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ABSTRACT

TARGET DETECTION IN MULTISTATIC RADAR NETWORKS

Arslan, Anil

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. A. Ozgiir Y1ilmaz

August 2025, [74] pages

Advances in military technology have made possible targets with reduced back scat-
tering coefficient, which is increasingly challenging for conventional radar systems.
Although previously developed and deployed, multistatic radar networks can over-
come these challenges and have gained renewed interest thanks to advances in hard-
ware and signal processing. These networks offer superior detection performance for
low-radar-cross-section targets compared to conventional monostatic radar systems,
thanks to their spatially distributed nodes. Spatial diversity requires a wide separation
between nodes relative to the target, ensuring that returns are independent across re-
ceivers and different sources of information about the target are available. This inde-
pendence makes coherent integration for target detection impractical and eliminates
the need for phase synchronization across the network, which may be challenging,
especially for widely separated multistatic radar networks. As a result, techniques
such as noncoherent integration and binary integration have practical importance for
widely separated multistatic radar networks. On the other hand, nodes need to com-
municate with a fusion center for joint target detection and parameter estimation,
thereby increasing the importance of optimizing communication demand. Binary in-

tegration, where only the binary result of target presence at each receiver is sent to



the fusion center, is the most communication-efficient approach, but with very coarse
of information. In contrast, noncoherent integration utilizes more information and
requires more communication load. This thesis examines performance metrics both
theoretically and through simulation, for widely separated multistatic networks under

different integration techniques and different node configurations.

Keywords: Multistatic radar, Distributed target detection, Selective square law inte-

gration, Spatial diversity, Phase Synchronization
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0z

MULTISTATIK RADAR AGLARINDA HEDEF TESPITI

Arslan, Anil
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. A. Ozgiir Yilmaz

Agustos 2025 ,[74] sayfa

Askeri teknolojideki gelismeler, sagilma katsayis1 azaltilmig hedeflerin miimkiin héle
gelmesini saglamis ve bu durum, geleneksel radar sistemleri i¢in giderek daha biiyiik
bir zorluk olusturmaya baglamistir. Daha 6nce gelistirilip sahaya siiriilmiis olmasina
ragmen, multistatik radar aglari bu zorluklarin iistesinden gelebilmekte ve donanim
ile isaret isleme alanindaki ilerlemeler sayesinde yeniden ilgi gérmektedir. Bu aglar,
alici ve vericilerden olusan uzamsal olarak dagilmis diigiimleri sayesinde, diisiik radar
kesit alanina sahip hedeflerin tespitinde geleneksel monostatik radar sistemlerine ki-
yasla daha iistiin bir performans sunar. Uzamsal ¢esitlilik, hedefe gore diigiimler ara-
sinda biiyiik mesafe gerektirir; bu sayede alicilardaki yansimalar birbirinden bagimsiz
olur ve hedef hakkinda farkl bilgi kaynaklar1 elde edilir. Bu bagimsizlik, hedef tespiti
icin faz uyumlu entegrasyonu pratik olmaktan ¢ikarir ve ag genelinde faz senkroni-
zasyonu ihtiyacimi ortadan kaldirir bu, 6zellikle genis alanlara yayilmis multistatik
radar aglar icin, zorlayici olabilir. Bu nedenle, faz senkronizasyonu gerektirmeyen
faz uyumsuz entegrasyon ve ikili entegrasyon gibi teknikler, genis alanlara yayilmig
multistatik radar aglari icin pratik onem tagimaktadir. Ote yandan, diigiimlerin hedef

tespiti ve parametre kestirimi i¢in bir flizyon merkezine bilgi aktarmasi gereklidir;
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bu da iletisim yiikiiniin optimize edilmesini onemli hale getirir. Her bir alicidan yal-
nizca hedefin varligina iligkin ikili bir sonucun gonderildigi ikili entegrasyon, iletisim
acisindan en verimli yaklagimdir; ancak ¢ok kaba bilgiye sahiptir. Buna karsilik, faz
uyumsuz entegrasyon daha fazla bilgi kullanir ve daha yiiksek bir iletisim yiikii gerek-
tirir. Bu tez, farkli entegrasyon teknikleri ve diigiim konfigiirasyonlar: altinda, genis
alanlara yayilmig multistatik aglarin performans ol¢iitlerini hem teorik olarak hem de

benzetim yoluyla incelemektedir.

Anahtar Kelimeler: Multistatik radar, Dagitik hedef tespiti, Secici karesel tiimles-

tirme, Uzamsal c¢esitlilik, Faz Eszamanlamasi
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CHAPTER 1

INTRODUCTION

In this chapter, the motivation behind this work is introduced. The contributions of
this thesis and novelties are explained and the following chapters are outlined. In

addition, the notation used in this work is given.

1.1 Motivation and Problem Definition

Conventional monostatic radar systems may become disadvantageous in specific sce-
narios due to the co-location of transmitter and receiver. One of these drawbacks is
the detection of stealth targets, which are designed to reduce their radar cross-section
(RCS) towards the incident wave. Multistatic radar, with its spatially distributed ar-
chitecture, offers a potential solution to this challenge. Target detection performance
can be significantly improved by exploiting spatial diversity [1], [2]. The degree
of achievable spatial diversity depends on the relative geometry between the target
and the multistatic radar system, which favors a significant separation between trans-
mitters and receivers. Consequently, widely distributed multistatic radars are often

preferred, though they also introduce additional challenges.

A major limitation is that coherent processing of received signals is typically infeasi-
ble. Establishing precise phase synchronization across a multistatic network is tech-
nically demanding, and more critically, target returns tend to be decorrelated across
receivers. As a result, the received signals are inherently noncoherent, making non-
coherent detection algorithms essential. Analyzing the performance and limitations

of such algorithms is therefore of primary importance.



The most basic form of noncoherent integration discards the phase information and
combines only the power received across all observations. In a centralized approach,
the collected data are transmitted to a fusion center (FC), which then performs de-
tection. However, this requires a high-capacity communication link to transmit all
received data to the FC. A commonly used alternative is distributed binary integra-
tion, where each receiver forwards only its local binary decision to the FC, thereby

reducing communication overhead at the expense of performance.

The central challenge in multistatic radar networks is balancing detection perfor-
mance with communication efficiency. In principle, the highest detection perfor-
mance is obtained when each receiver forwards its entire power measurement to
the FC, enabling centralized noncoherent integration. However, this requires pro-
hibitively high communication bandwidth. At the opposite extreme, distributed bi-
nary integration allows receivers to send only their hard local decisions, minimizing

communication overhead, but sacrificing detection performance.

Distributed noncoherent integration has emerged as a promising compromise. Instead
of transmitting full signals or hard binary decisions, each receiver forwards its mea-
sured power levels if they decide target presence locally. Then, the FC can fuse only
the sent power values so that noisy samples are effectively discarded, leading to a
reduced communication rate. This approach is expected to achieve a more favorable
trade-off, yet a thorough analytical comparison of these three strategies has remained

limited.

This thesis addresses this gap by developing a unified analytical framework and sys-
tematically comparing centralized noncoherent integration, distributed noncoherent
integration, and binary integration. By quantifying their respective detection perfor-
mance and communication requirements, the work provides insight into the trade-offs

that guide the design of practical multistatic radar systems.

1.2 Contributions and Novelties

Our contributions are as follows:



e The tradeoff between noncoherent and binary integration schemes is studied in

terms of analytical performance metrics.

e A practical application of target detection is presented in terms of multistatic

radar coverage.

1.3 The Outline of the Thesis

In Chapter 2, the fundamentals of bistatic radars, the building blocks of multistatic
radars, are explained. The radar range equation, propagation characteristics, and
Doppler frequency shifts are calculated and compared with the monostatic radar.
Then, a narrowband signal model is defined, and a vector representation of the ob-

served data is developed.

In Chapter 3, detection schemes and different detection algorithms are discussed. The
region of interest is divided into cells that form a grid, and the detection problem is
formulated for each probed cell. Optimal detection algorithms for centralized and dis-

tributed detection are derived using an independent spatially incoherent signal model.

In Chapter 4, the performance of the detection algorithms in terms of target detection
probability is discussed. Binary integration with randomized thresholding is intro-
duced. Finally, the performance of detection algorithms is compared, including in

terms of communication rate requirement.

In Chapter 5, an application to the multistatic radar scenario is simulated, coverage

maps for detection algorithms are generated, and the results are discussed.

In Chapter 6, a summary of the studies is presented, the results are concluded, and

possible future studies are mentioned.

1.4 Notation

Bold lowercase letters like y denote column vectors and bold uppercase letters like

Y denote matrices. The transpose, conjugate, and Hermitian transpose operators for



matrices and vectors are denoted by (-) ", (+)*, and (-)T, respectively. In addition, j is

used as the imaginary unit.



CHAPTER 2

BISTATIC RADAR FUNDAMENTALS

2.1 Introduction

A radar is fundamentally composed of a transmitter that generates an electromagnetic
wave propagating through space and a receiver that collects the reflected waves to in-
fer information about the environment, and then presents results to the radar operator.
Processing of the received data depends on the desired radar task, the most elementary
one being the finding of the position of targets. A radar can also perform a variety of
more complex tasks, ranging from terrain mapping and weather prediction to military

target tracking or identification.

Multistatic radar systems are presented in [3] and their applications in [4] and [5].
These works establish the fundamental foundation of multistatic radar theory. The
classification of radar systems is important in establishing standard definitions to
avoid ambiguity. [3, Chapter 1.1] makes this classification and collects all possi-
ble configurations of multistatic radar systems under the term multisite radar system

(MSRS).

Firstly, if the radar system has a single transmitter and a single receiver located at the
same position, then these systems are called monostatic radars. A monostatic radar
can also utilize more than one antenna, so it can operate as a phased array or colo-
cated multiple-input-multiple-output (MIMO) radar [6]. Monostatic radars are well
studied and the most common class of radar systems. Secondly, this single transmitter
and single receiver can be located at different positions, resulting in a bistatic radar.
Thanks to geometric separation, a bistatic radar may benefit from advantages that will

be discussed in this chapter. The term node will be used to indicate radar components
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at distinct locations, so there are three types of nodes, namely the transmitting node,
the receiving node, and the monostatic node. A monostatic node is a special case

when the distance between a receiving node and a transmitting node approaches zero.

A collection of different nodes constitutes an MSRS, but a key feature should be em-
phasized. Suppose that all receiving nodes can process the returns caused by all the
transmitting nodes in the system, including transmitters and receivers of a monostatic
node. In that case, such a system is a multistatic radar. As a counterexample, it is
also possible that multiple monostatic nodes operate independently but work cooper-
atively and exchange information as a networked system, but this is not classified as

a multistatic radar.

