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Abstract

Passive Coherent Location (PCL) system is one of the most rapidly developing technology
in the radar field and significant progress has been made in recent years. However, some
aspects that are not under the control of the radar designer still prevent PCL technology
from reaching its point of maturity. The goal of this thesis is to address this issue by resorting

to the exploitation of information diversity conveyed by multiple receiving channels.

The main novelties that this research has led to can be identified in two main areas, one
concerning the exploitation of polarization diversity for target detection, the other regarding
the exploitation of spatial and frequency diversity for target localization purposes. Although
the ideas underlying the main achievements reported in this work arise from the need to
overcome PCL systems limitations, the research performed to reach this goal has led to
achievements that have a broad scope of application, not limited to passive radar systems,

which increases the scientific value of this work.

In the first part of this thesis, we deal with the problem of target detection in coherent
radar systems exploiting polarimetric diversity. We build upon the demonstrated benefits
that a suitable use of signals collected by differently polarized antennas can lead to, and we
present a new polarimetric adaptive target detection scheme. To this aim, we resort to a
parametric approach and we model the disturbance affecting the data as a multi-channel AR
process. First, we show the effectiveness of the proposed strategy via an extensive simulated
analysis, then we carry out a performance assessment under spectral model mismatch
conditions, and finally we demonstrate its validity against real data, collected by both active

and passive radar systems.

In the second part of this thesis, we address the problem of target direction of arrival
(DoA) estimation in systems that jointly exploit spatial and frequency diversity. We
derive a reliable performance characterization of a multi-carrier maximum likelihood DoA
estimator in the threshold region. The capability of predicting the performance of the
considered estimator in low signal-to-noise ratio scenarios is a powerful tool that can also be
used to select the best performing receiving system layout, given a number of constraints.
The experimental results obtained using configurations selected according to this criterion
show that a suitable exploitation of spatial and frequency diversity allows to both extend the
angular sector where the target DoA can be unambiguously estimated and improve the

estimation accuracy.
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Chapter 1

Introduction

This Chapter introduces the main topics addressed in this work and gives an overview of
what has been done. After a brief illustration of passive radar principles, the objective of this
thesis is explained. Then, the innovative contributions made by this dissertation are detailed,

and finally the outline of this thesis is reported.

1.1 Background

This Section focuses on the principles of passive radar systems and provides the motivation
for this PhD project. Note that the purpose of this Section is by no means to be exhaustive,
but to provide the background necessary to understand the motivation for the advancement
developed and explored in this work. For a complete and detailed discussion on this topic,
the interested reader is referred to the relevant literature, see e.g. [7],[40]-[43],
[50],[51],[66],[104],[105],[120] and the references therein.

1.1.1 Passive Coherent Location systems principles

A Passive Bistatic Radar (PBR or Passive Coherent Location — PCL) system is a receive-
only radar system that does not transmit electromagnetic energy on its own, instead it
exploits signals emitted by sources of opportunity to perform target detection, localization
and possibly imaging [40]. Such sources are usually referred to as Illuminators of Opportunity
(I0s) and they can be communication systems, broadcast systems for public utility, other
radar systems and so on.

A typical PCL system geometry is sketched in Figure 1.1. In general, two receiving
channels are required, referred to as reference and surveillance channels. Since the transmitted
waveform is unknown, the reference antenna is pointed toward the 1O to collect a copy of the
direct signal, as clean as possible. The surveillance antenna, on the other hand, is steered
toward the area to be monitored to collect the reflections from targets.

The goal of PCL systems is to estimate the bistatic range and the bistatic velocity of a
target [41]. To this aim, the sensor measures the time difference of arrival (TDOA) between
the direct signal and the reflected echo and the bistatic range measurement Rp is retrieved,

as follows



lHluminator of
Opportunity
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Reference Antenna

Figure 1.1: Sketch of the PCL geometry

Rg= Ry + Rr — B; (1.1)

where Rr and Rg define the ranges from target to transmitter (TX) and from target to
receiver (RX), while B is referred to as baseline and represents the distance between the TX
and RX. The bistatic range measurement locates the target on an ellipsoid, usually referred
to as iso-bistatic range ellipsoid, that has the TX and the RX located at its foci and whose
width is given by

ARp = ¢ [2 COS(ﬁ/Q) . Bu'] -1 (1.2)

where ¢y denotes the speed of light, Bw represents the bandwidth of the exploited signal and
B is the bistatic angle between the directions from target to RX and TX. A Rp, usually called
bistatic range resolution, defines the minimum separation that would allow two point-like
scatterers to be distinguished.

Finally, a PBR can estimate the target bistatic Doppler frequency, defined as the rate of

>2[Re(t) + Ru(1)-

In the case where only the target is moving, while the TX and the RX are stationary the

change of the bistatic range over time, i.e. f5 =

sough quantity is defined as

fa =2 % cos(8)cos(B/2) (1.3)



denoting A as the wavelength of the exploited signal, V as the target velocity and 6 as the
bistatic angle referred to the bistatic bisector. Note that the bistatic Doppler frequency will
be equal to zero for targets moving along the baseline between TX and RX and for all targets
moving along the bistatic iso-range, i.e. when Rp remains constant over time.

Finally, a Doppler resolution Afy is defined and it is roughly equal to the reciprocal of

the coherent processing interval (CPI)

Afy; = 1/CPI (1.4)

1.1.2 Basic PCL processing

A block diagram of the basic signal processing steps foreseen in a PCL system is shown in

Figure 1.2 and detailed in the following.

Disturbance Cancellation. Observing the geometry in Figure 1.1, it is evident that along
with target echoes, the surveillance channel also receives a fraction of the direct signal emitted
by the IO as well as strong clutter and multipath contributions. Therefore, the purpose of
the first processing stage, referred to as disturbance cancellation stage, is to prevent such
undesired contributions from masking low power target echoes. To this aim, several
algorithms have been studied and developed, among which the Extensive Cancellation
Algorithm (ECA), proposed in [22]. The latter is based on subtracting the undesired
interference signal, estimated by summing up delayed and weighted replicas of the reference

signal, from the surveillance signal.

Range-Doppler map evaluation. After the disturbance cancellation stage, the key step
in the PBR processing chain is the bistatic range-Doppler map evaluation. It is based on the
evaluation of the two-dimensional (2D) cross-correlation function (CCF) between the echo
signals and different possible Doppler modulated replicas of the direct signal. This stage
requires the highest computational load in the processing scheme and, depending on the
application, it might also require a very large amount of data to be managed and complex
operation to be performed real-time. Therefore, efficient implementations of the range-

Doppler map evaluation have also been devised [66].

Target detection. As in all radar systems, the target detection stage is a decision process
based on a comparison between a given cell under test (CUT) and a threshold, opportunely
selected in order to guarantee a desired false alarm probability (Pfa). The most common
solution is to use a varying threshold that adapts itself to the local disturbance characteristics

in order to guarantee a constant false alarm rate (CFAR).
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Figure 1.2: Sketch of the basic PCL processing scheme

Target tracking. Target detections collected from multiple consecutive CPIs can be further
processed to produce tracks and reduce the resulting number of false alarms. Target tracking
can be performed either in the bistatic range-Doppler domain or in the Cartesian plane, if

possible.

1.1.3 Motivation

Due to the lack of ad hoc transmissions, PCL systems offer several advantages. First, their
operability does not require dedicated spectrum allocation and the need to design, implement
and manage only the receiving part requires a low cost of construction and maintenance.
Moreover, the exploitation of existing signals, the low vulnerability to electronic
countermeasures due to the intrinsically bistatic geometry and the low-cost and compact size
of the employed receivers enable covert operations, making such systems extremely appealing
for military purposes. Furthermore, thanks to both their small size and lack of
electromagnetic pollution, PCL sensors have a reduced impact on the environment and can
be employed in areas where conventional radars could not be deployed, e.g. coastal or urban
areas. Thanks to all the benefits it offers, PCL technology has received a significant renewed
interest inside the worldwide scientific community in the last two decades. As a result of the
emerging development of passive radars, they are reaching a stage of maturity and the first
commercial PCL systems have started to appear in the marked for various defence and civil
applications.

However, despite the effectiveness of the processing techniques devised for the purpose
and the significant progress that has been made, the performance of a PCL sensor might still
be strongly limited. It is well known that the main limitations of PBR stem from the lack of

control over the transmitted waveform structure and the strong direct signal and multipath



interferences. For these reasons, advanced signal processing strategies must be developed to
increase the reliability and the overall capabilities of PCL systems. In this thesis a significant
focus will be devoted to deriving different advanced solutions that aim at improving the

target detection performance as well as the target localization capability.

1.2 Goal of the Thesis and Innovative Contributions

The goal of this thesis is to address the main limitations of PCL technology and to derive
advanced signal processing strategies, based on the exploitation of the information diversity
conveyed by multiple receiving channels.

The main innovative contributions made by this thesis can be divided in two broad areas,
that will constitute Part I and Part II of this work and are briefly detailed in the following.

Although the ideas underlying the main achievements reported in this work arise from the
need to overcome PCL systems limitations, the field of application of the devised signal
processing techniques, analytical performance characterizations and design strategies is not

limited to passive radars. This aspect increases the scientific value of the results obtained.

1.2.1 Exploitation of polarization diversity for target detection

The first part of this dissertation deals with the joint exploitation of signals collected by
different polarimetric channels to enhance the target detection performance.

Polarization diversity has been widely employed to improve radar systems performance
and, in recent years, suitable strategies to exploit this additional information have been
proved to be able to enhance the target detection capability also in PCL systems. Therefore,
the first part of this work starts with demonstrating the benefits of exploiting polarization
diversity in PCL systems.

Following the promising results obtained using Frequency Modulation (FM) radio signals,
suitable strategies that exploit the polarimetric information are considered and a performance
assessment against Digital Video Broadcasting - Terrestrial (DVB-T) based PCL data is
carried out.

Then, we derive a new parametric adaptive detection scheme that also exploits the
temporal information to counteract the disturbance thus further increasing the target
detection capability. Several detectors that exploit a set of polarimetric-temporal (or
polarimetric-temporal-spatial) observations have been conceived and extensively studied in
the literature. However, these approaches are based on the availability of a large amount of
target-free training data that allow to estimate and invert the unknown disturbance
covariance matrix. This requirement becomes an issue in applications where the number of
adaptive degrees of freedom is large, as well as in heterogeneous environment where the
available secondary data are not representative of the disturbance in the cell under test. This

is the case of PCL systems that typically use long CPls, i.e. very high number of temporal



samples, to attain desired levels of signal-to-noise ratio (SNR). We address this issue by

restoring to a parametric approach.

In this framework, the following main contributions are made by this work:

e A performance assessment of locally adaptive detection schemes that exploit the
polarization diversity to increase the target detection performance of DVB-T based
PCL systems.

e The derivation of a novel polarimetric adaptive detection strategy based on a multi-

channel auto-regressive (AR) model for the disturbance.

e A complete theoretical characterization of the asymptotic performance of the derived
detection scheme, using two different target fluctuation models, namely Swerling 0 and

Swerling 1.

e A performance assessment of the proposed detection approach via numerical analysis,
also including the case of disturbance components with different spectral

characteristics.

e The introduction of an appropriate modification to the derived detector to make it

robust to typical spectral model mismatches.

e An experimental performance assessment against two different datasets. First, being
the field of application of the derived solution not limited to PCL systems, we use data
collected by means of an active radar. Then, we use data collected by means of a FM
radio-based PCL system.

e The derivation of a sub-optimal implementation of the derived polarimetric detection

scheme for it to be performed with a reduced computational burden.

1.2.2 Exploitation of spatial and frequency diversity for target

localization

Direction of Arrival (DoA) estimation of narrow-band signals is a key problem in sensor
array signal with a variety of application fields, such as radar, sonar, mobile communications,
etc. However, most studies published over the years addressed the problem of characterizing
the performance of DoA estimators under asymptotic assumptions, where asymptotic
generally refers to either a high number of samples or high SNR regime. Nevertheless, in
many practical applications, such as PCL systems, such conditions are unlikely to be
continuously guaranteed. In fact, it is not unlikely that these systems operate in the low SNR
regime, where accurate angular localization might represent a challenging task. This is
especially true when a limited number of receiving sensors is employed in order to limit the
system complexity.

Therefore, the second part of this work deals with target DoA estimation for system that

jointly exploit signals received at multiple carrier frequencies, as a mean to mitigate the



problem of angular ambiguities in arrays employing a limited number of channels.

In this framework, the following main contributions are made by this work:
e A reliable theoretical performance characterization of a multi-carrier maximum likelihood
(ML) DoA estimator in the threshold region, i.e. in low SNR regime. We separately treat
the case of deterministic and stochastic signal model and we derive approximations of

the mean square error (MSE) and probability of outlier in both cases.

e An extensive simulated analysis to prove the tightness of the derived expressions and to
characterize the benefits stemming from exploitation of signals emitted at multiple

carriers.

e The demonstration of the benefits of the multi-carrier approach via an experimental
validation against real data collected with Leonardo S.p.A. using AULOS DVB-T based

PCL system for both aircraft and drone surveillance.

1.3 Outline of the Thesis

The remainder of this thesis is organized as follows.

Chapter 2 shows the benefits of exploiting the polarimetric information in PCL systems using
DVB-T signals. Two different strategies are considered and compared, originally devised for
FM radio-based PCL systems and we show their effectiveness against DVB-T based PCL
data collected by Fraunhofer FHR.

Chapter 3 deals with the problem of target detection in coherent radar systems exploiting
polarimetric diversity. By modelling the disturbance affecting the data as a multi-channel
AR, a new polarimetric adaptive detector is derived, which aims at improving the target
detection capability while relaxing the requirements on the training data size and the
computational burden with respect to existing solutions. A complete theoretical
characterization of the asymptotic performance of the derived detector is provided, using two
different target fluctuation models. The effectiveness of the proposed approach is shown

against simulated data, in comparison with alternative existing solutions.

Chapter 4 reports the performance assessment of the detection scheme derived in Chapter 3
is extended, by means of theoretical and simulated analyses, to include the case of disturbance
components with diverse spectral characteristics. Consequently, an appropriate modification
is introduced to the detection scheme to make it robust to typical spectral mismatches
occurring in practical situations. Finally, the effectiveness of the resulting detection scheme

is proved against both simulated and experimental data.



Chapter 5 demonstrates the effectiveness of the polarimetric adaptive detection scheme
introduced in Chapter 3 and Chapter 4 against real data. Specifically, two different set of
experimental data are used, one collected by means of an active radar and the other collected
using a FM radio-based PCL system. Some reasonable approximations are introduced in
order to reduce the computational burden required by the direct implementation of the
derived detector and enable an extensive analysis over the entire dataset. Chapter 5 concludes
Part T of this thesis.

Chapter 6 presents the performance characterization of a DoA estimator in the low SNR
region. The case of a sensor array simultaneously collecting signals emitted at multiple carrier
frequencies by a single source is considered. A ML approach is used as a reference method

for DoA estimation and its accuracy is characterized in terms of MSE.

In Chapter 7, the benefits of the joint exploitation of spatial and frequency diversity for
target DoA estimation are demonstrated via an experimental validation against real data
collected with Leonardo S.p.A. using AULOS DVB-T based PCL system for both aircraft

and unmanned aerial vehicle (UAV) surveillance. Chapter 7 concludes Part II of this thesis.

Chapter 8 summarizes the main results of this study and provides an outlook for further

work.

Mathematical details are reported in the Appendices.



Part 1
Exploitation of polarization diversity

for target detection



Chapter 2

Locally adaptive polarimetric target

detection

The purpose of this Chapter is to investigate the possibility of exploiting the polarimetric
information diversity in PCL system that use DVB-T signals. To this end, suitable
polarimetric detection strategies are considered, that were devised for FM-radio based PCL.
The performance analysis is carried out against real data collected the passive radar sensor
PARASOL from Fraunhofer Institute FHR. In Section 2.1, the main stages of a basic DVB-
T based passive radar signal processing scheme is summarized and in Section 2.3 the
polarimetric detection schemes that will be compared are described. Section 2.4 reports the
results experimental validation, including the acquisition campaign and the employed data

set description. Finally, some conclusion remarks are drawn in Section 2.5.

2.1 Background and Motivation

Following the consideration that target echoes typically show a random polarization, it
was observed that the use of a fixed polarization on receive might result in a significant SNR
degradation [16],[24]. It can therefore be expected that a proper combination of the signals
received at differently polarized antennas might yield a detection performance improvement
for the resulting system. Possible solutions along this line have been investigated in [16],[18].
A very preliminary polarimetric processing scheme was firstly investigated in [16] where a
simple non-coherent integration (NCI) of the results obtained at orthogonal polarized
surveillance antennas was proposed for FM radio-based PCL. However, the authors in [18]
proved that, besides the expected improvement due to NCI of target echoes received on
multiple channels, the polarization diversity might be fruitfully exploited to reject the
disturbance contributions that still limit the achievable performance (e.g. cancellation
residuals or interfering signals). To this purpose, a locally adaptive detection scheme was
derived by resorting to a generalized likelihood ratio test (GLRT) [60] approach, able to
adaptively exploit the polarimetric differences between the target and the competing

disturbance to improve the target discrimination capability.
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The effectiveness of the polarimetric approaches proposed in [16],[18] was extensively
demonstrated for an FM radio-based PCL system. Specifically, the conceived schemes were
shown to be able to mitigate also the effect of co-channel and adjacent-channel interferences
arising from the typical spectrum management for FM radio broadcast transmissions (i.e.
frequency reuse, broad spectrum roll-off of FM radio signals, etc.).

The successful and promising results obtained in the FM radio band have been the strong
motivation behind the investigation of the potential benefits that the use of polarization
diversity could yield also in DVB-T based PCL systems. This work was carried out in

collaboration with the colleagues of Fraunhofer FHR.

2.2 Multi-polarimetric DVB-T based PCL signal

processing

The signals collected by different polarimetric channels separately undergo the first two
main processing stages, namely the disturbance cancellation and the range-velocity maps
evaluation stage. Then, the target detection is performed by exploiting the output of a single

channel or by jointly processing the outputs of multiple channels, as described in Section 2.3.

Direct signal reconstruction. In the case of DVB-T signal as 10, due to the digital
coding of orthogonal frequency division multiplexing (OFDM), it is possible to decode the
transmitted reference signal. Hence there is no need for a dedicated reference channel. In fact,
digitally coded illuminators allow the receiver to reconstruct the transmitted signal by
demodulating and re-modulating the received signal, according to the DVB-T standard. This
operation consists of three main steps: (i) synchronization to the transmitter, (ii)
demodulation and decoding of the synchronized signal, (iii) remodulation of the decoded
signal. The output of such processing would be a cleaned replica of the direct signal, free of
multipath echoes [95], which may be used as reference signal for the following stages. The
direct signal reconstruction approach is a valuable solution for reducing the number of
receiving channels in a PCL, but it requires a small bit error rate in the decoding of the bit
stream, which indirectly calls for enough SNR for the direct signal. The bit error rate can be
in principle reduced by implementing the error correction codes foreseen in the DVB-T
standard.

Disturbance cancellation. The Extensive Cancellation Algorithm - Carrier and Doppler
shift (ECA-CD [94]) has been used in order to effectively reduce the clutter contribution due
to multipath. Specifically, in this work a multi-stage ECA approach has been applied. This
means, the ECA filter is applied to the Doppler bin that collects the most interference power.
Subsequently, the process is repeated on the output of the first ECA stage. In addition, the
ECA filter is applied in the range frequency domain (that is, ECA-C) to account for different

11



multipath /interference that may occur within the spectrum of the DVB-T signal. The further
enhancement from ECA-C to ECA-CD expands the clutter subspace in the Doppler domain.
This is done by adding replicas of the reference signal shifted by fractions of the Doppler
resolution bin (typical values are Doppler frequencies fgea_cp = +0.75Hz). Further details
can be found in [94].

Bistatic range-velocity map evaluation. The evaluation of the bistatic range-
velocity map is the key step of each PCL processing [66]. It is well known that its purpose is
to recognise weak target contributions in the surveillance signal, delayed and Doppler shifted.
In the present implementation, the range-velocity map is calculated based on the periodic
structure of the DVB-T signal. Namely, for each DVB-T OFDM symbol the synchronization
to the transmitter, decoding and remodulation of the DVB-T symbol is performed. Then,
always at DVB-T symbol level, the reconstructed clean replica of the transmitted symbol is
cross-correlated with the corresponding surveillance signal. This cross-correlation implements
the so-called reciprocal filter [96], which equalizes the sub-carriers power over the DVB-T
spectrum, and it performs a range compression of the single DVB-T symbol. It is easy to
show that the reciprocal filter leads to a flat spectrum before final range inverse Fourier
transform, thus minimizing spurious peaks in the resulting map. After that, the range
compressed DVB-T symbols are juxtaposed in the slow-time (i.e. in the coherent integration
time interval) and finally a discrete Fourier transform is performed to synthesize the Doppler
dimension that can be then easily mapped into a corresponding velocity axis. The output of
this stage is a bistatic range-velocity map in which targets’ echoes and disturbance sources
are included. The latter ones may include, besides thermal noise, cancellation residuals and
interferences. These contributions might severely affect each map by increasing its
background level, thus limiting the detection of targets’ echoes. For instance, for a FM radio-
based PCL system it has been shown that the disturbance level may be enhanced up to 15-
20 dB above the nominal system noise level [18]. Moreover, this effect might significantly

vary with time and with the adopted surveillance antenna polarization.

2.3 Polarimetric detection schemes

In a conventional single-pol operation, i.e. if L = 1, once the bistatic range-velocity map
has been evaluated, a Cell Average-CFAR (CA-CFAR) threshold can be applied to detect
targets with a given probability of false alarm. In contrast, when multiple receiving channels
are connected to differently polarized surveillance antennas, various approaches can be
considered to jointly exploit the outputs of the L polarimetric channels, according to the
assumptions that are made on the disturbance statistical properties. The two considered

detection schemes are described in the following Sections.
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2.3.1 Polarimetric Non-Coherent Integration

Let us consider the bistatic range-velocity maps obtained at the L polarimetric surveillance
channels, say y;[r,v], [ =0, .., L— 1. For a given CUT at range bin 1y and velocity bin vy,
the results of the L channels are collected in a complex vector ), =
[)(O[ro,vo], ...,)(L_l[ro,vo]]T. In the following, we assume that target echoes at the L
polarimetric channels have unknown complex amplitudes, i.e. Xo = so=[ag ... a;_1]7 in the
absence of interference, where @; is the unknown complex amplitude of the target at the I-th
polarimetric channel.

Let us make the simplifying assumption that the interference affecting different channels
is statistically independent and identically distributed (i.i.d). In addition, let us assume x,
to follow a complex normal distribution with zero mean vector under the H, hypothesis
(target absent) and mean vector s,under hypothesis H; (target present) and covariance
matrix 651, being o3 the interference power on the single polarimetric channel, i.e.

Xol HQ~C"N (QSO, o2l L), with g = 0,1. The assumption of a Gaussian distributed disturbance

affecting each map is widely adopted in the technical literature especially when dealing with
low resolution radar systems. In particular, recent studies have shown that it is a quite
accurate assumption to describe clutter echoes in passive radar based on DVB-T signals,
even in coastal scenarios [28]-[29]. Moreover, we observe that a Gaussian distributed
background is here assumed to properly describe the overall disturbance contributions that
typically include both clutter echoes and interference from other transmitters. Under these
hypotheses, a quite effective approach to enhance the signal-to-interference-plus-noise ratio
(SINR) on the target is to resort to a non-coherent integration NCI across the polarimetric
channels [16]. Specifically, the outputs obtained at the L polarimetric channels are

incoherently summed after square law detector:

L-1
ol =D Lxalro, voll (2.1)
=0

Then, assuming that the interference is (locally) homogeneous on the integrated range-
velocity map, a CA-CFAR detection scheme is adopted to detect the target presence. To this
purpose, we define a set I[, 1 of P indices that identify range-velocity bins surrounding the
CUT (llxlI?, p €1 [rovol? |I [T0'U0]| = P). The average intensity estimated over these P

secondary bins is used to scale the result of (2.1), before thresholding:

H
oz M

Soer P S Te-wer (22)
tEI[To,V()] t HO
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This detection scheme will be referred to as the P-NCI. The threshold np_y¢; can be found
by numerically inverting the following expression of the theoretical false alarm probability
Pfa [16]

—PL-1

Pa=y (PP (14) 23

where the integration stage over multiple receiving channels has been properly taken into
account [19]. The advantages of the P-NCI scheme are mainly due to the target echo
enhancement resulting from the NCI of its contribution on different channels. In addition,
some benefits are provided by the capability to average the severe interference in bad
polarimetric channels with that appearing in the good ones, thus reducing its impact on the
final performance. However, when an NCI scheme is adopted, the capability to control the
actual false alarm rate is often jeopardized. This reveals the weakness of the hypothesis we
have made concerning the statistical independence of the disturbance affecting different
polarimetric channels. For the above reasons, an alternative technique must be introduced,
aiming at fruitfully exploiting the polarization diversity to reject the disturbance

contributions that might limit the achievable detection performance.

2.3.2 Polarimetric locally adaptive Generalized Likelihood Ratio
Test

By admitting that the disturbance limiting the target detection is mainly related to
external sources (e.g. clutter cancellation residuals, co-/adjacent-channel interferences, etc.),
such disturbance cannot be assumed uncorrelated between different polarimetric channels.
Moreover, based on the assumption that the target polarimetric characteristics might be very
different from the disturbance, a novel adaptive detection scheme can be derived, aiming at
exploiting the polarimetric differences and at improving the target discrimination capability.

To this purpose, complex vector Xy, collecting as before the L polarimetric channels
outputs at the CUT, is assumed to follow a complex normal distribution with mean vector
oso under the H, hypothesis (¢ = 0,1) and covariance matrix D, i.e. Xol H,~CN (8o, D). In
addition, a set of P secondary vectors, X,, p = 1, .., P, are available, containing the output

of the L maps at range-velocity locations adjacent to the CUT, ie. x,=
[)(0 [rp,vp] ...)(L_l[rp,vp]] T They are assumed to be i.i.d with the same statistic of ¥, under

the H, hypothesis. By resorting to the GLRT approach [60], the detection test [18] is

obtained:

Hy
XOHD_1 Xo 2 NMp—GLRT (2.4)
Hy

where D = Z§=1 Xp xg is the sample covariance matrix and np_gprr is the threshold.
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The detector in (2.4) will be referred to as P-GLRT. The threshold can be properly selected

according to the theoretical expression of the Pfa in [18]:

R L N Gl
e =T(P—L+1 l_OF(L—l)K

L-1+1 (2.5)

K
(1-r1)
cascade of a whitening transformation followed by the NCI of the whitened output. Therefore,

beingn = P As is apparent from (2.4) the P-GLRT approach can be interpreted as the
it still benefits from the integration of target echoes across different polarimetric channels.
However, differently from P-NCI, it has the additional capability to reject the disturbance
contributions (i.e. cancellation residuals or co-/adjacent- channel interfering transmissions)
limiting the PCL performance.

