration method. Results show that the MLP 6/8/1
is a suitable NP implementation, because its detection
capabilities are very similar to the LR detector ones.



TABLE I: Theoretical models that fulfil the goodness-of-fit tests for the real and imaginary parts of the recorded data

Region
Real part Imaginary part

Distribution Parameters Distribution Parameters

Region 1-A Normal µ = 1.441 · 10−5, σ = 1.032 · 10−3 Normal µ = 1.728 · 10−5, σ = 1.035 · 10−3

Region 2-A Normal µ = −6.237 · 10−6, σ = 1.031 · 10−3 Normal µ = 1.725 · 10−5, σ = 1.037 · 10−3

Region 3 * * * *

Region 2-B Normal µ = 1.254 · 10−6, σ = 1.030 · 10−3 Normal µ = −2.969 · 10−5, σ = 1.032 · 10−3

Region 1-B Normal µ = 5.884 · 10−6, σ = 1.041 · 10−3 Normal µ = −9.563 · 10−6, σ = 1.043 · 10−3
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Fig. 4: ECDF and Normal CDF for the real parts of the recorded data

TABLE II: PFA and PD obtained by LR and MLP detectors
with real bistatic radar data.

PFA PD

LR Detector (P = 1) 1.028 · 10−5 77.42%

LR Detector (P = 3) 1.082 · 10−5 85.48%

MLP 6/8/1 Detector 1.212 · 10−5 85.87%

PD obtained by the NN detector is slightly higher than
that associated with the LR one with P = 3 due to
estimation error.

VII. CONCLUSION

In this paper, MLPs trained in a supervision manner to
minimize the mean square error were proposed to solve the
radar detection problem in passive bistatic scenarios. The LR
detector was considered as reference to evaluate the capability
of the MLP-based scheme to approximate the NP detector.

The NP detector is a parametric solution that depends on
the detection problem likelihood functions. The information
available in the open literature about terrestrial bistatic interfer-
ence models for DVB-T based PBR systems is very limited. In
this paper, a statistical analysis based on goodness-of-fit tests
was carried out using a real database acquired by the IDEPAR
demonstrator. IDEPAR is a DVB-T based PBR that uses three
consecutive channels to increase the system resolution. The
radar scenario was located at the roof of the Polytechnic School

(University of Alcalá, Madrid, Spain), where a cooperative
target was considered. Results prove that a Gaussian clutter
model was suitable to model the area of interest in the range-
Doppler map where the targets were presented.

The proposed detection problem observation space was
composed of P = 3-dimensional input vectors. Although
the samples belonging to different CPIs were considered, the
target detection could be improved due to the small CPI with
respect to target speed. Attending to the case study, LR and
MLP detectors were designed to detect Swerling II targets in
Gaussian interference. A study of the MLP architecture was
carried out to determine the number of hidden neurons that
presents the best compromise between detection performance
and computational cost. The best results were provided by
MLP 6/8/1 detector.

Detection capabilities of the LR and MLP detectors were
compared using the real bistatic radar database. In both cases,
target trajectories in the surveillance area were clearly identify
and the number of false alarms were increased in the range-
Doppler area near to Doppler zero. PD was estimated using
GPS data of the controlled vehicle. Results confirm that the
capability of the MLP solution trained in a supervision manner
to minimize the mean square error to approximate the NP
detector can be extended to passive bistatic environments.
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Abstract—This paper tackles a statistical analysis of bistatic
sea radar clutter data acquired by an experimental demonstra-
tor developed by the University of Alcalá, based on DVB-T
signals. The selected scenario is located at the Military Naval
School of Marı́n, in the Spanish North-west coast. Goodness-of-
fit techniques are used to fit the empirical cumulative distribu-
tion function to theoretical models, and the one-lag correlation
coefficient is estimated. Results prove that a Gaussian clutter
model can be assumed for high Doppler shifts. However, the
zero Doppler shift and values close to it present high variability,
so a non-homogeneous clutter characterization is required. The
acquisition radar matrix is correlated along the range dimension
and uncorrelated along the Doppler one.

I. INTRODUCTION

Passive Radars (PR) are emerging technologies that are
being extensively developed to anticipate and prevent the mul-
tiple threats that European society faces. In recent years, the
improvement in computing capacity and the availability of new
technological solutions have increased the interest of passive
radar systems as an alternative solution to active ones. A
Passive Bistatic Radar (PBR) is defined as a set of techniques
that uses non-cooperative signals (such as broadcast, commu-
nications, radar, or radio-navigation signals) as illumination
sources, rather than using a dedicated radar transmitter [1], in
order to detect targets and to estimate parameters. These non-
cooperative sources are known as Illuminators of Opportunity
(IoO). The passive radar is based on the correlation of the
received signals from the IoOs and the target echoes, generat-
ing the Cross Ambiguity Function (CAF) at the output of the
processing stage.

Since a dedicated transmitter is not required, these systems
present many advantages over active ones, such as low devel-
opment and maintenance cost, and low probability of intercept.
Another advantage is that PBRs are not being affected by
the progressive erosion by communication systems, which
are demanding the use of traditional radar frequencies. On
the other hand, PBRs use uncontrolled transmitters, multi-
static geometry and signals that are not designed for radar
applications, so detection and classification stages are difficult
to design.

In PBRs scenarios, the radar detection problem to be solved
can be formulated as a binary hypothesis test, where the
detector has to decide between target absence (null hypothesis,
H0) and target presence (alternative hypothesis, H1). The most

extended detector criterion in radar applications is the Neyman-
Pearson (NP) detector, which maximizes the probability of
detection maintaining the probability of false alarm lower
than or equal to a given value [2]. However, this approach
requires a complete knowledge of the likelihood functions, and
significant detection losses arise when the statistical properties
of the observation vectors under both hypotheses vary from
those assumed in the LR detector design [3] [4].

In passive radar applications, conventional solutions based
on adaptive threshold techniques (Constant False Alarm Rate
systems) are usually designed for approximating the NP de-
tector. These techniques assume an interference model and
their detection capabilities decrease significantly when the real
clutter model is different from the assumed one. Due to this
high dependence on the interference models, statistical analysis
is required to propose statistical models for the design of PBR
detectors.

The information available in the open literature about
bistatic interference models is very limited due to the low
number of operating systems and the multiple parameters to
consider. In [5] and [6] ground clutter acquired by a passive
bistatic radar with FM broadcast transmissions as IoO is
analyzed. In [7], statistical analyses of passive bistatic ground
clutter are performed for a GSM-based passive radar.

In this paper, a statistical analysis of passive radar inter-
ference signals in coastal scenarios is presented in order to
study sea clutter models. The real radar data to be analyzed
have been acquired by a technological PBR demonstrator
developed in the University of Alcalá, under project IDEPAR
(Improved Detection techniques for Passive Radars). In this
demonstrator, DVB-T signals have been selected as IoOs due
to their good features [8]: high and stable transmitted powers,
growing availability, bandwidth around 8 MHz and spectral
properties which are nearly independent of the signal content.
The radar scenario has been located in the North-west of the
Spanish coast. In the range-Doppler matrix obtained at the
output of the CAF stage, different Areas of Interest (AoI)
have been defined. For each region, a statistical analysis using
goodness-of-fit test has been carried out in order to check the
applicability of several distributions commonly used in radar
literature. Correlation studies are also performed and the one-
lag correlation coefficient has been estimated. The selected
clutter models will be useful for designing radar detectors
capable of approximating the NP solution.
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II. STATISTICAL ANALYSIS TECHNIQUES

In radar literature, different theoretical distributions are
used to model the overall amplitude Cumulative Distribution
Function (CDF) of the radar data. To assess the suitability
of these theoretical models, empirical CDF (ECDF) must be
estimated [7], and goodness-of-fit tests should be applied to
analyze their applicability. In this paper, the following dis-
tributions will be considered: Rayleigh, Normal, Exponential,
Weibull and Log-normal.

In this paper, non-parametric tests based on the estimation
of the distance between the empirical and theoretical CDFs
are used: the two-sample Kolmogorov-Smirnov (KS-test2) and
the two-sample Cramér-von-Mises (CM-test2). Both methods
compute the statistic distance (dKS and dCM respectively)
using the ECDF for two independent random variables and
compare it with a threshold selected according to the signifi-
cance level (the probability to reject H0 when is true), α, and
the samples sizes, in order to determine if the hypothesis must
be rejected [9].

In addition, an autocorrelation study is carried out to
estimate the one-lag correlation coefficient (ρ) between values
of the bistatic radar data [10]. Due to the radar bistatic matrix is
a two-dimensional matrix, the autocorrelation function will be
computed averaging the estimated ACFs for each row/column
of the radar matrix. Then, a ρ is estimated for Doppler
dimension (ρDoppler) and another for the range one (ρrange).

III. RADAR SCENARIO

The real radar data analyzed in this paper have been
collected by a technological demonstrator developed in the
University of Alcalá, under project IDEPAR. IDEPAR is a
passive bistatic radar that uses DVB-T transmitters as IoO.
This demonstrator has been implemented using commercial
antennas, daughter boards and Analog-to-Digital Conversions
(ADC) systems and has been designed to operate in the
high frequency band of the DVB-T (central frequency of
850 MHz). A synchronization unit has been considered to
reduce the undesired effects provided by the coherence of the
sampling clocks for the two receiving channels and the relative
phase shifts among them. The processing stage (CAF signal
estimation) and the detection one have been implemented off-
line. In the considered case study the processed signal is
composed of one DVB-T channel (8 MHz bandwidth).

The radar scenario has been located at the Military Naval
School of Marı́n, Pontevedra (Spain). In Figure 1 the AoI
defined by the 3dB beamwidth of the receiving antenna (30◦)
is depicted. The AoI associated with a beamwidth equal to 60◦

is also presented. The Domaio transmitter has been selected
as a main IoO after a complete study of the available IoOs.
As we can see in Figure 1, the illuminated area corresponds to
the Ria of Pontevedra, a coastal scenario. Thus, some terrain
clutter can be captured by the receiver and can appear in the
processed matrixes. In Figure 2, the receiver emplacement, the
reference and surveillance antennas, and the view from the
surveillance antenna (the AoI) are depicted.

Fig. 1: Radar scenario. Green area: area of interest with a
beamwidth equal to 30◦. Blue area: area of interest with a
beamwidth equal to 60◦

IV. STATISTICAL ANALYSIS OF THE REAL RADAR DATA

A. Data processing

In this paper, the data acquired on July 29, 2014 have been
used in the analysis. In the experiment, a set of 30 seconds
acquisitions were recorded. For each data acquisition, 120
range-Doppler matrixes were generated using the following
processing parameters:

− Processing Repetition Interval (PRI): 250 ms.

− Integration time: 250 ms.

− CAF size: 401 Doppler shifts, fd ∈ [−799.744;
799.744] Hz and number of range bins equal to 1000
corresponding to a coverage distance of 10.8 km in
the pointing direction.

In Figure 3, the normalized squared-amplitude (dB) of the
output of the CAF stage for the PRI 5 is shown. As we can see,
samples along range dimension for zero Doppler frequency
present high power values due to the Direct Path Interference
(DPI) generated by the IoO and the terrain clutter. Because of
that, the range-Doppler matrix has been split into three regions
with the following range and Doppler intervals:

− Region 1: [1;1,000] range bins and [-799;-100] Hz.

− Region 2: [1;1,000] range bins and [799;100] Hz.

− Region 3: [1;1,000] range bins and [-100;100] Hz.

In this document, only the results obtained for one PRI of
only one acquisition are presented. The results can be extended
to the rest of acquisitions. A complete statistical analysis of
the squared-amplitude of the data is performed for each clutter
region and a summary of the main results is presented in this
paper.

B. Results

The results provided by the two-sample KS and CM tests
with a 5% of the significance level for the squared-amplitude
of each region are:

− Region 1: an exponential distribution with parameter
λ = 27, 631 fulfills the considered goodness-of-fit test
and presents the lower dKS and dCM .

254



(a) Reference antenna (b) Surveillance an-
tenna

(c) View from the surveillance antenna

Fig. 2: The IDEPAR demonstrator developed in the Military Naval School of Marı́n (Spain)

Fig. 3: Range-Doppler matrix of the recorded data

− Region 2: an exponential distribution with parameter
λ = 26, 938 fulfills the considered goodness-of-fit test
and presents the lower dKS and dCM .

− Region 3: none of the considered distributions can be
used for modelling the data.

These results can be checked in Figure 4, where the
ECDF and the exponential CDF for each region under study
are depicted. As we expected, the ECDFs are exponential
distributed for the regions 1 and 2, and a Gaussian clutter
model can be assumed. However, in region 3, the exponential
distribution is not close to the empirical data.

Autocorrelation functions for the complex data along range
and Doppler dimensions have been computed. For all cases,
correlated clutter samples with ρrange close to 0.88 are ob-
tained along range dimension. However, the clutter data are
uncorrelated in Doppler (ρDoppler = 0).

Since none of the considered theoretical models can be
used to model the region 3, an exhaustive study is performed.
As we can see in Figure 3, the zero Doppler frequency presents
high power values for range samples lower than approximately
544. Because of that, this region is split into two new areas:
Region 3-A (range bins from 1 to 544) and Region 3-B (range
bins from 545 to 1, 000). In Figure 5, the radar scenario and
the range-Doppler matrix with the new regions are presented.
Regarding Region 3-A, the high power backscattering can be
provided by the terrain clutter and the floating platforms on
the sea with high radar cross section value.

Fig. 5: Radar scenario and range-Doppler matrix of the
recorded data for the region 3

Region 3 presents high power variability in the Doppler
dimension, so an individual statistical analysis is carried out
for each Doppler row in the regions 3-A and 3-B. Repre-
sentative Doppler shifts have been selected for the analysis:
the zero Doppler, ±12Hz, ±20Hz and ±64Hz. In Table I,
the theoretical distributions that fulfil the goodness-of-fit tests
for the squared-amplitude of the recorded data are presented.
Results show the variability of clutter models that fit real
data depending on range and Doppler dimension. Region 3-
A follows a log-normal distribution for the positive Doppler
values. However, a Gaussian clutter model can be assumed for
fd lower than −64 Hz. In region 3-B, the zero Doppler follows
a Weibull distribution and an exponential distribution can be
assumed for negative fd and fd higher than 20 Hz. Results
prove the complexity of the clutter characterization in bistatic
radar scenarios for Doppler shifts close to 0 Hz, giving rise
to the problem of designing detectors for slow moving targets,
which are suitable in this scenario.

V. CONCLUSION

In this paper, a statistical analysis of bistatic radar clutter
in coastal scenarios using a passive radar system has been
carried out. If the use of IoOs is the most promising feature of
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Fig. 4: ECDF and exponential CDF for the squared-amplitude of the recorded data

TABLE I: Theoretical models that fulfil the goodness-of-fit tests for the squared-amplitude of the recorded data in Region 3

Doppler shift (fd)
Region 3-A Region 3-B

Distribution Parameters Distribution Parameters
0 Hz Log-Normal μ = −3.799, σ = 1.661 Weibull b = 2.458 · 10−3, ν = 0.843

−12 Hz Log-Normal μ = −9.132, σ = 1.742 Exponential λ = 17, 657

12 Hz Log-Normal μ = −8.719, σ = 1.909 Weibull b = 6.06 · 10−5, ν = 0.879

−20 Hz Log-Normal μ = −9.606, σ = 1.623 Exponential λ = 22, 406

20 Hz Log-Normal μ = −9.304, σ = 1.538 Exponential λ = 21, 838

−64 Hz Exponential λ = 19, 963 Exponential λ = 28, 683

64 Hz Log-Normal μ = −10.209, σ = 1.496 Exponential λ = 32, 011

PBRs, it also highly complicates the detection problem. The
most extended solutions to solve the radar detection problem
in bistatic radar scenarios present high dependence of the
interference model assumed in the design, so a statistical
analysis is required. Few studies of bistatic interference models
are available in open radar literature and they mainly focus on
the ground clutter.

The radar database analyzed in this document has been
collected by IDEPAR demonstrator based on UHF signals lo-
cated at the Military Naval School of Marı́n. Only one PRI for
one acquisition has been considered, and three different areas
of interest have been selected. However, the results can be
extended to the rest of acquisitions. The statistical characteriza-
tion of the radar data has been performed estimating the ECDF
and applying goodness-of-fit tests to assess the suitability of
several theoretical distributions. Results show that the squared-
amplitude of the recorded data for high Doppler shifts can be
modelled using exponential distributions, so a Gaussian clutter
model can be assumed. An autocorrelation study reveals that
the data are correlated in range and independent in Doppler
dimension (ρrange = 0.88 and ρDoppler = 0).

However, Doppler shifts close to the zero Doppler require
a non-homogeneous characterization. Different clutter models
have to be considered to model sea clutter in different range
and Doppler areas. This statistical analysis allows the design
of robust detectors capable of approximating the NP one for
detecting slow moving targets.
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CCG2014/EXP060.

REFERENCES

[1] IEEE Standar Radar Definitions, IEEE aerospace and Electronics
System Society Sponsored by the Radar System Panel, 2008.

[2] J. Neyman and E. Pearson, “On the problem of the most efficient test of
statistical hypotheses,” Philosophical Transactions of the Royal Society
of London, vol. A 231, no. 9, pp. 289–337, 1933.

[3] V. Aloisio, A. di Vito, and G. Galati, “Optimum detection of moderately
fluctuating radar targets,” IEEE Proceedings on Radar, Sonar and
Navigation, vol. 141, no. 3, pp. 164–170, 1994.

[4] A. di Vito and M. Naldi, “Robustness of the likelihood ratio detector
for moderately fluctuating radar targets,” in IEE Proceedings on Radar,
Sonar and Navigation, vol. 146, no. 2, 1999, pp. 107–112.

[5] M. Malanowski et al., “Land and sea clutter from FM-based passive
bistatic radars,” IET International Conference on Radar Systems, 2012.

[6] J. Brown et al., “VHF airborne passive bistatic radar ground clutter
investigation,” IET International Conference on Radar Systems, 2012.

[7] A. D. Maio et al., “Measurement and comparative analysis of clutter
for GSM and UMTS Passive Radar,” IET Radar, Sonar and Nav., 2010.

[8] M. Cherniakov et al., “Experiences gained during the development of a
Passive BSAR with GNSS Transmitters of Opportunity,” International
Journal of Navigation and Observation, 2008.

[9] R. D’Agostino and M. Stephens, Goodness of Fit techniques. Marcel
Dekker, 1986.

[10] J. Proakis and D. Manolakis, Digital signal processing, 2nd ed.
Macmillan, 1992.

256



Single MLP-CFAR for a radar Doppler processor
based on the ML criterion. Validation on real data.

Nerea del-Rey-Maestre, David Mata-Moya, Pilar Jarabo-Amores, Pedro Gomez-del-Hoyo, Jaime Martin-de-Nicolas
Signal Theory and Communications Department

Superior Polytechnic School, University of Alcala
28805 Alcala de Henares, Madrid, Spain

Email:nerea.rey, david.mata, mpilar.jarabo, pedro.gomez,jaime.martinn@uah.es

Abstract—This paper tackles the evaluation of radar detectors
with real data in a scenario composed by targets with unknown
Doppler shift and sea clutter. A Neural Network-based Constant
False Alarm Rate (CFAR) technique, NN-CFAR, is compared
with reference detection schemes based on Doppler processors
and conventional CFAR detectors. In these reference solutions,
although CFAR techniques are designed for a desired false alarm
rate, PFA, we prove that the final PFA rate is higher than the
desired one. In this paper, a detection performance improvement
is obtained with a detector that is a better approximation to the
Neyman-Pearson detector based on the generalized Likelihood
Ratio (selecting the maximum filter bank output), and uses a
unique CFAR detector. Due to the non-linear nature of the
maximum function, conventional CFAR detectors are not suitable.
The improved detector is designed and applied to real data
acquired by a coherent and pulsed radar system at X-band
frequencies. Results prove that the NN-CFAR provides a higher
probability of detection while fulfilling the PFA requirement.

I. INTRODUCTION

Active pulse radars are extensively used for surveillance
and monitoring tasks. A radar scenario is composed by the
objects to be detected, targets, and non-desired objects, clutter.
Radar echoes will be acquired by the receiver, which will
generate the observation vector, z̃, a complex vector composed
of the in-phase and in-quadrature components.

The objective is to detect targets in presence of interfer-
ence, maximizing the Probability of Detection (PD), while
maintaining the Probability of False Alarm (PFA) lower than
or equal to a given value (the Neyman-Pearson, NP, detector)
[1]. So the radar detection problem is a binary hypothesis
test: H0 is the null hypothesis (the received signal consists of
interference, clutter plus noise), and H1 is the alternative one
(the received signal consists of target echo-plus-interference).
When the likelihood functions are known, a decision rule based
on comparing the likelihood ratio (LR) to a detection threshold
fixed according to PFA requirements, is an implementation
of the NP detector [2]. This approach requires a complete
statistical characterization of the observation vector under both
hypotheses, and significant detection losses are expected when
the likelihood functions vary from those assumed in the LR
detector design [3]–[6].

In practice, clutter and target statistics are variable. In these
cases, if target or clutter parameters are unknown and can
be modelled as random variables, the detection problem must
be formulated as a composite hypothesis test. The decision
rule consisting in comparing the Average Likelihood Ratio

(ALR) to a detection threshold (ηalr) fixed according to PFA

requirements, is an implementation of the NP detector [2]. The
ALR formulation usually leads to integrals without analytical
solution, and suboptimal approaches are proposed: numerical
approximations of the ALR, or the Generalized Likelihood
Ratio (GLR), which uses the maximum likelihood estimation
of the parameters governing the likelihood functions in the
LR, as if they were correct [2], [7]–[9]. Because of that,
the detection of small moving targets with unknown Doppler
shift in presence of clutter is an open issue. On the other
hand, the LR, the ALR and their suboptimum approaches use
a fixed threshold (ηlr). Constant False Alarm Rate (CFAR)
techniques have been proposed as a solution to maintain the
desired PFA under variable clutter parameters . The design of
a CFAR technique for LR, ALR or GLR based approaches is
a complicated task.

Practical radar detectors are based on Doppler Processors,
DPs, (cancelers, bank of filters) which exploit the Doppler
effect to filter clutter and improve the Signal-to-Interference
Ratio (SIR). Assuming that most of the clutter has been
rejected, incoherent CFAR techniques are applied to estimate
clutter residuals plus thermal noise statistics, and adapt the
detection threshold for maintaining the desired PFA [10]–
[13]. In Figure 1, a conventional radar detector scheme, DP-
OR detector, is depicted. In this scheme, an independent
detection process is carried out at the output of each Doppler
filter. Ideally, if the Doppler filter has rejected the clutter in
his pass-band, the output of the square law detector can be
assumed exponentially distributed, and the Cell Averaging CA-
CFAR is the optimum solution. However, although the PFA is
controlled in each detection branch, the final PFA generated
by the OR-logic operation applied to all the detections can be
significantly higher than the required value.

In [14], an improved detector based on the GLR philoso-
phy, DP-MAX Detector (Figure 2), was proposed. Due to the
application of the non-linear maximum function, the analytical
design of the CFAR technique is a complex task and a Neural
Network (NN) based solution was considered. NNs have been
proposed as universal aproximators [15], [16]. In the present
paper, the DP-MAX detector based on a NN-based CFAR, is
evaluated using real data acquired by a coherent, pulsed and
X-Band radar. A statistical study of real data is carried out in
order to design the considered detection scheme. Comparative
results to the conventional DP-OR scheme confirm that the
NN-based strategy allows the adaptation of the detection
threshold according to clutter statistics variations maintaining
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Fig. 1. DP-OR Detector

Fig. 2. DP-MAX Detector

a constant PFA.

II. STATISTICAL ANALYSIS OF SIGNAL HILL 2007
MEASUREMENT

The Council for Scientific and Industrial Research (CSIR)
has launched a series of measurement trials using its various
measurement facilities that are available to the international
radar research community on [17] [18]. The radar deployed
on Signal Hill 2007 measurement trial is an experimental,
monopulse, pulsed Doppler X-band (8.8 GHz) radar with an
instrumented range of 60 km. The pulse repetition frequency
(PRF) is 2kHz and the range resolution is 15 m.

A statistical study of real data recorded in Dataset 06-065-
TTrFA is carried out. The main parameters of the acquisition
are summarized in Table I. In Figure 6(a), the output of the
maximum function of the DP-MAX Detector in logarithmic
units is represented. The considered radar scenario is com-
posed by the echoes of two small targets whose trajectories
cross to each other and sea clutter echoes.

The clutter model is studied using all the temporal cells
associated with the 25th range cell. The Empirical Cumulative

TABLE I. PAREMETERS OF DATASET 06-065-TTRFA ACQUIRED BY
THE CSIR RADAR

Date: 10-Nov-2007 Duration: 46.5 s
Minimum Range: 9319.55 m Range Extend: 899.4 m
Antenna Azimuth: 366.5◦N Wind data: 7.58 kts, 210◦N

Doppler filters: 28 Window function: Blackman
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Fig. 3. Cumulative Distribution Functions for the squared clutter amplitude
of 25th range cell

Distribution Function (ECDF) is compared to Gaussian and
non-Gaussian models (Figure 3). In addition, the Kolmogorov-
Smirnov test (KS-Test) confirms that the data follow a Expo-
nential model with a λ parameter equal to 101.6816.

Anyway, the clutter backscattering is spatially heteroge-
neous; that is, the distribution parameters vary from cell to
cell. In order to design the NN-based CFAR processor, the
variation interval of the clutter power, Pc, and the one-lag
correlation coefficient have also been studied and the resulted
values are [−30, −12.5] dBm and 0.5 respectively.

III. ADAPTIVE THRESHOLD SOLUTION

A. DP-OR CA-CFAR Detector

The Cell Averaging CFAR (CA-CFAR) is the most
widespread incoherent CFAR technique [10], [19]. For each
cell of the radar matrix, the Cell-Under-Test or CUT, this tech-
nique estimates the clutter power from a set of R neighbouring
cells in the same radar matrix (reference window). Under
Gaussian conditions, the squared amplitude of the samples
in the reference window are independent and exponentially
distributed, and the CA-CFAR with the multiplicative factor
T = (PFA)

−1
R − 1 is the optimum solution.

In homogeneous clutter, the CFAR detector requires a
higher SIR than the fixed threshold detector, due to the
estimation of clutter parameters using a set of R samples. This
SIR increase is known as CFAR losses. CFAR losses are very
important for small values of R.

The DP-OR detector guarantees the desired PFA in each
CA-CFAR decision, but the final PFA, after the OR function,
will be unknown and higher. On the other hand, in the DP-
MAX scheme, the samples in the reference window of the CA-
CFAR are not exponential random variables because the filters
outputs are combined using a non-linear operation. The ECDF
is compared to a Gaussian model in Figure 4, and KS-Test
rejects the exponential model with λ = 1.1967. Under these
conditions, if T is calculated with the previous expression, the
detection capabilities of the DP-MAX detector could decrease
significantly.

B. MLP-CFAR design

A methodology is described in [14] for designing CFAR
techniques based on NNs, which can be applied to any
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Fig. 4. Cumulative Distribution Functions for the output of maximum
function of 25th range cell

detection scheme and/or radar scenario. The MLP is applied to
the output of the maximum function of the DP-MAX scheme,
and must learn the statistics of the input samples and provide
the required threshold for maintaining the PFA under clutter
variable parameters.

Taking into consideration the Kolmogorov’s superposition
theorem, MLP with two layers can represent any continuous
function in a compact and limited domain [15]. Then, the
MLP structure is composed by a R-dimension input layer
corresponding to the R reference cells, a hidden layer with
M neurons and an output layer with one unit.

The MLP-CFAR R/M/1 training strategy is based on the
objective of approximating the fixed threshold required by the
DP-MAX detector applied to an homogeneous environment,
adapting the actual threshold from estimations of clutter pa-
rameters in a non-homogeneous scenario. The main steps of
the training strategy are the following [14]:

1) Taking into consideration the Pc variation interval
and the approximation error associated with Pc ex-
treme values, the training set considers a extended
Pc variation interval: the lower bound is reduced by
a 60%, while the upper bound is increased a 25%.

2) Select discrete Pc values in the defined variation
interval, and estimate the fixed threshold required
by DP-MAX detector corresponding to PFA require-
ments. The final threshold values will be the desired
outputs for the training process. Regarding CFAR
losses, an estimation error is expected, which will
give rise to an overestimation of the detection thresh-
old. In order to reduce the CFAR losses, the fixed
threshold is estimated for a train PFA, P train

FA , which
is lower than the desired PFA. P train

FA will be closer
to the desired one as R increases.

3) For each Pc value, generate a training set, and apply
a training algorithm in order to minimize the MSE.

IV. RESULTS

This section is dedicated to the design and performance
evaluation of the considered detection schemes applied to real
data provided by CSIR. CFAR reference window is set to
R = 16 cells. PFA and PD are estimated using Montecarlo
simulation guaranteeing an estimation error lower tan 10%.
Regarding the dataset size, the desired PFA is 10−4.
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Fig. 5. Average MLP-CFAR thresholds

TABLE II. PFA OBTAINED BY THE MLP-CFAR TRAINED WITH
DIFFERENT P train

FA

PFA

MLP 16/2/1 P train
FA = 10−4 1.45 · 10−4

MLP 16/2/1 P train
FA = 7 · 10−5 9.95 · 10−5

MLP 16/2/1 P train
FA = 5 · 10−5 7.91 · 10−5

In order to design MLP-CFAR, patterns have been gener-
ated assuming Gaussian clutter model with one-lag correlation
coefficient equal to 0.5. Following the steps defined in section
III-B, the desired thresholds are estimated for a set of 33
discrete Pc values from the defined Pc extended variation
interval [−34, −11.5] dBm. For each Pc value, a set of 3 · 106

patterns is generated and applied to the DP-MAX scheme. The
objective detection thresholds are represented in Figure 5 in
blue.

MLPs with different M and P train
FA values have been

trained. For each pc value, 900 training and 200 validation
patterns have been generated. In order to study the MLPs
performances, 1, 000 patterns for each Pc have been generated,
and the average value of the MLP estimated thresholds has
been compared to the objective one (Figure 5). M = 2
has been selected because no performance improvement was
obtained for higher values. The ability of maintaining the
desired PFA is evaluated using a simulation set composed
by 3 · 106 patterns assuming Pc uniformly distributed in
[−30, −15] dBm. Table II shows the final P train

FA = 7 · 10−4

that guarantees the desired PFA reducing CFAR losses.

Three detection schemes are considered to carry out the
comparative study: the DP-OR CA-CFAR detector, the DP-
MAX detector based on a CA-CFAR and the DP-MAX de-
tector based on a MLP-CFAR R/2/1 trained with P train

FA =
7 · 10−5. Detection performances obtained with real data
are presented in Figures6(b), 6(c) and 6(d) respectively. In
addition, resulted PFA and PD are specified in Table III. The
highest PD is associated with DP-OR scheme but the PFA is
higher than the desired one corresponding to the non-controlled
PFA after the OR function. DP-MAX CA-CFAR detector
presents decreased detection capabilities due to the considered
thresholds associated with an unsuitable exponential model
after the maximum function. Then, the best result corresponds
to the detection scheme based on the MLP-CFAR that provides
the maximum PD maintaining PFA requirements.
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(a) Output of DP-MAX Detector
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(b) Detection matrix for OR-DP-
CFAR Detector
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(c) Detection matrix for DP-MAX
CA-CFAR Detector
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(d) Detection matrix for DP-MAX
MLP-CFAR Detector

Fig. 6. Descripiton and results obtained with Dataset 06-065-TTrFA

TABLE III. PD AND PFA OBTAINED BY THE CONSIDERED
DETECTORS. R = 16.

OR-DP-CFAR MAX-DP-CFAR MAX-DP-CFAR
CA-CFAR CA-CFAR MLP-CFAR

PD 0.9168 0.2264 0.3473

PF A 7.23 · 10−3 7.71 · 10−5 1.15 · 10−4

V. CONCLUSION

CFAR processors based on NNs are evaluated with real
data in a maritime scenario. The resulted detection capabilities
are compared to those obtained by conventional detection
schemes based on a Doppler processor and CFAR techniques.
If the Doppler filters reduce the clutter, the output of the square
law detector can be assumed exponentially distributed, and the
Cell Averaging CA-CFAR is the optimum solution.

In this paper, the considered detection scheme is a NN-
based solution which does not impose any statistical constraint
to its input space. The most immediate improvement, that can
be applied to the reference detection scheme, is the combina-
tion of the Doppler processor outputs to select the maximum
value. The application of this non-linear function modifies the
statistics of the filters outputs. The proposed CFAR is based on
a simple MLP trained with a extended clutter power variation
interval to reduce the approximation errors in the extreme
values, and with desired objectives composed by the threshold
associated with a PFA lower than the desired one to reduce
detection losses due to estimation errors corresponding to the
use of a finite set of R clutter samples.

In order to evaluate the considered detection schemes, real
data, provided by CSIR and acquired by a coherent, pulsed
and X-band radar system, have been used. After a statistical
analysis of the selected dataset, the MLP-CFAR is designed
assuming Gaussian clutter model with a one-lag correlation
coefficient of 0.5. Results show that the DP-MAX MLP-
CFAR detector outperforms significantly the performance of
the reference detector fulfilling the PFA design requirements.
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Abstract—Space-borne commercial Opportunity Illuminators
present interesting characteristics (global coverage and avail-
ability). An analysis of these illuminators’ imaging capabilities
has been carried out. Resolution requirements for classification
purposes has been considered and the impact of the desired target
size and dynamics studied. Small-medium ships, light aircrafts
and UAVs have been considered in a maritime surveillance
scenario. Geostationary communication satellites and Global
Positioning Systems have been analysed, whose central frequency,
signal bandwidth and orbits are quite different. Results show the
feasibility of both illuminators for the considered application.

I. INTRODUCTION

Passive Radars (PRs) are emerging techniques under an
intense research activity. The fact that they exploit non-
cooperative or Opportunity Illuminators (OIs) instead of an
own transmitter, makes them attractive solutions for surveil-
lance applications [1]. Numerous studies dealing with detection
and tracking capabilities of PRs using different OIs can be
found in the literature: FM [2], [3], digital mobile communi-
cations [4], [5], or DVB-T [6]. The present study focusses on
satellite OIs, which are of special interest due to their high
availability (global coverage), and almost total invulnerability
against natural disasters or physical attacks. Geostationary
DVB-S satellites, GNSS constellations or Low Earth Orbit
satellites have been analyzed [7], [8].

Nowadays, there is an increasing interest in the imaging
capabilities of PRs. The challenge of generating Inverse Syn-
thetic Aperture Radar (ISAR) images using satellite OIs has
been faced in [9], [10], [11].

In this paper, a study of the imaging capabilities of PRs
based on satellite OIs is carried out. Taking into consideration
resolution requirements for classification purposes, the signal
waveform, the bistatic geometry, and the size and dynamics
of targets, the feasibility of bistatic passive ISAR images
generation exploiting geostationary and GNSS satellites has
been analyzed. A coastal scenario has been defined. Small-
medium ships, light aircrafts and UAVs have been considered
as desired targets.

II. PASSIVE RADAR FUNDAMENTALS

The basic geometry of a PR exploiting satellite OIs is pre-
sented in Figure 1. Target detection is based on the correlation
of the received signals from the OIs (acquired by the reference
channel) and the target echoes (acquired by the surveillance
channel). The Cross Ambiguity Function (CAF) is the input to

Fig. 1: Passive radar system basic scheme

the detection stage. Due to the presence of clutter, multipath,
and the receiver thermal noise, different processing stages are
applied before the CAF generation. Once the target has been
detected, the tracking stage is in charge of estimating the
associated tracks and confirming the detected targets.

The classification capabilities of a radar are defined by its
spatial resolutions. In a PR, the range resolution is expressed
in (1), where φbistatic is the bistatic angle (defined by the
transmitter-target and the receiver-target vectors), Ψ is the
target aspect angle with respect to the bistatic bisector, c is
the light speed and B is the signal bandwidth [1]:

∆Rb =
c

2 ·B · cos(φbistatic/2) · cos(Ψ)
(1)

Ψ and φbistatic depend on the targets location and dynam-
ics. PRs are usually characterized by the monostatic range
resolution shown in (2), where Ψ and φbistatic are assumed
equal to zero, to define an upper bound of the expected range
resolution.

4Rb ≥
c

2 ·B (2)

In real aperture radars, the cross-range resolution depends
on the antenna electrical size. For improving cross-range
resolution, Synthetic Aperture Radars (SARs) use antennas
mounted on moving platforms, whose velocity and trajectory
are known and under control. In an Inverse SAR, ISAR, the
relative movement of the non-cooperative target with respect
to the sensor is exploited. Passive ISAR can be analyzed in



Fig. 2: Estimated received power for space-borne transmitters:
two low orbit satellites with different grazing angles, and a
geostationary DVB-S broadcasting illuminator.

the frame of bistatic ISAR. In [11], the Bistatic Equivalent
Monostatic Model (BEM) is presented proving that under not
very restrictive hypotheses, a bistatic ISAR system can be
treated as an equivalent monostatic ISAR system where a
virtual monostatic element substitutes the transmitter/receiver
couple.

