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Abstract—This paper deals with the joint detection and
localization (JDL) problem in distributed monopulse radars
considering communication constraints. Initially, we devise a JDL
algorithm with unlimited communication rates (JDL-UCR) to
realize multi-target detection and localization by directly utilizing
raw sampled signals at the fusion center (FC). Theoretically,
joint processing of raw data yields superior detection and/or
localization performance in distributed radars. However, the
extensive data transmission bandwidth required between each
local station and the FC is unfeasible, especially in wireless
communication-constrained environments. To tackle this chal-
lenge, leveraging the theoretical groundwork of the JDL-UCR,
we further propose a JDL algorithm with an efficient censoring
method (JDL-ECM). In this algorithm, we formulate a regu-
lar censoring rule and derive both closed-form and adaptive
censoring threshold expressions to effectively exclude the non-
essential data of each local station. Additionally, we establish
a three-step data updating operation to effectively retain the
informative data including moving targets as much as possible.
Consequently, the proposed JDL-ECM focuses on alleviating
the data communication burden while maintaining superior
detection and localization performance. Finally, we provide a
comprehensive performance analysis, employing both simulation
and real experimental data, to demonstrate the effectiveness of
the proposed JDL-ECM algorithm. The analysis showcases its
capability to achieve accurate detection and localization results
under stringent communication constraints.

Index Terms—Joint detection and localization, distributed
radars, communication constraints, censoring.
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Figure 1. Illustration of the distributed radars. We can see multiple targets
are surveilled by multiple radars through radiating electromagnetic waves, and
a fusion center (FC) communicates with the radars by bidirectional wireless
communication links under communication constraints. The FC will make full
use of the transmitted local log-likelihood ratio (LLR) data to implement the
JDL of targets and feed the global decisions back to the local stations.

I. INTRODUCTION

A. Background and Motivation

Recent advances in radar technology have spurred con-
siderable interest in distributed radar systems [1]-[4]. These
systems are being explored extensively for applications in
the civilian domain, including surveillance security [5], auto-
motive assistance/automated driving [6], and human activity
recognition [7]. Compared with a single radar, distributed
radars have a wider field of view to observe targets from
different angles. The resulting spatial and geometric diversity
can be leveraged to mitigate the scintillation of the radar cross
section (RCS) [8], [9], thus raising the performance of target
imaging [10], detection [11], [12], localization [13], [14], and
tracking [15]-[17].

Generally speaking, there are two main approaches to
realize target detection and/or localization in distributed radars.
The first approach is the two-step technique: firstly, prelim-
inary detection and estimation are performed at each local
station; then the obtained local decisions ‘0/1" and estimated
position measurements like the angle of arrival (AOA) [18]
and time of arrival (TOA) [19] are transmitted to a fusion
center (FC) [20]; finally, the FC realizes the global detection
by employing ‘AND’, ‘OR’, or ‘M out of N’ rules [21] and
localization via the pairing and triangulation of the extracted
parameters [22]. This approach requires a relatively low com-
putational burden and transmission bandwidth between local
stations and the FC. However, the corresponding performance



may drop significantly because of the simplified extraction
of raw data information, especially the occurrence of missed
detections and/or estimation errors at some local stations.

The second approach directly and jointly processes the
local raw observations (i.e., like the raw baseband echoes
or likelihood values observed by each local station) at the
FC for target separate detection [23]-[26], separate (direct)
localization [27]-[32], and joint detection and localization
(JDL) [33]-[39]. Separate detection research mainly focuses
on investigating detection performance on a single grid. Direct
localization achieves localization without detection by utilizing
maximum likelihood (ML) estimation of the target’s location
within an inspected region that encompasses many grids.
Meanwhile, JDL research is dedicated to implementing simul-
taneous detection and localization of targets, whose actions
are also undertaken on location grids of an inspected region.
Technically, these approaches make full use of received signal
information for detection and/or localization without the need
for local decision fusion or target-measurement association,
as in the former two-step approach. It also results in more
robust detection and/or localization performance, especially in
low signal-to-noise ratio (SNR) scenarios. However, it is not
practical to transmit the large amount of data from each local
node to the FC especially when the communication constraints
are considered. Therefore, signal processing methods based on
low communication burden are imperative. The current works
that meet the aforementioned requirement can be classified
into three categories, as outlined in the following:

o The first category is related to the applications of com-
pressed sensing (CS) for distributed radar systems [38],
[40]-[42], which aims to accurately reconstruct data
from significantly fewer samples than the Nyquist rate.
It is demonstrated that both the sparse modeling [40]
and recovery techniques [41] can reduce the amount of
data samples for direct localization, respectively. A dis-
tributed CS based joint detection and tracking algorithm
is presented in [42]. Besides, [38] proposes a CS based
framework to realize the enumeration and localization of
targets under a lower communication load.