2.4 Experimental validation against DVB-T based PCL
data

In this Section a performance assessment is carried out on experimental data. First, the
acquisition campaign carried out by Fraunhofer FHR and the employed data set are

described. Then, the experimental results are reported.

2.4.1 Acquisition campaign

The experimental dataset used for the performance assessment has been collected during
a field trial conducted on September 24, 2014, in Eckernférde, Germany. A map of the area

where the experimental campaign took place is reported in Figure 2.1.

w3 Delphin (extracted trajectory portion)
> Speedboat 1 (extracted trajectory portion)
———3> Speedboat 2 (extracted trajectory portion)
———)> Platform (extracted trajectory portion)

= = = Delphin, speedboats and platform

trajectories during the whole test

| Kiel Transmitter
§| 2pprox. 20 km from the platform

. - )
- Google Farth

Figure 2.1: Sketch of the acquisition geometry
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Table 2.1

Main parameters of DVB-T transmitter in Kiel

Position (WGS-84) 10°60'6.2"E, 54°18'2.3"'N

Modulation 16-QAM
Site Elevation [m] / 38/
Antenna Height [m] 219
Frequency [MHz] 666
ERP [kW] 47
Transmitted polarization Horizontal
10°60'6.2"E
Position (WGS-84)
54°18'2.3"N

It also sketches the adopted acquisition geometry and the paths of the moving objects
employed. Specifically, their trajectories during the whole test are represented in dotted lines,
while the portions of the trajectories exploited in this work are represented in bold continuous

lines.

24.1.1 DVB-T based passive radar setup

The exploited IO is located in Kiel (approximately 20 km away from the receiver site) and
broadcasts DVB-T signals in a single frequency network. It is working in 8k transmission
mode, with 6817 OFDM carriers employed, in a 16-QAM scheme and a guard interval of 1/4.
We used the DVB-T signal broadcasted at 666 MHz. Further details about the transmitter
of opportunity are listed in Table 2.1.

The experimental PCL system PARASOL [49] developed at Fraunhofer FHR was
employed. It consists of two parallel receiving channels, the receiver front-end and the data
and signal processing unit (see Figure 2.2). Pre-processing of the data includes
synchronization to the transmitter, demodulation/remodulation of the DVB-T signal, and
range compression through reciprocal filter as briefly discussed in Section 2.2 (see also [81]).
For the purpose of our analysis, the two available channels were connected to two cross-
polarized antennas. In particular two linearly polarized log-periodic antennas have been used,
manufactured by Schwarzbeck, with a gain of 7dBi in the frequency band under test during
the trials (see more specifications in Figure 2.2(a)). The antennas were spaced approximately
one meter apartl and rotated by 90 degrees one to the other, to collect the horizontally and

vertically polarized versions of the received echoes.

' An antenna spacing of approximately one meter has been proven to adequately limit antenna coupling effects for these specific
antennas at this range of operating frequencies in preliminary anechoic chamber measurements.
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Figure 2.2: Sketch of PARASOL system:

(a) Antenna unit (b) Data and signal processing unit

(a) (b)

Figure 2.3: Cooperative targets: (a) Delphin aircraft (b) One of the speedboats

The system PARASOL was mounted on a moving platform (namely a military boat about
15 meters long), describing a trapezoidal loop in the fjord, as shown in dotted grey in Figure
2.1. However, during the acquisition period reported in the following, it approximately moved
on a rectilinear trajectory covering a global distance of 500m (see the bold white portion of

the trajectory in Figure 2.1).

2.4.1.2  Adopted methodology

The results are reported for 168 consecutive data files, for a total acquisition duration of
approximately 96 seconds. All the available data files have been processed according to the
basic DVB-T based PCL processing scheme described in Section 2.1. Then the polarimetric
detections schemes illustrated in Section 2.3 have been applied and their results are compared
to those obtained with a single-polarization (shortened to single-pol in the following)
operation using either the Vertical (V) or the Horizontal (H) polarimetric channel separately.

Being interested in the detection capability provided by different approaches, the attention
is focused on the results obtained against a few cooperative targets. Specifically, one ultra-

light aircraft and two identical speedboats have been employed as cooperative targets.
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Table 2.2

Delphin aircraft technical details

Motor Rotax 912 ULS
Art 4-Zylinder Boxer
Revolutions Per Minute (RPM) 5800
Tank capacity 120 liter
Service ceiling 3000 m
Top speed 260 km/h
Cruise speed 180 km/h
Stall speed 65 km/h
Empty weight 295 kg

Table 2.2 shows some technical details of the aircraft Delphin (see Figure 2.3(a)) from
Fraunhofer FHR. The true trajectory of Delphin during the whole test is reported in Figure
2.1 (in dotted light blue) as provided by the Global Positioning System (GPS) receiver on-
board. The availability of truth-data for the cooperative targets allowed us to evaluate the
performance of the PCL system, in terms of number of correct detections. We recall that the
bold continuous portion of the trajectory in Figure 2.1 corresponds to the considered
acquisition interval. The speedboats are two identical 7m long rubber boats (see Figure 2.3
(b)), equipped with GPS receivers. Their true trajectories are reported in Figure 2.1 in green
and red, respectively. Since the two speedboats navigated very close to each other during the
whole test, their trajectories largely overlap.

During the considered acquisition period (see the zoom in Figure 2.1), they describe half
period displaced sinusoids around a common rectilinear trajectory, moving away from the
receiver platform.

Based on the a priori knowledge of the bistatic geometry, the available target true
trajectories are projected onto the bistatic range-velocity plane. This allows a direct
comparison with the plots provided by the PCL sensor. See for example Figure 2.4 where the
bistatic trajectories of Delphin and of the two speedboats are reported as blue, red, and green
continuous lines, respectively. Therefore, a given PCL plot obtained at a specific data file is
declared to be a “correct detection” when it appears at the expected bistatic range-velocity
location occupied by one of the cooperative targets at the considered time instant. To make
the procedure robust to the inaccuracies of both the PCL measurements and the GPS data
projection onto the bistatic plane, proper confidence intervals in range (£100 m) and velocity
(£3 m/s) have been defined for the described association stage. With this counting procedure,
reasonably accurate estimates of the detection rate can be obtained because, when the false
alarm rate is kept sufficiently low, it is very unlikely to include false plots within the correct

detections.
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2.4.2 Results

By recalling the processing scheme depicted in Section 2.2, two sets of results are reported in
the following sub-Sections. Specifically, in Section 2.4.2.1 the possibility of removing the
disturbance cancellation stage separately performed at each polarimetric channel has been
considered. Subsequently, in Section 2.4.2.2 the detection performance analysis has been
repeated, after the application of the disturbance cancellation scheme illustrated in Section
2.2.

2.4.2.1 Results obtained without disturbance cancellation at each channel

The considered experimental test is representative of a short-range surveillance application
against both aerial and maritime targets. In such conditions the capability to limit the
computational load required to attain given performance might be a key point as it in
principle enables a real time operation and, consequently, fast reaction times. To this purpose,
we considered the possibility of avoiding a dedicated disturbance cancellation stage to be
separately applied at each receiving channel. This turns out to be a challenging condition in
which the considered polarimetric schemes could be interestingly tested. In fact, in the
absence of a preliminary cancellation stage, the detection of potential targets competes with
the high-power direct signal and multipath returns that spread over the range-velocity maps.
Therefore, we report the detection results obtained when skipping the disturbance
cancellation block in Section 2.2 The two remaining processing stages (direct signal
reconstruction and bistatic range-velocity map evaluation) have been regularly applied
against the received data.

Four different approaches have been employed at the target detection stage: (i) single-pol
operation using the horizontally polarized channel only (single-pol H), (ii) single-pol operation
using the vertically polarized channel only (single-pol V), (iii) P-NCI, and (iv) P- GLRT.

In Figure 2.4 we report on the bistatic plane the raw detection results obtained after each
approach, compared to the GPS based trajectories available for the three cooperative targets.
Specifically, the relative bistatic range axis represents the path transmitter-target-receiver,
minus the baseline, while the bistatic velocity represents the absolute sum of the radial
velocities of all moving objects. In fact, the returns from stationary clutter appears slightly
Doppler shifted. The raw detections collected for the 168 consecutive data files, are reported
as brown plots in a common plane. The temporal information is mapped in brown graduating
shades, starting from the darkest one (see colorbars in Figure 2.4 and in Figure 2.5).

For all the considered detection schemes, the threshold has been set in order to obtain a
nominal Pfa = 10° Correspondingly, for each approach, we report in Table 2.3 the number
of correct detections provided against the three cooperative targets. For the detailed
explanation of the counting procedure, please refer to Section 2.4.1.2. In Table 2.3, also the
results obtained with different setting of the nominal Pfa are reported for an extended

performance comparison.
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Figure 2.4: Detection results without applying any cancellation stage for Pfa = 10° and different
detection schemes : (a) single-pol H, (b) single-pol V (¢) P- NCI (d) P-GLRT

Based on the results in Figure 2.4 and Table 2.3, the following considerations are in order:

The use of a single-pol operation leads to quite different results depending on the
polarization of the employed antenna. This is well in line with the results in [16], [24].
Specifically, for this dataset we can say that, on average, the single-pol H yields better
results in terms of number of correct detections against all the three targets considered.
Incidentally, we recall that the exploited 10 uses horizontal polarization. Nevertheless,
this trend is not stable, and it may change with time. Namely, the single-pol V
occasionally provides correct detections at scans where the single-pol H experiences a
missed detection (see e.g. the Delphin tracks portion between 4-4.2 km and 40-60 m/s in
Figure 2.4 (a) and (b)). This can be explained by observing that the targets’ echoes
typically show a random polarization due to the reflection of the transmitted signal on

the complex structures of the targets.

A P-NCI approach (Figure 2.4(c)) only allows to slightly increase the number of correct
detections against the aerial target Delphin with respect to the best performing single-

pol channel.
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Table 2.3
Number of correct detections with different polarimetric detection schemes

and Pfavalues in the absence of a prior cancellation stage.

Delphin Speedboat 1 Speedboat 2
single  single single  single single  single
Pr: 1 1 " " | | " " 1 1 " "
Lo Na oeer P P xa et PP PP Nar LRt
H \Y% H Vv H \%

10 134 121 142 149 14 3 14 17 19 4 5 22

10 131 114 140 145 11 3 10 13 16 2 4 21

107 130 107 134 142 10 1 8 11 14 1 4 16

0% 127 97 131 142 7 0 6 10 9 1 4 10

Furthermore, the advantage gets smaller as the Pfa decreases and this shows that, despite
the target echoes integration, the resulting SINR did not improve because of a
corresponding increase in the interference background level. Similarly, the P-NCI fails in
enhancing the detection capability against the small maritime targets. For instance, for
Speedboat 2, the performance of the P-NCI is much more comparable with that provided
by the worst single-pol channel. In addition, it is worth noticing that a considerably
higher number of false alarms appears in the considered range-velocity area. The inability
to provide an effective control of the false alarm rate can be mostly attributed to the
weakness of the hypothesis of statistical independence of the disturbance affecting the
L different range-velocity maps. This especially applies to the case study under
consideration since, in the absence of a prior disturbance cancellation stage, the observed
interference is mainly due to the direct signal from the transmitter and its multipath

replicas.

The P-GLRT detection scheme (Figure 2.4(d)) yields the best performance thanks to its
capability to adaptively reject the disturbance contribution based on the polarimetric
information. Specifically, the P-GLRT allows to increase the number of correct detections
with respect to both the best performing single-pol channel and the P-NCI, for all the
three cooperative targets included in the analysis. This represents a clear advantage as
it enhances the continuity of the obtained plot sequences that potentially simplifies a
subsequent track initiation stage. Also, compared to P-NCI, P-GLRT allows to
effectively control the false alarm rate. It is worth noticing that the plots formations
outside the target trajectories are rarely due to the homogeneous background. They are
rather due to the sidelobes of high power zero-Doppler contributions (severe multipath

and/or interfering transmitters) or, eventually, to other targets of opportunity.
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Figure 2.5: Detection results, after applying a 2-stage ECA-CD algorithm for P = 10° and
dfferent detection schemes: (a) single-pol H, (b) single-pol V (¢) P- NCI (d) P-GLRT

2422 Results obtained after disturbance cancellation at each channel

Results analogous to those reported in Figure 2.4 and Table 2.3 are shown in Figure 2.5
and Table 2.4 when including the disturbance cancellation stage in the basic processing chain
of the DVB-T based PCL system. Specifically, the disturbance cancellation has been
implemented according to the ECA-CD approach.

Two stages of the algorithm were enough to mitigate the limited clutter Doppler spread
mainly caused by the receiver platform slow motion. As is apparent, all the considered
polarimetric detection schemes benefit from the prior cancellation stage separately applied at
each polarimetric channel and thus provide improved performance with respect to the
corresponding results discussed in Section 2.4.2.1. This is particularly evident for the
speedboats’ tracks that were almost entirely hidden behind the strong stationary disturbance,
when not removed in a prior stage. This is quite apparent in Figure 2.6 that reports the
range-velocity maps obtained for the single-pol H at a given scan. Specifically, in Figure 2.6

(a-b) the results are reported before and after applying a 2-stages ECA-CD, respectively.
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Table 2.4
Number of correct detections with different polarimetric detection schemes
and Pfa values after the application of a 2-stage ECA-CD.

Delphin Speedboat 1 Speedboat 2
. singlle singlle p. p. singlle singlle p. p. singlle singlle p. p.
oo P e aer | P P xar et | P PY Nar LR
H \% H \Y% H \Y%

100 143 125 144 152 36 17 32 42 56 25 46 59

100 141 117 144 150 26 11 27 37 50 20 40 56

107 137 109 139 149 24 7 25 31 46 18 38 51

10 135 103 137 148 16 7 18 24 42 16 33 45

While Delphin appears as a strong peak in both cases (see the circles at approximately 4.4
km), the stationary disturbance severely masks the weak echoes of the speedboats that, at
this scan, are located at approximately 0.6 km.

After the removal of the disturbance contributions around the zero Doppler, the
speedboats yield isolated peaks that can be successfully detected against the low power level
background. Therefore, when collecting the results at consecutive scans, a greater number
of correct detections are obtained after the application of the ECA-CD with all the considered
polarimetric schemes. Also, some of the undesired plots formations that were present in
Figure 2.4 have been correctly removed in Figure 2.5 as they were probably originated by
stationary disturbance contributions. Despite this overall improvement, the comparative
analysis presented in sub-Section 2.4.2.1 among the different polarimetric detection schemes
is entirely confirmed here. Specifically, the P-NCI still suffers from a limited capability of
controlling the false alarm rate. In fact, even after the ECA-CD application, the presence of
cancellation residuals of other sources of externally generated interference might jeopardize
the hypothesis of uncorrelated disturbance contributions at the available polarimetric
channels. The P-GLRT still offers the best results after the stationary disturbance has been
strongly reduced. This underlines that, when avoiding the prior cancellation stage, the P-
GLRT scheme has the potential to mitigate the strongest interference contribution caused
by the direct signal and its multipath replicas.

On the other hand, when these contributions have been largely reduced by a dedicated
processing stage, the P-GLR'T approach still allows to enhance the resulting performance by
counteracting possible cancellation residuals or other interference sources. In this regard, we
report in Figure 2.7 the direct comparison of the results obtained with the single-pol operation
(both H and V) after the 2-stage ECA-CD (see Figure 2.7 (a-b)) with the results of the P-

GLRT either in the absence or after a prior cancellation stage (see Figure 2.7 (c¢-d)).
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Figure 2.6: Range-velocity maps for single-pol H before thresholding:
(a) without a 2-stage ECA-CD (b) after a 2-stage ECA-CD

In this case, the attention is focused on the correct detections only, so that the sequence of
corresponding velocity measurements (black dots) is compared to the bistatic velocity tracks
of the cooperative targets as a function of time. These figures allow to appreciate the
continuity and the accuracy of the information provided by the PCL system employing
different processing schemes. Incidentally, we observe that true target trajectories fluctuate
due to the rough velocity estimation obtained via a differentiation of the range information
provided by the GPS.

Based also on the comparison of the numerical results reported in Table 2.3 and Table
2.4, we observe that when the P-GLRT scheme is applied without any prior cancellation
stage (Figure 2.7 (c)), it provides better detection performance against the aerial target than
the single-pol channels after the application of a 2-stage ECA-CD. The advantage is
tremendous with respect to the worst performing single-pol solution (i.e. single-pol V in
Figure 2.7 (b)).

In such a case, the polarimetric adaptive approach operating on the range-velocity map
may constitute a valid alternative to the application of a cancellation stage in the signal
domain. Clearly, the same conclusion cannot be drawn with reference to the small maritime
targets as, in that case, the cancellation stage is strictly required for them to be detected
with a reasonable detection probability. In such conditions, the additional disturbance

rejection capability intrinsically provided by the P-GLRT might be a critical point.
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Figure 2.7: Correct detections in the bistatic velocity-time domain for Pfa = 10 with: (a)
single-pol H after a 2-stages ECA-CD (b) single-pol V after a 2-stages ECA-CD
(¢) P-GLRT without any prior cancellation stage, (d) P-GLRT after a 2-stages ECA-CD

Comparing Table 2.3 and Table 2.4 it is apparent that the P-GLRT allows to increase the
number of correct detections with respect to the best single-pol channel. For instance, with
Pfa = 10° an increase of 42% and 12% is observed against Speedboat 1 and Speedboat 2,
respectively.

If compared to the worst performing single-pol channel, the number of correct detections
against the maritime targets is always more than tripled for Speedboat 1 and more than
doubled for Speedboat 2. The advantage of the P-GLRT is even more apparent if we observe
that, in practical cases, it is difficult to identify an effective way of a priori establishing the

best antenna polarization to be employed.

2.5 Summary

In this Chapter, the feasibility of a polarimetric operation is considered for passive radar
exploiting DVB-T transmitters as IOs. The results obtained using experimental data sets
including cooperative targets allowed to prove the effectiveness of the locally adaptive

approach to jointly exploit the information provided by two cross-polarized surveillance
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antennas. In particular, we showed that the considered P-GLRT detection scheme is able to
effectively exploit the polarimetric information to reject the disturbance thus leading to a
remarkable target detection improvement.

However, the considered detection strategy exploits the polarimetric information after
the entire basic PCL processing has been separately applied to the signals collected by
differently polarized antennas. Therefore, building upon this promising results, we aim at

deriving a novel polarimetric target detection scheme in the next Chapters.
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Chapter 3
Polarimetric adaptive target detector

based on a multi-channel AR model:

Derivation and Performance Analysis

In this Chapter, we deal with the problem of target detection in coherent radar systems
exploiting polarimetric diversity. We resort to a parametric approach and we model the
disturbance affecting the data as a multi-channel AR process. Following this model, a new
polarimetric adaptive detector is derived, which aims at improving the target detection
capability while relaxing the requirements on the training data size and the computational
burden with respect to existing solutions. A complete theoretical characterization of the
asymptotic performance of the derived detector is provided, using two different target
fluctuation models. The effectiveness of the proposed approach is shown against simulated
data, in comparison with alternative existing solutions.

In Section 3.1 prior work on polarimetric adaptive detector is detailed. The proposed AR
model based polarimetric adaptive detection scheme is derived in Section 3.2. The asymptotic
performance of the proposed detector are illustrated in Section 3.3 while an extensive
numerical analysis is reported in Section 3.4 to assess the performance of the derived detection
strategy. Finally, concluding remarks are given in Section 3.5 while mathematical details are
reported in Appendices A-D.

3.1 Fully adaptive polarimetric detectors

Let us consider a polarimetric radar system that collects signals from L polarimetric channels.
These are typically obtained by exploiting multiple receiving channels connected to
differently polarized antenna elements. A quite typical case is attained by exploiting two
linearly cross-polarized antennas, making L = 2 polarimetric channels available. The number
of equivalent polarimetric channels can be further increased if the transmitter is able to emit
signals using different polarizations. For instance, by alternatively transmitting bursts of
radar pulses at the two linear polarizations (H and V) and simultaneously collecting the

corresponding back-scattered echoes at both polarizations, a maximum of L = 4 polarimetric

27



channels can be obtained in a pulse radar, namely HH, VV, HV and VH channels. Assuming
reciprocity between HV and VH returns [76], the number of independent channels is L = 3.
In general, we arrange in a L-dimensional vector Xq(m) the samples collected at the L

available polarimetric channels at the m-th temporal observation:
T
1 L-1
Xo(m) = [x(()o)(m) ...x(g )(m) ...x(() )(m)] (3.1)

In this work, temporal observations might refer to consecutive pulses emitted by a pulse
radar transmitter; in this case the samples are extracted at a given range cell after an
appropriate range compression stage, e.g. matched filter. Alternatively, they might refer to
samples of the backscattered echo signal for a continuous wave radar transmission. The
subscript ‘0" in (3.1) refers to primary data, namely the data in which the detection of a
target echo is sought. In fact, Xq(m) is the sum of a useful target component s(m) and a

vector d(m) collecting the disturbance contributions, which might include clutter and noise:
Xo(m) — os(m) + d(m) (3:2)

being 0 = 0 under the null hypothesis Hy (target absent) and ¢ = 1 under the alternate H,
hypothesis (target present).

We arrange M consecutive temporal observations in a LMx1 vector
xo = [x5(0) x (1) ..x5 (M — )] (3.3)

Following (3.2), it can be decomposed asXo= ps + d, where s and d are arranged as Xg.

Specifically, the target component can be written as:
s = tQa (3.4)

where
. t is the vector of expected temporal returns for a unit amplitude target echo. It is
assumed known at the receiver; however, its definition depends on the employed radar
system. For an active radar system exploiting a coherent train of M pulses, t is typically

referred to as the temporal steering vector and it is given by t =

[1,e_j2"fd, ...,e‘jZ”(M_l)fd]H, being f; the target Doppler frequency normalized to the
pulse repetition frequency (PRF). In contrast, when a continuous wave (CW) radar is
considered and the temporal observations represent consecutive samples of the
backscattered echo, t might include a M-samples fragment of the transmitted signal.

T

. a=[ag, .., a,_1]" contains the unknown complex target amplitudes at the different

polarimetric channels. As is apparent, a partially structured model is assumed for the
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target. In fact, its returns are assumed to be known up to an unknown amplitude in the
temporal domain, namely at the [-th polarimetric channel, [ = 0, .., L — 1, they are
obtained as a;t, with known t. In contrast, target returns involve unknown nonlinear
parameters in the polarimetric domain, being the target echoes at a given time instant

provided by t,oa, m =0, .., M — 1, with unknown a.

Vector X, is typically modelled as a complex Gaussian random vector with covariance matrix
M, zero mean vector under the null hypothesis Hy, and mean vector s under the alternate
hypothesis Hj, i.e. Xo|HQ~(3N(QS7M)-

The LMxLM covariance matrix M encodes the polarimetric and spectral characteristics

of the disturbance affecting the received vector and it has a block structure:

MO,O MO,M—1
M = E " E (35)
MM—l,O MM—l,M—l

where the generic LxL block M,,, is the cross-covariance matrix of the polarimetric vectors
extracted at times m and p, namely M,,, = {XO (m)xH (p)|H0} :

As is well known, under these hypotheses and assuming the covariance matrix M known, the
optimum detection test, referred to as the polarimetric matched filter (Pol-MF), is obtained
as [26]

Hy
Tronr = XEMIT[TIMIT] I THM " 1xy 2 nur (3.6)
Hy

where nur is the detection threshold and T = t&1;.

However, adaptive approaches must be considered to obtain a practical receiver for real
radar scenarios where the covariance matrix is unknown. To this end, along with the primary
data X, the authors in [26] and [82] assume a set of P vectors X, p = 1, ..., P, to be available,
referred to as secondary (or training) data. They are assumed target-free, independent and
identically distributed (i.i.d), sharing the same statistic of X, under the Hy hypothesis.

Two different adaptive detection schemes can be obtained by resorting to either a two-
stage GLRT strategy or a plain GLRT approach. Specifically, in the former case, the
detection test is obtained by substituting in (3.5) the ML estimate of the covariance matrix

based upon P secondary data, namely M = %2521 X,Xy , thus writing [26]:
Hy

Tporanr = XSIM_lT[THM_lT]_lTHM_IXO 2 Namr (3.7)
Hy
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where nauris a properly modified detection threshold. This will be referred in the following
as the polarimetric adaptive matched filter (Pol-AMF).

Alternatively, by resorting to the plain GLRT approach, the polarimetric GLRT (Pol-GLRT)
has been derived in [82] and [83] as

H
P ~ -1 P 1
T - XI(;IM 1T[THM 1T] THM 1X0 — TPOl—AMF 2 r’ (3 8)
Pol-GLRT P+ XSIM_IXO P+ X(IJ.IM_lxo H GLRT .
0

Nearrr being the detection threshold that guarantees the desired false alarm probability.

As it is apparent, the above detectors adaptively exploit all the available degrees of
freedom to perform the whitening of the data xy in both the polarimetric and temporal
domains. While being theoretically optimum under the assumption of a priori known
disturbance characteristics, this approach might be computationally intensive and might
suffer of significant adaptivity loss in practical cases, especially when a limited number of
training data is made available. As is well known, a number of secondary data P = 2ML is
required for the aforementioned adaptive detectors to yield limited adaptivity loss. This could
result in severe limitations when L and M are large, as it may be difficult to obtain the
required amount of training data with the desired characteristics (target-free and i.i.d).

To overcome these issues, in the next Section we exploit a parametric method to develop
a new polarimetric adaptive detector by modelling the disturbance as a multi-channels AR

process.

3.2 AR model based Polarimetric Adaptive Detector

One effective way to reduce the computational load and training data size requirements is
to model the disturbance as a multi-channel AR process and exploit it for the development
of the target detection test. This approach has been effectively applied in several radar
applications including STAP and other array processing applications. Here this approach is
employed to the considered polarimetric radar where the multi-channel system is intended
to capture the polarimetric information from both the target and the competing disturbance.
Specifically, the adopted disturbance model is described in sub-Section 3.2.1. This is then
exploited in sub-Section 3.2.2 to derive the GLRT detection test based on primary data only,
namely by assuming known the disturbance parameters. Finally, the AR-based adaptive
detection test is presented in sub-Section 3.2.3, based on the result in 3.2.2 and a two-stage
GLRT approach.

