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Abstract

This thesis concerns with the localization, tracking, and sensor manage-
ment in the Multiple-Input Multiple-Output (MIMO) radar systems. The col-
located and widely-separated MIMO radars are separately discussed and the
signal models are derived for both structures. The first chapter of the thesis is
dedicated to the tracking and localization in collocated MIMO radars. A novel
signal model is first formulated and the localization algorithm is developed for
the derived signal model to estimate the location of multiple targets falling in
the same resolution cell. Furthermore, a novel tracking algorithm is proposed
in which the maximum bound on the number of uniquely detectable targets
in the same cell is relaxed. The performance of the tracking and localization
algorithms is finally evaluated using the tracking Posterior Cramer-Rao Lower
Bound (PCRLB). After showing the impact of the antennas position on the
localization CRLB, a novel sensor management technique is developed for the
collocated MIMO radars in Chapter 4. A convex optimization technique is
proposed for the antenna allocation in a single-target scenario. When multi-
ple targets fall inside the same cell, a sampling-based technique is formulated
to tackle the non-convexity of the optimization problem.

The third chapter of this thesis also proposes new approaches for detection,
localization, and tracking using a widely-separated MIMO radar. A scenario

with multiple-scatterer targets is considered and the detection performance of

v



both MIMO and multistatic radars will be evaluated in the designed scenario.
To estimate the location of the multiple-scatterer target, a Multiple-Hypothesis
(MH) based approach is proposed where the number and the location of multi-
ple targets are both estimated. A particle filter based approach is also formu-
lated for the dynamic tracking by a widely-separated MIMO radar. Finally,
the performance of the MIMO radar and the miultistatic radar in detecting

and localizing multiple-scatterer targets is studied.
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Chapter 1

Introduction

This chapter is dedicated to review the basic concepts of the MIMO sys-
tems and their equivalence in the radar community. The MIMO concept is first
discussed in Section 1.1. The benefits of the new emerging MIMO communica-
tion systems to the traditional SISO models are presented in this section. The
MIMO radar systems are described in Section 1.2. Two different structures of
the recently-proposed MIMO radars are first introduced and their advantages
to the traditional phased-array and multistatic radars are summarized. The

main contributions of this thesis are also demonstrated in Section 1.3.

1.1 MIMO Concept

MIMO is designated to the use of multiple antennas in both the trans-
mitter and receiver stations [9]. The new MIMO concept has been originally
proposed to improve the communication performance in wireless systems. The
critical performances in the wireless community particularly include the power,

bandwidth, complexity, and the rate of data transmission. The new emerging
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MIMO technology has therefore attracted much attention due to the huge im-
pact on the improvement of the communication performance. Compared to the
traditional SISO structures, the MIMO antennas provide increased coverage,
higher capacity and data rate, improved spectral efficiency, reduced power
consumption, and reduced cost of wireless network [31]. These remarkable
benefits ignited much interest among researchers to explore different aspects
of MIMO communication systems such as channel capacity [41] [77], power
and resource allocation [73] [86], and beam-forming [23].

A multiple antenna system might be represented in different configurations.
As Figure 1.1 shows, the MIMO system is designed by placing multiple trans-
mitters and receivers while other structures can be also created by creating
single or multiple antennas in the transmitter or receiver sections. Now, con-
sider the MIMO structure with M transmitters and NV receivers. The received

signal vector for a single-user MIMO system can be written as follows [41]:
y=Hs+w (1.1)

where w denotes the white circularly symmetric complex Gaussian noise vec-
tor, normalized so that its covariance matrix is the identity matrix, and H
is the N x M stochastic channel matrix. The amount of knowledge about
the channel matrix depends on the availability of channel information in the
transmitters and receivers. With the perfect channel state information at the
transmitter (CSIT) and the perfect channel state information at the receiver
(CSIR), the channel state information (CSI) or the system matrix H is fully
known [41]. However, when the partial information is present at each or the
transmitter or receiver sections, it is assumed that the channel distribution
to the transmitter (CDIT) or to the receiver (CDIR) is available. It was
shown by [27] [77] that under the perfect CSIR and CDIT where the channel
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is assumed to be zero-mean spatially white (ZMSW) [41], the capacity grows
linearly with the rate min(M, N) if the channel fading changes slowly by time.
Alternatively, when the perfect CSIR and CSIT are available, the growth rate
is reduced at higher SNRs while still increased at low SNRs [19]. In other
words, the assumption of the perfect CSIR plays an important role in the ca-
pacity improvement of the MIMO communication system [41]. In this case,
a set of training symbols is sent to the receiver section to estimate the chan-
nel state. With the perfect CSIR, the MIMO communication system shows a
significant improvement in the capacity to the traditional SISO model whose
information theoretic and communication aspects were explored in [8].
Besides the higher capacity, MIMO systems enjoy the spatial diversity
in the signal paths by using multiple independent channel fading h;;. The
diversity gain is defined as the amount of a diversity scheme that reduces the
required transmitted power without any performance loss. Ideally, a MIMO
system with M transmitters and N receivers achieves M N as the maximum
possible diversity gain. For the classical MIMO model given by (1.1), a space-
time coding that achieves the maximum diversity gain meets the following
condition [88]:
P.(SNR) ~ SNR™MN (1.2)

with P, being the probability of error and SN R as the receiver signal-to-noise
ratio. An analysis of the diversity gain for the block coded Ricean MIMO
channels was also conducted in [64]. It was shown that there is a minimum
rate (R.-;;) under which if the data are transmitted the Ricean channel behaves
like a Rayleigh one. Then, the relation of the diversity order to the slope of the
average probability of error versus SNR curve and the diversity order to the
slope of the outage probability versus SNR curve was derived. The diversity

gain of the MIMO system was also calculated for double-scattering channels
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in [70]. For the orthogonal spacetime block codes, it was shown in [70] that

the diversity gain is of order —24N2x ) with N, being the number of effective

max(M,N,N,
scatterers. It was also mentioned in [91] that the lack of the knowledge about
the channel state affects the diversity gain of a MIMO channel. With the joint
power and rate control, analysis in [91] shows a significant improvement in
the diversity gain of the MIMO fading channel. While there are many other
works being done on the analysis of the diversity gain in MIMO communication
systems, they finally show that under suitable conditions the MIMO system
achieves a higher diversity gain compared to the SISO systems.

It is now inferred that channel estimation and equalization are two main
concerns in MIMO systems. The main philosophy behind the invention of
the MIMO system is to enjoy the diversity gain leading to a higher capacity
and probability of error in the receiver. The research on different aspects of
MIMO communication systems still carries on with several open problems in
calculating the capacity of the MIMO channel [41] and the effect of different
system parameters on the diversity gain and outage probability. In the next
section, the MIMO idea is extended to the radar systems. It will be shown
how the ideas like the diversity gain can be exploited in radar community. A
potential comparison between the MIMO communication and radar systems

will be finally provided.

1.2 MIMO in Radar Community

Recently, the idea of MIMO communication systems was exploited in the
radar community to mitigate some drawbacks in the traditional phase-array
and multistatic radar systems [72]. The idea is to design a multiple antenna

radar system with M transmitters and N receivers that provides the benefits of
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5(t)—»siSO | Tx T— Rx = Y(t)
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s(t)—sMISO | Tx T_ Rx  |— y(t)

s(tf—"mmo | Tx TT: ax = ¥(t)

Figure 1.1: The schematic of different multiple antenna configurations. Here,
the M x 1 vector s(t) and the N x 1 vector y(t) refer to the transmitted and
received signals, respectively, with M and N being the number of antennas at
each array.

MIMO communication systems such as the diversity gain. The MIMO radar
systems are classified into two different configurations based on the mutual

distances between each antenna and the target as:

e Collocated MIMO radars:
When the distance between each two antennas in the array of transmit-
ters and receivers is much less than the distance of the antennas to the
targets, the underlying structure is called the collocated MIMO system.
The collocated MIMO radars are introduced as an alternative to the
traditional phased-array radars in which all antennas transmit the same

signal with only a phase-shift.

e Widely-separated MIMO radars:
Unlike the collocated structure, in widely separated MIMO radars, the

antennas are separated in a way that the mutual distances between each
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two antennas is larger that the distance between the target and the an-
tenna. In this case, the MIMO radar is compared to the common mul-

tistatic radar model in which antennas might be also widely separated.

In the following subsections, each of the above structures is introduced and
recent attempts in the signal processing and target estimation using each of

the proposed structures are summarized.

1.2.1 MIMO Radars With Collocated Antennas

Collocated MIMO radars were offered [58] as a new structure of multiple
antenna radars to achieve some benefits to the traditional phased-array sys-
tems [54]. In a typical phased-array system, the transmitted waveform at each
antenna is written as

s[k] = b's[k] (1.3)
where b denotes the transmitter steering vector. In other words, the signal
transmitted by the m;-th antenna is the phase shifted version of the signal
sent by the mo-th antenna, which leads to a fully-coherent cross-correlation
matrix for the array of transmitters. Conversely, MIMO radars enjoy multi-
ple independent signal paths by sending orthogonal signals with the full-rank
cross-correlation matrix R defined as follows:

1 H
R=— > " s[k]s"[k] (1.4)

k=1
with K denoting the total number of snapshots. Recently, it has been therefore

a great interest in exploring potential benefits exploited in MIMO radars by
transmitting orthogonal signals.

The MIMO radar with orthogonal transmitted waveform achieves virtual
aperture and spatial coverage extension, beampattern improvement, and in-

crease on the number of uniquely detectable targets when they are compared
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to a phased-array system [7]. As discussed in [7], a MIMO radar with M
transmitters and NV receivers can be equivalently considered as a distributed
radar system with M x N virtual sensors, which are the combinations of trans-
mitters and receivers locations. The virtual array consequently increases the
array aperture. On the other hand, the orthogonality of transmitter waveform
makes the MIMO antennas omnidirectional. This also leads to the increase of
the spatial coverage of each antenna. In this case, the TOT of each transmit-
ted beam is equal to the time required to scan the region of interest, which is
smaller than that of the fully-coherent phased-array radar [7].

It is known that the beam-pattern of a multiple antennas system is a func-
tion of the cross-correlation matrix R [28]. In a phased-array system with a
rank one matrix R, the beam-pattern achieves the maximum power around
the transmitted DOA with several side-lopes in other DOAs. However, an or-
thogonal cross-correlation matrix provides a flat beam-pattern with the same
power allocated to different potential DOAs. Figures 1.2 and 1.3 present the
transmitted power and the transmit/receive pattern for cases with the fully-
coherent and orthogonal transmitted signals, respectively. It can be observed
that the MIMO radar achieves a flat transmit beam-pattern. In addition, the
transmit /receive beam-pattern of the MIMO shows narrower beam width as
well as lower side-lobes [7]. Although the results show an improvement in the
beam-pattern when the orthogonal signals are transmitted, the MIMO system
suffers from the loss in the transmit antenna gain [22]. It is mentioned in [22]
that unlike the phased-array radar providing M? as the transmit gain, the
MIMO’s gain is only M? where M denotes the number of antennas. There-
fore, a new structure was recently proposed in [48] in which the benefits of
both MIMO and phased-array structures are incorporated in a new structure

called the phased-MIMO radar. The main idea in [48] is to divide the array of
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transmitter to some subarrays where each subarray coherently processes the
signals. However, the overall structure works as a MIMO radar where the
transmitted signals by different subarrays are still orthogonal. The proposed
structure finally shows significant improvement over the individual phased-
array of MIMO structure.

It can be shown that there will be an increase in the number of uniquely
detectable targets when the transmitted signals are orthogonal [7] [59]. The
identifiability analysis in [59] shows that the maximum number of targets that
can be uniquely detected in one resolution cell of a collocated MIMO radar
belongs to the interval [M + N —1, M x N| where the geometrical placement of
antennas in the transmitter and receiver arrays determines the exact maximum
bound. For example, it was shown in [83] that the maximum bound for the
bistatic MIMO radar in which the transmitter and receiver arrays are separated
is M x N. The above discussions confirm that compared to the monopulse
phased-array radar systems [89], the MIMO radars provide more degrees of
freedom in the identification and acquisition of multiple targets fallen in the
same resolution cell.

There has been recently a great interest among researchers in using the
collocated MIMO radars for target detection and localization. The target de-
tection and DOA estimation problems were tackled in [81] [82]. A a number
of different iterative techniques were proposed for the target DOA estimation
where a collocated MIMO radar is used as the measurement tool. When the
number of data snapshots is limited, another approach was proposed in [76] via
an iterative approach for the sparse learning. The DOA estimation problem
for multiple targets was also dealt with in [83]. By a number of simulations, it

was shown that the ML estimator can identify targets more accurately when
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the number of antennas increases. The detection and DOA estimation perfor-
mance of the collocated MIMO radar was substantially evaluated in [7]. The
probability of detection was found for the MIMO system using a Neyman-
Pearson Test (NPT). Then, the MIMO detection probability was compared to
the that of the phased-array radar when fully-coherent signals were transmit-
ted. The DOA CRLB was also derived in [7] [60] for the MIMO radars with
collocated antennas. It was shown in [7] that the estimation bound increases
when more targets fall inside the same cell and, finally, becomes unbounded
when the number of unresolved targets goes beyond a specific value, which is
the maximum number of uniquely detectable targets.

Besides the DOA estimation and CRLB calculation, the optimization tech-
niques were applied to different aspects of MIMO systems such as waveform
design. The algorithms in [28] [60] find an optimal cross-correlation matrix of
the transmitted signals that minimizes the DOA MSE. In [60], the DOA CRLB
is suggested as the performance measure and a convex optimization algorithm
is proposed for the waveform design. The proposed approach in [74] finds an
expression for the transmitted signals once the optimal cross-correlation ma-
trix is found through the related optimization techniques. The concept of the
MIMO ambiguity function [68] was used in [15] to achieve an optimal waveform
design for the collocated MIMO radar. While the proposed algorithm in [15]
is not adaptive to the change in the location of the target, an adaptive design
for orthogonal frequency-hoping signals was also formulated in [90] where the
ambiguity function of a collocated MIMO radar with separate transmitter and
receiver arrays is used as the cost function. Besides the above works, there are

several other research on the design of optimal waveform for the unconstrained

problems [2] and MIMO-Phased radars [29].
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Although different issues in collocated MIMO radars were substantially ex-
plored in the literature, there are still some important topics that need more
discussions. While radar systems are widely used in tracking problems, the
lack of the same development for the collocated MIMO radar is felt. It was
shown in [89] that bringing target motion information into the estimation al-
gorithm can enhance the performance and mitigate the difficulty in localizing
multiple unresolved targets. Although the algorithm proposed in [89] is devel-
oped for a monopulse phased-array radar, the collocated MIMO radar can be
also considered as the measurement tool instead and the tracking algorithm
is applied to the the MIMO structure. In addition, the antenna allocation
in multiple antenna systems plays a critical rule. The question is now how
the distribution of antennas affects the localization and tracking performance
in collocated MIMO radars. Furthermore, there is a great interest in find-
ing whether there is a distribution of antennas that optimizes a well-defined
cost function. Therefore, developing a suitable performance metric and, then,
postulating a suitable optimization algorithm for the optimal distribution of
antennas in the collocated MIMO radars are the next important trends of this

thesis.

1.2.2 Widely Separated MIMO Radars

While sending orthogonal waveforms provides diversity in the signal paths
in collocated MIMO radars, a number of benefits can be also exploited by plac-
ing antennas widely-separated in the surveillance region [47]. A solid analysis
of the widely-separated MIMO radars was first conducted in [25]. The signal

model for the MIMO radar was derived in [25] where the received complex
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Figure 1.2: The transmit beam-pattern for a MIMO radar with M = 5 anten-
nas and half-wavelength antennas.
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antennas and half-wavelength antennas.
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signal in the receivers could be written as follows:

y(t) = \/%Hs(t —7) + n(t) (1.5)

with E being the total transmitted energy, H as the target scatterer matrix,
7 as the reference time delay of the signal travel, and n being a white Gaus-
sian complex noise term with zero mean and known variance o2. [25] also
shows that under suitable conditions over the mutual distance between anten-
nas compared to the distance of the antennas to the target, the random vector
h = [HH Hy -+ Hin—ym HNM}, is Gaussian distributed with zero mean
and unitary variance, h ~ CN (0, Ixys). Although the signal model in (1.5)
looks like the one proposed for the MIMO communication systems in (1.1),
there are some intrinsic differences between the two structures. First, unlike
a MIMO communication system in which the transmitted signals s(t) are un-
known to the receiver, MIMO radars known the transmitted waveforms [46].
Furthermore, the channel coefficients H,,, stand for the unknown reflections of
the target in real scenario while the channel coefficients are known/estimated
in communication systems. These evident differences make the estimation
and detection problem in MIMO radars different from what offered in MIMO
communication communities.

There has been a significant interest in evaluating the detection perfor-
mance of widely-separated MIMO radars. It was shown in [25] that the out-
put of the matched-filter is the sufficient statistics for detection and estima-
tion purposes. Then, the detection probability was derived by checking the
second norm of the vector of the matched-filter output. It was then demon-
strated that the MIMO radar achieves higher probability of detection and lower
miss-detection probability compared to the traditional phased-array, and SISO

radars. It was actually indicated that the wide separation of antennas in the

12
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MIMO radar provides diversity in the signal paths that also makes the RCS
mitigation possible. In the presence of the clutter, the MIMO radar’s capabil-
ity in target detection was also evaluated in [1] [18] [20] [50] [87]. The gains of
the MIMO radar to the phased-array one were specially quantified in [50] for
a moving target in the additive colored noise with the clutter. The GRLT was
extended to the MIMO radars with widely-separated antennas in [18]. The
performance of the new detector was then compared to the optimum Gaussian
detector and the benefits of the new approach in dealing with the non-Gaussian
clutter were also quantified. In the presence of the non-homogenous clutter,
the GRLT was also used to design an optimal detector for the MIMO radar
in [87]. Other techniques to tackle the detection problem in the heavy clutter
with different statistics are also proposed in [1] [20].

When the antennas are widely-separated, estimating the location and ve-
locity of the target becomes essential in a widely-separated MIMO radar sys-
tem. The localization problem was extensively formulated in [33] [35]. The
location of a single scatterer target was estimated using the BLUE technique
in [33]. Then, the location CRLB was derived in [35] and was shown that the
CRLB is affected by the distribution of antennas in the surveillance region.
The velocity estimation in widely-separated MIMO radars was also discussed
in [49]. The results in [49] are provided for an extended target with with reflec-
tivity varying with angle look. A ML estimator is then proposed for velocity
estimation and the CRLB was also derived for optimal antenna placement. Be-
sides the localization, the dynamic tracking problem using a widely-separated
MIMO radar was also addressed in [34] [36] [40]. In [36], a novel tracking al-
gorithm was represented in order to estimate the trajectory of a single target.
Also, the PCRLB for the MIMO radar was derived in [34] and the performance

of centralized and decentralized tracking configurations was compared in terms

13
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of the MSE and the PCRLB. Another tracking approach was presented in [40]
for monopulse MIMO radars to estimate parameters of each target locally at
each receiver and then combine the estimates at the fusion center. Indeed, the
estimated angle-of-arrival at each pair is fused with one another and a unique
estimate of the target trajectory is finally obtained. A TBD algorithm was
also used in [45] [85] for multitarget tracking using widely-separated MIMO
radars. A simple KF based algorithm was also presented in [65] for target
tracking using non-coherent MIMO radar systems. The main idea is to esti-
mate the location of the target at each time step and then apply the Kalman
filter on the noisy estimates.

Even though MIMO radars are known as a new generation of radar sys-
tems with many potential benefits, there is always a question about the differ-
ence between the MIMO radar and the traditional multistatic radar systems.
In [47], joint processing was mentioned as the main benefit exploited by using
the MIMO rather than the multistatic structure. Consider Figures 1.4 and 1.5
as the basic configurations of the MIMO and multistatic radars, respectively.
Unlike the local processing done at each receiver of the multistatic radar, the
MIMO radar enjoys the joint processing in a central unit. The detection per-
formance of the multistatic radar was first derived in [63]. A good survey on
the detection theory in multistatic radars can be also found in [21]. Although
there are some efforts on the comparison between the centralized and decen-
tralized multistatic radars in [14] [42], the difference between multistatic and
MIMO structures in target detection is not still clear. Moreover, while multi-
static localization and tracking were dealt with in the literature [26] [62] [71],
there is no discussion on the advantages or possible disadvantages of MIMO
radar to the multistatic one in localization and tracking. Therefore, a compre-

hensive comparison between the performance of the aforementioned structures
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Transmition
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Receiption
Center

Figure 1.4: A widely-separated MIMO radar with the joint processing in the
reception center.

constitutes an important trend of this thesis.