The theory of bistatic radars is essential for understanding multistatic radars because
all transmitter-receiver pairings in the system are the fundamental building blocks of
a multistatic radar. In this chapter, a signal model based on the geometry and physics
of propagation will be developed for a single bistatic pair. The physical laws of wave
propagation determine the capabilities of the radar and directly influence optimal sig-
nal processing techniques. Therefore, this section reviews the fundamentals of radar

and constructs a mathematical signal model to derive optimal processing algorithms.

Figure 2.1: Bistatic radar geometry showing the transmitter at prx, receiver at prx,
target at pr, bistatic angle ¢, and the angle W between the target velocity vector v

and the unit vectors, namely Uiy, Urx and bistatic bisector vector b.



2.2 Radar Fundamentals

As depicted in Fig. an electromagnetic (EM) wave radiated by the transmitter at
the location prx € R? will propagate with the speed of light ¢ ~ 3 - 10°m s~! in free
space. EM waves reflect from a point target located at pr € R?, and their returns
will be collected by the receiver located at prx € R®. The two most fundamental
quantity that a radar measures is how much time passed between the transmission
and reception, as well as what portion of the transmitted power is received. The time
delay can be calculated using the speed of the wave and the length of the path it

travels. Therefore, the propagation delay along the transmitter-target-receiver path is

given by
cmo = [[pr — prx|| + |Pr — Prx|| (2.1)
or equivalently,
To = M. 2.2)
c

Here, the ranges between the target and the nodes are defined as

Rrx = HPT - pTXH7 Rrx = HPT - pTXH- (2.3)

When prx = prx, the range simplifies to Rtx = Rrx = R, thus the time delay for a
monostatic radar is
2R

T0 = ? (24)

The equal time delay of a monostatic radar defines a sphere whereas that of a bistatic
radar defines an ellipsoid in the space. In Fig. 2.2] the constant delay contours are
presented with ellipsoids cut in the xy plane such that the transmitting and receiving
nodes are at the foci of these ellipses. Throughout this chapter, the bistatic pair located

as in Fig. [2.2] will be considered.

The power received will be a portion of the power transmitted Prx, and the radar
range equation governs this relationship. Assuming the far-field condition, the waves
will spread spherically; hence, the power density (with units of W m~2 ) incident on
a point target under free-space propagation is

__Px
AT R3y

STX (2.5)

7
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Figure 2.2: Constant delay contours for a bistatic pair that has approximately 18 km

seperation between its nodes.

A practical antenna will not distribute power uniformly in all directions, but it will
have directionality. [2.5] should be modified with the transmitter gain Grx accounting
for the focussed power at the target location. The target then receives and reradiates
the incoming power proportional to its effective area, known as the RCS (radar cross
section) o . Finally, the power reflected from the target also spreads spherically; thus,

the power density at the receiver becomes

Stx0B PrxGrxop
S fr— — . 2.6
YT 4rR2, T (4m)2R3, R, (26)
The effective aperture A, of a receiver with gain Gy is
GRrx\?
= e 2.7)
41
where \. = ¢/ f. is the carrier wavelength. Thus, the received power is
PTXGTXGRXAQUB
Prx = SrxAe = < =, 2.8
RX RX (47“-)3R%‘XR12{X ( )

which defines the bistatic radar range equation. For a monostatic radar the radar

equation becomes the following,
P TXGTXGRXAgU M
(4m)3R*

mono __
P RX -

(2.9)
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where o), is the monostatic RCS, a special case of . The ratio of received power
and internal noise power Py is the signal-to-noise ratio (SNR) and quantifies the de-

tectability in the radar. In practice, the noise power can be calculated as
Py = kT, Brx (2.10)

where k ~ 1.38 - 1072* JK~! is Boltzmann constant. The equivalent noise temper-
ature 7 can be taken as 290 K for practical purposes. Bryx is the bandwidth of the
receiver [7, Chapter 2.4].

From equation (2.8) the SNR becomes

Prx PTXGTXGRX)\ZO-B
SNR = = < . 2.11
Py (4n)PR2 REkTh Bax 2.11)

The surfaces defined by equal SNR points create spheres for the monostatic radar,
similar to the constant delay surfaces. However, these surfaces become complex for a
bistatic radar, which means that they do not have the same form as the constant delay
surfaces. Hence, separation between transmitter and receiver causes a huge change
in the properties of the radar. For a bistatic radar, Fig. [2.3] shows the constant SNR
contours called Cassini ovals. Table contains used radar parameters to generate

constant SNR contours.

The bistatic angle ¢ in Fig. affects the value of op. It is the central geometric
quantity in bistatic radar systems because it also affects other aspects of radar per-
formance, including resolution and Doppler shift characteristics. It is defined as the

angle formed at the target between the transmitter and receiver lines of sight such that

cos p = Uy Urx, ¢ € [0,7] (2.12)
where
firx = Ptx — Pt  figg = PrXx — Pt . 2.13)
Pt — Prl| lPrx — Pr|

For monostatic radars, ¢ always equals 0°, therefore, o5 always equals o,,. However,
bistatic radars have the ability to receive power with different ¢ leading to different
op which may be advantageous compared to monostatic radars. Under certain condi-
tions, there is a relationship between o3 and o, measurements [8|] which is applied
in [9] and [10]. There are three main cases of bistatic angle. The first is back scat-

tering geometry or monostatic-like geometry for ¢ ~ 0°. The receiving node seems
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Figure 2.3: Constant SNR contours for a bistatic radar with parameters in Table [2.1

closer to the transmitting node from the perspective of the target even if the separation
between nodes is high and the observed RCS becomes approximately the monostatic
RCS. Secondly, when ¢ ~ 180°, geometry becomes forward scattering. The receiv-
ing node and the transmitting node are on opposite sides of the target. Often resulting
in strong returns due to the large RCS [11]. Finally, ¢ = 90° is a side scattering
geometry that offers a different resolution and Doppler characteristics. Similarly to

Figures[2.2]and [2.3] the constant bistatic angle contours are shown in[2.4]

Table 2.1: Parameters for a bistatic radar scenario to generate Fig.

Parameter Symbol Value
Transmitted power Prx 40 kW
Antenna gains Grx, Grx ~ 13dBi
Carrier frequency fe 1 GHz
Bandwidth of the receiver Brx 1 MHz
Radar cross section op 5 m?
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Figure 2.4: Constant bistatic angle contours.

Due to target motion, Doppler frequency shift emerges on the received signal. The
amount of shift will be proportional to the radial velocity of the target along tirx and
Ugrx in (2.13). Thus, the magnitude of Doppler is shaped by . The resulting Doppler
frequency due to the target velocity vy € R3 is

1. R
£y = - (irx + Grx) ' VT (2.14)

To interpret this geometrically, let us define the bistatic Doppler bisector as

b= M_ (2.15)
[[arx + Grx||

Let us call the angle between the velocity vector vt and the bisector vector b as U as
in Fig. 2.1] then the Doppler frequency shift becomes

2
fa= )\—HVT” COS% cos W. (2.16)

The Doppler shift is maximized when the target velocity is aligned with b and van-
ishes when it is orthogonal. Also, when the target is in the forward scattering region,

the Doppler shift disappears. In the monostatic-like region, the formula (2.16) reduces

11



the monostatic Doppler shift given by

. 2 1.
fa= /\—”VTH cos ¥ = )\—VTT rrx = /\—VTT TRX- (2.17)

For a specific target velocity vy, an example of constant Doppler shift curves in the

xy plane is shown in Fig.[2.5]
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Figure 2.5: Constant Doppler shift contours for a target having a constant velocity of

vr = [50, —50,0] " ms~! and carrier frequency f. = 1 GHz .

Range resolution quantifies the degree of target separation capability of the radar,
and is determined by the bandwidth B of the transmitted signal. For a bistatic radar,
the range resolution also depends on the bistatic angle ¢. From the geometry of the

constant delay surfaces in Fig. 2.2] the effective resolution along the bistatic range

axis can be written as

Cc

AR = 2 B cos(p/2)

(2.18)

For ¢ = 0°, the range resolution becomes the well-known monostatic range resolution
of AR = ¢/(2B). As y increases, the range resolution degrades. In the forward
scattering region, the range resolution becomes unbounded. In Fig.[2.6 the resolution

of the bistatic range is illustrated using two constant delay ellipses such that both have
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the same focal points, but the difference between the sum of distances from the focal
points is equal to the range resolution in (2.18).

5_
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Figure 2.6: An example of bistatic resolution formed by two ellipses such that their
bistatic ranges (sum of distances from focal points) are separated by an amount of

range resolution which is calculated with a bandwidth B = 1 MHz .

2.3 Signal Model

Radars may emit electromagnetic waves continuously or send pulses periodically.
The pulse generation procedure starts with the generation of a coded baseband signal
with duration 7py. After mixing with the carrier frequency, the real-valued passband
signal is called a radio frequency (RF) signal, and it is transmitted by the radar system

using antennas. Then, the single RF pulse with starting time ¢1x of transmission can

be expressed as

u(t) = Re {S(t — t1x) ej%fc(t_m)} ) trx <t <trx + Tpw (2.19)

where s(t) denotes a complex baseband signal (that is, the low pass equivalent) with

unit energy, and f, is the carrier frequency in Hz. The total transmitted energy Fiou
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of s(t) can be calculated as

trx+Tpw
FEotal = / |s(t)[2dt = 1. (2.20)

tTx

The instantaneous power |s(t)|? of a constant envelope signal must be 1/Tpy to satisfy

the unit energy condition.

This baseband representation enables simplified mathematical modeling of modula-
tion and propagation effects while retaining all physically relevant information about
the transmitted signal. There are many coding schemes for s(t), such as the linear
frequency modulated (LFM) pulse waveform, which is one of the most common.
Specifically, symmetric LFM of duration 7pw and bandwidth B is utilized which can

be written as

1 B
s(t) = exp (jﬂ'— (t — pr/2)2> , 0 <t <Tpw. (2.21)
Tow Trw

The envelope of s(¢) is chosen as constant without loss of generality. The instanta-
neous frequency fis(t) can be calculated by taking the derivative of the instantaneous
phase ¢ (t) as

i d¢inst(t) - B

inst(t) = =
f t( ) 2m dt pr

(t —Trw/2), 0 <t <Tpw, (2.22)

The frequency sweep is symmetric around ¢ = Tpy /2, and it is linear from —B/2 to
B/2.