Usually ship ISAR imaging is performed by exploiting
the target rotation motion. When this approach is used, the
CPI (Coherent Processing Interval) must be short enough to
guarantee that the rotation axis stays almost fixed, in order to
consider the relative Doppler shift of the target‘s scatterers near
constant [12]. High sea state conditions are required in order
to fulfil resolution requirements, and times around a fraction
of a second are expected. From the passive radars point of
view, short illumination time, defined as the length of the CPI
, could be a drawback that must be considered:

• For passive radars, SNR is a key factor for sys-
tem detection capabilities. Indeed, system geometry
associated with the use of space-borne illuminators
is defined by a long linebase (distance between the
OI and the receiver), with propagation losses bigger
than those obtained in systems based on ground illu-
minators. Moreover, low Effective Isotropic Radiated
Powers (EIRP) are usually expected for this kind of
transmitters. In general, received power at the acqui-
sition chain input in these scenarios are significantly
lower than their terrestrial counterparts. In Figure 2 a
few examples of target echo received power for space-
borne systems are presented.

• The illumination time can be used to reduce the
SNR gap between both transmitters types, since the
processing gain of the system is directly related with
this parameter. Taking into account this fact, using the
rotation axis approach for obtaining ISAR capabilities
could not be the more profitable option.

In [10], an ISAR passive mode relying on the target
translation motion is presented to overcome the problems

Fig. 3: Geostationary OI based PR geometry

related to low target rotating vectors. Stationary transmitter
and receiver are assumed (a geoestationary satellite OI and
a ground receiver). Using this approach, more favourable
illumination times could be obtained.

III. SPACE-BORNE OI-BASED SYSTEMS GEOMETRY FOR
IMAGING PURPOSES

The geometry of a space-borne OI-based PR is depicted in
Figure 3. In the presented case, the baseline length is about
36,000 kms, which implies that the power flux density incident
on the target will be much lower than in systems based on
ground OIs. The coverage area of interest will be a small region
around the receiver’s position. Typical target speed will lead
to long illumination times and coherent processing intervals to
obtain useful cross-range resolutions and the required integra-
tion gain for detection purposes.

The reference system for cross-range resolution calculation
is defined in the top view presented in Figure 4:

• The ship is following a straight trajectory forming a
counter-clockwise angle θ0 from the X axis, with a
speed v.

• HPBW is the Half-Power-Beam-Width of the receiv-
ing antenna.

An approximated expression of the Doppler shift of the
echo signal is presented in (3) : λ is the wavelength, RRX is the
target-receiver distance, and f0 is the Doppler centroid [10].
The target illumination time, (4), and the bandwidth of the
linear frequency modulation generated by the target movement,
(5), allow the calculus of the cross-range resolution (6).

fD(t) = f0 −
1

λ
· v

2 · sin2(θ0)

RRX
· t (3)

T =
2 · tan(HPBW2 ) ·RRX

VT sin(Θ)
(4)



Fig. 4: Reference system for cross-range resolution calculation

BD =
1

λ
· v

2 · sin2(θ0)

RRX
· 2 · tan(HPBW2 ) ·RRX

VT sin(Θ)
(5)

4Rc−r >
1

BD
· VT sin(Θ) =

λ

2 · tan(HPBW2 )
(6)

Equation (6) can be reformulated in (7) for high directive
antennas expressed in terms of the antenna length in the
azimuthal dimension (LAz).

4Rc−r >
λ

HPBW
(7)

High directivity receiving antenna gains will guarantee the
required SNR for detection purposes. When exploiting satellite
OIs, this requirement can be critical due to the low target
incident power density. On the other hand, high HPBW will
reduce the achievable cross-range resolution. Therefore there
is a strong relation between coverage and ISAR resolution.
This relation is also affected by the targets of interest:

• The bistatic range and cross-range resolutions should
be high enough to allow the extraction of suitable
features for target recognition. Each resolution should
be at least a tenth of the largest target dimension.

• The medium and maximum speeds of targets are
closely related to their size. Given a HPBW and
a trajectory, this velocity will determine the target
illumination time.

• The possible target trajectories are target and scenario
geometry dependent.

IV. CASE STUDY

In surveillance scenarios, the most challenging targets are
the smaller ones (yachts, fishing boats, small aircrafts, ultra-
light aircrafts or Unmanned Aircraft Vehicles, UAVs). Their
more relevant characteristics are:

Fig. 5: Expected target trajectories and associated heading
angles, θ0

• Small-medium boats (10 − 40m long and 3 − 10m
width), with speeds ranging from 5 to 30 knots.

• Small aircrafts (wingspan and lengths ranging from
less than 10m to 20 m), low flight velocities include
take-off and landing manoeuvres.

From the sizes of the targets of interest, two objective
cross-range resolutions are defined: 1 m for small boats, ultra-
light aircrafts and UAVs; 5m for medium size boats.

The speed ranges are wider: 7.5 and 30 knots for ships,
100 and 200 km/h for aircrafts.

The scenario has been located at a coastal area of the
Iberian Peninsula (Pontevedra, in the Marin Spanish Navy
Academy). In Figure 5, a picture of the Region of Interest,
ROI, is presented. The next elements to be defined in the case
study are the expected target trajectories. Different trajectories
will define different target heading angles, θ0. For the pre-
sented study, a wide range of trajectories is expected, so a
θ0 ∈ {π/2, π/4, π/8} has been selected.

V. RESULTS

The minimum illumination time for a given cross-range
resolution has been obtained for the set of parameters defined
in the case study section, and for geostationary and GPS
satellites.

A. Broadcast geostationary satellites

Geostationary satellites use an orbit at around 35800 km
above the equator. Satellites with this orbit appear stationary,
always at the same point in the sky from the terrestrial
observer’s point of view. This kind of satellites are com-
monly used for communication purposes. The receiver can be
permanently pointed to the satellite fixed location. In a PR
sense, those systems are attractive for their wide availability,
and their robustness against the ground scenario changing
characteristics. In Table I, the main characteristics of a possible
illuminator and a generic parabolic PR receiving antenna are
shown.

The high bandwidth associated with digital signals, for ex-
ample, DVB-S signals, generates bistatic range resolutions that
are compatible with the imaging requirements. The maximum
illumination time for the selected antenna (HPBWmax =



TABLE I: Geostationary satellite and PR parabolic antenna
main characteristics

fc 12 GHz
H 35780 km

Orbital period 1 sideral day
Bandwidth < 100 MHz
4Rb ≥ c

2·B > 1.5 m
Antenna Gain 38.5 dBs

Beamwidth 2.3◦

TABLE II: Ilumination times required to fulfil 4Rc−r = 1m
using Geostationary satellites

Rx Aspect angle
Velocity

7.5 kn 30 kn 100 km/h 200 km/h

15 km
θ0 = π/2 47.192 24.298 13.500 6.750

θ0 = π/4 137.451 34.363 19.092 9.546

θ0 = π/8 253.976 63.494 35.278 17.639

30 km
θ0 = π/2 194.384 48.596 27.000 13.500

θ0 = π/4 274.901 68.725 38.184 19.092

θ0 = π/8 507.451 126.988 70.554 35.277

40 km
θ0 = π/2 259.479 64.795 36.000 18.000

θ0 = π/4 366.535 91.634 56.912 25.456

θ0 = π/8 677.268 169.317 94.070 47.036

2.3◦) is enough to achieve the desired cross-range resolution
(taking equation (7) into consideration for 4Rc−r = 1 m,
HPBWrequired ≥ 1.43◦).

In Tables II and III the required time for the considered case
study are shown; values in bold are lower than 100-seconds.
It is possible to assert that the results required are not too far
from the usual illumination times for satellite systems except
for those set of parameters corresponding to the slowest targets
in the worst trajectories.

B. GNSS systems as Illuminators: GPS satellites

GNSS satellites constellations are very attractive for PR
systems due to its global coverage and the guaranteed avail-
ability of several illuminators for a given location. In this work
GPS has been used as a representative example. However, their
orbit type does not guarantee that the illuminator positions can
be considered fixed along the acquisition process T, so the use
of a tracking system to control the pointing direction of the
receiver antenna is mandatory.

In Table IV the main characteristics of the GPS systems
and two receiver antennas are summarized. Two antennas have
been considered in order to show how a trade-off between
range coverage, which depends on the antenna gain, and cross-
range resolution, which depends on its beamwidth, is some-
times required. For this work, the HPBW of the antennas must
be wider than 11◦, (equation (7) particularized for 4Rc−r =
1 m) and this condition is not fulfilled for the first antenna.
The range resolution is not enough to fulfil the imaging
requirement, but could be accepted if the final ISAR image
quality is good enough for generating suitable classification
features.

In Tables V and VI the calculated times for the two required
cross-range resolutions are shown. For GPS, required illumina-

TABLE III: Ilumination times required to fulfil 4Rc−r = 5m
using Geostationary satellites

Rx Aspect angle
Velocity

7.5 kn 30 kn 100 km/h 200 km/h

15 km
θ0 = π/2 19.438 4.859 2.700 1.350

θ0 = π/4 27.490 6.873 3.818 1.909

θ0 = π/8 50.795 12.699 7.055 3.928

30 km
θ0 = π/2 38.877 9.719 5.400 2.700

θ0 = π/4 54.980 13.745 7.637 3.818

θ0 = π/8 101.590 25.398 14.111 7.055

40 km
θ0 = π/2 51.863 12.969 7.200 3.600

θ0 = π/4 73.307 18.327 10.182 5.091

θ0 = π/8 135.453 33.863 18.814 9.407

TABLE IV: Global Positioning Satellites and proposed antenna
main characteristic

fc 1.572 GHz

H 20200 km

Orbital period 1/2 sideral day

Bandwidth 20-30 MHz

∆R > 5 m

Gain1 24 dBs
Gain2 16.6 dBs

HPBWantenna1 ' 8◦

HPBWantenna2 ' 20◦

tion times increase due to their dependence with frequency; as
the central frequency is reduced, the required illumination time
must be increased. Values from a couple hundred of seconds
to several thousand have been obtained. Only for the most
favourable trajectory (Θ = π/2) and fast moving targets the
results are less than 100 seconds.

Taking into consideration these acquisition times, the rel-
ative movement of the satellite with respect to the passive
receiver and target, should be taken into account for more
accurate studies, because there are Doppler frequency com-
ponents generated for this relative displacement that can affect
the cross-range resolution.

VI. CONCLUSIONS

In this work, a practical approach to the analysis of the
feasibility of a couple of space-borne PR illuminators has been
carried out, focusing on the imaging requirements for target
classification purposes. Geostationary broadcast communica-
tion satellites using DVB-S signals and GNSS GPS satellites
have been considered due to their great potential advantages
in passive systems. A case of study has been defined based
on a coastal surveillance scenario, selecting a set of desired
targets in order to define the resolution requirements and
targets dynamics allowed, as a result, two objective values of
cross-range resolutions have been defined: 1 and 5 m.

• Using geostationary satellites, both resolutions are
easily achievable with illumination times in accor-
dance with those expected in passive radars using
space-borne illuminators. Only for cases with the most
restrictive conditions, acquisition times longer than a
hundred seconds have been obtained.



TABLE V: Ilumination times required to fulfil 4Rc−r = 1m
using GPS

Rx Aspect angle
Velocity

7.5 kn 30 kn 100 km/h 200 km/h

15 km
θ0 = π/2 740.315 185.079 102.829 51.415

θ0 = π/4 1, 047.0 261.70 145.40 72.70

θ0 = π/8 1, 934.5 483.60 268.70 134.40

30 km
θ0 = π/2 1, 480.6 320.20 205.70 102.80

θ0 = π/4 2, 093.9 523.50 290.80 145.40

θ0 = π/8 3, 869.1 967.360 537.40 268.70

40 km
θ0 = π/2 1, 974.2 493.50 274.20 137.10

θ0 = π/4 2, 791.9 698.00 387.80 193.90

θ0 = π/8 5, 198.8 1, 289.7 716.60 358.30

TABLE VI: Ilumination times required to fulfil 4Rc−r = 5m
using GPS

Rx Aspect angle
Velocity

7.5 kn 30 kn 100 km/h 200 km/h

15 km
θ0 = π/2 148.063 37.016 20.566 10.283

θ0 = π/4 209.393 52.348 29.085 14.542

θ0 = π/8 396.907 96.727 53.741 26.871

30 km
θ0 = π/2 296.126 74.032 41.132 20.566

θ0 = π/4 418.785 104.696 58.169 29.085

θ0 = π/8 773.814 193.484 107.483 53.741

40 km
θ0 = π/2 394.834 98.709 54.842 47.421

θ0 = π/4 558.380 139.595 77.559 38.779

θ0 = π/8 1, 031.80 257.90 143.360 71.70

• When GNSS GPS satellites are selected, several prob-
lems arise. In order to make the cross-range con-
strain achievable, a trade-off between antenna gain and
beamwidth must be reached. Only the most optimistic
trajectories and velocities allow times under the hun-
dred of seconds, making very difficult the imaging of
small targets. A deeper study is required to include the
Doppler shift due to the OI movement relative to the
target in order to properly evaluate the ISAR images
generation capabilities of PR based on these OIs.
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Abstract—This paper tackles the evaluation of a Kalman filter-
based tracker with real data acquired by a Passive Bistatic Radar
(PBR) system. The detection of slow moving targets manoeuvres
in ground environment is considered. This radar scenario is
characterized by shadowed areas with detection losses due to
diffraction phenomena associated with trees, buildings, etc. The
application of the designed tracker to real data acquired by a
PBR system allows us the study of the detection capabilities to
identify tracks in line-of-sight and non line-of-sight areas.

I. INTRODUCTION

Passive Radars (PR) are emerging technologies that are
being extensively developed to anticipate and prevent the mul-
tiple threats that European society faces. In recent years, the
improvement in computing capacity and the availability of new
technological solutions have increased the interest in passive
radar systems as an alternative solution to active ones. A
Passive Bistatic Radar (PBR) is defined as a set of techniques
that uses non-cooperative signals (such as broadcast, commu-
nications, radar, or radio-navigation signals) as illumination
sources, rather than using a dedicated radar transmitter [1], in
order to detect targets and to estimate parameters. These non-
cooperative sources are known as Illuminators of Opportunity
(IoO). In the radar literature, different transmitters are used
during PBR design: [2], [3] use FM radio, DVB-T signals
are employed in [4], and digital mobile communications in
[5], [6]. In this paper, DVB-T IoO is considered because of its
increasing availability, high enough and stable power, and good
bandwidth, which can be increased using consecutive channels
[7].

In terrestrial PBR, the presence of the clutter interference
is more pronounced due to line-of-sight between the antennas
and the ground clutter. This characteristic increases the clutter
level, concentrating the false alarms around the zero-Doppler
line. The terrestrial targets usually describe trajectories with
relatively low velocity, so its associated detections should be
located around Zero-Doppler. In order to discriminate the real
detections and track the targets correctly, a robust tracker is
needed.

In addition, the radar scenario can present trees, low
ridges and buildings that generate shadowed areas. These areas
can hide target detection due to the diffraction attenuation
of the backscattering. The uses of radar system for ground
surveillance in urban, suburban and difficult terrain zones
are limited because of this drawback. Even so, UHF and

VHF broadcasting signals enable the detection of targets in
these shadowed regions through the phenomenon of knife-edge
diffraction, which is more pronounced for longer wavelengths
[8]. This knife-edge effect is explained by the Huygens’
principle, which states that a welldefined obstruction to an
electromagnetic wave acts as a secondary source, and creates a
new wave front. This new wave front then propagates into the
geometric shadowed area of the obstacle, enabling non line-
of-sight detection [9]. The reference signal considered in the
current study, comprises the hight frequencies of the Spanish
DVB-T spectrum (850 MHz) in order to take advantage of the
diffraction phenomenon.

In the open radar literature, tracker designs based on
Kalman filters methodologies are the most common. Recursive
Kalman filter is optimum when the state and measurement
equations are linear functions. The target trajectories can
be defined as linear manoeuvres in the range-Doppler plane
defined in a PBR system. In [3], a 3-dimensional Kalman
filter (bistatic range, Doppler shift and bearing) is considered
for aircraft tracking in a FM based PBR. The DVB-T signal
and the extended Kalman filter are employed in [4] to track
aerial target in the Cartesian plane. In [10] the Kalman tracking
accuracy is studied using FM, DAB and DVB-T transmitters
as IoO.

In this paper, a bi-dimensional (range-Dopler space) tracker
system based on the Kalman filter has been implemented. The
targets under study are ground vehicles moving in a adverse
environment with obstacles and the associated shadowed areas.
The designed system has been evaluated with real data to study
the capability of track detection in these areas. In addition, a
geodesic coordinate converter is implemented to validate the
tracking performance using Global Positioning System (GPS)
data of cooperative target.

The paper is organized as follows. The tracker system and
the geodesic converter are described in section II. Section III
characterizes the radar scenario under study and the available
conditions of sight. In section IV, the results for the real data
processing are shown. Finally, the conclusions are presented
in Section V.

II. PROCESSING STATE

A. Target tracking

In radar literature, the family of Kalman filters are the most
extended filters used to design the radar tracker system, due to



its low computing cost and fast convergence. In this paper, a
bi-dimensional tracker based on the standard Kalman filter has
been implemented. The system directly works on the bistatic
range-Doppler space, taking advantage of the filter optimal
operation with linear processes [11].

The actualization stage equation is declared in (1), where
F is the prediction matrix, x(k) the state vector and u(k) is
the process noise vector.

x(k + 1) = Fx(k) + u(k) (1)

• The state vector x(k) is composed of the bistatic
range, Rb, Doppler shift, fd, and the velocity in both
dimensions, VRb, Vfd respectively.

x(k) =



Rb(k)
VRb(k)
fd(k)
Vfd(k)


 (2)

• The dynamic model used to describe the target ma-
noeuvres is based on the polynomial motion model
[12] in the bistatic range dimension:

Rb(k) = Rb(k−1)+VRb(k−1)T+1/2aRb(k−1)T 2+w(k)
(3)

Exploiting the fact that the Doppler shift measurement
is proportional to the velocity of the target, the predic-
tion matrix F is defined in (4), where T is the update
rate and λ is the wavelength.

F =



1 0 −λT −λT 2

0 0 −1 −λT
0 0 1 T
0 0 0 1


 (4)

This matrix is used in the prediction stage, for es-
timating the new state vector. However, the error
covariance prediction is carried out with the standard
state transition matrix for bi-dimensional Kalman filter
(5). The use of these two transition matrixes changes
the Kalman gain in the range dimension. Thereby
the dependence between the detected and predicted
positions is increased, taking advantage of the better
range resolution under DVB-T based PRB.

F′ =



1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1


 (5)

• u(k) is the process noise modelled as white Gaussian
noise vector with the matrix of covariance defined
in (6), where T is the upgrade time and q is the
acceleration noise power spectral density.

Q = q



T 3
k /3 T 2

k /2 0 0
T 2
k /2 Tk 0 0
0 0 T 3

k /3 T 2
k /2

0 0 T 2
k /2 Tk


 (6)

The measurement vector z(k), provided by the detection
stage, comprises measurements of bistatic range and Doppler
shift.

z(k) =

(
Rb(k)
fd(k)

)
(7)

The relationship between z(k) and x(k) is modelled with
the expression (8), where w(k) represents the measurement
noise, modelled as a Gaussian white noise vector, and H is
the measurement matrix defined in (9).

z(k) = Hx(k) +w(k) (8)

H =

(
1 0 0 0
0 0 1 0

)
(9)

The tracker process begins with the prediction stage of the
Kalman filtering, where the state and error covariance matrix
are estimated according to:

x̂(k + 1/k) = Fx̂(k/k) (10)

P(k + 1/k) = F′P(k/k)F′
T
+Q (11)

Where x̂(k/k) and P(k/k) are the apriori state vector
and error covariance matrix, x̂(k + 1/k) and P(k + 1/k)
are the a posteriori state vector and error covariance matrix,
respectively.

To identify that a detection belongs to a track, the nearest
neighbour algorithm in combination with a dynamic associate
gate is used.

The track is updated with the new measurement or the last
predicted state, according to:

K(k) = P(k/K)HT (HP(k/k)HT +R)−1 (12)

x̂(k + 1/k + 1) = x̂(k + 1/k) +K(k)(z(k)−Hx̂(k + 1/k))
(13)

P(k + 1/k + 1) = (1−K(k)H)P(k + 1/k) (14)

B. Track confirmation

The track confirmation is an essential stage in the tracking
system. It works like the last filter to reject the false alarms
present in the system. In PRB literature the use of the Markov
logic is common due to the low false alarm rate and time
confirmation [13]. In the case under study, the target expected
manoeuvres include the zero-Doppler zone, where a concen-
tration of false alarms is anticipated. The tracks declared by
false alarms are common, as a result of the detection density
and low associated velocity (Doppler shift). In these cases, the
system based on Markov logic obtains a considerable false
track confirmation.

In the current paper, a dual rule is implemented to confirm
the tracks declared and reject the false alarms present in the
system:



− Temporal rule: recursive detections in an identified
track have to be associated with the same target
confirming the trajectory. The system implements a
3-out-of-4 Markov logic, filtering the isolated false
alarms.

− Spatial rule: the relationship between Doppler shift
and range rate has to be obeyed. Reject the unavailable
trajectories derived by the association of closely false
alarms.

The application of these two rules limits the track confir-
mation to real targets and unusual combination of false alarms
similar to an expected target manoeuvre.

C. Geodesic coordinate converter

The system implemented until this stage, works over the
bistatic range-Doppler plane. On this coordinates system, the
target manoeuvres can be confused due to the definition of
the bistatic geometry. The implementation of a coordinate
converter to represent the target movements on the geodesic
plane is useful.

The bistatic range and Doppler shift in a PBR, does not
have enough information to make a direct coordinate conver-
sion. The bistatic range defines an ellipsoid whose focuses
are the transmission and the receiver, where the target can
be placed. The direct estimation of the true target position
into the ellipsoid is unworkable due to the absence of angular
discrimination in the system. It is necessary to determine a new
source of extra information. In this paper, the characteristics
given by the geographic information systems (GIS) about the
radar scenario are used to provide an automatic conversion.

The coordinate converter is divided in two different stages,
a preliminary study of the radar scenario and the automatic
converter. In the first stage, the GIS information is analysed
paying attention to existing roads and their characteristics
(velocity limit, curves, intersections, etc). This information is
considered in order to generate a reference velocity profile
for a typical target in all the sections of the routes. In the
automatic converter, the target tracks are associated with a
road, according to the following recurrent process:

• Obtain the biestatic ellipsoid using the bistatic geom-
etry and range position.

• Calculate the intersections between roads and the
bistatic ellipsoid.

• Determine the target velocities using the Doppler shift,
the intersection points and the route directions.

• Compare the supposed velocity with the road profile
anticipated at the first stage.

• Select the best solution paying attention to all PRI
analysed until the present instant.

• Represent the estimated target positions on the GIS
plane.

The converter analyses all the tracks validated by the
tracker system. In order to minimise the road association
changes, all the filter points until the track confirmation are
used to determine the first road assigned.

Fig. 1: Radar scenario. Green area: area of interest with a
beamwidth equal to 48◦. Yelow line: Meco road. Blue line:
R2 highway

The designed geodesic converser suppose that the target
follows predictable movements on the existing road. However,
targets describing unexpected trajectory can be available. In
this case, the converser can’t determinate the real target ma-
noeuvre due to the absence of position discrimination, and the
target is followed only by the tracker system. The presence of
these unexpected tracks could be used as alarm system on the
surveillance area.

III. RADAR SCENARIO

The real radar data analysed in this paper have been
collected by a technological demonstrator developed in the
University of Alcalá, under project IDEPAR. IDEPAR is a
passive bistatic radar that uses DVB-T transmitters as IoO.
This demonstrator has been implemented using commercial
antennas, daughter boards and Analogy-to-Digital Conversions
(ADC) systems and has been designed to operate in the
high frequency band of the DVB-T (central frequency of
850 MHz). A synchronization unit has been considered to
reduce the undesired effects caused by the coherence of the
sampling clocks for the two receiving channels and the relative
phase shifts between them. All of the processing stages have
been implemented off-line. In the case study considered, the
processed signal is composed of three consecutive DVB-T
channels (24 MHz bandwidth).

The radar scenario is located at the roof of the Superior
Polytechnic School (SPS), in the University of Alcalá external
campus (Figure 1). The area of interest (AoI) is composed
of the Meco road, R2 highway and the campus roads that lie
within the 3dB beamwidth of the receiving antenna (48◦).The
Torrespaña DVB-T transmitter has been selected as a main
IoO.

In Figure (2) a view from the surveillance antenna is
shown. In this scenario the Meco road is hidden by the Molec-
ular Medical Institute Prince of Asturias (IMMPA) composed
by two buildings with different height (the lowest one is lower
than the SPS while the highest one is higher than the SPS).
This paper is focused on the low bistatic ranges of the scenario
where three kind of areas in function of the present building
can be declared:

− Line-of-sight of the Meco road region: comprises the
first part of the road where the target is visible (until



Fig. 2: Area of interest. Line-of-sight region(green), low shad-
owed region(red), severe shadowed region(blue)

Fig. 3: View from the surveillance antenna

44.5 range cell). In this area there are some trees and
posts that do not hinder the detection task.

− Low shadowed region: lower part of the IMMPA (from
44.5 to 63 range cell).

− Severe shadowed region: higher part of the IMMPA
(from 63 range cell).

For evaluating the detection and tracking capabilities in this
unfavourable area, a controlled vehicle has been used during
the acquisition time.

IV. REAL DATA ANALYSIS

A. Data processing

In this paper, the data acquired on February 13, 2015 have
been used in the analysis. In the experiment, two sets of 30-
second acquisitions were recorded. For each data acquisition,
120 detection matrixes were generated using the following
processing parameters:

− Processing Repetition Interval (PRI): 250 ms.

− Integration time: 250 ms.

− CAF size: 401 Doppler shifts, fd ∈ [−799.744;
799.744] Hz and number of range bins equal to 1, 000
corresponding to a coverage distance of 9.45 km in the
pointing direction.

(a) 16:09:03 Detections

(b) 16:12:45 Detections

Fig. 4: Range-Doppler cumulative detection matrix (Black
points) and cooperative target manoeuvre (green line). Low
shadowed region (Orange) and several shadowed region (blue).

− Cell-Averaging Constant False Alarm Rate (CA-
CFAR) detectors along range and Doppler dimensions
have been used. The outputs provided by both detec-
tors have been combined using the AND operation in
order to declare a target if and only if both detectors
have decided in favour of the alternative hypothesis.

The acquisitions were recorded in presence of multiple
targets. In order to validate the tracker performance, a cooper-
ative target is used in both acquired data sets. The detections
obtained in the acquisition times are displayed in Figure 4,
where multiple groups of detection are present in the AoI.
The real trajectory of the cooperative target provided by the
GPS system is also shown.

The output of the tracker system is presented in Figure 5.
In both acquisition datasets different targets manoeuvres have
been tracked in the AoI. The obtained tracks describe trajecto-
ries with expected Doppler shift (around 80 Hz, associated with
around 70 kmh) between the line-of-sight and low shadowed
regions as well as some tracks reaching the severe shadowed
region. It should be pointed out that the cyan track in Figure
5a describes movement all over the two shadowed regions.

The differences between Figures 4 and 5 show the false
alarms filter around zero-Doppler line. The initiated tracks
are mostly eliminated due to for they do not belong to real
target trajectories. Low bistatic range area has got confirmed



(a) 16:09:03 Tracks

(b) 16:12:45 Tracks

Fig. 5: Identified tracks. Low shadowed region (Orange) and
severe shadowed region (blue)

tracks because of the presence of vehicles movement in the
near roundabout and the internal campus roads.

In this document, only the results obtained for the coop-
erative target are analysed. The results can be extended to the
rest of the tracks presented in the acquisition.

B. Results

The results of the cooperative vehicle are presented in
Figure 6 with the superposition of the detection and tracks
calculated by the system and the real trajectory provided by
the target GPS.

The detections associated with the cooperative target track
are almost overimposed to the points provided by the GPS.
The presented errors are mostly enclosed in the resolution
steps. The tracker generates a continuous trajectory correctly
approximating the real manoeuvre of the target. In the ending
of the acquisition, the track estimation and the GPS projection
are separated. This trend could be explained regarding to
detection losses in the shadowed area and the filter memory.
The tracks converted to the geodetic coordinates are shown
in the Figure 7. In both cases the trajectories comprised
movements in the three regions.

Tracker performance is summarized in Table I. The cooper-
ative targets produce detections from the middle of the line-of-
sight zone to the end of the low shadowed region. In the severe
shadowed area, the target does not produce any detections due

(a) 16-09-03

(b) 16-12-45

Fig. 6: Detected Tracks of cooperative targets

(a) 16-09-03 (b) 16-12-45

Fig. 7: Real map track trajectory and GPS data in the AoI

to the low level of signal dispersed in the hight building. This
phenomenon also take place in the low shadowed region, where
a reduction of the detection probability is observed.

V. CONCLUSION

In this paper, the capabilities for tracking ground targets
on non line-of-sight conditions using a passive radar system
have been studied. The considered tracker is based on Kalman
filter which is optimum for linear trajectories such us the
representation of the target tracks in the range-Doppler space.
In the considered radar scenario, targets usually have low speed



TABLE I: Controlled target comportment

Acquisition
Detections range Detection probability

Duration
Initial End line-of-sight Shadowed

16 : 09 : 03 31 61 72.41% 53.85% 13.75seg

16 : 12 : 45 29 62 61.53% 37.93% 16.75seg

and their echoes can be masked by the diffraction attenuation
associated with urban obstacles.

The real radar data has been collected by the IDEPAR
demonstrator located at the University of Alcalá. The demon-
strator is based on DVB-T IoOs and the area of interest has
been divided in three regions: target line-of-sight area, low
shadowed area and severe shadowed area. A cooperative target
has been used in order to validate the identified tracks in the
three regions. Target GPS data have been compared to the
estimated track using a geodesic coordinate converter.

Results confirm that the system can detect and predict
the real trajectory of a cooperative target in two of the three
regions: target line-of-sight area and low shadowed area. Thus
the tracker performance depends on the diffraction losses and
the target radar cross section.
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Abstract— This paper tackles the detection of radar targets in 
presence of K-distributed clutter. A detection scheme composed 
by a preprocessing stage and a likelihood ratio test is proposed 
for adapting the detection threshold in order to maintain a 
constant false alarm probability. The conventional Cell-
Averaging Constant False Alarm Rate (CA-CFAR) detector is 
considered as reference one. CA-CFAR technique uses output of 
the square law detector which cannot be the optimum one. The 
proposed detection scheme allows the use of a fixed threshold 
based on the finite number of clutter samples of the reference 
window. Considered detectors are evaluated with real data 
acquired by IPIX radar. Results prove that the designed adaptive 
threshold technique based on the likelihood ratio presents better 
detection capabilities than CA-CFAR, maintaining for both 
schemes a similar constant false alarm probability. 

Keywords—Neyman-Pearson criterion, Constant False Alarm 
Rate Solutions, Radar Detection, IPIX radar 

I.  INTRODUCTION 
Active pulse radars are extensively used for surveillance 

and monitoring tasks. Any object in the coverage area can 
intercept the radar transmitted signal and reradiate part of it 
towards the radar. The objects to be detected are denoted as 
targets, while all radar echoes from other non-desired objects 
are called clutter. Radar echoes will be acquired by the 
receiver, which will generate the observation vector ( ), a 
complex vector composed of the in-phase and in-quadrature 
components of the digitized samples. 

The aim is to detect targets in presence of interference 
(receiver noise plus clutter), maximizing the Probability of 
Detection (PD), while maintaining the Probability of False 
Alarm (PFA) lower than or equal to a given value (the Neyman-
Pearson, NP, detector) [1]. So the radar detection problem can 
be formulated as a binary hypothesis test: H0 is the null 
hypothesis (the received signal consists of interference, clutter 
plus noise), and H1 is the alternative one (the received signal 
consists of target echo-plus- interference).  

If f( |H0) and f( |H1) are the detection problem likelihood 
functions, a possible implementation of the NP detector 
consists in comparing the Likelihood Ratio (LR), Λ( ), to a 
threshold, ηlr, selected according to PFA requirements [2]. Rule 

decision (1) is an implementation of the NP detector which 
decides in favor of H1 when the LR output is higher than the 
selected threshold ηlr. This approach requires a complete 
statistical characterization of the observation vector under both 
hypotheses and significant detection losses are expected when 
the likelihood functions vary from those assumed in the LR 
detector design [3]-[6]. 

           (1) 

In practice, clutter and target statistics are variable. 
Although clutter parameters are usually estimated from radar 
measurements, target statistics are really difficult to estimate. 
In these cases, if target parameters are unknown and can be 
modelled as random variables, the detection problem must be 
formulated as a composite hypothesis test. The decision rule 
consisting in comparing the Average Likelihood Ratio (ALR) 
to a detection threshold ( alr) fixed according to PFA 
requirements is an implementation of the NP detector [2]. The 
ALR detector for targets with unknown Doppler shift, d, is 
presented in (2). The ALR formulation usually leads to 
intractable integrals without a closed solution, and sub-
optimum ones are considered [7].  

   (2) 

On the other hand, the LR, the ALR and their suboptimum 
approaches use a fixed threshold. Constant False Alarm Rate 
(CFAR) techniques have been proposed as a solution to 
maintain the desired PFA under variable clutter parameters, but 
in most cases, envelope detectors have been assumed. The 
design of a CFAR technique for LR, ALR or their approaches 
is a complicated task, and no analytical solution has been 
reported, as far as authors know. 
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The Cell Averaging CFAR (CA-CFAR) is the most 
widespread incoherent CFAR technique [1,8]. Other CFAR 
techniques have been proposed [9]: Smaller-Of CFAR (SO-
CFAR), Greater-Of CFAR (GO-CFAR), Ordered-Statistic 
CFAR (OSCFAR), Censored Cell-Averaging CFAR (CCA-
CFAR), Mean-Level (ML-CFAR). More recently, the Mean-
to-Mean Ratio (MMR) test [10] and a new Fuzzy CFAR 
scheme [11] have been proposed. In all cases, samples at the 
output of the square law detector are assumed to be 
independent and exponentially distributed. In this paper, an 
adaptive threshold detection scheme is designed based on the 
LR detector including a preprocessing stage that maintains a 
constant interference power at the input of the LR. The new 
strategy is evaluated using real data acquired by IPIX radar. 
Then, the LR detector has been designed assuming K-
distributed clutter, a clutter model that adjusts to statistical 
variations of sea echoes acquired by a high resolution radar 
system with low grazing angle [12]. 

II. STATISTICAL IPIX RADAR DATA ANALYSIS 
There is available a high-resolution IPIX radar 

experimental database collected by the McMaster University 
from Canada [13]. It corresponds with an exploration radar 
system in X-band, coherent, dual-polarized and with frequency 
agility. In Table I, the principal transmitter, receiver and 
antenna parameters are described.  

The detection scheme depends on the considered target and 
clutter models. A statistical study about the clutter and signal 
parameters is done using a database acquired by IPIX radar, 
located at Grimsby and looking at Ontario Lake, which was 
widely studied in the literature [14-17]. 

The selected file is the number 40, and main parameters of 
the acquisition are summarized in Table II. In Fig. 1, the 
associated amplitude (dB) is represented. From now on, the 
range 3201 meters will correspond with the 1st, and so on to 
reach 4011 meters, which will be the 28th range cell. 

TABLE I.  IPIX RADAR SPECIFICATIONS 

IPIX Radar Specifications 
Transmitter  Receiver  Antenna  

Frequency: 9.39 GHz Two linear receivers Beam width: 0.9º 

Peak Power: 8 kHz Bandwidth: 5.5 MHz Gain: 44 dB 

Pulse Length: 200 ns Noise Figure: 1.2 dB Rotation: 30 rpm 

Polarization: H Polarization: H Diameter: 2.4 m 
PRF: 1600 Hz 

Pulse Repetition 
Frequency 

Minimum range: 150 m Isolation: 30 dB 

TABLE II.  SIMULATION PARAMETERS 

Simulation Parameters 

Range: 3201 - 4011 m Azimuth: 0.53833º 

Range resolution: 30 m Sample time: 60 seconds 

Range samples: 28 Time samples: 6000 seconds 

Attending to the information of selected file [13], a floated 
target is placed in 7th and 8th range cells. The scenario is 
dominated by marine clutter assuming any disturbing spurious.   

The clutter model is studied using all the temporal cells 
associated with the 17th range cell (Fig. 1) because the target 
absent. Fig. 2 represents theirs amplitudes and gives a clutter 
power notion. The clutter samples have been used to prove and 
decide which clutter model fits better the real data. 
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Fig. 1. Samples intensity from file 40 of IPIX radar 
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Fig. 2. Amplitude cells in range 17th from file 40 of IPIX radar 
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Fig. 3. CDF, cells in range 17th from file 40 

 



A. Clutter Model 
According to the statistical analysis presented in [15], the 

empirical Cumulative Distribution Function (CDF) is 
compared to Gaussian and non-Gaussian models. Results 
represented in Fig. 3 indicate that the statistical variation of 
sample amplitudes fits better to a compound-Gaussian clutter.  