1.3 Thesis Organization And Contributions

The last two sections dealt with a review of previous works on the MIMO
systems. It was shown most recent research was focused on the signal pro-
cessing issued in both collocated and widely-separated MIMO radars. The
main motivation for defining this thesis was to apply the tracking and sensor
management concepts to the recently-proposed MIMO structures. Chapter
2 proposes a novel tracking algorithm for the collocated MIMO radars. The
detection and estimation problem in widely-separated MIMO radars are dis-

cussed in Chapter 3. A new antenna allocation procedure is also formulated
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Figure 1.5: A multistatic radar configuration with the local processing being
done at each receiver.
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for the collocated MIMO radar in Chapter 4. Conclusions of this thesis are
also provided in Chapter 5. Appendices including the proofs of theorems are
attached to the end of the thesis. The main contributions of this thesis are

now highlighted in the following:

1.3.1 Multiple Unresolved Target Tracking Using Col-
located MIMO Radars

When multiple targets fall inside the same resolution cell of a collocated
MIMO radar, it was indicated that a bounded number of targets can be
uniquely detected. If more targets occupy the same cell, the localization al-
gorithm cannot find an accurate estimate of the targets’ states. This problem
is dealt with by bringing the prior information on the location of targets into
the estimation algorithm. The dynamic tracking is then formulated for the
collocated MIMO radars in this thesis. It is observed that the conventional
MIMO signal model [58] does not include any range information of targets.
In this case, the signal model does not hold the observability condition and,
therefore, cannot be used for tracking purposes. Based on the discussed draw-
backs, the following novel contributions are made in Chapter 2 of this thesis

on the collocated MIMO radar tracing and localization:

1. A novel signal model:
We propose a novel signal model based on the received output of the
matched filter for the collocated MIMO radar. The new model includes

both DOA and range information of the target.

2. A new localization algorithm:
Based on the new proposed signal model, the localization algorithm is

formulated to estimate the states of targets fallen in the same cell. For

17



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

the multiple target case, the MDL criterion is utilized to estimate the
number of target occupying the same cell. Then, an ML estimator is

applied to the received signals to find the location of each detected target.

3. A signal-level tracking algorithm:
Given the output of matched-filter as the received unthresholded mea-
surements, the tracking algorithm is formulated for the collocated MIMO
radar. A MH-based algorithm [12] is chosen for the tracking purposes
where a new cell-to-target association matrix is defined to handle the
uncertainty in the association of targets to received measurement in dif-
ferent cells. Due to the nonlinearity of the signal model, the well-known
UKF [55] is merged to the MH-based method to form a solid framework

for tracking multiple unresolved targets using collocated MIMO radars.

4. PCRLB Derivation:
The tracking PCRLB is also derived for the new measurement model.
The PCRLB is also formulated as a function of the number of targets
occupying the same cell. It is then observed how increasing the number of
targets affects the performance of localization and tracking. In addition,
the impact of the antenna distribution on the estimation performance

will be analyzed via the tracking PCRLB.

5. Signal-level vs. Measurement-level Tracking:
The main goal of the new tracking formulation is to show the capability
of the new approach in estimating multiple targets where the number of
target in one cell goes beyond a specific bound, which is indicated in [59].
Therefore, besides the signal-level tracking, a measurement-level frame-
work is also constructed by considering the localization results as the

received measurements and, then, applying a KF algorithm to the noisy

18



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

location estimations. Furthermore, a solid comparison is made between
both tracking approaches. It will be demonstrated that the performance
of the measurement-level tracking approach is affected when more targets
enter the same resolution cell while the signal-level method shows much
more robustness to the aforementioned case. Finally, the agreement of

the tracking results with the derived PCRLB will be justified.

1.3.2 MIMO vs. Multistatic Radars For Target Local-

ization And tracking

Chapter 3 deals with the detection, localization, and tracking in widely-
separated MIMO radars. To the best of our knowledge, detection and lo-
calization techniques were developed for a single-scatterer target where the
target scatterer is assumed to be the same in all pairs of transmitters and
receivers. In addition, although the tracking algorithm was formulated for
the widely-separated MIMO radars by considering the localization results as
the measurements and, then, applying a related filtering method to the noisy
measurements, there is no separate work on developing a signal-level tracking
method for widely-separated MIMO radars. The above issues motivated us to

offer the following contributions on the widely-separated MIMO radars:

1. A MH-based localization algorithm:
A novel method is proposed in this paper to identify and localize multiple
scatterer targets using a widely-separated MIMO radar. It is assumed
that the target scatterer is different at different transmitter and receiver
pairs. In this case, the target might become unobservable in certain pairs,
which makes the recent localization techniques useless. When multiple

targets are also present, the detected signals at each pair may have been
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originated from an unknown permutation of multiple targets. We tackle
the above problem by applying the MH-based method to the received
output of matched filter. The new MH-based localization algorithm then

finds the number and states of multiple targets.

2. A signal-level tracking algorithm:
The dynamic tracking is then extended to the widely-separated MIMO
radars. Unlike the old works, we use the unthresholded received signals
for the association and tracking purposed. Due to the specific form of
the measurement model, it is shown that the Kalman-based methods
cannot be used for the state update. Therefore, a particle filter-based
technique [3] is incorporated to the proposed algorithm to update the

target states.

3. PCRLB Derivation:
For the tracking performance evaluation, the PCRB is also derived for
the widely-separated MIMO radars. The agreement of the tracking re-
sults to the derived PCRLB will be also justified via intensive simula-

tions.

4. Multistatic vs. MIMO Comparison:
The detection performance of both widely-separated MIMO radar and
the multistatic structure is analyzed separately. To do this, two ana-
lytical detection probability forms are derived for each structure. The
MIMO and multistatic ROCs are then calculated at different target SNRs
and the benefits of the MIMO to the multistatic configuration are justi-
fied. In addition, the performance of the MIMO and multistatic radars
in estimating the location of multiple scattere targets is analyzed. It will

be shown that the estimation improvement of the MIMO radar rather
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than multistatic radar becomes more significant when the target SNR

decreases.

1.3.3 Antenna Allocation For Collocated MIMO Radars

The estimation performance of a MIMO radar systems is affected by the
distribution of antennas in the surveillance region. Although the antenna
allocation in widely-separated MIMO radars was substantially covered in the
literature [17] [35] [37] [51], no comprehensive research has been done on the
same problem for the collocated MIMO systems. Chapter 4 this thesis tackles
the antenna allocation problem in collocated MIMO radars. The location
CRLB of the collocated MIMO radar is first derived as a function of the target
states and the location of antennas. It is then shown that the distribution
of antennas affects the location CRLB, which leads to poor results for the
ULA structure. To find the best optimum distribution of antennas, a suitable
cost function is first defined to evaluate the localization performance of the
collocated MIMO radar. Then, after representing related constraints on the
location of antennas, a novel optimization algorithm is formulated for the
antenna allocation problem. In the presence of a single target, the optimization
problem is formulated as the well-known SDP [13], which can be efficiently
solved. For multiple-target case, due to the non-convexity of the cost function,
a sampling-based method is suggested to capture the global optimal point.
Finally, the improvement in the localization performance of the collocated

MIMO radar using the new optimal structure is justified.
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Chapter 2

Multiple Unresolved Target
Localization and Tracking Using

Collocated MIMO Radars

2.1 Introduction

In this chapter, a new model is proposed for the output measurements of
a collocated MIMO radar. The contribution of each target is observed in two
neighboring cells. That is, the received output is a portion of the actual signal
reflected by the target. Therefore, outputs of matched filter involve informa-
tion about the range of targets in each cell as well. Nevertheless, the sampled
output is the superposition of signals from multiple targets falling within the
cell. To find the number of targets and the corresponding estimates in each
resolution cell, the likelihood function is derived for multiple targets falling
inside the same cluster. The number of targets in each cell and an estimate

of states can be estimated by optimizing the derived likelihood function. The
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major benefit of the localization algorithm applied to the new model is to pro-
vide an estimate of range and angle together. Also, the new model guarantees
the observability of the measurements. Indeed, when targets move in time,
various combinations of targets locations in one resolution cell generate di-
verse signals in the output of matched filter. Consequently, two configurations
of targets generate different signals that may guarantee the observability of
the measurement model for tracking purposes.

The other contribution of this chapter is to develop a tracking algorithm
for the new developed measurement model. Two different options for the dy-
namic tracking of target states are considered. In the first method, tracking
using localization results is done while in the second it is done using the re-
ceived signals. The first method uses the estimated locations of targets as new
measurements for a separate tracker that uses prior information on targets.
When the number of targets exceeds the maximum bound, localization be-
comes inaccurate or even impossible. In addition, the localization results may
become unsatisfactory even with the number of targets being below the bound.
In both cases, the trackers performance is affected by the inaccuracy of local-
ization estimates. A multiple-hypothesis based tracking method is proposed
in this chapter to handle signal-level tracking for multiple unresolved targets.
A cell-to-target association matrix is defined to find possible assignments be-
tween targets and cells. Due to the uncertainty in the targets state estimates,
multiple associations are found according to the variance of estimation. The
nonlinearity in the signal model is also dealt with by using a UKF [55]. The
benefit of the proposed signal-level tracking method is to obviate the need for
a separate localization step to generate measurements for tracking. This issue

does not only relax the bound on the number of uniquely detectable targets,
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but also reduces the computational load of the tracker. The PCRLB is de-
rived in the final part of this chapter as a theoretical bound for performance
evaluation. The derived PCRLB is, then, represented as a suitable tool for
potential waveform design or sensor management for MIMO radar systems.
The rest of the chapter is organized as follows. Section 2.2 describes the
collocated MIMO radar, signal model, and different structures. Target local-
ization and maximum bound on the number of targets are discussed in section
2.3. Tracking algorithm as well as the PCRLB are also presented in section 2.4.
Simulation results comparing tracking and localization techniques are given in

Section 2.5.

2.2 Collocated MIMO Radars

The general structure of a collocated MIMO radar is shown in Figure 2.1,
where the array of transmitters and receivers are collocated. That is, the
distance between each two antennas is much shorter than the distance between
antennas and targets [7]. In addition, arrays may be also collocated such
that the distance between the centroid of two arrays is much shorter than
the distance towards the targets. Now, assume that M and N represent the
number of antennas in the array of transmitters and receivers, respectively.

The following assumptions are first made for the structure used in this chapter:

e Without loss of generality, the centroid of antennas is assumed to be at

the origin ([0 0]').

e The number of targets initially present at each cell is less than the max-

imum bound. This is because at the initial step, existing techniques are
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Figure 2.1: The structure of a collocated MIMO radar with M transmitters
and N receivers [58]. Lines of different styles show diversity in the transmitted
signals.

used for localization and they are limited by the above bound. How-
ever, in the subsequent steps when the number of target in the same cell

exceeds the bound, our proposed technique works well.

e The total number of targets in the scenario is fixed. An algorithm is

being developed in order to tackle time varying number of targets.

e Objects are point sources modeled as Swerling type I [75] targets. That
is, target scatterers change every scan but remain constant during each
scan. Explanations to include target birth and death are presented else-

where [43].

Given signals in L snapshots, input signals are orthogonal meaning that
the covariance matrix of inputs is diagonal. The covariance matrix R is defined

as

R=> s[l]s"[l] (2.1)

=1
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where s is the M x 1 transmitted signal vector, and s” represents the complex
transpose of vector s. Assuming 7T targets in an arbitrary cell, the reflected

signal of the ¢-th target can be written in the following form [7]:
Z[l] = O{tAtS[l] (22)

Here, z[l] is the reflected signal in the [-th snapshot, A, is the system matrix,
and «; is the random scatterer of the ¢-th target. The random scatterer is a
complex number whose real and imaginary parts are both Gaussian-distributed
with mean and variance {&5, &!}, o2, respectively. The system matrix can be

found based on the collocated antennas and far enough targets as [7]

Ay = ajdl
' 21, . .
(a}); = exp —37 (sin(fy)xy; + cos(Oy)yy) ) ,i=1,.... M

21
(ay); = exp <—]7 (sin(6;)x,; + cos(@t)yrl)) JA=1,...,N (2.3)

where A is the wavelength, M and N are the number of transmitters and re-
ceivers, respectively, a! and a] are transmitter and receiver steering vectors,
respectively, 6, is target DOA, and [z, yi;] and [2,4, y] denote the location of
the i-th transmitter and [-th receiver, respectively. Now, define r; as the t-th
target range with respect to the origin. In practice, the output of matched
filters is usually used instead of original signals because matched filter out-
puts are found based on the maximization of SNR in the output. Therefore,
the output of matched filter is more suitable for detection and localization

purposes. The output of matched filter is written as

1 & "
E° = ﬁ;zc[l]s 1] (2.4)

where z¢ is the received signal in the c-th cell written as
T

2] =Yzl + wl] (2.5)

t=1
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with 7 as the number of targets in the c-th cell and w as a complex additive
noise that is Gaussian-distributed with zero mean and variance o2. Now, sup-
pose there are T targets in the (c+1)th cell. It is shown that the contribution
of each target can be observed in the sampled output of matched filter in the
c-th and (¢ — 1)th cell [89]. Defining n° = VEC(E*), it can be shown that the
output of matched filter is a summation of the contribution of each target to

the corresponding cell as [89]

T T
n =3 B+ (1= By + W (2.6)
=1

/=1
where (; denotes the ratio of original targets reflection observed in the c-th

cell defined as
Tt Ty, — 1

= —— (2.7)

T'bin
with r¢ as the radius of the c-th cell, and r; as the range of the t-th target.
Also, 1, are the matched filter outputs when only the ¢-th target is available
(e.g. based on the signal reflected by the t-th target only), and w’ is the addi-
tive noise that is Gaussian with zero mean and variance ¢2,. The variance of
additive noise is proportional to the transmitted power. Here, for simplicity,
the transmitted power is assumed to be one. However, the more the transmit-

ted power, the larger the variance of noise in the output of matched filter.

Remark 2.2.1 Different configurations of targets in a resolution cell provide
diverse received signals indicating that both range and angle information can
be implicitly observed in signal model. It has been shown in [6] that a dynamic
tracking problem including a motion model that describes the dynamic of tar-
gets, and range and bearing measurements satisfies the observability conditions

of a general discrete nonlinear state space model. For the model presented in
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this chapter, it was shown that the localization algorithm can find an estimate
of the number of targets and the target states (i.e., DOA, range and scal-
terer). Also, it will be shown in the next section that a unique estimate of
target states can be found as long as the number of targets in each cell does
not exceed the bound. In other words, the signal model can be imagined as a
discrete state space tracking model that indirectly provides range and angle in-
formation. Therefore, the observability of the model can be justified using the
same proof given for a general dynamic tracking problem [6]. Nonetheless, the
commonly-used signal models are non-observable in the sense that the received
signal is the same for different trajectories of targets that move in the same
direction (i.e., the same DOAs but different ranges). While these models are
suitable for detection or localization purposes, they cannot be used for target

tracking problems due to the lack of observability.

2.3 Target Localization and Parameter Iden-
tifiability

The following nonlinear model can be written for 7, described in the last
part [7]
ne = oudy (2.8)

with the following definition for the new system matrix

d, = VIVEC (AtUF%> (2.9)

with T'2 being the square root of matrix I'. The set of detected cells is defined
as ¢ = [7)1 x ~7)C] where C' is the number of detected cells. A ML estimator

is used to estimate parameters of targets where the parameter vector of each
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target is defined as
O, = [0, B1, &', ] (2.10)

Here, it is assumed that all variances are known, however, it does not affect
the generality of the proposed algorithm. Detected cells are classified to dif-
ferent clusters based on the distribution of targets in the surveillance region.
Each cluster may be composed of several cells occupied by a group of tar-
gets. As an example, consider a scenario with 3 targets. Figure 2.2 shows
some possible distribution of targets in 5 neighbor cells. The top-right sce-
nario provides all three targets in C5 leading to the formation of a cluster
involving {C1,Cy}. However, in the bottom-right graph, there are two clus-
ters involving {C7,Cs, C3} and {Cy, C5}. Consequently, the distribution of
targets determines the number of clusters as well as the number of cells in
each cluster. Without loss of generality, it is assumed that there is only one
cluster including C' + 1 resolution cells. The likelihood function is written as
p(®|O1,...,07) = N(u, X) where N denotes a normal distribution with mean

w1 and covariance X being defined as

o= p, s po]
X1 X2 00 0 0
o1 299 0 0 0 0
Y = 0 o . . . . (2.11)

Yc—1)(C-1) X(C-1)C
0 0 00 Seeoy Sec

Individual means are found as

Sty (1 — By} Ife=1
i = 5y B Ife=C (2.12)
tTil Ben + ZtT/if (1 — Bp)AS™ Otherwise
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(a) one cluster with one occupied cell (b) one cluster with two occupied cells

(c) one cluster with three occupied cells  (d) two clusters with three occupied cells

Figure 2.2: Different clusters of cells based on the distribution of targets.

with 7Y = &,d; and d; as the system matrix of the t-th target in the c-th
cell. The same expressions can be found for the covariance knowing that
FE{(ay — &)(oy — &y)'} = 202. Because targets affect two neighboring cells,

there is also a cross-correlation between adjacent cells. The diagonal terms in
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the above equation can be written as

2312, 02D(dydy) (1 — B)? + Ife=1
Yee =4 2314 o2 u¢w1—@)+zzﬂl2pu/)wm 02 Ifl<ec<C
2 Zt L 02D(dydy)(By)? Ife=C
(2.13)
The cross-correlation terms can be similarly found as
Tet1
Ye(er1) = 2 Z oo [)AHded) (1 = B,)(Be) (2.14)
t=1

where 1 < ¢ < ' — 1. Note that the scatterers of different pairs are statisti-
cally independent. Therefore, the covariance matrix is written as the diagonal
elements of d;d; in order to consider the independence of different pairs. From
(2.11-2.14), it can be seen that the covariance matrix does not have any in-
formation about target scatterers. In addition, the i-th diagonal element can
be written as |d}|?, which is independent of DOAs and, consequently, the co-
variance matrix is independent of target DOAs. The covariance matrix and
the mean vector provide sufficient information for range, DOA, and scatterer

extraction from the output of matched filter. The negative log-likelihood func-

tion can be now defined as

1 1
I = §log|2|+§(¢—u)2_l(<b—,u)’ (2.15)

The goal is to find the set of parameters ©, and the number of targets at
each cell, T;, in order to minimize the above cost function. To do so, a MDL
criterion [4] is used to find the correct number of targets in each cell. Different
steps for target localization, where the number of targets in each cell is also

estimated are summarized as follows:

1. Divide detected cells into separate clusters. Assume that the c-th cluster

includes C' cells out of which only C' — 1 cells contain a target.
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2. Given T),,, as the maximum number of targets in each cell, create a
(C' — 1) x ny matrix Z whose j-th column is an arbitrary permutation

of numbers between 0 and T},,,. The j-th column is defined as follows:
T =H B .. 1) (2.16)
where 0 < [,g < Thax
3. For n =1 to ny do the following steps:
e Construct the cost function based on the number of targets given

by [Z],.

e Find an estimate of targets in different cells using common opti-

mization approaches such as Gradient based methods [13].

e Compute the cost of the n-th hypothesis using MDL criterion as

1
MDL, = —L(©,) + 5Mme., log m, (2.17)

where L(.) is the likelihood of the n-th hypothesis, mg, is the num-
ber of independently adjusted parameters, and m, is the dimen-

sion of observations. Here, it can be shown that m, = MNC and

me, = 43971 I The likelihood can be also found from (3.30).

c=1"¢

4. Select the best hypothesis as

H* = min MDL,, (2.18)

Note that in above algorithm the H*-th column of Z represents the optimal
number of targets in each cell. The corresponding parameters can be also

found from the optimization step.
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2.3.1 Parameter Identifiability

Parameter identifiability has been discussed for MIMO radars in [59]. It
is shown that the maximum number of targets that can be uniquely local-
ized belongs to the set [M + N —1, M x N — 1]. The main idea behind the
given bound is to count the maximum unique elements of system matrix A;.
Depending on the distribution of antennas, the maximum number of uniquely
detectable targets changes in above given interval. However, the derived bound
is based on the previous model in which the contribution of a target is only
considered in its own cell. The question is whether the bound changes when
the model in this chapter is taken into consideration. It can be inferred from
(3.30) that I' is a function of elements of ¥ and 7. In other words, the cost
function can be written as I' = I'; (211, - E(MNC)(MNC)) + T (1, oy irNe) +
I's (211, ey D(MNC)(MNC)» H1, ...,,LLMNC) where I';s can be found after expand-
ing the original cost function and writing the function in terms of > and pu,
separately. Without the loss of generality, assume that C' = 1 indicating that
all targets are located in one cell. The necessary condition for the uniqueness
of optimal parameter is the full rankness of Jacobian matrix [89]. Jacobian is
found with regard to covariance and mean because they are direct functions
of parameters. Defining g1 = [¥11,...., Sunyarw)] as the vectorized form of

covariance, the following equations are derived for Jacobian

991 991 O O
00} T 007, 00} T 001,
G, = ,Go = (2.19)
99(ain)? 99(nin)2 OuMN OumN
00} T 007, 00} T 001,
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where ©! denotes the i-th parameter of the ¢-th target. If the necessary con-
dition is not satisfied for none of the above matrices, there will be at least
two parameters ©; and ©, for which G;©; = G;0,. In this case, the linear
approximation of cost function gives the same optimal value for two sets of
parameters, which indicated the lack of uniqueness. As discussed in the previ-
ous part, the covariance matrix does not include any information about target
scatterers because it is a function of o2. Therefore, the columns of G| become
zero when the parameter of interest is the target scatterer. In addition, the
covariance matrix does not give any information about DOAs. This indicates
that (G; cannot provide any unique solution alone because it is not full-rank.
Therefore, the uniqueness of solutions should be justified by exploring G5 that
is a function of all parameters. It can be shown that G, is a function of system
matrix d because the mean vector is a factor of d or it is the summation of
different targets’ system matrices. Referring to (2.10) the maximum number
of unique elements in the system matrix is its length M x N. This leads to the
conclusion that the maximum number of unique columns in G cannot exceed
the given bound. Consequently, the number of parameters T should be less
than or equal to M N. The same analysis can be done for other parameters of
every target. It is also possible to make the same conclusion for targets lying
in multiple cells C' > 1. In this case, the necessary condition is found for each
cell separately.