3.2.1 Multi-channel Auto-regressive Model

We model the disturbance as a L—channel AR process of known order @ — 1, denoted as
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AR (Q — 1) and exploit it for signal detection. Accordingly, the vector random process d(m)

satisfies the following relation [99]:
d(m) = ZgZ; A (@)d(m — q) + w(m) (39)

where {A(q)}g;l1 are complex-valued LxL matrix parameters encoding the regression
coefficients at different polarimetric channels, and w(m)~CN (0,R) is the driving white noise
sequence, R being the Lx L polarimetric covariance matrix. Note that the single-channel AR
model has been widely adopted in radar signal processing. For instance, different authors
demonstrated that it can be used to reasonably approximate the spectral characteristics of
different types of clutter [38],[48],[59],[86],[112], e.g. sea, ground, atmospheric. In this work,
we extend this model by also considering the existing correlation between the available
polarimetric channels. The model in (3.9) will be used in this paper for the theoretical
derivation of an appropriate detector. Then, its suitability in practical applications will be
verified in Chapter 4 and Chapter 5 against both simulated and experimental data. Based
on this model, the approximate (actually conditional) probability density function (pdf) of
the data [15],[57],[58],[97] under the H, hypothesis can be written as:

fo(xo| RAA(@}IT) = (wh[R])~M-C+D

M Q-1
xexpd = D" [xo(m) = Y A(@) xo(m— )[R [xo(m)
m=¢ =1 (3.10)
Q-1 H

B Z A" (q) xo(m — q)
q=1

We note that the conditional pdf in (3.10) well approximates the actual pdf of the data
for the large-sample case [15],[58]. Therefore, as in [102], we use (3.10) in the following to
derive the sought detector and to perform the ML estimation of the AR parameters. A similar
expression can be provided under H, by replacing each instance of xo(m) with xo(m) — s(m).
To simplify the notation, we arrange the matrix parameters of the AR(Q — 1) process in a
L(Q - 1)xL matrix A =[A¥(Q — 1) A#(Q —2) ... AP(1)]”. In addition, we define the
vectors Xo(m) = [xH(m) xE(m+ 1) ..xEm+Q —1)]¥, m =0, .., M — Q, which collect Q
consecutive snapshots of the data starting from the m-th sample. Finally, we arrange these
vectors into matrix Xo(LQ x L (M- Q - 1))

Xo = [%0(0) %o(1) ... %o(M — Q)] (3.11)
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The same definitions are extended to the target components, yielding the following matrix

structures:

S = [3(0) 3(1) .. (M — Q)] (3.12)

§(m) =[sf(m) sf(m+1)..s"(m+Q - D]

i(m) @« (3.13)

where £(m) collects a Q-dimensional sub-vector of the temporal steering vector starting from
the m-th sample. Consequently, the likelihood of the data under hypothesis H, (¢ = 0,1) can

be rewritten as:

f,(Xol Yo, R,A) = (m}|R[)~(M-0+D

x exp{—tr[(Xo — YS)"P (X, — YS)I} (3.14)

Where P = HIR™IH, H = [-AF 1], and tr (-) denotes the trace of the matrix.

3.2.2 AR model based Polarimetric Matched Filter

We derive the polarimetric adaptive detector by resorting to a two-step GLRT design
criterion. Specifically, in this Section we assume that the parameters of the AR (Q — 1)
model, say R and A, are known, and we derive the GLRT detection test based on primary
data. Then, in the next sub-Section, a fully adaptive detector is obtained by replacing the
unknown matrices with their ML estimates.

The test statistic of the GLRT based solely on primary data is given by:

max{f, (Xol o, R, A)} 1
fOGIRA) 5" (3.15)

where 7, is the detection threshold.
By maximizing the numerator over o and after some algebraic manipulations (see

Appendix A), we obtain the following test statistic:

M-Q M—Q -1
Trot-ar-ur =2 ) M) PE(m) [ > 2 (m)P E(m)
m=0 m=0
o " (3.16)
X Z 27 (m) PRo(m) Z Nap-ur
m=0 HO
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where Z(m) = £(m)®I;. The detection scheme in (3.16) will be referred to in the following
as the polarimetric AR model based matched filter (Pol-AR-MF).

The test statistic above can be interpreted by defining the matrices W =
Z%;g 2H(mM)PE(m) and V(m) = PX(m), m =0, .., M — Q, which allows us to rewrite (3.16)

as:

M-Q M-Q H,
Tpoi—ar-mr = 2 Z &G (M) V(m) W1 Z VH(m) Xo(m) 2 Nag-mr (3.17)
m=0 m=0 HO

We observe that V(m) (LQxL) includes the filter coefficients to be applied at the m-th
sub-CPI to obtain the temporally whitened sequence of L-dimensional vectors yo(m) =
Vi(m)Xg(m), m = 0, .., M — Q. The summation across consecutive samples provides the
coherent integration of target echoes in time domain, which yields zo = V2 Z%;g yo(m).
Notice that, assuming a block based implementation of the detection scheme, the exploitation
of an order @ — 1 for the AR model implies a loss of @ — 1 samples on the sequence yo(m)
namely the summation is limited to M — Q + 1 samples. This might be responsible of limited
loss as observed in the results reported in Section 3.4. However, other implementations are
possible based on lattice filters operating across the slow time.

Finally, the test statistic is evaluated as Tpoar-ur = 20"Wz, that encodes the polarimetric
whitening followed by the non-coherent integration of target echoes across the polarimetric
channels. This is a direct consequence of the partially unstructured model adopted for the
target component (see (3.4) and subsequent positions).

Notice that, if t represents the temporal steering vector, namely the vector that encodes the
target echo phase shifts across consecutive radar pulses, we can rework and simplify the
expression in (3.17). To this purpose, we observe that £(m) = e/2™a™ §(0) and, consequently,

we can write:

M-Q
Tpor—ar-mr = 2 Z el2mfam f(g’(m)V(O) w-t

g H, (3.18)

X Z e~ /2L am VH (0)Xo(m) 2 Nag-mr
m=0 HO

where W = (M - Q +1) ¥#(0)PX(0). Therefore, in this case, a constant filter can be applied
to obtain the whitened sequence yg(m) = V#(0)X(m), provided that the phase shift across
consecutive sub-CPIs is compensated for before coherent integration. The above

simplification also allows an alternative implementation of the temporal whitening stage as
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the filtering by matrix V(0) and the summation could be performed in reverse order to limit
the computational burden.
As a last remark, we notice that the test statistic in (3.17) can be expressed as a quadratic

form in x, as:

H,
Tpot-ar-mr = Xo B C C"BYXo 2 14p_yr (3.19)
Hy
where
B =By B;.. Bug]

OmeL
3.20
with B,, = v(m) m=20,.,M-Q (3.20)

0L (M—0-m)xL

C= \/E(lM—Q+1><1 ® W_%) (3.21)

Under the assumptions adopted in (3.18), the blocks of matrix B are shifted versions of the

1
first block, being the shift by L elements row-wise, whereas C = v2(t ® W™2) where t
includes the first M — @Q +1 elements of the steering vector t.

3.2.3 Adaptive implementation

To make the derived detector fully adaptive, matrix P, and hence matrices A and R, must
be replaced with their ML estimates. These are obtained from the secondary data x,, p = 1,
., P, for which the same assumption adopted in Section 3.1 hold (i.i.d. and target free).
Specifically, in this case we assume that the disturbance in the secondary data follows an AR
(Q — 1) model with same parameters of the disturbance affecting the primary data. By
applying the same reordering strategy as for X, (see (3.11)) to the secondary data vectors,
we obtain P matrices X,, p = 1, .., P, that are then collected in a larger matrix X = [Xj ..
Xr| of dimensions QLxP(M — Q + 1). The joint likelihood of the secondary data is then

written as:
foXIR,A) = (nk|R[) ¥ ¢+ exp{-tr(X"PX)} (3.22)

Based on (3.22), proper approximation of the ML estimates of A and R are readily obtained
as (see Appendix B):

A= QyQo1 (3.23)

and
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- 1

R= m (611 - 661160_(}601) (3.24)

where Qg (L(Q ~ 1) x L(Q ~1)),Qo1 (L(Q — 1)xL), Qq; (LxL) are blocks of the following

matrix:

Q =XXx* _ Qo 901] (3.25)
[ Qu
Notice that a similar result was obtained in several works, e.g. [32],[62],[102], since this is
independent of the adopted model for the target components.
We observe that the LQxLQ matrix Q represents an estimate of the disturbance
covariance matrix within a sub-CPI, namely any LQxLQ block on the main diagonal of

matrix M. This benefits from a joint average over secondary data and consecutive
(overlapped) sub-CPIs within the CPI:

M-
Z %, ()L (m) (3.26)

IIM"U

The need for a smaller number of parameters to be estimated and the possibility to improve
the estimation stage based on consecutive temporal observations formed within the CPI allow
to limit the adaptivity loss compared to the detection schemes in Section 3.1 [26],[82].

By using (3.23) and (3.24) in (3.16), we obtain the test statistic for the polarimetric AR
model based adaptive matched filter (Pol-AR-AMF) as

M-Q M-Q -1
Trot-an-amr =2 ) X () PE(m) | > 2 (m)P E(m)
m=0

m=0
3.27
H, ( )
X 2H(m) PRo(m) 2 Nap_amr
=0 HO

3

being P = HYR"*Hand H = [-A¥ 1I,]. Similarly, the adaptive versions of the test statistics
n (3.18)-(3.19) can be easily obtained.

3.3 Asymptotic Performance

In this Section, we derive the asymptotic performance achievable with the proposed detector,
i.e. under the assumption that A and Rare asymptotic estimates obtained from an infinite
number of secondary data. Basically, we neglect the adaptivity loss due to the estimate

fluctuations and, provided that the pdf in (3.10) correctly approximates the actual pdf of the
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data for the large-sample case, we assume that the asymptotic ML estimates of A and R
coincide with the actual values of the AR parameters. This analysis is useful since it might

be representative of the performance of its adaptive version for large number of training data.

3.3.1 False alarm probability

Let us consider the test statistic in (3.19) and define the L-dimensional vector Z, = C'Bfx,
namely Z, represents the data after both polarimetric and temporal whitening, which then
undergoes the non-coherent integration across the polarimetric channels and the test statistic
in (3.19) can be written as Tpo—ar—mr = lZoll?.

If the input disturbance process exactly matches the AR (¢ — 1) model exploited for the
derivation of the proposed detector, the filtering of data x, via matrices B and C, based on
asymptotic estimates of the relevant parameters included therein, provides a perfect
whitening in both the polarimetric and the temporal domain. Under the H, hypothesis, Z; is
a complex Gaussian random vector with zero-mean and covariance matrix 2I;, i.e.
Zoly,~CN'(0rx1, 2I). See Appendix C for demonstration. Therefore, the asymptotic
distribution of the test statistic of the adaptive detector is given by

asymp.
Tpor—ar-amr — Tpoi—ar-mF NXZZL (0) (3.28)

where x3,(0) denotes the central Chi-squared distribution with 2L degrees of freedom.

Correspondingly, we can write the asymptotic false alarm probability Pfa as

L-1 nl "
p. — Z— -2 3.29
e LT D" (3.29)

where I'(+) is the Gamma function and 71 is the threshold that guarantees the desired Pfa.
Eq. (3.29) gives an exact threshold nyg_yr for the clairvoyant detector in (3.19) whereas, as
the number P of secondary data increases, it provides a good approximation of the threshold
Nar—amr t0 be adopted for the adaptive detector in (3.27).

The asymptotic distribution of Tpy;_ar_amr under Hy is independent of the unknown
parameters. Consequently, the Pfa in (3.29) depends only on the test threshold and the
number of polarimetric channels, which are design parameters. It is then evident that the

proposed detector asymptotically exhibits the CFAR, property.

3.3.2 Detection Probability

A. Non-fluctuating target model (Swerling 0)

For a non-fluctuating target model, namely a Swerling 0 target [109], and assuming know the

disturbance parameters, vector Z, under hypothesis Hy is a complex Gaussian random vector,

36



with mean vector v = C"B”s and covariance matrix 21y, i.e. Zo|y, ~CN (v, 2I;), and the

asymptotic distribution of the test statistic is given by

asymp.
Tpoi—ar—amr — Tpoi—ar-mrF ~X§L(§) (3.30)

where x2; () denotes the noncentral Chi-squared distribution with 2L degrees of freedom and
noncentrality parameter ¢ = YI, |vl| = |[v]|%2. From (3.30), we can write the asymptotic

detection probability Pd expression using the Marcum Q-function, as follows

Py =Q.(Vo./m) = f;x (%)H exp <— - g) I-1(y/sx) dx (3.31)

I L_l(\/Ex) being the modified Bessel function of order L — 1.

Egs. (3.31) and (3.29) extend the results in [56] that were obtained for the case of a
structured model for the space-time target components. That model basically yields a
coherent summation over the whitened sequences and, in turn, results in a y2(og) asymptotic
distribution for the test statistic under Hy (o = 0,1).

B. Fluctuating target model (Swerling I)

Assuming a Swerling I model for the target [109], namely considering a target complex
amplitude distributed as a zero-mean Gaussian random variable with covariance matrix M;
= F{aa’}, vector Z, turns into a complex Gaussian random variable with zero-mean vector
and covariance matrix Dy = 2I; + C"B/(tt" @M,)BC.

Therefore, in this case, we look for a closed form expression for the asymptotic Pd £
Prob{||Zol|*> > 1 |H,}, with Zo |y, ~CN' (0.1, Do).

To this purpose we can use some recent results from the theory of indefinite quadratic
forms in Gaussian random variables [4]. To this end, let yo .. yr1 denote the R<L distinct
non-zero eigenvalues of Dy, each with multiplicity u,, r= 10, .., R — 1.

Following the approach in [4] we can write the Pd expression as follows (see Appendix D

for the derivation):

R—-1H4r—1 -

P ) ) Ty 332)

where 7 is the threshold, and the coefficients &y, definition is detailed in eq. (D.3) of

Appendix D. The expression above takes simplified forms for the special cases of either a
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unique eigenvalue (y,) with multiplicity L or L distinct eigenvalues. Specifically, in the former

case we obtain

L-1

L _n
p, = Z"— o (3.33)

e
1
=i Vo r(+1)
which corresponds to a Gamma distributed test statistic, i.e.

asymp.
Tpot—ar-amr — Tpor—ar-mr ~ T (L, ¥o) (3.34)

whereas, in the case of L distinct eigenvalues, we have

L-1

L-1 n
Pa=) —L e (3.35)
= [TiZo (i —vi)
i %1

which yields, for the test statistic, the following asymptotic pdf:

L-1

T asymp. T Z )/lL_Z _%

Pol-AR-AMF — lpol—AR-MF ~ i1, < € 3.36

’ ’ =ASITRSD (3:36)
L

3.4 Numerical Results

In this Section, we investigate the performance of the proposed detector via numerical
examples. To this aim, we generate the disturbance signal as a L-channel AR (Q — 1) process
and matrices A and R and we carry out Monte Carlo (MC) simulations with proper number
of trials. We consider an order Q — 1 = 3 for the AR process with L = 3 (HH, VV, HV)
polarimetric channels.

The AR(Q — 1) parameters A and R are set so that the auto- and cross- spectra of the
available channels are those reported in Figure 3.1 [54]. Specifically, Figure 3.1 shows that,
in the considered example, the disturbance at channels HH and VV has identical spectral
characteristics and equal power level, i.e. 6 gy = 04 yy = 0 , deliberately set to g = 1. The
cross-spectrum between the HH and VV channels reveals a good correlation between the
corresponding signals yielding a correlation coefficient equal to pyy,yy = 0.9. The
disturbance affecting the HV channel is generated with power level 20dB lower than in HH
and VV, ie.gfyy =0.0l0f. Moreover, the cross-polarized components are assumed
independent from the co-polarized ones, i.e. pyy/uy = Puv vy = 0 thus resulting in null cross-
spectra. In Figure 3.2 we study the capability of controlling the Pfa as a function of the

number of training data.
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Figure 3.1: Power spectra of a L-channel AR(3) process

Specifically, we report the actual Pfa obtained for the Pol-AR-AMF with 10° MC trials by
selecting a desired Pfa = 10° and setting the threshold according to the asymptotic Pfa in

(3.

in

29). Specifically, the results are reported for different numbers L of polarimetric channels

Figure 3.2(a) whereas in Figure 3.2(b) we compare the curves obtained for different

numbers M of temporal observations as provided by a coherent train of pulses (an active

pulse radar system is assumed in the reported examples).

By observing Figure 3.2 the following considerations are in order:

In all considered cases, the actual Pfa tends to the nominal false alarm used to set the
threshold (Pfa = 107) as the number P of secondary data increases. This on one hand
confirms the correctness of the asymptotic expression in (3.29) and on the other hand
demonstrates that the detection threshold obtained from (3.29) could be exploited in
practice when the number of secondary data is sufficiently high. When this condition
does not hold, adaptivity loss prevails, which yields a false alarm rate higher than the

desired value.

By keeping the number of pulses constant (M = 32 in Figure 3.2 (a)), the higher the
number of polarimetric channels is the higher is the number of training data required to
have acceptable adaptivity loss. This is because a bigger (QLx QL) matrix must be

estimated, being Q = 4 in the considered case study.

However, we observe that, in this case, a number P of training data equal to QL is
typically sufficient to guarantee the ‘asymptotic’ condition since the matrix estimation

benefits from the average performed across the temporal observations within the CPI.
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Figure 3.2: Actual Pfa versus P when Pfa = 10° for

(a) different polarimetric channels and (b) different pulses

e The consideration above is confirmed in Figure 3.2(b) where we kept the number of
polarimetric channels constant, (L = 2), while comparing the results obtained for different
values of M. In fact, as the number of pulses increases, the training data required to have
a good false alarm rate control decrease. This is because a higher number of consecutive

temporal observations is available to estimate the same number of unknown parameters.

The detection performance of the proposed detector is analysed in Figure 3.3 and Figure 3.4,
by comparison with the Pol-GLRT [82],[83] in (3.8) and the Pol-AMF [26] in (3.7). First, a
Swerling 0 target model is assumed in Figure 3.3. Accordingly, the target complex amplitudes
are deterministic and, in the considered case study, are set as a =
. . T

at[l eJA¢HH/VV \/ge]Ad)HH/HV] y where Et = 01, A¢HH/VV == 77.'/4‘7 and A¢HH/HV = 7'[/2
The results are reported as a function of the signal-to-clutter ratio (SCR) at the first
polarimetric channel, i.e. SCR = |a;|?/c%.
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1(HH), (b) L = 3(HH, VV, HV)

We consider M = 32, target normalized Doppler frequency f; = 0.25 and different numbers
of polarimetric channels. Specifically, in Figure 3.3(a) we use L = 1 (HH) while in Figure
3.3(b) we consider L = 3 (HH, VV, HV). We note that, when L = 1, the proposed detector
falls within the single-channel parametric approaches [3],[14] that only exploit the temporal
domain for clutter cancellation and target detection.

Then, the same case studies are considered in Figure 3.4 except that a fluctuating target
model is used according to a Swerling I model. Specifically, the target complex amplitudes

vector a is generated as a zero-mean Gaussian random vector, with the following covariance
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Figure 3.4: Pdversus SCR for M = 32, Swerling I target model and
different, polarimetric channels: (a) L = 1 (HH), (b) L = 3(HH, VV, HV)

denoting p; as the cross-correlation coefficient between the two co-polarized target
amplitudes. In this analysis, p; = 0 and & = 0.1. Again, Figure 3.4(a) and Figure 3.4(b) have
been obtained for L = 1 (HH) and L = 3 (HH, VV, HV) polarimetric channels, respectively.
In all figures, the Pol-MF is considered as a benchmark of our performance evaluation and
its performance are reported in dash-dot red. The performance of the Pol-GLRT and the Pol-
AMEF are reported in dotted black and grey, respectively, and both are operated using P =
2ML.

The theoretical asymptotic Pd for the proposed detector is reported in continuous dark
blue line while the results of the MC simulation for the clairvoyant Pol-AR-MF (with 10*
independent MC trials) are reported in dark blue dots. The MC simulation results obtained
when applying the adaptive detector Pol-AR-AMF, with P secondary data are reported in

dashed magenta.
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The Pfa has been chosen to be 10° and, for a fair comparison, the detection threshold of

the Pol-AR-AMF has been numerically adjusted to guarantee the desired false alarm rate

even in non-asymptotic regime.

By observing Figure 3.3 and Figure 3.4, the following considerations apply.

The Pol-MF sets the performance bounds, that improve moving from a system equipped
with single polarimetric channel to a fully polarimetric system employing L = 3 channels,
thanks to the enhanced capability to discriminate target echoes from disturbance. The
improvement is larger for the Swerling I target model since the polarimetric channels
combination also allows the amplitude fluctuations to be averaged out thus removing

some of the target fades.

The Pol-GLRT and the Pol-AMF yield a non-negligible detection loss (3-4 dB) with
respect to their clairvoyant version (Pol-MF) employing all the available degrees of
freedom for disturbance removal. This is due to the need to estimate a very high number
of unknown parameters when no model is adopted for the disturbance spectral
characteristics. As expected, the Pol-GLRT shows a slight advantage over the Pol-AMF.
However, the number of secondary data for both detectors has been adjusted so that P
= 2ML, which yields P = 64 and P = 192 for L = 1 and L = 3, respectively. In practical
cases it may be difficult to obtain the required amount of training data with the desired
characteristics so that further degraded performance is expected for both the fully

adaptive detection schemes.

Whilst it exploits a reduced number of temporal degrees of freedom for clutter
cancellation, the Pol-AR-MF shows comparable performance with respect to the Pol-MF
provided that the number @ of taps matches the actual order of the AR process modelling
the disturbance. The case of a possible mismatch between the disturbance spectral
characteristics and the order of the AR process used to build the detector is addresses in
Chapter 4.

The slight loss observed in Figure 3.3 and Figure 3.4 is only due to the border effect
arising from a block-based implementation of the detection scheme as discussed in Section
3.2.2. In fact, according to this implementation, the summation across the sequence yg(m)
is limited to M — @ — 1 consecutive samples thus a loss of (@ — 1)/M is obtained for the
corresponding integration gain over the available CPI. Incidentally, we recall that other
implementations are possible, e.g. based on lattice filters, where this loss might be avoided
by processing partially overlapped data batches.

The theoretical asymptotic Pd expressions perfectly match with the MC simulation
results, implying that the obtained expressions can accurately describe the detection

performance of the Pol-AR-MF both under the deterministic and stochastic target
models.
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The Pol-AR-AMF yields remarkable detection performance with only a limited
adaptivity loss with respect to its clairvoyant version Pol-AR-MF. As expected, this loss
increases as L increases, since a bigger (QLx QL) matrix must be estimated and the

number of training data has been kept constant (P = 4 in all considered cases).

Nevertheless, the Pol-AR-AMF outperforms the other polarimetric adaptive detectors,
even using much fewer training data. This advantage clearly demonstrates its suitability

for practical applications.

In Figure 3.5(a-c), we show the probability of detection for a Swerling I target model and

M = 2 polarimetric channels (HH, VV), when using a number M of pulses equal to 16, 32,
and 64, respectively. In all cases, the Pol-AR-AMF is applied with P = 4 training data while
both the Pol-GLRT and the Pol-AMF use P = 2ML , namely P = 64,128 and 256. Similar

considerations apply as for the results reported in Figure 3.3 and Figure 3.4.

In addition, by comparing Figure 3.5(a-c), we further notice that, as the number M of

pulses increases:

all target detection strategies benefit from the increased number of temporal

observations that at least provides an increased coherent integration gain.

Moreover, the observed loss of the Pol-AR-AMF with respect to the Pol-MF due to the
border effect decreases since the number of samples excluded from the coherent
integration (Q — 1) becomes less significant with respect to M. To parity of training data,
the adaptivity loss shown by the Pol-AR-AMF decreases thanks to the higher number
of temporal observations available to estimate the same number of parameters (QL). In
this regard, we observe that, even operating with P = 4; in the considered case study,

the Pol-AR-AMF substantially reaches its asymptotic detection performance for M 232.

In contrast, the conventional polarimetric adaptive detection schemes, i.e. the Pol-GLRT
and the Pol-AMF, require a progressively higher number of secondary data in order to
control the adaptivity loss, making such detection strategies unsuitable for real
application. This conclusion is further reinforced by considerations relevant to the

computational burdens required by these detectors.

Overall, the advantage of the Pol-AR-AMF over the Pol-GLRT and the Pol-AMF
increases as M increases showing that the number of temporal degrees of freedom to be
employed adaptively can be kept constant thus easing the training/computational
burden while guaranteeing the desired disturbance removal. In fact, the Pol-AR-AMF
allows the additional temporal observations to be effectively exploited to reduce the

adaptivity loss and to enhance the coherent integration of target echoes.
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Figure 3.5: Pd versus SCR for L = 2 (HH, VV) and different pulses:

(a) M =16, (b) M = 32, (c) M = 64
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Note that, although the devised comments specifically refer to the considered case study,
similar considerations apply to alternative cases obtained with a different choice of the
relevant parameters. For instance, we plot in Figure 3.6 the results obtained when considering
the same scenario used in Figure 3.5(b) but assuming that the cross-correlation coefficient
between the target amplitudes at channels HH and VV is equal to p; = 0.99.

As it is apparent the performance of all the considered detection schemes degrade since
the target echoes at the two co-polarized channels are correlated, so that the target fade
average is much less effective than in the former case in which p; = 0. Moreover, the target
echoes are also partially cancelled by the clutter cancellation stage of the adaptive detectors
which is intended to mitigate polarimetric correlated signals. However, we highlight that the
comparative analysis between different adaptive detectors remains unchanged and the Pol-
AR-AMF still outperforms the fully adaptive detectors even operating with a much smaller
training data size.

The considerations above are confirmed by Figure 3.7(a-b), where we study the detection
performance depending on the selected Doppler frequency and target polarimetric cross-
correlation coefficient. In Figure 3.7 (a), we consider SCR = — 35 dB and Psq = 1073, and
we report the Pd obtained with the proposed Pol-AR-MF for the same scenario used in
Figure 3.6 as a function of p; and f;. In Figure 3.7 (b), we compare it with the Pol-GLRT
operated using P = 2ML = 128 and with the Pol-AR-AMF operated using P = 4, for p; = 0
and p; = 0.99. In both Figure 3.7(a) and (b), a logarithmic scale has been used to enhance
the difference at high Pd values. As expected, as the target polarimetric correlation coefficient
decreases, the cancellation notch obtained with all the considered approaches progressively
narrows allowing a better discrimination of the target echo against the polarimetric correlated

disturbance.
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Figure 3.7: Py for SCR = — 35 dB, Prq = 1073, L = 2 (HH, VV), M = 32:
(a) Py for Pol-AR-MF as a function of f; and p;
(b) Py versus fy for p, = 0 and p,= 0.99.