Throughout this work, the radar is assumed to operate under the narrowband assump-
tion, defined by the inequality B < f.,. This assumption implies that all spectral
components of s(t) experience approximately the same phase delay, allowing com-
pact and tractable signal models [6, Chapter 4.2]. Hence, the received low-pass equiv-

alent single pulse from a single scatterer can be modeled as
x(t) = As(t —trx — 79) e 72T, trx < t < trx + Trx (2.23)

where A € C is the complex gain depending on the radar range equation which also
includes the phase change induced by the scatterer. The receiver starts receiving at tgx
and listens for a duration Trx. The exponential term accounts for the carrier phase
shift induced by the constant propagation delay. When the target is in motion, the

propagation delay 7, changes with time, introducing a Doppler shift as in (2.14). If

14



the total change 7, is much shorter than the inverse of the bandwidth B, the effect of
the Doppler shift on s(t —lrx — 7'0) is negligible. However, if 79 changes in a way
comparable to the wavelength, then it induces a phase modulation in the received sig-
nal [7, Chapter 2.6.1]. Thus, the Doppler-modulated received signal can be expressed

as
z(t) = As(t — tyx — 7o) e I2TeT0 er2mfalt=tn=mo) - <t <tpx + Ty (2.24)

Introducing receiver internal thermal noise as additive white Gaussian noise (AWGN)

final form of the received signal without processing becomes

2(t) = As(t — trx — o) e 920 2mfalt=tx=10) oy (4) tpyx <t < trx + Trx-

(2.25)
(2.29) is the general expression for the received signal model to a single transmitted
pulse. In practice, more than one pulse is repeated periodically with a period called
the pulse repetition interval (PRI). In addition, the Doppler effect becomes dominant
between pulses and can be neglected during the short duration of the pulse width 7pyw
(stop-and-hop assumption in [[7, Chapter 2.6.2]). Hence, for a total of N, pulses, the
phase induced by the Doppler effect can be written as

2nfat =2nfqn, mn,=0,1,...,N,—1 (2.26)

where n,, is the pulse index. When multiple pulses are used, the Fourier transform
can be applied to find the Doppler frequency shift f;. In addition, there is a coherent
processing gain of N, , since the Fourier transform collects the input SNR per pulse

into a higher output SNR in the frequency bin corresponding to f;.

In the following chapters, the detection performance analysis curves are generated
using output SNR values where prior processing is not important. This thesis also
does not investigate the estimation of the target velocity; hence, analysis for a single
pulse will be enough, and results of the thesis can be easily extended for multiple

pulses. Therefore, (2.25) can be simplified as follows

2(t) = As(t — trx — o) e /2TIT0 T 2HAIDAT) ap(h), - trx <t < trx + Trx-
(2.27)

Let us collect all terms without time dependence into the complex gain coefficient h
so that (2.27) becomes

I(t) = hS(t — tTX — 7'0) -+ U}(t) tRX S t S tRX + TRX- (228)
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The squared magnitude of h is the received power calculated from equation (2.8).
The phase of / depends on the phase changes due to the velocity and position of the

target as well as the phase induced during scattering.

2.4 Sampling of the Received Signal

To facilitate digital signal processing, the received signal z(t) is sampled at a rate
fs = 1/Ts, then discrete time samples z[n| = x(n T, + trx) of the received signal

become
x[n] = hs(nTs -+ tRX — tTX — 7'0) -+ w(nTs + tRX)7 n = 0, 1, ce ,N — 1. (229)

Here, n is the sample index and NV is the total number of temporal samples in a
given listening duration Trx = NN 7. The term tgx — t1x can be used to model time
synchronization and should be chosen according to the desired region of interest.
In this thesis, receiving begins at the end of the transmission so that tgx = 0 and

lrx = —Tpw.

Throughout the thesis, cooperative signal reception will be analyzed; hence the tem-
poral structure of the deterministic waveform is known. Let us define s[n| as the
sampled version of the known complex baseband signal s(t) at the time instants
t = 0,Ts,...,Tpw — Ts. Therefore, s[n] = s(nTs) forn = 0,1,..., Npw — 1,

and the pulse width in terms of the number of samples is Npw = Tpw /7.

If all samples of the known reference signal s[n| have the same magnitude (con-
stant envelope), then the energy per sample |s[n]|* = 1/Npw because Ty |s(n Ty)|> =
Ts/Tpw = 1/Npw. Therefore, the unit energy condition of (2.20)) can be expressed

for s[n] as follows

> fsn)? = 1. (2.30)

Assuming integer sample shift ny = 79 f; € Z and i.i.d. noise samples w[n| =
w(n Ty + trx) ~ CN(0,0?) with a circularly symmetric complex Gaussian distribu-

tion, the received signal using trx = 0 and tyx = —7pw can be written as
zln] = hsin —ng+ Npw — 1] +w[n], n=0,1,...,N—1. (2.31)
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The input SNR per sample right after sampling and before any processing is defined

as

E[|h s[n — ng + Npw — 1]|?] |h|?
SNR;, = = , (2.32)
E[|w[n][?] Npwo?
forn =ng — Npw + 1,...,n9 — 1, no. In the case of sampling with the Nyquist rate

fs = Brx = B, SNRy,, can be calculated directly from (2.1T).

Fig.|2.7|illustrates an example of a received signal normalized to the noise power and
sampled at a rate f;, = 1 MHz such that Npyy = 10 and N = 250. The received
waveform is delayed with 79 = 120 ps so that ny = 120. The radar parameters in
Table 2.T] are used to generate the received signal.

25 T T
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Figure 2.7: An example of sampled noisy signal that contains a return of the trans-

mitted signal after 7y = 120 ps.

The bistatic radar can exploit the information of known waveform structure through
a matched filtering operation as follows,

pr—l
ylk] = Y s'nlaln+k—Npw+1] k=0,1,...,N -1 (2.33)

n=0
This operation is optimal filtering that maximizes the output SNR under i.i.d. w[n] ~

CN(0,0?). Substituting the received signal (2.31)), the output of the matched filter
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becomes
Npw—1

ylk] = h s*[n] s[n + k — no] + w[k]

n=0

where the second term, noise after matched filtering, is
Npw—1
wlk] = Z s*[n]wn + k — Npw + 1].

The first term is the discrete autocorrelation of the known reference signal,

rlk—mno] = i s*[n]s[k+n —mng), r[0]=1,

n=0

(2.34)

(2.35)

(2.36)

which attains its maximum at k = n,. For unit total energy s[n] as in (2.30), r[0] = 1

is the maximum possible value of the autocorrelation result. Then, at £ = ny, the

output of the matched filter is

ylnol = h + s*[n]wln + ng] = h + w[ny).
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Figure 2.8: The matched filter output for the received signal in Fig. peaking at

kT, =120 ps.
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The output SNR per sample after matched filtering can be calculated as
E[Rf]_ |hP

[@[ne]l?] 0%
When comparing (2.32)) and (2.38)), the SNR per sample is improved by a factor of
Npw. Fig.[2.8|shows the output of the matched filter of the received signal in Fig.

SNR oy tput = 7 k= nyg. (2.38)

When comparing the figures, the matched filtering integrates all the distributed energy
distributed Npy samples of z[n| into a single sample corresponding to the time delay
of 7. Hence, the location of the peak of the matched filter output can be used to
estimate the bistatic range of the target using (2.1).

0

Straddle Loss (dB)
N

-4 L
-0.5 0 0.5
Non integer delay

Figure 2.9: The correlation of the known reference signal s[n| with the delayed com-

plex baseband signal s((n — k) T}) for k € [—0.5, 0.5].

If 7y f; is not an integer, then the matched filtering cannot perfectly overlap with the
received signal. In this case, the output SNR is degraded by an amount called straddle

loss, which can be calculated as
r(k)= Y snls((k—n)T,), (2.39)

where the non-integer sample shift k is 7y f, — round(r f,) € [—0.5, 0.5] and the
function round(-) finds the nearest integer. Fig.[2.9|shows the autocorrelation of (2.21])
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with & between —0.5 and 0.5. The maximum straddle loss is approximately 4dB,
therefore, the improvement in SNR can be between 10log Npy = 10dB without

straddle loss and 6dB with the maximum straddle loss.

Finally, samples of the output of the matched filter can be collected in a temporal

observation vector as
y = [y[0],...,y[N —1]]T € CV*L. (2.40)
Similarly, autocorrelation and noise vectors can be defined as follows
r=[r[0],...,r[N —1]]T e CV*!, (2.41)

W = [@[0],...,w[N —1]]T € CV*L. (2.42)

Then, the observation vector for a bistatic pair can be written compactly as

y =hr +W. (2.43)
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CHAPTER 3

SPATIAL COHERENCE MODELING AND DETECTION ALGORITHMS

3.1 Introduction

This chapter focuses on statistical detection techniques applied to the signal model
developed in Chapter 2| The architecture of the detection algorithms plays a
critical role in shaping the performance, bandwidth requirements, and implementation
complexity of multistatic radar systems. A central unit called the fusion center (FC)
collects information from all receiving nodes and interprets the environment. The
form of available data in the FC determines the fusion level and dictates the type
of detector that can be implemented. Three primary levels of data processing are

commonly encountered in multistatic radar systems [[12]].

e Coherent Integration: Complex samples of the temporal observation vector
ym € CV from each receiving node are transmitted to the FC without any local
processing. Since each sample contains both in-phase (I) and quadrature (Q)
components, this approach offers the highest information content, thus provid-
ing the optimal detection performance. However, this fusion algorithm requires
high-rate data links, precise timing alignment, and carrier phase synchroniza-
tion among all nodes. More importantly, the signal itself should be coherent;

therefore, bistatic RCS at each receiver should not be decorrelated.

e Noncoherent Integration: In this setting, the receiving nodes locally compute a
detection statistic (for example, signal energy) and transmit it to the FC. These
statistics are often real-valued, nonnegative envelopes of the observed signal
with discarded phase information. In spatially noncoherent radar networks

where phase differences between receivers are unknown or random, these statis-
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tics that exclude the phase may carry all the usable information about the target;
hence, this fusion level can provide statistically optimal detection performance.
In addition, the communication burden is reduced compared to coherent inte-

gration.

e Binary Integration: In this fusion technique, each receiver applies a local thresh-
old and generates a binary decision. Only these binary outcomes are transmitted
to the FC, where logical decision rules such as "or", "and", or majority voting
are applied. This type of fusion imposes minimal requirements on communi-
cation and synchronization but may suffer from limited detection performance

due to the severe information loss associated with binary quantization.