One important point should be noted here about the bounds found above.
The above bounds are the only necessary conditions for the uniqueness of
solutions. The geometry of antennas and targets in the surveillance region is
very important in the number of of targets that can be accurately estimated.
For example, although the maximum number of unique elements in d is M x N,

the bound becomes tighter if antennas are distributed along with the x-axis.
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In this case, in [59], it was found that the range [M + N — 1, M N — 1] as the

maximum bound when the distance of antennas determines the actual bound.

2.4 Tracking Algorithm

The maximum bound in target localization may be an issue in real tracking
problems with MIMO radars. For example, targets may enter one resolution
cell in some time steps and, therefore, get unresolved for the radar system
when the total number of targets in a resolution cell exceeds the limit. Also,
even when the number is less than the bound, localization algorithm may not
provide good results due to the geometry of targets. To handle the limitation
on the number of targets prior information of targets’ movement can be used.

Assume the following common near constant velocity model for the ¢-th target:

x(k+1) = Fixi(k)+ Gyvy(k)
a(k+1) = (k) + 0a (2.20)

where k is time step, v,(k) is the additive noise that is Gaussian-distributed
with zero mean and covariance matrix @);, F; and G; are motion matrices, and
dq is the Gaussian additive noise with variance o2 modeling the uncertainty

in target scatterers. Motion matrices can be defined as [5] [6]

17, 0 0 Lo
01 00 T, 0
F, = G, = ) (2.21)
00 1 T, 0
00 0 1 0 T

with T as the sampling time. In this chapter, the number of targets in the
surveillance region is assumed to be time-invariant. Dealing with time variant

number of targets happening due to new targets’ birth or available targets’
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death is difficult when MIMO radars are used as measurement models. This
topic is discussed in [43]. Given T targets and their estimates x;(k|k) at the k-
th time step, a Bayesian estimator finds the posterior probability distribution
of targets given measurements. Measurements are outputs of matched filters
defined as ®(k) in the previous part. The key issues in multitarget tracking
using the underlying MIMO radar are:

e Grouping

Data association

Hypothesis generation

Likelihood computation

Estimates update

The first step of grouping is the classification of different targets based on their
location. Group target tracking has been extensively discussed in the literature
[69]. Here, targets are classified into different groups based on the associated
cell. Figure 2.2 shows how different groups of targets may be constructed. The
same grouping technique is done here at each time step. For simplicity, it is
assumed that there is one group (cluster) at the k-th time step. In scenarios
with more than one group, the superscript ¢ is used for all parameters to

clarify the category of targets and measurements.

2.4.1 Data Association

Define T;(k) as the t-th track at the k-th time step. Each track is rep-

resented by its sufficient statistics summarizing the information content of
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Elliptical Uncertainty

Two Adjagent Cells

Figure 2.3: Elliptical uncertainty around the target makes it probable to be
associated with each of adjacent resolution cells.

measurements [56]. As an example, the ¢-th track can be represented for an
EKF estimator as

Ti(k) = {xi(k[k), F(k)} (2.22)

where x;(k|k), P,(k) are estimated mean and covariance for the ¢-th track,

respectively. The set of all tracks at the k-th time step is written as

where N (k) is the number of confirmed tracks at the k-th time step. Due to the
uncertainty in the estimated location of targets, a target may be assigned to
different cells. Figure 2.3 shows a target with its elliptical uncertainty region.
It can be observed that the target may be associated with any cell fallen in its

uncertainty region. A cell-to-track association matrix is now defined as
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1 If the t-th track is associated with the c-th cell
’}/tc = (224)
0 Otherwise

A similar matrix is defined for track-to-cell association £.. Unlike in common
tracking context in which each measurement is only associated with one track,
there is no such condition here over the rows of the association matrix. In other
words, an individual cell may be associated with multiple targets. Figure 2.4
shows a multi-target scenario where targets are located in one resolution cell.
The uncertainty ellipses of several targets may intersect an individual cell.
Consequently, this cell may be associated with multiple targets. However, the
point targets are inside the cell and, therefore, the following condition is still
valid:

c
0<> wy<Lt=1.N(k) (2.25)
c=1
The t-th target is assigned to the c-th cell if the following inequality is satisfied:
(re(k + 1]k) — r©)?
At <¢ (2.26)

Ur,t

where 7,(k + 1|k) is the predicted range of the ¢-th target, r¢ is the range of
the c-th cell, and ( is the threshold. The threshold is found such that the cell
falls within the 95-percent confidence region [6]. A target may be assigned to
two cells if the uncertainty region around it straddles two adjacent cells. In the
above equation, aﬁt represents the variance of range estimation that can be
found by linearizing the range model and, then, using the predicted covariance

of estimation P(k + 1|k). The following equation is derived for o7,

o2 = (z(k + 1]k))? o i (ye(k + 1]k))? o2 i
" (e(k + 1k))% + (e(k 4+ 1]K))2 7™ (2(k + 1K) + (ye(k + 1]k))? ¥
i (k + 1k)y:(k + 1]k) >

(o + 11)2 + (i + 1[))2

(2.27)
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* Targets

Elliptical
Uncertainty

Resolution Cells

Figure 2.4: A scenario with 9 targets where targets are in the border of two
cells and entering the other cell.
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2 2

oz, o
where Py(k + 1|k) = st Tt Cand @y (k + 1]k), yo(k 4 1]k) denote the
USm,t Uy,t

predicted estimates.

2.4.2 Hypothesis Generation/Evaluation

The h-th hypothesis () is indeed a target-to-cell association for a group
of targets located in the underlying cluster. As targets may be assigned to more
than one cell, different hypotheses are formed for a multi-target scenario. To
evaluate each hypothesis, its likelihood is found and the one with the most
value is taken as the winner. The Likelihood function for the h-th hypothesis
can be written as

p(®|Hn) = p(@]", T" (k) (2.28)

where 7" (k) are those targets in the same cluster based on the h-th hypothesis.
Note that each association involves information about the location of targets.
According to Figure 2.2, targets may be grouped into different clusters because,
in the new model, the effect of targets in the neighbor cell is also taken.
Therefore, a target belonging to one cluster at the k-th time step may be
assigned to a separate cluster in the next step. The above likelihood can be
found using the expressions given in (2.13) and (3.30). The hypothesis with
the lowest negative likelihood is chosen as the winner and its estimates are

considered as new tracks.

2.4.3 Estimates Update

The states of targets are updated for each hypothesis separately. The
update step is to find a new set of tracks 7"(k + 1) from the previous step
tracks 7" (k), the h-th association and measurements at the k+ 1-th time step.

42



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

The prediction step for each target can be implemented using motion models
given in the previous part. Define T;(k+1|k) as the predicted state for the ¢-th
target. The same equation can be found for target scatterers using the motion
model given for scatterers. The predicted DOA and range for each target can

be computed as

_ -1 yt(k + 1|k)
0:(k + 1|k) = tan <m) (2.29)
and
re(k 4+ 1k) = /(zo(k + 1]k))? + (y:(k + 1[k))? (2.30)

respectively. The predicted range coefficients [3;(k + 1|k) can be easily found
with the above predicted range and (3.2). Therefore, the predicted parameter
vector can be written as ©;(k+1|k) = [0;(k+1|k), B:(k+1]k), &F (k+1|k), &l (k+
1]k)] and the parameter vector for all targets is indicated by ©(k+1|k). Define
O"(k + 1|k) € ©(k + 1]k) as those targets falling in the same cluster based
on the h-th hypothesis. The posterior probability distribution of states given

measurements for the h-th hypothesis can be written as
p(TME+1),at(k+DY(1:k+1) o« p(T (k+1),07(k+1)|Y(L:k)) x
x p(Y(k+ DT k+1),00(k+1),Y(1:k))
(2.31)

The first term in the right hand side characterizes prediction stage that can

be written as
p (T + Dol (e + DY 0) = [ p (T4 .0l (k4 DIT(E), ()
x p (T (k+1),a(k+1)|Ti(k), (k) dT:(k)dew (k)
(2.32)

In (2.31-2.32), T,"(k + 1) and of(k + 1) denote new estimates according to
the h-th association. Also, T;(k + 1) and a;(k) represent the elements of the
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best hypothesis in the previous time step. The above steps are usually called
tracking recursion in the literature (or the Chapman-Kolmogorov equations)
[80]. The tracking recursion rarely yields a closed-form solution [80] when
the measurement model is nonlinear. Due to nonlinearity in the measurement
model, traditional KF or EKF [6] provide poor results. In this chapter, a
UKF is used for states update. Due to the dimension of states that may
be considerably large when multiple targets fall in different cells, UKF is a
computationally feasible choice because other nonlinear filtering methods such
as particle filtering [3] suffer from the curse of dimensionality.

The measurement is the output of the matched filter from all cells. To
reduce the computational cost those cells that are far from the cluster of targets
can be discarded. The various steps of the UKF can be summarized as follows

where, for simplicity, superscript A has been removed:

e Sampling
Sampling in the UKF is deterministic and the number of samples is
fixed to 2 x (n,) + 1 where n, is the dimension of states. Those targets
falling in the same cluster are updated together. Because the targets are
moving, the number of clusters is also changing over time. If there are T,
targets in the c-th cluster, the number of samples will be 67, + 1 where
each target has 6 states consisting of its motion states, and the real and
imaginary parts of scatterer. For simplicity, assume that all targets are

now in the the same cell c. Each sample is generated using the following

procedure:
X (k|k) ifi=0
Xi(k+11k) =< X (k|k) + &/P(k]F), if1<i<n,
Xc(klk) = &/ Pe(klk),_, ifn, +1<i<2n,

(2.33)
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where X.(k|k) and P.(k|k) are state vector and covariance matrix of
estimated targets, respectively, falling inside the c-th cluster. Note that

above new states can be created by stacking states and covariances of
individual targets in the c-th cluster. Also, £ = V/n, + A !, and /P,;

denotes the i-th column of the square-root of matrix v/P,.

e Time Prediction
Time prediction of states and corresponding covariances can be found
using the drawn samples as

2Ng

Xo(k+1k) = Y wlXi(k+1]k)
=0

P.(k+1]k) = ng (XE(k +1)k) = Xo(k + 1]E)) x (XE(k + 1|k) — X (k + 1]k))’
=0

(2.34)

with w™, w® as sampling weights defined as

A

A+ ng,
1
wi = w, TERESY (2.35)

w§ = w)' + (1 — k> +w),w) =

Here, 0 < k < 1 is the primary scaling factor determining the extent of
the spread of the sigma-points around the mean [55]. Also, it is shown

that for Gaussian priors of states, w = 2 is a good design.

e Measurement Update
It is probable that the generated sigma points fall inside the resolution
cells beyond of the current cluster of targets. This happens when there

is no prior information about the velocity of targets and, therefore, the

L) is a parameter adjusting the spread of samples drawn around the mean. More details
about different possibilities for the aforementioned parameter can be found in [55].
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initial velocity is set to zero. In this case, the predicted covariance P.(k+
1]k) is so large that some sigma points are located in other cells. This
is the reason that the output of all cells are used as the measurement.

The sampled output of matched filter can be found as
pe(k + 1|k) = h (XL(k + 1|k)) (2.36)

Here, h(.) is the nonlinear function of the matched filter output. Ac-
cording to (2.8) and (2.10), h is a function of the target DOA, scatterer,
and range coefficients. Therefore, the predicted output of the matched
filter is computed based on the predicted DOA, scatterer and range co-
efficients given by (2.34). Now, define Y (k+ 1|k) as the predicted output
of matched filter. This vector holds the outputs for all resolution cells
in the surveillance region?. Each generated sigma point may provide the
outputs for different cells in the region. The range of each sigma-point
can be found using (2.30). Define Y*(k + 1]k) as the ith predicted mea-
surement and assume p'(k + 1|k) falls in C; cells belonging to the set
C; ={c,....,c},,}. Then, the ith predicted measurement for different cells

can be defined as follows:

. Om N If ¢ does not belong to C;
Yi(k+1k) = ' (2.37)
{pi(k+1|k)}e Otherwise
Where 0y is an M x N vector, and {u’(k+1|k)}~ denotes the generated
sigma-point in the ¢’th resolution cell of the c-th cluster.® The predicted

output can be now found as

2Ny
Y(k+1k) = > wpY'(k+1[k) (2.38)

=0

2Tt is more efficient to discard those cells that are very far from the cluster of targets.
3Note that every cluster may be comprised of several resolution cells.
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The same can be also computed for the cross-correlation and covariance

matrices as

fw;‘ (Yitk+ 1) = V(e 11)) (Yol + 1) = V(o + 1|k;))'
Pxy = fw;(xi(kﬂ\k)—xc(kﬂ\k)) (Yi(k+1|k)—§>(k+1|k))'

1=0

Pyy (k + 1|k)

(2.39)

The Kalman gain can be also computed using covariance matrices found
above

K(k+1) = Pxy Py (2.40)

Finally, the updated estimates of mean and covariances are given as
X (k4 1]k+1) = X, (k-+1]k)+ K (k+1) <Y(k: +1) - V(k+ 1|k:)) (2.41)
P.(k+1)=P.k+1]k) — K(k+1)PyyK(k+ 1) (2.42)

Note that Y (k + 1) is more general than ® defined in the localization part
and involves outputs of detected cells. Here, outputs of other cells should be
also taken into consideration because the sigma points may fall in undetected
cells. The above steps can be done for each hypothesis separately. For differ-
ent hypotheses, different clusters may be constructed and, therefore, different
resolution cells may be assigned to targets. In this case, the likelihood of the
h-th hypothesis can be found by (2.31) where 7" is the set of estimated states
based on the h-th hypothesis. Final estimates can be found based on the

following model-selection strategy:

Tk+1)= mgxp(Y(k%— D", Tk +1)) (2.43)
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2.4.4 PCRLB Derivation

The PCRLB defines the best MMSE for any unbiased estimator when the
estimator is the state of a moving target [?]. The PCRLB for a multitarget

tracking problem was suggested in [79] in terms of Riccati-like recursions as
J(k) = D®2(k—1) = D*(k—1) (J(k — 1) + D" (k — 1)) "' D2(k — 1) (2.44)

with the following definitions for the unknown terms

DUk =1) = E[-Vy{§}) logp(X () X(k — 1)) (2.45)
D2(k—1) = B|-Vii " logp(X (k)X (k — 1))] = [D*(k— 1)

D®(k—1) = D¥(k—1)+ J,(k) (2.46)
DBk —1) = E[—vﬁgiglogp(X(k)\X(k—1))} (2.47)

where J, (k) is measurement information defined as

_[9log p(Y (k)X (k) ( dlog p(Y (k)X (%))’
k) = B [ oX (k) ( OX (k) ”

Here, Y (k) are the output of the matched filter and the expectation is also

(2.48)

taken with respect to outputs and target states. For simplicity, assume that
all T targets in the surveillance region are in the same cluster at the kth time

step. Therefore, X (k) is the stacked vector of all individual targets’ states as
X(k) = [(Xa (k). . (X (k)T (2.49)
With the following definition for individual target’s states
Xi(k) = [(xi(k))" ;" (k) a (k)] (2.50)

The distribution p(Y(k)|X(k)) is Gaussian with mean p and covariance X

given by (2.11). It is also clear that both mean and covariance are functions
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of parameters of targets O, defined by (2.10). It can be shown that the [a, bJth
element of the FIM is calculated as [89]

. E[alogpw(k)m(k)) <alogp<Y<k>|X<k>>)’} _

y 00 PEE
o\ .y ou 1 L 0% ., 0%
QEJ§:5§+57236@; 565 (2.51)

where © = [(©1)" . . . (O7)"] is the stacked parameter vector, and ©¢ is the
a-th element of the vector. Derivatives of the mean and covariance matrix
with respect to parameters of the target can be found in the Appendix I. Now,

define the following matrix:

w1 0 e 0
0 W9 0o . . 0
0 . .. 0 wr

Here, w; is the Jacobian matrix of nonlinear function F : {6, 7, a7, al} —

{2, 9;, &7, &1} defined as

00  Or
e oo 00
[ol%) ar
90 9
Wt = 8yt 8yt (253)
0 0 10
0 0 01

where the derivatives are as defined in the Appendix 6.1. Based on above

matrices, a measurement’s contribution to the FIM is found as

Iy = QJPCY (2.54)
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The following simplified recursive equation is usually used in the literature to

update overall FIM [79]:
J(k) = (Cu + F.(J(k = 1) "F) ™+ J, (2.55)

where F, and I', are augmented motion matrix and noise covariance, re-
spectively. Each matrix can be created as F, = diag({F},...,F/}),T. =
diag({T'L,...,T.}) where diag({.}) is the diagonalized form of all matrices in

the set. Each individual matrix is also written as

F, 00 GG, 0 0
Ff=1 0 10 |.,I'= 0 o2 0 (2.56)
0 0 1 0 0 o2

The Fisher matrix J(k) can be initialized using the FIM of localization (.J,) at
k = 0. Having J(k) at each time step, the PCRLB can be immediately found
by taking an inverse of FIM as PC(k) = (J(k)) ™.

2.5 Simulation Results

A MIMO radar system with 2 transmitters and 2 receivers is designed for
simulations. The distribution of antennas is shown in Figure 2.5. The param-
eters of the surveillance region and the radar system are listed in Table 2.1.
In the following, the performance of localization and tracking are evaluated

based on the given structure.

2.5.1 Localization

The maximum number of uniquely detectable targets is 3 for the given

structure because the system matrix d has 3 unique elements. First, the
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performance of localization is evaluated for a single target case with parameters
being {820, F,3,3}. The target SNR can be also found by
MN]lal?

T

SNR = (2.57)

The optimization algorithm is implemented on the given scenario. Figure
2.6 shows the RMSE of estimation and the CRLB for different target SNRs.
Results show that the RMSE values match CRLB, especially when the target
SNR is high enough.

The algorithm is now tested for different numbers of targets in the same
cell. The target SNR is fixed to be 15dB for each target. Three targets are
added to the scenario with parameters presented in Table 2.2. In addition,
target scatterers are assumed to be the same for all targets (i.e., 15dB for
other three targets). Table 2.3 presents the RMSE of each target estimation
in different scenarios where each scenario involves different numbers of targets
with parameters of targets summarized in Table 2.2. For the 2-target scenario,
the RMSE is less than the range bin size (30m). However, the RMSE of target 1
has increased about 50% compared to the single target case. When the 3-target
scenario is considered, the RMSE is still lower than the range bin size but the
RMSE values for the first two targets show about 80% increase compared to
the 2-target case. The results in the 4-target scenario are not acceptable at
all because the RMSE exceeds the range bin size for all targets. For the first
target, a 600% increase is observed in the RMSE in comparison with the single
target case. The same behavior can be observed for other targets when the
number of targets in the cell varies. In other words, simulation results show
that the RMSE of localization increases when the number of targets in one
cell approaches the limit.