However, for both the considered p; values, the proposed Pol-AR-AMF operating with P
= 4 nearly reaches its asymptotic detection performance thus remarkably outperforming the
conventional Pol-GLRT. Specifically, it provides a target detection probability improvement

up to 20% in the considered scenario.

3.5 Summary

In this Chapter, we derived a novel polarimetric adaptive detector based on a multi-
channel AR process for the disturbance. The asymptotic expressions for the performance of

the proposed detector have been derived and the effectiveness of the proposed approach has
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been investigated via numerical analysis. It was shown that the devised approach can improve
the target detection capability with respect to traditional detection schemes when both single-
pol and multi-pol radar systems are considered. Moreover, based on the adopted parametric
method, the proposed detection scheme also allows to relax the requirement on the number
of target-free training data and on the computational effort, which are key points in
applications where the number of adaptive degrees of freedom is large as well as in
heterogeneous environment.

These conclusions are indeed valid when the input disturbance strictly follow the
underlying model adopted for the detector design. In real-world scenario this is rarely the
case therefore it is of high practical interest to understand the behaviour of the proposed
detection scheme when applied against disturbance components with diverse spectral
characteristics. Therefore, in Chapter 4 the general case of an input disturbance process that
does not exactly match the employed AR (Q — 1) model will be addressed.
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Chapter 4

Polarimetric adaptive target detector

based on a multi-channel AR model:

Performance Assessment under Mismatched
Spectral Model

In Chapter 3, a multi-channel AR model based polarimetric detection scheme has been
developed and its performance has been studied against clutter with characteristics exactly
matching the adopted parametric model. In this Chapter, we address the general case of an
input disturbance process that does not exactly match the employed AR(Q-1) model and the
performance assessment is extended, by means of theoretical and simulated analyses, to
include the case of disturbance components with diverse spectral characteristics.
Consequently, an appropriate modification is introduced to the detection scheme to make it
robust to typical spectral mismatches occurring in practical situations.

In Section 4.1 we briefly recall the AR model based polarimetric detector introduced in
Chapter 3 and provide theoretical expressions for its detection performance under spectral
model mismatches. A numerical analysis is then reported in Section 4.2 for two different case
studies. The modified AR model based polarimetric adaptive detector is presented in Section
4.3 whereas its performance is assessed in Sections 4.4. Eventually, we draw our conclusions

in Section 4.5.

4.1 Theoretical asymptotic performance under disturbance

model mismatch

Let us consider the test statistic of the clairvoyant detector derived in Chapter 3 , reported

here for ease of reference

Hy
Tpor-ar-MF = XSIB CC"B"xg 2 nap-umr (4.1)
Hy
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where X, is the vector where we arrange the primary data samples collected M at consecutive
temporal observations from the L available polarimetric channels. Matrices B and C depend
on the AR(Q — 1) parameters as well as on the target temporal steering vector; their
definitions are detailed in Chapter 3 and are summarized in Table 4.1.

In Chapter 3, we addressed the matched case, namely the case of an input disturbance
that exactly matches the AR(Q — 1) model adopted for the design of the detection scheme
and we provided analytical expressions of the asymptotic performance of the derived detector.
More precisely, the Pfa expression to be used when setting the detection threshold is given

by eq. (3.29) and it is reported here for ease of reference

n
2

L-1 nl
Prg = ; L (4.2)

being n the detection threshold, while equations (3.31) and (3.32) report the asymptotic
detection probability Pd expressions for the Swerling 0 and Swerling I target model [109],
respectively. In this Chapter, we address the general case of an input disturbance that is not
drawn from the assumed AR (@ — 1) model. Still, we assume that matrices B and C in (4.1)
are evaluated based on the parameters of a multichannel AR process of given order (@ — 1).
In other words, we evaluate matrices Ani(L(Q — 1)x L) and R.i(Lx L) starting from the

actual data covariance matrix M, i.e. M = E{X,x5}, via the following relations

{ Anis = 1‘_’1501 l\7101
Y, NIH VE—1VA (4.3)
Rmis = My — Mgy Moo My,
being M = [%?f :’l_/[‘”] the first QLx QL block of matrix M, with Mgo(L(Q-1)x L(Q-
01 11
1)), Mgy (L(Q-1)x L) and Myo(Lx L). As a consequence, matrices A, and R, represent the
parameters of an AR model that possibly approximates the actual spectral characteristics of
the disturbance but does not exactly match them. Therefore, the filtering of the data via
matrices B and C does not provide a perfect whitening in either the polarimetric and the
temporal domain. In contrast, some residual correlation might appear. These residuals in
turn depend on the actual characteristics of the input disturbance and are expected to
degrade the performance of the detector both in terms of Pfa control and Pd. These effects
are investigated in the following for the clairvoyant detector in (4.1). The reported analysis
is also representative of the asymptotic performance, of the adaptive version of the proposed
detector, the Pol-AR-AMF, under spectral model mismatch. Specifically, provided that a
large number of training data P is available, we assume that the ML estimate of the
covariance matrix M tends towards the actual disturbance covariance matrix M and,
consequently, the estimated AR parameters tend towards the clairvoyant, though

mismatched, values in (4.3).
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Table 4.1

Summary of defined quantities

Quantity Definition/meaning
B [Bo B; - BM—Q]
1
C V2(Ay—gs11 ® W2)
omeL
B, PZ(m)
0L (M—q-m)xL
M-Q
w > 2P 2(m)
m=0
P HYR™H
H A" 1,]
Z(m) tm 1,
i(m) ()-dimensional sub-vector of the temporal steering

vector starting from the m-th sample

In sub-Section 4.1.2-A, we focus on the probability of false alarm while corresponding

expressions for the target detection probability are developed in sub-Section 4.1.2-B.

4.1.1 False alarm probability

Let us consider the test statistic of the clairvoyant detector in (4.1) and define the L-
dimensional vector Z, = C?B¥x,, namely Z, represents the data after both polarimetric and
temporal disturbance cancellation, which then undergoes the non-coherent integration across
the polarimetric channels.

Under the Hy hypothesis, Z, is a zero-mean complex Gaussian random vector with covariance
matrix D, = C'B¥ M BC , being M the actual covariance matrix of the input disturbance
process, i.e. Zg|y,~CN (0px1, D).

Depending on the form taken by the matrix M, the test statistic in (4.1), namely Tpoar-ur
= ||Z|I? might have different distributions. For the ‘matched’ case, we recall that D, = 2I,
(see Appendix C for proof). In contrast, for the general case when the input disturbance
process does not strictly follow the AR(@ — 1) model, some residual correlation might appear
after the temporal cancellation stage so that Do #2I; and (4.2) is no longer valid.

However, we can resort to the same approach reported in Appendix D to derive a closed
form expression for the Pfa. Let ¥y, ...,Yr—1 denote the R < L distinct non-zero eigenvalues
of Dy, each with multiplicity -, 7 = 0, .., R — 1. By proceeding as in [50], we obtain the Pfa

expression as follows
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R—-1 Hr—1 _n

o=, 2 Taiy e 4

where 7 is the threshold, and the definition of the coefficients 6y ,, £ = 0, ..,y — 1, 7= 0,
., R =1, is detailed in eq.(D.3) of Appendix D. By inverting (4.4) the threshold 1,z_pr can
be obtained for the clairvoyant detector in (4.1).
In the special case when no eigenvalue is repeated, which is typically verified in practical
cases under spectral mismatch, namely when R = L andp,= 1, r =0, .., R — 1, eq. (44)

can be simplified and the following Pfa is easily obtained

L-1 _
fa = H o(ri—v) '
l:tl
In the dual special case when matrix Dy has one unique eigenvalue 1y (R = 1) with

multiplicity uy = L, the test statistic turns into a Gamma distributed variable, i.e.

Tpor-ar-mr ~T'(L,v0) (4.6)

and the Pfa expression can be simplified as

n

L-1 —
B (n/y) e Yo
Fra = Z r(k + 1) @

Note that (4.7) is equivalent to (4.2), if the scale parameter y, = 2,, namely if a perfect
whitening has been obtained in both the polarimetric and temporal domain. In the general
case, we expect that the higher similarity exists between the adopted AR model and the
actual correlation characteristics of the disturbance process, the better this is rejected and
the closer (4.4) gets to (4.2).

In contrast, in the general spectral mismatched case, the derived Pfa expressions, and
hence the threshold 4z _yr to be used, depend on the eigenvalues of the residual disturbance
matrix Dy that are unknown in practical cases. Therefore, by recalling that the reported
performance is representative of the performance of the adaptive polarimetric detector Pol-
AR-AMF for large number of training data, we conclude that it does not ensure the CFAR
property even in the asymptotic regime if spectral model mismatches exists. The CFAR
characteristic tends to be guaranteed only if the adopted model reasonably approximates the

spectral characteristics of the disturbance.
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4.1.2 Detection probability

The disturbance residuals arising from the cancellation stage are also responsible of
degradations in terms of target detection capability. These are theoretically investigated in
the following with reference to a Swerling 0 target model and a Swerling I target model,

respectively.

A. Non-fluctuating target model (Swerling 0)

When a non-fluctuating target model (Swerling 0) is assumed, vector Z, is a complex
Gaussian random vector, with mean vector v = C#B¥s, being s the target component in the
received primary data, and covariance matrix Dy, i.e. Zg|y, ~CNV (v,Dy). According to this
model, the test statistic of the clairvoyant detector, Tpo;—ar—mr = lZoll?, is a non-central
quadratic form and the Pd cannot be written in a closed form for any Dy. However, following
the approach in [50], in Appendix E we develop an approximated expression for the

asymptotic Pd that can be written as:

1
POl 1 ZlL ol” "2[1 pon_l]
V2 dal— _
PoVZm iyt~ Pot g L_l[ yi2 (1+ 2|5,/ )H
ps  “=OLA —poy)?\" T 1—poni

where 7 is the detection threshold evaluated from (4.4), ps = — (jwo + B) and the definitions

szl—

(4.8)

of wy and B are detailed in the Appendix D.

B. Fluctuating target model (Swerling I)

Assuming a Swerling I model for the target, namely if the target complex amplitude is a
zero-mean Gaussian random variable with covariance matrix M, = E{aa!’}, vector Z, is a
complex Gaussian random variable with zero-mean vector and covariance matrix Dy =
D, + CBY (tt" ®M,) BC
procedure as for the Pfa in Section 4.1.1, the Pd is obtained as

, e Zoly,~CN(0pxq,Dp). Therefore, following the same

R-1Hr—1 -

2 Z r(k;n i (49)

where 7 is the detection threshold, yg, ..., ¥g—1 denote the R < L distinct eigenvalues of Dy,
each with multiplicity u;., and the coefficients dy, - are evaluated using eq. (D.3) of Appendix
D, by replacing ¥, with y;.
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4.2 Asymptotic performance analysis against simulated
data

In this Section, we carry out an asymptotic performance analysis of the proposed detector
via numerical examples. The purpose of this Section is twofold. First, we aim at verifying the
validity of the theoretical performance expressions, then we aim at investigating the
performance loss only due to the spectral model mismatch, neglecting the additional
degradation introduced by the adaptivity that will be considered later.

To this aim, we carried on extensive MC simulations in two different case-studies, as

detailed in the following:

e Case study A. In the first case study we assume that the disturbance is a L —
channel AR (3) process and we investigate the robustness of the proposed detector
when a model order mismatch occurs, namely when the detector is build using Q # 4.
Specifically, the disturbance affecting the system is generated using the same
parameters adopted in Chapter 3 with L = 3 (HH, VV, HV) polarimetric channels
and M = 32.

e Case study B. In the second case study we consider the model used in [83], where
a Gaussian spectral shape is adopted for the disturbance, and we investigate the
robustness of the proposed detector that is based on a multi-channel AR model
approximation. To this purpose, we generate a disturbance characterized by a
disturbance covariance matrix M that can be written as M = I Q®Y + o2l,,,,
denoting IT as the normalized temporal covariance matrix shared by all polarimetric
channels, Y as the disturbance polarimetric covariance matrix and 62 as the noise
power, defined with respect to the clutter power at HH and VV channels ¢ via the
clutter-to-noise ratio (CNR) of 40dB. Specifically, we assume II to be Gaussian shaped
with one-lag correlation coefficient ¢ = 0.95, namely the generic element I1,,, =
Q(m_I")Z7 (m,p=0, .., M—1). We consider M = 32 and L = 3 (HH,VV,HV), and
we assume that the HH and VV channel share the same disturbance power level, i.e.
04 un = 0gyy = 04 , deliberately set to 0§ = 1, while the HV channel is generated
with power level 20 dB lower than in HH and VV, i.e. 0g 4y = & 04, with ;= 0.01.
Furthermore, a correlation coefficient equal to pyy/yy = 0.9 is set between the HH
and VV channels, while the cross-polarized components are assumed independent
from the co-polarized ones, i.e. pyy/uy = puvyy = 0 thus resulting in null cross-

spectra. Ultimately, the disturbance polarimetric covariance matrix can be written as
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1 Punwv 0
Y = O'g PHH/VV 1 0 (410)
0 0 &4

In Figure 4.1(a), we plot the Pfa versus threshold obtained in case study A when employing
the detector in (4.1) with a grid of @ values, encoded by different brown shades and line
styles. Specifically, the reported curves have been obtained using the theoretical expression
in (4.4), whereas the markers correspond to the results of MC simulations for the Pol-AR-
MEF. On the same figure, we also report in green the Pfa expression obtained from (4.2). This
curve is representative of spectral matched case, i.e. a perfect whitening is assumed for the
disturbance in both temporal and polarization domains.
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Figure 4.1: Pfa versus threshold for different values of () for:

(a) case study A, (b) case study B.
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Similarly, in Figure 4.1(b) we report the results for case study B. Figure 4.1(a-b) show
that:

e if a spectral model mismatch occurs, the detection threshold must be properly adjusted
to guarantee the nominal Pfa and the required modification is largely dependent on the
mismatch extent. This confirms that the CFAR property is not ensured even under the
asymptotic condition.

e However, the higher the similarity between the AR process used to build the detection
test and the true spectral characteristics of the disturbance, the closer gets the theoretical

Pfa expression to (4.2), revealing that a better disturbance cancellation was performed.

Depending on the spectral characteristics of the input disturbance, the @ value that allows
to have acceptable mismatch loss typically changes. As is expected, when the detector is
fed with an AR disturbance process of order Q — 1(case study A, Figure 4.1(a)), the
mismatch loss increases when both underestimating and overestimating the model order
with respect to the exact value Q = Q = 4. In contrast, when case study B is considered
(Figure 4.1(b)), as Q increases, the brown curves tend to look alike and to resemble the
green curve. For instance, in this case, @ = 15 should be adopted to achieve an acceptable
approximation of the Gaussian shaped power spectral density based on a multi-channel AR
model, since a reasonably high temporal correlation coefficient was assumed in this case
study. For the performance evaluation under the H; hypothesis, both Swerling 0 and
Swerling I target models are considered, in Figure 4.2 and Figure 4.3, respectively. The
target normalized Doppler frequency was set to f; = 0.25 and the same set of parameters
are adopted as in Chapter 3.

In particular, when a Swerling 0 target model is used (see Figure 4.2), the deterministic
target complex amplitudes vector is set as a = at[l e/APuH/vY \/aejA"bHH/HV]T, where &;
= 0.1, Apyyyy = m/4, and Apyy py = /2.

When a fluctuating target model is adopted according to a Swerling I model (see Figure

4.3), vector a is generated as a zero-mean Gaussian random vector, with covariance matrix

1 0 0
Mt=a§[0 1 0] (4.11)
0 0 &

where &; has been set to & = 0.1. The results are reported for Pfa = 107, for the two case
studies A (see Figure 4.2(a) and Figure 4.3(a)) and B (see Figure 4.2(b) and Figure 4.3(b))
as a function of the SCR at the first polarimetric channel, i.e. SCR=|a,|?/c# in Figure 4.2
and SCR = 62 /02 in Figure 4.3. In all figures, we plot in dash-dot red the Pd of the Pol-MF
in (3.6) and we consider it as a benchmark of our performance evaluation since this detector
does not make any assumption on the spectral shape of the actual disturbance but is based

on the exact knowledge of the input disturbance covariance matrix.
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Figure 4.2: Pd versus SCR for Pfa = 1073, Swerling 0 target model and
(a) case A, (b) case B

Also, in each figure, we compare the MC simulation results of the Pol-AR-MF with the
appropriate theoretical expressions, i.e. from either (4.8) or (4.9), depending on the target
model, for three different values of Q, namely @ = 2, 4 and 8.

By observing Figure 4.2 and Figure 4.3, the following considerations apply.

Both the closed-form and the approximate theoretical expressions match well with the
results of the MC simulations, implying that the obtained Pd expressions can accurately
describe the asymptotic detection performance of the proposed detector under spectral
mismatches. We recall that, in case study A, the detector operating with Q = 4 represents
the spectral matched detector investigated Chapter 3. Consequently, in Figure 4.2(a)
also the exact expression derived in Chapter 3 (see eq. (3.31)) is reported, in solid dark
blue line, for comparison. This additional comparison further confirms that (4.8)

effectively approximates the closed-form solution when available, up to low Pd values.
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Figure 4.3: Pd versus SCR for Pfa = 1073, Swerling I target model and
(a) case A, (b) case B

As for Figure 4.1, the better the employed AR model approximates the true spectral
characteristics of the disturbance, the better the target detection performance is. As
expected, when considering case study A (Figure 4.2(a) and Figure 4.3(a)), the matched
case of Q = 4 is the best performing. However, if a limited order mismatch occurs the
resulting loss is still acceptable, especially when overestimating the order of the AR
process (see the curves for Q = 8). In contrast, we see a larger performance degradation
when underestimating the value of @Q to be used. In the case under exam, the highest
mismatch loss is obtained for (Q = 2 and it is about 3dB with respect to the Pol-MF for
both the non-fluctuating and fluctuating target models.

When the case study B is considered (Figure 4.2(b) and Figure 4.3(b)), the detection
performance of the clairvoyant Pol-AR-MF detector improves as ) increases. Note that
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as for the Pfa, depending on the temporal correlation properties of the disturbance, the
Q value required to obtain a good whitening and, subsequently, a limited target detection
loss with respect to the Pol-MF, might significantly change. In the case under exam, a
loss smaller than 3dB is reached for Q =4 for both the non-fluctuating and fluctuating

target model.

Although the considerations devised for Figure 4.1, Figure 4.2 and Figure 4.3 specifically
refer to the considered case studies, similar comments apply to alternative cases obtained
with a different choice of the relevant parameters. For instance, with reference to case study
B, depending on the position of employed Doppler frequency value with respect to the filter
temporal notch, the behaviour might not always be regular with respect to @ as the filter
sidelobes might not be negligible.

However, we expect that a () value that better fits the data exist and that this value grows
as the temporal correlation of the disturbance grows and vice versa. For instance, Figure
4.5(a-b) shows the results obtained for case study B with the same parameters used in Figure
4.1(b) and Figure 4.3(b) but with a lower one-lag correlation coefficient value, i.e. ¢ = 0.93.
In Figure 4.5(a), we plot the Pfa versus threshold for a grid of @) values while in Figure 4.5(b)
we plot the Pd versus SCR for a Swerling I target model. By observing Figure 4.5(a-b), we
confirm that the higher is @), the better is the approximation of the Gaussian shaped power
spectral density based on a multi-channel AR model. However, as a lower temporal
correlation is employed, a lower number of taps should be adopted to achieve an acceptable
approximation. In fact, Figure 4.5 (a) shows that @210 allows a good approximation.
Furthermore, Figure 4.5 (b) shows that using @ = 4, the clairvoyant Pol-AR-MF only yields
approx. 1.5 dB loss with respect to the Pol-MF.

Summarizing, the analyses of Pfa and Pd of Sections 4.1 and 4.2 have clearly demonstrated
that:

e Spectral model mismatches jeopardize the CFAR property for the proposed detection
scheme even under asymptotic conditions. In other words, a practical strategy for the
threshold setting (or at least a suitable approximation) is no longer available.

e The presence of spectral model mismatches might also yield significant degradations in
term of target detection capability. The observed asymptotic loss is contained within
few dBs when a limited mismatch is present. However, this might jeopardize the benefits
of the proposed AR model-based approaches in practical cases where a spectral mismatch
typically exists, and the observed loss should be summed up with the adaptivity loss

deriving from an operation with a limited number P of secondary data.
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Figure 4.4: Performance evaluation for case study B with o = 0.93 at f; = 0.28:
(a) Pfa versus threshold for different values of @, (b) Pd versus SCR for Swerling I
target model for Pfa = 10°

4.3 Modified AR model based Polarimetric Adaptive
Matched Filter

We aim at identifying a proper modification to the proposed AR model based polarimetric
detection scheme to make it robust to limited mismatches in the spectral characteristics of
the disturbance. Most importantly, a practical strategy should be devised for the threshold
setting in order to control the false alarm rate.

Notice that this is typically the case when no a priori information is available on the
disturbance affecting the received data as in real-world radar systems. Moreover, despite
effective approaches could be exploited to identify a suitable AR model that approximates
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the actual disturbance characteristics [99], the resulting approximation might not be perfect
thus resulting in a residual spectral model mismatch.

The theoretical developments in Section 4.1 clearly show that the considered mismatch is
encoded in the covariance matrix Dy of the output random vector Z,, namely the vector
collecting the data after both polarimetric and temporal disturbance cancellation, which then
undergoes the non-coherent integration across the polarimetric channels. This matrix tends
to 2I; if the AR model adopted for the detector design matches or very well approximates
the actual disturbance characteristics. In contrast, in the presence of spectral mismatches,
D, takes alternative forms that are unknown in practice.

Therefore, an asymptotically CFAR detection scheme can be obtained by cascading an
additional whitening stage with the main stages of the proposed detector aiming at restoring

a polarimetrically white output Z,. Accordingly, the modified clairvoyant detector becomes:

H,
T'por-ar-mr = 2 X BC Dy " C"B X 2 ' 4p_yp (4.12)
Hy

where the scaling factor 2 allows a direct comparison with the clairvoyant detector in Chapter
3. In the following, the detection scheme in (4.12) will be referred to as the modified
polarimetric AR model based matched filter (Mod-Pol-AR-MF).

It is easy to verify that the distribution of the detector in (4.12) coincides with that
obtained in the matched case considered in Chapter 3 if appropriate modifications are applied
to the relevant parameters. Specifically, under the H, hypothesis, we might

H
. . U . < -1/2\" .
write T por—ar—mr = || Zow||?, where Z,,, is the whitened vector Zy, = VZ(DO / ) Z,

and Zg,, ~CN (0,4, 21;). Therefore, the distribution of the test statistic is a central Chi-
squared distribution with 2L degrees of freedom, i.e. T'po—ap—mr ~ X5,(0), and the Pr, is
given by (4.2).

Similarly, under the H; hypothesis, the theoretical P; expressions derived in Chapter 3,
for both the non-fluctuating and fluctuating target models exactly describe the detection
performance of the modified detector if the target components are properly modified.

Specifically, eq. (3.31) holds if the non-centrality parameter of the noncentral Chi-squared
H
vZ2(D,?)" cHBls

hand, eq. (3.32) applies if yg, ..., Ygp—1 denote the R < L distinct eigenvalues of the modified

2
distribution of the test statistic is modified as ¢’ = . On the other

. R —12\2 ., 12 , . . . .
covariance matrix Dy = 2 (D0 ) Dy D, """ where Dy was defined in Section 4.1.2, which

. "o_ -1/2 H HoH H -1/2 o . .
yields Dy = 21, + 2 (D, C"B" (tt"®My) BC D, ’". These modifications basically

encode the effect of the additional cancellation stage on the target and clutter components

and must be carefully analysed in order to understand whether the modified detection scheme

is able to limit the target detection loss due to disturbance spectral model mismatches.
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To make the detection scheme in (4.12) adaptive, we assume that a set of P secondary
data is available, X, , p = 1, .., P, which are target-free, i.i.d and share the same statistic
of X, under the Hy hypothesis.

As for the adaptive detector presented in Chapter 3, these data are first exploited to
replace the unknown, though mismatched, parameters A,,;s and R,,;; within C and B with
their ML estimates A,,;s and R,p;s, obtained from the P training data.. Then the test statistic

of the modified adaptive detector is built as:

Hy
T'por-ar—amr = 2X4 B CDG* C'B Xy 20 gp_amr (4.13)
Hy

where the output covariance matrix Dy is also estimated from the secondary data once they
underwent the same filtering stages applied to the primary data. In particular, according to
this doubly adaptive detection scheme, we define the output of the first adaptive stage for
the p-th input vector as {, = CHEHXP, and we build an estimate of Dy as Dy = % £=1 (p(g.
We observe that the secondary data to be exploited for the estimation of matrix D, should
not necessarily coincide with the secondary data exploited to build the first cancellation stage
of the detector.

Notice that, when L = 1, the adaptive transformation obtained by using the inverse of
matrix Dy would simply correspond to the scalar scaling factor of a Cell-Average CFAR

1

autogate. In fact, we would have Dy! = @™, where @ represents an estimate of the residual

clutter power. This is obtained using P training data that underwent the filtering stages
based on matrices B and C, i.e. @ =% §=1|§p|2 with ¢, = C*B"x, (p = 1,.., P).

When L > 1, the adaptive transformation obtained by using the inverse of matrix D
corresponds to an additional filtering stage based on the polarimetric information extracted
at the output of the previous filtering stages. The introduced whitening stage is expected to
make the false alarm control capability more robust against residual disturbance
contributions that endure the first cancellation stage, as discussed in the following.

Under asymptotic conditions, A,,;s and R,,; are asymptotic, though mismatched, estimates
obtained from an infinite number of secondary data [58]. Consequently, the distribution of
the test statistic of the adaptive detector in (4.13) tends towards that of the clairvoyant
detector in (4.12) based on mismatched parameters.