e The second category is the data quantization meth-
ods [31], [43]-[46] that measure the raw baseband echoes
or likelihood values of local stations at a lower bit depth.
The study of [43] consider the quantization-based de-
tection in bandwidth-constraint wireless sensor networks.
The works in [44] and [45] investigate the multi- and one-
bit detection for multiple-input multiple-output (MIMO)
radars, respectively. In [31], a low-bit direct localization
algorithm is proposed by employing ML estimation. Ad-
ditionally, [46] introduces the implementation of hybrid
quantized detection within distributed radar systems.

o Differing from the former two categories, the third cat-
egory is related to censoring strategies that only trans-
mit a part of local observations to the FC for data
fusion [47]-[53]. The studies in [47], [48] show that
for conditionally independent sensor data, transmission
occurs only when the local log-likelihood ratio (LLR) ex-
ceeds the ‘no-send’ interval boundaries, as supported by

both Neyman—Pearson and Bayesian frameworks. Spatial
dependence among sensor data [49] and uncertainty noise
power [50] are considered in the distributed detection
for censoring sensor networks. Two-stage constant false
alarm rate (CFAR) detectors based on censoring method
are investigated in [51] for distributed radar systems. The
research in [52] also employs censored observations to re-
alize decentralised detection in multistatic radar. Besides,
the censoring strategy is applied by [53] to realize the
distributed detection of sparse signals in energy-limited
clustered sensor networks.

These categories require processing raw observations or
likelihood values at each radar before data transmission. Note
that in the delay-dimensional data, after matched filtering
or LLR calculation, many delay bins are noisy and target-
free. Under low data transmission requirements in distributed
radars, particularly with communication constraints, censoring
becomes crucial. This approach focuses on censoring most
non-essential data while retaining informative data, including
target information, which is a key focus of our study. More-
over, the presence of multiple targets with varying RCS sizes
presents additional challenges for the application of censoring
methods. Specifically, weak targets may be adversely affected
by stronger ones, leading to misdetection in low-SNR scenar-
ios and performance degradation. Thus, a nuanced censoring
approach is necessary. In this study, we aim to develop an ef-
ficient censoring method that enhances the informativeness of
limited transmission data, thereby enabling high-performance
detection and localization of multiple moving targets with
stringent communication constraints. To the best of our knowl-
edge, the problem of minimizing data transmission through a
censoring strategy incorporating feedback from the FC to local
radars in the context of multi-target JDL within distributed
radar systems has not yet been addressed in the existing JDL
literature.

B. Main Contributions

Based on the above research background and motivation,
this paper investigates the JDL problem in practical dis-
tributed monopulse radars under communication constraints.
We first devise an algorithm to realize the JDL of multiple
targets with unlimited communication rates. Building upon this
theoretical foundation, we further propose another algorithm
tailored for the communication-constrained environments. Fi-
nally, we verify the effectiveness of our proposed procedures
by the simulated and real experimental data with practical
frequency-modulated continuous wave (FMCW) waveforms.
More specifically, the main contributions can be summarized
as follows.

1) We devise the JDL with unlimited communication rates
(JDL-UCR) algorithm. Upon formulating the JDL prob-
lem as a composite multiple hypotheses test directly
applied to the raw sampled signals, we first elaborate
on a multi-target generalized likelihood ratio test (GLRT)
detector which can realize the simultaneous detection and
localization of multiple targets. However, it is computa-
tionally demanding in practical applications as it requires



prohibitive high-order search. Then, a low-dimensional
solution is employed to simplify the high-order search
problem to a series of two-dimensional search problems.
Next, the complete obtained LLR values of the local
radars are transmitted to the FC for global decision,
assuming the communication-rate upper bound between
the local stations and FC is unlimited. Finally, the targets
will be extracted one by one, thus realizing the JDL of
multiple targets with unlimited communication rates.