As in [11], K-distributed model has been considered for 
the detector design. The CDF of the amplitude samples are 
described in (3), where ν and μ are the shape and scale 
parameters, respectively. Table III shows the estimated clutter 
parameters using all samples except where the target is placed 
(7th and 8th range cells). This shape parameter corresponds 
with an impulsive clutter. In this paper, the LR detector 
considers a K-distributed clutter with =0.5 and an adaptive 
threshold that allows robustness with respect to  variations. 
Kν is the modified Bessel function of the second kind of order 
v. 

   (3) 

     (4) 

TABLE III.  PARAMETERS  

ν μ 

0.508 1390.508 

   

B. Target model 
The floated target is placed in 7th and 8th range cells. Using 

all temporal cells in both ranges, the power under H1 (ps) is 
estimated as the mean of the square values and SCR (Signal to 
Clutter Ratio, SCR=10·log(ps / )) is calculated. These values 
are in Table IV. A non-fluctuating target model, Swerling V 
target [18], with unknown phase and SCR=15.23 dB (mean 
value of signal power in both range cells) for the LR design 
have been considered. 

TABLE IV.  ESTIMATED POWER UNDER H1   

Range cell ps SCR (dB) 
7th  7.1509·104 17.1113 

8th  2.1339·104 11.8600 

 

III. LR DETECTOR 
The LR detector is a parametric one that requires the 

knowledge of the parameters of the likelihood functions under 
both hypotheses. Under H0, K-distributed clutter model has 
been considered. This model is suitable for target detection in 
sea clutter with high resolution radar systems and low grazing 
angles in sea states higher than 2 [8, 12]. Clutter can generally 
be modeled as a compound-Gaussian disturbance resulted from 
a doubly stochastic mechanism, wherein a correlated, non-
negative signal, (the texture component) modulates a complex 
Gaussian signal (the speckle component), which varies along a 

much shorter time scale. When the non-Gaussian process is 
observed on sufficiently short time intervals, the texture 
component can be approximated by a random constant, 
implying that the compound process degenerates into a 
Spherically Invariant Random Process (SIRP) [19]. 

Considering that P is the received echoes from the target, 
the target and clutter echoes are modeled as P-dimensional 
complex vectors. The LR detector for Swerling V with 
unknown phase (φs) in K-distributed clutter is expressed in (5), 
where a and b are defined in the expression (6) 
and . 

 (5) 

  and  (6) 

 In Fig. 4 the detection capabilities of the LR detector with 
P=1 and P=3 assuming SCR=15.23 dB, =0.5 and =1 are 
presented. The detection performances are compared to results 
obtained by a linear envelope detector in order to confirm that 
LR detector outperforms the envelope one, especially as P 
increases. 
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Fig. 4. PFA vs PD associated with LR and envelope detector for Swerling V 
targets with unknown phase in K-distributed clutter. (SCR=15.23 dB, =0.5 
and =1). 

IV. ADAPTIVE THRESHOLD SOLUTION 

A. Incoherent CA-CFAR detector 
In Fig. 6 the general operating scheme of CA-CFAR is 

detailed, where q0 is the Cell-Under-Test or CUT, [q1...qR] are 
the R reference cells,  is the multiplicative factor, and Tq is 
the threshold defined in (7) [8, 12].  

1
T

R
qiq N i

       (7) 

For each cell of the radar matrix, the CUT, this technique 
estimates the clutter power from a set of R neighbouring cells 



in the same radar matrix (reference window). As clutter 
samples are uncorrelated in range, the range window CA-
CFAR is one of the most extended. For spiky K-distributed 
clutter (ν = 0.5) and a linear envelope detector, the CA-CFAR 
with the multiplicative factor α expressed in (8) is the optimum 
solution. For CA-CFAR processors that use pulse integration, 
semi-analytic solutions are not available [8]. Because of that, 
the threshold multiplier has been estimated using conventional 
Monte Carlo simulations. 

1 1FA
RR P        (8) 

 
Fig. 5. CA-CFAR scheme 

In homogeneous clutter, the CFAR detector requires a 
higher SIR than the fixed threshold detector, due to the 
estimation of clutter parameters using a set of R samples. This 
SIR increase is known as CFAR losses. CFAR losses are very 
important for small values of R. On the other hand, big 
reference windows can increase the probability of enclosing 
target echoes, terrain returns (in coastal areas) or clutter returns 
from areas too far from the CUT. So a compromise solution 
must be determined, taking into consideration the 
characteristics of the radar scenario and the system resolution. 

B. LR-CFAR Detector 
In Fig. 6 the considered scheme based on the LR detector 

which is able to maintain a constant PFA is presented. In order 
to maintain a fixed threshold, a pre-processing stage to 
mitigate the effects of clutter power variations is designed. 
This technique estimates the input clutter power from a set of R 
neighbouring cells in the reference window. 

When the LR-CFAR detector fixed threshold, TLR-CFAR, is 
set equal to the LR threshold, lr, associated with PFA 
requirements, the estimated PFA is higher than the desired one. 
This is the effect associated with the CFAR losses (due to the 
use of a finite set of R clutter samples, an estimation error is 
expected that will give rise to an overestimation of the 

detection threshold that guarantees the required PFA at the
expense of a loss in PD).  

In order to reduce the CFAR losses, a modified TLR-CFAR is 
determined using Monte Carlo simulations. Then, the resulted     
TLR-CFAR will be higher than lr reducing the difference as R or 
P increase and the estimation error is reduced. 

 
Fig. 6. Adaptive threshold solution based on the LR detector (LR-CFAR 
scheme) 

V. RESULTS 
In this section, the detection performance of the LR-CFAR 

detector is evaluated in real data acquired by IPIX radar      
(Fig. 1) and compared to the conventional CA-CFAR scheme 
for R=16 reference cells. P=1 and 3 have been considered. 
Taking into consideration the available number of real 
samples and a relative estimation error lower than 10% using 
Monte Carlo simulation, PFA

 requirements are fixed to 10-3. 

In order to estimate ηlr and TLR-CFAR, the CUT and reference 
window are simulated using synthetic patterns under H0, with 
P=1 and 3. Table V confirms that TLR-CFAR, associated with 
R=16 cells, is higher than ηlr independently of P, although the 
ratio TLR-CFAR/ηlr is lower as P increases (P=3).  

TABLE V.  LR  AND TLR-CFAR ASSUMING SCR=15.21 DB AND =0.5 

 P=1 P=3 

ηlr 771.6399 0.5897 

TLR-CFAR 8311.8434 4.8043 
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 P=1 P=3 

TLR-CFAR / ηlr 10.7717 8.1471 

In order to present visual comparative results, detection 
matrices will be analyzed. A good detection performance is 
characterized by presenting many detections (or black points) 
in 7th and 8th range cells, where target is placed, and reducing 
the spurious detections in the rest of range cells associated to 
the PFA. Fig. 7 and 8 show the detection matrices associated 
with LR-CFAR and CA-CFAR solutions respectively, without 
pulse integration (P=1). When P=3 is considered, detection 
performances are improved in both cases (Fig. 9 and 10). 
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Fig. 7. Detection performance of LR-CFAR detector (P=1, PFA
D=10-3, and 

R=16) applied to IPIX real data 
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Fig. 8. Detection performance of CA-CFAR envelope detector (P=1, 
PFA

D=10-3, and R=16) applied to IPIX real data 

 In Table VI, numerical results, PFA and PD, are presented.  
PFA values have been estimated using all the temporal cells in 
all the ranges except 7th and 8th ones, thus 26x60000 samples. 
On the other hand, PD has been estimated with the 7th and 8th 
range cells (2x60000 samples): 

 The estimated PFA’s for the considered detectors are 
very similar in all cases. The accuracy of clutter model 
assumed in the design (K-distributed clutter with 

=0.5) to fit real data can explain that the resulted 
values are higher than 10-3.  

 According to the comparison of the theoretical 
detection capabilities of the considered detectors (Fig. 

5), the PD’s are very similar when P=1. However, 
when P=3, the LR-CFAR detector clearly outperforms 
the CA-CFAR one. 

 Results confirm that LR-CFAR detection performance 
improves the associated to CA-CFAR one: PD of LR-
CFAR is higher than the PD of CA-CFAR, maintaining 
both detection schemes similar PFA. This trend can be 
also observed looking at Fig. 9 where there are more 
black points in 7th and 8th range cells than the 
corresponding to Fig. 10. 

VI. CONCLUSIONS 
This paper tackles the implementation of an adaptive 

threshold technique for the LR Detector in K-distributed 
clutter. In practice, clutter and target statistics are variable. In 
these cases, if the unknown parameters can be modelled as 
random variables, the detection problem must be formulated as 
a composite hypothesis test. The LR, ALR and suboptimum 
approaches use a fixed threshold. 
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Fig. 9. Detection performance of LR-CFAR detector (P=3, PFA
D=10-3, and 

R=1 6) applied to IPIX real data 
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Fig. 10. Detection performance of CA-CFAR envelope detector (P=3, 
PFA

D=10-3, and R=16) applied to IPIX real data 

As expected in any CFAR technique, based on the 
estimation of clutter parameters from a finite set of available 
data, it presents CFAR losses. In order to reduce these 
detection losses, the threshold associated with the LR-CFAR 
detector has been estimated using Monte Carlo simulations. 
The resulted TLR_CFAR is higher than the theoretical threshold 



associated with the LR detector. For a given PFA, the increment 
is reduced as R or P is increased.  

 
TABLE VI.  PD AND PFA VALUES    

 PD PFA 
 P=1 P=3 P=1 P=3 

CA-CFAR 
 

0.3996 0.5073 0.0027 0.0062 

LR-CFAR 0.3916 0.6081 0.0025 0.0060 

 

In order to evaluate the considered detection schemes, real 
data acquired by IPIX radar has been used. After a statistical 
analysis of IPIX data, a LR detector for spiky K-distributed 
clutter and Swerling V target with unknown phase have been 
designed. Results show that the proposed scheme based on the 
LR detector with a preprocessing stage outperforms 
significantly the detection capabilities of the reference detector 
(CA-CFAR), maintaining a constant PFA. The estimated PFA is 
higher than the desired one due to lack of accuracy of the 
clutter model assumed on the design to fit real data. 
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Abstract—Ship detection is nowadays quite an important issue
in tasks related to sea traffic control, fishery management and
ship search and rescue. Although it has traditionally been carried
out by patrol ships or aircrafts, coverage and weather conditions
can become a problem. Synthetic aperture radars can surpass
these coverage limitations and work under any climatological
condition. Three ship detectors are studied and compared in
this paper. The Double Parameter Model, a CFAR technique
with a three ring setup where sea clutter can be modeled in the
outer ring, the SUMO detector, proposed by the Joint Research
Centre and also based on CFAR techniques, and finally the
Rice detector, that highlights the difference between dominant
coherent scatterers such as ships and incoherent received signal in
the Rice image domain. Four aspects will be taken into account in
order to evaluate the performance of the detectors: detection rate,
false alarm rate, ship characterization accuracy and processing
time. While the Double Parameter Model attains good results
in terms of both detection and false alarm rates, it is the Rice
detector the one that stands out in every single category.

Index Terms—SAR; ship detection; ship characterization;
CFAR; Rice factor.

I. INTRODUCTION

Synthetic Aperture Radars (SAR) produce high-resolution
remote sensing imagery using antennas installed on mobile
platforms. Platform movement is used to obtain a larger
synthetic antenna and improve azimuth resolution. One of the
main SAR applications is related to the mapping of terrain
and sea surfaces, and the detection and classification of point
and extended targets. SAR images can be acquired under
any weather condition, and during day and night [1] [2].
Because of that, SAR systems are powerful observation tools
in those cases where the utilization of optical data is restricted.
However, automatic interpretation of information contained in
the reflected intensity of SAR data is very difficult. These
difficulties are mainly due to speckle noise, which hinders
data interpretation with standard image analysis tools [3].

Ship detection is a key problem in sea traffic control, fishery
management and ship search and rescue. Ship detection has
been traditionally carried out using patrol ships or aircrafts,
which are costly, with limited coverage area, and are limited by
weather conditions. Due to the characteristics exposed above,
SAR is a very useful tool for ocean surveillance. Ships are
typically constructed from large flat metal sheets and hence are
usually radar bright and therefore detectable in SAR imagery.
While backscatter from the ship itself is the usual basis for

ship detection algorithms, other factors can also be taken into
account. Higher level information may be relevant too. For
instance: ocean going ships will tend to be larger and made of
metal whereas coastal boats will be smaller and may be made
from wood or fibreglass and the location of shipping channels
and regular routes taken by ferries may be useful [4].

Algorithms that search the whole image for potential ship
pixels, after a preprocessing stage that may include landmask
estimation, are referred to as prescreening ones. Adaptive
threshold algorithms are the most common for target detection
in radar imagery. One the most commonly used is the two
parameter CFAR (Constant False Alarm Rate) detector [5] [6].
More CFAR-based detectors are explained in [7] and [8].

Other detection approaches have been proposed based on
different techniques: segmentation [9], wavelet transform [10]
and Neural Networks (NNs) [11]. In this paper three ship
detectors are studied and compared: the Double Parameter
Model (DPM) [8], the SUMO [12] [13] and the Rice detectors
[14]. A TerraSAR-X image of the Strait of Gibraltar (Spain)
is used due to the variety of sea surface features and the high
vessel traffic. Overall performance will be evaluated according
to detection rate and accuracy.

II. SHIP DETECTION SCHEMES

The detection process usually includes three stages: pre-
screening algorithm, discrimination algorithm for reducing
false alarms and ship characterization to improve detection
rate and estimate ship parameters.

A. Double Parameter Model

The DPM algorithm estimates the detection threshold for
a target area under test from the pixels contained in the sur-
rounding area [4]. This area, where the statistics are analyzed,
is formed by a ring of samples around the pixels under test,
called the background area (Fig.1 a)). This setup includes a
first surrounding ring, called guard area, used to ensure that
no pixel of an extended target lie within the limits of the
background area.

The most common statistical models used to characterize the
background area are the Gaussian, the Hankel and the Gamma
distributions [8]. In this paper, the Gaussian distribution is
considered. This distribution is often considered because the
central limit theorem states that the average of a large number
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Fig. 1. Setups for a) DPM detector and b) SUMO detector

of identically distributed random variables tends to have a
Gaussian distribution. The CFAR detector based on the Gaus-
sian distribution is the one that leads to the two parameter
CFAR detector (Double Parameter Model - DPM) [8]:

µt > µb + σbt (1)

where µt is the mean of the target area, µb is the background
mean, σb is the background standard deviation, and t is a
detector design parameter that controls the false alarm rate.

B. SUMO Detector

The SUMO detector (Search for Unidentified Maritime
Objects) is a system developed by the Joint Research Centre
of the European Community and was described in [12] [13]. It
is based on the standard double parameter CFAR, but instead
of using the ring setup showed in Fig.1 a), this detector uses
the template depicted in Fig. 1 b), where CUT denotes the Cell
Under Test and three thresholds are defined: T1, T2 and T3.
Each square will be formed by a group of pixels whose size
is determined by the ground and azimuth resolutions and the
size of the ships that need to be detected. Once the size of the
squares is selected, the mean, µ, and the standard deviation,
σ, of each square are measured. With these two parameters
the three threshold set can be defined as:

T1 = µ+3.0 ·σ T2 = µ+1.9 ·σ T3 = µ+1.4 ·σ (2)

The constant values were empirically defined by JRC re-
searchers as a robust set to be applied for most SAR images.
However, for low sea clutter situations, a set with 2.5, 1.3 and
1.1 values is more appropriate. The group of pixels denoted
by T1 - CUT is detected as part of a target if all pixel values
in T1-labelled squares are higher than T1, pixel values in
T2-labelled squares are higher than T2 and pixel values in
T3-labelled squares are higher than T3.

C. Rice Detector

The Rice factor filtering technique described in [14] exploits
the fact that ships reflectivity is coherent and stronger than
the sea surface one. Therefore, the Rice factor can be seen
as a ratio of the coherent-to-incoherent received power of
the backscattered signal, presenting a high sensitivity to the
presence of dominant scatterers. For the evaluation of the
Rice factor two windows need to be considered: a small local
one where the coherent power is calculated and a bigger one,

enclosing the first one, where the incoherent received power
is measured. Thus, the Rf can be calculated by

Rf =
mean(local window)2

2 · std(background)2 (3)

The result is the so called Rf image. The next step is the
application of an adaptive threshold algorithm that searches
for pixel values unsually high compared to the surrounding
ones in the Rf image. This threshold depends on the mean,
µRf , and the standard deviation, σRf , of the background area
under study and is empirically evaluated by (4) [14]. Every
pixel in the Rf image with a value higher than the threshold
t is likely to correspond to a ship.

t = µRf + 6σRf (4)

D. Discrimination stage

The goal of the discrimination stage is to enhance the
performance of the detectors by removing false alarms and
solving possible discontinuities in the detections. It usually
consists of a first clustering step, where close pixels are put
together into one detection, and a false alarm removal, where
both size (in pixels) and shape are considered to determine
whether a detection is highly probable to be a ship or not. In
order to set the range of sizes a detection is allowed to have
to be considered a ship, image resolution and actual ship sizes
need to be taken into account. This scheme is applied in both
DPM and SUMO detectors. However, due to the way the Rice
detector is applied, many small detections arise in the final
result and a typical clustering algorithm is not able to solve the
problems. A morphological close, consisting in a combination
of erosion and dilation algorithms, is used instead.

E. Ship Characterization

Thanks to the resolution of the images used to test the ship
detectors, estimations of both ship shape and size are possible
These features can be used to improve detection capabilities
and measure detection accuracy. The following features are
considered in this paper:

• Center position: row and column of the center of the
detected ships.

• Area: estimation in square meters.
• Length: estimated in meters from bow to stern.
• Orientation: in degrees with respect to the horizontal.
• Bow and stern positions: row and column of both for each

ship. Given with a 180◦ ambiguity, more information
would be needed to determine which one is the bow and
which one is the stern.

III. EXPERIMENTATION

A. Data Set

A SAR image acquired by TerraSAR-X from the Strait of
Gibraltar area has been used [15] (Fig. 2). The image is a
GEC/SE (geocoded and spatially enhanced) stripmap with HH
polarization, with a resolution of 3m, 1.039 azimuth looks and
a size of 52,400x37,200 pixels [16].
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Fig. 2. TerraSAR-X quicklook image of the Strait of Gibraltar with the
subimages used to test the detection schemes highlighted in coloured squares

Five subimages are extracted from the main one and
considered to compare the detectors. These images belong
to different areas of the main image, meaning that water
samples surrounding the ships present different characteristics.
Whether they are surrounded by calm water due to their
proximity to a harbour or surrounded by rough water because
of the strait currents, the objective of this work is that every
detector is able to operate over the whole image without
changing any parameter. Due to space limitations, two of those
five subimages are selected to show the best results attained
(Fig. 3) and a third image with just one ship is used to evaluate
the accuracy of ship characterization (Fig. 4).

B. Results

1) DPM Detector: In order to apply the DPM detector
the three areas showed in Fig. 1 a) need to be selected. The
values used are: a target area of 16x16 pixels, a guard area of
280x280 pixels and a background area of 360x360 pixels. The
parameter t included in equation (1) is set to a value of 2.3263
so that a probability of false alarm of 0.01 is ensured. Results
obtained with this detector are shown in the left column of Fig.
3. All ships are detected in both images, as well as those in the
other three images not included. While no isolated false alarm
is detected, the detections include pixels that don’t belong to
the actual ship. Those pixels are considered to evaluate the
false alarm rate in this paper, giving rise to a final rate of
0.0013. The average processing time over a 3000x3000 pixel
image for a MacBook with a 2.2 GHz Intel Core i7 processor
is 73.2 seconds.

2) SUMO Detector: Given the simmilarities with the DPM
detector, the size of the group of four squares with the T1 label
is also 16x16, being the size of each square in the template
equal to 4x4 pixels. The two constant values sets proposed by
JRC are applied and compared. The standard set (3.0, 1.9 and
1.4), being higher than the low-clutter set (2.5, 1.3 and 1.1),
gives rise to results where some small ships are not detected
and some others are partially detected, although the rate of
false alarms prior to the discrimination stage is lower than

Fig. 3. Results obtained for two subimages of 3,000x3,000 pixels: open sea
(top) and harbour (bottom). DPM (left), SUMO (middle) and Rice (right)

the one obtained with the low-clutter set. With the second
set more ships are detected, but as the results reflect (Fig. 3
middle column) ships are missed on both images. All in all,
thanks to the discrimination stage, it is preferable to have a
higher rate of false alarms with a high probability of detection
than missing some detections that will not be recovered by the
discrimination stage. For that reason, the so called low-clutter
set is chosen resulting in a false alarm rate of 0.0029. This
false alarm rate is twice higher than the one attained with
the DPM detector. Furthermore, the average processing time,
with 142.12 seconds, doubles the processing time of the DPM
detector.

3) Rice Detector: Again, two areas have to be defined. A
4x4 pixel window is adopted for the local area and a 500x500
pixel window for the background area. The combination of
these two sizes was the one, among many other that were
proven, with the better results. The risk taken with the se-
lection of such a small local window is the possibility of
appearance of small isolated false alarms. This issue is solved
with the application of the morphological close algorithm. But
even though the isolated false alarms ratio can experience
an increase with this technique, the detail and accuracy of
detections is better than the ones achieved by the other
detectors. The results (Fig. 3 right column) are as good as the
ones attained by the DPM detector in terms of ships detected,
given that no ship is lost. But what is remarkable of this
technique, and it is what it makes it the best option of the three
proposed, is the false alarm rate after the discrimination stage,
which has a value of 0.000027. This value reflects not only
the absence of isolated false alarms, but also the accuracy of
the ship shape estimation. In addition, the average processing
time of this technique has a value of only 15.32 seconds.

4) Ship Characterization: This last stage adds value on the
performance of the detectors. The goal of the paper was not
only to detect ships but also to characterize them in terms
of size, shape and position. In order to test the accuracy of
the detectors, a third subimage is presented in Fig. 4 with the
presence of only one ship. The position of the center, bow and
stern of the ship, along with the orientation, length and area are
measured for the real ship and compared to the values obtained
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Fig. 4. From left to right: Zoom of a ship in the SAR image, DPM detector,
SUMO detector and Rice detector

TABLE I
SHIP CHARACTERIZATION VALUES

DPM SUMO RICE REAL

Center position (row) 1139 1155 1143 1144

Center position (column) 1241 1235 1240 1233

Area (m2) 14450 14550 7350 7120

Length (m) 204.87 181.54 191.66 191.80

Orientation (degrees) 51.03 54.53 46.85 47.93

Bow/Stern (row) 1206 1210 1203 1207

Bow/Stern (column) 1188 1201 1184 1178

Stern/Bow (row) 1073 1098 1090 1090

Stern/Bow (column) 1283 1293 1288 1286

with all three detectors. These values are presented in Table I.
The estimation of the values of position with the Rice detector
are better than with the other two, but it is the estimation of
the area what makes this detector the better fit to characterize
a ship. While DPM and SUMO detectors overestimate the size
of the ship, being twice as big as the real one, the Rice detector
almost gets the value estimated from visual inspection.

IV. CONCLUSION

Three ship detectors were compared in this paper in terms
of both ship detection and characterization. The DPM detector
is based on a CFAR technique with a three ring setup where
the statistics of the target area and the background area are
compared to determine whether the target area includes a
part of a ship or not. The second detector is the so called
SUMO detector, an algorithm proposed by the Joint Research
Centre of the European Community. It is also based on CFAR
techniques, as the DPM detector, but instead of using a three
ring setup it displays a template divided into 16 squares with
three different thresholds that need to be exceeded in order to
consider a group of pixels as part of a ship. The last detector
has its basis in the electromagnetic behaviour of the signal
retrieved by the radar. Due to the reflectivity of dominant
scatterers such as ships, the Rice factor is used to highlight
the ratio between coherent and incoherent received power.

The performance of all three detectors was tested over
five subimages extracted from a SAR image of the Strait
of Gibraltar acquired by TerraSAR-X. Visual results of three
of the five subimages were presented in the ship detection
results section. Four main aspects were evaluated: detection
rate, false alarm rate, processing time and ship characterization
accuracy. Attending to the detection rate, both DPM and Rice
detectors detected every ship in all the images,whereas the
SUMO detector fails to detect small ships surrounded by high
sea clutter. The false alarm rate was also an issue for the

SUMO detector, which doubled the value achieved by the
DPM detector.

However, the Rice detector outperformed the other two
in terms of false alarm rate with a result a hundred times
lower. As for the processing time, it was the Rice detector
again the one that displayed the better performance, being
five times lower than the DPM detctors processing time and
ten times lower than the SUMO detectors processing time.
Finally, the ship characterization accuracy added on the overall
performance of the Rice detector, being the only detector to
obtain values close to those estimated from visual inspection,
specially for the area estimation.

All in all, the Rice detector outperformed the other two
detectors in all four aspects that were considered, posing itself
as the best option of the three proposed to perform ship
detection and characterization.
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Abstract—Ship detection is nowadays quite an important issue
in tasks related to sea traffic control, fishery management and
ship search and rescue. Although it has traditionally been carried
out by patrol ships or aircrafts, coverage and weather conditions
can become a problem. Synthetic aperture radars can surpass
these coverage limitations and work under any climatological
condition. Two ship detectors are proposed in this paper. The
first one is a MLP-based detector that uses K-distribution
parameters to characterize the sea clutter and the brightness of
the pixels to detect ships. The second one is the double parameters
model, DPM, proposed in the literature. While the DPM-based
detector gives rise to some false alarms, leading to the need of a
discrimination stage, and has some troubles when the ships are in
rough water, the MLP-based detector along with the combination
of both sea and ship features obtains better results in terms of
detection and false alarm rates.

Index Terms—SAR; ship detection; CFAR; neural networks;

I. INTRODUCTION

Synthetic Aperture Radars (SAR) produce high-resolution
remote sensing imagery using antennas installed on mobile
platforms. Platform movement is used to obtain a larger
synthetic antenna and improve azimuth resolution. One of the
main SAR applications is related to the mapping of terrain
and sea surfaces, and the detection and classification of point
and extended targets. SAR images can be acquired under
any weather condition, and during day and night [1] [2].
Because of that, SAR systems are powerful observation tools
in those cases where the utilization of optical data is restricted.
However, automatic interpretation of information contained in
the reflected intensity of SAR data is very difficult. These
difficulties are mainly due to speckle noise, which hinders
data interpretation with standard image analysis tools [3].

Ship detection is a key problem in sea traffic control, fishery
management and ship search and rescue. Ship detection has
been traditionally carried out using patrol ships or aircrafts,
which are costly, with limited coverage area, and are limited by
weather conditions. Due to the characteristics exposed above,
SAR is a very useful tool for ocean surveillance. Ships are
typically constructed from large flat metal sheets and hence are
usually radar bright and therefore detectable in SAR imagery.
While backscatter from the ship itself is the usual basis for
ship detection algorithms, other factors can also be taken into
account. Higher level information may be relevant too. For
instance: ocean going ships will tend to be larger and made

of metal whereas coastal boats will be smaller and may be
made from wood or fibreglass; oil slicks are often associated
with ships; and the location of shipping channels and regular
routes taken by ferries may be useful [4].

Algorithms that search the whole image for potential ship
pixels, after a preprocessing stage that may include landmask
estimation, are referred to as prescreening algorithms. Adap-
tive threshold algorithms are the most common prescreening
ones for target detection in radar imagery. The two most
commonly used adaptive threshold algorithms are the two
parameter CFAR (Constant False Alarm Rate) detector and the
cell-averaging CFAR detector. In [5] the two parameter CFAR
detector with a multiple pixel target window for detecting ships
in Radarsat-1 C-band SAR imagery is used. Eldhuset [6] also
applies this detector to SEASAT and ERS-1 SAR imagery.
Many other CFAR-based detectors are explained in [7], [8]
and [9].

Apart form the use of CFAR-based techniques, an extensive
variety of algorithms is proposed all over the literature. For
instance, in [10] the performance problems of standard CFAR
techniques for ship detection in satellite SAR imagery is
analyzed and a new segmentation based technique is described;
in [11] the wavelet transform is used for ship detection in SAR
imagery. Neural Networks (NNs) can be used for detection
as well. The main reason is their ability to approximate the
optimum Bayessian classifier [12], and the Neyman-Pearson
(NP) detector if a suitable error function is used for training
[13]. In [14] Leung uses a radial basis function (RBF) NN
justifying its use on the basis that other studies have shown
ocean clutter to be chaotic rather than purely random. In [15]
a combinatorial probabilistic NN is used achieving good ship
detection results. In learning machine-based detectors, such
as NNs, the training set is a key element. It must allow
the system to learn the statistical properties of the classes
involved in the detection problem in order to achieve good
generalization capabilities. In real applications, like the one
considered in this paper, the training set is limited, therefore
a compromise between the number of patterns and their size
is very important. In this paper, a ship detector based on NNs
and sea clutter distribution is proposed and compared to the
Double Parameters Model (DPM), a typical CFAR detector.



II. SAR IMAGES

SAR is defined as ”a coherent radar system that generates
a narrow cross-range impulse response by signal processing
(integrating) the amplitude and phase of the received signal
over an angular rotation of the radar line of sight with respect
to the object (target) illuminated. Due to the change in line-of-
sight direction, a synthetic aperture is produced by the signal
processing that has the effect of an antenna with a much
larger aperture (and hence a much greater angular resolution)”
[16]. A SAR system makes an image of the Earth’s surface
by pointing an antenna beam approximately perpendicular
to the sensor’s motion direction, transmitting phase-encoded
pulses, and recording the radar echoes. The two orthogonal
coordinates of the acquired 2-D signal are 1) the azimuth
direction (parallel to the direction of the travel of the sensor,
which is supposed to be linear) and 2) the slant-range direction
(parallel to the radar beam). In slant-range dimension, the
pulse compression technique provides a high resolution. Due
to the relative movement between the platform and the target,
the direction and range of the line of sight vary, giving rise
to an azimuth signal with linear frequency modulation. In
the receiver, after compressing the raw data in range and
azimuth, the SAR image is formed. This first product is a
single look complex (SLC) image. In this image, the pixels are
spaced equidistant in azimuth (according to the pulse repetition
interval) and in slant range (according to the range sampling
frequency), and the data are represented as complex numbers.
This product is intended for scientific applications that require
full bandwidth and phase information, e.g., SAR interferome-
try and interferometric polarimetry. In many applications, the
detected images (amplitude or intensity) are used with some
kind of preprocessing related to the size and shape of the
desired resolution cell (the azimuth resolution is much higher
than the range resolution in the SLC image), speckle noise
filtering, or geometric projection.

Speckle noise is a phenomenon that degrades the SAR im-
age quality and arises because the relative phase of individual
scatterers within a resolution cell is strongly dependent upon
the radar viewing angle [1], [2]. The resulting fluctuations
generate SAR images with grainy appearance, which makes
detection and classification tasks difficult. Speckle noise is a
multiplicative noise. The amplitude level of the noisy image
I(x,R) can be expressed as

I(x,R) = I0(x,R)n(x,R) (1)

where I0(x,R) is the amplitude level that would be ob-
served without speckle noise, n(x,R) is the speckle noise,
and (x,R) are the azimuth and range, respectively.

The probability density function (pdf) of the observed
amplitude I can be found to be [17]

f(I|I0) = 2
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I

I0

)2L−1
LL

I0Γ (L)
exp
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(

I
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)2
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where L denotes the equivalent number of looks (ENL),
which describes the degree of averaging applied to he SAR

Fig. 1. DPM setup

measurements during data formation and postprocessing [1].
Equation (2) is the pdf of a generalized Rayleigh random
variable. The mean-squared value of the image amplitude I
is equal to the noiseless image squared amplitude E[I2] = I20 .

III. DOUBLE PARAMETER DETECTOR

Adaptive threshold algorithms are commonly used as pre-
screening algorithms for ship detection in SAR imagery. The
aim of these algorithms are pixels with an unusually bright
value compared to those in the surrounding area. By setting
a threshold depending on the statistics of the pixels contained
in the surrounding area, the bright pixels are detected. Those
pixel values that exceed the threshold are likely to be samples
from a target [4]. The surrounding area, where the statistics
are analyzed, is formed by a ring of samples around the pixels
under test, called the background area (Fig.1). This setup
includes a first surrounding ring, called guard area, used to
ensure that no pixels of an extended target lie within the limits
of the background area.

The most common statistical models used to characterize the
background area are the Gaussian, the Hankel and the Gamma
distributions [8]. In this paper, the Gaussian distribution is
considered. This distribution is often considered because the
central limit theorem states that the average of a large number
of identically distributed random variables tends to have a
Gaussian distribution. The CFAR detector based on the Gaus-
sian distribution is the one that leads to the two parameter
CFAR detector (Double Parameters Model - DPM) [8].

µt > µb + σbt (3)

where µt is the mean of the target area, µb is the background
mean, σb is the background standard deviation, and t is a
detector design parameter that controls the false alarm rate.

IV. EXPERIMENTATION

In this paper, two different ship detectors are considered
and compared. The first one is a proposal consisting of a MLP
trained with statistics extracted from the samples of the image.
The second one is the well known DPM, briefly explained
in section III. In order to test both detectors, a SAR image
acquired by TerraSAR-X from the Strait of Gibraltar, available
in [18], has been used (Fig.2). The image is a GEC/SE
stripmap with HH polarization, with both ground range and



Fig. 2. TerraSAR-X Quicklook image of the Strait of Gibraltar with the four
subimages selected marked with a rectangle

azimuth resolution of 3m, 1.45 range looks, 1.039 azimuth
looks and a size of 52,400x37,200 pixels [19].

Four subimages extracted from the main one are considered
to compare the results of both detectors (Fig.3, 4, 5, 6). These
images belong to different areas of the main image, meaning
that the water samples surrounding the ships present different
characteristics. Whether they are surrounded by calm water
due to their proximity to a harbour or surrounded by rough
water because of the strait currents, the objective of this work
is that both the MLP-based and the DPM-based detectors are
able to operate over the whole image without changing any
parameter.

A. MLP-based detector

NNs using tansig activation functions have been trained
to minimize the mean-squared error. MLPs are designed
considering one hidden layer and an output neuron. Given that
the minimum number of hyperplanes required for enclosing a
closed volume in a N -dimension input space is N + 1, the
initial number of units in the hidden layer has been N + 1.
After some trial and error experiments, results have shown that
this is a good compromise solution between performance and
computational cost.

Four training sets are constructed to get the statistics used
as inputs to the MLP. Since the sea area in the considered
SAR image presents many different states, in order to have
more information, a first training set with twice as many sea
patterns as ship patterns is constructed. 50 60x60 pixel ship
patterns and 100 60x60 pixel sea patterns are selected for that
first training set. For the second one, the same number of
patterns is considered, but the size of each pattern is reduced
to a 30x30 pixel block. The third training set is constructed
with 50 sea patterns and 50 ship patterns with a block size

TABLE I
SUMMARY OF EXPERIMENTS

I II III IV V VI

Ship patterns 50 50 50 50 50 50

Sea patterns 100 100 100 100 100 100

Pattern size 60x60 60x60 60x60 30x30 30x30 30x30

Features K-1s 1s K K-1s 1s K

VII VIII IX X XI XII

Ship patterns 50 50 50 50 50 50

Sea patterns 50 50 50 50 50 50

Patterns size 60x60 60x60 60x60 30x30 30x30 30x30

Features K-1s 1s K K-1s 1s K

K-1s: K-distribution parameters and number of ones
1s: number of ones
K: K-distribution parameters

of 60x60 pixels, and the fourth one has the same number of
patterns as the third one but each pattern is a 30x30 pixel
block.

Given that the goal of this work is ship detection, statistics
taken from both sea and ship samples are considered to
train the NNs. Since sea clutter is well-modeled by the K-
distribution, the two parameters of this distribution are selected
to characterize the behavior of sea samples. On the other hand,
what mainly differentiates ships from water is the brightness
of ship pixels. For that reason, the estimation of the probability
of having a pixel brightness equal to 1 (being 1 the maximum
value a pixel can take) is also considered for training the
NNs. In a first experiment, only the K-distribution parameters
are considered; in a second one, just the number of ones is
used; and finally, in a third one, the three parameters are used
for training the MLPs. These three experiments are carried
out with each of the training sets explained before. Table I
summarizes all the combinations that have been considered.

Once the NN are trained, instead of applying the parameters
obtained by the training process to the four test images, those
parameters are applied to all the samples within the sea area
of the main image (Fig.2) that are not used for training or
that belong to the test images. Using Montecarlo simulations
a threshold is estimated for each probability of false alarm
(Pfa) we want to achieve. In this work, the value selected for
the maximum Pfa is 10−3. It is this threshold the one that
is applied to the four test images in order to detect the ships
with a Pfa lower than the selected one.