Under asymptotic conditions, the distribution of the test statistic of the adaptive detector
in (4.13) tends towards that of the clairvoyant detector in (4.12). Therefore, when exploiting
many training data, the performance of the modified polarimetric AR model based adaptive
matched filter (Mod-Pol-AR-AMF) can be approximated by its asymptotic performance, as
detailed above. Note that the CFAR property is restored for the modified adaptive detector
at least in the asymptotic regime. In this regard, the analyses in Chapter 3 have shown that

a number P of training data equal to QL is typically enough to guarantee the asymptotic
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condition for the Pol-AR-AMF when M is sufficiently high since the estimation of parameters
A and R benefits from the average performed both across the secondary data and the
temporal observations within the CPI.

However, this consideration does not apply to the additional stage included in the Mod-
Pol-AR-AMF proposed in this Section. In fact, this stage involves the estimation and
inversion of a LxL matrix Dy, based on the available P training data. Therefore, an additional
adaptivity loss is expected when operating with finite P, and this might result in a limited
control of the Pfa and degradations of the target detection capability.

To overcome the first issue, the fluctuations in the estimation of matrix Dy can be
considered in the resulting Pfa expression. To this purpose we make the simplified assumption
that the first adaptive cancellation stage meets the asymptotic condition, namely the outputs
¢y of this adaptive stage has the same distribution of the output Z, = cH Bpr of the
clairvoyant filter. Specifically, under the Hy hypothesis, we have §,~CN (01, Dy), being T,
p = 0, .., P, a set of statistically independent vectors. Under such simplified assumptions,
the probability density function of the test statistic of the adaptive detector in
(4.13), T pot—ar—amr = 2 T Dy, is well known in the technical literature for multivariate

analysis as the central F-distribution [99]. Specifically, we have %TIPOI_AR_AMFN

F(2L,2(P — L +1)) and a better approximation of the Pfa can be obtained accordingly:

L-1
_A-0"TI® =D
b =Tr 25D £ re-n~ (4.14)

K
(1-x)
The capability to control the false alarm rate based on (4.14) will be investigated in the

being n = 2P the detection threshold.

following against both numerical and real data aiming at understanding the reliability of the
adopted assumptions in practical cases. In turn, such analysis will also prove the CFAR
property of the Mod-Pol-AR-AMF even when operating with finite P. In addition, it is
expected that the additional adaptive stage included in the Mod-Pol-AR-AMF might yield a
non-negligible effect on its target detection capability. The benefits/drawbacks of this effect
will be studied in the following Section through numerical analysis and in Chapter 5 through

experimental data analysis.

4.4 Numerical Results

First, we investigate the false alarm rate control provided by the Mod-Pol-AR-AMF when
using (4.14) for threshold setting. Specifically, we plot in Figure 4.5 the measured Pfa versus
the nominal Pfa for case study A and different values of Q, namely Q = 2, 4, 8 and 12, using
different training data size, namely P = 4, 16 and 192.
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Figure 4.5: Measured Pfa versus nominal Pfa for M = 32, L = 3 (HH,VV HV),

different () values and different training data size

We recall that (4.14) represents an approximated expression of the Pfa since it relies on
perfect estimates of the matrices exploited for the first adaptive stage whereas it only
accounts for the fluctuations in the second adaptive stage.

Figure 4.5 shows that such simplified approach allows a good control of the actual Pfa up
to reasonably low false alarm rates, at least when the number P of secondary data is enough
to provide approximate asymptotic conditions at the first adaptive stage. In this regard, we

observe that some degradations appear when operating with Q = 12 and a limited training
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data size. Below this value, the capability of controlling the Pfa is ensured both when a
spectral model mismatch occurs and when it does not, i.e. Q = 4.

For the performance evaluation under the H; hypothesis, we consider the same Swerling I
target model described in Section 4.2 and we plot the results in Figure 4.6(a-b) for case
studies A and B, respectively. Specifically, we report the target detection probability versus
SCR for the Mod-Pol-AR-AMF with Q =5 and P = 16 or 192. Notice that, with the adopted
value for the number @ of taps, the detection scheme operates under spectral mismatched
conditions in both considered case studies. In each sub-figure, we use the Pol-MF as a
benchmark for the performance evaluation while the performance obtained with the adaptive
Pol-GLRT, working with P = 2ML = 192 secondary data, are also reported for comparison.

As it is apparent from Figure 4.6(a-b), the Mod-Pol-AR-AMF with Q = 5 outperforms
the Pol-GLRT when operating with the same number of secondary data. In fact, with P =
192, the proposed detector approximates its asymptotic version and provides performance
that is largely comparable to the ideal Pol-MF. The loss with respect to the benchmark is
negligible in case study A (Figure 4.6(a)) where a limited mismatch exists between the actual
spectral characteristics of the disturbance and the model adopted by the detection scheme.
In contrast, a slightly higher loss is observed in case study B (Figure 4.6(b)) since the detector
is attempting to approximate a Gaussian spectral shaped disturbance with a multi-channel
AR process of order Q — 1 = 4. Nevertheless, the resulting loss is smaller than 1dB in the
considered case study. When significantly reducing the number of secondary data, a
consistent degradation is obtained with the Mod-Pol-AR-AMF which is mostly attributed to
the fluctuations in the estimation of matrix Dy, namely the second adaptive stage. In fact,
following the results of Chapter 3, P = 16 is expected to provide accurate estimates of the
matrices required at the first adaptive stage when operating with Q = 5 and M = 32.

Anyway, thanks to the limited adaptivity loss, which is the typical benefit of parametric
approaches (see e.g. [32],[44],]46],[74],[99]) ,the Mod-Pol-AR-AMF is still able to guarantee
better performance with respect to the Pol-GLRT operating with a much larger training set
in both the considered case studies. We incidentally observe that this result is obtained with
a significantly reduced computational effort.

To complete the analysis, in Figure 4.7(a-b) we compare different polarimetric detectors
in terms of SCR loss with respect to the Pol-MF, measured at Pd = 0.9. The Mod-Pol-AR-
AMF is applied with a grid of @ values and different P values. The comparative analysis also
includes the performance of the Pol-AR-MF in (4.1) and the Mod-Pol-AR-MF in (4.12),
which are representative of the asymptotic performance of the original proposed detector and
the newly modified detection scheme, respectively.

As expected, regardless of the considered case-study, the Pol-GLRT yields a loss that only
depends on the data size LM and number P of secondary data. This loss is equal to 3.1dB

and is shown as a horizontal line in Figure 4.7(a) and Figure 4.7(b).
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Figure 4.6: Pd vs SCR for the Mod-Pol-AR-AMF against a Swerling [ target model in
(a) case study A, and (b) case study B.

When comparing the clairvoyant detectors, namely the Pol-AR-MF and the Mod-Pol-AR-
MF, we observe that the additional cancellation stage included by the modified scheme allows
to limit the spectral mismatch loss investigated in Section 4.2. Specifically, when the detector
is fed with an AR disturbance process of order @ — 1 (case study A, Figure 4.7(a)), the
smallest asymptotic loss with respect to the Pol-MF is observed when using Q = Q = 4 with
both detectors; we recall that this loss in this case is solely due to the border effect arising
from a block-based implementation of the detection scheme as discussed in Chapter 3.

In contrast, when underestimating or overestimating the order of the AR process, the
Mod-Pol-AR-MF limits the asymptotic loss thus making the resulting scheme more robust
to AR model order mismatches with respect to the Pol-AR-MF.

66



- Pol-GLRT ( P = 192 )
—4—POol-AR-MF

—e— Mod-Pol- AR-MF ]
.t Mod-Pol- AR-AMF ( P = 192)
- % -Mod-Pol- AR-AMF (P = 32)
-~ Mod-Pol- AR-AMF (P =16 ) ||

SCR loss [dB]

10 . ; ;
~mePolLGLRT ( P = 192 )
—4—Pol-AR-MF
8t —e—Mod-Pol-AR-MF |
et Mod-Pol-AR-AMFE ( P =192)
'CE' - % -Mod-Pol-AR-AMF ( P=32)
= 6l --a--Mod-Pol-AR-AMF (P =16 ) ||
w
w
S
o4l
]
w2
2l
0 !
2 4 6 8 10 12
Q
(b)

Figure 4.7: SCR loss versus () for differrent detection schemes against a
Swerling [ target model in (a) case study A, and (b) case study B

Similar considerations apply to the asymptotic performance obtained in case-study B
(Figure 4.7(b)) for a Gaussian spectral shaped disturbance. In this case, the asymptotic
performance of the Pol-AR-MF slowly improves as the number of taps @ increases. In
contrast, using the modified detector a much smaller @ is required to achieve negligible
asymptotic loss with respect to the Pol-MF; for instance, in the considered case study B,
further increasing @ beyond @ = 5, does not yield significant improvements in terms of target
detection capability as the reduced spectral mismatch loss is compensated by a larger border
effect when a block-based implementation is considered for the proposed scheme.

It is then interesting to understand the effect of the additional adaptivity loss when
operating with a finite number P of secondary data based on the proposed Mod-Pol-AR-
AMF. As is apparent from Figure 4.7(a-b), the Mod-Pol-AR-AMF with P = 192 basically
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reaches the asymptotic performance for all the considered values of the number @ of taps.
Therefore, we can conclude that when operating with the same number of secondary data,
the proposed Mod-Pol-AR-AMF outperforms the performance of the Pol-GLRT for almost
every considered value of Q. When reducing the size of the training set, an additional
adaptivity loss is experience by the Mod-Pol-AR-AMF (see the curves for P = 32 and P =
16). Notice that the additional loss is almost independent of the number of taps since it is
mostly due to the fluctuations in the estimation of the Lx L matrix Dy to be used in the
second adaptive stage, which is the price to be paid to benefit from the observed advantages.
Nevertheless, in the considered case studies, the Mod-Pol-AR-AMF retains its performance
improvement over the Pol-GLRT even when using a number of training data of P = 16,
namely 12 times smaller than the one used for the Pol-GLRT.

4.5 Summary

In this Chapter, the performance of the polarimetric adaptive detector presented in
Chapter 3 has been studied for the case of an input disturbance that does not perfectly match
the AR model used for the derivation of the detection test. The theoretical and simulated
analyses have revealed the limitations of the original detector under such conditions and
these include the loss of the asymptotic CFAR property and subsequent degradations in
terms of target detection capability. Consequently, an appropriate modification to the devised
detector has been introduced to make it robust to typical spectral mismatches occurring in
practical situations.

The effectiveness of the resulting detection scheme has been demonstrated against
simulated data, where the modified detector was proven to guarantee a remarkable control
of the false alarm rate and target detection performance outperforming the traditional
detection schemes. In Chapter 5, the effectiveness of the proposed detection scheme is

investigated against experimental data.
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Chapter 5

Polarimetric adaptive target detector

based on a multi-channel AR model:

Experimental Validation

In this Chapter the effectiveness of the polarimetric adaptive detection scheme introduced
in Chapter 3 and Chapter 4 is investigated against experimental data. First, in Section 5.1
real data collected by mean on a polarimetric active radar system are used and the
performance assessment is carried out also in comparison with the conventional polarimetric
adaptive detection strategies considered in the previous Chapters. Then, in Section 5.2, a
dataset collected by means of a FM radio-based PCL system are used. In the latter case,
some reasonable approximations are introduced in Section 5.3, in order to reduce the
computational burden required by the direct implementation of the Mod-Pol-AR-AMF and

enable an extensive analysis over the entire dataset.

5.1 Performance assessment against real active radar data

The sea clutter radar measurements employed in this Section have been collected at the
Osborne Head Gunnery Range (OHGR), Dartmouth, Nova Scotia, Canada, using the
McMaster IPIX radar [47]. The IPIX radar is a polarimetric radar system that alternatively
transmits bursts of pulses in each of two linear polarizations (H and V) and receives the
corresponding back-scattered echoes at both polarizations with two parallel receiving
channels. The experiment description as well as information concerning the radar parameters,
the sea state, etc. are reported in [30],[47].

The sea clutter data collected my means of the IPIX radar have been widely used in the
literature, see e.g. [27],[31],[34], [38],[39],[47]. Specifically, the results reported in this work
refer to the target-free data file starea4 collected on November 6, 1993. The auto- and cross-
spectra of the HH, VV and HV channels, averaged out over the range bins, are reported in

Figure 5.1 in black, blue and red, respectively.
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Normalized Doppler Frequency

Figure 5.1: Clutter power spectra at staread data file

In order to preliminary investigate the capability of the Mod-Pol-AR-AMF of
discriminating targets against the background, we first consider a sample data sub-set that
collects the range sweeps from three polarimetric channels, i.e. L = 3 (HH, VV, HV) at M =
32 consecutive pulses.

Before applying the proposed detector, a fictitious point-like target is injected at range
cell 6 and fz; = 0.25. As for the simulated analysis, the target complex amplitudes are set as
o= at[l e/Aun vy \/ZejAd’HH/HV]T, with a; selected to guarantee SCR at the first
polarimetric channel equal to SCR = -25dB, §; = 10, Apyy vy = 7/4, and Apyy/py = ©/2.

We report in Figure 5.2(a-d) the normalized range-Doppler maps, resulting after applying
the Mod-Pol-AR-AMF across the available range cell with different @ values, namely Q =
1,2, 4 and 8. Figure 5.2 shows that, when using Mod-Pol-AR-AMF with Q = 1 (see Figure
5.2 (a)), the clutter contribution at the considered CPI is such that the target is very unlikely
to be discriminated. Then, as @ increases, the disturbance level is progressively reduced, and
the target peak becomes more evident thus it could be easily distinguished from the
background. The performance is comparable from Q = 2 to Q = 5, although we do not show
all the cases here for brevity. Afterwards, as the number of taps further increases, the
background level starts slowly increasing again and Figure 5.2 (d) shows an example for Q
= 8. Similar results are obtained when considering different CPIs within the available data.
Therefore, in the following, we focus our analysis on a limited set of choices for the number
of taps @ which also represent suitable values for practical applications.

For a complete performance assessment, we carried out an extensive analysis by evaluating
the false alarm rate control capability as well as the target detection performance over the
entire data set. In Figure 5.3, we plot the measured Pfa versus the nominal Pfa for three
values of @ namely Q = 3,4 and 5 and two different numbers of training data, namely P =

192 and 16. In each sub-plot, we show two different results.
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In magenta, we plot the results obtained when using the original proposed detector Pol-AR-
AMF by setting the detection threshold according to (4.2) namely by assuming that (i) a
perfect matching exists between the spectral model adopted to build the detector and the
actual disturbance characteristics and (ii) the Pol-AR-AMF is working in the asymptotic
regime, where the employed Pfa expression is valid. Figure 5.3 clearly shows that the latter
assumptions are too strict and that (4.2) would not provide an acceptable capability of
controlling the false alarm rate for any value of P. However, these results also show that,
among the set of Q values considered in Figure 5.3, the choice of Q = 4 appears to be the
one that would yield a better false alarm rate control based on the above strategy. In turn,
this suggests that an AR (3) model provides a reasonable approximation of the spectral
characteristics of the data at this data file [30].

In the same figures, the dark blue lines show the results obtained with the Mod-Pol-AR-
AMF, when selecting the detection threshold according to (4.14). Figure 5.3 confirms that
the modified detector is robust to both spectral mismatches and non-asymptotic conditions
since a quite good control of the Pfa is guaranteed for all the considered combinations of
values for Q and P up to Pfa = 107. Incidentally, we note that lower Pfa values could not
be estimated due to the limited size of the considered data set. Afterwards, the Pd was
investigated by injecting a fictitious Swerling I target into the sea clutter measurements
before applying the proposed Mod-Pol-AR-AMF.
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The same parameters adopted in Section 4.2 have been used for generating the target
amplitudes across the polarimetric channels. We plot the results in Figure 5.4 for Pfa = 10
and Q = 4, using different numbers of polarimetric channels, i.e. L =1 (HH), L = 2 (HH,VV),
L =3 (HH,VV,HV), and different amount of secondary data. For comparison, we also report
the performance of the Pol-GLRT operated using P = 2ML in dotted black.

By observing Figure 5.4 we notice that as the number of available polarimetric channels
increases, the target discrimination capability increases and the performance of all
polarimetric adaptive detectors improves. In particular, due to the higher SCR at the cross-
polarized channel, using L = 3 (HH, VV, HV) yields a considerable performance improvement.

When comparing the Mod-Pol-AR-AMF and the Pol-GLRT, the results in Figure 5.4
largely confirms the simulated analyses. In fact, we observe that, using the same number of
training data (P = 2ML) the Mod-Pol-AR-AMF remarkably outperforms the Pol-GLRT.
This consideration applies even when using much fewer training data (P = 32 or 16),
especially when L = 1 or L. = 2 polarimetric channels are considered. As expected, the
advantage of the Mod-Pol-AR-AMF over the Pol-GLRT slightly reduces with L = 3;

however, it still is the most suitable approach against the considered data set.

72



> 0.8+
=
E 0.6
5 06
A
L 04} ;
b3
o 5
2
/5] Vi
A 0.2 & [w@ePol-GLRT (P = 2ML)
M| —@—Mod-Pol- AR-AMF (P = 2ML)
- % = Mod-Pol- AR-AMF (P = 32)
* ~-8c~ Mod-Pol-AR-AMF (P = 16)
0 T K | | 1
-40 -39 -30 -25 -20 -15 -10
SCR [dB]

Figure 5.4: Pdversus SCR with Pfa = 10, M = 32 with

different polarimetric channels for QQ = 4.

Finally, in Figure 5.6 we study the detection performance as a function of the Doppler
frequency and the target polarimetric cross-correlation coefficient p;. Specifically, we consider
Pfa = 107 and we inject a fictitious point like target using the same model adopted for Figure
5.4 with SCR = —20 dB. In Figure 5.6 (a), we report the Pd obtained with the proposed
Mod-Pol-AR-AMF as a function of p, and f; with P = 2ML = 128. In Figure 5.6 (b) we
focus on the extreme values of p; and we compare the Mod-Pol-AR-AMF with P = 128
against the Pol-GLRT using the same training data and the Mod-Pol-AR-AMF operated
using P = 16. Specifically, continuous lines refer to the case p; = 0 while dashed lines are for
pe= 0.99. In both subfigures, a logarithmic scale has been used to enhance the difference at
high Pd values. Figure 5.6 (a-b) confirms that the lower is the target polarimetric correlation,
the narrower is the cancellation notch resulting from the Mod-Pol-AR-AMF. This result is
well in line with the simulated analysis reported in Chapter 3, however here the difference
between the case of p; = 0 and p; = 0.99 is slightly reduced, revealing a lower polarimetric

correlation for the clutter [83].

5.2 Performance assessment against real PCL data

Let us consider a FM radio-based PCL system, equipped with L receiving channels,
connected to differently polarized surveillance antennas. For such application, the proposed
Mod-Pol-AR-AMF can be applied with only a few adjustments that can be easily

accommodated into the general signal model adopted in Chapter 3.
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Figure 5.5: Pd for SCR = -20 dB, Pfa = 10% L = 2 (HH, VV), M = 32:
(a) Pd for Mod-Pol-AR-AMF (P = 128) as a function of f; and p;
(b) Pd versus fy for py = 0 (continuous lines) and p; = 0.99 (dashed lines).

Specifically, in this case, the M ‘temporal observations’ are provided by M consecutive
samples of the received signals included in the CPI. Correspondingly, the temporal steering
vector t coincides with M samples of the signal collected at the reference channel.

According to the processing scheme introduced in Section 2.1, the signals collected by
different antennas separately undergo the disturbance (direct signal and multipath)
cancellation stage. Depending on the availability of one or more differently polarized reference
antennas, this stage can be performed according to either the ECA [22] or its polarimetric
version (P-ECA) [18].

Once this stage has been performed, L sequences of samples are made available

corresponding to the polarimetric channels deployed.
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Figure 5.6: Sketch of the Mod-Pol-AR-AMF for PCL systems

We arrange the L outputs extracted at the m-th time lag into an L-dimensional vector

Xo(m), m =0, .., M —11in (3.1), reported here for convenience:
T
0 1 L-1
Xo(m) = [x(() )(m) ...x(g )(m) ...x(g )(m)] (5.1)

being the M ‘temporal observations’ provided by M consecutive samples of the received
signals included in the CPI. We recall that passive radars typically use long CPI (in the order
of seconds) to attain desired levels of SNR.

Consequently, the number of samples M is usually very high (in the order of 10°) and this
prevents the direct application of the Pol-GLRT and the Pol-AMF due to (i) the unfeasible
requirement of training data, and (ii) the prohibitive complexity of required computations.

In contrast, suitable estimates of matrices A and R to be used in the Mod-Pol-AR-AMF
can be obtained based upon proper signal fragments, assuming that the target contribution
is negligible with respect to the competing disturbance. A sketch of the entire Mod-Pol-AR-
AMF strategy applied to PCL system is reported in Figure 5.6.
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5.2.1 Acquisition campaign

The acquisition campaign has been conducted near Fiumicino Airport, in Italy, exploiting
a FM radio transmitter located in Monte Cavo, approx. 35 km from the receiver site (see
Figure 5.7). Two dual-polarized log periodic antennas were used (see Figure 5.8(a)), being
each one equipped with two independent outputs, one vertical (V) one horizontal (H)
polarized. Specifically, one of them was steered toward the exploited IO and employed to
collect the V and H polarized versions of the reference signal. The other antenna was pointed
toward the area to be monitored and the two outputs gathered the V and H polarized versions
of the surveillance signal.

The data set consists of 2060 sequential data files (approx. 80 minutes covered), each one
containing a 1.1 s registration of the signals simultaneously collected by different antennas
at different carrier frequencies. The employed PCL prototype is based on a direct RF
sampling approach and exploits the ICS-554 PMC module (GE Fanuc Embedded Systems)
(see Figure 5.8 (b)).

: Roma Urbe Airport ?‘@; -

&)

g N Ciampino Airport
Fiumicino Airport

FM radio X P
PCL RECEIVER ¥ +| ILLUMINATOR OF OPPORTUNITY [
o Monte Cavo

Google Earth

Figure 5.7: Sketch of the acquisition campaign geometry

nnnnnnnnnnnnn

HILHH

Figure 5.8: Acquisition Campaign equipment:

(a) Dual-polarized antennas; (b) Multi-channel PCL prototype

76



This module consists of four 14-bit ADCs sampling synchronously the properly amplified
and filtered analogue signals from up to four input channels. Simultaneous down conversion
of up to 16 arbitrary signal bands (e.g. 16 FM radio channels) is provided by four Graychip
GC4016 quad digital down-converters (DDC). The described setup allows collecting data
from up to four different FM radio channels, reported in Table 5.1 each one from four
different antennas. The air-truth for the same air space has been provided by the SBS-1 real

time virtual radar, a portable low-cost Mode-S/ADS-B receiver.

Table 5.1
Collected FM radio channels

Carrier Frequency . Tx Tx Power
FM Ch ID FM Radio Broadcast o
[MHz| Polarization [kW]
FMCh1 91.2 RATR.2 H 80
FMCh2 924 RTL \Y% 15
FMCh3 94.5 SUBASIO \Y% 15
FMCh4 103.0 RDS \Y% 30

5.2.2 Results

In order to investigate the effectiveness of the proposed detection scheme, we consider 50
consecutive data files and the FM channel at 94.5 MHz and we report the raw PCL detections
in Figure 5.9 and Figure 5.10 for different detection schemes. In both figures we report in
black the air-truth corresponding to the targets of opportunity that were present at the time.
All the detections are reported in grey plots while the red ones represent the PCL detections
that have been correctly associated to the available ATC data. The number of training data
used to estimate matrices A and R has been set equal to 200 while the estimation of matrix D,
is performed using 32 secondary data surrounding the CUT in the bistatic range-Doppler
plane. A Pfa = 107 has been used.

In Figure 5.9 we report the results obtained when the single-pol channels are separately
employed and processed according to a conventional single-pol PCL processing scheme.In
Figure 5.10 we report the results obtained when the polarimetric information is exploited
acccording to (a) the P-GLRT presented in Chapter 2 and (b) the proposed Mod-Pol-AR-~
AMEF using Q = 3. We recall that a comparison with the Pol-GLRT [83] and the Pol-AMF
[26] is not possible.
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Figure 5.9: Raw PCL detections over 50 consecutive datafiles using:

(a) single-pol H and (b) single-pol V

By observing Figure 5.9 and Figure 5.10, the following considerations are in order:

The two single polarimetric channels yield to different results. For this set of datafiles,
the single-pol V in Figure 5.9(b) is better performing with respect to the single-pol H
in Figure 5.9(a). However, even when the best performing channel is used, the
detection capability is quite poor, and targets are detected with a good continuity
only up to 50Km bistatic range.

When the polarimetric information is exploited using either the P-GLRT (Figure
5.10(a)) of the Mod-Pol-AR-AMF (Figure 5.10(b)), the improvement is tremendous,
confirming that the polarimetric information can be very useful in order to reject the

disturbance and enhance the target SNR.
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Figure 5.10: Raw PCL detections over 50 consecutive datafiles using:
(a) P-GLRT and (b) Mod-Pol-AR-AMF with Q =3

e  When the proposed approach is used (Figure 5.10(b)), a substantial improvement is
obtained with respect to the P-GLRT and is evident in almost every track which is
now detected with a very good continuity. The advantage is particularly evident on
the track included between the 200 and 250 Km and approx. 350 m/s.

Based on these promising results, several tests over the entire data set must be carried out
and an extensive analysis would be necessary. Nevertheless, the high computational burden
required by the direct implementation of the proposed detector would make the required
analysis unsuitable. Therefore, we look for a sub-optimal version of the proposed detector

based on some reasonable approximations.
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5.3 Sub-optimal Modified Polarimetric AR based AMF

In order to make the proposed detector suitable for a practical application and to strongly
reduce the computational load, the two following simplifying assumptions are made
e The phase variation in the Q-dimensional sub-vector €(m), m = 0, ..., M~ Q collecting
the reference signal samples is assumed negligible.
o The coherent integration operated within the portion of Q) samples is neglected.

Note that these two assumptions stand for sufficiently small values of ). Based on these
approximations, the derivation of the sub-optimal version of the proposed detector is
straightforward and yields

2
XM (m 4+ Q — 1))2

n

_—
X Z £H(m) H'R 1 ry(m + Q — 1 — 1)es2mfamT [ p~*
im0 (5.2)
S B
X Z e‘jznfmerg(m +Q—-1-— T)ﬁ_lH %, (m)| = 7"
| m=0 1,

with T denoting the employed CPI, ry(m) denoting the m-th sample of the reference signal
and n'" denoting the detection threshold.

A sketch of the Sub-optimal Modified Polarimetric AR based AMF is reported in Figure
5.11. Depending on the considered application, the exploited source of opportunity and the
employed parameters, one would choose the most convenient application strategy.