2) We then propose the JDL algorithm with an efficient
censoring method (JDL-ECM) under communication con-
straints. Considering the specific limited communication
rates between each local station and the FC, we formulate
a regular censoring rule and derive both closed-form and
adaptive censoring threshold expressions to filter out most
parts of the LLR values and retain relatively informative
data. Then, we establish a three-step data updating op-
eration. The first step employs the previous-frame global
estimated locations and velocities of targets (if detected),
which were fed back from the FC to local stations,
to make location predictions and extract parts of the
current original LLR data. Besides, two steps containing
transmission space freeing and data vectors combining
are designed to produce an updated informative LLR data
vector while avoiding the data transmission exceeding the
communication constraints. Finally, the updated vectors
are transmitted to the FC and a new global decision rule
is designed for the iterative detection and localization of
multiple targets.

3) We provide a comprehensive performance analysis con-
ducted using both simulation and real experimental data
to verify the effectiveness of our proposed procedures. On
the one hand, we provide simulation analysis including
the detection and localization performance analyses under
both the single and multiple moving targets cases. Sim-
ulation results show that the proposed JDL-ECM, which
operates under stringent communication constraints, can
achieve performance close to that of JDL-UCR without
any communication constraints. On the other hand, two
real experimental scenarios, one involving a strong or
a weak target and the other involving two targets, are
designed to demonstrate the feasibility of the proposed
algorithm in practical operations. The analyses also re-
veal that the performance of the proposed algorithm is
particularly robust, especially in low-SNR cases.

The main distinctive differences between this paper and re-
cent works on communication constraints in distributed radars
are summarized in Table I. The results clearly demonstrate the
advantages of this work in addressing the practical demands of
detecting and localizing multiple moving targets for distributed
monopulse radars under communication constraints.

Besides, the closest related works include [35], [36], [39].
Significant differences exist in the employed models, con-
sidered problems, and employed techniques, as summarized
in Table II. Specifically, [35] investigates the JDL problem
of multiple stationary targets in distributed monopulse radar
systems, while [36] develops subspace-based JDL algorithms

Table 1
COMPARISON BETWEEN THIS PAPER AND RECENT WORKS ON
COMMUNICATION CONSTRAINTS IN DISTRIBUTED RADAR SYSTEMS

Moving Multiple

Ref. Detection Localization Target Targets Method
[40], [41] X v v v CS
[38] X v X v/ CS
[44], [46] v X v, X X Quantization
[31] X v X X Quantization
[51], [52] 4 X X X Censoring
This Paper v v v v Censoring

to mitigate sidelobes masking effects in these systems. The
work [39] investigates the JDL problem of multiple moving
targets in distributed multi-pulse radars. These works assume
that radars transmit complete received baseband signals [35],
[36] or delay-Doppler LLR data [39] to the FC without
considering any communication constraints. In contrast, this
paper centers on designing an efficient censoring framework
that maintains high detection and localization performance
of multiple moving targets under stringent communication
constraints. It should be noted that, the key contribution of this
work is not the detailed implementation of JDL of multiple
moving targets, but to design an efficient censoring method
to decrease the transmitted data amount as much as possible
when the strong communication constraints between the FC
and the radars are considered, while enabling consistent high
detection and localization performance compared with the
case of no communication constraints. In Table II, it can
be seen that the works [36], [39], and this paper investigate
different problems which were not solved in [35]. To solve
the communication-constraint problem, designing an efficient
censoring method in this paper offers sufficient novelty and is
not covered in the closest related works.

The remainder of this paper is organized as follows'. In
Section II, we present the system and signal model. Section
III devised the JDL-UCR algorithm and computes the high
communication rates between each local radar and FC. Sec-
tion IV describes the proposed JDL-ECM algorithm. Section
V presents the performance assessment including simulation
analysis and experimental tests. Finally, the conclusions of the
whole paper are provided in Section VI.

II. SYSTEM AND SIGNAL MODEL

As illustrated in Fig. 1, we consider a distributed radar
system with N local stations located at {a,, } . € R? and

n=

P point-like targets [54] initially located at 6, € R? with
velocity v, € R? (p = 1,...,P, where P is an apriori

I owercase boldface letters are used to denote column vectors, while
uppercase boldface letters denote matrices. The operations of conjugation,
transposition, and conjugate-transposition are represented by (- )*, (-) ', and
(-)*, respectively. The notation cat{a1,...,ay} is used to form an MY -
dimensional vector by concatenating the M -dimensional vectors {an}zzl.
The M x M identity matrix is denoted as Iys. The symbols 3, ®, and + stand
for the imaginary unit, the Kronecker product, and the pseudoinverse operator,
respectively. Finally, [-], || - ||, E{-}, and & (-) represent the ceiling function,
Euclidean norm, statistical expectation, and impulse function, respectively.