B. DPM-based detector

DPM defines three areas whose size is determined by the
nature of the application it is used for. In this paper, the
application is the detection of big and medium-sized ships,
therefore the target area should be adjusted to the typical
size of those ships. If it is too small, there could be lack
of information while if it is too big, it could contain water
pixels. For a proper comparison with the proposed method,
the size of this area is fixed to 30x30 pixels. The guard area
should be big enough to avoid the appearance of ship pixels



Fig. 3. First test image

Fig. 4. Second test image

within the limits of the background area, where the estimation
of sea clutter parameters is carried out. The size of this area is
300x300 pixels. Finally, the background area should contain
enough pixels to characterize the sea clutter, but it cannot be
too big just in case there are ships close to the one being
detected. The size selected for this area is 400x400 pixels. Not
only the size of the three areas need to be determined but also
the value of the detector design parameter t. For Pfa = 10−3,
that value is set to 2.

V. RESULTS

The objective of the proposed algorithms is to detect the
ships present in the four test images as accurately as possible
with a low Pfa. While in the proposed MLP-based detector
the Pfa is given by a threshold selected among the outputs
of the trained network, in the DPM-based detector the design
parameter t is the one that determines it. This parameter will
be used to compare the performance of both detectors.

In Table II, the results of every experiment performed with
the MLP-based detector and the ones obtained with the DPM-
based detector are compared in terms of Pfa and the number
of ships correctly detected. Given that the same detector is
applied to the four test images, the value of the Pfa is referred
to the whole set of images. A ship will be considered correctly
detected only when the whole ship is detected and there are no
discontinuities between the blocks that compose the detection.

The results obtained with the DPM-based detector and the
parameters noted in the previous section are presented in Fig.7,
8, 9, 10. Every ship is correctly detected in the first, second and
fourth test images. However, the ships in the third test image

Fig. 5. Third test image

Fig. 6. Fourth test image

TABLE II
PROBABILITY OF FALSE ALARM AND NUMBER OF SHIPS CORRECTLY

DETECTED

DPM I II III IV V

Pfa (%) 0.0661 0 0 0 0.0051 0.0051

Detections 11/13 4/13 4/13 4/13 13/13 13/13

VI VII VIII IX X XI XII

Pfa (%) 0 0 0 0 0 0.0051 0

Detections 13/13 4/13 0/13 4/13 13/13 13/13 0/13

are not fully detected. This is due to the water surrounding
these ships in this area, which has such a strong structure that
the CFAR fails to obtain a threshold able to separate water and
ships. In addition, there are some false alarms in the second
test image, which leads to the necessity of a discrimination
stage to try to erase those false alarms.

Since we carried out 12 different experiments with the MLP-
based detector and each of them was applied to each of the
four test images, we present in images just the results of the
best experiment, which is the one with the same number of sea
and ship training patterns, a pattern size of 30x30 pixels and
the combination of the two K-distribution parameters and the
number of ones as features used to train the NNs (Fig.11, 12,
13, 14). In this experiment, every single ship is fully detected
in the four test images and no false alarm is found, so there is
no need to perform a discrimination stage after the detection
one. As it is shown in Table II, there are other MLP-based
detector experiments with good results too, but not as good



Fig. 7. Results obtained with the DPM-based detector over the first test
image

Fig. 8. Results obtained with the DPM-based detector over the second test
image

as the ones obtained with experiment X. The results obtained
with experiment VI are the same as the ones obtained with
experiment X. The results show that while no false alarm
is detected when the pattern size is 60x60, the number of
detections experiences a big slump compared to the number of
detections obtained with most 30x30-pixel-block experiments.
While 60x60 pixel blocks might be suitable for detecting big
ships, when trying to detect medium-sized ships the blocks can
contain many water pixels, making the detector opt to classify
the block as water. In the comparison of both detectors, the
MLP-based detector’s best experiment has the edge over the
DPM-based detector. Not only the ships are better detected
but also the number of false alarms is lower.

VI. CONCLUSIONS

Two ship detection approaches are proposed and compared
in this paper. The first one is a NN based detector, whose
inputs are features extracted from both water and ships. The
second one is a CFAR detector based on DPM.

The two parameters of the K-distribution were used to
characterize the sea clutter while the number of pixels with a
value equal to one was the parameter used to detect the ships in
the MLP-based detector. Up to 12 experiments were carried
out combining the three parameters, the size of the training
set and the size of the patterns. A first training set composed

Fig. 9. Results obtained with the DPM-based detector over the third test
image

Fig. 10. Results obtained with the DPM-based detector over the fourth test
image

by 50 ship patterns and 100 sea patterns was constructed in
order to have more information about the different sea areas
for a better network training. A second set composed by 50
ship patterns and 50 sea patterns was constructed to test the
sensitivity of the networks to different states of the sea. Two
pattern sizes were tested: 60x60 pixel and 30x30 pixel blocks.

In the DPM-based detector, three concentric areas were
defined: target, guard and background areas. A 30x30 pixel
block was used for the target area so that the comparison with
the MLP-based detector was more appropriate.

All these 12 experiments and the DPM were applied to
four subimages containing different shaped and sized ships
extracted from a geocoded TerraSAR-X image. While the
training set size didn’t really have an impact on the results, the
pattern size was an important factor. Ships were better detected
with a pattern size of 30x30 pixels thanks to its suitability for
detecting medium-sized ships. The best results were obtained
with the second training set, a 30x30 pixel pattern size and
the combination of the two K-distribution parameters and
the number of ones, giving rise to no false alarms and a
perfect rate of detected ships in all four test images. The
DPM-based detector showed some difficulties in detecting
ships surrounded by high-structured water areas as well as
finding some false alarms in one of the test images. Therefore,
a discrimination stage would be needed after applying the
detection stage for a better global performance of the DPM-



Fig. 11. Results obtained with the MLP-based detector over the first test
image

Fig. 12. Results obtained with the MLP-based detector over the second test
image

based detector. The final results showed that the overall best
performance was provided by the MLP-based detector in terms
of both detection and false alarms rates.
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Abstract—In this paper, the problem of the incoherent detection 
of targets with unknown parameters in K-distributed clutter is 
tackled. Multilayer Perceptron (MLP) based detectors are 
designed to approximate the Average Likelihood Ratio (ALR) 
based one, which implements the Neyman-Pearson optimum 
detector for the defined composite hypothesis test problem. 
Conventional solutions such as the linear law and Constant False 
Alarm Rate (CFAR) detectors are used as references for 
evaluating the performance improvement achieved by the MLP 
solutions. Estimated Receiver Operating Characteristic (ROC) 
and detection curves show that the MLP detector outperforms 
the reference ones in all the considered cases of study. 

Keywords— Radar; K-distributed clutter; CFAR; Neural 
Networks, Multilayer Perceptrons, Average Likelihood Ratio 

I.  INTRODUCTION 

The radar detection problem can be formulated as a binary 
hypothesis test, where the detector has to decide between 
target absent (null hypothesis, H0) and target present 
(alternative hypothesis, H1). In both cases, the received signal 
is noisy due to external sources that are received by the 
antenna and the thermal noise generated by ohmnic 
components of the receiver. The objects to be sought (the 
targets) intercept part of the energy transmitted by the radar 
and reflect part of it towards the radar, generating the target 
echo. Other non-desired objects that are in the area of 
coverage, also intercept part of the transmitted signal and 
generate their own echo. This is the radar clutter, and, 
together with the receiver noise, constitutes the interference 
that makes the design of radar detectors a complex task.     

The Neyman-Pearson (NP) detector is extensively applied 
in radar problems. This detector maximizes the probability of 
detection (PD), while maintaining the false alarm probability 
(PFA) below or equal to a given value [1,2]. The NP detector 
requires a complete statistical characterization of the 
observation vector under both hypotheses. Important 
detection losses appears when the actual target and/or 
interference models differ from those assumed in the design.  

In this study, the problem of detecting small ships using 
incoherent marine radars is considered. The statistical 
properties of sea clutter, especially in high resolution systems 
with low grazing angles, can be modeled using the K-

distribution, which is characterized by long tails [3,4]. Due to 
the different target speeds and dynamics, the target Doppler 
shift will be considered as the unknown target parameter, 
which will be modeled as a random variable uniformly 
distributed in [0;2). For this problem, the decision rule 
consisting in comparing the Average Likelihood Ratio (ALR) 
to a detection threshold fixed according to PFA requirements is 
an implementation of the NP detector [2]. The ALR 
formulation usually leads to integrals without analytical 
solution, and suboptimal approaches are proposed, which are 
usually characterized by performance losses and/or extremely 
high computational costs.  

Neuronal Networks (NNs) are known to be able to 
approximate the optimum Bayesian classifier [5,6] and, when 
trained with a suitable error function, they can approximate 
the NP detector [7]. In this study, Multi-Layer Perceptrons 
(MLPs) are designed to approximate the ALR detector. 
Linear law and Constant False Alarm Rate (CFAR) detectors 
are used as references for comparative purposes. Results 
prove that the MLP based solutions outperforms the reference 
ones for all the considered cases of study. 

II. PROBLEM FORMULATION 

Marine radars are often incoherent systems that implement 
CFAR techniques in order to maintain the PFA at a constant 
level, in spite of the receiver noise level or clutter echoes 
[8,9]. Fig. 1 shows basic conventional incoherent receiver and 
detector schemes. After each antenna scan, at the output of 
the envelope detector, a matrix is generated. If the radar can 
collect P target echoes per scan, a sliding window of length P, 
(P=3 in Fig. 1) will be used for generating the observation 

vectors to be applied to the detector (  1,...,
P

Pz z R z ).  

The NP criterion is the most used in radar detection. This 
detector requires a complete characterization of the 
observation vector under the two possible hypotheses: H1, 
target present, and H0, target absent. Generally, clutter 
statistics can be estimated from measurements in the 
operating environment, and the most appropriate detector 
among those available can be selected, but target statistics are 
really difficult to estimate.  
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Target parameters such as the Signal-to Interference Ratio 
(SIR), the one-lag correlation coefficient (s) or the Doppler 
shift (s) are usually random variables. In these cases, the 
problem can be formulated as a composite hypothesis test, 
where the likelihood function under H1 depends on a set of 
parameters, θ . If the Probability Density Function (PDF) 

of the vector θ ,  f θ , is known, the decision rule that 

compares the ALR to a threshold fixed according to PFA 
requirements is an implementation of the NP detector [2]:  
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The ALR can lead to integrals without analytical solutions 
and suboptimum approaches are used [11]. In this paper, the 
approximation of the ALR by NN-based detectors is studied.  

A. Target model 

In radar literature, the most extended target models are 
based on the ones proposed by Swerling [10]. The fluctuating 
targets models are a particular case of complex Gaussian 
targets with Gaussian Autocorrelation Function (AFC), 
characterized at the output of the envelope detector (Rayleigh 
distributed amplitude). Expression (2) is the covariance 
matrix of a vector of P samples of a complex Gaussian target 
with Gaussian ACF: h and k are the row and column indexes 
respectively, ps is the target power, ρs is the one-lag 
correlation coefficient, and ΩS is the Doppler shift. In (3), ρs 
is defined: σs is the standard deviation of the target spectrum 
and PRF is the pulse repetition frequency of the radar. In [11], 
the Swerling I model (ρs=1) is used to model vessel echoes 
acquired by marine radars. In the present work, Swerling I is 
also used. 
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B. Clutter model 

Sea clutter is the result of the coherent sum of the signal 
scattered by a set of scatterers in the radar resolution cell. 
These radar echoes are characterized by a refection 
coefficient, 0, that depends on factors such as the frequency, 
the grazing angle, the polarization and the sea state [9]. In 
high resolution radars operating at low grazing angles, clutter 
becomes correlated, and can generally be modeled as a 
compound-Gaussian model [9], which can be expressed as a 
product of two components:  

 The fast component (speckle) is a stochastic complex 
Gaussian process that accounts for local backscattering. 

 The slow component (texture) is a positive random 
process that describes the underlying power level. 

 Experimental data analyzed indicate that the amplitude of  
sea clutter echoes can be modeled by the K-distribution [3,4], 
whose PDF is described in (4), where K is the modified 
Bessel function of the second kind . The texture component is 
characterized by a root-Gamma distribution that depends on 
the shape (ν) and scale (b) parameters of the K-distribution. 
Under short observation time intervals, the texture component 
can be approximated by a random variable, and the 
compound process degenerates into a Spherically Invariant 
Random Process (SIRP). For high sea states, the shape 
parameter is between 0.1 and 2 [4] so, in this study, ν = 0.5 is 
considered to simulate spiky sea clutter.  
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According to the assumed target correlation coefficient, 
two different cases of study are analyzed: 

 Case of study I: Detection of Swerling I targets with 
unknown Doppler shift in uncorrelated, C=0, spiky K-
distributed clutter. 

 Case of study II: Detection of Swerling I targets with 
unknown Doppler shift in correlated spiky K-distributed 
clutter (C =0.9). 

In both cases, the texture component is constant along the 
azimuth interval, and the speckle component is uncorrelated 
in range. In case I, the speckle component is also uncorrelated 
in azimuth. In case II, it is correlated due to the antenna 
rotation. 

C.    Radar parameters 

A high resolution radar operating at low grazing angles, 
such as the IPIX Radar [12] is considered. In Table I, the 
principal transmitter, receiver and antenna parameters are 
described. Table II summarizes the parameters used for the 
simulations of the matrixes at the output of the envelope 
detector of Fig. 1. 

Figure 1. Incoherent radar receiver and conventional detection schemes. 
Radar data matrix applied to the input of the detector 



TABLE I.  IPIX RADAR SPECIFICATIONS 

IPIX Radar Specifications 

Transmitter  Receiver  Antenna  

Frecuency: 9.39 GHz Two linear receives Beam width: 0.9º 

Peak Power: 8 kHz Bandwidth: 5.5 MHz Gain: 44 dB 

Pulse Length: 200 ns Noise Figure: 1.2 dB Rotation: 30 rpm 

Polarization: H Polarization: H Diameter: 2.4 m 

PRF: 1600 Hz 
Pulse Repetition 

Frequency 
Minimum range: 150 m Isolation: 30 dB 

TABLE II.  SIMULATION PARAMETERS 

Simulation Parameters 

Range Resolution: 30 m Number of echoes in a scan: P=8 

Azimuth Resolution: 0.1125º Target illumination time: 5 ms 

Range Coverage: 5.4 NM 
(Nautical Miles) 

Range Samples: 334 

Azimuth Coverege: 10º Azimuth Samples: 89 

For a grazing angle of 0.1º and a sea estate of 4, 0=-48 
dBsm is assumed [13], so clutter power is significantly higher 
than noise power, and SIR can be approximated by the SCR 
(Signal-to-Clutter Ratio)In Fig. 2 an example of the 
amplitude of simulated spiky K-distributed clutter is 
presented. Fig. 3 shows the spiky nature of the data.  

III. CONSTANT FALSE ALARM RATE (CFAR) DETECTOR 

CFAR detectors implement spatial adaptive threshold 
techniques to maintain the PFA. Parametric techniques assume 
a clutter PDF, and estimate its unknown parameters from 
observations acquired by the radar in the current scan. 
Generally, their detection capabilities decrease significantly 
when the clutter PDF is different from that assumed. CFAR 
detector works on a cell by cell basis, estimating statistics of 
the interference from a group of N reference cells close to the 
Cell Under Test (CUT), estimating the detection threshold 
and comparing it to the CUT to decide about the presence or 
absence of targets. The cells closest to the CUT are discarded 
to avoid target signal spillover from the CUT. The Cell 
Averaging CFAR (CA-CFAR) is the most widespread [9,14]. 

Integration techniques are usually used for reducing the 
required SIR for a defined PD and PFA [9]. In Fig. 4, the CA-
CFAR detector combined with incoherent integration of P 
pulses is shown. The threshold, Tq, can be calculated with (5), 
where α is the threshold multiplier. Without pulse integration, 
the value of α, required to achieve a given PFA for a linear 
detector envelope in K-distributed clutter, can be obtained 
using (6), where ν and b are the shape and the scale 
parameters of the K-distribution, respectively.  
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Figure 4. CA-CFAR detection scheme with incoherent 
integration of P pulses 

Figure 2. Amplitude of simulated spiky K-distributed clutter 
including the propagation losses and the change in radar resolution 

cell size (Top), and after compensating those effects (Bottom)

Figure 3. Amplitude of spiky K-distributed clutter 
obtained at the output of lineal law detector.



For spiky clutter (ν = 0.5), semi-analytic solutions can be 
found [14] for :  

 1 1N
FAN P                                    

For CA-CFAR processors that use pulse integration, semi-
analytic solutions are not available. Because of that, the 
threshold multiplier has been estimated using conventional 
Monte Carlo simulations [14].  

In general, the parameter CFAR losses is used to analyze 
the detection capabilities of CFAR processors. This parameter 
is defined as the increase in SIR that is required to maintain 
the same PFA and PD as a fixed threshold detector working on 
a homogeneous and known clutter environment [14]. Due to 
the propagation losses and the change in radar resolution cell 
size with range, sea clutter power changes along the range 
dimension. This fact affects the estimation of clutter 
parameters performed by the CFAR, and increases the CFAR 
losses. Because of that, in this study, these effects are 
compensated at the input of the CFAR detector. 

In Table III, CFAR losses are shown as a function of the 
number of reference cells, N, for P=8 integrated pulses, spiky 
clutter (ν = 0.5) and two one-lag correlation clutter 
coefficients, C. For both correlation coefficients, C = 0 and 
0.9, CFAR losses are very important for small values of N, 
because the clutter parameter estimations are not very 
accurate. Furthermore, the losses for ρC = 0.9 are lower than 
for ρC = 0. Based on these results, big reference windows 
should be recommended. However, if the number of reference 
cells is high, samples that are far from the cell under test are 
considered to estimate the detection threshold. This fact 
increases the probability of including in the reference window 
other target echoes, terrain returns (in coastal areas) or clutter 
returns with different parameters. Table IV shows the 
measured distance between the CUT and the farthest cell of 
the window reference, assuming that the window is centered 
on the CUT and oriented along the range dimension. 
Distances have been calculated considering a range radar 
resolution equal to 30 meters (Table II). Finally, CA-CFARs 
with M=8 and 16 reference cells are selected. 

TABLE III.  CFAR LOSS FOR SPIKY SEA CLUTTER 

K-distributed 
clutter 

CFAR Loss (dB) 

N = 4 N = 8 N = 16 N = 32 N → ∞ 

ρC = 0 18.76 7.55 3.32 1.67 0.39 

ρC = 0.9 17.09 6.93 3.23 1.57 0.37 

TABLE IV.  DISTANCE BETWEEN THE CUT AND THE FARTHEST CELL OF 
THE REFERENCE WINDOW FOR A RANGE RSOLUTION OF 30 m 

 
Number of reference cells 

N = 4 N = 8 N = 16 N = 32 N = 64 

Distance (m) 120 240 480 960 1,920 

IV. NEURAL NETWORK BASED DETECTOR 

Multi-Layer Perceptrons (MLPs) have been trained for 
minimizing the Mean Squared-Error (MSE) to approximate 
the NP detector in the defined cases of study. The architecture 
of a P inputs, L hidden layers and KL outputs MLP is 
presented in Fig. 5. As incoherent systems are considered, 
MLPs are trained with simulated radar data vectors similar to 
those extracted from Fig. 2 (bottom) and Fig. 3, using sliding 
windows of P samples along the azimuth dimension. For 
generating input patterns under H1, Swerling I targets with 
Doppler shift uniformly distributed in [0,2) have been 
added. Finally, in both cases of study, training and validation 
sets have been generated with prior probabilities P(H0) = 
P(H1) = 0.5. The training sets were composed of 60,000 
patterns from each hypothesis; while validation sets were 
composed of 5,000 patterns for each hypothesis. 

MLPs with P inputs, a unique hidden layer of M neurons, 
and an output layer with 1 output have been designed (MLP 
P/M/1). As the minimum number of hyperplanes required for 
enclosing a closed volume in a P-dimension input space is 
P+1, as a starting point, M has been set to M=P+1. A trial 
and error process has been carried out, increasing and 
decreasing the initial value of M, in order to determine the 
value that provides a compromise solution between detection 
capabilities and computational cost. After training, the 
detector has been built comparing the MLP output to a 
threshold set according to PFA requirements (Fig. 6).  
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Figure 6. Radar detector scheme based on MLP 

Figure 5. MLP scheme 



V. RESULTS 

CA-CFAR and MLP based detectors have been designed 
and compared for the two considered cases of study. The 
radar is assumed to collect P=8 target echoes in a scan, so in 
the CA-CFAR detector the incoherent integrator integrates 
P=8 samples (Fig. 4), and MLPs with P=8 inputs are 
designed (Fig. 5).  

For evaluating the detection capabilities, Receiver 
Operating Characteristic (ROC) curves (PD vs. PFA for a SIR) 
and/or detection curves (PD vs. SNR for a PFA) have been 
estimated using data sets different from those used for 
training the MLPs. Montecarlo simulations have been 
performed (estimation error lower than 10% in all the 
presented results).  

A.   CA-CFAR Detector 

According to the results presented in Tables III and IV, 
CA-CFAR detectors with N=8 and 16 reference cells 
combined with non-coherent integrators of P=8 pulses have 
been applied to the cases of study (Fig. 4). As the detection 
threshold varies from cell to cell, detection curves have been 
estimated for evaluating their detection capabilities.  

In Fig. 7 and 8, the CA-CFAR is compared to a fixed 
threshold detector applied to the output of the linear law 
envelope detector. The fixed threshold has been obtained for 
the homogeneous and known clutter environment. The results 
obtained by the fixed threshold detector are better than the 
CA-CFAR ones, because the factors that make clutter power 
wary with range have been compensated and the clutter is 
homogeneous. Under these conditions, as N increases, the 
CA-CFAR detection curves tend to the fixed threshold 
detector ones. The differences between Fig. 7 and 8 are not 
very significant. The estimated SCR that guarantees PD= 80% 
and PFA = 10-6 is around 25 dB for the fixed threshold 
detector, and it is higher for the CA-CFAR detectors. 
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B. Detector Based on a MLP  

Taking into consideration the results obtained in section 
V.A, the SCR selected for generating the training and 
validation sets has been set equal to 25 dB. For determining 
the number of hidden neurons, M, the trial and error process 
described in section IV has been applied. Fig. 9 and 10, prove 
that the MLP 8/15/1 presents the best detection capabilities 
controlling the computational cost. 

In Fig. 11, the MLP 8/15/1 is compared to the linear law 
detector. The MLP based detector outperforms the linear 
detector for both cases of study. This result can be explained 
taking into consideration that the MLP is approximating the 
ALR. In Table V, the estimated PD for PFA=10-6, for the 
different detectors and cases of study are summarized. The 
MLP based detector outperforms the CA-CFAR detectors. 
This is an expected result because CA-CFARs try to 
approximate the fixed threshold detector. 
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Figure 7. CA-CFAR and Linear Law (fixed threshold) detectors in 
uncorrelated spiky K-distributed clutter (ρ = 0 and ν = 0.5). PFA = 10-6 

Figure 9. ROC curves for MLP detectors in uncorrelated spiky K-
distributed clutter (ρ = 0 and ν = 0.5). SCR = 25 dB 

Figure 8. CA-CFAR and Linear Law (fixed threshold) detectors in 
correlated spiky K-distributed clutter (ρ = 0.9 and ν = 0.5). PFA = 10-6 
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TABLE V.  SUMMARY OF THE ESTIMATED PERFORMANCES FOR THE 
CASES OF STUDY 

K-distributed 
clutter 

PD 

Linear 
Detector 

CA-CFAR 
MLP 8/15/1 

N = 8 N = 16 

ρ = 0 0.80 0.35 0.67 0.856 

ρ = 0.9 0.81 0.39 0.71 0.86 
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I. CONCLUSIONS 

The problem of detecting fluctuating targets with unknown 
Doppler shift in spiky K-distributed clutter using 
conventional marine radars has been studied. This is a case of 
interest because targets can present different speed ranges and 
multiple dynamics, and clutter models based on the K-
distribution are generally more suitable than the conventional 
Gaussian models. The composite hypothesis test has been 
formulated and the complexity of the NP optimum detector 
justified. CA-CFAR detectors proposed in the literature have 
been analyzed, together with the fixed threshold detector 
designed for known and homogeneous clutter statistics. 

Results show that, as the number of reference cells 
increases, the CA-CFAR detectors are capable of performing 

better approximations to the fixed threshold one. But, in 
practical situations, the number of reference cells must be 
selected taking into consideration the range resolution of the 
radar and the distance from the CUT and the cell used for 
estimating the detection threshold. 

Neural networks trained in a supervised manner to 
minimize the MSE have been proposed as alternative 
solutions, due to their proved capability of approximating the 
NP detector using a set of pre-classified patterns. Results 
show that a MLP 8/15/1 outperforms the reference detectors 
for the two cases of study. The fact that the MLP outperforms 
the fixed threshold detector can be explained taking into 
consideration that the MLP is approximating the NP optimum 
detector, while the envelope detector followed by a threshold 
detector is a simple solution implemented by most of the 
commercial marine radars, that, considering the complexity of 
the composite hypothesis test to be solved, can be guessed to 
be a very simple approximation. 
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Abstract. The design of radar detectors in sea clutter environments
is really a complex task. A neural network based automatic sea clutter
classifier has been designed, as part of an adaptive detector capable of
exploiting all the capabilities of detectors designed for specific clutter en-
vironments. The most extended sea clutter models have been considered
(Gaussian, Weibull and K-distributed). Results show that an MLP with
3 inputs (the variance, the entropy of the modulus of the samples and the
correlation coefficient), 6 hidden neurons and 4 outputs, is able to pro-
vide a performance similar to the K − NN algorithm with K = 10 with
a significant reduction in computational cost, a very important feature
in real time applications.

Keywords: Sea clutter, radar detection, neural network, classifier, fea-
ture extraction, K-Nearest Neighbor.

1 Introduction

Marine radars are extensively used in maritime traffic monitoring and coastal
surveillance tasks. One of the more important problems is related to the detection
of small boats. Any object in the coverage area can intercept the transmitted
signal and reradiate part of it towards the radar. This is the radar echo, that will
be acquired by the receiver and applied to the detection stage. The objects to be
detected are denoted as targets, while all the radar echoes from other non-desired
objects are called clutter. In marine environments, the radar echo generated by
the sea surface is of great interest. It can be significantly stronger than target
radar echoes, and it is characterized by a high variability.

The objective is to decide between two hypotheses, target present (H1) or
target absent (H0), fulfilling the Probability of Detection, PD, and Probability
of False Alarm, PFA, requirements in the area of coverage. The PD is the prob-
ability of detecting a target when it is present. The PFA is the probability of
deciding in favor of a target when there is no target. Under both hypotheses,
the received signal has a noise component (receiver chain noise factor), and a
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clutter component (radar echoes from the sea surface). The Neyman-Pearson,
NP, detector is the most extended. It maximizes the PD, maintaining the PFA

lower than or equal to a given value [1]. If z̃ is the observation vector provided by
the radar receiver, a possible implementation of the NP detector is the one based
on the comparison of the likelihood ratio, Λ(z̃), to a detection threshold selected
according to the desired PFA (1). This detector requires a complete statistical
characterization of the observation vector under both hypotheses.

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηPF A (1)

In radar scenarios, target and clutter models are variable. Since the estimation of
target parameters from observation vectors is difficult, a target model is usually
assumed, and detection losses are suffered when actual target statistics differ
from those assumed in the detector design [2,3]. Robust detectors with respect
to target parameters have been analyzed and proposed, assuming constant and
known clutter models [4,5,6]. Clutter parameters can be estimated from the
environment.

In this paper, a sea clutter classifier is designed for allowing a dynamic se-
lection of the best detection chain, among those designed assuming different
clutter models. This classifier is composed of a feature extractor and a Multi-
Layer Perceptron (MLP) designed for estimating the posterior probabilities of
the classes, using the features provided by the feature extractor. The learning
capabilities of the MLP are exploited for achieving performances similar to the
ones provided by the K-Nearest Neighbor (KNN), with an important reduction
in computational cost, a critical feature for real time implementations [7].

2 Characterization of the Observation Space

The general architecture of a coherent radar is presented in Fig. 1. After each
antenna scan, at the output of the digital demodulator, a complex matrix is
generated (Fig. 2). The observation vectors will be extracted from this matrix
and applied to the detection stage. The anti-clutter processes are usually based
on filtering approaches (MTI, Moving Target Indicator, or MTD, Moving Target
Detector) and a detection threshold controlled by Constant False Alarm (CFAR)
techniques, all of which assume a clutter model [8].

Sea clutter depends on multiple factors: the height of the waves, the wind
speed, the transmitted signal frequency and polarization, the radar antenna
pointing direction with respect to the direction of waves and the wind, the graz-
ing angle (the complementary of the incident angle) and the size of the observa-
tion area (the radar resolution cell projected on the sea surface). In Fig. 3 the
general geometry of a marine radar is shown.

The sea state is a term extensively used by mariners as a measure of the wave
height, and it is commonly used to describe the roughness of the sea, although
it doesn’t provide a complete characterization of sea clutter [8].
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Fig. 1. General architecture of a coherent radar

Fig. 2. Output of the digital demodulator for each radar scan

Fig. 3. Geometry of a marine radar
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Fig. 4. Amplitude of clutter matrixes at the output of the digital demodulator:
Correlated Gaussian (left), spiky K-distributed (center) and Weibull (right)

In low resolution radars (high resolution cells), sea clutter can be modeled
as a Gaussian process. This model is also valid in systems with high grazing
angles, and high resolution radars with low grazing angles and sea states 0 or 1
(wave height ranging from 0 to 0.1 meters). For higher sea states (wave height
higher than 0.1 meters), the Weibull and the K-distributions have been proposed
[9,10,11]. The probability density functions, pdfs, for K-distributed and Weibull
processes are shown in (2) and (3), respectively. Their associated parameters are
shape,ν, and scale, μ, for K, and shape,c, and scale, b, for Weibull. In Fig. 4,
amplitude matrixes of clutter samples obtained at the output of the digital
demodulator are presented.

f(r) =

√
4ν
μ

2ν−1Γ (ν)

(√4ν

μ
r
)ν

Kν−1

(√4ν

μ
r
)
u(r) (2)

f(r) =
c

b

(r

b

)c−1

exp
(
−
(r
b

)c)
u(r) (3)

3 Proposed Scheme

Multiple detection strategies have been proposed for different clutter models.
In order to exploit the potential of these detectors, a clutter automatic pre-
classification stage is proposed, to select the more suitable detection strategy
among those implemented (Fig. 5). Two operation modes are distinguished:

– Off-line classifier design (dotted arrows). A data base of pre-classified clut-
ter matrixes is created. The most suitable sub-set of features is selected
according to the estimated performance of classifiers trained in a supervised
manner using different sub-sets of features.

– On-line classifier operation (continuous arrows). The selected sub-set of fea-
tures is extracted from sub-matrixes of the actual scan to generate classifier
inputs and select the best detector from the available bank.
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Fig. 5. Proposed detection scheme based on a bank of detectors and a clutter classifier
capable of selecting the more suitable detector among those available

3.1 Training and Test Sets

A data base was generated synthetically for training and testing purposes, us-
ing the statistical models proposed in the literature and summarized in section
2. These models have been assessed using real data, because of that they can
be used for generating synthetic data sets for design and testing purposes. As
coherent models are considered, the generated samples are synthetic samples of
the in phase and in quadrature components of the received radar echoes, which
are provided by a synchronous detector in a real system. In Fig. 1, the digital
demodulator encompasses the matched filter and the synchronous detector.

The data base was composed of clutter matrixes obtained at the output of
the digital demodulator (Fig. 1). Assuming a radar system similar to SCANTER
2001 [12], the size of the matrixes was selected to guarantee a good estimation
of the desired features, controlling the associated computational cost. Finally,
matrixes of M = 625x1000 complex elements were synthetically generated for
covering an azimuth sector of 60 degrees and a range interval of 7.5km. The data
base was composed of four clutter classes:

– Correlated Gaussian: 3000 patterns with correlation coefficient uniformly
distributed in [0.9; 0.95].

– Uncorrelated Gaussian: 3000 patterns.
– K-distributed: 3000 patterns with a shape parameter, ν, uniformly

distributed in [0.4; 4.1].
– Weibull: 3000 patterns with shape parameter uniformly distributed in

[0.4; 2.1].

In all matrixes, the effects associated to the propagation of the electromagnetic
wave and the size variation of the ground resolution cell of the radar were com-
pensated. After that, all patterns were normalized to have unit power. Training,
validation and testing sets were built from the database using 1, 200, 300, and
1, 500 patterns of each class, respectively.



580 J.L. Bárcena-Humanes et al.

3.2 Classifier Design

MLP and K-NN based classifiers have been analyzed. A study of clutter statisti-
cal features has been carried out, to identify the most suitable set to be used as
classifier inputs. This is the common strategy for controlling the computational
cost and increasing the generalization capabilities of classifiers. The features de-
fined in Table 1 have been considered, together with the correlation coefficient,
ρ. Symmetry and kurtosis are complex, and each one gives rise to 2 real values;
the entropy is estimated from the modulus and the real and imaginary parts,
generating 3 real values. A total of 9 features have been studied.

Table 1. Analyzed statistical features

Features Definition Features Definition

variance σ2(x) =
∑

M

(x − μ(x))2

M
Entropy E(x) = −

∑

m

p(x) · log2(p(x))

symmetry S(x) =
∑

M

(x − μ(x))3

σ3
kurtosis K(x) =

∑

M

(x − μ(x))4

σ4

Symmetry and kurtosis are several orders of magnitude higher than the other
features. As the classification problem conveys the calculus of distances, these
two features can mask the information provided by others. Because of that,
feature vectors have been normalized for having zero mean and unity variance.

4 Results

MLPs with different number of inputs (ranging from 1 to 9), one hidden layer and
four inputs have been trained considering the 512 possible feature combinations.
The Levenberg-Marquardt algorithm, [13], has been used in combination with
a cross-validation technique, and MLPs have been initialized using the Nguyen-
Widrow method [14]. For each feature combination, the training process has been
repeated twenty times. Only the cases where the performances of all the trained
networks were similar in average, have been considered to extract conclusions.

In Tables 2 and 3, a summary of the results is presented:

– The best classification performance has been obtained using [ρ; σ2; E(|z̃|)].
– Table 2 shows the improvement associated to the variance.
– Although the input clutter matrixes have been normalized to have unity

variance, the statistical properties of the variance estimator are different
(Fig. 6).
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Table 2. Miss-classification matrix for the most relevant features (%). Input patterns
(rows), classifier outputs (columns).

[ρ; σ2; E(|z̃|)], L=6, NO=97 [ρ; E(|z̃|)], L=5, NO=72

Gnc Gc Weibull K Gnc Gc Weibull K

Gnc 100 0 6.21 0 100 0 5.23 0

Gc 0 100 0 0 0 100 0 0

Weibull 0 0 85.26 14.98 0 0 63.72 10.25

k 0 0 8.53 85.02 0 0 31.05 89.75

Table 3. Miss-classification matrix for other features (%). Input patterns (rows),
classifier outputs (columns).

[σ2; E(|z̃|)], L=5, NO=72 [ρ; σ2; S; K], L=9, NO=196

Gnc Gc Weibull K Gnc Gc Weibull K

Gnc 78.64 43.64 1.43 0 84.83 0 57.69 11.29

Gc 21.36 56.01 3.58 0 0 100 0 0

Weibull 0 0.27 87.50 14.88 15.02 0 23.64 11.97

k 0 0.07 7.48 85.12 0.15 0 18.67 76.74
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Fig. 6. Estimated fdp of the variance estimates

– Using [ρ; σ2; E(|z̃|)], the 6.21% of the Weibull patterns are classified as Gaus-
sian. This can be explained considering that the Weibull distribution for a
shape parameter equal to 2 is the same as the Rayleigh, and the entropy of
the modulus of the complex clutter samples is used. An analysis of the test
set has revealed that the shape parameter for Weibull patterns classified as
Gaussian is very close to 2.
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In the first row of each table, the input feature vector, the number of hidden
neurons, L, and the number of required operations NO, are provided. If P is the
number of real inputs, NO is calculated as (NO = (2P + 1)L + (2L + 1)4 + 3).

Solutions based on the KNN algorithm (euclidean distance) have been de-
signed. The results obtained for K = 10 and 25 are presented in Table 4. The
performances for both K values are very similar, so K = 10 is selected because
of its lower computational cost (NO). For N = 1, 500 training patterns for each
class, NO = 4N(3P +K+1)−0.5K(K−1)+3. The performance of this solution
is very similar to that provided by the MLP for the same input features, but the
associated computational cost is significantly higher.