Afterwards, the polarimetric whitening stage based on the disturbance covariance matrix
D, estimated on a set of training data surrounding the CUT. By admitting that the
disturbance is locally homogeneous over the range-velocity map, the number of secondary
data should be carefully selected by trading the theoretical adaptivity loss with the actual
loss due to the inclusion of nonhomogeneous data vectors.

Finally, the detection threshold to be applied after the final NCI is selected according to
the Pfa expression in (4.14).
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Figure 5.11: Sketch of the Sub-optimal Mod-Pol-AR-AMF for PCL systems

5.3.1 Results

In this Section a preliminary performance assessment of the Sub-optimal Mod-Pol-AR-AMF
is performed on the entire available dataset and its effectiveness is demonstrated in
comparison with the single-pol solutions, the P-NCI and the P-GLRT.

Based on the availability of real air traffic registrations, an extended detection performance
analysis has been carried out by computing the performance statistics over the entire dataset.
Specifically, the empirical receiver operating characteristic (ROC) curves have been obtained
in order to demonstrate the relative frequency of target detections against the false alarm
rate parameterized by the detection threshold applied to the specific detection scheme. With
respect to the detection frequency, the analysis has been limited to targets laying in the range
band [0; 100] km and included within an angular sector of 90° about the surveillance antenna
pointing direction.

In contrast, in order to limit the impact of detections due to strong targets sidelobes and /or
to targets not equipped with a transponder, the false alarm density has been recorded in the
range band [150; 200] km where the target detection probability is very low so that it is
expected not to affect the estimate of the false alarm rate. The results are reported in Figure
5.12 for the four FM radio channels simultaneously collected during the acquisition.

In each sub-figure, we report the detection frequency obtained when the two single
polarimetric channels are separately used in dotted green and light blue lines, the result of
the P-NCI in dashed black line, the results of the P-GLRT in dash-dot dark blue and finally

ones obtained when using the new proposed detection strategy with Q = 3 in red.
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Figure 5.12: Empirical ROC curves for different detection schemes, using:
(a) FMchl (b) FMch2 (¢) FMch3 (d) FMch4

By observing Figure 5.12 the following considerations are in order:

The signals received at the two single-pol channels and processed according to a
conventional single-pol scheme, lead to different results. It is worth noticing that the
best performing single-pol channel changes when changing the employed frequency
channel; however, it does not depend on the polarization employed by the exploited 10

(see Table 5.1 for details on the polarization used in transmission).

The P-NCI usually yields a very limited detection performance improvement with respect
to the single-pol operation. In some cases, due to the generally higher false alarms density,
the performance is even degraded with respect to the best performing polarimetric
channel, e.g. Figure 5.12(c-d).

The proposed detection strategy always yields the best detection capability since, for a
given false alarm rate, it allows to improve the detection frequency with respect to the
other strategies. In all cases, a dramatic improvement is obtained with respect to the
worst performing single-pol channel and a substantial enhancement of the detection

frequency is obtained with respect to the best performing single-pol channel and the Pol-
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NCI. Moreover, the improvement is remarkable with respect to the P-GLRT which was

the best performing solution so far. Obviously, the expected performance enhancement

depends on the exploited FM channel. For the considered data set, the poorest

improvement with respect to the P-GLRT is observed at FMCh4 while the improvement

obtained for the other FM channels is comparable.

To better compare the detection results, we report in Table 5.2 the number of correct PCL

detections obtained setting the measured Pfa = 10" for the different detection strategies,
namely the single-pol H and V, the P-NCI, the P-GLRT and the Sub-opt Mod-Pol-AR-AMF

using different @ values. Note that the maximum number of target occurrences is 9632.

By observing Table 5.2, we confirm the considerations made on Figure 5.12. Additionally,

notice that:

(i)

the proposed Sub-opt Mod-Pol-AR-AMF always allows the obtain the best detection
performance with respect to all the considered strategies for the considered dataset
and using the considered @ values. Specifically, the improvement is tremendous with
respect to the worst performing single polarimetric channel and remarkable with

respect to the other polarimetric detection schemes.

The detection performance obtained with the proposed strategy changes when

changing the employed number of taps @ and the considered FM channel.
Even when using Q = 1, the Sub-opt Mod-Pol-AR-AMF offers a performance

improvement with respect to the P-GLRT. More precisely, the number of detections
is between 1.6% and 4.3% higher using the proposed strategy, depending on the FM
channel. We recall that the whitening stages required by the P-GLRT are always
enclosed in the proposed approach. However, the latter also includes additional

processing stages aimed at further whitening the data.

The proposed Sub-opt Mod-Pol-AR-AMF allows obtaining a further improvement
when increasing the number of taps from 1 to 3, namely when the whitening stage
also exploits the temporal information. For instance, it allows an improvement of 6%
with respect to the P-GLRT when using FMch3.

When further increasing the employed @ value, a small loss can be obtained. This
might be due to (a) the employed number of secondary data used for the estimation
of matrices A and R, in this example equal to 100 samples, which could no longer be
sufficient to provide good estimations and (b) the spectral density of the data which

might no longer be well approximated with the employed Q.
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Table 5.2
Number of correct detections over the entire dataset, out of 9632 target

occurrenciess, with measured Pfa = 10

Detection scheme FMchl FMch2 FMch3 FMch4
Single-pol H 3002 3620 4059 3226
Single-pol V 1696 2615 5319 4546

P-NCI 3216 3730 4720 3908

P-GLRT 4030 4473 6181 5752

Q=1 4217 4737 6593 5913

Sub-opt Q=3 4564 4976 6751 5938
Mod-Pol-AR-AMF  (y _ 5 4547 4969 6744 5880
Q=10 4420 4816 6621 5791

5.4 Summary

In this Chapter, the effectiveness of the polarimetric adaptive detection strategy proposed
in Chapter 3 and Chapter 4 has been investigated against experimental data, collected by an
FM radio-based PCL system. Its advantage has been shown also in comparison with other
detection strategies, recalled in Chapter 2.

An extensive analysis has been carried out on the entire available set of data files using a
sub-optimal version of the proposed strategy, based on reasonable approximations, aimed at
reducing the computational load while accepting reduced loss. The extensive analysis has
shown that the novel polarimetric model-based adaptive detector is able to improve
effectively exploit both the polarimetric and temporal information in order to reject the
residual disturbance thus remarkably improving the target detection capability.

Based on the promising results shown in this Chapter, possible future challenges would
include the extension of the proposed detection strategy to include additional information
diversity sources. For instance, as the authors in [17] have demonstrated, that polarization
and frequency diversity could be jointly and fruitfully exploited in order to further improve

the detection performance of PCL systems.

This Chapter concludes Part I of this thesis, where the problem of target detection for
multi-polarimetic radar systems has been addressed. Once a target has been detected, it is of
great interest the possibility to estimate its DoA in order to localize it in the Cartesian plane
hence enabling a fully knowledge of the target position. Therefore, Part II of this thesis will

be dedicated to addressing this issue.
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Part 11
Exploitation of frequency and spatial

diversity for target localization
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Chapter 6
Target DoA estimation exploiting spatial

and frequency diversity:

Threshold region performance characterization

This Chapter opens Part II of this two-part thesis, which deals with target DoA estimation
for system that jointly exploit signals received at multiple carrier frequencies, as a mean to
mitigate the problem of angular ambiguities in arrays employing a limited number of
channels. In particular, in this Chapter, the performance characterization of a DoA estimator
in the low SNR region is presented. The case of a sensor array simultaneously collecting
signals emitted at multiple carrier frequencies by a single source is considered. A ML
approach is used as a reference method for DoA estimation and its accuracy is characterized
in terms of MSE.

6.1 Background and Motivation

DoA estimation of narrow-band signals is a key problem in sensor array signal with a
variety of application fields, such as radar, sonar, mobile communications, etc. The
conspicuous interest attracted by this issue is testified by the amount of research literature
dedicated to the topic, see e.g. [71] and the references therein. A variety of advanced
estimation methods has been proposed and their performances have been extensively studied,
see e.g. [33],[79],[89],(91],[93],[107],[108],[117].

However, the majority of studies published over the years addressed the problem of
characterizing the performance of DoA estimators under asymptotic assumptions, where
asymptotic generally refers to either a high number of samples or high SNR regime
[33],[79],[107],[108]. Nevertheless, in many practical applications, such conditions are unlikely
to be continuously guaranteed. This is the case of passive location systems, where the object
of the location task could be an emitting source [11], [106], [113] or a target that backscatters
a signal of opportunity, as in passive radar [50] or passive sonar [85] systems. The passive
nature of such systems intrinsically limits the possibility to fully control the performance for

any target of interest.
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Specifically, the DoA estimation accuracy largely depends on the power level and the
transmission rate of either the emitting source, in one-way propagation systems, or the 10,

in two-way propagation systems.
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Figure 6.1: Qualitate behavior of the MSE versus the SNR for nonlinear DoA estimation.

These parameters cannot be directly controlled by the system designer. Therefore, it is
not unlikely that the aforementioned systems operate in the low SNR regime where accurate
angular localization might represent a challenging task. This is especially true when a limited
number of receiving sensors is employed in order to limit the system complexity.

As it is well known, at low SNR values, the estimation accuracy of a nonlinear DoA
estimator rapidly deviates from its asymptotic performance, experiencing the so-called
threshold effect [6],[89]. This effect is qualitatively shown in Figure 6.1, where the MSE is
reported versus the SNR: three regions can be identified, referred to as no information region
(as SNR—0), threshold region and asymptotic region (as SNR—00). The Cramér-Rao lower
bound (CRB) [33], in dashed red, correctly describes the estimator performance in the
asymptotic region, but it is not able to predict the estimator performance for low SNR, values.
In fact, while the CRB essentially depends on the local errors around the true value, the
threshold effect is due to outliers, namely global estimation errors that occur due to an actual
estimate outside the mainlobe of the objective function. This issue has been addressed in the
open literature by several authors, e.g. [1],[6],[8],[88],[115],[124]. A number of lower bounds
has been proposed, accounting for the global errors contribution to the overall MSE, see e.g.
the Barankin bound (8], the Bayesian CRB [33],[115], the Ziv-Zakai bound [124].

With reference to the problem under consideration, a very tight bound has been provided
in [6], which is able to predict the threshold behaviour of a ML DoA estimator for an array
of sensors, receiving narrow-band signals from far-field emitters. It is based on some ideas
presented in [89] and [116]. Basically, the MSE is split into two parts, the former coming
from local errors obtained when the estimates are close to the true value, and the latter due

to outliers. In this work, we elaborate on the achievements in [6] and deal with the case of a
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multi frequency (MF) ML DoA estimator that exploits a non-uniform linear array receiving
multiple signals simultaneously emitted at different carrier frequencies. Frequency diversity
has been considered in sensor array processing with various objectives, using both coherent
and non-coherent integration approaches, in several applications. They include, for instance,
FDA [119], frequency diversity based MIMO [65],[114], and multi-frequency co-prime arrays
[13]. We refer to DoA estimation based on the non-coherent exploitation of signals received
at multiple carriers as a mean to mitigate the problem of angular ambiguities in arrays
enjoying a limited number of channels. This idea is based on recognizing the change in the
array grating lobe pattern that results from the change of frequency and it finds application
in several scenarios [101].

Among the most interesting, we mention DoA estimation of single source that transmits
signals on multiple carriers, either simultaneously or with rapid frequency hopping. For
instance, this is the case of remotely piloted unmanned aerial vehicles (UAV) carrying RF
emitting devices. Since the considered multi-carrier sources should not necessarily share the
same transmitting antenna, possible scenarios of application also encompass the case of
multiple emitters carried by the same platform, e.g. ships or aircrafts [25]. Another very
interesting application context is offered by multi-band radar and sonar systems that aim at
localizing targets backscattering signals emitted on multiple frequency channels by either one
(i.e. mono-/bi-static configuration) or several transmitters (i.e. multistatic configuration).
This scenario also embraces the case of PCL systems.

The purpose of this study is to provide a reliable performance characterization of the MF
ML estimator in the threshold region. To this end, we exploit the same approach adopted in
[6] and use some recent results from the theory of indefinite quadratic forms in Gaussian
random variables [4] to evaluate the probability of outlier for the considered estimator. With
reference to the source signal, two different models are considered, namely the deterministic
and the stochastic, often referred to as conditional model assumption (CMA) and
unconditional model assumption (UMA), respectively. The capability to predict jointly the
threshold and asymptotic performance of the MEF ML DoA estimator via the expressions
derived in this study enables a fair comparison between different array configurations without

resorting to time-consuming Monte Carlo simulations.

6.2 Signal model and Multi-Carrier ML DoA estimator

Let us consider a K-dimensional linear array, with K > 2 identical spatial channels, receiving
narrowband signals at N different carrier frequencies. This array is employed to estimate the
DoA ug, of a multi-frequency source when measurements are severely corrupted by noise. If
a single source is present, the complex array output (after down-conversion, filtering and
sampling) for the n-th frequency channel can be arranged into the K-dimensional column

vector
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Xu(1) = Au(?) sa(un) + 14(t)

(6.1)
n=0,.N-1,¢t=0,., M1

where

maximizing the likelihood function with respect to A,(t), n =0, ., N-1,t =0, .., M, — 1

Ay (t), n = 0, .., N — 1, is the complex baseband source signal. Depending on the
application, it can represent the samples of the signal emitted by the source to be
localized or the complex amplitude of the target backscattering in response to the signal
of opportunity emitted at the Fth frequency channel. We model A,(t), n =0, .., N — 1,
t =0, .., M, — 1 as unknown parameters and handle them according to the stochastic
and the deterministic framework.

sa(w)is the target steering vector and accounts for the array response from the target
DoA. For a linear array composed by K elements at positions di, k¥ = 0, .., K — 1,

measured with respect to a generic phase reference location along the array, it is

suun) = [,(-2dous) (~iRdx-u)] (6.2)

Where 4, = sin(6)) is the target DoA measured relative to the array boresight and A, is
the n-th wavelength.
n, is a K-dimensional vector that collects the additive noise samples at the receiving
sensors. The noise is assumed to be a spatially white zero-mean complex Gaussian process
with unknown mean square value o2, independent of the source signal. It is further
supposed that the noise contributions at different frequency channels are statistically
independent and identically distributed (i.i.d.).
M, is the number of space snapshots available for the signal at the n-th carrier frequency
and it is assumed known. In the general case, a different number of snapshots might be
available for the different frequency channels and their total number is denoted by Z
= Zg;& Mn~

Under the above hypotheses, the ML estimate of the DoA wu, is found by jointly

)

and uy, yielding

iy = argmax {Vw)} (6.3)

where u € [~ upax, Umax] with uyax = 1 if the non-ambiguous angular sector is [—m, ] and

V(u) is the concentrated ML objective function
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In the absence of noise, this function is proportional to the weighted sum of the estimated
array beampattern amplitudes computed at different carrier frequencies, i.e. b,(u) =
|an(u) Sn (u0)|2. This is a direct consequence of the used model for the complex amplitudes
A,(t) across multiple frequency channels that does not enable the coherent summation of the
results obtained at different carrier frequencies.

The asymptotic properties of the ML estimator are well known, whereas its performance
in the threshold region has been characterized only in specific cases. In [6] an suitable
approximation to the MSE of the ML estimator is provided for a non-uniform linear array
exploiting a single carrier frequency case, i.e. for N = 1.

The purpose of this work is to extend the analysis of [6] to the multi-carrier (N > 1)
scenario in order to provide a reliable characterization of the ML estimator performance close
to the threshold when multiple frequency channels are employed. We observe that this
extension is not straightforward as the exploitation of multiple signals emitted at multiple
carriers has a non-trivial impact on the threshold SNR value. In fact, it simultaneously affects
(i) the useful signal energy thanks to the increase of the number of snapshots, and (ii) the
multi-frequency beampattern characteristics thanks to the diversity conveyed by multiple

frequency channels, especially when the corresponding carriers are widely separated.

6.3 Approximation of the MSE and probability of outlier

In this Section, we briefly summarize the approach proposed in [6] to obtain an approximate
expression for the MSE of the ML estimator in the threshold region, as it represents the
starting point adopted in this work.

The MSE is split into two parts, one coming from small errors obtained when the estimates
are close to the true value, and the other due to outliers. The total probability theorem

implies that the MSE can be written as

E[(iy — ug)’]= Pr{no outlier} E[(@iy — uq)?*lno outlier]
(6.5)
+ Pr{outlier} E[(fly — u)*|outlier]

We recall that the probability of outlier P, is the probability of the event that, due to the
presence of noise, the global maximum in the likelihood function is outside the mainlobe of
the objective function. Close to the threshold region, outliers will tend to concentrate around

the sidelobe peaks of the beampattern. Therefore, considering the function in (6.4) at the
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sidelobe peaks, V(un), m = 1, .., N, and resorting to the union bound [87] we can approximate
P{) as

Py ~ Z P, Z Pr{V(u,) > V(ug) } (6.6)

Notice that the positions u, of the nominal sidelobe peaks in (6.6) are identified based on

the theoretical (noise-free) MF beampattern corresponding to (6.4). This is written as

N-1
Vereo@) = 0% ) My SNR,, by (1) (6.7

n=0

where SNR,, is the SNR available at the single antenna element, for the single snapshot
received at the n-th frequency channel, and its explicit expression will be provided in the
subsequent Sections with reference to each adopted signal model. The numbering of the
sidelobe peaks positions is defined so that w, is the position of the mainlobe peak and u,, m
=1, .., N,, are the positions of the N, sidelobe peaks of the resulting MF beampattern. The
individual probabilities P, will be referred to as the pairwise error probabilities, borrowing
this terminology from communication theory [87].

Exploiting (6.6), the MSE approximation for the considered ML estimator is written as

Np

14
El(flg — ug)?] ~ |1 — Z |- CRB + Z P (i, — Uug)? (6.8)
m=1 m=1

where the CRB is used as a good predictor of the small errors of the MSE in the asymptotic
region. Notice that this approximate expression is quite general and applies also to the case
under consideration since the number N of frequency channels, the corresponding
wavelengths, and the number M, of snapshots available at the 1-th carrier frequency will
largely affect the pairwise error probabilities, the position of sidelobe peaks, and the CRB.
A closed form expression for the pairwise error probabilities P,, m = 1, .., N,, has been
derived in [6] for the case N = 1, and two different signal models, namely the deterministic
(or conditional) and the stochastic (or unconditional).
In the former case, the amplitudes A(t), t = 0, .., M — 1, are assumed to be deterministic
(but unknown) complex values whereas in the latter situation, the signal is assumed to be a
stationary, temporally white, zero-mean, complex Gaussian process. The derived expressions
are reported here for ease of reference.
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A. Deterministic Signal Model (or Conditional Model Assumption)

S S
Pp=0Q \/E(l_ 1_|gm|2):\/§(1+ 1_|gm
M-1
_7 I |gm|S 1 |.9m|5 2M -1
—e 0 2 T 92M-1 Iy

p=0
M1 (6.9)
1 |gm|S
T 2M-1 Z I 2
p=1
l IIM-1-p
[k 1—lgml? 1—y1—|gml? §:<ﬂw—w
|gml |gml i k
where
©  (t2+a?)
Q(a, B) :j te” 2 Iy(at)dt (6.10)
B

is the Marcum Q-function, I ( ) is the modified Bessel function of the first kind and order p,
gm = s"(up)s(uo) /K, and S & Z ot lA(®)|? may be interpreted as the total SNR integrated

over the K antennas and the Z\/I snapshots.
B. Stochastic Signal Model (or Unconditional Model Assumption)

M-1

1 2M —1
po=—" t 6.11

where

_ 402(02 + 02K) _
1+ [1+ .
J TFK2 A~ Ignl?)

dm =

(6.12)

402(0? + 02K)
-1+ |1+ .
_ J KA = Tgml?)|

where 02 = E{|A(t)|?} is the signal power.
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The expressions in (6.9) and (6.11) are no longer valid if N > 1. They will be generalized
for the multi-carrier case in the next two Sections both for the deterministic and the

stochastic signals model.

6.4 Evaluation of the Pairwise Error Probabilities under
CMA

6.4.1 Theoretical Derivation

In this Section, we derive the expression for the pairwise error probabilities under
deterministic signal model, or Conditional Model Assumption.

The pairwise error probability in (6.6) can be written as

0
Py = Pr{[V (up) > V(o)1) = Pr{[V < 0]} = f py (V) dV (6.13)

Being py( V) the pdf of the random variable V.= V(u) — V(un).
As it is apparent from (6.13), we need to evaluate the cumulative distribution function
(CDF) of Vin 0, i.e. F(0). To this end, V can be rewritten as

N—-1Mp-1

V=V(g) —V(um) = Z Z | xH ()P, x,(1)|? (6.14)
t=0

n=0

where

Pn = Sn(uO)SnH(uO) - Sn(um)an(um)

(n=0,..,N-1)

(6.15)

is a rank-2 KXK Hermitian matrix.

By arranging the available snapshots in the KZx1 vector x = ain[xg (0) - xHM, —
1) x4 (0)--x_;(My_; — 1D]¥ and by defining the corresponding KZxKZ block diagonal
matrix

Iy, ®Py 0
P=g2 : : , we can further simplify (6.14) as
0 o Iy ® Py

vV =x"Px (6.16)

By definition, the rank of P is equal to 2Z. Specifically, it exhibits at most N pairs of
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distinct non-zero eigenvalues of equal magnitude but opposite sign. In the following, we
assume that there are exactly N pairs of distinct eigenvalues, each with multiplicity M,, n =
0, .., N — 1. In other words, we suppose that different carrier frequencies selected from the
considered set yield distinct pairs of eigenvalues. Notice that this hypothesis is mild and
easily verified in practical cases. In fact, one can easily evaluate the non-zero eigenvalues of
P by using Theorem 18.1.1 in [45], thus obtaining

Yn = KUZ,’ 1- |gm,n|2
’ (6.17)
Yn+n = —Ko? [1— |gm,n|2

(n=0,..,N—1)

where g = 8" (uo)sa(un) /K and we set M, = M,
Let P = QAQ" denote the eigenvalue decomposition of P, we can assume that Ais
A 022x(kz-22)
Okz—22)x2z Okz-22)x(KZ-22)
non-zero eigenvalues on its main diagonal.

organized so that A = ], where A is a 2Zx%27Z block with the

Equation (6.16) can be reworked as
V =(QFx)?AQ"x = XA X (6.18)

_ ) H
where X = §7(Q"x), § = [Izz : OZZX(KZ—ZZ)] .
Under the deterministic signal model, or CMA, x is a complex Gaussian random vector,

i.e. X ~CN(q,Ixz) with mean vector

1
q-= = [AB(O)Sg(uo) Ay (My_q — 1)55—1(110)]1-1 (6.19)

Consequently, X ~CN'(q, I,z), with g = S7(Q#q), and (6.19) is usefully rewritten as
v=(h+q)"A(h+q) (6.20)

where h  is a white zero-mean circularly symmetric complex Gaussian vector, i.e.
h ~CNV(0,1,5).

Using the expression in (6.20) for the variable V, we can now exploit the approach in [4]
to derive an approximation of the sought pairwise error probability. Specifically, the CDF of
V can be written as

94



F,(y) :f p(h)u(y —(h+ " A(h+ §)dh (6.21)

where p(h) is the pdf of h and u(x) is the unit step function. Resorting to the Fourier

transform representation or the unit step function

o eX(jw+p)
u(x) = i —ooej:)+/3 dw for any f >0 (6.22)
one can write Fy(y) as
1 ([ (P tn V¥ e & (B a)) < €7TOTE)
Fv(y) = or2Z+1 -Ue (IR + G @ o) R +q))dh—ja) T dw (6.23)
that, solving the inner integral, yields

1
Pu=F@ =5 |

— 0o

12z + (o + B)Al (o + B)

A closed form solution for the 1D integral in (6.24) cannot be obtained [100]. Therefore,
as in [4], we resort to the saddle point (SP) technique [10], which is a well-known method for

approximating integrals. To this end, we write (6.24) as

F,(0) = %fmef(w dw (6.25)
with
2N-1
f@)==InGo+p) = > MInll+ o+ B
2N-1 k=0 1 (626)
- kZO & [1_1+ G + By

2
where S, =), jel(k)|(7 j| , and I(k) containing the indices of the vector q entries corresponding

to the kth eigenvalue (|I(k)|=M;).

95



To apply the SP technique, we approximate f(w) using a second order Taylor expansion

around wg , where wg = j(f + pg) is the solution of

2N—-1

' _ JYk
filw) = Z Sk [(1 + (jo + B)yk)z]
fe=0 2N-1 ) (6.27)

_(jwj+ﬁ)_ ng A e rEoTA

with Do € (—‘LIMA)QO), and Hrax = 1/ Y MAX, being YyAx = max{yk, k= 0, ey N - 1}
Consequently, the integral in (6.25) can be approximated as

21

F,(0) ~ %ef (wo) el (6.28)
By writing f(wg) and f"'(wg), after some standard algebra, we eventually obtain
ol ~ SkYkPo
Pu = Fy(0) » 2= exp {— kzo M In(1 = iipo) - 1_—ykp0}
2N-1 -1/, (6.29)
1 YieMi 25 Sk

po® & (I=ypo)®* (1= yipo)?

6.4.2 Simulation Results

We first verify the accuracy of the approximation in (6.29), by comparing it with its exact
expression when available (i.e. for N = 1 see (6.9)).

In Figure 6.2(a) we report the normalized theoretical MF beampattern Vie(u) in (6.7)
for a three-element array with element position d = [0 2 6.8]4;, where 4; is the wavelength
of the exploited frequency channel and the DoA of the signal source is uy = 0. As it is
apparent, a quite challenging array layout has been considered that is likely to yield outlier
DoA estimates being the number of elements quite small and their spacing well above the
employed wavelength. Consequently, a generally high sidelobe level is observed.

The most relevant sidelobe leading to outliers when the SNR, decreases is indeed the highest
sidelobe (indicated by the red arrow in Figure 6.2(a). It represents the selected sidelobe where
the pairwise error probability P,, is evaluated in Figure 6.2(b) for different SNR values, versus
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Figure 6.2: Results for N =1and K=3 (d = [0 2 6.8/ A1) : (a) Theoretical MF beampattern
(b) Pairwise error probability for a selected sidelobe for different SNR versus M.

the number M of snapshots collected. Specifically, we refer to the SNR at the single antenna
element, for the single snapshot, i.e. SNR £ ﬁZ’t"’:_()llA(t)lz.