For multiple targets in the same cell, the geometry of targets also affects
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Table 2.1: Parameters of the radar system and surveillance region
Rmax | 02 | 92 | bin | Pfa | L Oq
Value | 2000m | 3 |{107* | 30m | 10~* | 128 | 10~*

the accuracy of estimation. Assume that for the 2-target case the first target
is fixed with the DOA shown in Table 2.3 but the DOA of the second target
varies. The RMSE of localization for every situation is presented in Table 2.4.
It can be observed that for DOAs around % the localization error is higher
than the localization error for other DOAs. However, when targets become
well-separated in f; = 0, the localization RMSE gets about 50% smaller than
the previous case with 0 = .

The target RMSE may be more affected for scenarios with targets being
closely-spaced in the state space. In general, it can be concluded that even
with the number of targets in one cell below the maximum bound, the RMSE
may be affected by the poor geometry of targets in the cell. The number of
antennas plays an important role in the accuracy of target localization. Con-
sider the 3-target scenario where the MIMO radar discussed before leads to
poor results according to Table 2.3. The average RMSE of all targets is shown
in Figure 2.7 for the different numbers of transmitters varying between 2 and
10. It is clear from the graph that by increasing the number of antennas, lo-
calization RMSE can be improved significantly. That is, changing the number
of antennas has improved the maximum bound discussed before that indicates
that there is a relationship between the maximum bound and the accuracy of
target localization. The same improvement can be observed by distributing
antennas differently. In this case, the maximum number of unique elements in
the system matrix is increased that leads to an improvement in the maximum

bound.
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Figure 2.5: Distribution of transmitters and receivers in the surveillance region.
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Figure 2.6: CRLB and RMSE of localization for a single target case.

Table 2.2: Parameters of 3 extra targets added to the multiple-target scenario

DOA | Range
Target 2 | —¢ 830
Target 3 0 825
Target 4 E 820

23
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Table 2.3: RMSE results in meters for different numbers of targets in the same

cell

Figure 2.7: Average CRLB of localization for different number of transmitters.

Single target | 2-target | 3-target | 4-target
Target 1 6.6 10.32 271 42.83
Target 2 - 7.08 19.65 67.61
Target 3 - - 24 98.2
Target 4 - - - 98.1

25

Target 1 | Target2
Oy = =7 8.48 7.68
Oy = —% 10.32 7.08
0y = 7.83 5.63
0, =2 | 16.84 16.07
O =% 14.38 24.35

Table 2.4: RMSE results for different geometry of targets (6, = 7)
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2.5.2 Tracking

The same structure used in the last part is taken for the MIMO radar
and surveillance region. Two different methods are used here for tracking.
First, localization algorithm is done at each time step in order to estimate the
location of available targets and corresponding scatterers. Localization results
are used as measurements for the tracking algorithm that is a simple KF. This
approach is called localization-level tracking. The second method is what was
discussed in this chapter where the outputs of the matched filter are directly
used for tracking purposes. This approach is called signal-level tracking.

A 2-target scenario is first considered. Simulation is done in 100 scans
where targets are first in different cells but enter the same cell after some
time. Figure 2.8 shows the generated trajectory for the 2-target scenario.
Signal and localization level tracking algorithms are applied to the generated
measurements. The RMSE and the PCRLB for both targets are shown in
Figure 2.9 after 100 Monte Carlo runs. It can be seen that there is a jump in
the localization-level tracking results around the time in which both targets
are in the same cell. It was discussed in the last part that the geometry of
targets plays an important role in the accuracy of the estimated RMSE of
target localization. In this scenario, when targets enter the same cell, RMSE
of localization is so large that a jump occurs in the tracking results. However,
this phenomenon is not observed in signal-level tracking because localization
results are not used in this approach.

Now, consider another scenario with three targets when all targets enter
the same cell after some time steps. Also, two targets are closely-spaced in
the state space making it harder to have good estimates of targets’ location.
Figure 2.10 shows the generated trajectories for the 3-target scenario. Results

of localization and signal level tracking as well as the PCRLB can be observed
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Figure 2.8: The generated 2-target scenario. Targets enter the same cell as
shown in the graph.

in Figure 2.11. It can be observed that at the beginning and the end of
simulation, results are the same because targets are located in the different
cells. However, localization-level tracking results are much worse during the
intervals with the targets being unresolved or closely-spaced in the state space.
The reason is the inaccuracy of localization results used as the measurements
for the tracking algorithm.

The simulation can be done for scenarios with more number of targets
in one resolution cell where localization cannot provide any reasonable results
due to exceeding the bound. Consider a scenario with 4 targets with generated
trajectories shown in Figure 2.12. The number of targets in three consecutive
cells is also given in Figure 2.13. It can be observed that there are four targets
available in cell ¢y, which indicates that the maximum bound is violated. The
PCRLB as well as the CRLB for the designed scenario are plotted in Figures
2.14 and 2.15, respectively. Figure 2.15 shows that CRLB suddenly increases

after t = 20 when all targets become unresolved. For the next time steps,
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Figure 2.9: RMSE and the PCRLB for the 2-target scenario.

CRLB goes to infinity as long as targets occupy the same cell. Nevertheless,
Figure 2.14 shows that the PCRLB still remains bounded in the period of time
that the number of targets exceeds the bound.

To see the performance of tracking using the method proposed in this
chapter, the signal-level tracking algorithm is applied to the generated data.
The RMSE results are presented in Figure 2.16 for all targets. Compared to
Figure 2.14, it can be observed that the RMSE follows the PCRLB. Also, it can
be inferred that the signal-level tracking has been able to provide an estimate
of target states in the time interval that all targets become unresolved.

From the simulations, the superiority of the proposed signal-level tracking
over the localization-level tracking can be observed. It is also possible to com-
pare the computational cost of both algorithms. Although the computational
complexity of the algorithm needs to be carefully analyzed in a separate work,
the goal here is to show how the signal-level approach can be operated faster
than the localization-level algorithm. Simulations have been done on a 3GH z

Intel-Core2 Duo processor with 2G' B memory. The average simulation time for

57



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

800

T
= = = Target 1
----- Target 2
[T Target 3

’
600 - .. : >
¢
.. -
S _ Kd
400 T -7
5 . P
RS o ’\'

— = e o ’

E 0ol = Yo

> % KRN

a 4 S
\' A
K4
0 R
Re
K4
R4
K
.
-200 - -’
K4
R4
K4
.
-400 i > i i i i i i
500 600 700 800 900 1000 1100 1200 1300
X (m)

Figure 2.10: The generated 3-target scenario. Targets enter the same cell
where two of them are also closely spaced.

two tracking algorithms applied to the 3-target scenario is found separately.
The average simulation time for the signal-level tracking approach is 85.7 sec-
onds while the value for the localization-level approach becomes around 3773
seconds. In other words, the signal-level tracking method is about 45 times
faster than the localization-level method. The bottleneck in the simulation is
the localization step due to the time needed for nonlinear optimization. The
optimization procedure is done for the localization-level method at each time
step while it is only done once in the signal-level tracking in order to initialize
possible targets. Therefore, besides the better performance, the signal-level
tracking is much more computationally efficient than localization-level track-

ing is. This issue can be critical in scenarios with a large number of targets in

the same cluster.
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Figure 2.11: RMSE and the PCRLB for the 3-target scenario.

2.5.3 Impact of MIMO Parameters

It was shown in the last part that when the number of transmitters in-
creases, localization results are improved. With the fixed number of anten-
nas, the geometry of transmitters and receivers is also very influential on the
PCRLB. For example, the target structure may not be observable for some

geometries.

Consider the antenna distribution discussed in this chapter. Assume there
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Figure 2.12: The 4-target scenario where all targets enter the same cell for a
period of time.
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scenario.
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Figure 2.14: The PCRLB for the 4-target scenario.
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diverge when targets become unresolved.
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Figure 2.16: RMSE of signal-level tracking for the 4-target scenario after 100
Monte Carlo runs.

are 2 targets in the surveillance region located at £ and %”, respectively. Other
parameters of targets such as range and scatterer are the same as in Table
2.2. Since sin(%) = sin(%’), the same matrix is found for each target. Now,
if only one of these two parameters are available, the localization algorithm
cannot distinguish above DOAs from one another and, hence, the targets are
not observable. The same can be found for other structures when the system
matrix is periodic. The system matrix is periodic with period 8 if d(6+6,) has
the same elements as d(f). For the structure used in the last part, the period
is 5 because elements of the system matrix are the same for 6, = 6,0, = 0+ 7.
A similar thing may happen for other structures if for every 1 < ¢ < MN,
there is one 1 < j < MN, j # ¢ for which d;(0 + 64) = d;(6). In this case, the
elements of the new system matrix are the same as the last one.

Besides the above problem, the distribution of antennas influences the

tracking performance. Define another geometry for antennas as shown in Fig-

ure 2.17. The average PCRLB for the 3-target case is shown in Figure 2.18
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Figure 2.17: The distribution of antennas in the new structure.

for the new MIMO structure and the one used for simulations. It can be seen

that the new structure has yield a lower PCRLB than the old one.

63



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

5 T

T T
= = = New structure
e Ol|d structure

4.5 q

PCRLB

Figure 2.18: The PCRLB for the new and old structure of MIMO radar.
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Chapter 3

Widely-Separated MIMO vs.
Multistatic Radars for Target

Localization and Tracking

3.1 Introduction

In this chapter, detection, localization, and tracking performance of widely-
separated MIMO radars is addressed. In particular, the contributions of this

chapter can be characterized as follows:

e A comparative study of detection performance:
The first contribution of this chapter is to present a comparison between
the detection performance of MIMO and multistatic radars. To do this,
the probability of detection is derived separately for each structure in
the presence of multiple-scatterer targets. It is observed that, for the
same target SNR, MIMO radars enjoy a higher probability of detection

in comparison with multistatic radars.
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¢ A new MH-based localization algorithm:
A new localization algorithm is developed specifically for multiple-scatterer
targets. While previous methods were proposed for the case where the
target amplitude is the same in all directions [33] [35] [34] [65], it is
shown that the performance of target localization is adversely affected if
targets become unobservable in certain transmitter-receiver pairs. This
chapter presents a MH-based algorithm to associate signals in different
transmitter-receiver pairs. The MH-based algorithm provides an esti-
mate of the number and the states of corresponding targets. Unlike
the previous works, the new MH-based algorithm can be also applied to
multitarget scenarios where targets become unobservable in an arbitrary
number or permutation of transmitter-receiver pairs. The MH-based
algorithm is also applied to the multistatic radar and its localization

performance is compared to MIMO radar results.

e A signal-level tracking algorithm:
A novel signal-level tracking algorithm is also proposed in this chapter. It
is shown that, although the received signals are Gaussian-distributed, the
states of the target appear in the covariance of the Gaussian function,
which makes the estimation problem nonlinear and non-convex. As a
result, standard filtering techniques such as EKF and UKF cannot be
used. A particle filter algorithm is then proposed as an alternative to deal
with the dynamic target tracking. Finally, the PCRLB is derived for the

MIMO radar system to justify the accuracy of tracking and localization.

The rest of this chapter is organized as follows: Section 3.1 presents the gen-

eral structure of a well-separated MIMO radar. The signal model is described
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in this section along with matched filtering and measurement generation. Tar-
get detection for MIMO and multistatic radars is discussed in this section
as well. An MH-based algorithm for multitarget localization is proposed in
Section 3.2. In addition, a particle filter-based method is presented for multi-
target tracking problems. After the PCRLB derivation in Section 3.3, Section
3.4 presents simulation results for the MIMO and multistatic configurations.
Using several simulations, the performances of both structures in terms of

detecting, localizing, and tracking multiple-scatterer targets are evaluated.

MIMO Radars with Widely-separated Anten-
nas

Consider a MIMO radar system comprising M transmitters and N receivers
where the positions of the i-th transmitter and the j-th receiver are denoted
by x; and x,;, respectively, with x = [z y]. The [-th target follows the
classical Swerling type I model [75] extended for the multiple sensor case in [25].
Each target is modeled by an infinite number of random scatterers with the
reflectivity factor being denoted by CIZJ [25]. It is assumed that the target and
reflectivity factors remain constant during each scan time while they could
change from one scan to another. The narrowband waveforms transmitted by
the i-th antenna, s;(t), is assumed to be a complex signal with % [ [s;(t)[*dt =
1, where T denotes the duration of the emitted pulse. Note that each pulse
may consist of several sub-pulses in order to capture the statistical properties
of the target properly. Given Ny as the number of snapshots (sub-pulses), T

can be written as T' = N, x Ty where T, denotes the duration of every sub-

pulse. Defining 7 as the pulse-width, T can be defined as T, = C' x 7. Here, C'
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corresponds to the number of resolution cells. It is assumed that transmitters

send orthogonal signals with the following condition:

/T si(t)st(t)dt = 6(i — 5); Vi, j (3.1)

where ()* is the complex conjugate operator and §(.) is the Dirac delta function.
The received signal in the n-th antenna can be written as the superposition
of the reflected signals from all scatterers. The effect of the infinite number
of scatterers was explored in [25] by integrating over all reflectivity factors.
The non-coherent baseband equivalent received signal in the n-th antenna for

a single target can be written as

yn(t) = Z P S (t — Tam) + wp(t) (3.2)

where 7, denotes the time delay of the signal emitted by the m-th trans-
mitter, reflected by the target, and received by the n-th antenna. Also, w,,(t)
corresponds to a complex white Gaussian additive noise with zero mean and

variance 02. The time delay in the above equation can be written as

%(\/(x(t) = @um)? + (Y1) = ) + V(@) = 20a)? + (Y(8) = yra)?13.3)

Tn m

with [x();y(t)]" being the location of the target. The unknown term hy,p,
in (3.2) corresponds to the target scatterer for the (n,m)-th pair of trans-
mitters and receivers. It is shown in [25] that the output signal in (3.2) is
Gaussian-distributed with zero mean and unity variance. It also assumes that
the variance is the same in all pairs. This assumption might be violated if
different pairs of transmitters and receivers capture different aspects of the
target. In general, it is assumed that h,, ~ CN(0,a2, ) where o2, de-
notes the reflection power in the direction of the (n,m)-th pair. Now, define

H=1[hi1...hyt...hyylo Itis also shown in [25] that if transmitters and
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receivers are widely separated in the surveillance region, H ~ CN(0, &) with
a = diag ([a?, o, ... a%,,]"). In other words, distributing antennas widely

enough in the surveillance region provides M x N independent paths.

3.1.1 Matched-Filtering and Measurement Model

It is shown in [25] that the output of the matched filter is the sufficient
statistics for target detection provided that the additive noise level is known.
The output of the matched filter can be obtained for each snapshot in the
(n, m)-th pair as

Hn® = = [ (sl Ny 3.4)

T

Assuming that each transmitted signal is a unit-power pulse with width 7 and
substituting y, from (3.2) in (3.4), the following equation can be obtained for
the output of the matched filter [89]:

T () = 13y A, (T) + W (£) (3-5)

where hj . is a realization of the target scatterer at the s-th snapshot, and

A, . (7) denotes a triangular function defined by [89]

t—Tnm+T
7Zn Tom — T S t S Tnm
A (T)=q -5t 1 <t< Tym+ T
0 otherwise

Also, Wy, (t) is a complex white Gaussian noise with zero mean and variance
o2. Sampling the output of the matched filter every 7 seconds, the sampled
output is now defined as 7,,,(c) by taking an average over all received signals

in different snapshots as

S

S
1
s:l
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Here, n?, (cT) is obtained as

Bnmh’izm C = Cnpm
Do (€T) = (1= Bum)hs,, €= Com — 1 + Wnm (3.7)
0 otherwise

where ¢,,, denotes the index of the resolution cell within which the target
falls. In addition, f,,, is the ratio of the target complex amplitude that can

be found using the triangular similarity as

Lo Tom T Ten (3.8)

T

nm

with 7., = cpm X 7. Signals are normally received and processed in several
snapshots in order to smoothen the output of the matched filter, which reflects
the statistics of the target more accurately. Defining n* = [9um(Cmn); Tnm (Crm—
1)], it can be shown that n* is a complex Gaussian random variable with
n* ~ CN (0,02 Ixo+2,,,) where Iy5 is an identity matrix, and X,,,, is defined

as
I L o)

Bm (L= Bum) 0, (1= Bam)*agy,
For other cells that are not occupied by any target, 7,,,(c) ~ CA(0,02). In
the multitarget case, the distribution of 7 becomes more complicated. For a
scenario with L targets occupying C = consecutive resolution cells, those cells

belonging to the set {ci,...,ccx } with N, being the number of targets in the
(c;)-th cell. The stacked vector * is now defined as

77* = [nnm(cl - 1) o nnm(CC:””)]

Again, n* is Gaussian-distributed with zero mean and covariance matrix o2 Io: 1+

Ynm. The covariance matrix >,,, can now be written as
Enm - [01 02 . Ocr*mﬂ'l], (310)
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where each O; term is defined as

/
[0 @i ome o 0| iAC,+1

O; = / (3.11)
|: 0 O . . . Z(C7L77L+1)( nm ) i| Otherwise
with ¥;; and ¥;41) being given by
(1= 8,202, (1) i=1
.. Ne .\
2= = ( ém)QOéim(l) i=Cro+1(3.12)
lN:ci( L)z (D) + Zﬁci{l (1—p% )2a2, (I') otherwise

Iy NCL+1

SO =3 " (1 = Bh) Brm @ (1) (3.13)

=1
Several clusters of consecutive cells that are occupied by multitargets may be

found. In this case, i} is defined for each (¢/)-th cluster separately and the
covariance matrix is similarly defined according to the presence of targets in

resolution cells.

3.1.2 Target Detection

Define the signal vector asy = [y ¥ . . . yn]” with H being the Hermition
transpose. Hypotheses Hy and H; are also defined as events corresponding to
the absence and presence of the target, respectively. The optimal likelihood
ratio test is provided for target detection as [25]

. logP(Y‘Hl)

— 08PV S 3.14
log p(y|Ho) i (3:14)

where 0 denotes the threshold and « is the Neyman-Pearson likelihood ratio.

It can be shown that the above likelihood ratio test is equivalent to

v =l 21 (3.15)
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where = [m11 21 - . . NN M]H. Here, 0 is set to ensure a certain probability of
false alarm (Pf,). The complex output of matched filter can be described by

the following distribution:

Whm H = HO
hnm + wnm H = Hl

Therefore, for H = Hy, npym ~ CN(0,02 4+ a2,,). It can be shown that the
distribution of |, |* is x3 (Chi-square) with two degrees of freedom [66]. The
distribution of the test statistics v was found in [25] with the variance of target
scatterers being the same in all directions. In this case, ¥ ~ (02 + a®) X2y, n
with o? being the assumed variance. However, for the multiple scatterer case,
the distribution cannot be calculated using the procedure in [25]. Here we
derive the expressions for the distributions of the test statistics for the multiple
scatterer case. Assume the set of variances is classified into G groups where
N, corresponds to the number of repeated variances in the g-th group. Also,
assume that af] is the variance assigned to the g-th group. The test statistics

can be now written as

G
v =1l
g=1

with 1, being the test statistics corresponding to the g-th group. According
to the derived distribution for the equal-variance case, each ||n,||* ~ (62 +
ag)xg ~. and, therefore, the distribution of the test statistics under the above

assumptions is obtained as

Q) = (04 +al)x3w, (3.17)
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The analytical form of @ was found in [11] for MIMO communication systems.

It has been shown that () can be written as

g

G G
1 r 2
QU Graty o) = [T —m 2D B -0™ e (3.18)

Qg =1 1=1 (Ng - l)!

g=1

with the following definition for I'; ; ¢

v + N —1 1 1 —(Ng+v;)
Tgo=CED"" ST 7 7 (—2 - —) (3.19)

2
— . s (0%
VEE 4 jFg Uy J g

Here, v = [v; vg . .. ’U(;]/ and the new =;, can be defined as the set of all

partitions of (I — 1) members as

G
By = {[vl vy .. .vgl € 29D vy =1—1,0,=0,1; zow}
j=1

Given the above set, I' can be found for every combination of [, g based on
the vector G = [Ny Ny . .. Ng|'. The general distribution of (3.18) can be

simplified into

G Ny
1 _ _ 1
Q(v;G,ai,..,a%) = H N, E E (=)' 0N =HDE (7 N, —14-1, ?)
g=1"9 g=1 [=1 g

(3.20)
where £(v; Ny —1+1, =) denotes the well-known Erlang distribution [24] with
parameters k = N, — {4+ 1 and A\ = é Now, back to the original detection

g9

problem, the probability of detection can be defined as
PMIMO — prob (y > ¢|H)y) (3.21)

where the threshold ¢ can be found with respect to the assigned probability

of false alarm as

PAIMO — prob (v > ¢|Ho) (3.22)
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Simplifying (3.21), the following expression for the threshold is derived [25]:
¢ = oo Fopn (1 = Pra) (3.23)

where F2_1v11 ~ denotes the inverse cumulative x? distribution with 2M N degrees

of freedom. The probability of detection can be now written as

PCfWMO = 1—prob(y <(|Hy) =
¢ | ¢ Ny 1
T S S e, 1,
g=1% = g=1 =1 g

(3.24)

Here, Ce(¢; Ny — 1 + 1, %) is the cumulative function of Erlang distribution
g
that can be simply written as [24]

1 Ng—l B (%)n
Ce(C; Ny — 141, a_g) =1-> e . (3.25)
n=0

Note that the expression given by (3.25) is a generalization of the detection
probability derived in [25]. Our new derived detection probability can be used

for a multiple scatterer target scenario.