Table 4. Miss-classification matrix (%) for the K-NN classifier. Input patterns (rows),
classifier outputs (columns)

[ρ; σ2; E(|z̃|)], k=10, NO=107,958 [ρ; σ2; E(|z̃|)], k=25, NO=197,703

Gnc Gc Weibull K Gnc Gc Weibull K

Gnc 100 0 3.27 0 100 0 5.33 0

Gc 0 100 0 0 0 100 0 0

Weibull 0 0 86.80 14.53 0 0 87.13 15.27

k 0 0 9.93 85.47 0 0 7.54 84.73

5 Conclusions

A neural network based pre-classification stage has been designed in order to
improve the performance of radar detectors in sea clutter environments. The
design of these detectors is really complex. If actual clutter statistics are differ-
ent from those assumed in the design, performance losses can be very high. In
order to design an adaptive detector capable of exploiting all the capabilities of
solutions proposed in the bibliography, an automatic sea clutter classifier has
been designed. The most extended sea clutter models have been used (Gaussian,
Weibull and K-distributed), and the parameters of a commercial radar have been
assumed for generating a synthetic data base from which training, validation and
testing sets have been generated.

In order to reduce the complexity of the classifier and increase its generaliza-
tion capabilities, a feature extraction stage has been designed for providing the
classifier inputs. Variance, symmetry, entropy, kurtosis and correlation coefficient
have been combined to determine the most suitable input vector. Results show
that the best combination among those considered is the variance, the entropy
of the modulus of the samples and the correlation coefficient. An MLP with 3
inputs, 6 hidden neurons and 4 outputs have been proposed. This classifier is
able to provide a performance similar to the K − NN algorithm with K = 10
with a significant reduction in computational cost, a very important feature in
real time applications.
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Abstract. SONN and MLP based detection schemes are designed for
approximating the Neyman-Pearson, NP, detector for detecting fluctu-
ating targets with unknown Doppler shift in Gaussian interference. The
optimum NP detector conveys a complex integral, so sub-optimum ap-
proaches based on the Constrained Generalized Likelihood Ratio, CGLR,
are proposed as reference solutions. Detectors based on a single MLP, a
single SONN, and mixtures of them are studied, and their detection ca-
pabilities and computational costs evaluated. Results show that the de-
tector based on a mixture of SONNs is able to approximate the CGLR,
outperforming the other proposed solutions, with lower computational
cost.

Keywords: Average Likelihood Ratio, Multilayer Perceptrons, Second
Order Neural Network, Mixture of Experts.

1 Introduction

Active pulse radars are extensively used for surveillance and monitoring tasks.
Any object in the coverage area can intercept the radar transmitted signal and
reradiate part of it towards the radar. This is the radar echo, that will be acquired
by the receiver, which will generate the observation vector z̃, a complex vector
composed of the in-phase and in-quadrature components of the digitized samples.
The objects to be detected are denoted as targets, while all radar echoes from
other non-desired objects are called clutter.

Radar detection can be formulated as a binary hypothesis test: H0 is the
null hypothesis (the received signal consists of interference, clutter plus noise),
and H1 is the alternative one (the received signal consists of target echo-plus-
interference). The Neyman-Pearson (NP) detector, widely used in radar applica-
tions, maximizes the probability of detection (PD), while maintaining the prob-
ability of false alarm (PFA) lower than or equal to a given value [1]. If f(z̃|H0)
and f(z̃|H1) are the likelihood functions, a possible implementation of the NP

I. Rojas, G. Joya, and J. Cabestany (Eds.): IWANN 2013, Part I, LNCS 7902, pp. 584–591, 2013.
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detector consists in comparing the Likelihood Ratio (LR), Λ(z̃), to a thresh-
old selected according to PFA requirements [1], and decide in favor of H1 when
the LR output is higher than the selected threshold. This approach requires a
complete characterization of the likelihood functions, and detection losses are
expected when the interference and/or target statistical properties vary from
those assumed in the detector design [2,3].

In practical situations, clutter properties can be estimated, and the radar
detector can be selected accordingly, but target ones are difficult to estimate. If θ
is the target unknown parameter, defined in a space Θ, the detection problem can
be formulated as a composite hypothesis test [1]. When the probability density
function (pdf) of θ, f(θ), is known, the Average Likelihood Ratio (ALR) detector
is optimum in the NP sense (1) [1]. This approach usually leads to intractable
integrals without a closed solution, and sub-optimum ones are considered [4].

Λ(z̃) =

∫
Θ f(z̃|H1, θ)f(θ)dθ

f(z̃|H0)

H1

≷
H0

ηalr(PFA) (1)

Learning machines trained in a supervised manner using a suitable error function
have been proved to be able to approximate the NP detector [5]. Multi-Layer
Perceptrons (MLP), [6], Radial Basis Function Neural Networks (RBFNN) [7],
Second Order Neural Networks (SONN) [8] and Support Vector Machines (SVM)
[9] have been applied to approximate the NP detector. In [10,11] committees
of Neural Networks (NNs) were designed for detecting Gaussian targets with
unknown correlation coefficient in Additive White Gaussian Noise (AWGN).

Due to the variety of targets and their possible dynamics, target Doppler
frequency can vary in a wide range. As clutter usually presents zero, or very
low, Doppler, many actual solutions apply clutter filtering techniques. These
solutions are very far from those achievable with a good approximation to the
ALR [4].

The present article tackles the design of NN based detectors for detecting
targets with unknown Doppler shift in Gaussian interference. As a first step, a
study of the CGLR is presented to define a good approximation to the ALR that
can be used as reference. The objective is to exploit NN learning capabilities to
obtain approximations capable of competing against the CGLR with a significant
computational cost reduction, what will allow their real time implementation.

2 Case of Study

Target and clutter echoes are modeled as Gaussian complex vectors, z̃ ∈ CP ,
with the following autocorrelation matrixes:

– Target: (Σs̃s̃)h,k = ps · exp (j(h− k)Ω); (h, k ∈ {1, 2, ..., P})
– Interference: (Σc̃c̃)h,k = pnδhk + pc · ρ|h−k|2

c ; (h, k ∈ {1, 2, ..., P})
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ps and Ω are, respectively, the target power and mean Doppler shift. pn is
the noise power, δhk is the Kronecker delta, pc and ρc are, respectively, the
clutter power and one-lag correlation coefficient. The target one-lag correlation
coefficient is 1 (Swerling I targets) [12]. Assuming these target and interference
models, the NP detector for Ω varying uniformly in [0; 2π] is formulated in (2),
where T denotes the transpose operation, and ∗ denotes the complex conjugate.
As this integral has no closed solution, the Constrained Generalized Likelihood
Ratio (CGLRK) is considered [1]. In (3), K is the finite number of LR detectors
designed for equispaced discrete values of Ω in [0; 2π]. This solution is used as
reference to evaluate the NN detectors taking into consideration computational
complexity and detection performance.

∫ 2π

0

det(Σc̃c̃) exp
(
z̃T [Σc̃c̃

−1 − (Σc̃c̃ + Σs̃s̃(Ω))−1]z̃∗
)

det(Σc̃c̃ + Σs̃s̃(Ω))
· 1

2π
dΩ

H1

≷
H0

ηalr(PFA)

(2)

max
Ωk

det(Σc̃c̃) exp
(
z̃T [Σc̃c̃

−1 − (Σc̃c̃ + Σs̃s̃(Ωk))−1]z̃∗
)

det(Σc̃c̃ + Σs̃s̃(Ωk))

H1

≷
H0

ηcglr(PFA)

k = 1, . . . , K (3)

The noise power is equal to 2, and the Clutter-to Noise (CNR) and the Signal-
to-Interference ratios (SIR) are defined as CNR = 10 log10(pc/pn) and SIR =
10 log10(ps/(pn + pc)), respectively. The results obtained for CNR = 20 dB and
ρc = 0.7 and 0.995 are presented in the following sections. These cases of study
correspond to a non-dominant clutter (thermal noise can not be discarded in the
study), and examples of low and high correlated clutter [2,3]. P = 8 has been
assumed, without loss of generality.

3 CGLR Detectors

The final detection performance and the associated computational cost of the
CGLRk detector are related to the parameter k . Receiver Operating Charac-
teristic (ROC) curves for K = 8, 16, 32 have been estimated using Montecarlo
simulations (maximum relative error in the estimation of PFA equal to 10%). In
Figure 1, SIR values capable of providing PD > 80% for PFA > 10−6 have been
selected. In section 5, the higher SIR values have been considered. ROC curves
presented in Figure 1 allow us to conclude that a CGLR16 can be selected as
a compromise solution between detection performance and computational cost.
The difference between CGLR8 and CGLR16 ROC curves decreases as ρc in-
creases.

Considering each sum, product and exponential function as a simple operation
on the processor, a CGLRK detector requires (K) × (8P 2 + 6P − 2) + K − 1
operations. The number of operations required by a CGLR16 is 8, 943 .
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Fig. 1. Estimated ROC curves for CGLRK detectors for Swerling I targets with un-
known Doppler shift and CNR=20dB: ρc = 0.7 (left), ρc = 0.995 (right)

4 NN Detectors

NNs are trained to minimize the mean squared error. This error function fulfills
the sufficient condition that guarantees the theoretical capability of approximate
the NP detector when the output of the neural detector is compared to a detec-
tion threshold fixed according to PFA requirements [5]. The final approximation
error depends on the NN architecture, the training set and the training algo-
rithm. Detectors using a MLP or a SONN, and mixtures of experts are designed
and tested.  
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Fig. 2. SONN scheme: transformation from a 2P -dimension input vector to a (2P 2 +
3P )-dimension one with first and second order terms, and a MLP with (2P 2 + 3P )
inputs and a hidden layer with M = 1 neuron

4.1 Single NNs Detectors

MLPs and SONNs with only one output are trained. As real arithmetic is used,
the number of inputs is equal to 2P = 16 (the real and imaginary parts of
the complex samples). MLPs with a hidden layer with M neurons have been
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trained (MLP2P/M/1) [13]. SONNs are expected to have a higher compu-
tational cost, but the second-order terms tend to increase the generalization
capabilities. Because of that, SONNs with only one quadratic neural unit are
considered (SONN2P/2P 2 + 3P/1) (Figure 2). For P = 8, the number of op-
erations required by a single MLP is 35M + 2, while a single SONN with one
quadratic neural unit needs 441 operations.

4.2 Mixture of Experts Based on NNs

According to the principle divide and conquer, committees of NNs are proposed
to improve the detection performance and/or reduce the computational cost.
Dynamic structures have been considered and mixtures of experts specialized
into input subspaces have been designed. The output of the mixture of NNs is
selected applying the maximum selection criterion following the philosophy of
the CGLR (Figure 3).

Fig. 3. Mixture of experts applying the maximum selection criterion

Taking into account the periodicity of the spectrum, subintervals of Ω ∈
[0; π/4]

⋃
[3π/4; 2π] and Ω ∈ [π/4; 3π/4] are considered. NNs trained with pat-

terns generated under H1 with Ω varying uniformly in the first subinterval are
denoted as NN1, while NNs specialized on Ω ∈ [π/4; 3π/4] are denoted as NN2.

5 Results

NNs have been trained for minimizing the squared mean error, using a quasi-
Newton error minimization algorithm. This algorithm involves the estimation of
the Hessian matrix, which can be computationally prohibitive for large NNs. In
[14] a strategy is proposed for estimating the NN coefficients that reduce the
computational burden, retaining the fast convergence properties of the quasi-
Newton algorithm. A cross-validation technique has been used to avoid over-
fitting and all MLPs have been initialized using the Nguyen-Widrow method
[15]. For each case, the training process has been repeated ten times. Only the
cases where the performances of the ten trained networks were similar in average,
have been considered to extract conclusions.
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PFA and PD values have been estimated using conventional Monte Carlo
simulation with a relative error lower than 10% in the presented results.

According to the results presented in Section 3, the training parameters are
the following: CNR = 20 dB, SIR = 13 dB for ρc = 0.7, and SIR = 1 dB for
ρc = 0.995.

– In single NN based detectors, Swerling I targets have been generated with
Ω uniformly distributed in [0; 2π].

– In the mixtures of experts, two training sets have been generated: one with
H1 patterns with Ω uniformly distributed in [0; π/4]

⋃
[3π/4; 2π], and other

with H1 patterns with Ω uniformly distributed in [π/4; 3π/4].

Training and validating sets of 50, 000 patterns (half from H0 and half from H1)
have been generated.

In Figure 4, ROC curves estimated for single MLPs with different number of
hidden neurons are presented. MLPs with 17 and 14 hidden neurons, for ρc =
0.7 and 0.995 respectively, have been selected as compromise solutions between
detection performance and computational cost. But the detection performance
of single SONN solutions is better, as shown in Figure 5. In order to reduce the
approximation error, mixtures of MLPs and SONNs have been also considered
(Figure 5). Results show that the mixture of two SONNs, SONN1 +SONN2, is
the best detector among those considered. On the other hand, the computational
cost of this detector is really much lower than that associated to the proposed
CGLRs, and the number of operations required by the single SONN and the
mixture of two SONNs is lower than the one required by the single MLP and
the mixture of MLPs, respectively (Table 1).
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Fig. 4. ROC curves for single MLP detectors for Swerling I targets with unknown
Doppler shift: CNR=20dB and ρc = 0.7 (left), CNR=20dB and ρc = 0.995 (right)
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Fig. 5. ROC curves for the CGLR and the NN based detectors, for Swerling I targets
with unknown Doppler shift: CNR=20dB, ρc = 0.7 and SIR = 13 (left), CNR=20dB,
ρc = 0.995 and SIR = 1 (right)

Table 1. Number of operations, Nop, required by the considered detectors

Detectors CGLR16 SONN1 + SONN2 MLP1 + MLP2 SONN MLP

Nop 8, 943 882 1, 194 (ρc = 0.7) 441 597 (ρc = 0.7)
984 (ρc = 0.995) 492 (ρc = 0.995)

6 Conclusions

In this paper, SONN and MLP based detection schemes have been designed and
tested for approximating the NP detector in composite hypothesis-tests. The
problem of detecting fluctuating targets (Swerling I) with unknown Doppler shift
in Gaussian interference has been considered. Two clutter scenarios have been
assumed, with correlation coefficients that define the expected variation interval
in practical situations. In both cases, CNR = 20dB has been considered, which
doesn’t allow to discard the receiver thermal noise contribution.

The ALR detector has been formulated and sub-optimum approaches based
on the CGLR analyzed, in order to define a reference detector for evaluating the
performances of the NN based solutions. CGLR2P detectors have been proposed.

Detectors based on a single MLP and a single SONN have been designed and
compared to mixtures of two MLPs and two SONNs, which output is selected ap-
plying the maximum selection criterion (following the philosophy of the CGLR).
Each MLP and SONN of each mixture has been specialized on a subspace of the
unknown parameter observation space. Results show that single SONNs trained
with targetDoppler shift varying uniformly in [0; 2π], outperform single MLPs due
to SONN inherent non-linearity. On the other hand, the computational cost asso-
ciated to the SONN based solutions is lower than that of the MLP based ones. The
mixture of two SONNs is a good compromise between detection capabilities and
computational cost: SONN1 has been trained with target Doppler shift



SONN and MLP Detectors for Targets with Unknown Doppler Shift 591

Ω ∈ [0; π/4]
⋃

[3π/4; 2π] and SONN2 with Ω ∈ [π/4; 3π/4]. The computational
cost associated to the SONN1 +SONN2 detectors is really much lower than that
associated to the proposed CGLRs, and lower than the one calculated for the pro-
posed mixture of MLPs. Another interesting advantage of SONN based detectors
against MLP ones is that, for the two clutter environments considered, the struc-
ture of the NN detector is the same. In the case of the single MLP and the mixture
of MLPs, the selected number of hidden units is different for each scenario.
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Doppler processors as suboptimum approaches for detecting targets with unknown
Doppler shift
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Abstract—This paper tackles the detection of Swerling I tar-
gets with unknown Doppler shift in colored Gaussian interfer-
ence. If the radar illuminated area is enough large, a Gaussian
clutter model can be assumed. The average likelihood ratio has
been formulated and sub-optimum approaches based on the
Constrained Generalized Likelihood Ratio (CGLR) analyzed.
CGLR detectors have been considered as references solution for
evaluating the detection performances and the computational
cost of detection schemes including robust Doppler processor
based on Moving Target Indicator (MTI) filters. The considered
detection schemes are based on a Doppler filtering techniques
to reduce the presence of clutter and an envelope detector.
Two Doppler processor schemes have been considered: MTI
filter designed for maximizing the improvement MTI factor
averaged over all target Doppler shifts and a bank of MTI
filters optimized for a set of target Doppler shifts. Results
show that MTI filter-bank outperforms MTI averaged filter
over a wider region of the Ωs variation interval reducing the
computational cost with respect to the CGLR detector.

Keywords-MTI; Radar detection; CGLR; Neyman-Pearson
detector

I. INTRODUCTION

The radar detection problem can be formulated as a binary
hypothesis test, where the detector has to decide between the
null hypothesis, H0 (the received signal consists of interfer-
ence, clutter plus noise), and the alternative one, H1 (the
received signal consists of target echo-plus-interference).
Active pulse radars are extensively used for surveillance
and monitoring tasks. Any object in the coverage area can
intercept the radar transmitted signal and reradiate part of
it towards the radar. This is the radar echo, that will be
acquired by the receiver, which will generate the observation
vector z̃, a complex vector composed of the in-phase and in-
quadrature components of the digitized samples.

The Neyman-Pearson (NP) detector, widely used in radar
applications, maximizes the probability of detection (PD),
while maintaining the probability of false alarm (PFA) lower
than or equal to a given value [1][2]. If f(z̃|H0) and f(z̃|H1)
are the likelihood functions, a possible implementation of
the NP detector consists in comparing the Likelihood Ra-
tio (LR), Λ(z̃), to a threshold selected according to PFA
requirements [2], and decide in favor of H1 when the LR
output is higher than the selected threshold, , as is described

in (1). This approach requires a complete characterization of
the likelihood functions, and detection losses are expected
when the interference and/or target statistical properties vary
from those assumed in the detector design [3][4].

Λ(z̃) =
f(z̃|H1)

f(z̃|H0)

H1

≷
H0

ηlr(PFA) (1)

In practical situations, clutter properties can be estimated,
and the radar detector can be selected accordingly, but
target ones are difficult to estimate. Due to the different
target speeds and dynamics, the target Doppler shift will
be considered as the unknown target parameter, which will
be modeled as a random variable uniformly distributed
in [0; 2π). For this problem, that can be formulated as
a composite hypothesis test, the decision rule consisting
in comparing the Average Likelihood Ratio (ALR) to a
detection threshold fixed according to PFA requirements is
an implementation of the NP detector [2]. This approach
usually leads to integrals without analytical solution, and
suboptimal approaches are proposed: decision rules based
on numerical approximations of the ALR, or the Generalized
Likelihood Ratio (GLR). This detector uses the maximum
likelihood estimation of the parameters governing the likeli-
hood functions in a LR, as if they where correct [2].In this
paper, a constrained GLR (CGLR), usually characterized
by high computational cost, is used in order to study the
capability to approximate the NP detector of the considered
detection schemes.

Due to the variety of targets and their possible dynamics,
target Doppler frequency can vary in a wide range. As clutter
usually presents zero, or very low, Doppler, many actual
solutions apply clutter filtering techniques [5], [6], [7], [8].
MTI (Moving Target Indicator) is defined as a technique
that enhances the detection of moving targets rejecting
stationary (with zero Doppler) or low Doppler shift signals.
MTD (Moving Target Detector) systems are characterized
by a Doppler filter-bank and a detection scheme for each
filter that includes an adaptive threshold, clutter maps and
more than one coherent processing interval. The output of
the Doppler processor is applied to a binary detector that
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Figure 1. Coherent pulsed radar receiver scheme

compares the output of an envelope detector to a detection
threshold.

In this paper, different Doppler processor based on MTI
filters are designed and tested. As a first step, a study
of suboptimum solutions based on CGLR for detecting
fluctuating targets with unknown Doppler shift in correlated
Gaussian interference is presented. CGLR detectors will be
used as reference ones in order to evaluate the approximation
error to the NP detector. The optimum complex-weight
transversal MTI filter, that maximizes the output signal to
interference ratio, depends on target and clutter parameters
[6]. When an uniform variation of Doppler shift in [0; 2π)
is assumed, robust Doppler processor should be designed.
Schemes based on bank of matched MTI filters and MTI
averaged filter are considered to obtain good detection
capabilities reducing considerately the computational cost
with respect to CGLR solutions.

II. TARGET AND INTERFERENCE MODELS

The considered radar system is composed by an antenna,
which is rotating/exploring at a certain speed. The transmit-
ted signal is a Radio Frequency (RF) pulse train. For a given
direction, Ai, the radar transmits an electromagnetic pulse,
which is scattered by the object/s (desired or not desired)
illuminated by the antenna beam. The range resolution, ΔR,
of the system is defined by the signal bandwidth, B, as
ΔR = Ri − Rj = c/2B, being c the velocity of light,
while the azimuth resolution is equal to the 3 dB beamwidth
of the antenna radiation pattern. After each antenna scan, a
detection matrix is generated (Figure 1). Each element of
the matrix is a complex value composed of the in-phase
(real part) and in-quadrature (imaginary part) components
of the digitized sample at the output of the synchronous
detector. Attending to the antenna beamwidth, the azimuth
resolution and the Pulse Repetition Frequency (PRF), the
radar can collect up to P target echoes per scan. A sliding
window of length P , (P = 3 in Figure 1) will be used
for generating the observation vectors to be applied to the
detector (z̃ = [z̃1, ..., z̃P ] ∈ CP ) in order to exploit all the
information available for each target in each scan. From now
on, P has been set to 8 without loss of generality.

A. Target model

In radar literature, the most extended target models are
based on the ones proposed by Peter Swerling [9]. This
target models are a particular case of complex Gaussian
targets. Expression (2) is the covariance matrix of a vector
of P samples of a complex Gaussian target with Gaussian
Auto Correlation function (ACF), where h and k (h, k ∈
{1, 2, ..., P}) are the row and column indexes, respectively,
ps is the target power, ρs is the one-lag correlation coeffi-
cient, and Ωs is the Doppler shift [10]. In [11], the Swerling
I model (ρs = 1) is used to model vessel echoes acquired by
marine radars. In the present work, Swerling I is also used.
In (3), ρs and Ωs are defined, where σs, vR and PRF are,
respectively, the standard deviation of the target spectrum,
the target radial velocity and the Pulse Repetition Frequency
of the radar and λ is the wavelength.

(Σs̃s̃)h,k = ps · ρ|h−k|2
s · exp (j(h− k)Ωs) (2)

ρs = exp
(
−2π2

(
σs
PRF

)2)
; Ωs =

4πvR
λPRF (3)

B. Clutter model

Clutter echoes are characterized by a radar cross section,
σc, that is the composition of a number of independent
random scatterers in the radar resolution cell, with not a
single scatterer producing an echo of magnitude commen-
surate with the resultant echo from all scatterers. These radar
echoes are characterized by a reflection coefficient, σ0, that
can be modeled as a Gaussian random variable [12]. The
covariance matrix of the interference composed by clutter
plus Additive White Gaussian Noise (AWGN) is defined as:

(Σĩ̃i)h,k = pc · ρ
|h−k|2
c + pnδhk (4)

where pn is the noise power, δhk is the Kronecker delta,
pc and ρc are, respectively, the clutter power and one-
lag correlation coefficient and h, k ∈ {1, 2, ..., P}. The
relationships between pc, pn and ps can be described as the
Clutter-to-Noise (CNR = 10 log10(pc/pn)) and the Signal-
to-Interference ratios (SIR = 10 log10(ps/(pn + pc))). As
a normalization criterion, pn = 2.

III. ALR FORMULATION

For the simple hypothesis test, and after applying loga-
rithms and eliminating immaterial constants, the LR detector
can be expressed as in (5), where zT denotes the trans-
posed vector, z∗ denotes the complex conjugate one and
Q = [Σĩ̃i

−1 − (Σĩ̃i +Σs̃s̃)
−1].

det(Σĩ̃i) exp
(
z̃TQz̃∗

)

det(Σĩ̃i +Σs̃s̃)

H1

≷
H0

ηlr(PFA) (5)
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Figure 2. MTI filter scheme

Rule (5) depends on Σĩ̃i and Σs̃s̃. In practical situations,
clutter statistics can be estimated from measurements in the
operating environment, but target statistics are really difficult
to estimate. Assuming the target and interference models
considered in section II, the NP detector for Ω varying
uniformly in [0; 2π] is formulated in (6).

1

2π

∫ 2π

0

det(Σĩ̃i) exp
(
z̃TQz̃∗

)

det(Σĩ̃i +Σs̃s̃(Ω))
dΩ

H1

≷
H0

ηalr(PFA) (6)

As this integral conveys to a complex integral, suboptimal
solutions based on the Constrained Generalized Likelihood
Ratio (CGLRK ) is considered [2]. CGLR is composed by a
finite number, K, of filters centered at discrete values of Ωs,
in [0; 2π). The maximum output is selected for being com-
pared to the detection threshold (7), where k = 1, . . . ,K. A
CGLR composed by K filters will be denoted as CGLRK .
In [13], a CGLR2P is proposed as a good approximation
to the NP detector for non fluctuating targets in colored
Gaussian interference. CGLR detectors usually leads to high
computational cost solutions. Then, CGLR detectors will be
used as reference ones to evaluate the designed detection
schemes with a Doppler processor based on MTI filters.

max
Ωk

det(Σĩ̃i) exp
(
z̃TQz̃∗

)

det(Σĩ̃i +Σĩ̃i(Ωk))

H1

≷
H0

ηcglr(PFA) (7)

IV. DOPPLER PROCESSOR

Moving Target Indication (MTI) is a technique that re-
jects fixed or slow-moving targets in order to improve the
detection, using the Doppler shift on the reflected signal
to distinguish moving targets from fixed targets [14]. One
method of implementation is Doppler processing. In Figure 2
a possible implementation using complex-weight transversal
filter, where z̃(n) is the complex sequence generated by the
sliding window along the azimuth dimension of the radar
matrix (Figure 1), w̃ = [w̃0 w̃1 ... w̃N−1] is the complex-
weight vector and ỹ(n) is the filter output.

Assuming that z̃ = [z̃(n) z̃(n− 1) ... z̃(n−N + 1)], the
filter output can be calculated by (8) and its output power
can be calculated with (9) [5].

ỹ(n) =
N−1∑

j=0

w̃j z̃(n−j) = w̃
T z̃ (8)

Po = E[ỹ
∗ỹT ] = w̃∗TE[x̃∗x̃T ] · w̃ (9)

To estimate the optimum complex-weight vector of the
transversal filter, the output signal to interference ratio,
SIRo, should be maximized. At this point, an important
parameter to be taken into consideration is the improvement
factor (If ), defined in (10) as the ratio between the SIRs at
the output and the input of the MTI filter. The normalized
If , defined when SIRi = 1, is expressed in (11) in function
of target and interference covariance matrixes.

If =
SIRo
SIRi

(10)

Ifn =
Po,signal

Po,interference
=
w̃∗TΣs̃s̃w̃
w̃∗TΣĩ̃iw̃

(11)

The maximum Ifn occurs when the matrix equation (12)
is solved. λ is a vector that contains the eigenvalues of
(Σ−1

ĩ̃i
Σs̃s̃). The eigenvector associated with the maximum

eigenvalue, λmax, corresponds to the optimal complex-
weight of the MTI filter, for which Ifn = λmax [5].
This solution requires the knowledge of the target and
interference covariance matrixes.

Σ−1

ĩ̃i
Σs̃s̃w̃ − λw̃ = 0 (12)

In the considered case of study, the target Doppler is
unknown and variable, so the reduction clutter stage should
be robust with respect to Ωs, modeled as an uniform random
variable in [0; 2π). Two schemes are considered:

• Bank of D pass-band transversal MTI filters optimized
for discrete values of Ωs equally spaced in [0, 2π). In
practice, D is the number of coherent pulses processed,
P [5]. The squared amplitude outputs of the filters
are combined by maximum selection [13], following
a philosophy similar to the implemented by CGLR,
and the final output is compared to a threshold selected
according to PFA requirements.

• A MTI filter designed for a Σs̃s̃, obtained as the
average of all the matrixes calculated for all the possible
target Doppler shifts. According to (2), the normalized
average signal covariance matrix results in the identity
matrix, I. In this case, (12) can be rewritten as (13).
The optimum filter complex-weight vector (under the
maximization of the MTI improvement factor criterion)
is the eigenvector associated with the maximum eigen-
value of Σĩ̃i

−1. The resulted filter is a high-pass one
whose cutoff frequency depends on the filer order.

Σĩ̃i
−1w̃ − λw̃ = 0 (13)

In Figure 3, the transfer function of the MTI filters
for ρc = 0.9 are shown as a function of the filter
order, N. Results prove that the pass band narrows as
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Figure 3. MTI filter transfer function. ρc = 0.9

N increases. Because of that, the output clutter power
decreases but also the PD due to the rejection of targets
with Doppler shifts in the filter stop-band. N = P = 8
has been considered in this work to exploit all the
available target information.

V. RESULTS

This section is dedicated to present the evaluation of
the considered detection architectures based on different
Doppler processors. The resulted detection capabilities are
compared to those obtained by CGLR detectors. In order
to compare the considered detectors, three database of radar
scans are designed: two of them consider fixed Ωs values
associated with the cutoff frequency of the low-pass MTI
averaged filter with N = P = 8 (Ωs = 0.2π belongs to the
rejected band and Ωs = 0.8π to the pass one) and the third
one assumes an uniform variation of Ωs ∈ [0; 2π). Attending
to the scanning effects on the clutter correlation, ρc = 0.9
has been considered without loss of generality. PFA and PD
are estimated using Montecarlo simulations with a relative
error lower than 10% in the presented results.

As a first approximation, CGLR detectors are studied. The
final detection performance and the associated computational
cost of the CGLRk detector are related to the parameter
k . In Figure 4, Receiver Operating Characteristic (ROC)
curves for CNR = 20 dB, ρc = 0.9 and different values
of K (K = 8, 16, 32) are presented. These cases of study
correspond to a non-dominant clutter where the receiver
thermal noise can not be discarded [3][4]. Selected SIR
values guarantee a PD higher than 0.7 for the PFA values of
interest (PFA = 10−6). Results allow us to conclude that a
CGLR16 can be selected as a compromise solution between
detection performance and computational cost. Considering
each sum, product and exponential function as a simple
operation on the processor, a CGLRK detector requires
(K) × (8P 2 + 6P − 2) + K − 1 operations. The number
of operations required by a CGLR16 is 8, 943.
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Figure 4. Estimated ROC curves for CGLRK detectors for Swerling I
targets with unknown Doppler shift, CNR=20dB and ρc = 0.9
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Figure 5. Detection scheme based on MTI averaged filter processing and
range CA-CFAR

In Figure 5, the detection scheme based on MTI averaged
filter is shown. A sliding window of length P over the
azimuth dimension of the input matrix is applied to the
Doppler processor, which is designed assuming an aver-
aged target covariance matrix. After that, the output of
the envelope detector is compared to a detection threshold
fixed according to PFA requirements. Detection curves for
PFA = 10−6 obtained by the detection scheme of Figure 5
and by a MTI point Doppler transversal filters, designed for
Ωs value equal to the simulation one, have been compared.
Results presented in Figures 6 and 7, for Ωs = 0.2π and
0.8π respectively, show that PD corresponding to simula-
tions with Ωs = 0.8π (pass band) are, effectively, very much
higher than that obtained with Ωs = 0.2π (rejected band).

As an attempt to improve the PD associated with the reject
band, a Doppler processor formed by using a number of
point Doppler filters to fill the Doppler region of interest
Ωs ∈ [0; 2π) is designed (Figure 8). This processor outper-
forms MTI averaged filter over a wider region of the Ωs
variation interval [5]. In Figure 9, ROC curves obtained by
comparing the maximum squared amplitude of the bank-
filter to fixed threshold associated to PFA requirements
are presented. Results show that the Doppler processor
composed by D = P = 8, usually used in real radar
detectors, MTI filters presents a high loss in detection. As
CGLR detector presents high computational cost (8, 943
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required operations), a filter-bank of D = 16 have been
also designed. The resulted detection performance clearly
outperforms the corresponding to D = 8 MTI filter-bank.
Attending to comparison purposes, a detection scheme based
on D = 16 filters is considered.

Figures 10 and 11 present the detection curves considering
a fixed simulation Ωs (Ωs = 0.2π in Figure 10 and
Ωs = 0.8π in Figure 11). Results prove that the MTI filter-
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Figure 8. Detection scheme based on MTD filter-bank processing
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bank with D = 16 filters presents a more robustness with
respect to the considered variation interval of Ωs ∈ [0, 2π).
However, Figure 11 shows that MTI averaged filter processor
presents an output SIR improvement, resulting an increase
of PD, at expense of a loss in slow-moving targets detection
due to the zero-doppler clutter suppression (Figure 11).

In Table I, PD values associated with PFA = 10−6 have
been estimated simulating the different detection schemes
with patterns under H1 with ΩS ∈ [0, 2π) and SIR = 10
dB. The number of required operations, Nop, has also been
calculated considering each sum, product and exponential
function as a simple operation on the processor. Results
confirm that the MTI filter-bank can be used as an approx-
imation to the CGLR one reducing severally the compu-
tational cost with respect to the CGLR16. Although the
MTI averaged filter presents the lowest number of required
operations, a detection loss of about 30% is also observed.

VI. CONCLUSION

This paper tackles the detection of targets Swerling I with
unknown Doppler shift in Gaussian interference. This is a
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Table I
PD (FOR PFA = 10

−6) AND COMPUTATIONAL COST ASSOCIATED TO
THE CONSIDERED DETECTION SCHEMES. SIR = 10dB , ρc = 0.9 AND

D = 16 FILTERS

CGLR16 MTI averaged filter MTI filter-bank

PD 0.8802 0.2504 0.8129

Nop 8, 943 33 543

case of interest because targets can present different speed
ranges and multiple dynamics. The composite hypothesis
test has been formulated and sub-optimum approaches based
on the CGLR analyzed, in order to define a reference detec-
tor for evaluating the performances of a detector schemes
including robust Doppler processor based on MTI filters.
CGLR2P detectors have been considered as a high compu-
tational cost solutions to approximate the ALR.

The considered detection schemes are based on a Doppler
filtering techniques to reduce the presence of clutter and
an envelope detector. Two Doppler processors have been
considered assuming Ωs varying uniformly in [0; 2π). The
first one is a MTI filter designed for a averaged target
covariance matrix for the variation interval of Ωs. MTI
averaged filter is a high-pass filter whose cutoff frequency
increases as the filter order,N , is also increased.N = P = 8
has been considered to maintain the same input vector for
the considered detection schemes. In order to improve the
detection capabilities over a wider region of the Ωs variation
interval, a MTI filter-bank has been considered. The MTI
point Doppler filters of the bank have been designed for
equispaced discrete values of Ωs. Results show that P = 8
filters, an extended value in radar applications, present a
high approximation error to the NP detector. 2P = 16 MTI
filter-bank has been considered for comparison purposes.

A study of the computation cost has been carried out. MTI
filter-bank withD = 16 filters presents more robustness with
respect to the considered variation interval of Ωs ∈ [0, 2π)
than those provided by a MTI averaged filter. MTI averaged

filter processor presents better detection performance for
high values of Ωs, at expense of a loss in detection of targets
with zero Doppler or low Doppler shift. Summarizing,
2D = 16 MTI filter-bank provides a better approximation to
the NP detector for targets with unknown Ωs in correlated
Gaussian clutter reducing severally the computational cost
with respect to the CGLR16.
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Abstract—This paper carries out a study of the suitability of
Neural Networks (NN) as solutions for the problem of detecting
Gaussian targets with unknown one-lag correlation coefficient
(ρs) in different radar clutter environments (Additive White
Gaussian Noise (AWGN) and correlated Gaussian clutter plus
AWGN). The optimum Neyman-Pearson detector is formulated
assuming an uniform variation of ρs ∈ [0; 1]. As this solution
conveys a complex integral, sub-optimum approaches based
on the Constrained Generalized Likelihood Ratio, CGLR, are
proposed as reference ones. Detectors based on different NN
arquitectures have been designed, using supervised techniques
and target patterns with ρs varying uniformly in [0, 1]. Results
prove that among those considered, Second Order NNs present
a great robustness for the considered cases of study, although
other NN architectures can be more suitable for specific cases
of study, so they are less robust but present better detection
performance and/or lower computational cost.

Keywords-Neyman-Pearson detector; Neural Networks;
MLPs; RBFNNs; SONNs; radar detection; CGLR

I. INTRODUCTION

Active pulse radars are extensively used for surveillance
and monitoring tasks. Any object in the coverage area can
intercept the radar transmitted signal and reradiate part of
it towards the radar. This is the radar echo, that will be
acquired by the receiver, which will generate the observation
vector z̃, a complex vector composed of the in-phase and in-
quadrature components of the digitized samples. The objects
to be detected are denoted as targets, while all radar echoes
from other non-desired objects are called clutter.