Figure 6.2(b) shows that the P, expression derived in (6.29) is able to approximate the
pairwise error probability in (6.9), even for very low values, e.g. P, = 10,

In Figure 6.3 we compare the normalized theoretical MF beampattern Vi.o(u) of Figure
6.2(a) with that obtained exploiting three different frequency channels (N = 3) with
wavelengths A4, 4, = 0.76 4;, and A3 = 0.57 A;, respectively. It is expected that the
asymptotic DoA estimation accuracy could benefit from the joint exploitation of signals with
higher carrier frequencies.

However, we observe that the additional frequency channels considered in this case study
are more critical in term of outliers when separately employed with the same array of Figure
6.2. Nevertheless, Figure 6.3 shows that the sidelobe level is fruitfully reduced if the frequency
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diversity is exploited. Accordingly, we expect the probability of outlier to be lower since a
higher noise level would be required for the sidelobes to exceed the main lobe peak.

Clearly, the lower the probability of outlier, the higher the number of MC simulation trials
necessary to estimate such a rare event, i.e. the availability of a closed-form reliable
expression to predict the estimator performance becomes more and more relevant.

To check the accuracy of the union bound approximation for the probability of outlier,
MC simulations have been performed for different configurations. In all cases, the number of
MC trials was 10°, whereas this number was increased to 5:10” when the probability of outlier
Py was expected to be below 10 The outcome of the DoA estimation stage is labelled as
outlier if it falls outside the mainlobe of the theoretical MF beampattern Vie(u). Each outlier
is associated with the closest sidelobe peak, according to a minimum distance criterion.

We compare the results of the MC simulations with the probability of outlier evaluated
as in (6.6) by using the result in (6.29) at each sidelobe peak. Although the positions of these
peaks are usually not available in closed form, they can be readily calculated by some
numerical methods.

In Figure 6.4, the probability of outlier P, is compared with the results of MC simulations

(dots) for different SNR. The SNR, at the n-th frequency channel is defined as SNR, &
1

0% My,

thvino_ 14, ()%, where the same SNR level is assumed for the employed frequency

channels. The results are reported for the case studies in Table 6.1. For cases A and B also
the P, obtained with the exact expression in (6.9) is reported, in solid black line, for
comparison.

Observing Figure 6.4 the following considerations are in order:

o the expression in (6.29) effectively approximates the closed form solution, when available.

o The union bound approximation is quite robust for high SNR whereas it overestimates

the probability of outlier at very low SNR values, where the simplified hypotheses behind
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(6.6) are no longer verified. However, this is not expected to be an issue since those

values are likely to correspond to the no information region.

As expected, the higher the total number Z of snapshots (collected either in time or in

frequency domains) the better the performance.

Keeping constant the total number of snapshots, better results can be obtained if they
are collected at different frequency channels (compare the green and light blue lines),
revealing that the frequency diversity is essential besides the expected increase in
integrated SNR. Basically, case B yields a gain of approximately 5 dB for Py values below

102 whereas case C provides an additional gain of 7 dB.

The last consideration is confirmed comparing case B and case E (see the green and
magenta lines). In fact, even if two out of three frequency channels provide a lower SNR,
their exploitation still allows to significantly reduce the probability of outlier with respect
to the situation using M = 3 snapshots from the frequency channel with the highest
SNR. This is due to the improvement arising in term of sidelobes level in the resulting

multi-frequency likelihood function.

When exploiting three snapshots from three frequency channels, the improvement is
significant with respect to Z = 1, since case D benefits from both the resulting SNR
integration and conveyed by the MF approach.

Table 6.1
Case studies A-E

case A case B case C case D case E
Number of
3 3 3 3 3
array elements K
Number of
, 1 1 3 3 3
carriers N
Number of
1 3 1 3 1
snapshots M
Array layout d=[02 68]1
Wavelengths A A A, A, =076, A3 =057
SNR, =
SNR — — SNR; = SNR, = SNR, SNR; =
SNR, — 3dB
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Figure 6.4: Probability of outlier under CMA for a three-element array
d=1[0 2 6.8\ for different case studies, reported in Table 6.1.

6.5 Evaluation of the Pairwise Error Probabilities under
UMA

6.5.1 Theoretical Derivation

In this Section, we derive the expression for the pairwise error probabilities under
stochastic signal model, or UMA. By proceeding as in Section 6.4.1, we obtain the same
expression as in (6.18). However, under UMA, vector X is a set of statistically independent

K-dimensional complex Gaussian random variables, with zero-mean vector

Iy, ®Ry - 0

and covariance matrix R, i.e. X ~CN'(0,R) where R = and

0 o Iy, @Ry
2
the Kx K blocks on the main diagonal are given by R,, = %sn(uo)sn(uo)H +Ig, n=0, ..,
N - 1, with a2, = E{|4,,(£)|?} being the power of the n-th signal. Thus, V in (6.18) is a
complex central quadratic form.
Without loss of generality, we can consider the central quadratic form in the variable x,,

which is the whitened version of x
x, = (R72)"x

H (6.30)
P, = (RV?)"x (RY?)

The rank of matrix P, is equal to 27 and it has at most N pairs of distinct non-zero

100



eigenvalues. As in Section 6.4.1, we suppose that there are exactly N pairs of distinct

eigenvalues, each with multiplicity M, , n =0, .., N — 1 given by

K202 (1= |gmal) ) 402(02+02,K )
Yn = — 2 B 4 12 _ 2
O'S,nK (1 |gm,n| )
2 (6.31)
K?aln(1—|g 402(02+0l. K
o s,n( . |Gl ) 1+ 1+ o2(02+0¢nK )

O-_énKZ (1 - |gm,n|2)

Denoting by P, = Q,A,, Qf the eigenvalue decomposition of P, we can assume that
Ay 022%(kz-22)

] where A, is a 2Zx 27 diagonal
Okz—22)x2z  O(kz-22)x(KZ-22)

A, is organized so that A, = [

matrix containing the non-zero eigenvalues on its main diagonal.
Therefore, under UMA, the CDF of V can be written as

© eY(w+pB)

1
O =Ef_m|lzz+ow+ﬂ)7xwl Gorp™ (6:32)

The integral in (6.32) has a closed form solution that can be derived as in [4]. First, resorting

to the partial fraction expansion, we can write

2N—-1 Mp—1

1 _ ak't 1
T2z + G + HAy| Go+B) kz ; v+ Go+HIF ' Go+p)  (633)

=0

where the coefficients ay  are given by

2N-1

1 M| - (My—t-1)
it =T My — 0 ]11 Bk ()

S==Hi (6.34)
k=0, 2N-1,t=0, .., M;— 1
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with y(M"" = 1)( s) the (Mx — t — 1)-th derivative of yi(s), defined as

2N—-1
.
Yie(s) = u (uj+s) (6.35)

Jj*k

with p; = 1/)/,-: j=0, ., 2N~ 1, gy = 0 and Moy = 1.

Now, using the expression in (6.33), we can split the integral in (6.32) in two parts and
evaluate them separately. Eventually, after some calculations, we obtain a closed form
solution

2N-1
1
m = Fy(0) = > 1+ Z sign(yy) - ak,O] (6.36)

k=0

_1)

One can evaluate the coefficient ykM in ay o differentiating the logarithm of y, (s), i.e.

%log(yk(s)) =50 )y,gl) (s), that yields
2N
() = =) ) My +5)” (6.37)
ok

Subsequently, Leibniz’s rule for differentiation of products may be applied. Thus, the required
coefficients can be evaluated using the following recursion formula

Wl 1ﬁ“@)

dsp
==l

< _1( Dl (DI
}:}: (s)
u=07=0 (u,- - #k)

=1
s=—pg

(6.38)

2N
0 -M
WS = wm) = n(uj —me)
s==pk L
j=0
Jj*k
Equation (6.36), with coefficients obtained using (6.34) and (6.38), provides a closed form
expression of the pairwise error probability under UMA for the m-th sidelobe peak.
In particular, for the SF case, namely when N = 1 and M =1 , it coincides with the

Yo

solution in (6.11), being g, = o the ratio between the absolute values of the two
1

eigenvalues.
In the dual special case, namely when M = 1 and N21, with the assumptions made on the
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distinct eigenvalues, we have M;, = 1, k= 0, ..., 2N. Consequently, we can write the residues

aklo as
Ak,o0 = —H§561 al
SR | AN TR (6.:39)
j£k

6.5.2 Simulation Results

To verify the accuracy of the expression in (6.36), Figure 6.5 compares the results of MC
simulations with the probability of outlier evaluated using (6.6) and P, obtained from (6.36)

under stochastic signal model. The results are reported versus SNR, being in this case SNR,,

A

2
2 %. The same methodology is adopted as in Section 6.4.2, and the same three-element

array layout d = [0 2 6.8] A; is employed together with some representative case studies,
namely those B,C and D.

Observing Figure 6.5, some of the considerations made on Figure 6.4 under CMA can be

confirmed also under UMA. In addition, we notice that:

o when very few snapshots are available (collected either in time or in frequency), the
union bound approximation slightly overestimates the probability of outlier also for
high SNR values (see cases B and C); similar results were obtained also in [6] for the

single-carrier case.

o Increasing the number of snapshots, the union bound approximation seems quite robust
for high SNR, whereas it still is not very tight for very low SNR values (see case D).
However, as aforementioned, those values are likely to correspond to the no information

region.

o Compared with Figure 6.4, a higher probability of outlier can be obtained under UMA
for the same case study. The benefits provided by frequency diversity become smaller
and smaller when few snapshots are available. In contrast, the gain resulting from the
availability of multi-frequency observations becomes quite evident increasing the
number of snapshots collected at each carrier frequency, especially for low values of the

probability of outlier.

6.6 Simulation Results: MSE Approximation

So far, the robustness of the expressions characterizing the pairwise error probability under
CMA and under UMA has been investigated in the multi-carrier case with reference to the
probability of outlier. In this Section, the identified expressions are used to provide an
accurate characterization of the MEF ML DoA estimator performance for a multi-channel

receiver operating in the threshold region.
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Figure 6.5: Probability of outlier under UMA for a three elements array

d= [0 2 6.8] A for different case studies, reported in Table 6.1.

To this end, we resort to the approximate formula in (6.8) where
o P, is given by (6.29) or (6.36) depending on the signal model, namely CMA or UMA;

« the CRB can be easily evaluated starting from the general expression of the Fisher

information matrix I(©) for the problem under consideration [52]

om" (7)
oy

ar (@)
a7

ar(Q)

I(G)p,k =tr (W (640)

r©

r-1(Q _am(())

r—l(Z)> + 2m< G

Where I'(Q) and m(Q) are the covariance matrix and the mean vector of the received signal x
and depend on a set of unknown parameters {, being {a W-dimensional vector, so that p, k

=0, ., W-1.

The application of (6.40) to the DoA estimation problem of interest herein yields two
different expressions for the CRB, relative to the deterministic and stochastic signal models.

A. Deterministic Signal Model (or Conditional Model Assumption)

According to the definitions in Sections 6.4, we would have { = [uy Ay(0) ... Ag(My —
1) ..Ay_1(My_q — 1], namely W=7+ 1, m(J) = q, being q defined in (6.19) and I'(q) =
I' = Ig,. Therefore, after some algebra, the following expression is obtained

(6.41)

My, SNR,,
e

2
CRBaua(ug) = [87T2 pp s (dk - %Z{.f;& dp) NS
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B. Stochastic Signal Model (or Unconditional Model Assumption)

According to the definitions in Sections 6.5, the set of unknown parameters would be
reduced to a scalar { = uy, namely W = 1, while m({) = 0 and I'(¢) = R.

Therefore, after some algebra, the following expression is obtained

_ 1 @r_ 2 _v_1 MpSNR, |
CRBuwa(10) = [8”2 K=o (dk - EZ§=(} dp) Zr’yz(}m (6.42)

In both cases, the array layout affects the performance via the term G =

K-1

Z (dk - %Zg;& dp)z that basically measures the mean square distance of the array
elements from a barycentre. Larger arrays (in the sense that the factor G is higher) yield
better asymptotic performance.

However, a given layout yields a different impact when employed at different carrier
frequencies and this impact is related to the SNR available at each frequency channel. As
expected, (6.42) tends to (6.41) for high SNR values. In the following, aiming at
demonstrating the reliability of the MSE approximation in (6.8) when using the expressions
in (6.29), (6.36), (6.41) and (6.42), we compare the theoretical performance to the results of
MC simulations.

As in Section 6.4, the number of trials was set to 10° and it was increased to 5+ 107for SNR
values such that Py < 10 In particular, Figure 6.6 shows the comparison between the MSE
approximation and the results of MC simulations (dots) versus the SNR under CMA for case
studies A-D, defined in Table 6.1. The corresponding CRB for each case is also reported in
dashed grey. The three operative regions are quite easily identified and, as expected, the
CRB is not able to model the ML estimator performance is the threshold region. In contrast,
the considered MSE approximation is quite accurate in representing the performance of the
estimator both in the threshold and the asymptotic region. This consideration applies both
to the single-frequency cases A-B and to the multi-frequency situations C-D.

Notice that in the former situations, the results of [6] could have been fruitfully exploited.
However, the reported analysis demonstrates that the approximate expression in (6.29) for
the pairwise error probability provides a reliable tool that can be exploited both when a
single frequency channel is available and when a multi-carrier receiver is considered.
Remarkably, the approximate MSE can be successfully exploited to evaluate the lower limit
SNR value that represents the boundary between the threshold region and the asymptotic
region, namely the threshold SNR value. This value is heavily dependent on the probability
of outlier (see Figure 6.4) in each considered case, the MSE significantly deviates from the
CRB curve when P, gets above 10°. This could represent an interesting point of view when

comparing different array layouts and frequency channels combinations.
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Figure 6.6: MSE approximation under CMA for a three-element array
d =10 2 6.8] A1 for different case studies, reported in Table 6.1.

10 . T CRBCMA
L ] ] ..' e e e e case F
& == case G
3, — case H
. -2 8 ]
é 10 by ® MC simulation
>
L
=
S 10k ]
2] s Bl
=
=
10761 .
10-8L w ]
-5 0 5 10 15 20 25 30 35 40

Figure 6.7: MSE approximation under CMA for different four-element arrays and
one snapshot from each of three frequency channels.

The considered case studies are reported in Table 6.2.

For instance we report in Figure 6.7 the results obtained using two different array layouts
for a four-element array when M, = M =1, n =0, .., N — 1 snapshot is collected from each
of the N = 3 frequency channels (Z = 3). Specifically, we consider the case studies F, G and
H in Table 6.2.

Observing Figure 6.7, we notice that the more effective configuration in the asymptotic
region is not necessarily the best also in the threshold region. Moreover, keeping constant the
array layout and the number of frequency channels (e.g. see cases G and H), the choice of
the carrier frequencies has a non-negligible impact on the threshold value, and this can be
easily predicted using the proposed MSE approximation.
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Table 6.2
Case studies F-I

case F case G case H case [

Number of

4 4 4 4
array elements K
Number of

. 3 3 3 4
carriers N
Number of

1 1 1 1
snapshots M

d =

Array layout d=[02 68]1

[0 3.8 8.8 15.5]4,

A, A, =076 4,
=07 ’
Wavelengths A, A, =076 44, A3 = 0.57 A, ’11/1’ ’13 0 28/?’11 Ay =057 1,
L Ay = 0.68 4,
SN SNR, = SNR, = SNR, SNR, = SNR, = SNR; = SNR, =

SNR, SNR; = SNR,

In Figure 6.8 we compare the MSE approximation under UMA with the results of MC
simulations versus the SNR for the aforementioned case studies C, D and H (see Table 6.1
and Table 6.2). Moreover, a new situation is also introduced, namely case I, exploiting the
same three-element array as in C and D but with M, = M =1, n =0, .., N—1 snapshot
from each of the N = 4 frequency channels (see Table 6.2 for details).

The following considerations are in order:

o the three operative regions are still quite easily identified for all cases.

o When only three snapshots are collected (see cases C and H), the MSE approximation
slighly overestimates the performance in the threshod region. This is due to the fact
that the union bound approximation does not appear tight in that situation, see e.g.
case C in Figure 6.5.

6.7 Summary

In this Chapter, appropriate approximations to the MSE of a MF DoA ML estimator have
been introduced to provide a reliable performance characterization in the threshold region.
The reported analysis showed that the proposed MSE approximations are effectively able to
model the performance of the estimator employing multiple observation possibly collected at
different frequency channels both under CMA and under UMA.
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Figure 6.8: MSE approximation under UMA for different case studies
reported in Table 6.1 and Table 6.2.

The capability of predicting the threshold SNR value can be a powerful tool that can be used
in order to optimize the receiving system design. For instance, it can be exploited to identify
a suitable array layout with the aim to control the insurgence of statistical ambiguities on
target localization, especially in systems typically operating with low SNR levels and few
antenna elements such as PCL systems. The benefits of jointly exploiting the spatial and

frequency diversity will be shown in the following Chapter against real passive radar data.
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Chapter 7
Target DoA estimation exploiting spatial

and frequency diversity:

Experimental Validation

In this Chapter and experimental validation is carried out to demonstrate the benefits
stemming from the joint exploitation of spatial and frequency diversity. To this aim,
dedicated test campaigns have been carried out in cooperation with the colleagues of
Leonardo S.p.A. Specifically, two acquisition campaigns are considered, one aimed at carrying
out a performance assessment for air surveillance application, the other aimed at detecting
an localizing small drones.

First, the acquisition campaigns and the considered datasets are described, then we detail

the employed processing scheme and finally, we report the experimental results obtained.

7.1 Multi-frequency ML DoA estimation for DVB-T based
PCL system

Let us consider the availability of one reference antenna, steered toward the exploited 10
and K surveillance antennas, steered toward the area to be monitored and able to
simultaneously collect signals transmitted at N different carrier frequencies by the same
emitter. The main processing stages of the multi-channel DVB-T based PCL system are
reported in Figure 7.1. First, the basic PCL processing described in Section 1.1.2 is separately
applied to each surveillance signal, with properly selected parameters, depending on the
application. Then, the target detection and 2D localization are performed exploiting the MF

information.

Target detection. Once the range-velocity maps have been evaluated at all the available
surveillance channels the target detection stage is performed. Depending on the considered
application, different MF operation approaches can be used. Specifically, for the aircraft

surveillance application, the centralized detection scheme is used, namely first a NCI across
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Figure 7.1: Processing scheme for a PCL system exploiting multiple frequency channels

the N DVB-T channels is applied then the output of this stage undergoes a MF CA-CFAR
detection scheme. On the other hand, the decentralized detection scheme is adopted for the
drone surveillance application, namely a detection is declared at a given bistatic range-
bistatic velocity location when H detections out of N available frequency channels are
obtained. In this case, a conventional CA-CFAR threshold is separately applied at each single
frequency channel. Finally, a J out of - K criterion can be applied to integrate the detection

results obtained at the K surveillance channels.

2D localization. Once the target has been detected on the range-velocity plane, the DoA of
the corresponding echo is estimated. To this end, we adopt the conventional ML approach
described in Chapter 6 and briefly recalled here. For the n-th frequency channel, n = 0, ...,
N — 1, we consider the K range-velocity maps relative to the K surveillance antennas, and
we assume to collect in a vector X, the complex values extracted at the range-velocity
location where the target has been detected.
Vector X, includes both target contribution and noise and is written as X, = A, s, (ugy) +
n,, which corresponds to eq. (6.1) when M, = 1, n =0, .., N — 1. Therefore, the ML estimate
of the DoA u, is obtained as

N-1

~ L 2

1y = argmax = [s, " () x,,| (7.1)
u

n=0 "

where g2 is the noise power at the n-th frequency channel and s, (u) is the spatial target

steering vector in eq. (6.2) of Chapter 6.
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7.2 Acquisition campaigns and adopted methodology

To demonstrate the effectiveness of the proposed strategy, dedicated test campaigns have
been carried out in cooperation with the colleagues of Leonardo S.p.A using their DVB-T
based AULOS passive sensor. Specifically, different tests have been carried out either at
Leonardo S.p.A. premises in Rome, Italy (test campaign #1) or at the military airport of
Pratica di Mare Airport, Rome, Italy (test campaign #2). The two acquisition geometries
are sketched in Figure 7.2. In both test campaigns, the signals emitted by the Monte Cavo
transmitter have been used as sources of opportunity and three Yagi-Uda antennas, displaced
in the horizontal plane, have been used as to collect the surveillance signals, simultaneously
emitted by the same IO at two or three DVB-T frequency channels. Table 7.1 reports the
exploited DVB-T channels for each dataset.

During test campaign #1, the main beam of the surveillance antennas includes a Section
of the civilian air traffic departing or arriving at Fiumicino and Ciampino airports. Live Air
Traffic Control (ATC) registrations of the aircrafts present in the same area have been also
collected. The availability of air-truth for the non-cooperative targets allowed us to carry out
a quantitative analysis to evaluate the performance improvement. Two different array layouts
have been considered namely two receiving sensors with positions d=[0 0.63]m and three
antennas with positions d=[0 0.63 1.55|m. Further details on the considered data are
reported in Table 7.1.
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Figure 7.4: Drones employed cooperative targets during test campaign #2

Test campaign #2 was carried out at Pratica di Mare airport (see the enlarged view of
the acquisition geometry in Figure 7.3) to demonstrate the potentialities of PCL systems to
offer simultaneous surveillance of aircraft and drones [70]. Two different array layouts have
been considered namely two receiving sensors with positions d = [0 0.63]m and three antennas
with positions d = [0 0.63 1.58] m. During the test campaigns, two very small drones, flying
in the surrounding area of the airport were employed as cooperative targets, see Figure 7.4.
Specifically, a DJI Phantom 4 Pro of size approx. 25 cm x 25 cm (propellers excluded) is
shown in Figure 7.4(a) and a DJI Mavic Pro of size approx. 20 cm long and 8.3 cm wide
(propellers excluded) is shown in Figure 7.4(b). In the test campaigns, both drones were
equipped with a GPS receiver in order to record their position and their trajectories are
reported as green and red plots in Figure 7.3. We considered two different test areas. The
first one was at a distance of about 1.7 km away from the receiver (Test area A in Figure
7.3 (b)), and the two drones flew along various paths reaching a minimum distance of 0.85
km up to a maximum distance of 1.93 km from the receiver site. In the second case, the
drones flew up to the allowed boundaries of the airport area, yielding a maximum distance
from the receiver of approx. 3 km (Test area B in Figure 7.3). Further details on the

considered dastasets A & B are reported in Table 7.1.
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Table 7.1

Details of the data sets collected during the performed tests campaigns.

Test campaign #2

Test campaign #1

Dastaset A Dastaset B
Number of drones - 2 2
Number of datafiles 34 107 195
Scan duration [s] 0.45 0.6 1.4
CPI [¢] 0.3 0.5 1
Total time duration
~ 2.1 ~ 8 ~ 17
[min]
£y = 586 MHz,
. — PR fo = 570 MHz fy = 570 MHz
requency channels 1 = z £, — 754 MHs £, = 754 MHz
£, = 762 MHy,
Number of surv.
3 3 3
antennas
Test area,[min max]
- A, [0.85 1.79] km B, [2.15 3.18] km

distance

Array layout selection Due to physical constraints, such as the minimum spacing between
the antenna elements and a maximum feasible length, an extensive layout optimization was
not possible. However, given a set of possible configurations and a set of available frequency
channels for each test campaign, the best array layout was chosen based on the results of
Chapter 6. The DoA estimation performance of the array layouts employed during test
campaign #1 and #2 are reported in Figure 7.5 and Figure 7.6 , respectively, in terms of
both probability of outlier and MSE. In each subfigure, both the SF and the MF cases are
considered, under the simplifying assumption of equal SNRs and CMA. The improvement
offered by the MF solutions is evident in both cases. In fact, we see that very low Po values
(comparable to the Pfa) are obtained for SNR > 12 dB when MF channels are exploited, see
red lined in Figure 7.5(a) and Figure 7.6(a). Note that target echoes received with lower SNR
are unlikely to be exceed the threshold and result in detection. In order words, once a target
is detected, it is also likely for it to be correctly localized in the Cartesian plane, with a very
good accuracy namely with MSE < 10 thanks to the enhancement of target equivalent SNR,

resulting from the integration across the frequency channels.
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7.3 Experimental Results

7.3.1 Test campaign #1: Aircraft surveillance

The results reported for the test campaign #1 are relative to a single target track,
potentially observed at 34 consecutive data files, i.e. approx. 136s. All the available data files
of each carrier frequency have been separately processed, according to the DVB-T PCL
processing scheme reported in Figure 7.1. In particular, the disturbance cancellation stage
is performed using ECA [22] with 1000 taps (i.e. 33 km @ fg = 64/7 MHz). With reference
to the target detection stage, we resort to a CA-CFAR with a nominal Pfa = 10° on the final

range-velocity plane, which results in different Pfa on each surveillance channel depending

on the employed number of surveillance antennas.
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Figure 7.7: Test campaign #1: Localization results for 34 consecutive data files using
(a) SF with f; and K =2, (b) MF with K = 2, (¢) SF with f; and K = 3, (d) MF with K = 3.

The localization results for the considered target of opportunity are reported in Figure 7.7
for different combinations of array layouts and employed frequency channels. Specifically, we
compare the results on the XY plane, obtained using (a) the best performing single frequency
(SF) channel f; = 714 MHz and two surveillance antennas; (b) the MF approach with two
surveillance antennas, (¢) the SF channel f; and three surveillance antennas; (d) the MF
approach with three surveillance antennas.

In all sub-figures, the black line represents the ATC data while red dots are used to plot
the PCL detections correctly associated to the considered target in the bistatic range —
bistatic velocity plane. Finally, dotted green lines represent the beam width of surveillance
array and, when present, the plots that have been correctly associated but are ambiguously
localized in the XY plane are highlighted with purple circles. Finally, two iso-bistatic range
ellipses are sketched in dashed light blue dots in Figure 7.7(a). A quantitative comparison in
terms of number of correct detections and ambiguously localized plots is reported in Table

7.2, for different combinations of employed frequency channels and array layouts.
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Table 7.2

Test campaign #1: Target detections and ambiguous plots

Correct detections Ambiguous plots
K=2 K=3 K=2 K=3
SF with f, 26 28 7 2
SF with f; 30 32 14 1
SF with f, 26 26 12 2
MF with fo, fi, f> 33 34 2 0

The following considerations are in order:

When N = 1 and K = 2 (see Figure 7.7(a)), the target DoA is estimated unambiguously
only in a narrow angular sector while the PCL plots located outside this sector are mis-
localized (see purple circles). Figure 7.7(a) also shows that the localization errors are
exclusively due to ambiguous angle measurements since the ambiguous plots lie on the
correct iso - bistatic range ellipses but their estimated DoA show a distance of approx.

39° from the real one, as expected for the ambiguous angular sector.