Table 11
COMPARISON BETWEEN THIS PAPER AND THE CLOSEST RELATED WORKS

Features Ref. [35] Ref. [36] Ref. [39] This Paper
Signal Model Monopulse Monopulse Multi-Pulse Monopulse
The Mobility of Multiple Targets Stationary Stationary Moving Moving
Sidelobe Masking Effects Omitted Considered Omitted Omitted
Grid Search Location Region Location Region Locatlori{:eigic(l):eloaty Location Region
Communication Constraints Omitted Omitted Omitted Considered
unknown variable)?. It is supposed that the stations share a where 0 < t < Tpiis Tpi is the duration of a PRI, and E

common time reference’, employ different carrier frequencies

{ fﬁ}ﬁ[:l to avoid mutual interference [56], and can observe
all targets in the common viewing area. An FC communicates
with each station by bidirectional wireless links (e.g., standard
half-duplex communication) which are considered to be rates-
limited under communication constraints without any other
influences. Besides, the calibration problems (e.g., mutual
coupling, phase mismatches) of radar antennas are assumed
to be perfectly solved in this system.

A. Transmit Signal

Firstly, we assume that the waveforms {z,,(t)})_; with a
bandwidth B are time-limited to [0, T, satisfying the property
fmaxT < 1, where T is the modulated duration and fr.x > 0
is the maximum magnitude of the Doppler shift in any target
echo. This property implies that the Doppler shifts in the
received echoes can be neglected, which is also the typical
case observed over a single pulse repetition interval (PRI) in
pulse radars [28], [36], [38], [57]. The waveforms are assumed
to have thumbtack auto-correlation functions [31], [35] and
be approximately orthogonal between each other for the time
delay 7 of interest* [28], such that

/ xn ()t (t—71)dt = 0,n #n'. (1)
T

Then, the complex baseband transmit signal of the n-th
station is denoted by

50 (t) = VE/Na, () W (1) @)

2This paper focuses on the JDL for distributed radars under communication
constraints, considering a two-dimensional Cartesian coordinate system with
monopulse signal model. The three-dimensional and multi-pulse (consider
Doppler shifts) cases are extensible but will not be studied in this work.

3In order to ensure that the target’s echo signal can be accurately aligned
between different radar stations in distributed radar systems, the time syn-
chronization error is assumed to be smaller than 1/(2B) (within a range
resolution bin) [55], where B is the signal bandwidth. For example, for
systems with a range resolution within a few meters, the time synchronization
accuracy should be within 10 nanoseconds. For systems with higher resolution
requirements, the time synchronization accuracy may be required to be less
than 1 nanosecond.

#Attaining perfectly orthogonal waveforms may not be feasible solely
through waveform design techniques in practice. However, our goal is to derive
closed-form mathematical results within the JDL framework for multiple
targets. While we anticipate potential localization performance degradation
due to significant sidelobes, this aspect will not be examined in this study.

represents the total transmitted energy; W (t) is a rectangular
window, i.e.,

1, O<t§Tpri

W) =1

3)

otherwise.

We assume that the duration of one frame Tj,ne includes
one PRI and also allocates an idle duration Ty, for data
processing and transmission, i.€., Tame = Tpi + Tigle. The
baseband transmit signal is first generated and then undergoes
upconversion, where it is mixed with a local oscillator signal to
modulate it to a higher radio frequency (RF) carrier frequency
f2. Therefore, the transmitted signal of the n-th station can
be written as R {3, (t)e?2 /],

B. Continuous-time Received Signal

The received signal, which was reflected upon P targets,
observed, downconverted and quadrature demodulation by the
n-th station, can be represented as

P
() =Y G pbn (t— Top) e T LB, (1) (4)
p=1

where @, , is the complex reflection coefficient, the time delay
Tn,p €an be calculated by

Tnp = Tn(0p) = 2|z — 0, /c )

where c is the speed of light, the additive noise w,,(¢) is usu-
ally modeled as a circularly symmetric, zero-mean, complex
Gaussian white noise [58], i.e.,

{E [, (£)] = 0

E [, (), (t)] = 050 (t —t')
where 0 < t/ < Tpi and 012;} is the noise intensity. It is assumed
no targets are falling into the same delay resolution bin at each
local station, i.e.,

(6)

1
min min Tn(60p,) — Tn (6 >—=, (7
i i [T Bp) = a(0p)] > . D)
P17#P2

and this assumption is called fully-separable in this work.