3.1.3 Probability of Detection for Multistatic Radars

The local probability of false alarm and the probability of detection for

every pair can be computed using the Swerling equations as [75]

2
P}, = exp (—%)

PP = exp <—2(1<7+2¢)> (3.26)

with d, being the target SNR in the p-th pair of transmitters and receivers.

Now, a probability vector Py = [P} P7 ... PMN]"is defined to characterize
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the local detection information for each pair. The m/n logic can be used to
calculate the total probability of detection. The following m/n logic can be
applied to the detection problem [32]:

MN n—n*

O p v
TR SE ADaIE: > [mel]l e
n=n* p=0 n v€EOL MN,o L v
Here, ©, y/n,0 denotes all possible v permutations of the set [12 ... MN]'

A recursive algorithm was proposed in [30] to facilitate the computing of the

above permutations. The recursive algorithm can be summarized as

> 7 = z_: P;l( z_: Py ( > P;v)) (3.28)

vEO, MN,0 v a1=0 az2=a1 Ay =0y—1

3.2 Target Localization and Tracking

For a multitarget scenario, the state of the [-th target at the k-th time step
is defined by x!(k) = [z!(k) 2'(k) v'(k) §'(k)]’ with positions and velocities in
the x and y direction, respectively. The parameter vector of the [-th target

can be also defined as

0" =[B1y - - Bun (01) - - (ahn)" (3.29)

where j!; denotes the signal ratio of the I-th target (according to (3.8)) in
the (i, j)-th transmitter-receiver pair. The main problem in target localization
using MIMO radars is that targets might become unobservable in certain pairs
of transmitters and receivers. Also, there is no information available about the
index of observable pairs or variance of scattering a priori. To handle the above
problems, a multiple hypothesis algorithm is proposed here to take all possible
cell combinations in different pairs into consideration. The main feature of the

new MH-based algorithm is its capability to deal with multitarget scenarios
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with multiple-scatterers where there might be no signal from targets in certain

transmitter-receiver pairs.

3.2.1 An MH-based Algorithm for Target Localization

In a multiple hypothesis-based algorithm [12], a hypothesis can be defined
as an event showing the potential presence of a target in the f-th resolution
cell. The implementation of the MH-based algorithm can be fundamentally

divided into four steps as described below:

e Hypothesis Initialization:
Without loss of generality, the first two pairs are used for hypothesis
initialization.! Define 7,(f) as the matched filter signal received in the
p-th pair and f-th resolution cell. There are two possible approaches to
extract the necessary measurements for localization. The first approach
is to use the received signals directly. Note that the received signal is
Gaussian-distributed with zero mean and covariance matrix given by
(3.10). However, targets’ information is embedded in the covariance
matrix, which is also nonlinear with respect to the target parameters.
Therefore, the traditional EKF or UKF algorithms [55] cannot be applied
here. Although nonlinear filtering methods such as particle filtering can
be applied to the localization problem, the huge computational load of
the particle filter algorithm combined with the MH-based method can be
prohibitive. Therefore, an alternative approach where scatterer and ratio

measurements are first extracted from the received signals is proposed.

Now, define Bp( f) and &,(f) as the estimates of a potential target’s

signal ratio and scatter standard deviation in the f-th cell, respectively.

Tt is possible to use more initial pairs for hypothesis generation. However, there is a
trade-off between the number of initial pairs and the computational cost.

76



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

The above estimates can be found by optimizing the likelihood function

given by

T (P )
Ly(f) = _108;1:[ (m) (3.30)

where S is the number of snapshots, ¢5(f) = [(n3(f —1))* (n5(f))]",

and two unknown probability density functions are defined as

p(op(NIH) = CN(45(f): 0, Zp(B,(f), () (3.31)
p(ep(F)IHo) = CN(8,(f):0,051) (3.32)

Here, ¥,(8,(f), ap(f)) denotes the covariance matrix of the received sig-
nal given in (3.9) where the ratio and standard deviation of the target
scatterer are provided as input parameters for the covariance matrix.
The log-likelihood given by (3.31) is a function of target parameters.
Therefore, a nonlinear optimization problem can be defined in order to

find an estimate of defined parameters as follows:

(Bo(f) @p(f)) = argmin £,(f), 0<F<1, 0<a < e (3.33)
A suitable gradient-based nonlinear optimization technique [13] may
be used to solve the above problem. The estimated results can be
represented by two vectors ®, = [B,(1) B,(2) . . . B,(F)] and ¥, =
[a,(1) @&,(2) . .. &,(F)], respectively. Now, to initialize the hypotheses,
define Cy, 5, as a potential combination of cells in the first two pairs where
f1 and fy correspond to the fi-th and f>-th resolution cells in the first
and second pair, respectively. The range measurement for each of the

above represented cells can be written as

ri(f;) = R(fi = 1) + Bi(fi)rom + ni(fi), i =1,2 (3.34)
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where R(f; —1) = (fi — 1)1y and n;(f;) denotes the range measurement
additive noise that is Gaussian-distributed with zero mean and variance

02. The range measurement variance can be found as

of = (roim)’0;

Here, the variance ag of the ratio estimate can be assumed to be equal
to the CRLB of estimation errors. The CRLB of localization will be
derived in the next section. We assume that the CRLB is now available
and, therefore, the range variance can be obtained analytically. Given
r1(f1) and ro(fy) as the range measurements, the (f1, f) combination
is accepted as a potential target estimate if the ellipsoids constructed
by the geometrical placement of r1(f;) and ro(f2) intersect. Referring
to Figure 3.1, it can be observed that there is no intersection for the
combination on the right side while ellipsoids on the left intersect. The
h-th hypothesis is now created if a combination of cells is validated using
the above intersection-finding procedure. The h-th hypothesis can be
defined as

%O(h) = {Tp1(fp1)>rp2(fpz)>CO(fl,f2)} (335)

where Cy(f1, fo) denotes the cost of the hypothesis. Here, the cost of
each hypothesis is equal to the likelihood given by (3.30). Note that
indices p; and p, in (3.35) indicate that any arbitrary pairs might be

chosen for the initialization stage.

e Estimate Initialization:
Without loss of generality, three pairs of transmitters and receivers are
chosen to initialize target estimates although any other number of initial
pairs can be also considered with more computation. The h-th hypoth-

esis is created by assigning the h’-th initial hypothesis to the fj,-th cell

78



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

’ ! .
! L) \
’ :l \
i .
,T.. |' . \
i 1 R \
1 1, j \
N \
) ' '
I \
1 ! ]

1 .t '
] ' \ \
1 ' 1 1
1 i \ !
1 ' \ !
1 ’ \ !
1 R \ :

1 \

1 o ,, \ T,. 1

1 ’ \ I

f , \\ ]

\.4/ \tl
;

Figure 3.1: Geometrical placement of target location constructed from the
range measurements of the first two pairs of transmitter-receiver.

of the current pair provided that the fj,-th cell intersects the ellipsoids
created by the cells belonging to the h'-th hypothesis. In this case, the

new hypothesis can be written as

= {x3, 25,75 (/) Co(fn) Ho(H) } (3.36)

where xz and ZZ are the estimated state and the corresponding covari-

ance of the hypothesized target, respectively. The new cost can be also

found as
Cl(fn) =" (6p(f1) X Co (fuy Fuy) (3.37)
where
. _ 2 (6p(fn)|H1)
P (dp(fn) = ESTAILD (3.38)

with likelihoods being found using (3.31). In order to estimate the state

of the target, the range measurement vector of the new hypothesis is first
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written as r = [1,(f4) 7p, (fry) 7py (fay)]. The Least Square (LS) method

[6] can be used to find an estimate of the target state x! = [z" 4" and

the associated covariance. The new h-th hypothesis, hence, includes

the information of a potential initialized target. The set of initialized

estimates are updated in the subsequent pairs in order to provide the

final estimates of available targets.

e Update Step:

Given H,(h') as the h'-th initialized hypothesis, the first step is to find

those measurements in the (p 4+ 1)-th pair that can be associated with

the h'-th hypothesis. The fj,-th cell is assigned to the A'-th hypothesis

if the following inequality holds:
(rp+1(fa) = Thi1)”

<
2ty =

(3.39)

Here, fgjrl denotes the predicted range of the h’-th hypothesis that can be

found by the range equation of (3.3) with XZ being used as the estimated

state. The range variance o?(h’) can be also found by linearizing the

range equation around the estimate of the target as

o2(W) = QI (z2) + (I (yy) + GEN (vy) +
with

¢ = (z)?
A IE

G (yh')?
2T (@) 4 (YY)

c Ty Yy
y =

(23)% + (y5')?

2

Tbin

12

(3.40)

(3.41)
(3.42)

(3.43)

Assuming that the f;,-th cell falls inside the gate of the h'-th hypothesis,
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the new hypothesis is created as

%p-i-l(h) = {XZ+1> Z;g—i—h Tp+1(fh)> Cp+1(fh)> Hp(h/)} (3'44)

The new state XZ 41 and the associated covariance Z;‘ 41 can be obtained
using an Extended Kalman Filter (EKF) with r,.(f,) and fg;l being

the received and predicted measurements, respectively, and af) +1(fn) as

. — K/ ’ ’
the scatterer measurement. Defining X! = [(x!)" /']’ as the new ex-
Eh
S +1 . .
tended state and X, | = b as the associated covariance
0 Uag 1

(with o being the variance of scatterer estimate), the updated state and
covariance can be obtained using the standard Extended Kalman equa-
tions [6] with the range equation of (3.3) as the nonlinear measurement

model. Finally, the cost of the new hypothesis can be found as

ClA(F) = CL ()P (Spia () (3.45)
where p* (¢p+1(fn)) is found from (3.38).

e Pruning:
Once all hypotheses are initialized for the p-th pair, a pruning step can
be followed in order to remove those hypotheses that are less probable
to have originated from a potential target. Hypotheses may be pruned
based on the quality (cost) or the m/n association logic [5] [12]. The
first approach is based on the normalized cost of each hypothesis. This
method is not robust, especially for multiple-scatterer targets when the
target is not observable in certain transmitter-receiver pairs. In this case,
the normalized cost declines significantly and the associated hypothesis
is removed. To avoid the removal of valid hypotheses, an (m/n) logic is

combined with the quality based method. Defining a binary variable H
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to determine the status of the h-th hypothesis, the following logic can
be presented:
Hh =1 CHfi) = wA™ > ¢ 0
H'=0 otherwise
where ”Z denotes the number of pairs in which the h-th hypothesis is
assigned to a measurement, and w and ( are the quality and the logic

thresholds, respectively. Note that the selection of ( depends on the

chosen m/n logic.

e Global Hypothesis Selection:

All hypotheses must be compatible in a general MH-based algorithm [12].
For our application, the compatibility of hypotheses is checked when
the data from all pairs are processed. Assuming Hy;y as the set of
all survived hypotheses, compatible hypotheses that do not have any
common associated measurement are drawn. Defining C%, as the set of
all cells assigned to the h-th hypothesis, two hypotheses h; and hy are
compatible if

Cz}\?N A CJ}\L/[ZN = {0} (3.47)

If there are some common cells shared by two hypotheses, the one with
the highest likelihood is selected. Finally, the remaining hypotheses
Hjy,n are considered as the set of global hypotheses with no common
associated cell. The number of global hypotheses represents the number

of detected targets in the surveillance region.

Given G as the number of global hypothesis, the g-th hypothesis representing

the presence of a real target is defined by
HI(h) = {x},5h.C!'} (3.48)
with Cg as the final cost assigned to the g-th hypothesis.
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3.2.2 Tracking Algorithm

The state of the [-th target is defined as x' (k) = [z!(k) 2' (k) v (k) ¢ (k) ot (k) . .. o} ()]
. The dynamical model to characterize the motion of the [-th target can be

represented as

x'(k) = Fx'(k—1) + (3.49)
wo (k)
0y = 0 : . . :
with F' = , w and w, being Gaussian noises with zero mean
0 Iyn
ot
and covariance matrices , and 021y, respectively. The standard
0 o3

parameters of the motion model (i.e., F, ") can be also determined according to
the type of the motion assumed for each target (e.g., nearly constant velocity,
nearly constant acceleration, or constant turn models [6]). The measurements

are the outputs of matched filter that can be re-written as
Dam (k) ~ CN(0,02Icx  + Sp) (3.50)

with ¥, being defined by (3.10). Also, C,, denotes the number of adjacent
resolution cells occupied by targets. Although it is possible to extract ratio
and scatterer measurements for the tracking step again using the optimization
technique given by (3.33), the direct approach with the output of matched
filter being used as the output signals is preferred. Potential advantages of
direct method compared to the measurement-level (indirect) method were also
discussed in Chapter 2.

Nonlinear filtering using Particle Filter (PF) [3] has been recently applied to
several tracking and estimation problems [80]. Assume that an initial estimate
of targets can be obtained using the localization algorithm. Initial estimates

are represented by x'(0) with the associated covariance $'(0). Initial particles
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and associated weights can be generated using
x;(0) ~ N (x'(0),2(0)), @j(0) = — (3.51)

with NV, being the number of particles and w the normalized particle weight.
It has to be also noted that, in multitarget cases, two targets may be sepa-
rated in the state space while they fall in the same or adjacent cells for certain
transmitter-receiver pairs. In this case, the covariance matrix in (3.10) has
to be found by considering the effect of multiple targets that fall in the same
cluster of cells. Therefore, states of those targets in the same cluster have to
be augmented into one state vector for particle generation. Defining x!(k) and
w! as the i-th generated particle and the associated weight of the I-th target in
the k-th time step, respectively, different steps of the proposed PF algorithm
for widely-separated MIMO radar systems are discussed in Algorithm I.
Remark: Each class of cells is constructed according to the number of ad-
jacent cells potentially occupied by a number of targets. For example, given
three generated particles occupying resolution cells ¢; = 20, ¢ = 30, and
c3 = 29, respectively, there are two classes with targets {1} and {2, 3} located
in each class, respectively. Referring to (3.52), the number of classes can be
1 l L

i X X

found based on the given states {x i X0 (-

3.3 Posterior Cramer-Rao Lower Bound

The PCRLB on the state estimation accuracy can be written in terms of

Ricatti-like recursions [79] as

J(k) = D®2(k—1) = D*(k—1) (J(k — 1) + D" (k — 1)) "' D'?(k — 1) (3.56)
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Algorithm 1 The Tracking Algorithm for MIMO Radars

Initial States: {x!(k),@!(k)}
Measurements: nl_NM(k: +1)
for p=1to MN do

Particle Generation: x!(k + 1|k) ~ N'(Fx!(k),T) with T’ = {
for [ =1to L do

fori=1to N, do
Find the likelihood as

p (np(k + 1)|x4(k + 1]k)) Z Z Z Z Lk %

i1=1 ip—1=1 1941 ir=1

X P (np(k‘ + 1)|x}1(k‘ + 1]k), ...,xﬁ, Lxk )

) (39

(3.52)

QI }
.

«

where the likelihood on the right-hand side of the above equation can

be written as

p (np(k + 1) x}, (b + 1[k), ... x}, ..o x ) = N(0, S,(x] X L%k ,xfjl))
(3.53)

Here, j,, n # [ denotes the index of the n-th member of the set of

targets for which x/» falls in the cell which is occupied by the I-th

target.

Calculate the weight as

wi(k +1) = p (np(k + Dxi(k + 1]k))

end for

Normalize the particle weights as ﬁ;f(k: +1) = wj (k1)

Sty wl (k1)
Find the variance of particle weights as
1

- (3.54)
> (Wi(k + 1))2

oh(k+1) =

if oL,(k+ 1) < ¢ then
Do the resampling to multiply /suppress particles with high/low
wights. The resampling step can be described as

1
{4 0} = { - Hmernn} - 659)

p

with N(1 : N,) being a selection of N, indices from the set
{1,2,..,N,}. 85
end if
Report x}. (k + 1) as the estimated states and @}y (k + 1) as the
associated weight.
end for
end for
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where D¥s are defined as

. [ X (k—1)
= F _—VX(k_l) log p

(X (k)] X (k — 1))] (3.57
= B[V oap (X(R)IX(k — 1)] = (D™(k — 1))3.58
)

(k= 1)
(k—1)

D®(k—1) = D®(k—1)+J,(k
(k=1) = B[V} 0gp(X®)IX(k-1))]

Here, the expectation is taken over the target states. The state and parameter

vector of the [-th target can be defined as

X'(k) = [(x'(k))ady - - - oyl (3.61)

O (k) =[B1, - - - Byw aby - -yl (3.62)
The measurement information matrix J,(k) can be now written as

dlogp (Y (k)| X (k)) (dlogp (Y (k)| X(k))\'
k) = 1 | FELGN (B R ) | e

with the expectation being taken over received signals, and Y (k) being the
received signal vector defined as Y (k) = [(m1(k))* . .. (nun)*]". Given the
independence of signals generated in different transmitter-receiver pairs, the
FIM [6] due to the measurements can be written as .J, (k) = Zﬁ@f JE(k) with
the following form for JP(k):

JP(k) = QPO (3.64)

Here, Q = diag (Q',...,Q") and J?¥ denotes the FIM with respect to the

parameter vector of targets. The individual terms Q' can be written as

_ 00!
- 0X!

25 (3.65)
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The above term can be found as follows:

o o
8596111 : o oett Onmxnm
0 0 .. . 0
I _ opt oL
Q= 8By1l1 : o %;M ONMxNM (3.66)
0 0 L. . 0
I Onmxi Onmrxa - - . Innm |

The necessary derivatives can be also found as

03! 1

aﬁ;lm = -~ (cos(Gm) + cos(nn)) (3.67)
Wom L (i) + sin(n) (3.68)
ayl B Tbin " I .

with the following definitions for (,, and 7,:

!
— Y — Ytm
¢, = tan 1<W) (3.69)
tm
!
— Y — Yrn
., = tan ! 3.70
7 an <$l_xm) (3.70)

Substituting the above terms in (4.20), the system matrix can be fully deter-
mined.

Given the location of targets, ¢] is defined as the resolution cell assigned to
the [-th target in the p-th pair. Resolution cells can be divided into different
classes according to their distribution. Adjacent cells normally fall in the same
group. Now, assume N¢ as the total number of classes in the p-th pair. Also,
define I? = {i}, .., i?} as the indices of cells in the c-th class. The FIM can be

now written for the p-th pair as

NG
Tl =" Jp0e (k) (3.71)
c=1

It was shown in Section II that the received signal is Gaussian-distributed with

the covariance matrix provided by (3.10). The FIM for the [a, b]th element of
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a multivariate Gaussian distribution with zero mean and covariance Z; can be

obtained as [89]

2 ak) = 5T((5)"

NG v
56,00 5oy (k)

(3.72)

with Tr(.) being the trace, and ©,(k) being the a-th member of the parameter
vector O, (k). Substituting (3.72) in (3.71), the following form can be found
for FIM

) =3 35305 (T (s g ) ) @y 379

p=1 c=1

where (27 corresponds to the matrix € calculated for the c-th cluster in the
p-th pair. To find the derivatives given in (3.72) and (4.19), consider the c-th
cluster with L¢ targets. Assume that the I[-th target is located in the f([)-th
cell with f5(1 : Ly) as the set of all cells occupied by the Lj targets. The
occupied cells are numbered from 1 to N? 4+ 1 with N? being the number
of occupied cells. Note that N? < L¢. Given vj(l) as the index of the cell
corresponding to the [-th target, the derivative can be written based on (3.10)

as

oS5l _ (D% lkk; (i) € {up(1),vp(1) — 1} (3.74)
a0, 0 otherwise

with k; = 1if i = v5(1) and k; = 2 otherwise. Also, [DjX¢] is defined as the
derivative of the covariance matrix due to the [-th target with respect to the

ratio and scatter parameters. The derivative can be calculated as

(DLx¢] = 2 By 5=y (3.75)
T G- Ba2 (B, - Da?
2 _
(D! 5] =2 Bpow (1= Bu)Byoy (3.76)

(1= BBy (1= 5,)%,
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I[E5)i;
07

tive is then used to calculate the FIM.