The advantage of the MF operation is evident in Figure 7.7(b), where a centralized
detection scheme using all the three available channels is adopted [68] while the
proposed MF ML approach is considered for DoA estimation. Specifically, the
maximization of (7.1) is performed over a wide angular sector equal to [-80°: 0.01: 80°].
As is apparent, the MF solution allows to avoid the ambiguous estimation of the DoA
for targets’ plots outside the SF angular sector. However, there is a non-zero probability
that outliers could occur when two antennas are considered. As illustrated in Table 7.2

two ambiguous localizations are obtained, also highlighted with purple circles.

Observing Table 7.2 we might notice that a significantly reduced number of ambiguous
plots is obtained when exploiting three receiving antennas for all the SF operations. In

particular, using f;, the number of ambiguous plots turns from 14 to just 1.

When considering three nun-uniformly spaced surveillance antennas and the three
available DVB-T channels, the total amount of detected target plots is unambiguously
localized in the XY plane.

Moreover, as expected by the theoretical analysis in Figure 7.5, it is worth mentioning
that a further improvement is offered by the proposed strategy in terms of DoA
estimation accuracy. In fact, the advantage is evident if we compare the proposed
solution (Figure 7.7(d)) with the exploitation of two receiving antennas when the best
DVB-T channel is employed.

116



0.8

0.8 T - - + : :
ambiguous . ——DJI Mavic Pro ——DJI Mavic Pro

plot <) ——DJI Phantom 4 Pro ——DJI Phantom 4 Pro
0.6 0.6
0.4 ; | 0.4
] N E
> 0.2 ~ 0.2
0 " 0 "
PCL PCL
receiver receiver
0.2 0.2
2 -1.5 -1 0.5 0 2 -1.5 1 0.5 0
X [km)] X [km)]
(a) (b)
0.8 T 0.8 ~ T T T
~——DJI Mavic Pro ——DJI Mavic Pro
‘—I).ll Phantom 4 Pro |— DJI Phantom 4 Pro
0.6 0.6
0.4 0.4
& ., &
= 0.2 S 0.2
N
0 = 0 ]
PCI PCL
receiver receiver
0.2 -0.2
-2 -1.5 -1 0.5 0 -2 1.5 -1 0.5 0
X[km)] X [km]

(©) ()

Figure 7.8: Dataset A: Localization results for 50 consecutive data files using
(a) SF with fy and K = 2, (b) MF with K = 2, (¢) SF with fy and K = 3, (d) MF with K = 3.

7.3.2 Test campaign #2: Drone surveillance

The results reported for the test campaign#2 are relative to the two cooperative target
tracks, potentially observed at 50 consecutive data files. All the available data files of each
carrier frequency have been separately processed, according to the DVB-T PCL processing
scheme reported in Figure 7.1. In particular, the disturbance cancellation stage is performed
using the sliding version of the ECA (ECA-S) [21] which allows a good trade-off between
disturbance cancellation and the capability to preserve low-velocity target echoes. To this
aim, we recall that the batch duration Tp is selected to obtain remarkable cancellation
performance while preserving targets moving at the minimum Doppler of interest (notch
Doppler extension Af,= 1/T3). In contrast, Tsis selected in order to move out of the velocity
range of interest the undesired structures that arise from the batch processing of the received
signals. For this dataset, we used Tp = 0.2 s, i.e. Af, = 5Hz over a range of 6 km. Finally,
the maximum observed velocity is limited at 50 m/s, so that Ts = 5.2 ms and Ts = 3.9 ms
for f, = 570 MHz and f, =754 MHz, respectively. With reference to the target detection stage,
we resort to a CA-CFAR with a nominal Pfa = 107 on the final range-velocity plane, which
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results in different Pfa on each surveillance channel depending on the employed number of
surveillance antennas.

The localization results obtained for the Datasets A and B are reported in Figure 7.8 and
Figure 7.9, respectively for different combinations of array layouts and employed frequency
channels. Specifically, in both cases we compare the results on the XY plane, obtained using
(a) the single frequency (SF) channel f; and 2 surveillance antennas (K = 2); (b) the MF
approach with K = 2, (¢) the SF channel f, and 3 surveillance antennas (K = 3); (d) the
MF approach with K = 3. In all figures, the raw detections from the PCL system obtained
across 50 consecutive data files, projected into the XY plane, are reported in grey dots. Blue
and red lines represent the GPS trajectories of the two drones. Red and blue dots are used
to plot the PCL detections correctly associated to the DJI Mavic Pro and DJI Phantom 4
Pro GPS, respectively, on the bistatic range — bistatic velocity plane. Finally, dotted green
lines represent the beam width of surveillance array and, when present, the plots that have
been correctly associated but are ambiguously localized in the XY plane are highlighted with
purple circles.

A quantitative comparison in terms of number of correct detections and ambiguously
localized plots is reported in Table 7.3 and Table 7.4, respectively, for different combinations

of employed frequency channels and array layouts.

By observing Figure 7.8, Figure 7.9, Table 7.3 and Table 7.4, the following considerations

are in order:

e When the drones flew at short distance (see Dataset A), the two single DVB-T
channels yield comparable detection results. Note that the DJI Mavic Pro has a correct
detection rate of 100% over the available 50 scans. In this case, the use of MF strategies
does yield any significant improvement with respect to the SF operation. In contrast,
from the localization point of view, the MF approach allows to correctly localize all plots
in the Cartesian plane (see Table 7.4 and Figure 7.8(b)) even operating with two
surveillance antennas.

e When the drones flew at short distance (see Dataset B), the target detection capability
varies with the employed single DVB-T channel and the best performing frequency
channel varies with the considered target. Therefore, in this case, the MF approach yields
a remarkable improvement with respect to the worst operation of each target. Moreover,
the exploitation of MF for target localization avoids the ambiguous localization of targets
flying outside the unambiguous angular sector provided by the SF solution. However,
there is a non-zero probability that outliers occur when two antennas are considered. In
fact, in the considered test, two ambiguous plots are obtained as highlighted by the
purple circle in Figure 8.5(b).
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Figure 7.9: Dataset B: Localization results for 50 consecutive data files using
(a) SF with fy and K = 2, (b) MF with K = 2, (¢) SF with fy and K = 3, (d) MF with K = 3.

When a non-uniform array configuration is used to increase at the same time both the
DoA estimation accuracy and the unambiguous angular sector, the number of
ambiguously detected plots is zero (see Table 7.4) . The use of three antennas also
allows a more accurate localization. The improvement is evident if comparing Figure
7.8(c) and Figure 7.9(c) with Figure 7.8(a) and Figure 7.9(a), but it is particularly

apparent when considering the Dataset B.

Eventually, a further improvement in terms of localization results might be achieved
by jointly exploiting multiple frequency channels and surveillance antennas, see Figure
7.8(d) and Figure 7.9(d). Note that the localization improvement is not substantial

against the considered targets since remarkable localization performance was obtained

with the two single DVB-T channels.
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Table 7.3

Test campaign #2 : Target detections over 50 consecutive datafiles

DJI Mavic Pro DJI Phantom 4 Pro
K=2 K=3 K=2 K=3
SE with f, 50 50 35 37
Dataset A SF with f; 50 50 38 36
MF 50 50 38 37
SF with f, 39 42 35 36
Dataset B SF with f; 30 32 42 41
MF 41 43 41 40
Table 7.4
Test campaign #2 : Ambiguous plots over 50 consecutive datafiles
DJI Mavic Pro DJI Phantom 4 Pro
K=2 K=3 K=2 K=3
SF with f, 1 0 0 0
Dataset A SF with f; 9 0 0 0
MF 0 0 0 0
SE with f, 7 0 5 0
Dataset B SE with f 11 0 24 0
MF 2 0 0 0

7.4 Summary

The purpose of this Chapter was to address the problem of the target DoA estimation in
PCL system. To relax the typical trade-off between DoA estimation accuracy and
unambiguous angular sector, we resorted to a non-uniform arrangement of the surveillance
antenna elements and we jointly exploited the signals simultaneously collected at different
carrier frequencies. Th experimental validation was carried out against two real data sets
collected by the DVB-T based AULOS PCL system from Leonardo S.p.A. for both aircraft
and drone surveillance applications. The experimental analysis allowed to illustrate the
benefits of the proposed approach. Specifically, we have shown that, although an extensive
optimization could not be performed due to physical constraints, we showed that the derived
performance characterization can be used in order to select the best performing configuration
that allows to: (i) extend the angular sector where the target DoA can be unambiguously

estimated (ii) improve the target DoA estimation accuracy.
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Chapter 8

Conclusion and future work

As stated in the introduction, the goal of this thesis was to address the main limitations
of PCL technology by resorting to the exploitation of the information diversity conveyed by
multiple receiving channels. The research performed to reach this goal has led to
achievements that have a broad scope of application, not limited to passive radar systems.
The main novelties that this research resulted in are reported in this Chapter, followed by

some recommendations for future research.

8.1 Results and novelties

The main innovative contributions made by this thesis have been divided in two parts.

In the first part of this thesis, we have addressed the problem of exploiting signals

collected by differently polarized antennas.

1.  The benefits of exploiting polarization diversity in PCL systems have been
demonstrated. Following the promising results obtained using signals in the FM radio
band, suitable strategies that exploit the polarimetric information have been considered
and a performance assessment has been carried out against DVB-T based PCL data.
We have shown that this information diversity can improve the target detection
performance of passive radars, not only by increasing the target contribution but also

by counteracting the disturbance sources.

2. A novel polarimetric adaptive detection scheme has been derived by resorting to a
parametric approach. The problem of target detection in coherent radar systems
exploiting polarimetric diversity has been addressed by modelling the disturbance
affecting the data as a multi-channel AR process. A complete theoretical
characterization of the asymptotic performance of the derived detector is provided,
using two different target fluctuation models, namely Swerling 0 and Swerling I. A
numerical analysis demonstrated that the proposed detector effectively improves the
target detection capability while relaxing the requirements on the training data size

and the computational burden with respect to existing solutions.
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3. An appropriate modification to the derived polarimetric model-based adaptive detection
scheme is introduced to make it robust to typical spectral model mismatches. Based on
the effectiveness demonstrated against clutter with characteristics exactly matching the
adopted parametric model, the performance assessment of the novel target detection
scheme has been extended to include the case of disturbance components with diverse
spectral characteristics. Consequently, the derived detector has been slightly modified.
An extensive numerical analysis showed the effectiveness of the resulting detection

approach and its robustness to spectral model mismatches.

4. The effectiveness of the developed strategies has been demonstrated via an experimental
validation. After an extensive performance assessment against simulated data, an
experimental validation has been carried out against two different datasets. First, being
the field of application of the derived solution not limited to PCL systems, the
effectiveness of the proposed approach has been demonstrated against data collected by
a polarimetric active radar system. Then, its benefits have also been demonstrated by

processing data collected by a PCL system exploiting FM radio signals.

In the second part of this work, we have addressed the problem of target DoA estimation

in systems that jointly exploit signals received at multiple carrier frequencies.

5. We have derived a theory for predicting the performance of the ME ML DoA estimator
in the threshold region. We have provided a reliable performance characterization, in low
SNR scenario, of a DoA estimator using a sensor array simultaneously collecting signals
emitted by a single source at multiple carrier frequencies. We have separately treated
the case of deterministic and stochastic signal model and we have derived approximations
of the MSE and probability of outlier in both cases.

6. Results from extensive MC simulations showed that the derived expressions could
accurately describe the sought threshold region performance. An extensive numerical
analysis has been carried out to prove the reliability of the derived theoretical
expressions, under both deterministic and stochastic signal model assumptions. Based on
the developed tool, the benefits of the multi-carrier approach can be easily characterized

and potentially used to address robust design optimization of the sensor array layout.

7. The benefits of the multi-carrier approach have been demonstrated against real data.
Dedicated experimental campaigns have been carried out with Leonardo S.p.A. using
AULOS DVB-T based PCL system with the purpose of demonstrating this advantage
against both aircraft and small UAVs. Although an extensive array layout optimization
could not be performed due to physical constraints, we showed that the derived
performance characterization can be used in order to select the best performing
configuration that allows to: (i) extend the angular sector where the target DoA can be

unambiguously estimated (ii) improve the estimation accuracy.
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8.2 Future Outlook

During this work, the following key points and areas of further research were identified.

Ezxtension of the novel polarimetric model-based adaptive detection scheme to include the
frequency diversity. The detection approaches presented in Part I of this thesis only
consider the exploitation of a single-frequency channel. However, it has been shown that
the target detection performance highly depends on the selected 10 and, in particular, it
significantly varies with the employed frequency channel. In fact the selection of
a given frequency channel among those emitted by a specific IO implies a number
of radar parameters must be inherently fixed, such as the carrier frequency and,
in turn, the radiating characteristics of the TX. However, Broadcast IOs inherently offer
the availability of multiple signals emitted by the same transmitted and simultaneously
collected by the PCL receiver at different carrier frequencies. Based on these
consideration, as a future activity, we will build upon the results obtained in the first
part of this thesis and we will consider the joint exploitation of polarization and frequency
diversity. The advantages arising from considering these information diversities jointly
have been preliminary demonstrated in the literature, using a multi frequency and multi
polarimetric GLRT detector [17]. Following the promising results obtained in the latter
paper, and based on the results of Chapter 5 of this thesis, we expect that a further
improvement can be obtained if the Mod-Pol-AR-AMF approach is extended to the
multi-frequency scenario, in terms of target discrimination capability against interfering
sources as well as increased robustness with respect to the time-varying characteristics

of the exploited signals of opportunity.

Efficient implementation of the derived detection strategies. The computational burden
of the detection schemes developed in this thesis must be carefully evaluated and possibly
reduced to enable real-time operations. This is surely the case when multiple frequency
channels are jointly considered as it would yield a tremendous enhancement in terms of

computational burden.

Derivation of a new model-based polarimetric adaptive detection scheme by resorting to
a one-stage GLRT approach. The results obtained in Chapters 2-5 stimulate future
investigations along the line of polarimetric model-based detection strategies. Based on
the same multichannel parametric model adopted for the disturbance in Chapter 3, a
new detection scheme will be derived by following a one-step GLRT, namely by
formulating the decision process using all the available data. It is expected that such
approach further increases the target detection performance of the multi-polarimetric

radar system.
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o Derivation of an optimization criterion to design the receiving system. In Chapter 6, the
capability of predicting the performance of the MEF ML DoA estimator in the threshold
region has been demonstrated. As pointed out, the derived theoretical characterization
is a powerful tool that can be used in order to optimize the receiving system design. As
a future activity in this area, an optimization criterion must be formulated and exploited
to identify suitable array layouts and carried frequency selection with the aim to control
the insurgence of statistical ambiguities on target localization. The preliminary results
shown in Chapter 7 suggest that this tool is particularly useful for the design of passive
sensors that typically receive weak echoes from low RCS targets, as they usually operate
in the threshold SNR region.

The effectiveness of the obtained strategies will be extensively tested and validated via both
simulated and real data. In particular, ad hoc acquisition campaigns will be carried out using
PCL prototypes exploiting different sources of opportunity, such as FM radio, DVB-T, DVB-
S. The expected improvement obtained with the strategies proposed in this thesis and the
ones that will be foreseen in the near future both in terms of detection and localization
capability will further enable the possibility of using PCL sensors in different surveillance

scenarios.
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Appendix A
Derivation of the AR model based

polarimetric detector

We maximize the numerator of (3.15) over the unknown target amplitude vector &, where
the likelihood of X, under the H; hypothesis is defined in (3.14). The maximization yields:

@ =argmin {tr(S¥PS) — 2R[tr(X{PS)]} (A.1)

Considering the definitions of matrices X, and S provided in sub-Section 3.2.1, we can further

develop the expression above as

M—-Q M—Q
& = argmin Z a2 (JOP £(k) & — 2% Z %" ()PZ(k) « (A.2)
« k=0 k=0

where (k) = t(k) Q I,.
By defining U = Z?;I;OQ AP E(k) and v = ZZI;OQ %" (k)PE(k), (A.2) becomes

a = argmin{a”Ua — 2R[va]} (A.3)

a
that yields the following ML estimate for the target amplitude vector:
a= U (A.4)

Eventually, by substituting (A.4) in (3.15) we obtain

H
maxa{fl (XOI Q, R, A)} o~ ~ ~ - .
=2R[af vi] - a'Ua = vU vf =1n A5

which, scaled by a constant factor 2 , is converted in (3.16).
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Appendix B
ML Parameter Estimation for Pol-AR-
AMF

The joint pdf of the secondary data is given by (3.22). We first look for matrix A that
maximizes or, equivalently, that minimizes tr(X?PX), where P=HfR™H and H

—[-A" 1,]. To this purpose, we define matrix Q = X X! that is decomposed in blocks as

A — Qoo 601]
=|x ~ B.1
¢ Q. Qu (B1)

where Qg and Qq; are square blocks with dimensions L(Q — 1)xL(Q — 1) and LxL
respectively, whereas Qqq is a L(Q — 1)xL block.

With this definition, we can write:

tr(X"PX) = tr(Q H¥R™'H)

~ ~ ~ ~ B.2
= tr(QooAR'A" — Qo;RT'A¥ — QAR + Q;;R™?) (B-2)

and using well known identities for trace derivatives, we have:

4 YHP X 0 -1_8. Rr-1

W{tr(x PX)} = QuoAR™ — Q1R (B.3)

that is equated to zero to obtain the ML estimate of matrix A:
A= anlam (B.4)

Now, by substituting (B.4) in (3.22) we obtain

max{fo(X| R, A)} = (e [RI)"M-¢+D exp{—tr(A Q AR 1)} (B.5)

that can be then maximized with respect to R thus yielding:
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1 1

S o -
R= HQH _P(M—Q+1)(Q11

PM—-0Q+1) 6611@0_3601) (B.6)

where Q1 — Q}1Q5d Qo1 = [Q_l];Q is the inverse of the last Lx L block on the main diagonal
of Q.

We note that the derived expressions for matrices A and R reported in (B.4) and (B.6),
respectively, are approximations of the actual ML estimates of the AR parameters, given
that the pdf in (3.10) is the approximate (actually conditional) pdf of the data. However, the
approximation is quite accurate for large data records, provided that the actual pdf can be

well approximated by the conditional pdf [15],[58].
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Appendix C
PDF of Zy; under the Hyo hypothesis

In this Appendix, we look for the pdf of vector Z,, defined as Z, = C'B¥x,, under the H,
hypothesis, provided that matrices B and C are known. Based on its definition and (3.10)
it is easy to observe that Zy|y,~CN'(0x1,Dp), denoting Dy as the disturbance covariance
matrix that will be derived in the following .

From (3.17), we write Z; as Zy = Z%;g Zom, namely as the sum of M — @ — 1 vectors Zg ,,, =
V2W~Y2 VH (m) %,(m), each being a Lx1 zero-mean complex Gaussian variable with cross-

covariance matrix

E{ZomZl,} =2W"~ 2 V)" E{%,(m)%," ()} V(n) W‘%
(C.1)
(m,n=20, ., M- Q)

where E{&, (m)ioH(n)} is a QLx QL block of the disturbance covariance matrix M, whose
diagonal is coincident with the main diagonal of M only if m = n.
Using the definition of matrices V(m) = P £(m) and P = HR™!H, (C.1) becomes

E{ZomZ8,} =2 W_%Z(m)HHHR‘lH E{%,(m)%," (m)} H x R™'H Z(n)W_%
(C.2)
(my, n=20, ., M- Q)

According to the employed multi-channel AR model in (3.9), we write the product
HE{&X,(m)%," (n)JH" as

E{[HXo(m)] [&"(m) H']} = E{w(m + Q- Dw/(n + Q- D} = Ré(m-n) (C.3)

denoting 8( - ) as the Dirac delta function.
Finally, by substituting (C.3) into (C.2), we easily obtain

1 1
5 5 —5 wH 1
E{ZO,mZSI,n} = {3‘” 22" (m)PEZ(m) W 2
L

n (C.4)

33

Therefore, the sought covariance matrix Dy is
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M-Q
1 1
D, = 2W 2 Z £H(m)P £(m) | W2 = 21,

m=0

Based on (C.5), we can conclude that Zg |y, ~CN (0,4, 21,).
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Appendix D
Derivation of the asymptotic Pol-AR-AMF
Pd for fluctuating target

In this Appendix, we look for Prob {||Z,||?> > n}, assuming that vector Z, is a complex
Gaussian random variable with zero-mean vector and covariance matrix Dy, i.e.
Zoly,~CN(0px1,Dp). In particular, Dy = 2I, + CHBH (tt"®M,) BC , where M, is the

target amplitudes covariance matrix. We rewrite the test statistic as Tpo—ar—yr = h Dgh,
H
where h = (Do_l/z) Z, is the whitened version of Zg, i.e. h~CN (0,1, 1;) so that the results

in [4] can be directly applied. Let g ...yg_1 denote the R < L distinct non-zero eigenvalues
of Dy, each with multiplicity u,., 7= 0, .., R — 1.

Without loss of generality, we assume that no eigenvalue of matrix Dy is equal to zero. To
see why this is the case, let us consider the eigenvalues decomposition of matrix Dy, i.e. Dy =
A Orx(L-R)

, where A
0-r)xk  O@w-R)x(L-R)

KAK”and let us assume that Ais organized so that A =
is a R X R block with the non-zero eigenvalues on its main diagonal. Therefore, the test
statistic could be simply reworked asTpoj_ag—mr = h¥Ah, whereh = 07 (K#h), © =

. H
[IR :OLX(L—R)] .
The CDF of Tpyj—ar—mr can be written as

© et(jw+[?)

1
Fol®) = Ef_w L+ G + A Go + 5)

dw ,for g >0 (D.1)

To evaluate this integral, we first resort to a partial fraction expansion for the fraction

that appears in (D.1) obtaining [4]

1
I, + Gw + HAl G + B)

R—1HMr—1

Z Z Ohr >k+1 + (ja)1+ B) P

r=0 k=0 <%+ (jCU+,8)

where the coefficients &y - are given by
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1
i OVJ

I'(ur — k) - (D.3)
(r=0.,R—1, k=0,.u —1)

k-
By = )|

with y(“’ k= 1)( s) is the (p, — k — 1)-th derivative of y,(s), defined as

R

y(s) =] [@+s)" (D.4)

j=0
j#r
with(r=i, r=0,.,R-1, {g=0and ug = 1.

vr
One can evaluate the coefficient y(“T k-1)

ie. Elog[yr(s)] = myrl)(s)7 that yields

in 0y, differentiating the logarithm of y,.(s),

R

w0() = =e(s) ) (G +s) (D.5)
j=0
j#ET

Subsequently, Leibniz’s rule for differentiation of products may be applied. Thus, the
required coefficients are obtained using the following recursion formula

WO\, = g Rm—eIe »
-1 r u
ZZ ;1 ( 1P~ F(z;—uu) (u)() forpz1
u=0J=0 (Z] —4r) == (D.6)
jEr .
O] _ — ~Hj
Yr (S)|s=—(r - YT(_zr) - g((; - (r)
J#r

By substituting the results in (D.4) into (D.3), the coefficients &y, are obtained and can be
used to evaluate the partial fraction expansion in (D.2). Finally, this result can be employed
in (D.1) to solve the integral and to obtain, after some calculations

R-1 Ur—1 (__—

Vr tk
F"(t)_HZ Z) T(k+1) O

(t=0)

(D.7)
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From the CDF in (D.7), the derivation of the P, expression in (3.32) is straightforward

R—-1 Hr—1 I

Pa=1-Fy() = Z Z Fe(k ;1) (D5)

In the special case of only one eigenvalue (R = 1) equal to 1y with multiplicity o = L,

the residues in (D.3) can be simplified as
ko = —V5" (D.9)

from which the Py in (3.33) is obtained.
In the dual special case when no eigenvalue is repeated, namely when R = L and u, = 1,

r =0, .., R — 1 the residues in (D.3) can be simplified as
L-1

60,1’ =M H(Vr - Vj)_l (D.l())

j=0
Jj*T

Using (D.10), we easily obtain the Py expression in (3.35).
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Appendix E
Approximation of the asymptotic Pol-AR-
AMEF Pd for non-fluctuating target

In this Appendix, we look for Prob{||Z,||> > n}, where vector Z, is a complex Gaussian
random variable with mean vector ¢ and covariance matrix Dy. To this end, we follow the
main steps of the procedure reported in [4], with reference to the problem under consideration.

For the results in [50] to be applied, we first write vector Z, as Zy=¢+wv,

where ¢~CN'(0;x1,Dy). Then we rewrite the test statistic asTpo—ap—mr = (Gw +
v,,)" Dy (g, +v,,), denoting g, = (D0—1/2)H ¢ as a white complex Gaussian random vector,
ie. Guy~CN(0.41,I;) and v, = (DO_I/Z)HU.

Moreover, let us consider the eigenvalue decomposition of matrix Dy, i.e. Dy = KAK? and

let ¥g ...,¥1—1 denote the eigenvalues of D,. According to this model, we look for the CDF

of Tpoi_ar—mr Which can be written as follows

1 ptUath)  g=c(@)
F(t) = — dw, forf >0 E1
0O = ) Gt B+ o+ Hay @ forh (ED)

-1
with c(w) =9 (1, + jwlw AY) T, 5 =K,

A closed form solution for the integral in (E.1) cannot be obtained in the general case.
Therefore, as in [4], we derive an approximation of the sought P; expression by resorting to
the SP technique [10].

To this end, we define

L-1
1
f(w) =t(w+p) —In(jw+p) + zlﬁﬂz [m B 1]
. = : (E.2)
- Z In[1 + G + B)y,]

=0

and, consequently, we write (E.1) as

1 ©o
"(t) = — f(w)
Fy(t) o f_me dw (E.3)
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To apply the SP technique, we first differentiate f(w) and look for the only real solution
of f(w) = 0 , denoted as wy = j(B + po) , in the region p € (—o0,0).

) 15,12 0
fl@)= Zl+(1w+ﬁ)yz[1+1+(1’w+ﬁ)h] G (E4)

Now we approximate f(w) using a second order Taylor expansion around w, yielding
of (@0)

’ . E.5
anf(wo)l ( )

Therefore, by evaluating (E.2) in wg and f(wg) we obtain

Fo(t) =~

LZ{ 21,1y, + Y1 }
1+ (J‘Uo +B8® [1+ (oo + Byl?

27r

o
(wo + B)?
-1

L-1
_ 1 |
" ;lvllz [1 + (wo + By 1] B ; In[1 + (wo + ﬁ)yl]}

_f
exp {n(jwo +B) —In(jwy + B) (E.6)

which can be easily converted in (4.8).
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