Although coherent integration is ideal for phase-synchronized coherent networks,
noncoherent integration provides a highly efficient alternative when phase alignment
is impractical. Binary integration is suitable for low-resource or large-scale networks

where minimal communication overhead is critical.

Centralized detection refers to systems where complete observed data from spatially
distributed receivers are transmitted to the FC, but no local detection occurs. FC per-
forms joint signal processing to make a global decision. Such signal processing al-
gorithms require high communication load and computational resources. Centralized
detection enables statistically optimal rules, assuming the availability of the neces-
sary synchronization and communication infrastructure. However, distributed detec-
tion delegates partial or complete detection tasks to individual receivers. Each node
processes its locally received signal to generate test statistics data, which is forwarded
to the FC. In the end, the final decision on the presence of the target is still made in

the FC. [13]

Coherent and noncoherent integration are centralized detection algorithms, but binary
integration is a distributed detection algorithm because each receiver performs a lo-
cal detection and sends only binary results. Other local information such as fusion
weights can be sent together with the local detection results to be used in FC. Then
FC makes a global detection by combining the received binary results. If the received
power values are sent for only local detections, then noncoherent integration can be

performed at FC which will be called distributed noncoherent integration which has
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reduced communication load compared to centralized noncoherent integration. The
performance of distributed noncoherent integration is shown to be between binary

integration and centralized noncoherent integration.

3.2 Cell-Based Spatial Partitioning

In order to perform detection over a parameter space, the region of interest can be
divided into a finite set of spatial resolution cells (SRCs) discussed in [14], each of

which is probed independently. The set of all cells considered can be denoted as

C={c,ca,...,c5} (3.1

where each ¢; € R? corresponds to a specific tuple formed by @ different parameters.
For example, these parameters can be velocity or position in Cartesian coordinates.
For the purpose of this thesis, the set of cells will be formed by two-dimensional

position vectors on the xy plane.

In multistatic radar configurations, multiple spatially separated receivers observe re-
flections from a common transmitter-target interaction. These observations differ in
propagation delay, Doppler shift, and complex gain. Let us denote the number of

receivers with M and their indices as m, then define the spatial gain matrix as
H = diag(hy, ..., hy) € CVM, (3.2)

Samples of H may be subject to randomness due to propagation uncertainties or im-

perfect receiver synchronization.

For a given cell under test (CUT) c¢;, the expected time delay T,(nj ) for each receiver will

be determined by the geometry of the multistatic configuration. Denote the temporal
sample closest to 79 as kY. The FC then processes the related part of the temporal
observation vectors by pulling the corresponding samples for each receiver.
Specifically, the spatial observation vector corresponding to the probed jth cell can
be written as

vy = k9], . yn kW] T e CM (3.3)

Then a detection rule is applied to y) for each SRC to decide whether a target is

present. If the processing technique requires known deterministic parameters, such
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as time delays, phase shifts, and power levels, these quantities can be computed on
the basis of the geometry of the hypothesized target location (i.e., the center of the
SRC).

Let us define vectors

) = [ k], KT € CM, (3.4)
w) = [ (k7). .. wy k] € M, (3-3)

so that the spatial observation vector can be expressed as

y9 =Hr + wl, (3.6)

Let us assume that the spatial noise vector wt/) € CM*! has the same diagonal sta-

tionary noise covariance matrix X € CM*M for all cells,
Y = diag(o?,...,0%,), o2 €R,. (3.7

The set R, denotes positive real numbers. Since the statistical behavior of w(’) does
not change from cell to cell, (j) will be removed in the rest of the thesis and simply

w ~ CN (0, X) will be used.

Assume a target is exactly at the center of a probed cell and time delays are multiples
of the sampling period as 9 fs = kY. Then all entries in the vector r¥) turn out to

be 1 from (2.36) and the spatial observation vector simplifies to
yW =h+w, h=[h, ... hyl. (3.8)

This is the optimal scenario where any SNR degradation does not occur, and optimal
detectors will be designed for this case. On the other hand, if ) fs 1s not an integer,
the SNR improvement factor becomes less than Npy with an amount called straddle
loss which is discussed in (2.39). Whenever [ k| in (2.36)) is evaluated other than 0,
performance loss will occur due to degraded SNR and this is the case because it is

very unlikely that all receivers sample the received signal without any straddle loss.

In addition, all receivers must be time-aligned to a common sampling grid, in other
words, time synchronization must be established. This ensures that the temporal sam-

ples that form the probed spatial observation vector y) in (3.3) are aligned across
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the receivers. Nowadays, time synchronization can be easily established and [13]

provides a related work.

Using the mapped spatial observation vector for each SRC, a target response map can

be generated as

Z=[yW,. . .y ect (3.9)

Fig. illustrates the image of |Z| constructed using the positions indicated by each
SRC for the example bistatic radar from the previous chapter. The cell grid is uni-
formly divided with a spacing of 150m, which is equal to the minimum range reso-
lution of the bistatic radar as in (2.18). [[16] proposes a methodolgy to determine an
efficient grid structure such that cell crossing losses are controlled, but a uniform grid
will work fine for the purpose of this thesis. In addition, the targets will be modeled

exactly at the center of the cells because this requires a separate analysis for off-grid
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)

Figure 3.1: Cell responses with associated matched filter outputs peaking at kT, =

120 ps in Fig. @ Power scale is in terms of dB.
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3.3 Detection Framework

In radar target detection, the objective is to decide between two competing hypotheses
based on the observation vector for a CUT. Two hypotheses can be formed for y/) €

CM>!in (3.9) as
Ho : Target absent = yU) =w, (3.10)
H, : Target present = y¥) =h+w. (3.11)
The Neyman-Pearson (NP) criterion seeks to maximize the probability of detection
Pp subject to a fixed constraint on the probability of false alarm Pp, < Pdeired,

where Péesired € (0,1) is a design parameter. According to the NP lemma, the

optimal decision rule is the likelihood ratio test (LRT) [[17, Chapter 2.2],

Y fyD | Hy) 1
AyD) = 0 ) i (3.12)

where f(y) | H;) denotes the likelihood under hypothesis H;, and \ is a thresh-
old chosen to satisfy the false alarm constraint. This form is optimal with complete

knowledge of the statistical distributions.

From (A.5)) in Appendix [Al the conditional log-likelihood ratio (LLR) can be written
as

InA(y? | h) = 2R {hi='y@} — hix~'h, (3.13)

To analyze phase and magnitude across receivers separately, let us define the diagonal

spatial phase matrix,
U = diag(u) = diag(e’®*, ..., e/, ¢, € [0,27), (3.14)
and, spatial gain vector as,
o=[o,...,on]", o, €R,. (3.15)
Then the complex spatial gain vector represented in polar form becomes
h=a'U, withh, = aq,ee*". (3.16)

Instead of working with raw signal power, it is more intuitive and elegant to work

with SNR. Let us collect the output SNR per node in (2.38) in a vector as
2
am
P = [pl""apM]Tu pm:O'_2 ER+7 (3.17)

m
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and, create the vector consisting of square root of the SNR values,

a’m
Y=y Y= T ERy, so that p, = 2. (3.18)

m

Let us define the whitened spatial complex gain vector as

h=~"TU, withh, =7, (3.19)

Finally, define the whitened matched filter output vector using the standard deviation

of noise as follows

v

g=1lg1,....9m)" €CM™ withg, = =". (3.20)
Then, the conditional LLR in (3.13)) becomes
InA(y" | v, U) =2R{y" Ulg} — 7. (3.21)

Scalars such as the term 4"~ do not change the detection performance, so they can
be dropped because a modified threshold A can be utilized. Therefore, the final form

of the optimal detector becomes
Aknown = R {7T UTg} : (3.22)

This expression emphasizes the influence of phase shifts (via U) and square root SNR
scaling (via «y) on the whitened matched filter output g, forming a spatially whitened,
coherently aligned test statistics. Finally, the marginalized likelihood ratio can be
expressed in terms of marginalization in the square root SNR vector ~ and the spatial
phase matrix U = diag(u). Assuming statistical independence between ~ and U, the

resulting unconditional likelihood ratio becomes

AyV) = / / exp [29 R {U'g}] pu(u) p,(v) dudy. (3.23)

This form explicitly separates the contributions of phase uncertainty and SNR varia-

tion to the detection problem.

3.4 Centralized Detection Algorithms

3.4.1 Coherent Processing

For a fully known complex spatial gain vector h, the optimal test statistic follows

directly from the conditional LLR in equation (3.22)). This case provides the most
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favorable setting for coherent signal processing. It allows the radar network to ex-
ploit all magnitude and phase information between receivers for optimal detection.
Although a fully known complex spatial gain vector model may not be practical in
most real-world applications, it provides a valuable benchmark that serves with upper

performance limits.

In practice, the complex spatial gain vector h is known in all receivers up to a common
complex gain (5. This condition arises in tightly synchronized radar networks where
the reflected signal structure is preserved across the nodes and can be modeled as a
single complex-valued gain multiplying a known spatial signature vector. To analyze
the effect of this common complex scalar, let us modify the whitened complex spatial

gain model in equation (3.19) as
h=ph=735"'T, (3.24)
where the spatial phase matrix in equation (3.14) is modified as follows,
U=¢"T = ¢ diag(1, 63&2, . ,ej‘EM), 0, ¢m € 10,27) (3.25)

with the known phases gz_Sm relative to a reference receiver (here, first receiver) and
the common phase 6. Similarly, the square root SNR vector in (3.18)) is modified as

follows,
v=1817, IAl=1, (3.26)

where | 3| is the common spatial gain and 7 is the normalized square root SNR vector

consisting of known relative spatial gains.

Except for the fully known §, all coherent processing detectors in any model of 3

practically turn out to be [3, Chapter 5.2]

Acoh = ‘71- ﬁTg‘ : (3.27)

(3-8) generalizes the signal model of a phased array that receives a plane wave from
a known direction. In that case, U corresponds to a steering vector, and coherent
summation over its entries enables beamforming gain. Hence, the structure of
resembles the beamforming operation [6]. Typical examples of radar systems obeying
the coherent signal model are monostatic phased arrays via shared local oscillators,

and multistatic radars using GPS-disciplined clocks or reference beacons.
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Coherent processing requires a phase-synchronous multistatic radar in which all re-
ceivers are phase-aligned and referenced to a common clock or carrier. The receivers
must maintain phase alignment relative to a reference oscillator or by round-trip cal-
ibration, so that the relative phases encoded in U are not degraded by independent
receiver drifts. In addition, all receivers must share a common carrier frequency or
have calibrated offsets. This allows the relative phases to be fixed and known across

the multistatic radar.