Then, we employ the n-th transmitted waveform x,,(t)
to make matched filtering, and the continuous-time received
signal at the n-th station can be output as

P
rn(t) = Z QU pSn, (t— T p) + Wi (t) (8)
p=1



where v, , = G, pe 92 feTnr; 5, (t) represents the matched
filtering output function of 5,(¢) by employing z,(¢), it
exhibits a narrow-pulse characteristic in the time domain, and
the auto-terms s, (¢t — 7) and s, (t — 7') are orthogonal, i.e.,

/ sp(t—T)sk (t—7")dt = 0,7 # 7. 9)
T,

pri

The noise term wy,(t) after matched-filtering is still the in-
dependent zero-mean white Gaussian property [31, eq. (10)]
because of the assumption of thumbtack auto-correlation func-
tion, its intensity is denoted as o2 .

C. Discrete-time Received Signal

Finally, the continuous-time received signal r,(t) in (8)
within a PRI duration will be sampled by a sampling inter-
val T,. Then the overall baseband processing is completed,
we can obtain M = [T/T,] samples of delay-dimensional
observations in one frame Tiame, 1.€.,

P
Tp =Y npsn(6y) + Wi (10)
p=1
where
r, = [rn(Te)w";rn(MTs)]T ECM; (11)

$n(0p) = Sn,p = Sn(Tnp)

=[50 (Ts = Tp) s+ s S (MTy — 7,)] " € CM,
(12)

Wy = [wn(Ts)v"'awn(MTs)}T GCM; (13)
and wy, [m] ~ CN (0,02), m = 1,...,M. In this work,
the unknown target number is assumed as P < M, the
noise variance U?U is assumed known, and w,, is a complex
circularly-symmetric white Gaussian vector with covariance
R, = 021y, ie, w, ~ CN (0,R,). This model is well-
suited for homogeneous environments, such as air-search
mode. In more practice, the unknown noise covariance matrix
can be estimated by using secondary data [23], [59].

In the following sections, we will introduce the procedures
of JDL with different cases under unlimited or limited com-
munication rates.

III. JOINT DETECTION AND LOCALIZATION WITH
UNLIMITED COMMUNICATION RATES

In this section, we aim to jointly detect and localize multiple
targets without any communication constraints between each
local radar and the FC. Firstly, we elaborate a GLRT detector
for the distributed radars to detect and localize multiple targets
simultaneously, but it is computationally intractable. Then, we
employ a successive interference cancellation (SIC) solution
to solve the high-computational problem. Finally, we analyze
the computational of the high-dimensional GLRT detector and
the low-dimensional solution, and then the calculation of the
actual occupied communication rates is also given.

A. Multi-Target GLRT Detector

It can be seen from (10) that the delay-dimensional obser-
vations r,, is the noisy superposition of the signals originated
from P targets, where P = 1,..., Py and Ppax > 1
is the assumed upper bound of the unknown prospective
target number. Thus we can consider a composite multiple
hypotheses testing problem, namely,

Ho:rp,=wWp, Vn
Hi: rp =an18,(01) + Wy, V1
. (14)

HPo * Tn = 25:? U pSn(0p) +Wn, V1

where H, is the target-absent hypothesis and Hp is the
hypothesis that P targets are present (for P = 1, ..., Ppnax). AS
customary, we assume that the prospective targets are located
on finite ()¢ grids [26], [60] in the inspected location region G,
and the grids are uniformly-spaced and have an inter-element
spacing A, < ¢/2B in the inspected region, i.e., 8, € G, Vp.
Here, we denote v, 1.p = [n1,...,0, p]! as the vector
of unknown complex reflection coefficients. Additionally, we
denote 01.p = cat{@y,...,0p} € Gi.p as the vector of
unknown locations of the actual existing targets, where

gl:P = {Cat{017 .. .,0]3} € gP :

min min Tn(0,,) — 7,(0 > 1 B}
(pl,pg)e{l,---,P}Z TLE{l,...,N} ‘ ( Pl) ( Pz)‘ /
P17#£P2