The term

can be now computed for all values of 6. The resulting deriva-

The CRLB of target localization can be now obtained by taking the inverse
of the above FIM as CRLB = J;'. It was shown in [79] that the general form
of (3.56) can be simplified to

J(k) = (Du + Fo (J(k — 1)) )"+ J,(k) (3.77)

where I', and F, are the generalized motion covariance and the state dy-
namic matrix, respectively. In addition, I, = diag {I'"',...,I'*} and F, =
diag { !, ..., F¥'}. Here, F' and IV denote the motion matrices of the j-th
target. The PCRLB for the tracking accuracy can be now found by inverting
the FIM as J (k).

3.4 Numerical Results

Consider a MIMO system with three transmitters and three receivers (i.e.,
M =3, N = 3). Two targets are in the surveillance region. Antennas are
placed in the surveillance region symmetrically such that the location of each
antenna can be calculated as x; = [R cos(6;) Rsin(6;)]" with R and 6; being the
range and bearing of the i-th antenna, respectively. Note that transmitters and
receivers can be placed in any arbitrary configuration. Analytical approaches
for optimal antenna allocation in MIMO radars can be also found in [35] [51].
With R = 500 and 6y = {3, Figure 3.2 shows the geometry of antennas and
targets in the surveillance region. All results are obtained over 50 Monte Carlo

runs.

89



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

Table 3.5: Key Parameters of the Widely-separated MIMO Radar System
Variable | R, | Thin | Ns | 02 Je Umaz Prq
Value |10km |50 m | 128 | 1073 | 4 GHz | 15 m/s | 107*

3.4.1 Target Detection and Localization

Figure 3.3 shows ROC curve for two different SNRs for both MIMO and
multistatic radars. For a low SNR (SNR = 5dB), there is a significant gap
between the ROC curves of MIMO and multistatic radars. In addition, the
MIMO radar’s probability of detection converges much faster than that of the
multistatic radar. The performance gap for the MIMO radar is also tighter
than that of the multistatic radar for the scenario with SNR = 10dB. In
this case, both radars achieve a high probability of detection even at low false

alarm probabilities. The probability of detection versus different target SNRs
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Figure 3.2: The distribution of antennas and targets in the surveillance region.

for both MIMO and multistatic radar processing can be also found in Figure
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Figure 3.3: ROC of MIMO and multistatic radars at two different SNRs.

3.4. It can be observed that the MIMO radar outperforms the multistatic
radar, especially at low target SNRs.

A single-target scenario, where it is first assumed that the target is observ-
able in all pairs (i.e., target SNR is the same in all pairs), is now considered.
The proposed MH-based algorithm is applied on the data generated by both
MIMO and multistatic structures. The empirical probability of detection is
calculated for each structure by enumerating the number of scans in which an
estimate of the target location is obtained. Figure 3.4 presents the empirical
and optimal probability of detection for each structure. While the MIMO radar
detects the target with a probability close to the optimal one, the multistatic
radar provides poor results, especially at low SNRs. When the SNR increases,
the detection probabilities of both structures converge to the optimal value.
Now, the RMSE of estimation is calculated and presented in Figure 3.5 for
different target SNRs. Although the target is detected by the MIMO radar
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at SNRs less than 10dB, the multistaic radar fails to find an estimate of the
target at low SNRs. At higher SNRs, the RMSE of target estimation using the
MIMO radar is significantly reduced, and then approaches the CRLB bound
at medium SNRs. While MIMO radar shows lower RMSE compared to the
multistatic radar at medium SNRs, both structures achieve desired RMSEs at
higher SNRs. In summary, the performances of both MIMO and multistatic
radars are close to the CRLB at high SNRs. However, it can be observed that

MIMO radar outperforms the multistatic one at low SNR cases.
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Figure 3.4: Probability of detection versus target SNR for MIMO and multi-
static radars (Py, = 107%).

To see the effect of multiple-scatterer targets in the localization perfor-

No
MN

mance, we define the observability rate as with N, being the number of
observable pairs. The p-th pair is observable if P} > €. For this part, e = .01

is chosen. The RMSE of estimation is now found at two different SNRs (7dB
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Figure 3.5: RMSE of localization for different target SNRs.

and 10dB). Figure 3.6 shows the RMSE results for different percentages of ob-
servability. It can be seen that the MIMO radar outperforms the multistatic
radar at low percentages with, at least, 20% lower RMSE for SNR = 10dB.
With an increase in the percentage of observability, the RMSE values of both
structures become closer. Also, CRLB and RMSEs match when the target
becomes observable in more transmitter-receiver pairs. The other important
note on Figure 3.6 is that the gap in the localization RMSE becomes more sig-
nificant at lower SNRs. Indeed, for SN R = 7dB, MIMO achieves a 40% lower
RMSE than the multistatic radar at low observability percentages. Although
the gap is reduced at higher observability percentages, the rate of improve-
ment is still much slower than at SNR = 10dB. This experiment shows that
the effect of the number of observable pairs becomes more significant at lower

SNRs. In other words, MIMO radar provides superior RMSE results than the
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multistatic radar at low SNR and low percentages of observability.
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Figure 3.6: RMSE of target localization versus the percentage of observability
for two different SNRs.

In order to analyze the performance of the proposed algorithm in mul-
titarget localization, a two-target scenario is considered with the locations
being shown in Figure 3.2. Although the targets are well-separated in the
state space, they become closely-spaced in certain pairs of transmitters and
receivers. RMSE of target estimation using the MH-based algorithm is pro-
vided in Figure 3.7. At low SNRs (SN R = 6dB), the multistatic radar misses
both targets. Although the targets are successfully detected by both struc-
tures at medium SNRs, the MIMO radar yields 100% lower RMSE of position
estimation than the multistatic radar for the first target. The RMSE results
approach to each other when the SNR of targets is 10dB. In this case, RMSE

also reaches the CRLB. The other important note on the two-target scenario
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is that the RMSE does not reach the CRLB at the low SNRs. However, when
the SNR goes up, not only does the RMSE of targets approach the CRLB,
but also RMSE of both targets become closer. In other words, for the two-
target scenario, a significant improvement is observed in the performance of

the MH-based algorithm once the SNR is high enough.
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Figure 3.7: RMSE of target localization for the two-target scenario.

3.4.2 Target Tracking

Consider the two-target scenario with the initial locations being shown in
Figure 3.2. It is also assumed that the rate of observability is equal to 60%
for both targets. In order to evaluate the performance of the tracking algo-
rithm, the targets are assumed to become closely-spaced at subsequent time
steps. Trajectories of targets are generated in 50 scans. While targets are

well-separated initially, they approach each other in the subsequent scans. In
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this case, targets also fall in the same cells of all pairs in the period that they
become closely-spaced. Figure 3.8 presents the number of common cells occu-
pied by two targets in different scans. It can be observed that, initially, targets
are well-separated in most cells. However, in the subsequent scans, the number
of common cells increases. The tracking algorithm is now applied to the gen-
erated data in order to estimate the states of targets. The parameters of the
tracking algorithm and targets are presented in Table 3.5. Figure 3.9 presents
the actual and estimated trajectories of targets as well as the ellipsoidal un-
certainty regions. The graph confirms the capability of the tracking approach
in estimating the states of targets, even when targets become closely-spaced in
the sate space. The RMSE of target tracking is also depicted in Figure 3.10.
For performance evaluation, the PCRLB of tracking is also included in Figure
3.10. It can be seen that there is a jump in the RMSE of tracking during the
period when targets become closely-spaced. This jump is also observed in the
PCRLB of tracking.

Finally, the tracking scenario is re-constructed with only the trajectory of
the first target being shown in Figure 3.9. The particle-based algorithm is now
applied to the generated data with the same parameters given in Table 3.6.
Figure 3.11 shows the RMSE and PCRLB results for the single target case. It
can be observed that there is no jump in the RMSE of localization due to the
absence of the other target, which is also confirmed by the PCRLB.

Even though the above analysis was done for a MIMO radar, the same
simulations can be also obtained for a multistatic radar. Because the localiza-
tion performance of MIMO and multistatic radars has been already compared,
the same performance is also expected for the tracking. In addition, while the

tracking algorithm was applied to a simple two-target scenario, it can be also
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used for scenarios with any number of observable pairs and targets. Time-
varying number of targets and observable pairs can be handled within the
same work. This will require the handling of target birth/death an online

calculation of the variance of scatterers.

3.4.3 Computational Complexity vs. Performance

Given F' as the number of resolution cells, the computational complexity of
the initialization step of the MH-based algorithm applied to the MIMO radar
is of order O(F?). Once the hypotheses are initialized, the data association
step is of order O(F?). Therefore, the MIMO processing suffers from high
computational load when a large number of cells are considered. Unlike the
MIMO radar, the multistatic radar provides a more computationally efficient
solution, where the number of initial hypotheses determines the computational
complexity. The higher the threshold over the received signals, the more com-
putationally efficient the estimation algorithm. However, the accuracy of the
results is significantly affected when the threshold is increased. In other words,
there is a trade-off between the computational complexity and the accuracy of
estimation using a multistatic radar. It can be observed that a MIMO radar
provides higher probability of detection with more accurate estimation than
multistatic radars. In high SNR scenarios, it was shown that both multistatic
and MIMO radars provide satisfactory results. However, in low SNR scenarios,
multistatic radar achieves the same performance as the MIMO accomplishes
provided that a sufficiently-low threshold is applied on the received signals. In
this case, the computational complexity of multistatic radars will be the same
as that of MIMO radars because detections are declared in most resolution
cells. In high SNRs, the multistatic radar is preferred over the MIMO radar

due to computational considerations.
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Figure 3.8: The number of common (shared) cells in different scans for the
two-target scenario.

Table 3.6: Widely-separated MIMO Tracking Parameters

Variable | Value Description
N, 1000 # of particles
m/n 3/4 m/n logic
T, 1 Sampling time
NyvoMce 50 # of Monte Carlo runs
SNR 7dB Target SNR
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Figure 3.9: Estimated trajectories and the ellipsoidal uncertainty regions for
the two-target scenario.
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Figure 3.10: RMSE and PCRLB recursion of position estimations for the two-
target scenario.
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Figure 3.11: RMSE and PCRLB recursion of position estimations for the
single-target scenario.
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Chapter 4

Antenna Allocation For

Collocated MIMO Radars

4.1 Introduction

In this chapter, the antenna allocation problem is developed for collocated
MIMO radar systems. To the best of our knowledge, there is no comprehensive
work on the design and analysis of an optimal antenna placement framework
for collocated MIMO radars. The main contributions of this chapter are as

follows:

e A novel CRLB derivation for MIMO radars with collocated antennas:
Although the CRLB was derived in the literature for the collocated
MIMO radars, the effect of the range information was not considered
in the CRLB derivation. In addition, there is no compact CRLB deriva-
tion in terms of the location of antennas. In this chapter, the CRLB is
first derived for a collocated MIMO radar where both DOA and range

information are embedded in the signal model, and the impact of the
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situation in which multiple targets fall inside the same resolution cell is
also taken into consideration. Then, it will be shown how the location

of antennas affects the CRLB and the localization performance.

e A convex optimization approach for the single-target case:
It is shown that the antenna allocation problem can be dealt with by
optimizing the location CRLB. To do this, the cost function is defined
by applying suitable operators (e.g. determinant, trace, or maximum
eigenvalue) to the CRLB. When a single target is located inside the
resolution cell, the optimization algorithm is simplified to the well-known

SDP using the related convex relaxation techniques.

e An optimization algorithm for cases with multiple unresolved targets:
When multiple targets fall inside the same resolution cell, it is observed
that the cost function is not convex anymore. In this case, due to the
presence of sinusoid terms in each entry of the FIM, the cost function
cannot be also simplified into a convex form. Therefore, a sampling-
based approach is proposed where initial conditions of the optimization
algorithm are generated in a way that the algorithm moves towards the
global minimum. Simulation results also confirm the efficacy of the pro-
posed method in finding the optimum antenna allocation when multiple

targets lie in the same or consecutive resolution cells.

The rest of this chapter is organized as follows. Section 4.2 presents a
brief overview of MIMO radars with collocated antennas. CRLB is derived for
the MIMO system in Section . Section 4.4 deals with the antenna allocation
problem where the convex optimization framework for the single-target case
is also described. Simulation results that are the main part of this chapter are

given in section 4.5.

103



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

4.2 MIMO Radars with collocated Antennas

Consider an array of antennas with M transmitters and N receivers.

Definition 4.2.1 Define s;; = [vu yi| and s.; = [z, yr;|" as the location
of the i-th transmitter and the j-th receiver in a 2-dimensional surveillance

region, respectively.

Assumption 4.2.1 There are T targets available in the region where &, =
[z; y:]" denotes the location of the t-th target. Also, the reflection of each
target is modeled by a complex random variable oy = & + j¢; with & and ¢

being the real and imaginary parts of a, respectively.

Assumption 4.2.2 [t is assumed that the target’s reflection obeys a Swerling

type I model [75] where {& ~ N(&,02)} and {¢; ~ N ((;, 02)}.

Assumption 4.2.3 [t is assumed that the distance between each two antennas
1s much smaller than the distance of the array to each target. It is also assumed
that the arrays of transmitters and receivers are both collocated with the origin

as the center of the mass of the array.

Definition 4.2.2 Define h[k] = [hi[k] -+ hy[k]]" as the transmitted wave-

form in the k-th snapshot with K being the number of total snapshots.

4.2.1 Signal Model

Considering a collocated structure, resolution cells can be defined as a set
of cocentric circles where the radios of the c-th circle equals cry;,, with ry;,
denoting the resolution width. Figure 4.1 shows a simple configuration of
resolution cells as well as the antennas that are distributed uniformly. It is

observed that the target is located inside the c-th cell.
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Figure 4.1: A simple collocated MIMO radar with three transmitters and three
receivers. The target is located inside the c-th cell. The resolution cells are
shown as cocentric circles with cry;, being the radius of the c-th cell.

Assumption 4.2.4 [t is assumed that all T targets are distributed in C' con-
secutive cells (e.g. (¢*+1) to (¢*+ C) )where n. denotes the number of targets
available inside the c-th cell. Without loss of generality, it is assumed that

c=0.

Assumption 4.2.5 Transmitters send orthogonal signals with a diagonal cross-

correlation matriz being defined as
| K
=— Y hER K =D(P - Pyl 4.1
R R =D (A - Pl (11)
where P,, denotes the total transmitted power by the m-th antenna.

Definition 4.2.3 Defining r{ = ||af||2 as the Euclidean distance of the t-th

target in the c-th cell to the origin, the ratio parameter By is defined as follows:

ge = ¢4+ (1 — &) Thin, (42)

Tbin
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Now, given all assumptions, the received output of the matched filter in the

c-th resolution cell can be written as follows [43]:

= B e c=0

e B c=C +w (4.3)

. 1 1 .
by BL %+ 2o (1 — Be e otherwise

e

where w denotes a complex Gaussian noise with independent real and imagi-
nary parts being distributed as {®(w), S(w)} ~ N(0,02), and ¢¢ is the contri-
bution of the ¢t-th target in the signal received in the c-th cell, which is written
as ¢f = aj1p; with the following form for the unknown term in the right-hand

side of the equality [43]:
v = VEVEC(A{R?) (4.4)

Here, VEC(A) stands for the matrix vectorization operator, and A¢ denotes

the well-known steering matrix of the ¢-th target defined as follows [60]:

45 = bian)” (4.5)
2 — exp (-j%”[sin(e;) cos(Hf)]St> (4.6)
bt — exp (—j%”[sm(eg) cos(@f)]Sr) (4.7)

where ) is the wavelength, 65 denotes the DOA of the ¢-th target with respect

to the origin, and the matrices S; and S, are defined as

Sy = [Stl StM] (4-8)
Sr = [Srl STN] (49)

Definition 4.2.4 Given the vector of the output of the matched-filter as n =

i - nEl™, define p = [R(m) S(m) - R(ne) Sne)]'-
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Now, the mean received output of the matched filter is defined as p = [R(71) S(72) - -+ R(7¢) (7))’
The unknown terms R(7.) and (7.) can be found by calculating R(¢$) and

() as follows and then replacing in (4.3), respectively:
R(Pp) = &R — GSWY)
S(ef) =GR+ (WD) (4.10)

where the unknown terms in the right-hand side of the above equation can be

written as follows:

R) = VR eos () eost0150 5., 1))

() = VEsin (?[sinws) cos(B]0Si, 5. R)) (411)
with 2 being defined as

(S, 50 R) = (o © S, — S0 Ly) (RE© L) (412)

where ® is the Kronicker product, and 1,4 stands for a a x b matrix with all
entries equal to one.

Given the signal model in (4.3) and the mean output of the matched-filter
in (4.10), the following proposition provides the distribution of the output of
the matched-filter [43]:

Proposition 4.2.1 In a scenario with T targets located in C' neighboring cells,
the output of the matched-filter received by a collocated MIMO radar with M

transmitters and N receivers (e.g. p) is Gaussian distributed with mean p and
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covariance Y defined as follows:

Y11 212 O e 0
Yor 299 O e 0
Y= 0 o . e 0 (4.13)
0 0 - Xce-ye-1y Xe-1)c
0 0 - Y-y Yoo

with the following definitions for Xe. and Ye—y) terms:
(
Kol (32 (1=8)+o0)oun  ¢=0
Kol (3206 (BE) + 02) Taun c=C
Koy (300, (Bf,)*+ otherwize

\ i (L= B5)* +oo) amn

See-1) = Koo > (1= )8 laun (4.14)

4.3 Cramer-Rao Lower Bound

CRLB provides the best Minimum Mean Squared Error (MMSE) bound
for any unbiased estimator [6]. The CRLB provides a good offline metric to
evaluate the performance of every unbiased estimator. In this section, the
CRLB is derived for a collocated MIMO radar. It is shown that the CRLB is
a function of the mutual distances between any two antennas. Also, a scenario
is considered with 7' targets distributed in C' consecutive cells where different

number of targets might be located inside each cell.

Definition 4.3.1 For the t-th target located in the c-th resolution cell, define

the state and parameter vector X;{ and OF, respectively, as follows:
Xe = [y & QY (4.15)
o; = [0 67 & ) (4.16)
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The CRLB is the inverse of the well-known FIM defined as follows [6]:

Definition 4.3.2 Assuming y as the received noisy measurements and 6 as

the parameters of the measurement model, define the following matrix operator:

dlog p(yl0) [dlogp(y0)\'
v < D! )] (4.17)

Jog = By {

Refer to the definition of p and its distribution provided by Proposition 4.2.1

and define the stacked state and parameter vector of all targets as X =
() - (X)) (X - (X ] and© = [(©]) --- (8},) (8}) --- (85,)]',
respectively. In this case, the FIM can be shown by Jxx/. The defined FIM

can be now written in the following form:

5‘logap)((p|X) <8logaz;((p|X))'}

Jxx = E, l (4.18)

Using the chain-rule for partial derivatives, the above FIM can be more sim-

plified to the following form [43]:
Jix = TJoo T (4.19)

Here, T" is called the system matrix and is written as

Y Opa oo Ouxa
0 .. 0
I B (4.20)
i Ogsca o+ Oaxa ’ch |

with O4x4 as a 4 X 4 zero-matrix, and individual v; terms being defined as

[ o0;  op; ]
s g 00
20c 98¢
=t L0 0
Ne= | % % (4.21)
0 0 10
0 0 01
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where the unknown partial derivatives can be derived by using the definition
of the ratio in (4.2) and the following equation for the target DOA:
6° = tan™! <y—t) (4.22)
Ty
Now, the FIM derivation comes to finding the unknown term Jgeo: in (4.19).

The new Jgeo can be broken into the following sub-matrices:

J(@l)(@l)/ J(@l)(@2)/ 0 0 . 0
Jenery Jeney Jeery 0 a 0
0 Jenery Jenery  Jeney a 0
J®®/ = . . . . .
0 0 e J(@Cfl)(@C—Z)/ J(@Cfl)(gcfl)/ J(ecfl)(@C)/
L 0 0 e 0 J(@C)(@C—l)/ J(@C)(@C)/ ]
(4.23)

Here, ©°¢ denotes a 4 x n. vector formed by stacking the parameters of those
targets falling inside the c-th cell. The following equation can be written for
o

0° = [(65) - (65)) (4.24)

Each individual entry in (4.23) can be also written as follows:

Jomezy 0 Jepye,y
Joe)(@c2)y = : : ;
Jes ez, T e ez,
c1 €{cy, 0+ 1} (4.25)

110



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

Finally, each entry of the FIM in (4.25) can be simplified into the following

form:
Jocroz  Jozpz ez e

m m

J €1 nc2 J C1 Q€2 J C1 £€2 J Cc1 €2
Jenez Jepr Jener Jenes

Jeerger g Jegr Jeg

Note that the matrix given by (4.26) is a 4 x 4 FIM sub-matrix that includes
the information correlation between the parameters of the n-th target in the
c1-th cell and the m-th target in the co-th cell. Before presenting the alge-
braic expressions for each entry of the FIM given in (4.26), the following new

notations are defined:

Definition 4.3.3 Assuming the n-th target located in the ci-th cell, define the

following new notations:

Wi (i) = 27” sin(62) cos(6)] Q1) (4.27)
Pyl = [eos(6;) —sin(d;")] (4.28)
B = [(1-p52) B (4.29)

where Q(:, 1) denotes the l-th column of matriz 2 with Q(Sy, S,, R) being written
as ) for the sake of brevity.