In addition, the received signal must remain spatially coherent between the receivers.
This typically necessitates that the receivers be closely spaced relative to the target to
ensure that the signal remains correlated by preventing spatial decorrelation caused
by different aspect angles. Therefore, for widely separated multistatic radar systems
spatially coherent models fail since each receiver observes the target from a different
angle most of the time. Even if spatial decorelation was not occurring, it would be
challenging to establish phase synchronization for such widely separated receivers as
well. This motivates other signal models, which relax or eliminate the assumptions

of spatial coherence.

3.4.2 Noncoherent Processing

In multistatic radar systems, noncoherent signal modeling is required if spatial phase
coherence is absent due to system-level asynchrony or spatial incoherence of the sig-
nal return. Depending on the behavior of the SNR variation across receivers, two
cases are possible. The first case models partially correlated SNR values for closely
spaced nodes where each bistatic pair evaluates similar bistatic RCS op of the tar-
get. In the second case, spatial observations consist of fully decorrelated complex
gains across receivers arising in widely separated multistatic radar networks. Detec-
tion strategies accommodate randomness in the spatial gain vector h usually using
energy-based approaches. As phase alignment is unavailable, signal processing de-
pends only on envelope information, such as magnitude or power, excluding spatial
techniques such as beamforming. However, temporal synchronization remains crucial

for maintaining coherence in temporal samples.

29



Raw complex samples

{zm[nl}n_y MQ)

Matched filter at each node
ymlk] = >, " [n]zmlk + n]

Whitening
gmlk] = ym[k]/om

SRC association
g = [gl[k§J)]7 s 7@]%[]{7](\]4‘)]]T c CMXl

Test statistic
Aglobal = (I)(f(g)aw>

Thresholding (Neyman—Pearson)

H
Agiobat 275 Aglobal

Global decision for CUT
H, (target absent) / ‘H; (target present)

Figure 3.2: Centralized detection flow at the Fusion Center.

aligned and matched-filtered, whitened to form g, then a general weighted statistic

A = ®(f(g); w) is computed and compared to a threshold A for the global decision.

In order to model fully decorrelated spatial gain vector of widely separated multi-
static radar, the most practical and mathematically elegant signal model consists of
independent zero-mean circularly symmetric Gaussian entries, which is analogous to
the Swerling 2 target model [7, Chapter 6.3.4], where independent probability densi-

ties are between pulses rather than between receivers. Let us assume that the complex

gain vector is modeled as

h ~ CN (0,diag(n1,...,num))
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where 7,, 2 E[|h,,|?] denotes the average SNR at the receiver m. Applying (3.12)
directly using h,, | Ho ~ CN(0,1) and h,, | H; ~ CN(0,1 + n,,), the LLR turns
out to be the weighted square law combiner (WSLC) as follows [3l Chapter 5.2],

M
Thm

L+ nm

AWSLC =

m=1

|Gim]?- (3.29)

For an equal average SNR 7, at all nodes, the square law combiner (SLC) without
weighting is

Asie = ||gl. (3.30)

In practical scenarios, estimating the average SNR 7,, for each receiver may be in-
feasible, since the target will change position already until enough snapshots are col-
lected for the estimation of signal covariance. Hence a simple square law detector in
equation (3.30)) is the most important and practical detector for noncoherent integra-

tion.

Since the detection algorithms introduced in this section make use of all received data,
they are in the class of centralized detection algorithms. Fig. [3.2] shows the general
flow for centralized detection algorithms. In the next section, distributed algorithms

are introduced.

3.5 Distributed Detection Algorithms

As developed in the previous chapter, multichannel radar data y,,, € CV*! in (2.43)
are associated with cells to construct Z € CM*/ in (3.9) at the fusion center. In
centralized detection architectures, FC needs the whole y,, to decide the presence of

the target.

In distributed detection, full access to y,,, is no longer assumed. Instead, each receiver
locally computes a test statistic A% € CV*1, applies a local threshold A and

}N><1

generates a binary indicator ¢, € {0, 1 indicating whether its measurement is

considered informative. Then, the spatial observation vector y) for the probed cell

in[3.3lis modified as follows
Y ed = K10 6],y R0 RS T € €M, (3.31)
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The collection of all local decisions forms the indicator vector § = [59 ). ,61(\?}1

with 65 = 6,5 [kf,]l)] that zeros out entries of y/) corresponding to the non-informative
()

receiver. The FC then processes the masked vector y,° ..

and makes a global de-
tection decision. This framework captures a broad class of detection architectures,
ranging from pure binary integration to centralized coherent integration, by adjusting
the local thresholding policy and the global fusion function. The flow of centralized

detection algorithms in Fig. [3.2]is extended for the distributed case as in Fig.[3.3]

The number of active receiving nodes for each cell j is defined as
M
K9 £33 50, (3.32)
m=1
Finally, let us also denote the set of indices of active receiving nodes as
KO & Lm 60 =1}, (3.33)

In the following sections, it is implicitly assumed that the jth cell is probed, and hence

the superscript (7) is omitted to have neat expressions.

3.5.1 Binary Integration

Among distributed detection algorithms, binary integration is desirable for bandwidth
or energy constrained radar networks because of its minimal communication overhead
and algorithmic simplicity. However, these benefits come at the cost of reduced de-
tection performance as a result of early quantization at the receiver level, discarding

valuable information.

In the binary integration algorithm, each receiver transmits only its binary decision
Om to the FC instead of transmitting raw or quantized measurements. Therefore, the

detection test can be formulated using LRT (3.12))

A\ global _ f(O | Hy) >H1 yglobal (3.34)

(8] Ho) =70

The local detection performance is characterized by the following probabilities,

PRS2 P(6, = 1| Ho), (3.35)
P 2 P(5,, = 1| Hy). (3.36)
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Let us start with the known average per node SNRs 7,,, and fixed known P}loAfjll so that
all P,l)‘ffll is also known. Due to spatial incoherence, binary decisions ¢, are indepen-
dent between receivers under both hypotheses. Therefore, the joint distribution of the

binary vector 9 is given by

M

FOH) =T (PO)" (1-PD) ", iefo,1} (3.37)

m=1

where P\ = Py, and P = P, Substituting into (3:34), the LLR becomes

M local local
P oca 1 _ P oca
Agobl — NS In [ =22 | (1= 6,) In [ ——2 ). (3.38)
2\ pi TRz
The LLR in (3.38) can be simplified to a weighted sum by omitting offsets, hence,
weighted binary combining (WBC) becomes

M
Awpe = Z WinOm, (3.39)
m=1

where the fusion weights are defined as

P]l)ocal(1 _ Plizcal )
Wy = In OCTZ OCT: ) (3.40)
(PI-ITA,T)]”L(l - PIID,ml)

WBC rule is the optimal decision rule under both the Bayesian criterion (minimizing
the total error probability given priors) and the Neyman-Pearson criterion (maximiz-
ing the detection probability subject to a global false alarm constraint), assuming
accurate knowledge of local performance statistics [18]]. Each node contributes to the

decision based on its reliability.

In the special case where all local detectors exhibit identical performance, that is,
Pyedl = P and PR = P for all m, the weights are reduced to a constant and

the fusion rule simplifies to an unweighted counting rule as

M
Age = Z 5 (3.41)
m=1

where BC stands for binary combining. This rule is known as the M out-of-N rule,
where a global detection is declared if the number of local detections exceeds a fixed

threshold \&°% € {0,1,..., M}.

For the known average per node SNRs 7,,,, P}OAC% can also be optimized. Although

this is outside the scope of this thesis, it was shown that joint optimization makes
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use of (3.39) and the LRT of each receiver. Therefore, under equal 7,),, PlloAf‘jL turns
out to be equal Pi3* due to symmetry [3, Chapter 6.1]. In addition, optimization in
the unequal 7,,, case was shown to not produce enormous performance improvements
compared to taking equal P, Hence, from this point on, the equal P! case will

be considered only.

If the target of interest changes position and orientation until enough snapshots are
taken, then the estimation of 7),,, would not be practical for a radar system. Therefore,

Awgc will be a benchmark to compare the performance of Agc under different 7,,,.

34



Raw complex samples

{zm[n]}n_y MQ)

Matched filter at each node
ymlk] = 2, 8" [n]zmlk + n]

Whitening
gmlk] = ymlkl/om

Local thresholding

H
Alocal ZH(I) )\local

SRC association
g = [ k)6 kY], g R0 KT € CM

Test statistic
Aglobal = (I)<f(g)7 W)

Global thresholding

H
A global 2 H (1) A global

Global decision for CUT
‘H, (target absent) / H; (target present)

Figure 3.3: Distributed detection flow at the Fusion Center. Raw samples are aligned
and matched-filtered, whitened and locally thresholded to form g, then a general
weighted statistic A = ®(f(g); w) is computed and compared to a threshold Agjopa

for the global decision.
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3.5.2 Distributed Noncoherent Integration

Binary integration offers significant communication efficiency by transmitting only
binary decisions. However, this approach discards the underlying analog statistics
(i.e., envelope data), which may lead to deterioration in detection performance. In
contrast, centralized integration techniques operate on the whole observed data y,,
allowing optimal detection performance but requiring high-bandwidth communica-

tion links.

To address the trade-off between communication efficiency and detection perfor-
mance, this section develops a distributed noncoherent integration architecture that
specifically discards low-power statistics, typically dominated by noise, while trans-
mitting high-power and informative statistics in analog form. This selective mecha-
nism introduces a tunable design parameter that allows the system to trade off com-
munication bandwidth with the global false alarm rate. The same idea is considered
under cognitive radio using equal gain combining (EGC) and maximal ratio combin-

ing (MRC) techniques. [19]

Since Aol = () collapses to centralized detection, optimization of the likelihood ratio
over the possible local detectors and their thresholds M1°4! would break the assumption
of distributed fusion. Hence, as the local detector LRT of g,, will be used with a fixed
known nonzero \° possibly upper bounded on bandwidth/energy constraints. The
relationship between A\ and communication rate is derived in Section As a
result, all centralized fusion rules will be modified by replacing the matched filter
outputs g,, with masked ones d,, g,,. The FC observes g,, only if m € K. The
condition of Alocal > \loeal creates a truncated distribution for 6, g,,, and determines

the probability of a subset of the set K.