Radar detection can be formulated as a binary hypothesis
test, where H1 is the alternative hypothesis (the received
signal consists of target echo-plus-interference) and H0

is the null hypothesis (the received signal consists of in-
terference, clutter plus noise). The Neyman-Pearson (NP)
criterion is usually applied, which maximizes the probability
of detection (PD), while maintaining the probability of
false alarm (PFA) lower than or equal to a given value
[1]. When the likelihood functions are known, a decision
rule based on comparing the likelihood ratio (LR) to a
detection threshold fixed according to PFA requirements,
is an implementation of the NP detector [1]. Due to its
parametric nature, this detector presents detection losses

when the interference and/or target statistical properties vary
from those assumed in the design [2], [3]. In contrast to
clutter statistics, target ones are really difficult to estimate
from measurements in the operating environment. Because
of that, robust detectors with respect to unknown target
parameters are required. Under these conditions, f(z̃|H1)
depends on a set of unknown target parameters θ, defined in
a space Θ, and the detection problem must be formulated as
a composite hypothesis test. When the Probability Density
Function (PDF) of θ, f(θ), is known, the Average Likelihood
Ratio (ALR) detector is optimum in the NP sense [1]. This
approach usually leads to intractable integrals without a
closed solution, and sub-optimum ones are considered. In
[4], the Constrained Generalized Likelihood Ratio (CGLR)
is proposed for detecting targets with unknown Doppler shift
in colored Gaussian noise. In the present paper, the CGLR
is formulated for the cases of study and is used as reference
to study the performance of the proposed solutions in terms
of detection capabilities and computational complexity.

Neural networks, NNs, are known to be able to ap-
proximate the NP detector, if a suitable error function is
used for training [5][6]. Multi-Layer Perceptrons (MLP),
[7], Radial Basis Function Neural Networks (RBFNN) [8],
Second Order Neural Networks (SONN) [9] and Support
Vector Machines (SVM) [10] have been applied in detec-
tion problems. In [11][12] committees of Neural Networks
(NNs) were designed for detecting Gaussian targets with
unknown correlation coefficient (ρs) in Additive White
Gaussian Noise (AWGN). In [9], this work was extended
considering a solution based on a single SONN. In [13],
MLPs-based detectors were designed for detecting Gaussian
targets in colored Gaussian interference. In the present
paper, solutions based on the CGLR, MLPs, RBFNNs and
SONNs are designed and assessed for the detection of
targets with unknown ρs in radar scenarios characterized by
Gaussian interference with different spectral characteristics.
A comparative study is presented according to detection
performance, robustness and computational cost.
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II. PROBLEM FORMULATION

Target and clutter echoes are modeled as Gaussian com-
plex vectors, z̃ ∈ CP , with the following autocorrelation
matrixes:

• Target: (Σs̃s̃)h,k = ps · ρ|h−k|2
s · exp (j(h− k)Ω)

• Interference: (Σĩ̃i)h,k = pnδhk + pc · ρ
|h−k|2
c

where
• h, k ∈ {1, 2, ..., P}. P = 8 has been assumed, without

loss of generality
• ps, ρs and Ω are, respectively, the target power, the

target one-lag correlation coefficient and mean Doppler
shift. Ω is set to π/2 as an intermediate value.

• pn is the noise power and δhk is the Kronecker delta.
As a normalization criterion, pn = 2.

• pc and ρc are, respectively, the clutter power and one-
lag correlation coefficient.

The NP detector for ρs varying uniformly from 0 (Swer-
ling II targets) to 1 (Swerling I targets) [14], is formulated
in (1). zT denotes the transposed vector, z∗ denotes the
complex conjugate one, and Q = Σĩ̃i

−1 − (Σĩ̃i +Σs̃s̃)
−1.

∫ 1

0

det(Σĩ̃i) exp
(
z̃TQz̃∗

)

det(Σĩ̃i +Σs̃s̃)
dρs

H1

≷
H0

ηalr(PFA) (1)

As this integral has no closed solution, the Constrained
Generalized Likelihood Ratio (CGLRK) is considered [1].
In (2), K is the finite number of LR detectors designed
for equispaced discrete values of ρs in [0; 1]. This solution
is used as reference to evaluate the NN detectors taking
into consideration computational complexity and detection
performance.

max
ρsk

det(Σĩ̃i) exp
(
z̃TQz̃∗

)

det(Σĩ̃i +Σs̃s̃)

H1

≷
H0

ηcglr(PFA)

k = 1, . . . ,K (2)

The following cases of study are considered:
• Case of study 1: Detection of Gaussian targets with

Doppler shift Ω = π/2 and unknown one-lag correla-
tion coefficient, in presence of AWGN.
This is considered as a reference case, corresponding to
target detection in clear air conditions. As the interfer-
ence is white, the Doppler shift is not relevant because
it is a known parameter considered in the design of the
detectors.
The Signal-to-Noise ratio is defined as SNR =
10 log10(ps/pn).

• Case of study 2: Detection of Gaussian targets with
Doppler shift Ω = π/2 and unknown one-lag corre-
lation coefficient, in presence of correlated Gaussian
clutter and AWGN.
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Figure 1. ROC curves of CGLRK detectors for Gaussian targets with
unknown ρs in AWGN

In this case, as clutter is correlated, the Doppler shift
of the target with respect to the clutter one is an
important parameter. As the objective is the evaluation
of the NN detectors to approximate the NP detector,
clutter and target Doppler shift are assumed to be
Ωc = 0 and Ωs = π/2, respectively, as compromise
solution between the worst case, Ωs = 0, and the
more favorable Ωs = π. The Clutter-to Noise and
Signal-to-Interference ratios are defined as CNR =
10 log10(pc/pn) and SIR = 10 log10(ps/(pn + pc)),
respectively.
According to [2][3], results obtained for CNR = 20 dB
and ρc = 0.995 are presented in the following sections.

III. CGLR DETECTORS

The final detection performance and the associated com-
putational cost of the CGLRK detector are related to the
parameter K . Receiver Operating Characteristic (ROC)
curves forK = 2, 4, 8 have been estimated using Montecarlo
simulations (maximum relative error in the estimation of
PFA equal to 10%).

A. CGLR detectors for the case of study 1

In Figure 1, the detection capabilities of this sub-optimum
scheme assuming SNR = 3 and 7 dB are presented.
Regardless of the value of SNR, a good approximation to
the optimum detector is obtained with a CGLRP/2 detec-
tor, since for higher values of K, no significant detection
improvement is observed.

Considering each sum, product and exponential function
as a simple operation on the processor, a CGLRK detector
requires (K) × (8P 2 + 6P − 2) + K − 1 operations. The
number of operations required by a CGLR4 is 2, 235 .

B. CGLR detectors for the case of study 2

In Figure 2, ROC curves of CGLR detectors for CNR =
20 dB and ρc = 0.995 are presented. Results allow us to
conclude that a CGLRP/2, independently of SIR values,
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Figure 2. ROC curves of CGLRK detectors for Gaussian targets with
unknown ρs in Gaussian interference. CNR = 20dB, ρc = 0.995 and
Ω = π/2

can be also selected as a compromise solution between de-
tection performance and computational cost. The difference
between CGLR2 and CGLR4 ROC curves decreases as
SIR increases.

The number of operations required by the proposed solu-
tion is the same as the one calculated for the case of study 1,
because the only difference is the use of different covariance
matrixes.

IV. NEURAL NETWORK DETECTORS

NNs can be trained for approximating discriminant func-
tions that when compared to a detection threshold fixed
according to PFA requirements, implement approximations
to the NP detector. A key design parameter is the selected
error function [5][6]. If a suitable error function is used, the
final approximation error depends on the NN architecture,
the training set and the training algorithm.

In this paper, detectors based on MultiLayer Perceptrons
(MLPs), Radial Basis Function NNs (RBFNNs) and Second
Order NNs (SONNs) are designed to approximate the NP
detector for the two cases of study. The computational cost is
also studied considering each sum, product and exponential
function as a simple operation on the processor.

The input layer of the NNs is composed by
2P units corresponding to the real and imaginary
parts of the observation vector complex samples,
z = [Re{z̃1}, ..., Re{z̃P }, Im{z̃1}, ..., Re{z̃P }] =
[z1, ..., zP , zP+1, ..., z2P ]. The output layer consists of
a single neuron whose output is compared to a threshold
set by the PFA requirements.

For evaluating the detection performance of the designed
detectors, training, validation and test data sets have been
generated for each case of study. The data sets are com-
posed of observation vectors generated independently under
hypothesis H1 (target+inteference) and H0 (interference).
Training and validation data are used for training the NN
in combination with a validation strategy that improves the

�

Figure 3. MLP 2P/M/1

generalization capabilities of the trained NN. Test data is
used for estimating the PD and PFA of the trained NN. The
same test data sets are used for estimating the ROC curves
of NN and CGLR detectors. Taking into consideration the
CGLR detector results presented in section III, SNR and
SIR values that provide PD > 80% for PFA > 10−4 have
been used for training.

A. MLPs detectors

MLPs are NNs with linear basis functions. MLPs with one
hidden layer with sigmoid activation functions have been
proven to be able to uniformly approximate any continuous
function with support in a unit hypercube with arbitrary pre-
cision depending on the number of hidden neurons (Figure
3) [15]. Because of that, MLP-based solutions have been
designed with a hidden layer with M neurons with sigmoid
functions, and a study of the sensitivity of the NN detection
performance with respect to M has been carried out, in
order to propose a compromise solution between detection
performance and computational cost. For P = 8, the number
of operations required by a MLP with 2P inputs, M hidden
neurons and 1 output (2P/M/1) is 35M + 2.

MLPs have been trained for minimizing the mean squared
error, using a quasi-Newton error minimization algorithm.
This algorithm involves the estimation of the Hessian matrix,
which can be computationally prohibitive for large NNs. In
[16] a strategy is proposed for estimating the NN coefficients
that reduces the computational burden, retaining the fast
convergence properties of the quasi-Newton algorithm. A
cross-validation technique has been used to avoid over-fitting
and all NNs have been initialized using the Nguyen-Widrow
method [17].

B. SONNs detectors

SONNs are characterized by using second-order neural
units. SONNs have been proven to be able to approximate
any functional mapping to arbitrary accuracy, and, because
of that, constitute a universal class of parametric multivariate
nonlinear mappings [18]. SONNs, as MLPs, have been
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Figure 5. RBFNN architecture

trained for minimizing the mean squared error, using a quasi-
Newton error minimization algorithm.

In Figure 4, the preprocessing stage generates both linear
and quadratic terms of the 2P -dimensional input real vec-
tors. SONNs with a single QNU based on a perceptrom are
considered (soM = 1 in Figure 4). The perceptrom receives
a total of 2P 2 + 3P inputs. This inherent non-linearity can
lead to a greater generalization capabilities of approximating
complex non-linear boundaries. For P = 8, the number of
operations required by a SONN with 2P inputs and one
QNU (MLP 2P 2 + 3P/1/1) is 441.

C. RBFNNs detectors

RBFNNs usually consist of a layer of hidden radial basis
functions neurons and an output layer of linear neurons
(Figure 5). The function implemented by the M hidden
neurons is G(z, c) = exp (−‖z−c‖2

2α2i
), where ci and αi are

the centers and radii of the RBFs. For P = 8, the number of
operations required by a RBFNN with 2P inputs, M RBFs
and 1 output is 51M + 1.

A fully supervised training process has been used for
training the RBFNNs for minimizing the mean squared
error. An approach based on genetic algorithms to optimize
RBFNNs parameters is considered [19]. This method uses
genetic algorithms (where each individual of the population
represents a center and a radius of a RBF) to set centers
and radii of RBFs to minimize the mean squared error.
Singular value decomposition is used to optimize weights
of RBFNNs.
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Figure 6. Estimated ROC curves for Gaussian targets with unknown ρs
in AWGN, and SNR = 7 dB: MLP (top) and RBFNN (bottom) detectors

V. RESULTS

MLP, RBFNN and SONN based detectors have been
designed for the two cases of study. ROC curves have
been estimated and compared to those obtained for the
CGLR solutions described in section III. The associated
computational cost and the robustness with respect to the
two defined cases of study have been also analyzed.

A. Case of study 1: Gaussian targets with unknown one-lag
correlation coefficient in AWGN

In the top of Figure 6, ROC curves estimated for MLP
based detectors are presented. As the minimum number of
hyper-planes required for enclosing a closed volume in a 2P -
dimensional space is 2P +1, the value of M = 17 has been
used as a starting point for the search of the M value that
can be proposed as a compromise solution between detection
performance and computational cost [20]. From the obtained
results, a MLP 16/20/1 is proposed, which involves a total
of 702 operations.

RBFNNs with spherical radial basis functions can imple-
ment the optimum detector for ρs = 0 with only a RBF
[20]. As the LR detectors designed for low values of ρs are
more robust than those designed for ρs → 1 [2][3], RBFNNs
trained in a fully supervised manner are expected to outper-
form the performance of MLP detectors in the case of study
(ρs varying uniformly in [0; 2π). From the analysis of the
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Figure 7. Estimated ROC curves for SONN, MLP, RBFNN and CGLR
detectors for Gaussian targets with unknown ρs in AWGN. SNR = 7 dB

estimated ROC curves presented in the bottom of Figure 6,
and according to detection performance and computational
cost criteria, a RBFNN 16/5/1 is proposed (solution that
involves 256 operations).

Finally, in Figure 7, the proposed MLP and RBFNN
solutions are compared to the SONN 16/152/1 and CGLR4

ones. RBFNN and SONN present similar detection capabili-
ties and both outperform the MLP ones. The RBFNN has the
lowest computational cost (256 operations against the 441
required by the SONN), so it is the most suitable solution.

B. Case of study 2: Gaussian targets with unknown one-
lag correlation coefficient in correlated Gaussian clutter and
AWGN

In Figure 8, the results obtained from the design and
assessment of MLP (top) and RBFNN (bottom) based detec-
tors are presented for the case of study 2. The estimated ROC
curves show that RBFNNs are not suitable in this radar sce-
nario. The MLP 16/17/1 can implement an approximation,
although the detection losses can be a problem, depending on
the coverage requirements of the system. These results can
be explained considering the high level of correlation of the
clutter and CNR, which give rise to detection boundaries
similar to hyper-cylinders, that can be better approximated
by MLPs [20]. The MLP 16/17/1 requires 597 operations.

In Figure 9, the estimated ROC curves for the SONN
16/152/1 (solution that requires 441 operations) are com-
pared to those obtained for the CGLR4 and the MLP
16/17/1. Clearly, the generalization capability improvement
associated to the second-order terms makes the SONN based
solution the best compromise solution between detection
performance and computational cost.

VI. CONCLUSIONS

In this paper, different NN architectures have been stud-
ied for designing detectors capable of approximating the
NP detector in composite hypothesis tests. As evaluation
criteria, the detection capabilities (represented by the ROC
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0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
x 10�4

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

P
FA

D

CGLR
4

MLP 16/17/1
SONN 16/152/1

Figure 9. Estimated ROC curves for SONN, MLP and CGLR detectors
for Gaussian targets with unknown ρs in correlated Gaussian interference
(CNR = 20dB, ρc = 0.995, Ω = π/2 and SIR = −10dB)

curves) and the computational cost have been considered.
The problem of detecting Gaussian targets with unknown
one-lag correlation coefficient in Gaussian interference has
been analyzed. Two cases of study have been defined ac-
cording to the interference spectral properties: AWGN, and
correlated Gaussian clutter plus AWGN. The ALR detector
has been formulated and sub-optimum approaches based on
the CGLR analyzed, in order to define reference detectors
for the two cases of study, that have been used for evaluating
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the performances of the NN based solutions. For observation
vectors composed of P = 8 complex samples, CGLR4

detectors have been proposed.
NNs have been trained to minimize the mean squared

error in order to guarantee that the designed detectors are
able of approximating the NP one. The final approximation
error depends on the way the neural network builds the
decision boundaries, the number of degrees of freedom,
the training sets and the learning algorithm. Because of
that, an study of the suitability of different NNs (MLPs,
RBFNNs and SONNs) has been carried out. Results show
that RBFNNs are the best compromise solution between
detection performance and computational cost, for detecting
targets with unknown ρs in AWGN, although they are clearly
not suitable for the detection of these targets in correlated
clutter. On the other hand, SONNs present a great robustness
to approximate the NP detector for the two cases of study,
and are the best solution in presence of correlated Gaussian
clutter. In any case, the computational cost associated to the
NN detectors is really much lower than that associated to
the proposed CGLRs.
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Abstract— Synthetic Aperture Radar systems are powerful 
observation tools for maritime surveillance applications such 
as fisheries monitoring or pirates detection and oil slick 
detection. It is an important problem that has not been 
completely solved. In order to perform those detections, a 
search area is needed. In this paper, several segmentation 
techniques are proposed and compared to give rise to the 
search area. These techniques are applied to different SAR 
images acquired by TerraSAR-X. The best results in terms of 
land and sea classification are obtained when the 
superresolution algorithm combined with the wavelet 
transform based edge detector is applied. 

Keywords-SAR; edge detection; land mask estimation; 
feature extraction. 

I.  INTRODUCTION 
One of the main SAR applications is related to the 

mapping of terrain and sea surface, and the detection and 
classification of point and extended targets. SAR images can 
be acquired in stormy weather and through clouds, as well as 
during day and night. Because of that, SAR systems are 
powerful observation tools in those cases where the 
utilization of optical data is restricted. Some applications 
deal with the monitoring of natural disasters, 
morphodynamic studies, and a number of aspects involved in 
coastal resource management and decision making by the 
National Port and Coastal Authorities. A final objective will 
be an automatic interpretation of information contained in 
SAR data [1], [2]. 

Attending to coastal and maritime surveillance 
applications, the detection of ships and oil slicks is an 
important problem that has not been completely solved. The 
control of maritime traffic is a critical problem that 
encompasses fisheries monitoring or pirates detection, for 
instance. The detection and monitoring of oil slicks is a key 
issue for reducing their environmental and economical 
impacts. 

A low level stage needed to perform either ship detection 
or oil slick detection is the determination of the search area. 
While the easiest way to address this issue would be the use 
of geographical maps, there are situations in which those 
maps are useless and land mask estimation is required. Such 
situations could be due to the absence of a georreferenced 
SAR product, where the coordinates of the image are 
different to those of the geographical maps, or in situations 

of extreme meteorological disasters such as flooding, 
tsunamis or earthquakes. 

For the segmentation task, multirresolution techniques 
using the output of a previous edge detector have been 
proposed [3, 4]. The Mean-Shift algorithm [5, 6] has been 
applied to optical [7], MRI [8] and SAR images [9, 10]. The 
performance of these techniques could be greatly improved 
using a correct statistical characterization of the image, and 
using it to make them adapt to spatial variations of the image 
parameters. Other state-of-the-art segmentation techniques 
applied to SAR include image fusion using either optical 
images or multi-polarization SAR images. 

The paper is structured as follows: Section I is an 
introduction to the problem the paper deals with; Section II 
presents the main characteristics of SAR images; the 
techniques used for land mask estimation in this paper are 
described in Section III; the experimental results are 
presented in Section IV; the main conclusions are presented 
in Section V. 

II. SAR IMAGES 
SAR is defined as "a coherent radar system that generates 

a narrow cross-range impulse response by signal processing 
(integrating) the amplitude and phase of the received signal 
over an angular rotation of the radar line of sight with respect 
to the object (target) illuminated. Due to the change in line-
of-sight direction, a synthetic aperture is produced by the 
signal processing that has the effect of an antenna with a 
much larger aperture (and hence a much greater angular 
resolution)" [11]. A SAR system makes an image of the 
Earth's surface by pointing an antenna beam approximately 
perpendicular to the sensor's motion direction, transmitting 
phase-encoded pulses, and recording the radar echoes. The 
two orthogonal coordinates of the acquired 2-D signal are 1) 
the azimuth direction (parallel to the direction of the travel of 
the sensor, which is supposed to be linear) and 2) the slant-
range direction (parallel to the radar beam). In slant-range 
dimension, the pulse compression technique provides a high 
resolution. Due to the relative movement between the 
platform and the target, the direction and range of the line of 
sight vary, giving rise to an azimuth signal with linear 
frequency modulation. In the receiver, after compressing the 
raw data in range and azimuth, the SAR image is formed. 
This first product is a single look complex (SLC) image. In 
this image, the pixels are spaced equidistant in azimuth 
(according to the pulse repetition interval) and in slant range 
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(according to the range sampling frequency), and the data are 
represented as complex numbers. This product is intended 
for scientific applications that require full bandwidth and 
phase information, e.g., SAR interferometry and 
interferometric polarimetry. In many applications, the 
detected images (amplitude or intensity) are used with some 
kind of preprocessing related to the size and shape of the 
desired resolution cell (the azimuth resolution is much higher 
than the range resolution in the SLC image), speckle noise 
filtering, or geometric projection. Speckle noise is a 
phenomenon that degrades the SAR image quality and arises 
because the relative phase of individual scatterers within a 
resolution cell is strongly dependent upon the radar viewing 
angle [1], [2]. The resulting fluctuations generate SAR 
images with grainy appearance, which makes detection and 
classification tasks difficult. Speckle noise is a multiplicative 
noise. The amplitude level of the noisy image I(x,R) can be 
expressed as 

 
  (1) 

 
where I0(x,R) is the amplitude level that would be observed 
without speckle noise, n(x,R) is the speckle noise, and (x,R) 
are the azimuth and range, respectively. The probability 
density function (pdf) of the observed amplitude I can be 
found to be [12]  
 

  (2) 

 
where L denotes the equivalent number of looks (ENL), 
which describes the degree of averaging applied to the SAR 
measurements during data formation and post-processing 
[1]. Equation (2) is the pdf of a generalized Rayleigh 
random variable. The mean-squared value of the image 
amplitude I is equal to the noiseless image squared 
amplitude E[I2] = I0

2. 

III. LAND MASK ESTIMATION 
Coastline detection and land mask estimation are 

important tasks in information extraction from SAR images 
and are objective of intense research. This is due to, among 
other causes, the dispersive characteristic of the sea surface, 
which sometimes could yield to higher radar echoes than 
land surfaces, and the presence of shadowed land areas that 
can be considered as calm sea. Land mask estimation is of 
great importance in maritime applications such as ship and 
wake detection to define the target search area. The 
following segmentation techniques are studied in this paper: 
 

� Superresolution techniques based on edge detection 
[3] 

� Mean-Shift algorithm [5,6] 
� Clustering-based segmentation techniques [13] 

Since speckle-filtering algorithms are computationally 
expensive, the proposed schemes are designed to be robust 
against speckle and are, therefore, directly applied to the 
brightness calibrated SAR image. 

A. Edge detection algorithms 
In this subsection, different edge detection techniques are 

studied in order to provide the required inputs to the 
superresolution algorithm. An edge can be defined as any 
point within an image whose intensity is higher or lower 
enough than the surrounding pixel intensities. These gray 
level intensity differences between neighbor pixels need to 
be greater than a selected threshold that depends on the edge 
detection method under consideration. The correct choice of 
this threshold is of great importance, because it allows 
differentiating relevant edges from less significant ones. For 
instance, wave fronts approaching to the coast, which might 
be detected by the edge detector, are irrelevant for the 
considered application, so the threshold must be high enough 
so that these waves are not taken as edges. 

Usually, the edge detection stage is carried out just after 
the speckle filtering stage. It can be used to blur certain 
parts of the image while the most relevant edges are 
preserved. This is particularly useful over the earth and the 
sea surfaces, where many edges might be detected due to 
urban areas and wave fronts, respectively. However, in 
order to reduce the computational cost, no filtering stage is 
performed in this work before the edge detection stage, 
allowing the chance to prove the robustness of the 
developed algorithms with respect to speckle noise. 

 
1) Canny edge detector 
The Canny edge detector [14] finds edges by looking for 

local maxima of the gradient of the image. The gradient is 
calculated using the derivative of a Gaussian filter. The 
method uses two thresholds, to detect strong and weak 
edges, and includes the weak edges in the output only if 
they are connected to strong edges. It has been applied to 
optical images obtaining good results and also to SAR 
images in combination with pre-filtering techniques. The 
direct application to SAR images together with the 
superresolution algorithm will show that good results could 
also be obtained without a filtering stage. 
 

2) Wavelet transform-based edge detector 
Edges in images can be mathematically defined as local 

singularities. The Fourier transform was extensively used 
for analyzing singularities, but it is not well adapted to local 
studies. In order to use it for obtaining the values of the 
frequency of a function f(x,y) in the neighborhood of a 
specific point x=a and y=b, it is necessary to window the 
function f(x,y) with another function ������ as follows: 
 

 (3) 
 

266



In order to detect the contours of small structures as well 
as the boundaries of larger objects, several researchers in 
computer vision have introduced the concept of multiscale 
edge detection [15]. The scale defines the size of the 
neighborhood where the signal changes are computed. The 
Wavelet function is closely related to multiscale edge 
detection. In [15], authors concentrate on the Canny edge 
detector [14], which is equivalent to finding the local 
maxima of a wavelet transform modulus. 

The Wavelet transform is a remarkable mathematical tool 
for analyzing image singularities such as edges, and 
detecting them effectively. The continuous Wavelet 
transform of a function f(x, y) is given by [16]: 

 

      (4) 

where: 
��s is the scale 
��f(x,y) represents the image to be transformed 
�������� is the wavelet function 
 
Most multiscale edge detectors smooth the signal at 

various scales, and detect sharp variation points from their 
first or second order derivatives. The extrema of the first 
derivative corresponds to the zero crossings of the second 
derivative and to the inflection points of the smoothed signal. 
In [15], these multiscale edge detectors are related to the 
Wavelet transform. For doing that, in a first stage, a simpler 
one-dimension problem is considered: 

� A smoothing function 	��� is defined as any 
function whose integral is equal to 1 and converges 
to 0 at infinity.  

� If 	��� is supposed to be twice differentiable and 
�a(x) and �b(x) are defined as the first and second 
order derivatives of 	���, respectively, by definition, 
�a(x) and �b(x) can be considered to be Wavelets, 
because their integral is equal to zero.  

� The Wavelet transforms of a function f(x) with 
respect to the Wavelets �a(x) and �b(x) are, 
respectively, the first and second order derivatives 
of the signal smoothed at the selected scale. 

In the particular case where 	��� is Gaussian, the extrema 
detection is equivalent to the Canny edge detector. When the 
scale is large, the convolution with 	s(x) removes small 
signal fluctuations and only sharp variations of large 
structures are detected. 

In 2D-problems, the formulation is extended in the 
following way: 

� The smoothing function is defined as any function 
	����� whose integral over x and y is equal to 1 and 
converges to 0 at infinity.  

� An image f(x,y) is smoothed at different scales s by 
a convolution with 	s(x,y).  

� The gradient vector of the smoothed image is 
calculated, �
�	s)(x,y). 

� Edges are defined as points (x0, y0) where the 
modulus of the gradient vector is maximum in the 
direction towards the gradient vector points in the 

image plane (x,y). Edge points are inflection points 
of the smoothed surface 
�	s(x,y). 

This formulation can be related to the 2D-Wavelet 
transform: 

� Two Wavelet functions are defined such as: 

   (5) 

� The Wavelet transforms of f(x,y) with respect to the 
Wavelet functions defined in (5) can be calculated: 

   (6) 

� As relation (7) is fulfilled, edge points can be 
located from the two Wavelet transforms (6). 

        

(7) 
 
The Wavelet Transform Modulus Maxima (WTMM) 

method consists in obtaining the maxima of the modulus of 
the Wavelet transforms applied to an image using the 
wavelet functions expressed by (5). Therefore, the modulus 
of the transforms for a given scale s is given by [15]: 
 

       (8) 
 

Besides the modulus, the angle between both wavelet 
transforms is also needed: 

  (9) 

Like in the Canny algorithm, the sharp variation points of 
the image f(x,y) are the points (x,y) where the modulus 
Msf(x,y) has a local maxima in the direction of the gradient 
given by the angle Asf(x,y). In this work, the Gaussian 
function is used as the smoothing function for Mallat’s 
wavelet. 
 

B. Mean Shift for Image Segmentation 
The segmentation method described in [10] has been 

applied (Figure 1). Given an image I(ps) (ps is the pixel 
position), the key elements are the Mean-Shift filtered image 
F(ps) and the convergence map M(ps), which stores the 
number of pixels that have converged to ps. In [6], a refined 
segmentation stage was proposed after mode estimation over 
boundary points, which provided very good results with 
optical color images. When it was applied to SAR images, its 
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effect was negligible. A simpler pruning algorithm was used 
in [10] instead, for reducing spurious pixels. The 
segmentation process can be summarized as follows: 

1. The image I(ps) is filtered to obtain F(ps) and the 
convergence map M(ps). The zeros of the 
convergence map represent the detected edges, the 
ones represent homogeneous areas, and values 
higher than one represent the contours of the 
detected edges (the boundary pixels). 

2. A first clustering step is applied to the boundary 
pixels of the filtered image. Given a new range 
bandwidth hrs, all boundary pixels whose range 
difference is smaller than hrs are merged to define a 
region in the image whose gray level (mode) will be 
the average value of the gray levels of the merged 
pixels. A set of connected pixels belonging to one 
candidate region satisfies (10), and the i-th 
candidate region is described by the mode value and 
the set of pixels 1), where ni is the total number of 
pixels in the region i, i.e. 

 (10) 

                        (11) 

 
3. A boundary map B(ps) is built: B(psk) = i if psk is a 

boundary point of region i; otherwise, B(psk) = 0. 

4. The next nearest-neighbor clustering algorithm is 
applied to the rest of the pixels of the image. The 
gray level of each pixel is substituted by the nearest 
mode to obtain an initial segmented image. 

5. A pruning algorithm is applied to reduce spurious 
regions.  

 
Figure 1.  Block diagram of the Mean Shift-based segmentation process 

[10] 

IV. EXPERIMENTAL RESULTS 
A SAR image corresponding to the Strait of Gibraltar 

(Figure 2) is selected, with the following descriptive 
parameters: GEC/SE; Stripmap; 3m x 3m of resolution; 
polarization HH. 

 
Figure 2.  GEC SAR image of the Strait of Gibraltar 

 The reasons for having selected this image to test our 
algorithms are that this image, thanks to its size, includes 
different states of the sea so that the robustness of the 
algorithms could be proved and also the presence of ships, 
which could difficult the land mask estimation task, as they 
could be misclassified as small islands. Even the shadows on 
land areas could threaten the correct performance of some 
algorithms, as they can be classified as water at some point. 

From the image of the Strait of Gibraltar (Figure 2), four 
different areas have been selected in order to apply and test 
the performance of the land mask estimation techniques 
described in section III. Each of these four subimages is 
selected for a certain reason.  

The subimage of the coast of Cadiz (Figure 3a.1) is, a 
priori, the easiest one to work with. It is useful to confirm the 
correct behavior of every single algorithm.  

The subimage of the coast of Gibraltar (Figure 3a.2) is 
selected to prove if the proposed algorithms can detect the 
harbor with detail and to test how good the post-processing 
stage is in terms of deleting false alarms. In this image the 
false alarms could mainly be due to ships; they cannot be 
detected as land areas in a proper land mask estimation, 
otherwise a possible application of a ship detection algorithm 
would fail detecting those masked ships.  

The subimage of the coast of Tarifa (Figure 3a.3) shows 
two different kinds of water separated by a narrow land area. 
It is interesting to analyze the impact these two kinds of 
water could have in the performance of the algorithms.  

Finally, the subimage of the coast of Morocco (Figure 
3a.4) is the most challenging one. Not only is the state of the 
sea in this image extremely rough, but also the differences 
between water and land are very slight (you can barely say 
where the coastline is). No doubt any algorithm able to 
achieve good results when applied to this image may be 
considered as a very robust algorithm. 

Among all the algorithms proposed, the one that achieved 
the best results in terms of land and sea classification is the 
superresolution algorithm based on edge detection (Figures 
3c.1-4 and 3d.1-4). Not only it obtains good results in land 
mask estimation with any of the images selected, but also it 
is the only algorithm to have a good performance with the 
subimage of the coast of Morocco. Any of the two possible 
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combinations of edge detection and the blocktracing 
algorithm provides good land masks. However, the algorithm 
that includes the wavelet transform-based edge detector as 
first stage shows itself as the most robust one against any 
kind of image it was applied to (Figures 3d.1-4).  

In terms of the accuracy of the estimation of the 
coastline, the clustering algorithm based on Mean-Shift 
achieves really good results (Figures 3e.1-4), at least when 
the images aren’t especially hard to process. The bigger the 
difference between land and sea is, the better the 
performance. Nevertheless, the computational cost 
associated with this algorithm is the highest among all the 
proposed techniques. 

As for the clustering segmentation technique based on 
K-means (Figures 3b.1-4), the results obtained with the 
mean and variance, as features used for the clustering 
decision, are comparable but not better than those obtained 
with the wavelet transform and blocktracing for the images 
of Cádiz and Gibraltar. However, the performance gets 
worse with the other two images. 

V. CONCLUSIONS 
The main goal of the present work was the development 

of a set of techniques for the estimation of land masks using 
SAR data as inputs. This set of processing tools could be 
very useful for applications such as cartography, change 
detection and, in terms of maritime traffic applications, for 
ship and wake detection. 

Typical ship detectors include a land mask estimation 
stage in order to define the search area. A common approach 
to land masking is to register the SAR image with existing 
geographic maps. But in those situations where a geographic 
map is not available, or cannot be properly updated (e.g. 
after a natural disaster), the necessity of algorithms for land 
mask estimation capable of performing without this 
information is clear. Since this land mask estimation stage is 
intended to be a first stage in a more complete ship detection 
scheme, the accuracy of the land mask is not the goal. It 
represents a first approach to the ship search area. For this 
reason, no ground truth can be used to validate the results. 

Three main techniques have been proposed in this work 
to give a solution to the problem of land mask estimation in 
SAR images: a superresolution algorithm applied to the 
output of an edge detector, Mean-Shift algorithm and 
clustering-based segmentation. 

Although all these techniques have been described in the 
literature, the contribution of this work is the design of land 
mask estimation methods that combine them in order to 
provide useful results for a ship detection task, maintaining 
good performances over a whole set of available SAR 
products, and reducing the participation of the user, who is 
not intended to be an expert photo-interpreter. 

K-means is a well-known clustering technique used in 
this work with typical feature extractors as a reference. 
Mean-Shift has been widely used in pattern recognition 
tasks for optical images. Many image filtering techniques 
with edge preservation and segmentation applications are 
based on it. Although in a previous work MS was 

introduced in SAR imagery for shadow extraction and 
building reconstruction, we have used Mean-Shift for many 
different applications such as speckle filtering and 
segmentation. 

The superresolution technique was proposed using a 
Wavelet transform-based edge detector. In this work, the 
basic idea of the superresolution algorithm has been 
improved and other edge detectors, such as the one proposed 
by Canny, have been used.  

Despite being a very extended technique for edge 
detection in optical images, the Canny edge detector has 
been proposed for SAR images processing. In some of the 
provided references, a pre-processing stage for speckle 
filtering was used in order to estimate the coastline. In this 
paper, the Canny detector is used, not as the final coastline 
detector, but as a previous stage that provides the required 
inputs to the superresolution analysis based on the 
blocktracing algorithm. The combination with the Wavelet 
detector has overcome the results provided by the solution 
using Canny, reducing the computational load. Thanks to 
these improvements, the usual speckle filtering stage can be 
eliminated. 

All the implemented techniques have been tested with 
SAR images acquired by the TerraSAR-X sensor. Four sub-
images were taken from the SAR image of the Strait of 
Gibraltar, in order to test the robustness of the algorithms 
against different ocean states and land areas:  

The sub-image of the coast of Gibraltar is selected to 
prove if the proposed algorithms can detect the harbor. The 
sub-image of the coast of Cádiz is an easy one to work with, 
but it is useful to confirm the correct behavior of every 
algorithm. The sub-image of the coast of Tarifa has two 
different kinds of water separated by a narrow land area. It is 
interesting to analyze the impact these two kinds of water 
could have in the performance of the algorithms. Finally, the 
sub-image of the coast of Morocco is the most challenging 
one. Not only the state of the sea is extremely rough, but also 
the differences between water and land are very slight. 

Among all the algorithms proposed, the one that 
achieved the best results in terms of land and sea 
classification was the superresolution algorithm combined 
with the wavelet transform-based edge detector. Not only 
did it obtain good results in land mask estimation with any 
of the images selected, but also it was the only algorithm to 
have a good performance with the sub-image of the coast of 
Morocco. 
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detector; d) Results applying the superresolution algorithm to the edges detected by the wavelet transform-based detector; e) Results applying the Mean Shift 

segmentation algorithm. 
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Abstract- A study of achievable coverages using passive radar 
systems in terrestrial traffic monitoring applications is 
presented. The study includes the estimation of the bistatic 
radar cross section of different commercial cars models that 
provide challenging low values that make detection really 
difficult. A semi-urban scenario is selected to evaluate the 
impact of excess propagation losses generated by an irregular 
relief. A bistatic passive radar exploiting UHF frequencies 
radiated by digital video broadcasting transmitters is assumed. 
A general method of coverage estimation using electromagnetic 
simulators in combination with estimated car average bistatic 
radar cross section is applied. In order to reduce computational 
cost, hybrid solution is implemented, assuming free space for 
the target-receiver path but estimating the excess propagation 
losses for the transmitter-target one. 