Definition 4.3.4 For each two targets falling inside cells ¢; and co, respec-

tively, the following notations are defined:

Ko, = ERER 4 (e (4.30)
e = GG = e (4.31)

The covariance matrix 3 found in (4.13) can be now rewritten for cells {¢; —

1,¢1,¢0} with ¢ € {cg,c2 — 1}. Using the general form given by (4.13) and
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expressions provided by (4.14), the new covariance matrix can be written as

C1 C4 0
Yi=1| ¢y 3 c5 | ©lun (4.32)

0 Cs C3

where ¢; terms are found using (4.14). Similarly, the new notation p, is defined

ﬁ* = [%(ﬁm—l) %(7—701—1) %(ﬁm) %(T_]m) §R(ﬁcz) %(T_]CZ)], (433)

Now, it is straightforward to show that the inverse of X, can be written in the
following form:
ki kg ks
S0 = ka ke ke | © Dun (4.34)
ks ke ks
The following proposition provides algebraic expressions for each entry of the

FIM in (4.26):

Proposition 4.3.1 Assume a scenario with T' targets falling inside C' consec-

utive resolution cells. Each entry of the FIM defined by (4.26) can be calculated
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as follows:
2
MN
S QUL B (R cos(wz(1) — Wit (1) + I, sin(ws? (l)—wff(l)))] x
=1
X Cgcle’fg (435)
‘]Bil o szn [Z '%clcz COS szl(l)) _I—Lclcg SIII(CU (l) _wrczl(l)) Cﬁzlﬁf,% +
+ F(5..5%) (4.36)
Jeorgen = JC;-IC%:K[Zcos(wgl(o—w:g(m Coergea (4.37)
K on [ X
Tgagz = poy [Z(pﬁf)’ﬁ(:,l){ffmcos(w (1) = W (1) + o sin(wg2 () — ()|
(2 1=1
X Cgcl 502 (438)
2T [N . -
e = K5 Z@f;)'ﬂ(:,w{—czlcoswzs(o—w;1<1>>+5zlsin<wss<1>—wf;a»}] x
Li=1
X Cgcle’fg (439)
2T [N ~ .
e = K5 | S006.0) {gzlcosw;s(w—w;1<1>>+<zlsm<wzi<1>—wf;a»}] x
Li=1
X Cgcle’fg (440)
K [My o B 7
Tsez = 7 | DA€ cos(wil) —wi() + G sin(w2() — W ()} | Crag (4.41)
mmn _l:1 1
K ~C1 c2 c1 CCl o2 c2 C1 -
o1z = - Z{gn cos(w2(l) —wit (1)) — &t sin(w2 (1) — wit (1) }] Caergea (4.42)
MN ]
Jeage = K| sin(wi (1) — w2 (1) | Cyerges (4.43)
I=1

with F(BS, BS2) being a known function of ratios, and the following expres-

sion being given for unknown coefficients in the right-hand side of the above
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equations:

oy o] st o By ev=e -1

Cele 9:7% = v o / (4 . 44)
[0 (ﬁﬁl)/] ot [O (523)'} otherwise
c [110]270[0 —11] e1=c—1 (4.45)
S — )
e 0 —11]%710 —11)  otherwise
aC €1 pc2 80 c1 pc2
Coga g a%fgma Cherger = 895";’" (4.46)

Proof See Appendix 6.2.

Note that the above proposition can be used to find the FIM for every tuple
{65,022} where 1 < {cj,ce} < Cand 1 <n <mn, and 1 <m < n,.. The
calculated FIMs in (4.26) are then inserted in (4.25) and (4.23), respectively,
to obtain Jgg'. The CRLB is finally found by inverting the FIM as

Cxx = (I CooT™ (4.47)

with Ceg = (J@@/)_l.

4.4 Optimal Antenna Allocation

It can be shown that the localization performance of the collocated MIMO
radar is affected by the distribution of antennas in the surveillance region. Con-
sider a scenario with two antennas (N = 2, M = 2), where each antenna can
both transmit and receive signals. We take a single target scenario into consid-
eration with parameters [30° .33 1 1), which is located in {r, 08} = [825m 30°".
The variance of DOA estimates (Cy2) is now shown in Figure 4.2 in terms of
different inter-antenna distances for the designed scenario. It can be observed

that the geometry of sensors (inter-sensor distances) affects the performance
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Figure 4.2: The variance of the DOA estimation for different inter-sensor dis-
tances. The designed scenario includes a single-emitter and a collocated MIMO
radar with two transmitters and two receivers.

bound of DOA estimation, where the estimation variance at the minimum
point is 33% lower than the maximum variance. Unfortunately, the graphi-
cal tool cannot be developed for cases with more antennas. Therefore, this
section concerns with designing a systematic algorithm for the antenna alloca-
tion problem in collocated MIMO radars. First, the case with a single target
available in the surveillance region is considered. It is shown that considering
suitable geometric constraints, the antenna allocation problem can be formu-
lated as a well-known SDP procedure [13]. Then, the problem is extended
to the case with multiple targets available in the same or consecutive reso-
lution cells. It is shown that the derived cost function is non-convex and a
sampling-based approach is proposed to capture the global minimum of the

cost function.
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4.4.1 Single Target Case

When a single target is placed in an arbitrary resolution cell, all cos(.)
and sin(.) terms in the individual entries of the FIM defined by (4.26) vanish.
Let us assume © = [90 B & EC}/ as the parameter vector of the single target
fallen in the c-th cell. Using the results given in Proposition 4.3.1, it can be
observed that only terms Jyc,c are a function of the antenna locations where
ve € {6°,5°€° (Y. On the other hand, according to the definition of the
matrix €2 in (4.12), it can be shown that:

%9(;, ) =0 (4.48)

It can be observed that only the term Jiy)2 can be considered as a function of

the antenna locations.

Definition 4.4.1 Define the difference between the m-th transmitter and the
n-th receiver as follows:

ASnm = Stm — Srn (449)

Corollary 4.4.1 In a collocated MIMO radar with M transmitters and N
receiers, where a single target is located in the c-th resolution cell, the FIM is
a function of inter-antenna differences. In addition, all entries of the FIM are
independent of the inter-sensor differences except Jigey2, which is also a convex

function of the unknown differences.

Proof It was shown that only .Jige)2 is a function of the sensor locations. Now,
it is demonstrated that it is a convex function of the parameters (difference
vectors). Using the algebraic terms given by Proposition 4.3.1, the entry Jge)2
can be simplified into the following form:

27T ? c - c\/ c
Joey = K (7) |2 [Z(p )Q:, DY, DP° | Cloepe (4.50)

=1

116



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

Consider the definition of €2 in (4.12). It can be then observed that (:,1)
is a linear function of the corresponding difference vector As,,,. It is also
known that Jiey is a convex function of Q(:, 1) terms due to the appearance
of quadratic terms in (4.50) [13]. Therefore, Jisey2 is also a convex function of

the difference vectors.

The antenna allocation problem can be now dealt with by minimizing the trace
of CRLB, maximizing the determinant of FIM, or minimizing the maximum
eigenvalue of CRLB [60]. The following lemma proposes the convex optimiza-
tion formulation for the antenna allocation problem in a collocated MIMO

radar system where a single-target scenario is considered:

Lemma 4.4.1 Consider a collocated MIMO radar with M transmitters and
N recewers. In addition, assume that there is a single target located in the c-th
resolution cell. Then, a convex optimization algorithm that finds an optimal

placement of antennas is given as follows:

maX{Asll,“-,Asnm} J(QC)Q (451)

Proof The optimization problem can be formulated as minimizing the deter-
minant of the CRLB, which is equivalent to maximizing |Jxx/|. In addition,
the system matrix I' defined in (4.20) is independent of the location of the
antennas. Therefore, the final goal is to maximize |Jgc(gey|. Now, the FIM in

(4.26) can be written in the following new form:

J(QC)Z b/

where b and B are the blocked vector and matrix formed by remaining entries

of Joege in (4.26), respectively. The determinant term can be written as
|J@c@c| - ‘BHJ(Q(:)Z - b/Bb| (453)
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It is known that both B and b are independent of the antenna placement.
Therefore, the determinant maximization can be achieved by maximizing Jgey2
with respect to 2. However, it is also known that €2 is a linear function of As,,,,
terms. The optimization problem can be finally simplified to maximizing Je)2

with respect to As,,, terms, which is the final form given in (4.51).

The final optimization problem can be now constructed by imposing the fol-
lowing constraints on the inter-antenna distances:

The inter-antenna distance:
In practice, antennas need to be well-separated enough to ensure maintenance
and safety considerations. In addition, the inter-antenna distance should be
small enough to have the far-field assumption still valid. Based on the given

targets, the following constraints can be considered:

>
ASmlle < emm,Vm=1,...M, n=1,.,N (4.55)

where e,,, and d,,, are design parameters.

The center of the mass constraint:
It was mentioned in Assumption 4.2.3 that the center of the mass of the array
is located in the origin. Therefore, the following new constraints are formed

on the location of antennas:

M N
Z Stm + Z Srn = (456)
m=1 n=1

Note that the FIM is a function of inter-antenna distances and therefore, a
set of optimal difference vectors might correspond to an infinite number of
sensor locations. The constraint given by (4.56) ensures that the mass center
of the obtained geometry is in the origin. The uniqueness of optimal solution

is further discussed in this section.
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Considering the above defined constraints, the new optimization problem

can be written as follows:

maX{Asllv"' 7As7l77l} Z%:l Zfl\[:l (pc)/ASnmAS;mec

||Asnm||2 S €nm

Z%:lstm_‘_zgzlsrnzo,vm:{]_’-.. ’M}’n:{l’... ’N}
(4.57)

In writing the above equation, it is assumed that the transmitted powers are all
the same and unitary (P, = P, = --- = Pyy = 1). The optimization problem
given by (4.57) is not in a convex form and therefore cannot be solved using

the standard approaches. The following theorem reformulates the optimization

problem in (4.57) as a SDP:

Theorem 4.4.1 Consider a single-target scenario with a collocated MIMO
radar being used as the measurement tool. Defining T* = {T11,- -+, Tpm}, S* =
{811, ,8n}, and t = [t1y -+ tun], the optimal placement of transmitters
and receivers that maximizes the determinant of FIM is found by solving the

following SDP optimization problem:

M N
ma’XT*7S*7t Zm:l Zn:l tnm
M N
S.T. Zm:l Stm T Zn:l S =10
_I2><2 Stm — Srn I2><2 Stm — Srn
=0, =0
/ / 2 / / 2
Stm — Srn —Cam Stm — Srn dnm
/ /
1 Stm — Srn

<0, Vm={1,--- ,M},n={1,---,N}

Stm — Srn Tnm

with P = p°(p°)’, and < as the generalized inequality operator.
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Proof See Appendix 6.3.

The above optimization problem can be now efficiently solved using standard

packages [44].

Remark 4.4.1 The optimization problem in (4.57) proves dependency on the
parameters of the target through the matriz P. The following proposition shows

how the optimal structure is affected by changing the DOA of the target:

Proposition 4.4.1 Consider a single-target scenario with a collocated MIMO
radar being used as the measurement tool. Defining 61 and 0 as two different
DOAs and {52, 521}, {S9% 5%} as the assigned optimal antenna allocations,

respectively, the following equations are valid:

8231 = GAQS;)#L (458)
s?i = GA@S?}L\V/m:{l,'--,M},?’L:{]_,-'-,N} (459)

with AO = 0y — 01 and Gag as the rotation matriz defined as follows:

cos(Af) —sin(A0)
Gag = (4.60)
sin(Af)  cos(A6)

Proof See Appendix 6.4.

Remark 4.4.2 The SDP formulation given by Theorem 1 does not provide
any information regarding the uniqueness of the optimal solutions for the loca-
tion of antennas. The uniqueness of solutions is now discussed in the following

PTroposition.

Proposition 4.4.2 Consider a single-target scenario with a collocated MIMO
radar being used as the measurement tool. Then, there are at least two solu-

tions for the optimization problem in (4.57) as {S¢*, S} and {S9?,S%%}. In
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addition, each optimal configuration can be obtained from the second one by a

simple rotation as follows:

81?12 Gﬂsgz?’ 1= {17 7M} (461)

s2 = Gusi, j=A{1,--- N} (4.62)
where G is a rotation matriz with m as the angle of rotation.

Proof See Appendiz 6.5.

4.4.2 Multiple Target Case

When multiple targets fall inside the same resolution cell (or consecutive

cells), the individual entries of the FIM in (4.26) are no longer convex.

Proposition 4.4.3 Consider a collocated MIMO radar system with M trans-
mitters and N receivers with dym < ||Aspm|| < €wm, YV m ={1,--- M}, n=
{1,--- ,N}. Also, assume a scenario with two targets fallen in the c-th res-
olution cell with parameters ©f and O3, respectively. Then, the term (wS(:

) —ws(:, 1)) falls in the following interval:

nm\/Q —cos(05 —05)) < wi(:,)—ws(:,1 enm\/Q — cos(05 — 65))
(4.63)
with 1 ={1,---, MNY}.

The above proposition states that the more separated the DOA of targets,
the wider the difference (w$(:,1) — w$(:,1)). For example, defining Aw as the
difference between the upper and lower bounds of (w{(:,1) —w$(:, 1)) in (4.63),
Figure 4.3 shows how Aw changes by varying the difference between the DOA
of targets. It is observed that when the targets are well-separated in the DOA

space, the difference between the maximum and minimum bound is significant.
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This also highlights the contribution of the sinusoid terms in each entry of
the FIM, which might result in several local optimum points. On the other
hand, the convex relaxation approach used for the single target case cannot
be applied to the cost function derived for the case with multiple targets in
the same cell. The above problems make the optimization problem nonconvex
when there are more than one target inside each resolution cell (consecutive
cells).

To handle the above problem, the optimization algorithm for different ini-
tial locations of the antennas is run. However, a large number of initial points
are required to capture the nonconvexity of the cost function. The sampling
approach is now proposed in Algorithm 2. In the proposed algorithm, @) de-
notes the covariance of the normal density function that is used to generate
new initial points. While the covariance matrix is chosen experimentally, a
small variance might get the algorithm to be trapped in the local optimum
point. Therefore, an intelligent choice of the covariance matrix can enhance
the efficiency of the algorithm. The main idea behind the proposed approach
is to, first, find an estimate of the optimal antenna location, which might be a
local solution. Then, initial points are generated based on the obtained opti-
mal location. The samples are generated until the algorithm reaches the global
optimum point and therefore, no new location is found with the assigned cost
lower than the previous step. Note that this algorithm does not always guar-
antee that the optimization algorithm captures the global solution. However,
as it is shown in the simulations, it is observed that regardless of the initial
selection of the antenna location, the algorithm always converges to a unique

solution.

Remark 4.4.3 The procedure given in Algorithm 2 is terminated when the
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Figure 4.3: Variation of the sinusoid argument by changing the difference
between the DOA of targets.

cost function is not reduced in more than p iterations where the parameter
1 is empirically chosen. If the algorithm finds the global solution of the cost
function, randomly-generated initial conditions around the optimal point does
not give a lower cost and, therefore, the algorithm does not advance in the
subsequent iterations. In this case, the procedure is stopped after p unsuccessful

trials.

4.5 Simulation Results

In this section, it is studied how the optimal allocation of antennas in the
surveillance region affects the localization performance of the MIMO radar
system. To do this, a collocated MIMO radar is first designed with the param-
eters being shown in Table 4.7. In the following subsections, the performance
of the optimization algorithm is first studied for a single target scenario. Then,
the simulations results will be provided for a scenario with multiple targets

occupying the same resolution cell.
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Algorithm 2 The Optimization Algorithm For the Case With Multiple Tar-
gets In the Same Resolution Cell

Initialization: Generate an initial location of antennas as s? .sY with

tm> ®rn
m=A{1l,--- , M} andn={1,--- ,N}.
Optimization: Find an optimal distribution of antennas by minimizing the
following cost function:

MiNg,, ... s,y T(Cxx)
S.T. [ASum|| = dpm
|[ASnm|| < €nm
S Stm At Yomy S =0, Vm={L,--- M}, n={1--- N}
(4.64)
Optimal Cost: Initialize s{,, and s?, and calculate the assigned cost as
C° = T(CXX’)S?17~~~7sgN'
Sampling: While v < U or NA < u:

e Sample 8§~ N(s?,,Q) and s?, ~ N(s?,,Q) with m = {1,--- , M}
and n={1,--- N}

e Run the optimization algorithm and find the new distribution of an-
tennas sy, , sr, and associated cost C*.

e if & <1 then
Sy, =S, So, =sr, withm ={1,--- ,M}and n={1,--- ,N}.

™m

Co =C*.
NA=0.
e else
NA=NA+1.
e end if

Report s, and s?,, as the optimal distribution of antennas.
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Table 4.7: Simulation Parameters For the Antenna Allocation in a Collocated
MIMO Radar

Parameter Description Value
Tmax Maximum coverage range of transmitters | 5(km)
Thin Range width 30(m)

A Wave-length 30(cm)
K Number of snapshots 128
o2 Variance of the scatterers 10~*
o2 Variance of the additive noise 1
P, Transmitted power 1 (w)

4.5.1 A Single-target Scenario

Initially, consider a single target being located at [410 — 710)'(m). The

parameters of the target are also chosen to be as follows:

o= [—g 3333 (4.65)

In the first experiment, assume that there are M antennas available where each
antenna can both transmit and receive signals. Two antenna configurations
are considered in this part. First, the Uniform-Linear-Array (ULA) structure
is taken where the distance between each two antennas is % The second config-
uration is the optimal geometry found by the optimization algorithm proposed
in this paper. For simulations, it is assumed that d,,, = \, €, = 2A V{m, n}.
The optimization algorithm is now implemented and the optimal configura-
tion of antennas is shown in Figure 4.4 for different number of antennas. In
addition, Figure 4.5 presents the CRLB of localization for the optimal and the
ULA structure separately. It can be observed that the CRLB of the optimal
configuration is much lower than that of the ULA structure. The improve-
ment becomes more significant when the number of antennas is smaller. For
example, for the case with M = 2 antennas, the CRLB of the optimal struc-

ture is around 6 times lower than that of the ULA configuration while the

125



Ph.D. Thesis - A. Gorji McMaster - Electrical & Computer Engineering

0.4 0.4

N A2 ]
0.2 0.2 A
E o E
> >
0.2 0.2 A
4 A
-0.4 -0.4
-0.2 -0.1 0 0.1 0.2 -0.4 -0.2 0 0.2 0.4
X (m) X (m)
0.4 ~ 0.4 ~
M=N=6 M=N=8
A _ A
0.2 0.2
— — yAN A
§, 0 /A é 0 A
> A A >
-0.2 -0.2 A /\
VAN A
-04 -0.4
-0.4 -0.2 0 0.2 0.4 -0.4 -0.2 0 0.2 0.4
X (m) X (m)

Figure 4.4: The obtained optimal configuration of antennas for a single-target
case. The optimal configuration is found for different number of antennas
where each antenna can both transmit and receive signals.

improvement decays to 2 times lower at M = 5 antennas. When the number
of antennas increases, the gap between the optimal and ULA CRLB becomes
tighter because the Signal-to-Noise Ratio (SNR) is large enough to make up
the poor geometry of antennas.

Furthermore, in order to study how the DOA of the target affects the
optimal configuration of antennas, consider the above-designed scenario with
M = 4 antennas. While the target is still assumed to fall in the same cell
defined in the above experiment, its DOA varies in the interval [5F, 7]. The
optimization algorithm is now implemented to find the optimal configuration
of antennas. Figure 4.6 shows the results for four different target DOAs. The
results shown in Figure 4.6 imply that the optimal configuration with ; as
the DOA can be obtained from the optimal structure with 6, by rotating the

geometry (A — 01)(Rad) around the mass center, which confirms proposition
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Figure 4.5: Localization CRLB for the ULA configuration and the optimal
structure. The CRLB is found for a single-target scenario and different number
of antennas.

4.4.1.