The test statistics of the square law combining rules, namely, the SLC in (3.30) and
the WSLC in (3.29) will be modified and represented by the following expression,
AwsLe = Z Wy |G- (3.42)

mek

This test statistics modifies the centralized noncoherent integration so that summation
is applied only to receivers that locally declared the presence of the target and also

covers the unweighted square law combiner by choosing w,, = 1.
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CHAPTER 4

PERFORMANCE ANALYSIS

4.1 Introduction

This section evaluates the performance of distributed detection algorithms. The an-
alytical expressions for the complementary cumulative distribution function (CCDF)
of the test statistic are derived under both hypotheses H, and H;. These expressions
facilitate the assignment of \&°%! for a desired false alarm rate and enable the ana-
lytical characterization of the probability of detection curves P2°™. Since the global
test statistic A& is compared to a global threshold \&°*¥, the resulting global per-

formance metrics can be expressed using CCDF as

P}%{l\obal()\global) =P (AglObal > AglObal | HO) = FAgl"bal\’Ho ()\global)’ (41)
Pglobal()\global) —P (Aglobal > )\global | Hl) — FAglobal‘Hl (/\global)_ (42)

For any distributed rule, the CCDF can be calculated by averaging the conditional

CCDF of the corresponding centralized rule over all possible realizations of /C

Fpamap () = 3" Fraogg, o (AP P(K | 7). (4.3)
KC{1,...,.M}

4.2 Optimal Local Detector

The assumption of a known temporal structure defines y,,, as a matched filtered output
given in (3.20), therefore, the optimal local detector depends only on the behavior
of the common complex gain factor of y,,. In practice, the common phase factor

is unknown or random; therefore, the optimal detector reduces to a phase-invariant
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magnitude test as in (3.27)),

Abeal — g, 2 (4.4)

This test is UMP (uniformly most powerful) among all phase-invariant detectors un-
der the given model [[7, Chapter 6.2.4]. For the null hypothesis H,, the test statistic
(@.4) follows an exponential distribution |g,,|> ~ Exp(1). The local probability of

false alarm is given by

By, = exp (=An) (4.5)

In practice, detectors such as cell averaging constant false alarm rate (CA-CFAR) are
utilized which do not require the knowledge of noise power because it calculates the
noise power adaptively using measurements of neighborhood of probed time delay
value. Let us now characterize the local detection probability FYs' and the local false

alarm probability P, relations.

In the most general setting, 5 ~ CN(0, n,,) is a circularly symmetric complex Gaus-
sian variable, modeling Rayleigh fading with average SNR 7,,. The output of the
matched filter becomes ¢, ~ CN (0,1 + n,,) under H; and the test statistic follows
an exponential distribution A% ~ Exp (1/(1 +7,,)). Hence, the local detection
probability is

)\local
Pfffjf = exp (— 1 f ) (4.6)
k] nm

In terms of the local probability of false alarm,

plocat — ((plocan )t/ 4.7)

4.3 Binary Integration

Due to the conditional independence of local decisions resulting from spatial inco-
herence, the global distribution under each hypothesis #; is a sum of independent but

non-identically distributed random variables,

Sm ~ Bernoulli(P?), i e {0,1} (4.8)
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where P = P, and Py = Py as defined in (3:37). Then, using (3.37), the
CCDF of the test statistics Agjona | H; for both Agc and Awgc can be written as

M
Prgu ) = 37 TL(E)™ (1= @9)

AglobalZ)\global m=1
This expression represents a sum using all possible binary decision vectors §. Each

configuration contributes to the CCDF if the sum Agpa €xceeds the global threshold

A global

Unlike the K-out-of-M rule, which can produce only M + 1 distinct values of Agc,
the weighted binary integration produces a much finer-grained distribution. In fact,
the number of distinct realizable values of the test statistic Awgc can rise to 2.
Therefore, evaluating the CCDF exactly requires enumerating all 2 decision vectors,

which becomes computationally expensive.

Binary integration restricts the set of achievable global false alarm probabilities to
a finite set. That is, for fixed local thresholds, the CCDF F Astobal 34, (+) s piecewise
constant and may not align exactly with a desired global false alarm level P €

(0, 1). To solve this problem, we will use randomized thresholding [20].

4.3.1 Randomized Global Thresholding

Let A2 be the largest possible distinct threshold smaller than A#°®!, Find a unique

Meocal g5 that

oy (A Piiion) = Pia™™ (4.10)
Similarly,
Fytovaggy (AP PRSity = PEet, (4.11)

Both of these rules satisfy the global false alarm constraint, so their random combi-
nation also does. In practice, the FC randomly chooses between A£°% and A\£°™ and
should accordingly communicate with receivers to determine their local false alarms
as PR or PRS- Define a randomization parameter ¢ € [0, 1), which determines
the probability of using the lower threshold. Then the local false alarm probability can

be matched exactly to P},?Xhesired and the randomization probability can be calculated
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as follows ocal o
P oca P oca
q= FA,desired . (412)

local local
P F Alow P

The corresponding detection probability becomes a combination of two CCDFs as

P = g Fawazg, (w5 PRsiow) + (1 — @) Fpamappg, (A PRS- (4.13)

low

This randomized approach enables fine control of the local false alarm rate while

preserving the discrete nature of the test statistic.

For a K-out-of-M rule, A% = K and A2 = K — 1 is used, and the randomized
threshold rule will be denoted with the notation r|K | M. If random thresholding is not
applied, then the K -out-of-M rule will be denoted without r as K|M. In addition,

the effective global threshold can be calculated as

global __ lobal lobal __ yglobal
N = (1= @) AP0 4 g (AP0 — 1) = A — g (4.14)
om=m{ O
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Figure 4.1: P& vs equal PS% at all M = 9 receiving nodes for the binary com-

bining detector that has at least desired PE™™ = 107, Effective global threshold is

global
calculated as A, — ¢

Fig.|4.1|shows that the discrete nature of \#°* unnecessarily generates a lower Pl;g[lfbal

global
I FA

than is desired. However, the desired can be satisfied by randomly choosing
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Aglobal and \elebal _ 1 - Other randomization techniques can be analyzed as well, but for

the purpose of this work, this randomization is sufficient.

In addition, the corresponding Pf‘;’bbal for a spatially incoherent target is shown in
Fig. The local peaks of the P£°™ curves correspond to the rules without thresh-
old randomization. Note that P = 1 means that 1 is sent to the FC in any case,
which is inconsistent with the concept of distributed detection. In addition, the FC
can satisfy the criterion of Plffbal if and only if no detection is declared regardless of
the received data, so P£°™ begins to collapse to 0 as P9 increases. Fig. 4.3| has
the same curves as Fig. .2] but its horizontal axis is not formed by logarithmically
distributed values of P, instead it has a linear axis at the cost of visual resolution
for lower Pi3. In the following figures of this thesis, the logarithmic distribution of
P! in the horizontal axis is preferred to be able to observe the effect of higher and

lower values of P at the same time.
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Figure 4.2: PE°™ vs P/%%! of the scenario in Fig under i.i.d. Rayleigh fluctuating
with equal average SNR of = 8dB at all M = 9 receiving nodes.

Fig. illustrates the linear interpolation using the 1|9 and 2|9 rules. It can be ob-

served that fixed thresholding has a high P£°™ and less P&, so the randomized
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Figure 4.3: P£°™ vs Pi9! of the scenario in Fig under i.i.d. Rayleigh fluctuating
with equal average SNR of n = 8dB at all M = 9 receiving nodes.
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thresholding rule is not a good idea to apply in the region from around 0.5 - 1074 to
1.5 - 10, Therefore, the randomized thresholding strategy utilized does not provide
an optimal solution, but investigating the optimal rule is beyond the scope of this

thesis.

Another point to pay attention to is the monotonicity of P£°™ vs. P9 curves. P&

do not increase with increasing P/o unlike the behavior PE™ vs. PE*™ because
P is fixed and therefore P19 is just a parameter to adjust the optimality of the

applied detection strategy.
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Figure 4.5: P£°* vs Plocal under i.i.d. Rayleigh fluctuating with equal average SNR
of n = 8dB at all M = 9 receiving nodes for the BC detector that has desired

PE* — 106 using randomized thresholding.

4.3.2 Detection Performance Curves

PSIObal curves for different number of nodes are shown in Fig. and it can be ob-
served that the K |M rule favors small values of K compared to M as expected for
a spatially incoherent target. In fact, [12] mentions the 1|M rule as the cumulative

detection strategy and shows that this strategy performs best for the Swerling-2 sig-
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nal model, which is analogous to the independent spatial incoherence model in the

temporal domain.
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Figure 4.6: P2 vs equal P% and equal average SNR of 7 = 8dB under i.i.d.
Rayleigh fluctuation at all receiving nodes for the binary combining detector that has

P — 106 with randomized thresholding.

Fig. analyzes the detection performance under different average SNRs at the re-
ceiving nodes. To simulate a realistic detection scenario, the average SNRs were
randomly generated for each receiver such that the average SNR values (in dB) were

sampled as

nas = [—0.942, 3.507, 3.867, 7.556, 12.07, 2.412, 7.031, 6.928, —4.935]
(4.15)
Due to the large variation of the average SNR, the 1| rule outperforms other rules in
Fig.[4.7|because a single receiving node with an average SNR of 12.07 dB has already
successfully detected the target. This observation supports the idea of the cumulative

detection strategy as described in [12].