I. INTRODUCCIÓN 
Las tareas de control del tráfico rodado en entornos 

urbanos constituyen uno de los elementos de mayor relevancia 
dentro del concepto de  smart cities [1].  Ya sea con fines de 
vigilancia, regulación del tráfico o para la recogida de datos de 
carácter estadístico; las aplicaciones de gestión, vigilancia y 
seguridad adaptadas para tal propósito necesitan hacer uso de 
herramientas de detección y seguimiento de vehículos 
terrestres. Los sistemas radar convencionales son ampliamente 
utilizados en el desempeño de dichas tareas, debido a que 
aportan su propio iluminador y a que, gracias a una adecuada 
selección de la frecuencia de trabajo, pueden ser inmunes a las 
condiciones atmosféricas. Por contra, la inclusión de un 
transmisor dedicado hace que estos sistemas estén sujetos a las 
normativas relativas al espectro radioeléctrico, debiendo 
cumplir las correspondientes limitaciones, además de llevar 
asociado un alto coste de diseño, producción y mantenimiento. 

Las técnicas radar de sistemas pasivos están basadas en el 
uso de señales no provenientes de un iluminador cooperativo, 
sino que hacen uso de Iluminadores de Oportunidad, IoO [2],  
señales tales como radiodifusiones comerciales o de 
comunicaciones, señales radar o de radionavegación. Los 
sistemas radar pasivos biestáticos, PBR o Passsive Bistatic 
Radar, constituyen un conjunto de tecnologías emergentes que 
despiertan un gran interés dentro de la comunidad científica, 
debido a que, prescindiendo del iluminador dedicado, intentan 
mantener las capacidades de detección de sus homólogos 
activos. Debido a dicho interés, existe un creciente número de 
publicaciones científicas que analizan dichas técnicas. 
Destacan entre ellas, aquellas que tratan sobre el uso de 
señales de radiodifusión comerciales como IoO, ya sean 

señales de audio como pueden ser la DAB, Digital Audio 
Broadcasting o la DRM, Digital Radio Mondiale [4], o 
señales de comunicaciones como GSM y UMTS [5,6].  

Teniendo como objetivo el uso de los sistemas radar 
pasivos para aplicaciones de control de tráfico, una de las 
señales más prometedoras para ser usada como IoO es el 
estándar de radiodifusión de televisión digital terrestre o DVB-
T, [7-11]. En este documento, se implementa el estudio de las 
coberturas radar de sistemas PBR basados en las transmisiones 
de DVB-T, asumiendo un escenario de características semi-
urbanas, donde la influencia sobre las pérdidas de propagación 
derivadas de la existencia de relieves de terreno no uniformes  
no pueden ser despreciadas. Para completar este análisis, se ha 
caracterizado la sección radar biestática (BRCS) de tres 
modelos de vehículos representativos. 

El resto de este documento se organiza de la siguiente 
manera: En la sección II se presenta el problema de la 
estimación de las coberturas de los sistemas radar pasivos 
orientados a la detección de blancos terrestres, a través de la 
caracterización de la BRCS de dicho tipo de blancos y del 
cálculo de las pérdidas de propagación, presentándose, 
además, la metodología utilizada para la estimación de los 
límites de cobertura radar. Los resultados son presentados en 
la sección III y las conclusiones en la sección IV. 

II. CÁLCULO DE LA COBERTURA RADAR EN SISTEMAS PASIVOS 
En la Fig. 1. se muestra la geometría básica de un PBR. 

Dos canales de adquisición de señal son necesario en este tipo 
de sistemas: un canal de vigilancia para la adquisición de los 
ecos generados por los posibles blancos, y un canal de 
referencia cuya misión es la captura de una copia lo más 
fidedigna posible de la señal transmitida por el IoO. Los ecos 
adquiridos por el primer canal serán correlados con copias de 
la señal de referencia a las que se les otorga un desplazamiento 
Doppler con la intención de generar la Función de 
Ambigüedad Cruzada, CAF; estimándose así tanto del rango 
biestático del blanco como su desplazamiento Doppler, y por 
tanto de su velocidad, además de una ganancia de procesado 
cuyo valor dependerá de la duración de la señal correlada. 

La ecuación radar puede ser utilizada como herramienta 
para la estimación de la cobertura (1), siendo RR y RT la 
longitud de los trayectos entre los elementos del sistema: 
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Fig. 1. Basic bistatic passive radar geometry 

donde pT y pR son la potencia transmitida por el IoO y la 
potencia disponible en recepción, respectivamente; gT y gR son 
las ganancias en transmisión y recepción, respectivamente, σb 
es la BRCS del blanco, lIoO-target y ltarget-PBR  son las pérdidas de 
propagación en exceso. 

En condiciones de propagación en espacio libre (lIoO-target = 
ltarget-BPR=1), conocida una pR mínima requerida, los óvalos de 
Cassini pueden ser utilizados como una primera aproximación 
en el cálculo de coberturas. Estimaciones más precisas 
realizadas en otras condiciones requieren del uso de tres 
elementos básicos: estimación de la BRCS del modelo de 
blanco adecuado, determinación de la sensibilidad del sistema 
y cálculo de las pérdidas de propagación en exceso.  

A.  Estimación de la BRCS para diferentes modelos de 
vehículos 

En este trabajo se ha utilizado la herramienta de 
simulación POFACETS (Naval Postgraduate School, 
California) que, aplicada a las condiciones impuestas por los 
escenarios seleccionados, permite modelar la RCS biestática 
de los tres modelos de vehículos comerciales bajo estudio  
(Tabla I y Fig. 2). Como material base para los modelos se 
establece el aluminio.  

En la Tabla II se resumen los valores de BRCS obtenidos 
con el anterior software, asumiendo una frecuencia de 
funcionamiento de 600 MHz y polarización horizontal. Para 
este caso de estudio, se ha seleccionado un escenario semi-
urbano centrado en el Campus de la Universidad de Alcalá 
(Fig. 3). Se han considerado las siguientes estrategias: 

• Análisis global: para unos ángulo de elevación fijos 
tanto en incidencia como en observación y de valor  
89,2º y 89,8º respectivamente, se considera un ángulo 
de acimut en incidencia variable entre 0º y 180º en 
pasos de 20º . Para cada uno de ellos se analizará un 
rango de ángulos de observación entre 0º y 360º en 
pasos de 0.5º.  

• Análisis para una posición fija determinada por el 
ángulo biestático. Para ello se asumen nuevamente 
los mismos valores de ángulos de elevación que en el 
caso anterior, fijando en esta ocasión la diferencia 
entre ambos ángulos de azimut, β  = {60º, 90º,120º} y 
rotando a su vez el blanco.  

TABLA I  CARACTERÍSTICAS DE  LOS VEHÍCULOS COMERCIALES 
SELECCIONADOS PARA EL ESTUDIO DE LA BRCS 

Características Audi A5 Mazda 6 sport Peugeot 307 
Longitud 4.625 m 4.735 m 4.211 m 
Anchura 1.855 m 1.795 m 1.757 m 
Altura 1.370 m 1.440 m 1.509 m 

 

 
Audi A5 

 
Mazda 6 sport  

Peugeot 307 

Fig. 2. Modelos de vehículos comerciales simulados con el programa 
Pofacets. 

 
Fig. 3. Detalle de la localización del PBR en el campus de la Universidad de 

Alcalá. 

Para los estudios de cobertura realizados en este 
documento se utilizará un valor medio de BRCS de -0.365 
dBsm, que se corresponde con la media de los 3 resultados 
obtenidos siguiendo el segundo método.   

B.  Sensibilidad del sistema 
La cobertura del sistema se define, para unos modelos de 

blanco e interferencia específicos, como la máxima distancia a 
la que se detecta un blanco cumpliendo los requisitos de 
probabilidad de detección (PD) y de falsa alarma (PFA). En la 
Fig. 4 se presentan las curvas de detección obtenidas para 
modelos de blanco Swerling I en entornos dominados por 
ruido, aplicando un detector de envolvente de ley cuadrática y 
una PFA =10-6 (SNRDET es la relación señal a ruido a la entrada 
del detector) [8]. Como se puede observar, para una PD=80% y 
una PFA =10-6, se requiere una SNRDET de 21 dB.  

Se han estimado los valores típicos de sensibilidad del 
sistema para una SNRDET = 21 dB, considerándose los factores 
de ruido, ganancias y pérdidas del sistema habituales en un 
sistema PRB que utilice tarjetas de adquisición comerciales 
como, por ejemplo, las tarjetas USRP de National Instruments 
[12]. Para este caso de estudio, los valores obtenidos están 
comprendidos entre -140 dBm y -150 dBm. 

 
Fig. 4. Curvas de detección obtenidas para un detector de ley cuadrática 

aplicado sobre blancos Swerling I en entornos dominados por ruido. 
PFA= 10-6 
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TABLA II BRCS ESTIMADA 

BRCS (dBsm) Audi A5 Mazda 6 sport Peugeot 307 
Máximo Mínimo Media Máximo Mínimo Media Máximo Mínimo Media 

Global 29,382 -6,985 10,748 27,176 -11,02 9,194 36,887 -9,982 12,883 
β  = 60º 6,48 -43,19 -2,742 -3,525 -30,678 -5,118 3,529 -33,963 -7,188 
β  = 90º 9,21 -33,089 0,881 4,877 -26,29 -2,489 7,296 -35,618 -2,597 
β  = 120º 12,44 -29,18 4,941 8,851 -41,254 -1,187 8,278 -27,619 -0,142 

 

C.  Cálculo de las pérdidas de propagación en exceso 
Generalmente, el modelado de las pérdidas de 

propagación en exceso se lleva a cabo utilizando simuladores 
electromagnéticos. En este análisis se ha empleado el 
software WinProp (AWE Communications GmbH), el cual 
permite seleccionar diferentes modelos de propagación e 
integrar datos SIG (Sistema de Información Geográfica) para 
tener en cuenta el relieve del área de interés.  

Asumiendo el escenario seleccionado (Fig.3) , se muestra 
el detalle del relieve de la zona bajo estudio en la Fig.5. Se ha 
seleccionado como IoO el transmisor denominado Torrespaña 
(coordenadas 40°30'47.19"N, 3°20'55.02"W) situado a una 
distancia de 28 km del receptor del sistema PBR. Dicho 
transmisor presenta una potencia radiada equivalente 
(Equivalent Radiated Power, ERP) de 20 kW. 

Una estimación precisa de la potencia recibida, requeriría 
la simulación de las dos secciones del trayecto recorrido por 
el eco: IoO-blanco y blanco-PBR.   En la Fig. 6 se muestra la 
potencia disponible en cada punto del área de interés bajo 
estudio, denominándose pIoO-target  (2); asumiendo un posible 
blanco en dichas posiciones, y la potencia suministrada por el 
IoO. Hasta el momento, la estimación de las pérdidas de 
propagación en exceso se ha realizado a lo largo del camino 
entre el IoO y el blanco.  

2

24 4
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IoO target IoO target
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Sin embargo, el cálculo de las pérdidas de propagación en 
exceso a lo largo del camino entre el blanco y el PBR 
requiere de una estimación adicional que introduce un gran 
aumento en la carga computacional del sistema. En la 
siguiente sección se propone un método aproximado para la 
estimación de estas pérdidas. 

III. RESULTADOS 
Como una solución intermedia entre la aplicación del 

modelo más simple, en el que no se consideran las pérdidas de 
propagación en exceso (lIoO-target = ltarget-PBR=1) y la estimación 
de ambas, se propone un método híbrido que combina la 
estimación de lIoO-target y el uso de las pérdidas por espacio 
libre en el tramo blanco-PBR. 

 
Fig. 5. Relieve del terreno (izquierda) y área de interés bajo estudio 
(derecha). 

 

Fig. 6. Potencia disponible del IoO (dBm) en cada punto del área de interés. 

Al aplicar dicha metodología, las regiones delimitadas por 
las coberturas alcanzables por el sistema no se corresponden 
con los esperables óvalos de Cassini. En la Fig. 7 se representa 
la potencia recibida en el receptor, asumiendo una BRCS de    
-0.365 dBsm y una ganancia de la antena de recepción de 15 
dB. Las curvas de nivel asociadas a la potencia obtenida en el 
receptor se muestran en la Fig. 8. 

Las máscaras de cobertura obtenidas para valores de 
potencia mínima requerida de  -140dBm y -150 dBm  en el 
receptor se muestran en las Fig. 9 y 10. Los niveles de señal 
adquiridos aumentan al aproximarse el blanco al IoO, debido 
a la aproximación realizada, aquellas localizaciones de los 
blancos cercanas al iluminador llevan asociadas una distancia 
RR mayor; calculándose a su vez las pérdidas de espacio libre 
sobre un trayecto de mayor longitud. Esto ocasiona que las 
pérdidas en exceso que no se consideran sean mayores, dando 
lugar a un incremento ficticio de la potencia recibida. Este 
efecto disminuye su relevancia a medida que los blancos se 
sitúan más cerca del receptor, ya que el tramo que introduce 
un error en la estimación se ve reducido. 

 
Fig. 7 Potencia recibida estimada a la entrada del PBR, considerando un 

vehículo con una BRCS de valor -0.365 dBsm, una ganancia de la antena en 
recepción de 15 dB y ltarget-BPR=1. 
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Fig. 8  Curvas de nivel asociadas al receptor PBR. 

IV. CONCLUSIONES 
En este trabajo se ha realizado un estudio del cálculo de 

las coberturas alcanzables por sistemas radar pasivos 
diseñados para la detección de vehículos terrestres, usando 
como IoO la señal de DVB-T. Para evaluar el impacto que el 
uso de perfiles irregulares de terreno pueda tener sobre las 
pérdidas de propagación, se ha seleccionado un escenario 
semi-urbano. 

Se han analizado tres elementos clave de la ecuación radar 
biestática en el cálculo de la cobertura: las pérdidas de 
propagación a lo largo de los trayectos entre el IoO, el blanco 
y el receptor; la sensibilidad requerida y la BRCS del blanco. 

Se han estimado los valores mínimo, medio y máximo de 
la BRCS de tres modelos comerciales de vehículos terrestres 
tanto para un estudio global como para un conjunto de 
ángulos biestáticos determinado. En los cálculos posteriores, 
se selecciona una media de dichos valores acordes con el 
escenario seleccionado. El bajo valor obtenido junto a los 
desplazamientos Doppler de baja magnitud esperable para 
estos blancos, dificultarán su detección por parte de los 
sistemas radar.  

Para reducir el coste computacional necesario para 
realizar un estudio completo de las pérdidas en exceso a lo 
largo de los trayectos de la geometría biestática (una 
estimación debería realizarse para cada posible posición del 
blanco dentro del área de interés), se ha propuesto una 
aproximación basada en una estrategia híbrida: un estudio 
completo de las pérdidas en exceso a lo largo del trayecto 
IoO-blanco se realiza mediante simulación electromagnética, 
mientras que para el trayecto blanco-PBR se han asumido  las 
perdidas básicas por espacio libre.  

Usando este modelo se  obtiene una cobertura radar con 
una remarcable deformación respecto a los esperables óvalos 
de Cassini.  
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Explotación científica de productos PAZ en tareas de 
vigilancia y monitorización costera
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Resumen: La misión PAZ surge ante la necesidad de un satélite SAR español que pueda proporcionar productos imagen 
radar para usuarios de seguridad y defensa, civiles y científicos. INTA es el responsable de la dirección técnica del Seg-
mento Terreno, así como del desarrollo y operación del Centro de Calibración y Validación y de la Explotación Científica. 
Dentro de este ámbito de explotación, se desarrolla un demostrador de aplicaciones SAR marítimas (DeMSAR) como 
herramienta robusta capaz de llevar a cabo tareas de detección sobre la superficie marina, empleando las imágenes 
adquiridas por radares de apertura sintética. Se desarrolla bajo un marco de colaboración entre el INTA y la Universidad 
de Alcalá con el fin de convertirse en un demostrador de las capacidades de los sistemas aerotransportados de INTA 
y, en el futuro, para procesar los datos adquiridos por el sensor PAZ. Con capacidad de operar en modo automático de 
detección de barcos o mediante librerías de procesado SAR, DeMSAR ofrece una gran versatilidad al usuario en tareas 
de procesado tales como filtrado de ruido speckle, detección de líneas de costa, estimación de máscaras de tierra y 
detección y caracterización de barcos.

Palabras clave: SAR, speckle, segmentación, detección de barcos, aplicaciones marítimas.

Scientific exploitation of PAZ products in coastal surveillance and monitoring tasks
Abstract: PAZ mission appears due to the need of a Spanish SAR satellite able to provide radar image products for secu-
rity and defense, civil and scientific users. INTA is responsible for the technical direction of the Ground Segment, as well 
as the development of the Calibration and Validation Centre and the scientific exploitation. The ‘Demonstrator of Maritime 
SAR Applications’ is proposed as an answer to detection tasks in maritime synthetic aperture radar imagery, which are 
not completely solved yet. DeMSAR has been developed in the framework of a contract between the Spanish National 
Institute for Aerospace Technology (INTA) and the University of Alcalá. It is intended to be used as a demonstrator of 
the capabilities of the airborne SAR prototypes of INTA as well as for PAZ, the Spanish SAR satellite. With two operation 
modes, an automatic ship detector and a toolboxes mode, DeMSAR offers the user a high flexibility in SAR data process-
ing tasks such as speckle filtering, coastline detection, land mask estimation and ship detection and characterization.

Key words: SAR, speckle, segmentation, ship detection, maritime applications.
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1. Introducción

La misión PAZ, parte del Programa Nacional de 
Observación de la Tierra por Satélite (PNOTS), 
es una misión gubernamental española, basada en 
un satélite SAR y su correspondiente Segmento 
Terreno, que proporcionará productos imagen ra-
dar para usuarios de seguridad y defensa, civiles y 
científicos. Su lanzamiento está previsto para 2015. 
PAZ está siendo desarrollado en un contexto es-
pañol, siendo INTA el responsable del Segmento 
Terreno e HISDESAT del Segmento Espacio. El 
satélite PAZ estará equipado con un instrumento 
SAR en banda-X sobre una plataforma recurrente 
a TerraSAR-X.

INTA es el responsable de la dirección técnica del 
Segmento Terreno de PAZ, que está siendo de-
sarrollado por un conjunto de empresas españo-
las (INDRA, GMV, DEIMOS, ISDEFE), por la 
Agencia Espacial Alemana (DLR) y por el propio 
INTA. Asimismo es responsable del desarrollo y 
operación del Centro de Calibración y Validación 
de PAZ así como de la Explotación Científica de 
la misión PAZ. Esta última se lleva a cabo bajo las 
premisas establecidas en el artículo 3 del Estatuto 
del INTA (REAL DECRETO 88/2001), cubriendo 
específicamente aquellas relacionadas con el pro-
pósito y funciones en investigación científica y 
tecnológica, definición de objetivos, programas y 
proyectos, propuestas para investigación y desarro-
llo tecnológicos, cooperación con organismos na-
cionales e internacionales, diseminación de conoci-
miento científico y tecnológico y soporte técnico a 
las administraciones públicas y empresas.

Dentro de ese marco de actuación, uno de los ob-
jetivos de uso científico de PAZ es la obtención de 
demostradores basados en investigación que per-
mitan probar las capacidades de la tecnología SAR 
en aplicaciones específicas, siendo DeMSAR un 
ejemplo de este tipo de desarrollos.

El proyecto DeMSAR, nace con el objetivo de de-
sarrollar una herramienta robusta para la extrac-
ción de información de imágenes SAR (Synthetic 
Aperture Radar) marítimas (estimación de máscara 
de tierra, detección de barcos). DeMSAR se ha de-
sarrollado bajo un marco de colaboración entre el 
Instituto Nacional de Técnica Aeroespacial (INTA) 
y la Universidad de Alcalá, con el objetivo de ser 
empleado como demostrador de las capacidades de 
los sistemas SAR aerotransportados desarrollados 

por INTA y, en un futuro, para procesar los produc-
tos del sensor PAZ.

2. Modos de adquisición

El sistema PAZ puede trabajar en cuatro modos de 
adquisición de datos, proporcionando productos 
con las siguientes características:

• Stripmap: Resolución de hasta 3 metros. 
Cobertura de producto: 30 km × 50 km (ran-
go × acimut). Polarización single {HH,VV} y 
dual {HH/VV, HH/HV, VV/VH}.

• ScanSAR: Resolución de hasta 18 metros. 
Cobertura de producto: 100 km x 150 km (ran-
go x acimut). Polarización single {HH,VV}.

• Spotlight: Resolución de hasta 2 metros. 
Cobertura de producto: 10 km × 10 km (ran-
go × acimut). Polarización single {HH,VV} y 
dual HH/VV.

• High Resolution Spotlight: Resolución de hasta 
1 metro. Cobertura de producto: 10 km × 5 km 
(rango × acimut). Polarización single {HH,VV} 
y dual HH/VV.

3. Productos disponibles

Los productos imagen operacionales a disposición 
de los usuarios tendrán un procesado de nivel L1B, 
existiendo cuatro niveles de procesado distintos:

• SSC - Single Look Slant Range Complex. 
Producto de un único look, con datos imagen en 
formato complejo, conteniendo información de 
amplitud y fase. No disponible para adquisición 
de imagen ScanSAR.

• MGD - Multi Look Ground Range Detected. 
Producto de múltiples looks, detectado (en 
amplitud) con celdas de resolución cuadrada y 
speckle reducido.

• GEC - Geocoded Ellipsoid Corrected. Producto 
con múltiples looks, detectado, muestrea-
do y proyectado en el elipsoide de referencia 
WGS84, asumiendo altura promedio.

• EEC - Enhanced Ellipsoid Corrected. Producto 
ortorectificado, con múltiples looks y con com-
pensación por DEM de las distorsiones por ele-
vación del terreno.
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El procesador es un desarrollo de DLR integrado 
en el Segmento Terreno; el formato de los produc-
tos L1B conserva la estructura de los productos de 
TSX - TDX, permitiendo compatibilidad entre las 
aplicaciones efectuadas sobre productos de estas 
misiones. El producto L1B está organizado en una 
estructura de directorios conteniendo, además del 
producto imagen, anotaciones adicionales organi-
zadas en ficheros xml, así como otros ficheros au-
xiliares necesarios para el posterior tratamiento de 
los productos imagen PAZ.

La obtención de productos en la misión PAZ está 
conducida por las peticiones de los usuarios que 
entran al sistema y que se clasifican en tres tipos:

• Peticiones de adquisición de productos,

• Peticiones de procesado de productos,

• Peticiones de diseminación de productos.

En las peticiones de adquisición el usuario selec-
ciona el área de interés y fecha aproximada de ad-
quisición de datos, así como el modo de imagen 
de funcionamiento del instrumento (Stripmap, 
ScanSAR, Spotlight y/o High Resolution Spotlight) 
y el nivel de procesado del producto deseado (SSC, 
MGD, GEC o EEC).

Los datos brutos SAR adquiridos y descargados en 
la estación terrena son procesados sistemáticamen-
te a nivel L0 (raw data más metadatos asociados), 
mientras que el siguiente nivel de procesado, L1B, 
se realizará dependiendo de la petición efectuada 
por el usuario.

Mediante la petición de procesado el usuario puede 
acceder a datos adquiridos por el satélite en el pa-
sado (mediante consulta al catálogo de la misión) y 
almacenados en el archivo, seleccionando el nivel 
de procesado L1B al que desea sean procesados los 
datos brutos.

Las peticiones de diseminación permiten al usuario 
solicitar productos L1B de catálogo correspondien-
tes a adquisiciones pasadas.

4. DeMSAR: Demostrador de aplicaciones 
SAR marítimas

Ante la creciente necesidad de herramientas que 
permitan la extracción automática de información 
en imágenes SAR para su explotación en las diver-
sas áreas definidas por Copernicus, se desarrolló la 

aplicación DeMSAR como demostrador de las ca-
pacidades de los sistemas SAR aerotransportados 
desarrollados por INTA y, en un futuro, para pro-
cesar los productos del sensor PAZ en aplicaciones 
relacionadas con las áreas de monitorización mari-
na, seguridad y gestión de emergencias.

Dado que PAZ ha heredado el segmento espacial 
del sensor TerraSAR-X (DLR) y que el segmento 
terreno ha buscado la máxima compatibilidad posi-
ble, realizando un procesado equivalente y teniendo 
como resultado un formato de producto L1B igual 
al del TerraSAR-X, la herramienta funciona actual-
mente con imágenes adquiridas por dicho sensor. 
DeMSAR, cuya interfaz principal se muestra en la 
Figura 1, tiene dos modos de funcionamiento: auto-
mático y de librerías. En ambos pueden procesarse 
imágenes completas o sub-imágenes definidas por 
el usuario. El modo automático implementa un es-
quema de procesado fijo cuyo principal objetivo de 
diseño ha sido la robustez frente a los diferentes 
productos SAR y estados de la mar. Debido a la im-
portante variabilidad de las características del mar, 
este esquema permite la modificación guiada de un 
conjunto muy limitado de parámetros, con el fin de 
mantener las capacidades detectoras deseadas en 
numerosos casos de estudio. En modo de librerías, 
el usuario puede elegir entre completar un proceso 
completo de detección de barcos y/o estelas, o bien 
realizar un procesado con el objetivo de realizar un 
filtrado de speckle o estimar la máscara de tierra. 
En todos los casos, puede definirse el esquema de 
procesado deseado y los algoritmos a emplear en 
cada una de sus etapas. Estos algoritmos se elegirán 
de librerías especialmente diseñadas. En concreto, 
para la detección de barcos, las principales etapas 
(librerías) de procesado que se han implementado 
son:

• Filtrado de ruido de speckle: filtros clásicos y 
otros más recientes en el procesado de imáge-
nes SAR, como el Mean Shift.

• Detección de bordes: algoritmos basados en 
técnicas CFAR (Constant False Alarm Rate) y 
en transformadas como la Wavelet.

• Segmentación: técnicas básicas, análisis multi-
rresolución y Mean Shift.

• Detección de barcos: modelo de doble paráme-
tro basado en detección CFAR e incorporación 
de información contextual para mejorar las 
prestaciones.
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• Extracción de características de los barcos de-
tectados: detección de estelas, posición, orien-
tación proa-popa, tamaño.

En las siguientes secciones se detallan las herra-
mientas de procesado que incluye DeMSAR en su 
modo de operación por librerías.

5. Filtrado de speckle

La librería de filtrado de speckle incluye varios fil-
tros, algunos de carácter generalista como los fil-
tros de media y mediana, y otros que tienen más en 
cuenta el modelado del ruido de speckle, siempre 
presente en las imágenes SAR. Entre estos filtros, 
se presentan algoritmos clásicos tales como el filtro 
de Lee (Lee, 1980), el filtro de Frost (Frost et al., 
1982) y el filtro Gamma (Lopes et al., 1990) y, 
además, se incluye el filtro Mean-Shift (Fukunaga 
et al., 1975; Comaniciu et al., 2002), que median-
te dos parámetros permite reducir la presencia del 
ruido al mismo tiempo que respetar las estructuras 
de la imagen. La interfaz del bloque de filtrado se 
muestra en la Figura 2.

5.1. Filtro de Lee

El filtro de Lee (Lee, 1980) usa estadísticos locales 
tales como la media y la desviación estándar den-
tro de una ventana de procesado de tamaño fijo y 
lo aplica al píxel central. El principal objetivo es 
conseguir determinar los pesos adecuados para 
suavizar la imagen. Además, aproxima el modelo 
multiplicativo del ruido speckle a un modelo li-
neal, donde se minimiza el error cuadrático medio 
mediante la estimación de mínimos cuadrados. El 
algoritmo de filtrado viene dado por la siguiente 
expresión:

y z k z z, , , , ,i j i j i j i j i j$= + -t r r^ h (1)

donde ŷi,j es la estimación de la imagen sin ruido 
(yi,j), zi,j representa el valor de la imagen original 
ruidosa, z ,i j  es el valor de la media estimada a partir 
de los píxeles vecinos de la ventana de procesado 
y ki,j es el parámetro adaptativo que se ajusta para 
cada píxel según la siguiente regla:

k z,
, , , , ,

, ,
i j

z i j n i j i j

z i j
2 2 2

2

$v v
v= + r

 (2)

Figura 1. Interfaz principal de DeMSAR. En la ventana de la derecha se muestra la imagen SAR y los productos de procesado; 
en la ventana superior izquierda se muestra el quicklook de la imagen; en la ventana inferior izquierda se muestra un zoom del 
producto visualizado en la ventana derecha.
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donde , ,z i j
2v  es la estimación de la varianza de zi,j en 

la ventana de procesado y , ,n i j
2v  es la varianza del 

ruido.

5.2. Filtro de Frost

El filtro de Frost (Frost et al., 1982) emplea un ker-
nel de espiral amortiguado exponencialmente que 
se adapta a características basadas en estadísticos 
locales. Consiste en un filtro simétrico circularmen-
te con un conjunto de valores de pesos para cada 
píxel. Los parámetros del filtro se ajustan según los 
estadísticos locales, calculados en una ventana cen-
trada en el píxel a filtrar, mediante la convolución 
de dicha ventana con una respuesta al impulso ex-
ponencial dada por:

exp A tm t $-=^ ^h h (3)

donde A se calcula como sigue:

A k z ,
, ,

i j

z i j
2

$
v= r
c m (4)

t es la distancia del píxel central a sus vecinos, k 
es un factor de amortiguamiento que depende de la 
imagen sin filtrar y puede requerir experimentos de 
prueba para determinar su valor, , ,z i j

2v  es la varianza 
y z ,i jr  es el cuadrado del nivel de gris medio dentro 
de la ventana de filtrado.

5.3. Filtro Gamma

El filtro Gamma se basa en un análisis bayesiano de 
los estadísticos de la imagen, siguiendo el criterio 
MAP (máximo a posteriori) (Lopes et al., 1990). 
Asume que tanto la intensidad como el speckle si-
guen una distribución Gamma. La superposición de 
estas distribuciones da origen a una distribución K 
que suele utilizarse para modelar una gran variedad 

de densidades de sección radar de blancos de tierra 
y mar. La salida del filtro es la siguiente:

y
L y y L Lyy

2
1 1 42 2$

a
a a a

=
- - + - - +

t
r r r^ ^h h

 (5)

donde

L y
L

1
1

y
2$

a
v

= -
+
r^ h  (6)

En el caso de que la salida sea negativa o com-
pleja, se impone que el valor filtrado del píxel sea 
y z, ,i j i j=t r .

5.4. Mean Shift

El algoritmo Mean Shift puede usarse como un fil-
tro no lineal con capacidad de preservar la informa-
ción de los bordes (Comaniciu et al., 2002), lo que 
permite que, de entre todos los filtros incluidos, sea 
el que mejores resultados obtiene, aunque la com-
plejidad del mismo también es mayor. 

En una imagen de n píxeles, cada píxel pl, l = 1,…, n, 
puede expresarse como:

p p , , ,p p p p, , , , ,l s l r l x l y l r l= =^ ^h h (7)

donde ps,l representa la parte espacial de la informa-
ción (posición espacial del píxel) y pr,l es la parte de 
información en rango, que dado que se trabaja con 
imágenes en escala de gris, esta información será el 
nivel de gris.

El kernel se define como el producto de dos ker-
nels gaussianos con la misma forma pero diferente 
ancho de banda, hs para la parte espacial, expre-
sión (8), y hr para la parte en rango, expresión (9). 
Mientras que hs determina los límites espaciales de 
la ventana, hr detecta los bordes de la imagen.

z pg h
, ,

s

j s s i 2-c m (8)

g h
z p, ,

r

r j r i 2-c m (9)

Para la primera iteración del píxel pl, se tiene 
z z , , , , ,z z z z p p p, , , , , , , ,s r x y r x l y l r l1 1 1 1 1 1= = =^ ^ ^h h h. En la 

j-ésima iteración, el vector zj+1 se calcula como:

z p

z p

z
g h

z p g h

p g h
z p g h

,
, , , ,

,
, , , ,

x j

r
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s
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x i
r
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s

s j s i

i
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1 2 2

1
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$ $
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/
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Figura 2. Interfaz de la librería de filtrado de speckle.
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donde hs y hr son los anchos de banda espacial y 
en rango, respectivamente, y g(x) es el kernel 
implementado. 

En cada iteración se calcula un nuevo vector 
z , ,z z z, , ,j x j y j r j1 1 1 1=+ + + +^ h y se evalúa la diferencia en-
tre este vector y el obtenido en la iteración anterior 
z dif z zj j j j1| = -+^ h . Finalmente, se calcula el va-

lor Mean Shift como:

dif difms T
j j j)=  (13)

donde T denota la matriz traspuesta.

El proceso iterativo para cuando la magnitud al 
cuadrado del vector Mean Shift es menor que un 
umbral dado o cuando se excede el número máximo 
de iteraciones establecido. Una vez que el proceso 
ha convergido, la parte de información en rango (el 
nivel de gris) del píxel bajo estudio, pl, se reempla-
za por la parte de información en rango de la última 
iteración del vector z.

El algoritmo Mean Shift puede usarse como un 
filtro no lineal que preserve los bordes. Si las di-
ferencias entre las intensidades de los píxeles son 
suficientemente pequeñas como para estar dentro 
del valor del parámetro en rango (hr), Mean Shift 
actúa como un filtro paso bajo en la región definida 
por el parámetro espacial (hs). En las proximidades 
de los bordes, las diferencias entre las intensidades 
son mayores; si fueran tan altas que excedieran el 
valor del parámetro en rango, la parte en rango de 
la función gaussiana que se emplea para llevar a 
cabo el filtrado sería próxima a cero y no se estaría 
realizando ningún filtrado.

6. Detección de bordes

Dentro de la librería de detección de bordes se in-
cluyen tres detectores con fundamentos diferen-
tes. En primer lugar, el detector de Canny (Canny, 

1986), método clásico de detección de bordes 
sobre imágenes ópticas pero que aquí se emplea 
sobre imágenes SAR y que está basado en la esti-
mación de gradientes. El segundo detector se basa 
en la aplicación de una técnica CFAR (Touzi et al., 
1988). Por último, se incluye también un detector 
basado en la transformada wavelet (Niedermeier 
et al., 2000).

6.1. Algoritmo de Canny

El método de Canny (Canny, 1986) se basa en dos 
criterios que ya se habían empleado anteriormente, 
la detección y la localización de una determinada 
clase de bordes y sus correspondientes formas ma-
temáticas del operador de la respuesta al impulso. 
Canny añade un tercer criterio para asegurar que 
el detector devuelve una única respuesta para un 
borde en concreto; se utiliza un criterio de optimi-
zación numérica para obtener detectores de bordes 
en escalón.

Al especializar el análisis en la detección de esos 
bordes en escalón, se comprueba que hay una cierta 
incertidumbre en cuanto a la detección y la locali-
zación del borde, que son las dos metas principales. 
De ahí que la aplicación del tercer criterio dé lu-
gar a un detector cuya implementación consiste en 
considerar como bordes los puntos máximos de la 
magnitud del gradiente, en una imagen suavizada 
mediante una función gaussiana.

6.2. Detector de bordes CFAR

Los detectores de bordes típicos que se basan en la 
diferencia entre los valores de los píxeles pueden 
ser ineficientes cuando se aplican sobre imágenes 
SAR. Está demostrado que debido al carácter mul-
tiplicativo del ruido speckle, estas técnicas detec-
tan un mayor número de falsos bordes en las zonas 
homogéneas más brillantes (mayor intensidad en el 
nivel de gris). Es por este motivo que dentro de la 
librería de detectores de bordes se incluye un de-
tector de bordes CFAR (Touzi et al., 1988), que se 
basa en el cociente de los valores de los píxeles en 
lugar de la diferencia.
Dada una ventana de procesado de N×N píxeles, a 
ambos lados del píxel bajo estudio se determinan 
dos áreas del mismo tamaño, las cuales no deben 
superponerse. A continuación, se calcula el cocien-
te, R, de la media de los píxeles de las dos áreas, 
si se trata de una imagen de intensidad, o de sus 
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cuadrados, si se trata de una imagen de amplitud. 
Suponiendo que los píxeles son independientes, la 
fdp (función de densidad de probabilidad) condi-
cional del cociente R tiene la siguiente expresión:
 (14)
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donde L es el número de looks de la imagen, P1 y 
P2 son las potencias medias de las áreas, n=1 para 
imágenes de intensidad y n=2 para imágenes de 
amplitud.
Dadas las consideraciones hechas anteriormente, se 
puede ver que con tamaños grandes de ventana, el 
detector es menos sensible al ruido y permite de-
tectar bordes entre áreas de potencias medias muy 
parecidas. Esto puede convertirse en un proble-
ma porque se pueden detectar bordes que no son 
útiles en la aplicación; será la elección de la Pfa 
(Probabilidad de falsa alarma) la que evite en gran 
medida la aparición de falsos bordes. 
Por otra parte, para poder detectar los bordes más 
pequeños será necesario emplear un tamaño de ven-
tana pequeño porque si sólo se utilizaran ventanas 
grandes, la aportación de un borde pequeño no sería 
importante en el total de la ventana. Por ello, para 
detectar la mayor cantidad de bordes posible, el de-
tector debe trabajar con varios tamaños de ventana 
y, con el objetivo de priorizar los bordes pequeños, 
la ventana crecerá de menor a mayor tamaño.