5)

is the set specifying all possible positions of the targets.
Here we analyze the distribution of the signal vector r,
under different hypotheses, i.e.,
HO ry C./\/ (0, Rn)
Hp 1), ~ CN (Z;D:l a7l,pSTL(0p)a Rn) ,
where P =1,..., Ppax-

The probability density function (PDF) of r,, can be written
as [12], [23], [35], [37], [59]

(16)

plrn | Ho) = exp {~(r) "Ry} ()

1
M det (R,,)
and

p(r, | 01.p, @n1.p, Hp)
: H
- mexp{—(rn —Spiromyr) (18)

XRﬁl (rn - Sn,l:Pan,l:P)}

under the hypotheses Hg and Hp, P = 1,..., Phax, respec-
tively, where S, 1.p = [8,(01),...,5,(0p)] € CM*P and
Sn71:Pan,1:P = 25:1 Oén)psn(ep).

Remark 1. The derivations of (17) and (18) are valid for
the given complex circularly-symmetric white Gaussian noise
assumption, which imposes the uncorrelated property of the
real and imaginary components and consequently yields a
diagonal covariance matrix R,,. The noise assumption, along
with the same PDF structures, has also been widely adopted
in prior works, including [12], [23], [35], [37], [59].



To get the estimation of 6;.p, the LLR function [61] is
derived as:
p(ry | 01.p,p 1.p, Hp)
p(ry | Ho)
:rfL{RElSn,l:PO‘n,l:P + aﬁLPSﬁLPR;lrn

hl ﬁ(rn ‘ 01:Paan,1lp) X 11’1

- arI;{l:Psf,l:PRr_LlSn,l:PanJ:P-
(19)
We denote the maximum likelihood (ML) estimate of
Qu, 1:p aS Gy 1.p, Which can be calculated by

0
——mnL (rn | 01:137 an,l:P) =0. (20)
6Oén71;p Qn,1:p=0p,1:P
Then, é,,1.p can be obtained in closed-form [35], i.e.,
. _ + _
an1.p = (S pR, Su1p) S pR, T 1)

After plugging (21) into (19), the LLR function can be

rewritten as
InL(r, | 61.p,én1.p) =rIR, 'S, 1.p (551 pR_1
xS,.1.p) " SH R

Given the uncertainty of the target number P, we employ a
generalized information criterion (GIC) [62], [63] to estimate
both the number and locations of targets. The estimates of the
number and locations of targets, denoted by P and HAL p=

(22)

cat{él, R 0 p}» respectively, can be derived as follows:
P = arg max GIC(P) (23)
Pe{0,..., P}
where
N
> lap(ry | Ho), P=0
n=1
GIC(P) - max Z ln£ I‘n ‘ 91 Py an 1: P) (24)
0..p€G1.p
—NPy, P>1,
and

0, p = argmax Zlnﬁ (rn [0, 5, an) — NPn, (25)

0,.p€91.p n—1

if P>1.In (24), n is the penalty factor set to satisfy a given
probability of false alarm P, = Pr(reject Ho|Ho)-

Hence, from (23), (24), and (25), we can see that a high-
dimensional search for estimating the unknown target number
P and locations 61.p € Gp.p is implemented. Once P is
declared by (23): if P >1, the corresponding locations 91; P
will be output; otherwise, no targets are declared.

Remark 2. The multi-target GLRT detector can theoretically
realize the simultaneous detection and localization of targets
and output their estimated number and locations at once.
However, it is computationally prohibitive in practical imple-
mentation as it is devoted to solving the joint maximization
task of (Qg)Y (P = 1,...,Pny) grids, ie., calculating
maxg,,,cg,.p in (24). In Section III-B, a low-dimensional
solution will be introduced to simplify this high-dimensional
search problem. Besides, Section III-C1 provides the compu-
tational comparison of the high- and low-dimensional ways.

Remark 3. In the high-dimensional case, only the delay-
dimensional observations r,, are suitable for transmission from
each station to the FC for data fusion. Since an extensive
search over P and 6;.p € G;.p need to be performed at
the FC, different possibilities of P and 6y.p will result in
different sizes of S, 1.p and corresponding LLR values of
(22). It is impractical for the high-dimensional case to generate
the LLR data with different possibilities at each local station.
Instead, the low-dimensional solution in the next subsection
involves generating standardized and discrete LLR data and
transmitting them to the FC.