In order to cover the influence of different SNR, a Monte Carlo simulation can be con-

ducted such that the average SNR vector 74p is realized with the magnitude square of
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a independent complex Gaussian having a variance of desired reference average SNR,
7). In other words, 7 is generated by taking the magnitude square of the realizations
of CN(0,7). In fact, (@.15) is one such realization for 755 = 8, and Fig. shows
the result for Monte Carlo simulation with 1000 different realizations and the same
7). Fig. shows that the value of P does not significantly affect the detection

performance at some point around P = 1073,
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Figure 4.7: P2 vs P9 with different average SNRs 7, in (@.13)) under inde-
pendent Rayleigh fluctuation at all M/ = 9 receiving nodes for BC detector that has

exactly P& = 1076

4.4 Distributed Noncoherent Integration

The test statistic of the weighted square law combiner (WSLC) is written in (3.42) as

Awste = Y wm [gml*. (4.16)

mer

Alternatively, the test statistic can be written in terms of 7}, ~ Exp(u%))

Awsie = 3w (A +T) =X+ Y winTom 4.17)

meK meK
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where 1) =1, puly) =1 /(1 + n,,) and the total shift is

Ao =) wn A0 (4.18)

mek
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Figure 4.8: P£°™ vs P9 with different average SNRs 7,, realized 1000 times under
independent Rayleigh fluctuation at all M/ = 9 receiving nodes for BC detector that

has exactly P& = 107,

Let us define the rate vector as

(i (0
) = [“L“—M] . (4.19)
w1 War
mekC

For independently distributed complex Gaussian modeling, an expression for WSLC
using matrix exponentiation is stated in the Appendix [B| [21]]. Then the conditional
CCDF becomes

Frgsucts, £ (A2P) = HypoExpCCDF (A% N i), (4.20)
Averaging on all possible subsets of /C, the unconditional CCDF can be calculated as

FAWSLCle‘()‘gIOba1> - Z FAWSLC|Hi7K()‘gIObal) P(K | Hs). (4.21)
KC{L,.... M}
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Given a desired global false alarm probability P € (0, 1), the global threshold

Aglobal i determined by solving
FAWSLC\HO (/\gk)bal) = Pgiobal. 4.22)

In detection theory, P£™™" must decrease with increasing A& [17]; therefore, (@.22)
can be efficiently solved by numerical root-finding or grid search. Once A&°b! s

selected, the global detection probability is computed as

Pglobal = Py 0 ( Jglobal) (4.23)

This formulation allows for an exact analysis without Monte Carlo simulation of the
detection performance as in Figures Unlike binary integration, Pac® = 0 cor-
responds to centralized noncoherent integration, and Plif’/lfbal constraint can still be

satisfied.

Global Probability of Detection

5 10 15
Average SNR per Receiving Node (dB)

Figure 4.9: P£°™ vs equal average SNR 7 under i.i.d. Rayleigh fluctuation at dif-
ferent number of receiving nodes for the square law combining detector that has

lobal _
PE — 1076 and Plosl = 1,

Fig. .9 shows the performance of the SLC without local thresholding. The detec-

tion performance increases with increasing the equal average SNR per node 7 or the
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number of sensors M. The curves in the figure directly apply to the similar problem

for the Swerling 2 model that has incoherence in the temporal domain.

When analyzing pulses, the average of SNR is assumed to be the same, however, it
would not be realistic for a spatial scenario. Fig.d.10]compares SLC and WSLC by
scanning 7 and shows that the performance of SLC is not very degraded compared to
that of the optimal algorithm WSLC. Since WSLC requires the knowledge of average

SNRs, SLC becomes a practical sub-optimum detection algorithm.
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Figure 4.10: PélObal vs reference average SNR 7 under independent Rayleigh fluc-
tuation at all M = 9 receiving nodes for the SLC and WSLC detectors that have

global __ 116 local __
Py = 107" and P = 1.

Fig. presents the effect of P% on PE°™ for different numbers of receivers
when the average SNR 7 = 8dB is equal in all receiving nodes. From the figures,
the detection probability gradually decreases when the local probability of false alarm
Pl decreases. Unlike binary combining, P represents the degree of centrality
because Plot! = 1 corresponds to the centralized detection and P£°™ has the highest
value for centralized detection as expected. In addition, the SLC always performs

better than BC for fixed P, but BC with a specific P3¢ can perform better when
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P for the SLC is greatly reduced.
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Figure 4.11: P2 ys Plowl with equal average SNR of 7 = 10dB under i.i.d.
Rayleigh fluctuation at all receiving nodes for the unweighted SLC (solid lines) and
BC (dashed lines) detectors that have P& = 105,

Fig. 4.12) and Fig. @d.13| shows the performance of the algorithms under different av-
erage SNR at each node. The weighted SLC always performs better than the un-
weighted SLC and BC. The values of P£°™ do not vary much, so the use of weighting
does not bring a significant advantage. In addition, distributed noncoherent integra-
tion always performs better than binary integration. However, the low P region
should be carefully interpreted. It may seem that BC has the same performance as
the square law combiners, but at some point in the region P < PE™ all three
algorithms coincide because all three correspond to the same algorithm so that if at
least one sensor is successful in its decision, then globally the decision is declared.
The coincidence point satisfies P& = 1 — (1 — P& and can be calculated as

Pl 2 1.1111 x 1077 for this example.
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4.5 Communication Performance

It is also important to provide metrics to compare algorithms in terms of communi-
cation burden. Firstly, assuming digital sampling of the received signal, a total of
N temporal samples are transferred by a single node to the FC during a listening

duration Trx.

For centralized noncoherent detection with temporal samples represented by b bits,

the data rate per interval of Trx would be b M N.

For binary integration, a sequence of 0’s and 1’s should be transferred from the
receivers to FC. The probability of 1’s in this sequence of length N is equal to
Pl + Ni/N. Detection results are independent. Hence, the average length after

optimal source coding would be roughly equal to

N,
MNH, (p;:fal N ﬁ)’ 4.24)

where the binary entropy function H,(p) = —p log,(p) — (1 — p) log,(1 — p) [22].

For distributed noncoherent integration, both the detection indices and their power
levels should be sent. The data rate for distributed detection is then b+ 1 times the data
rate of binary integration, and the data rate per interval of Trx can be approximately

written as

N,
(b+1) M N H, <ng;°al + ﬁ) : (4.25)

In order to compare the communication rate of distributed detection with that of cen-

tralized detection, one may check the ratio

(b-+1) M N Hy (P + §)
bM N

N,
~ Hy (PS5 + Nt). (4.26)

Since P + N,/N < 1, and the binary entropy function’s value is small and hence

the communication rate is much smaller for distributed detection.

The sent data are not necessarily to be represented with large values of b bits such as
32 because it has some expected values of ranges. Firstly, it is always nonnegative
and the receiver should normalize it to its noise level. In fact, it is bounded below the

local threshold. Secondly, the values can be also cut from the above depending on the
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number of sensors because in the worst case a target can be in the field of view of just
a single node. Therefore, the upper limit should be chosen not to prevent target detec-
tion in such a case. The quantization of local test statistics is studied under the term
soft fusion, where hard decision refers to binary representation with b = 1. In [23]],
it is shown that the 4 bit even 3 bit quantization scheme has detection performance
comparable to continuous ones. As a result, the communication rate for noncoherent

integration can be further reduced without degrading detection probability.
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CHAPTER 5

SIMULATION FRAMEWORK

This chapter presents the simulation setup and methodology used to evaluate the pro-

posed detection strategies. The simulations are built on the signal model developed

in earlier chapters and are designed to reflect practical multistatic radar scenarios. An

example deployment of multistatic radar will be investigated.
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Figure 5.1: Multistatic radar scenario with 7 receiving nodes (blue crosses) and 1

transmitting node (red cross).

Fig. [5.1] shows the multistatic radar configuration in space, and the parameters of the

multistatic radar network are given in Table [5.I] The direct path signals between

transmitters and receivers are omitted. Both the transmitting nodes and the receiving
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nodes have isotropic radiation patterns in the xy plane so that antenna gains can be

tought of as along the z-direction.

Table 5.1: Simulation parameters for a multistatic radar scenario.

Parameter Symbol Value
Transmitted power Prx 40 kW
Antenna gains Grx, Grx =~ 13dBi
Carrier frequency fe 1GHz
Bandwidth of baseband signal B 1 MHz
Bandwidth of the receivers Brx 1 MHz
Sampling frequencies fs 1 MHz
Pulse width Tow 10 ps
Pulse repetition interval PRI 250 ps
Coherent processing interval CPI 250 ps
Number of receiving nodes M 7
Radar cross section 0B 1 m?
Probability of global false alarm P& 1076

The region of interest is divided into cells as described in Section [3.2] The size of
the cells is chosen considering the minimum possible resolution of ¢ /2B =~ 150m
in (2.18). For each cell, noncoherent integration takes place using the corresponding
matched filter sample as in (3.3). There is a single target in the scene and it is located
at pr = [10.2, —15.1, 0] " km with an RCS of o3 = 1m?2. The target is perfectly
located at the center of one of the cells. Fig. [5.2] shows the result of centralized

noncoherent integration in each cell assigned to the xy plane.

In Section [4.4] it was shown that a wide range of P degrades P£°™ to an accept-
able level under the independent Rayleigh fluctuations for distributed noncoherent
integration. From the performance curves, Pia® = 1072 can be chosen without a
great loss in detection performance. In addition, the multistatic radar network col-
lects a total of N = 250 samples per node, therefore Pia® < 1/250 will not further
reduce the data rate as discussed in
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Figure 5.2: The output of the centralized noncoherent integration applied to each

CUT. Power scale is in terms of dB.
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Figure 5.3: The output of the distributed noncoherent integration with P = 1072

applied to each CUT. Power scale is in terms of dB.
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Figure 5.4: The integer output of the binary integration with 5! = 10~2 applied to
each CUT.

Fig.[5.2] shows the created target response map by applying centralized noncoherent
integration. For each cell, all associated matched filter outputs are integrated. If local
thresholding is applied, the result in Fig. [5.2]is created only using cells that have at
least 1 contributing receiving node that has declared a target locally. Fig.[5.3|shows
the cleaning of the spatial image thanks to local thresholding with P}, In this fig-
ure, the ellipses correspond to the same delay value; hence, all cells on these ellipses
utilize the same matched filter output for the same amount of delay. Local threshold-
ing also decreases the number of probed cells, which helps to relax the computational
resources of the FC. Finally, Fig. [5.4]illustrates the result of binary integration which

has a similar result to that of distributed noncoherent integration.

For the random trial utilized, the three detection algorithms peaked at the correct
target location. However, there are other cells that exceed \&°°? formed because of
constant time delay ellipses of power dominant receivers. In addition, there may be
more than one target in the region of interest, but the peak location just indicates

a single target. Therefore, cell search methods such as in [24] can be utilized for
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the detection of multiple targets. The cell search method utilizes the behavior of

neighboring cells that may be useful for target detection.
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Figure 5.5: Coverage of the multistatic radar configuration for centralized noncoher-

ent integration assuming a single target with RCS o5 = 1 m?.

The coverage of the multistatic radar network can be calculated in this specific con-
figuration in terms of probability of detection. The coverage figures are generated
without the need for a Monte Carlo simulation owing to analytical expressions. They
are evaluated directly from expected average SNR values; therefore, resolution effects
are not included in these results. The expected average SNRs are calculated using the
radar range equation and the matched filtering gain with the straddle loss as discussed

in Chapter 2]

The following figures show the coverage map created by looking at every cell and
finding the corresponding P, Figures |5.5[to illustrate the probability of de-

tection in the xy plane for a target having RCS o5 = 1 m?.