It is also beneficial to study the performance of the localization algorithm
with the designed optimal configuration. To do this, assume M = 3 is fixed
as the number of antennas. Besides the optimal and ULA configurations, a
random antenna allocation is also used for the test where the antennas are
randomly distributed in the underlying surveillance region. The localization
Root-Mean-Squared-Error (RMSE) is now calculated at different target SNRs
where all results are obtained after 100 Monte Carlo simulations. Figure 4.7
presents the resulting RMSE for each of the above-represented configurations.
It is observed that the optimal configuration achieves the lowest RMSE while
the ULA provides the worst results. The random allocation also gives an
RMSE between the optimal and ULA configurations although other random
distributions of antennas may provide higher RMSE results.

In the last experiment, simulation results were provided for a scenario in
which each antenna can either transmit or receive signals. Consider a single-

target scenario with §° = —Z(Rad) as the DOA. The optimal structure is
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now found for two cases with M = N = 2 and M = N = 6 antennas.
Figure 4.8 presents the obtained optimal structures where, for each case, the
results are given for scenarios with the same and separate transmitters and
receivers, respectively. It can be observed that the optimal structure obtained
for each case (e.g. the same and separate transmitters and receivers) is the
same with transmitters and receivers being clustered in a way that the mutual
distances between the same-type antennas (e.g. transmitter or receiver) is
minimized. To test this hypothesis, assume that 6 antennas are available and
there are two scenarios with M = 4 and M = 3 as the number of transmitters
at each scenario. The optimal structure is now found for each scenario and
the final results are shown in Figure 4.9. It can be observed that the same
optimal structure is obtained for both cases with antennas being clustered
based on the mutual distances between the antennas with the same type.
Note that although the obtained optimal structures in Figure 4.9 are similar,
the optimum cost function might be different based on the number of signal
paths (M x N). For example, for the configurations given in Figure 4.9, the
optimum cost is calculated to be .7545 and .6393 for M = 4 (M x N = 8)
and M =3 (M x N =9) antennas, respectively. The obtained optimum cost
values also confirm the fact that the more the diversity gain, the lower the

achieved optimum cost.

4.5.2 Multiple Target Case

In this subsection, the optimization algorithm is applied to a scenario with

more than one target being located in the same resolution cell. Let us assume
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Figure 4.6: The obtained optimal configuration of antennas for a single-target
case, and for four different target DOAs.
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Figure 4.7: Location RMSE for different target SNRs and for the MIMO radar
with M = 3 antennas. The RMSE results are obtained for three different
structures (ULA, optimal, and randomly-distributed configurations).
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Figure 4.8: The obtained optimal configuration of antennas for a single-target
The optimal configuration is found for different number of antennas

case.

where each antenna can either transmit or receive signals.
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Figure 4.9: The obtained optimal antenna configuration for the single-target
scenario when M + N = 6 antennas are available. The optimal structure
is found for two cases with M = 4 and M = 3 antennas as the number of
transmitters.
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there are two targets falling in the same cell with the following parameters:
o; T 3333]
P =[5 9

0 = [+g 66 33]' (4.66)

Based on the results in Figure 4.3, it is now evident that the effect of sinusoid
terms in the cost function cannot be ignored due to the large value for A6.
First, the optimization framework given by Algorithm 2 is applied to the two-
target scenario with different initial conditions. Figure 4.10 shows the obtained
cost values at different iterations of the algorithm and for different initial
conditions. It is observed that the algorithm captures the global minimum
after a number of iterations. While each initial condition leads to a different
cost value, the sampling approach finally finds the structure corresponding to
the global minimum. Note that without the sampling procedure, each initial
condition leads to a different optimal cost as shown in Figure 4.11. However,
when the sampling approach is used, regardless of the initial condition, the
same optimal cost is finally obtained.

Now, the impact of the angular separation between the targets in the per-
formance of the optimization algorithm is studied. The optimal structure is
found for different values of Af = 65— 6{. The optimal configurations are now
depicted in Figure 4.12 for four different values of Af. It is observed that when
A6 — 0, the obtained structure resembles the one given in Figure 4.4 for the
scenario with M = 4 antennas. Nevertheless, for other values of Af, a new
structure is obtained whose geometry depends on the distribution of targets in
the resolution cell. Figure 4.13 also presents the cost function (e.g. the trace
of the location CRLB) for different values of Af where the results are obtained
for both optimal and ULA configurations. The graph states that the closer

the targets, the poorer the performance. For example, the cost at Af = 75 is
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Figure 4.10: The obtained cost for 10 different initial antenna locations. The
simulations are done for a two-target scenario fallen in the same resolution
cell.
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Figure 4.11: The optimal cost for 10 different initial antenna locations without
using the sampling-based approach.
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100% more than the one at A = Z when the optimal structure is taken. In
addition, Figure 4.13 confirms the superiority of the optimal structure to the
ULA. The rate of the improvement also increases when targets become closer,
with 10 times lower cost at A = {75 compared to 5-time lower cost achieved
at A = 2. The obtained results in Figures 4.4 and 4.13 imply that although
the optimization algorithm can be implemented more efficiently when the an-
gular separation between two targets becomes tighter, the performance of the
localization is degraded once the target becomes closer. In other words, there
is a trade-off between the quality of the localization and the efficiency of the
optimization algorithm. Smaller values of A makes the FIM entries in (4.26)
less dependent on the sinusoid terms.

The performance of the optimization algorithm can be also evaluated for a
scenario with more than two targets fallen inside the same resolution cell. It is
known that there is a bound on the maximum number of targets that can be
uniquely detected in the same resolution cell [59]. Assume different number
of targets are placed in the c-th resolution cell with the same SNR being
assigned to each target. Also, consider the MIMO structure with M = N =4
antennas where each antenna can both transmit and receive signals. We find
the optimal structure for each case with a different number of targets inside
the same resolution cell. For the comparison, the localization algorithm is also
applied to the obtained structures and the location RMSE is calculated by
taking an average of individual estimates in 100 Monte Carlo runs. The RMSE
results as well as the location CRLB are now depicted in Figure 4.14 where the
graphs for the case with the ULA MIMO structure are also included. While
the localization performance degrades by increasing the number of targets,
the optimal structure always shows the lower RMSE compared to the ULA

configuration. In addition, when more targets fall inside the same resolution
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Figure 4.12: The optimal antenna configuration for the two-target scenario.
The optimal structure is found for different values of A6.

cell, the difference between the obtained RMSE of the ULA structure and that

of the optimal configuration becomes higher. For example, for the scenario

with 7" = 2 unresolved targets, the optimal RMSE is 53% lower than the RMSE

obtained by the ULA structure. Nevertheless, the gap widens to 123% when 5

targets occupy the same resolution cell. Although the distribution of targets

in the cell also affects the localization performance [43], this experiment shows

the superiority of the optimal structure compared to the ULA configuration,

specially, when more targets are placed in the same resolution cell.
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10°

T
= ¥ = The Optimal Structure
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25

Figure 4.13: The calculated cost for the two-target scenario. The cost was
calculated for different values of Af and scenarios with the optimal and ULA
structure.
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Figure 4.14: Location RMSE and CRLB for both optimal and ULA structures.
The results are obtained for scenarios with different number of targets being
located inside the same resolution cell.
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Chapter 5

Conclusions

This thesis dealt with a number of challenging topics in the new emerg-
ing MIMO radar structures. Two well-known collocated and widely-separated
MIMO radar systems were first presented. Signal models were derived for each
structure and the advantages and disadvantages of each configuration com-
pared to the traditional phased-array and multistatic radars were described.

It was observed that the traditional signal models for collocated MIMO
radars suffer from the lack of observability. Therefore, a new signal model
was proposed to incorporate range information in the received data in order
to maintain the observability of the signal model and providing an estimate
of range for targets of interest. Then, a localization algorithm was developed
for the new model to estimate the number and parameters of targets. To do
this, an MDL criterion was employed to find the correct number of targets
inside each cell. Afterwards, the likelihood function was derived for the new
model and an ML method was applied to estimate the states of targets. The
parameter identifiability problem was also defined as the maximum number
of unique targets that can be detected in one cell. The maximum bound for

localization was derived and it was shown that, even, with the number below
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the bound localization results may not be satisfactory due to the poor geometry
of targets. Therefore, a multiple hypothesis based tracking method using the
UKF algorithm in the filtering stage was formulated to deal with the limitation
on the maximum number of uniquely detectable targets. Simulations showed
that localization RMSE is affected by the geometry and number of targets
located in the same cell. For comparison, simulations were done using the
new signal-level tracking method and the localization-level algorithm using
localization results as the measurements. Results showed the superiority of the
signal-level tracking over the localization-level method even when the number
of targets in the cell is below the maximum bound. Also, the the signal-
level method is much more computationally efficient than the localization-
level tracking method is. Finally, the new method was applied to a scenario in
which the number of targets in one cell exceeds the maximum bound. Results
showed the capability of the signal-level tracking method in estimating the
states of unresolved targets while the localization CRLB becomes unbounded
in the intervals that all targets enter the same cell. From the simulations, the
efficiency of the signal-level tracking approach applied to the new developed
model for co-located MIMO radars can be concluded.

This thesis also studied the impact of the distribution of antennas on the
localization performance of a collocated MIMO radar. A novel derivation of
the CRLB was presented where both range and DOA information were in-
cluded in the CRLB. A well-known SDP was then formulated for the antenna
allocation problem when a single target is available inside the resolution cell.
Then, the antenna allocation was extended to the multiple unresolved tar-
get scenarios, and it was shown that the final cost function is non-convex.
A sampling-based approach was then proposed to capture the global mini-

mum of the proposed cost function. Simulation results were also presented
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for both scenarios with the single-target and multiple targets occupying the
same resolution cell. The obtained results confirmed the superiority of the
optimal configuration compared to the common ULA structure in both single
and multiple target scenarios.

The other main contribution of this thesis was to provide a general frame-
work to analyze the performance of MIMO radars with widely-separated an-
tennas in detecting, localizing, and tracking multiple targets with multiple
scatterers. The detection capability of MIMO radars in handling multiple-
scatterer targets was evaluated and their performance was compared to that
of traditional multistatic radar systems. A new multiple hypothesis-based
algorithm was also proposed in order to estimate the number and states of
targets even when they become closely-spaced (or unresolved) in the measure-
ment space. While the localization results can be used for track initiation, a
tracking algorithm using the particle filter algorithm was presented for mul-
titarget tracking. Using a number of simulations, the superior performance
of MIMO radars over the multistatic systems was demonstrated. It was also
concluded that MIMO radars are more suitable for scenarios with low target
SNRs and low rate of visibility while multistatic radars are preferred at high
SNRs. Finally, the performance of the tracking algorithm was evaluated using
a two-target scenario. Simulations show that the proposed tracking algorithm

is efficient in that it meets the PCRLB.
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Chapter 6

Appendices

6.1 Partial Derivatives in the FIM of Collo-
cated MIMO

Without loss of generality, derivatives are found for the ¢-th target param-
eters. Assume the target is located in the c-th cell. Derivatives are found
for the case ¢ > 1. When ¢ = 1, the same equations can be used with zero
derivative for (¢ — 1)-th cell. For the mean vector, the following equations are

immediately obtained

aM&CH_tLC B [<5t0‘tdt)H ((1—5t)atdt)H]H (6.1)
6’157;1;0 = r;n[(atdt)H (—aud)"]" (6.2)
ag;}:c = [(Bd)" (1= pd)T" (6.3)
0;52;{1;0 = Jag;‘té” (6.4)

where d; = ‘fl—‘;f that can be computed using the equation given for system

matrix d;. For the covariance matrix, derivative is zero for DOA and scatters.
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Therefore, the following equation is given for range

82 c—1)(c—
Preen 411 g)o2diag(d,d!)
8'rt bin
0%e 1 )
o 4zﬂta§dlag<dtdf>
) 1 .
% — 25 (1 —28,)02diag(d,df) (6.5)
Tt /rbin

Finally, derivatives of range and DOA can be also easily found by the following

equations

ory Xy ory U 00, Y 00, Tt

—_t e _ Az g TP 6.6
&Ct thayt th &Ct Tg’aflft Tt2 ( )

6.2 Proof of Proposition 4.3.1

Consider the n-th target and the m-th target that are located in the ¢;-
th cell and the co-th cell, respectively. First, assume that ¢; = ¢ — 1. The
unknown term Jyeipe> is first calculated where the proof sketch for other terms

is similar. The entry Jye14e2 can be found using the following equality:

(0 ooy [ Op. 2) N ) Y N
‘]02167?_(89;1) E* (89% +T 89%1 E* 8‘9% Z* (6'7)

Based on the definition of the covariance matrix in (4.13), it is evident that

the second term in the right-hand side of the above equation equals zero.
Now, according to the definition of p, in (4.33), the following equations can

be derived for the partial derivative terms in (6.7):

aﬁ* _ 8§R(ﬁm—l) 8%(7_]01_1) 8§R(ﬁ01) 8%(7701) 0 (6 8)
a0} 00} 00;}! 00! 00;} '
0. [ PRl) 93(1) OR(n,) O3(n) 69
0013 0013 00:2 002 0013 .
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After some straightforward algebraic operations, the FIM in (6.7) can be writ-
ten in the following form:

8§R o) 8§R O\ 07, 03 e, )\
. aafe (Tey—1) aafe (7)) 8\s (er-1) 8~v (7e,)
002 0022 002! 002
N OR(Tey—1)\ [(ORTe)\ . (OS(Ter-1)\ [ OS(7ey)
005! 0022 0% 89”2
OR(7e, ) OR(7e, ) / O3 (e, ) RIE )
o {( 067 ) ( R o5 oo ) § 101

Using (4.10) and (4.11) and the notations given by definitions 4.3.3 and 4.3.4,

_|_

the following expressions can be derived for the derivatives in (6.10):

(%58) (522 = () o= B

=1

X ( 1 cos(w (1)) — ¢4 sin(wfj(l))) X

() () =« (?)zﬂfsa =B D0 D Dol ¢

(6.11)
Therefore, the first term in the right hand side of (6.10) can be written as

k2{<a§g£al)) <8§§9§1))/+ (8955;)) (895591))} - K (27”)25;%1 — B2

x {Z(pﬁ)'ﬁ(al)ﬁ'(al)p%( e, Cos(wis (1) — wit (1) + 71e, sin(wiz (1) —wff(l)))}

=1
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Other terms in the right-hand side of (6.10) can be similarly found. The final

form can be now written as follows:

9\ 2 MN

Joergz = K <7) Z(pf;)’Q(:, DY, NP x
=1

X (m?@ cos(wp2(l) — wpt (1)) 4 ¢ol, sin(w2(1) — wfj(l))) X

X (k2B (1= B) + ka(1 = B3 )(1 = B7) + ksBy By + ko8 (1 — B7))
(6.13)

where the term in the second line of the above equation can be written as

follows:

(k2B (1 = B17) + ka(1 = B7)(1 = B37) + ks By By + ko35 (1 = B77)) =
o o /
= By o] = o (5] (6.14)
which is the coefficient Cyeigez. For the case with ¢; = ¢y, the same procedure

can be followed and the expression in the proposition is similarly found.

6.3 Proof of Theorem 4.4.1

We begin with the optimization formulation given by (4.57). Define the new
matrix 7,,,, and the new variable t,, with {m =1,--- M} {n=1,--- N},

and rewrite the optimization problem as follows:

max{ASlly‘“,ASnm,t,T*} Z%:l ZnNzl tnm
||Asnm||2 S Enm
2%21 Stm + ZnNzl Syp = 0
(pc)/ nmpc Z tnm
(Asnm)(ASnm)/ ~ Tnm,v m = {17 Ce ’M}’n — {17 Ce ,N}
(6.15)
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where t = [t1; -+ tpm], and T* = {111, -+, Tpm}. The second-norm terms in

the constraints can be written into the following form:

_[2><2 Asnm <0 I2><2 ASnm

)
l 2 / 2
ASnm —Cham ASnm dnm

=<0 (6.16)

In addition, using the Schur-complement of a square matrix, the last constraint

in (6.15) is written as

1 As),,
<0 (6.17)

Inserting the new forms provided by (6.16) and (6.17) in (6.15) and using the
fact that (p®)'Tmp® = T (T P) with P = p°(p°)’, the following new form is

derived for the optimization problem:

maxyr« g« t} er\le 25:1 thm
S.T Zn]\fle Stm + Zivzl Srn =10

_]2><2 ASnm <0 I2><2 ASnm

I =<0
As! =~ —e? As. - d,
1 As],
jO,Vm:{l, ’M}’n:{lj... ’N}
where S* = {s;1,---,s,n5}. Now, the difference vector is written as
Asnm = Srn — Stm (618)

Replacing the above equation in (6.18), the form given by the theorem is

obtained.
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6.4 Proof of Lemma 4.4.1

Consider the optimal structure found for the case with #;. Assuming 6, as

the new DOA the cost function in (4.57) can be rewritten as follows:

M N

Z Z As! P*Asyn, (6.19)

m=1 n=1
with P* = (p*)'p* and p* = [cos(f; + Af) —sin(6; + Af)]". The vector p*

can be expanded as

o = cos(Af)  sin(A6) cos(6;) (6.20)
—sin(Af) cos(Af) —sin(6q)

Defining the first term in the right-hand side of the above equation as Gag,

the cost function can be rewritten as follows:
M N

AS/anAQPG,AOASnm (621)
2.2,

m=1 n=1

We know that As®! = (s?! — s°!) maximizes the cost function in (4.57) where
P is the matrix corresponding the target with 6; as the DOA. Therefore, an
optimal solution of the optimization problem with 65 as the DOA of the target

can be obtained as

hoStm = S0 (6.22)

heS = s Vm={l,--- M}n={1,--- N} (6.23)

T’

Consequently, the new optimal solution is written as follows:

Sgs1 = GAQS;)#L (624)
s? = Gpes?l, Vm={l,--- M},n={1,--- N} (6.25)

Now, we have to check whether the new solution holds in the constraints. It

can be easily shown that:
1Ay |2 = [1As, ][ (6.26)
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In addition, it is known that:

M N M N
D st Y st =Gao (Z Som + Z) =0 (6.27)
m=1 n=1 m=1 n=1

which implies that the new optimal solution also meets the constraints.

6.5 Proof of Proposition 4.4.2

Consider the optimization problem in (4.57) without including the con-
straint on the mass center. In this case, the cost function is quadratic with
respect to the unknown difference vectors. The unique optimal solution ob-
tained by solving the resulting optimization problem can be written as {As?, }
with m = {1,--- ,M} and n = {1,--- ,N}. It is evident that there are an
infinite number of location solutions for which the above set of difference vec-
tors are obtained. Let us define the i-th and the j-th sets as {S¢, S} and

{597,591, respectively. It is known from the geometry that:
S?Ii = G@S?lj + by (628)

where Gy denotes a rotation matrix with 6 as the angle of the rotation, and b
refers to an arbitrary translation. Note that the above equation can be written
for every other antenna in the array of receivers as well. Considering the mass
center constraint given by (4.2.3), we show that the translation should be zero
in (6.28). To show this, we first assume that there is a nonzero translation as
by;. Then, it is observed that such an assumption leads to the contradiction.
It is known that the center of the mass of the array is located in the origin.
Therefore, there should be another translation by, where b,, = —by. Under

the new translations, the new difference vector is written as
(st —s7) = (si — sl + 2by) (6.29)
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It is now evident that the new configuration gives a different set of difference
vectors, which is a contradiction to our initial assumption (e.g. the same set of
difference vectors). Therefore, the translation part in (6.28) is zero. Now, con-
sider the rotation part in (6.28). It is known that the rotation transform does
not change the distance between each two points. Rewrite the cost function
in (4.57) into the following form:

N
Z Y PeAs? = Z Z )G P°GyAs® (6.30)

m=1 n=1

Using formal matrix operations, the new matrix U = G, P°Gy can be written

in the following form:

cos?(0 + ¢ —sin(6 + 6°) cos(6 + 6°
- 0+6) Oroesoror ]
—sin(6 + 6°) cos(0 + 0°) sin?(6 + 6°)
The cost produced by each of two sets of optimal solutions is equal if the
following condition is held:

DN (Asg)VAs, = (6.32)

m=1n=1
with V' = U — P°. The equality in (6.32) is valid if either V' = 0 or V' is neither
positive nor negative semi-definite. First, assume V' = 0. Based on the given
form in (6.31) for the matrix U, it can be inferred that U = P¢ when 6 = nr.
In other words, a rotation with nm as the angle of rotation provides the same
cost function. Now, assume the other case where V' 2 0. It can be shown that
matrix V' has two eigenvalues {\, —A} where the value of A\ depends on the
rotation angle and 6°. Therefore, the zero inequality in (6.32) leads to a number
of solutions for the difference vectors. The rotated configuration can be then
another solution of the optimization problem if {S, S%} belongs to the set of
solutions of (6.32). The above discussions state that the optimization problem

provides at least two solutions for the optimum configuration of antennas.
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