6.3. Detector de bordes basado en la 
transformada Wavelet
El tercer método de detección de bordes que in-
cluye la librería es un método basado en la trans-
formada wavelet (Niedermeier et al., 2000). Dado 
que los bordes de una imagen pueden ser defini-
dos matemáticamente como singularidades locales, 
cabe la posibilidad de aplicar transformadas mate-
máticas especializadas en la detección de dichas 
singularidades. Durante mucho tiempo, el método 
más importante para realizar el análisis de las sin-
gularidades ha sido la transformada de Fourier, sin 
embargo, presenta un problema y es que es de ca-
rácter global y, por tanto, no se adapta bien a las 
singularidades locales. La transformada Wavelet, 
en cambio, realiza un análisis local, especialmen-
te adecuado para el análisis tiempo-frecuencia que 

es esencial en la detección de singularidades. Esto 
hace que sea un método muy adecuado para detec-
tar bordes. La idea básica es similar a la empleada 
por Canny. Mientras que el detector de Canny em-
plea una función gaussiana como función de sua-
vizado, el detector basado en wavelets escoge una 
función wavelet como la derivada de la función de 
suavizado. La función de suavizado, θ(x.y), debe 
cumplir que su integral sea igual a 1 y que converja 
a 0 en el infinito. Mallat sugiere emplear como fun-
ciones para detectar bordes aquéllas que tengan un 
único punto de desvanecimiento (Mallat, 2008). La 
función más simple que cumple todo lo anterior es 
la función gaussiana, que desempeñará el papel de 
la función de suavizado:

,x y e2
1 x y

2 2 2

2 2

$
rv

i = v
-

+^ ^h h
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Por tanto, las dos funciones wavelet que se emplea-
rán serán las derivadas en cada dimensión de esta 
función de suavizado:
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Para un valor de σ=2, la función wavelet en x se 
representa en la Figura 3.
En la Figura 4 se muestra el interfaz que incluye 
la selección del detector de bordes, junto con las 
demás librerías necesarias para llevar a cabo la es-
timación de máscara de tierra en imágenes SAR 
costeras.

7. Segmentación

La librería de métodos de segmentación incluye 
dos algoritmos de clusterización, K-means (Duda, 
1973) y Mean Shift (Jarabo-Amores et al., 2011), y 
un algoritmo multirresolución. 

Figura 3. Función wavelet en x para σ=2. 
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7.1.  K-means

K-means es un algoritmo de clusterización clásico 
que consiste en calcular los centroides de los clus-
ters, respondiendo a distintos criterios de mínima 
distancia. Se ofrece la posibilidad de elegir entre tres 
conjuntos de entrada: nivel de gris a nivel de píxel, 
un vector de los niveles de gris asociados a los píxe-
les contenidos en bloques y un vector que defina el 
histograma de los píxeles contenidos en bloques.

7.2.  Mean Shift

En segundo lugar se incluye una técnica de seg-
mentación basada en el método Mean-Shift (Jarabo 
et al., 2011). Esta técnica está formada por los si-
guientes pasos:

1. La imagen I(ps), donde ps indica la posición 
del píxel, se filtra obteniendo la imagen filtra-
da F(ps) y el mapa de convergencia M(ps). En 
dicho mapa, los ceros representan los bordes 
detectados, los unos las áreas homogéneas y los 
valores mayores pertenecen a los contornos de 
los bordes.

2. Se aplica un primer nivel de clusterización a los 
píxeles pertenecientes al conjunto de contornos 
de los bordes. Para ello se define el parámetro 
hrs, que establece la distancia máxima entre un 
píxel y el centroide de la clase a la que debe 
pertenecer.

3. Se genera el mapa de contornos B(ps), donde 
los píxeles de los contornos toman el valor de la 
clase a la que pertenecen y el resto de la imagen 
es igual a 0.

4. Se aplica el algoritmo de clusterización del si-
guiente vecino más cercano al resto de píxeles 
de la imagen, asignándoles el valor de la clase 
más cercana.

5. Se aplica un algoritmo de podado para reducir 
el número de regiones espúreas.

7.3. Algoritmo multirresolución

Por último, se incluye una técnica de segmenta-
ción basada en análisis multirresolución. Primero, 
la imagen se divide en bloques de un determinado 
tamaño y todos aquellos en los que el detector de 

Figura 4. Interfaz del bloque de estimación de máscara de tierra que incluye las librerías de detección de bordes y de seg-
mentación.
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bordes no detecte ningún borde se clasifican como 
agua. A continuación, todo bloque adyacente a los 
previamente clasificados como agua se selecciona y 
se mide el porcentaje de bordes contenidos en ellos 
y si es inferior a un determinado umbral, se clasi-
fica también como agua. Cuando no quedan más 
bloques adyacentes que cumplan la condición an-
terior, se reduce la dimensión del bloque a la mitad 
en cada dirección y vuelve a repetirse el proceso.

8. Detección y caracterización de barcos

La última librería de procesado está formada por un 
detector de barcos basado en detección CFAR, el 
método de doble parámetro (Chen et al., 2005). Es 
habitual el empleo de algoritmos de umbral adap-
tativo para llevar a cabo la detección de barcos en 
imágenes SAR. El objetivo de estos algoritmos es 
la localización de píxeles excepcionalmente bri-
llantes comparado con los que les rodean y em-
plean valores estadísticos de éstos para determinar 
el valor del umbral. 

Se definen tres regiones concéntricas para estable-
cer el detector CFAR (Figura 5). La región interior 
es el área de blanco, la región intermedia es el área 
de guarda y la región exterior es el área de fondo. 
La existencia del área de guarda radica en la nece-
sidad de separar las áreas de blanco y de fondo con 
el fin de que en el área de fondo no aparezca parte 
del barco a detectar y, de este modo, poder llevar a 
cabo una mejor estimación de los parámetros esta-
dísticos de la superficie marina.

Para caracterizar estadísticamente la superficie ma-
rina se emplean diferentes modelos estadísticos: 
distribución gaussiana, distribución Hankel, dis-
tribución gamma, entre otras. En esta herramienta 
se supone la distribución gaussiana, habitualmente 

considerada porque el teorema central del límite 
establece que la media de un conjunto de variables 
aleatorias idénticamente distribuidas tiende a se-
guir una distribución gaussiana. Teniendo en cuen-
ta esta distribución, el modelo de doble parámetro 
se define como sigue:

µt > µb + σbt (18)

donde µt es la media del área de blanco, µb es la me-
dia del área de fondo, σb es la desviación estándar 
del área de fondo y t es un parámetro de diseño del 
detector, que controla la tasa de falsa alarma.

Junto a este detector, la librería incluye otras fun-
ciones para caracterizar los barcos detectados, en-
tre las que se encuentra un detector de estelas. Para 
llevar a cabo esta detección se emplea un método 
cuya base es la transformada Radón (Mata-Moya 
et al., 2010). En la Figura 6 se muestra el interfaz 
necesario para realizar la detección de barcos y la 
caracterización de los mismos.

9. Caso de estudio: detección de barcos 
mediante librerías

A continuación se van a mostrar los resultados 
intermedios y finales en el caso de una detección 
de barcos llevado a cabo mediante el método de 
procesado por librerías. La imagen SAR seleccio-
nada (Figura 7) corresponde a la zona del puerto 
de Algeciras y Gibraltar, cuya imagen óptica tam-
bién se muestra (Figura 8), y tiene las siguientes 
características:

• Sensor: TerraSAR-X

• Tipo de producto: MGD/SE

• Modo de adquisición: Spotlight

• Polarización: HH

• Resolución: 3,1 m × 3,5 m

Para realizar la detección de barcos se ha decidido 
seguir el esquema que se describe a continuación y 
cuya ventana de entrada de parámetros se muestra 
en la Figura 6:

• Filtrado de speckle: aunque no es estrictamente 
necesario incluir esta etapa, gracias a la robus-
tez frente al speckle de las técnicas de detección 
de bordes y segmentación incluidas en la herra-
mienta, para este caso de estudio se implementa 
un filtrado con Mean Shift. Los valores elegidos Figura 5. Ventanas del detector CFAR de doble parámetro.
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para los parámetros de filtrado son: hs=4 y 
hr=0,5. El resultado se muestra en la Figura 9.

• Detección de bordes: se escoge el método de 
Canny por su simplicidad y velocidad. En este 
caso, donde el objetivo final es la detección de 
barcos y no la estimación de la línea de costa, 
la función del detector de bordes es la de servir 

como etapa previa a la estimación de la másca-
ra de tierra. Por este motivo, los parámetros del 
detector se escogen para lograr que haya un nú-
mero importante de bordes detectados en las re-
giones terrestres y, en cambio, el menor número 
posible de bordes detectados en las regiones 

Figura 6. Interfaz del bloque de detección de barcos.

Figura 7. Imagen SAR original de Algeciras y Gibraltar. Figura 8. Imagen óptica de la región de Algeciras y Gibraltar.
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marinas (Figura 10). El parámetro empleado 
tiene un valor de 0,675.

• Segmentación: como técnica de estimación de 
máscara de tierra se escoge el algoritmo multi-
rresolución, obteniendo la imagen donde apli-
car la detección de barcos final (Figura 11).

• Detección de barcos: deben definirse las dimen-
siones de las tres áreas concéntricas. Éstas de-
ben ser tales que permitan que el área de blanco 
se ajuste al tamaño de los barcos (sin que haya 
presencia de agua) y que el área de fondo sólo 
contenga agua, para hacer una estimación del 
clutter marino. La comparación ponderada entre 
estadísticos de la región de blanco y la región de 
fondo permitirá tomar la decisión entre presen-
cia o ausencia de blanco. En la detección que se 
presenta se elige un tamaño de 20 × 20 píxeles 
para el área de blanco, 350 × 350 píxeles para el 
área de guarda y 500 × 500 píxeles para el área 
de fondo. Junto a estos valores, el tamaño míni-
mo y máximo de detección, la probabilidad de 
falsa alarma y la distancia mínima a tierra son 
parámetros configurables por parte del usuario.

El resultado, mostrado en las Figuras 12 y 13, de-
muestra que todos los barcos de tamaño medio y 
grande son detectados con los parámetros escogi-
dos. Tan sólo se localiza una falsa alarma debida a 
una estructura metálica junto a Algeciras. Se pone 
como condición que los barcos detectados deben 

estar a una cierta distancia de la costa, por lo que 
los barcos dentro del puerto no son detectados. 
Además, se realiza una estimación del tamaño, la 
posición en coordenadas y, si existe estela, la orien-
tación, que se muestra en una ventana adjunta cuan-
do se selecciona cada barco detectado con el ratón.

Figura 9. Imagen SAR filtrada con Mean Shift. Figura 10. Bordes detectados con el algoritmo de Canny so-
bre la imagen SAR de Algeciras y Gibraltar.

Figura 11. Máscara de tierra obtenida mediante la aplicación 
de la técnica multirresolución sobre la imagen de bordes.
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Resumen: Los radares pasivos utilizan iluminadores de oportunidad en lugar de 
transmisores dedicados, presentando ventajas frente a los activos: menores costes, 
menor vulnerabilidad a las contramedidas, baja probabilidad de interceptación, ventaja 
frente a blancos invisibles, etc. La utilización de señales no diseñadas para aplicaciones 

y limita las coberturas alcanzables. El proyecto APIS (Array Passive ISAR adaptive 
processing) nació con el objetivo de dar una primera solución al problema del diseño de 
sistemas radar pasivos en aplicaciones de seguridad y defensa. La principal innovación 
aportada por APIS es la integración de diversos conceptos: sistema multicanal y 

de los blancos detectados. El demostrador desarrollado ha probado la posibilidad de 
detectar y seguir blancos aéreos y terrestres en escenarios urbanos complejos y la 

señales de comunicaciones digitales disponibles en el entorno y sin necesidad de un 
transmisor dedicado.

Palabras clave: Radar pasivo, multicanal, multiestático, array, beamforming digital, 
SAP, ISAR 
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1. Introducción

Los radares pasivos utilizan transmisores no cooperativos (iluminadores de oportunidad, IoO) como 
sistemas de comunicación u otros radares. La ausencia de un transmisor dedicado les proporciona 
ventajas frente a los radares activos como son una reducción en el coste de desarrollo, implementación 
y mantenimiento, baja probabilidad de interceptación o el no estar sometidos a la legislación 

y la utilización de frecuencias no asignadas a aplicaciones radar reducen las propiedades de baja 
probabilidad de interceptación de los llamados blancos invisibles. Por otro lado, estos sistemas son 
insensibles a la paulatina erosión que están sufriendo las bandas radar, por el avance de los sistemas 
de comunicación, pudiendo convertir este inconveniente en una clara ventaja. Por el contrario, 
la utilización de señales no diseñadas para aplicaciones radar, transmisores no controlados y 

alcanzables.

El proyecto APIS (Array Passive ISAR adaptive processing) surgió con el objetivo de estudiar y 
explotar  las potencialidades de estos sistemas en aplicaciones de seguridad y defensa. Frente a 
otras soluciones, APIS  integra múltiples funcionalidades: sistema pasivo, arrays de antenas, técnicas 
adaptativas de procesado espacial (SAP, Space Adpative Processing), generación y procesado de 
imágenes ISAR. 

APIS ha sido desarrollado en el marco del Programa HIP-ICET de inversión conjunta en I+T 
de Defensa de la EDA (European Defence Agency) sobre “conceptos innovadores y tecnologías 
emergentes”, del que el Ministerio de Defensa de España es miembro contribuyente. En el consorcio 
han participado España, Italia, Hungría y Chipre. INDRA SISTEMAS, S.A. y la Universidad de 
Alcalá han sido los participantes españoles. INDRA SISTEMAS S.A., además de líder, ha sido 
responsable del diseño y desarrollo del demostrador. La Universidad de Alcalá ha sido responsable 

estudio de las formas de onda y su impacto en las resoluciones y coberturas alcanzables en escenarios 
de interés, y del diseño e implementación de los detectores.

Los resultados han probado la posibilidad de detectar y seguir blancos aéreos y terrestres en escenarios 

En este documento se realiza una breve descripción de los radares pasivos, las características del 
proyecto APIS y del demostrador desarrollado, y se presentan algunos ejemplos que muestran los 
resultados obtenidos con el demostrador desarrollado en un escenario real. Finalmente se resumen 
las conclusiones extraídas del trabajo realizado.  

2. Radares Pasivos

Un radar pasivo (Passive Bistatic Radar, PBR) es un sistema capaz de detectar blancos y estimar 
parámetros como la posición o velocidad, a partir de la energía dispersada por los mismos en la 
dirección del receptor radar, al ser iluminados por sistemas de comunicación (televisión digital, radio 
FM, audio digital, telefonía móvil), radionavegación u otros radares activos, en lugar de por un 
iluminador propio [1]. Son sistemas multiestáticos que utilizan uno o varios IoOs, siendo estos los 
que determinan en gran medida las características y comportamiento del radar.
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Figura 1.  Esquema básico de funcionamiento y geometría de un radar pasivo

Figura 2.  Generación de la CAF mediante la correlación de la señal del canal de 
vigilancia con copias de la señal de referencia desplazadas en rango y Doppler. CAF 

de una señal de TDT

sistema de recepción está compuesto por dos canales: el canal de referencia, con la misión de capturar 
la señal transmitida por el IoO, y el canal de vigilancia, encargado de capturar los ecos de los blancos. 
El proceso de detección se basa en la correlación de las señales adquiridas por ambos canales, la 
cual genera las llamadas funciones de ambigüedad cruzada (Cross Ambiguity Functions, CAF), o 
mapas rango-Doppler, que junto a la información relativa a la geometría del sistema posibilitan la 

2.1. Etapas básicas de funcionamiento de un radar pasivo

las señales interferentes y del clutter. Las tareas englobadas en la etapa de procesado tienen diferentes 
objetivos:

Reducción de la interferencia producida por la señal de referencia adquirida por el canal de 
vigilancia, denominada DPI, Direct Path Interference.
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Reducción de las ambigüedades generadas por componentes deterministas de las formas de 
onda no diseñadas con propósitos de detección radar.     
 
Reducción del impacto del clutter y del multitrayecto.

 

Figura 3.  Arquitectura básica de un radar pasivo
La CAF de los canales de referencia y vigilancia previamente procesados, se aplica al detector 
que implementa una regla de decisión para cumplir los requisitos de detección. La mayoría de las 
soluciones incorporan técnicas CFAR (Constant False Alarm Rate). Las salidas del detector son 
procesadas para estimar parámetros del blanco como su posición, velocidad y, si la resolución lo 
permite, características de su tamaño y forma que pueden ser útiles en las etapas de seguimiento 
(tracking).

3. Proyecto APIS

El proyecto APIS tiene como objetivo probar la viabilidad de los sistemas radar pasivos en aplicaciones 
de seguridad y defensa. Como novedad incluye en un único sistema múltiples conceptos:  
 

Iluminador de oportunidad digital: Las características de las señales de televisión 
analógica, FM, audio digital (DAB, Digital audio Broadcasting), telefonía digital (GSM, 
Global System for Mobile communications, y UMTS, Universal Mobile Telecommunications 
System) y Televisión Digital Terrestre (TDT) han sido objeto de un intenso estudio [2-8]. 

independiente del contenido.  Para el proyecto APIS se ha seleccionado la señal de TDT, 
al presentar un ancho de banda por canal de 8 MHz, ampliable mediante el uso de canales 

 
Sistema multicanal y multiestático: El sistema puede utilizar múltiples canales de TDT 

canal individual transmitido por diferentes iluminadores en red SFN (sistema monocanal 

recepción de múltiples canales consecutivos desde diferentes iluminadores (sistema 
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Figura 4.  
iluminador de oportunidad y del receptor pasivo

Técnicas digitales de procesado en array: Estas técnicas permiten la generación de 
nulos en el diagrama de radiación para el rechazo de señales interferentes y la generación 

cobertura. En APIS se han propuesto dos arquitecturas que utilizan la misma etapa de 
adquisición:

o La arquitectura 1 hace uso de técnicas de beamforming deterministas para el/
los canal/es de referencia y procesado espacial adaptativo (Spatial Adaptive 
Processing, SAP) para el de vigilancia.

o La arquitectura 2 utiliza técnicas deterministas para ambos canales. 
La arquitectura 1 es más compleja pero presenta mayores capacidades detectoras en entornos 
dominados por interferencia. En entornos dominados por ruido ambas arquitecturas son 
muy similares.
Imágenes ISAR: Se utilizan nuevos algoritmos para la generación de imágenes ISAR 

 
3.1. Demostrador APIS

La implementación de un demostrador que sirviese como prueba de concepto y de viabilidad 
tecnológica de los radares pasivos y de las técnicas estudiadas era el objetivo último del proyecto 

volando a baja altitud durante las operaciones de aterrizaje y despegue en el aeropuerto de Madrid 
Barajas y la generación de imágenes ISAR.

 

o Transmisor de TDT Torrespaña: canales consecutivos, centrados en 850 MHz (resolución 
máxima teórica del orden de los 6m). 

o Receptor Pasivo localizado en Paracuellos del Jarama.

Componentes COTS (Commercial on the Shell) para la cadena receptora, compuesta por 
Software-Based Radio Boards y elementos compatibles, evitando en la medida de los 
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Figura 5.  Array lineal de dipolos planares utilizado para los canales de vigilancia

Sistema de antenas: Para mantener los conversores A/D dentro del ámbito de los componentes 
COTS, y sin causar merma en las capacidades de prueba de viabilidad tecnológica del 

yagi para el canal de referencia.       
 

.

4. Resultados

A continuación se presenta un pequeño resumen de los resultados obtenidos. Se han realizado 
adquisiciones de 20 segundos que se han procesado en ventanas de 250 ms, denominadas PRI (Pulse 
Repetition Interval). 

blanco a detectar es un AIRBUS A320.  En los mapas rango-Doppler se aprecia que con la arquitectura 
2 no es posible la detección del blanco, pero con la arquitectura 1, al reducir de forma clara el nivel 
de fondo, sí es posible la detección. Junto con el blanco esperado, se detectan vehículos circulando 
por las carreteras cercanas.

totalidad de los PRIs. Se aprecia claramente la trayectoria del blanco (acercándose al receptor y 
reduciendo su velocidad) y otro grupo de blancos con trayectorias más irregulares, una velocidad 
menor y ubicados a ambos lados del Doppler nulo (vehículos en carreteras cercanas). La información 

junto con las estimaciones de sus dimensiones.  A la hora de abordar el problema de extracción 
de características en las imágenes ISAR, debe tener en cuenta que no son imágenes ópticas, 
sino el resultado de la retrodispersión generada por cada blanco al ser iluminado por una onda 
electromagnética. La complejidad de la interpretación de las imágenes ISAR es aún mayor debido 

información de las imágenes ISAR obtenidas.
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Figura 6.  Mapas rango-Doppler para un Aribus 320 (izquierda). Detalle de la arquitectura 1 para 
Doppler próximo a cero (derecha arriba). Salidas del detector CA-CFAR para todos los PRI (derecha 
abajo).

Figura 7.  Imágenes ISAR generadas para un A32 (superior)  y un A340 (inferior).

5.  Conclusiones 
La característica principal del proyecto APIS, y su mayor contribución al estudio y diseño de sistemas 
basados en radares pasivos, es la integración en  un único sistema radar pasivo de los siguientes 
conceptos:

El uso de técnicas de procesado en array.

Posibilidad de generar imágenes ISAR de los blancos detectados (APIS es el primer sistema 
pasivo capaz de generar imágenes ISAR). 
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Se ha diseñado e implementado un demostrador como prueba de la viabilidad tecnológica, sobre un 

aterrizaje o despegue en el aeropuerto de Madrid-Barajas y la generación de las correspondientes 
imágenes ISAR.

Los resultados demuestran que la detección de dichos blancos con un sistema pasivo es posible, 
pudiéndose aplicar a continuación etapas de seguimiento para el estudio de las trayectorias y de 

una caracterización preliminar de los blancos detectados, aunque es necesario realizar un profundo 
estudio sobre la información disponible y las características más relevantes desde el punto de vista 

Partiendo de las capacidades anteriormente demostradas, se enumeran algunas aplicaciones en el 
ámbito de la seguridad y defensa en las que sistemas similares a APIS podrían ser de utilidad: 
 

Aplicaciones aéreas:  en zonas de baja cobertura, 
uso en plataformas embarcadas por su reducido peso y con una cobertura adaptada al IoO 
disponible en el escenario de la trayectoria de la plataforma.
Aplicaciones terrestres: Radar de baja probabilidad de interceptación, control de zonas de 
difícil cobertura en la vigilancia de fronteras, vigilancia de infraestructuras de importancia 
estratégica.
Aplicaciones marítimas:

costa en zona de difícil orografía.
Otros ámbitos:
pronóstico meteorológico de ámbito local.      
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Resumen: Este trabajo se centra en el diseño de detectores radar para la detección de 
blancos Swerling I de frecuencia Doppler desconocida en presencia de clutter marino 
modelado con una distribución K. Se ha formulado el detector de Neyman-Pearson para 
test de hipótesis compuesto y se han considerado soluciones basadas en MLP (Multi-
Layer Perceptron) para aproximar el detector óptimo. Los detectores neuronales se han 
comparado con esquemas convencionales basados en técnicas CFAR (Constant False 
Alarm Rate), procesador Doppler (MTI, Moving Target Indicator, y MTD, Moving 
Target Detector) y detectores de envolvente. Para analizar las capacidades detectoras 
de los sistemas considerados en una situación práctica, se ha simulado un escenario en 
un entorno costero situado en el noroeste de la Península Ibérica con dos blancos en 
movimiento. Los resultados demuestran que los detectores basados en redes neuronales 
mejoran las capacidades detectoras de los detectores de referencia.

Palabras clave: Neyman-Pearson, Swerling I, clutter K-distribuido, CFAR, MTI, 
MTD y MLP
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1. Introducción

El problema de la detección de blancos radar puede formularse como un test de hipótesis binario en el 
que el detector tiene que decidir entre blanco ausente (hipótesis nula, H0) o blanco presente (hipótesis 
alternativa, H1). El criterio más extendido en el diseño de detectores radar es el de Neyman-Pearson 
(NP), que maximiza la probabilidad de detección, PD, manteniendo la probabilidad de falsa alarma, 
PFA, igual o inferior a un determinado valor [1][2]. Este detector requiere del conocimiento de las 
propiedades estadísticas del blanco y del clutter. Se trata de una solución paramétrica que, en general, 
presenta unas capacidades detectoras muy sensibles a la precisión de los modelos estadísticos 
asumidos en su diseño [3][4]. 
Si bien en un sistema radar es posible la caracterización del clutter mediante medidas del entorno, la 
caracterización del blanco es muy compleja. Parámetros tales como la relación señal a clutter (Signal 
to Clutter Ratio s c) normalmente 
son variables aleatorias desconocidas. Debido a las diferentes velocidades de los blancos, en este 

s desconocida, la cual se puede modelar como una 

formularse como un test de hipótesis compuesto, donde el detector de NP se construye comparando 
el Cociente de Verosimilitud Promediado (Average Likelihood Ratio, ALR
atendiendo a los requisitos de PFA [2]. En el cálculo del cociente de verosimilitud normalmente suelen 
plantearse integrales muy complejas que pueden no tener una solución cerrada.
Se ha demostrado la capacidad de las redes neuronales (Neural Network, NN) de aproximar al 

al detector de NP [6]. En este trabajo se han considerado perceptrones multicapa (Multi-Layer 
Perceptrons, MLPs) para aproximar al detector ALR. Con el objetivo de analizar los resultados 
obtenidos, se han utilizado esquemas de detección coherente e incoherente tradicionales basados en 
técnicas de umbral adaptativo (Constant False Alarm Rate, CFAR). En el caso de los detectores radar 
coherentes, las componentes en fase y en cuadratura del eco recibido serán procesadas empleando 

Moving Target Indicator, MTI Moving Target Detector, 
MTD) [7]. Los detectores diseñados se han evaluado y testeado en un escenario radar en un entorno 
costero situado en el noroeste de la Península Ibérica. Los resultados demuestran que los detectores 
basados en MLPs son capaces de aproximar el detector de NP mejorando los resultados ofrecidos por 
los detectores de referencia.

2. Planteamiento del problema

Después de cada exploración de la antena de un radar, se genera una matriz de datos radar cuyos 
elementos corresponden con valores complejos formados por las componentes en fase (parte real) y 
en cuadratura (parte imaginaria) de las muestras digitalizadas a la salida del detector síncrono. Si el 
radar puede capturar P ecos del blanco por cada exploración, se utilizará una ventana deslizante de 

longitud P para generar el vector de observación que será aplicado al detector ( 1,...,
P

Pz zz �
).

una caracterización completa del espacio de observación; sin embargo, aunque los estadísticos del 
clutter pueden ser estimados a través de medidas del entorno, los parámetros del blanco son difíciles 
de determinar. Cuando los parámetros desconocidos del blanco son variables aleatorias, el problema 
se puede formular como un test de hipótesis compuesto. La regla de decisión que compara el ALR 

FA es una implementación del detector de NP 
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[2]. Generalmente, el ALR proporciona integrales sin soluciones analíticas.

Los modelos de blanco más extendidos en la literatura radar son los propuestos por Swerling [8]. 

ps 
s s

s = 1) para el modelado de embarcaciones en el diseño 
de detectores para radares marinos; por lo que se empleará este modelo en este trabajo.

0, la cual depende de 
factores como la frecuencia, el ángulo de incidencia, la polarización o el estado del mar [10]. En 
radares de alta resolución trabajando con ángulos de incidencia rasantes, el clutter se encuentra 
correlado y puede modelarse como un modelo Gaussiano compuesto, c x , el cual se expresa 
como el producto de dos componentes:

Componente rápida o speckle ( x ): corresponde con un proceso estocástico complejo 

Componente lenta o textura (t

de ola por la celda de resolución del radar.

La amplitud de los ecos de clutter marino, c c , puede ser modelada por una distribución K  
[11]. En un intervalo de observación pequeño, la componente en textura puede aproximarse por 
una variable aleatoria, provocando que el proceso compuesto se convierta en un proceso estocástico 
esféricamente invariante (Spherically Invarian Random Process, SIRP). La matriz de covarianza de 
c pc es la potencia del clutter (SCR = 10log(ps/pc c
correlación del clutter.

3. Detectores convencionales

Detector CFAR incoherente: Los detectores CFAR implementan técnicas de umbral adaptativo 
espaciales con el objetivo de mantener la PFA maximizando la PD. Estas técnicas paramétricas estiman 
los parámetros desconocidos de la FDP (Función Densidad de Probabilidad) del clutter a partir de las 
observaciones del entorno adquiridas en la exploración actual. En general, un detector CFAR trabaja 
celda a celda, estimando el umbral de detección para cada una de ellas a partir de la estimación de los 
parámetros del clutter de un grupo de N celdas de referencia cercanas a la celda bajo test (Cell Under 
Test, CUT). Para evitar que muestras del blanco intervengan en la estimación de los parámetros del 
clutter cuando en la CUT hay un blanco, se dejan unas celdas de guarda a cada lado de la CUT. La 
técnica CFAR más extendida es la basada en el promediado de celdas (Cell Averaging Constant False 
Alarm Rate, CA-CFAR).
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Cuando se trabaja con un detector CA-CFAR, el umbral de detección, Tq, se calcula como el producto 

casos de estudio, no hay disponibles soluciones semi-analíticas que proporcionen expresiones para 
la FDP del umbral, por lo que para hallar el factor multiplicativo se estimará la PFA
mediante el método de Montecarlo [12].
Filtro MTI (Moving Target Indicator): Las técnicas MTI se emplean para mejorar las capacidades 

de 1
c sM M

s es desconocida, por lo que la etapa de 
reducción de clutter debe ser robusta frente a este parámetro. Al estar modelada como una variable 

ps·I, 
donde I

autovector asociado al máximo autovalor de 1
cM [7]. 

 Para incrementar la PD que 

s equiespaciados entre 

de cada uno de ellos mediante una operación lógica OR exclusiva (XOR). Aunque habitualmente se 
D=P, en este trabajo se ha estudiado la mejora en detección que 

D = 2P [7].

4. Detectores basados en Redes Neuronales

Las redes neuronales son capaces de aproximar al detector óptimo de NP cuando se emplea la 
función de error correcta. En [6] este estudio se ha extendido para el problema del test de hipótesis 
compuesto cuando se pretende detectar blancos de parámetros desconocidos en presencia de clutter 
marino. En este trabajo se propone el uso de Perceptrones multicapa (Multi-Layer Perceptrons, MLP) 
como alternativa a los esquemas convencionales para la detección de blancos con frecuencia Doppler 
desconocida.
Se han diseñado MLPs con una única capa oculta con M neuronas (cuyo valor se ajustará para obtener 
buenas capacidades detectoras controlando el coste computacional) y una neurona de salida que se 

FA. La dimensión de la capa de entrada depende del esquema 
considerado: en el detector MLP incoherente es P-dimensional, correspondiente a P envolventes de 

iz  (MLP P/M/1); mientras que el detector MLP coherente es 2P-dimensional, asociado a las P partes 

reales e imaginarias de iz (MLP 2P/M/1).

5. Resultados 

s 
c = 0,9) cuando se tienen estados del mar alterados 

con un parámetro de forma de la distribución K de 0,5. Los valores considerados también han sido 
utilizados en el caso de estudio presentado en [13].
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Para diseñar las MLPs se han generado conjuntos de entrenamiento y validación, con un tamaño de 
60.000 y 5.000 patrones bajo ambas hipótesis (P(H0) = P(H1) = 0,5) respectivamente. Bajo H1, los 
vectores de observación están compuestos por blancos SW-I s uniformemente distribuida en [0, 

P=8 para presentar los resultados y obtener conclusiones sin pérdida de generalidad.
Para evaluar las capacidades detectoras  se  construyen curvas ROC (Receiver Operating 
Characteristic) y/o curvas de detección (PD frente a SCR para una PFA=10-6), utilizando para ello la 
simulación de Montecarlo (asegurando un 10% de error en la estimación para todos los resultados 
presentados). 
En la Figura 1 izquierda se muestra la curva de detección de un detector de envolvente lineal para 
una PFA=10-6. La SCR mínima resultante que garantiza unas condiciones de diseño de PD
25 dB. Atendiendo a este resultado, las redes MLP se han entrenado con una SCR de 25 dB. En la 
Figura 1 centro y derecha se presentan las curvas ROC asociadas a MLPs con diferente número de 
neuronas en la capa oculta. El detector MLP 8/15/1 incoherente y el detector MLP 16/14/1 coherente 
presentan las arquitecturas que proporciona el mejor compromiso entre capacidad detectora y coste 
computacional.

     

           
Figura 1. Curva de detección del detector de envolvente de ley lineal (izquierda). Curvas ROC de 

detectores MLPs P/M/1 incoherentes (centro) y detectores MLPs 2P/M/1 coherentes (derecha).

Para implementar las técnicas CFAR se ha considerado N=16 como un tamaño de ventana de 
referencia que mantiene la propiedad de cercanía a la CUT controlando la pérdidas por CFAR. En la 
Tabla 1, se muestran los resultados de los esquemas de detección considerados. Se demuestra que las 
soluciones basadas en NNs mejoran los resultados proporcionados por los esquemas tradicionales. 

P-1 no mejora los resultados de un detector 
CFAR incoherente. Por otro lado, los sistemas MTD mejoran la PD pero empeoran la PFA, que 
resulta mayor de 10-6

proporciona capacidades detectoras muy parecidas reduciendo el coste computacional. 
Por último, para evaluar el rendimiento de los esquemas detectores, se ha simulado un escenario 
radar en un entorno costero situado en el noroeste de la Península Ibérica (Figura 2 izquierda). En 
este escenario se ha implantado un sistema de detección similar al radar IPIX de la Universidad 
McMaster de Canadá [11]. La simulación incluye dos blancos en movimiento que presentan rutas 
diferentes (Figura 2 derecha).
Para estimar la sección recta radar del blanco se ha utilizado un modelo 3D de un yate de 30 m de 
eslora (Figura 3). Para una resolución de 30 m se puede considerar un un blanco puntual. Con el 
software POFACETS se ha estimado una sección radar de 16,56 dBsm a la distancia de cobertura y 
un ángulo de incidencia de 0,1º. 
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Tabla 1. PD y PFA estimadas para los esquemas de detección propuestos

Figura 2. Emplazamiento del radar y sector de cobertura simulado (izquierda). Trayectorias 
simuladas: trayectoria 1 movimiento rectilíneo uniforme (v=10,7 nudos) y trayectoria 2 

movimiento rectilíneo uniformemente acelerado (v0 = 25 nudos, aceleración: 0,058 nudos/s2) 
(derecha)

Figura 3. Modelo 3D de un yate (izquierda) y sección recta radar estimada (derecha)

dBsm para un estado del mar 4 [14].
El intervalo de adquisición simulado es de 1.810 segundos (905 exploraciones), correspondiente al 
tiempo en el que al menos un barco se encuentra en la zona de cobertura. Los resultados obtenidos se 

exploraciones. En la Figura 4 se muestra la salida de para los detectores que presentan los mejores 
resultados en la Tabla 1. 

soluciones basadas en NN proporcionan buenas capacidades detectoras. Atendiendo a los centroides 
detectados, se puede observar que, tanto en el esquema incoherente como en el coherente, se pueden 

aparecen aleatoriamente en diferentes exploraciones. En concreto, la PFA se mantiene por debajo 
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de 10-6, requisito de diseño que no cumple el esquema coherente basado en un sistema MTD que 

Figura 4. Centroides detectados: detector CFAR incoherente (superior izquierda), detector MLP 
8/15/1 incoherente (superior derecha), detector MTD D=8 coherente (inferior izquierda)  y detector 

MLP 16/14/1 coherente (inferior derecha)

Tabla 2. PD y PFA estimadas para los esquemas de detección

6. Conclusiones

clutter impulsivo K-distribuido. Se trata de un test de hipótesis compuesto, donde el detector de NP 

Se han diseñado soluciones basadas en MLPs entrenadas de manera supervisada para satisfacer la 
condición de ser capaz de aproximar el detector de NP. Los resultados se han comparado con esquemas 
tradicionales basados en técnicas CFAR, procesadores Doppler y detectores de envolvente. Los 
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Los resultados muestran que las soluciones basadas en NNs mejoran los resultados proporcionados 
por los esquemas tradicionales. El valor máximo de PD se obtiene para un detector MLP coherente, 
aunque el esquema incoherente también basado en una MLP proporciona valores similares reduciendo 
el coste computacional. Finalmente, se ha simulado un escenario radar en el noroeste de la Península 
Ibérica con un hipotético radar similar al radar IPIX. La superposición de los centroides detectados 
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