For binary integration, there are two coverage figures. Fig. is created for very
low P of 1.4 - 1077 because it corresponds to the 1|M rule and it has the best

performance for especially regions with different average SNRs. For 1|M rule, P3¢
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Figure 5.6: Coverage of the multistatic radar configuration for distributed noncoher-

ent integration assuming a single target with RCS o = 1 m? for P& = 1072

can be calculated as ~ 1.429 x 10~ using the CCDF as P& =1 — (1 — Pl

However, it is possible to improve target detection performance for regions that have
similar average SNRs. For this reason, Fig.[5.8]is created with P = 1.9- 10~ and

has better performance in such regions.

lobal
From the coverage figures, constant contours of PS°™ can be compared between

algorithms. Fig. is the constant contour PSIOba] = 0.85, and as expected, cen-
tralized detection has the widest coverage, and binary detection has the smallest one.
Similarly, Fig. illustrates constant contours P2 = 0.70. The coverage for
distributed noncoherent integration is very close to the coverage of centralized de-
tection compared to binary integration, but the data rate of distributed noncoherent

integration is greater than by a factor of b 4 1 bits compared to binary integration.

In the figures of constant contours of P§1°bal, there are 3 curves for binary combining.
Since P = 1072 is used for distributed SLC, it would not be fair to take directly

Ploeal = 1072 for BC because it is possible that BC performs better with a lower P!
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Figure 5.7: Coverage of the multistatic radar configuration for binary integration as-

suming a single target with RCS o5 = 1 m? for P = 1.4 - 1077,
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Figure 5.8: Coverage of the multistatic radar configuration for binary integration as-

suming a single target with RCS o5 = 1 m? for P = 1.9 - 1074,
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as observed in Section Therefore, 100 values of P are scanned between 10"
and 1078 to find the maximum and minimum possible coverage of BC. It turns out
that the 1| rule provides the largest coverage, which means that if at least 1 sensor
declares detection, then it is enough to declare target detection globally. Even if this
coverage is not big as that of distributed noncoherent integration, it provides an ac-
ceptable coverage. From these results, the 1| M rule could be a suitable choice for the
multistatic target detection algorithm, however, we were not interested in the target
parameters, but the sent power values would be useful for cell search methods. For
example, false detection of targets in other cells increases because it will be enough
to detect a target even if the FC produces the sum with a value of 1. Therefore, there
will be many cells that have the fusion result of 1 and this will make it difficult to
eliminate detections from these cells that contain the part of the response of the real

target, so the problem of reducing detection of ghosts of targets will be challenging.

Also, the ratio between data rates of binary integration and distributed noncoherent
integration is just the number of bits. Even, it is possible that binary results are
sent to FC together with other information so that the data rates of these integration
techniques become very close. In short, the utilization of distributed noncoherent
integration provides advantages for target detection and parameter estimation under

an acceptable level of data rate increase.
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Figure 5.9: P£° — (.85 contours for the coverage of the multistatic radar configu-

ration assuming a single target with RCS o5 = 1 m?.
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Figure 5.10: PSIOba] = 0.70 contours for the coverage of the multistatic radar config-

uration assuming a single target with RCS o5 = 1 m?.
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CHAPTER 6

CONCLUSIONS

This thesis investigated target detection in multistatic radar networks, with a particu-
lar focus on noncoherent integration and compared centralized and distributed detec-
tion architectures. The work began with radar fundamentals, mainly on how target
parameters behave in multistatic setups. These fundamentals set the scene for the
limitations we face in multistatic radars. From there, the thesis moved on to modeling
how the received signal can vary across nodes, mainly due to changes in reflectiv-
ity or mismatches in timing and synchronization. These models made it possible to
examine different cases of coherent and noncoherent processing, depending on what

information about phase and amplitude was available.

A cell-based target detection scheme is defined and centralized detection algorithms
are presented. Based on these detection models, the thesis then addressed distributed
architectures in which local receivers apply thresholding and send only limited infor-
mation to a central fusion point. Both binary integration and distributed noncoherent
integration were investigated. Theoretical derivations of false alarm and detection
probabilities were provided under various data combining rules. In addition, binary
integration with random thresholding is proposed to match the global false alarm with
a fixed local false alarm rate. The relationship between the local false alarm rate and

the communication rate is also demonstrated.

Finally, simulations were carried out for a practical multistatic radar to see the effect
of local thresholding. Local thresholding also brings an advantage in computational
resources as the number of probed cells decreases. In addition, binary integration
and distributed noncoherent integration schemes are compared in terms of multistatic

radar coverage. It is observed that distributed noncoherent integration is an alternative
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for centralized detection and binary integration because of its reduced communication
rate and detection performance comparable to that of optimal centralized detection. In
addition, sent power values of distributed noncoherent integration can be beneficial
for estimating target parameters and reducing ghost target detections due to target

responses at other cells compared to binary integration.

Binary integration with the OR rule offers the largest multistatic radar coverage among
binary integration rules, mainly due to independent and non-identical returns. How-
ever, binary rules with higher thresholds are more beneficial for target localization
because wrong associations due to extra intersection points are less likely to occur.
Therefore, smooth power values of distributed noncoherent integration have a further
advantage over binary integration. The main disadvantage is an increased commu-
nication rate, but the entire multistatic network can be designed to account for this

trade-off.

In conclusion, this thesis contributes to a comprehensive statistical framework for

detection in multistatic radar systems and provides the following key outcomes:
e Centralized and distributed architectures for noncoherent detection are system-
atically modeled and compared.

e Binary integration with random thresholding is introduced to align global and

local false alarm rates while analyzing its effect on communication.

e Distributed noncoherent integration is shown to provide comparable detection
to centralized schemes with reduced communication and added benefits for pa-

rameter estimation and ghost target reduction.

6.1 Future Works

The findings of this thesis can be extended to several topics:

e Hardware validation: Performance metrics under real-world hardware con-
straints such as latency, quantization, and synchronization errors can be inves-

tigated.

64



e Multi-target detection: Advanced algorithms can be designed to detect multi-
ple targets from the generated response map using SRCs. Reduction of ghost-
target detection can be investigated. In addition, the estimation of target param-

eters and performance metrics can be studied.
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Appendix A

CONDITIONAL LIKELIHOOD RATIO

This section derives the LRT of y) in Equation (3.12) for a given h. Throughout this
appendix, y\9) is simply written as y. Under H,, y is distributed as y ~ CN(0, X)

due to independently distributed noisy observations, then the conditional probability

becomes
1 11
ply | Ho) = mexp( yE 'y'). (A.1)
Under H;, y has a non-zero mean h, soy ~ CN(h,X), and the conditional proba-
bility is
1
h)= ——— —(y —h)X Yy — h)f A2
p(y [ Hih) = o—=sexp (—(y — )= (y —h)') (A2)

It is simpler to work with log-likelihood ratio (LLR) instead of likelihood ratio be-
cause the product becomes the sum. Applying logarithm makes a monotonic transfor-
mation; hence do not affect the optimality of the test. Then, the log-likelihood ratio

conditioned on h is

Ay b =) sy wyiysyl g

f(y | Ho)
After the expansion of the first term and simplification, LLR expression becomes

InA(y | h) = y='h! + hE 'y’ — hX~'h'. (A.4)

The first two terms are complex conjugates of each other; hence, the conditional log-

likelihood ratio can be equivalently expressed compactly as
InA(y | h) =2R {h'S"'y} —h'E"'h. (A.5)

This expression is the test statistics of the LLR under known spatial noise covariance

3} and known spatial gain vector h.
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Appendix B

DISTRIBUTION OF A SUM OF SHIFTED EXPONENTIAL RANDOM
VARIABLES

Let T1,T5, ..., Tk be independent exponential random variables with non-identical

rate parameters i1, 2, - . ., i, Such that

Ty ~ Exp(ity,), form=1,... K. (B.1)

Additionally, let each variable be shifted by a known deterministic constant A, > 0.

Form the total shifted sum as

K K K
ALY D+ Tw) =X+ D Ty X2 A (B.2)
m=1 m=1 m=1

In order to formulate the CCDF, let us define the generator matrix M &€ REXK g9

—p1r 0 0
0 —p2 po 0
M = (B.3)
0 0 —pr-1 Hr-1
0 0 0 —HK |

Letj=1[10 -

vector filled with all ones. Then the CCDF of A is given by

Fx(A)=j"exp(M (A= XN)y) 1

0]" € RE*! be the initial state vector and let 1 € R¥*! be the

(B.4)

where (-); = max{-, 0}, and exp(-) is the matrix exponentiation, not an element-wise

operation. Let us define a short hand notation as

HypoExpCCDF(A; Ao, 1) £ 37 exp (M (A = X)) 1
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where p = [y, po, - . ., fixe] " denotes the rate vector. This function is referenced in
Section [3.5.2] when expressing the conditional distribution of test statistics involving

truncated exponentially distributed random variables.

e Special Case: Identical Rates (Erlang Distribution)

If f, = p for all m, then ) T, ~ Erlang(K, 1), and the CCDF reduces to

Fx(\) =T (K, 1 (A = o)) (B.6)

where I'(k, z) denotes the regularized upper incomplete gamma function

1 [o.¢] oo
F(k,x)ém/ uF e du, F(k):/o uF e du. (B.7)

e Special Case: Distinct Rates

If all rates are distinct, then the sum follows a standard hypoexponential distri-

bution with a closed-form CCDF as
K K
FA(\) = e~ Hm(A=A0)+

m=1 J=1
Jj#Em

Hj

R (B.8)
Hi — Hm

However, this expression becomes numerically unstable for nearly equal rates.

74



	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	Introduction
	Motivation and Problem Definition
	Contributions and Novelties
	The Outline of the Thesis
	Notation

	Bistatic Radar Fundamentals
	Introduction
	Radar Fundamentals
	Signal Model
	Sampling of the Received Signal

	Spatial Coherence Modeling and Detection Algorithms
	Introduction
	Cell-Based Spatial Partitioning
	Detection Framework
	Centralized Detection Algorithms
	Coherent Processing
	Noncoherent Processing

	Distributed Detection Algorithms
	Binary Integration
	Distributed Noncoherent Integration


	Performance Analysis
	Introduction
	Optimal Local Detector
	Binary Integration
	Randomized Global Thresholding
	Detection Performance Curves

	Distributed Noncoherent Integration
	Communication Performance

	Simulation Framework
	Conclusions
	Future Works

	REFERENCES
	Conditional Likelihood Ratio
	Distribution of a Sum of Shifted Exponential Random Variables