B. Low-Dimensional Solution

In this subsection, a low-dimensional solution will be in-
troduced. The joint maximization task of (Qg)¥ grids in the
high-dimensional detector will be partitioned into P separate
optimization problems of Q)¢ grids. Given the fully-separable
assumption in (7) and the orthogonal property” in (9), the
terms s, (60,,) and s,(60,,) satisfy the following condition
[35],

s (6, )R, 's,(6,,) ~0. (26)
Then, the matrix Sf) 1.pR, 1S, 1.p can be obtained as
Sn 1: PR"ElS”J:P
st R, sn 0 0
0 stoR sn - 0
0 0 st R, s, p
(27)
After plugging (27) into (21), we obtain
H p-1
R CH S W o4
Qnp = ——F—. 28
n,p Sngglsn,p ( )
Substituting (28) back into (19), we have
P
h’lﬁ (rn | 01:P> d'ml:P) = rer_Ll Z dnﬁﬂs”;P
p=1
(29)
i |SnH’pR;1rn|2
= L .
p=1 sﬁpR” Sn,p
Same as (25), we can have
élzp :cat{él,.. ép}
2
rTL‘
= arg max — NPn
6:.r€G1.p ;pz; ﬁpRn Sn,p
30
:argmaXZZ&L(Op)fNPn G0
0,.pr€G1.P p=1n=1
P
= arg max ZD (6,) — NPn

6:.p€G1.p p—1

5This orthogonal assumption neglects the effect of sidelobes in the auto-
correlation functions of practical waveforms, which had been investigated in
our previous work [36].



where

N
D(6,) = Zgn (6y) (31
n=1
and
st Ro'ra”
ln (6,) = (32)

sH Rn Sn,p

are the objective LLR functions of the p-th target location 8,
regarding all stations and the n-th station. It should be noted
that the targets 61.p € G;.p follow the relationship presented
in (7) and (15).

In practical implementation, given the unknown number,
amplitudes, and locations of multiple targets, we should extract
them from the objective LLR function regarding N stations
and all grid points within the inspected location region G, i.e.,

N
0-3ue=3 5 ?;

n=1 n=1 n

6cg. (33
The extraction implementation is given in (37). Before the
implementation, the LLR function £,,(0) can be calculated in
a standardized and discrete manner at the n-th local station
without considering the value changing of 6. More precisely,
the resulting original delay-dimensional LLR data vector L,
is discretely calculated by relating to different delay bins and
will be transmitted from the local station to the FC, i.e.,

L2 [Lo[1],Ln[2],..., Lalm], ..., L,JM]]T  (34)
where
Ly[m] =€, (0] 7)")
|s2 (7R x| (35)
ST R sa ()
for n = LN, m = M, and 77" = mTs.

Therefore, in practice, local stations can undertake a por-
tion of calculations and the FC will receive the LLR data
L, € CM n=1,..., N from different stations to make data
association. Then, (33) can be rewritten as

ZL [T (

Remark 4. In (36), the FC receives different LLR data vectors
L, € CM n=1,...,N and proceeds to perform LLR data
association. Given that the FC possesses knowledge about the
locations of local stations, for a specific grid 8 € G at the FC,
we can calculate [7,(0)/Ts] to determine its corresponding
values in different L,,. Then we extract and add them together,
thus the data association at the FC has been implemented.

0)/Ts1]],0 € G. (36)

At the FC, a location data plane can be generated by
traversing D (0) in (36) with different & € G. The challenge
we face now is how to extract multiple targets from this data
plane. Given the fully-separable assumption that no targets fall
into the same resolution bin at any station, an efficient method
to avoid simultaneous and extensive searching is to identify
the maximum LLR value at each iteration upon reducing
the impact of LLR data from other targets. Each iteration
extracts one target and estimates its location ép, p=1,..., P,

where P will be declared finally, thus realizing detection and
localization of every target. The detector can be computed as

é1;ﬁ = cat{fy, ... N
with 6, = argmax D, (6
b 0cg ) (7

<L > < max
s.t réleaé(Dp(B)_d), p< P,

where 1) is the detection threshold set to obtain a desired
constant false alarm probability, namely,

Py, = Pr(%laéc D(6) > ¢ | Ho), (38)
€
and D, (0) denotes the p-th updated LLR function.
Here the iterative extraction and estimation of targets can

be elaborated by multiple steps:

1) Step 1: At the p-th iteration, traverse D, (0) (p =
1,..., Pmax and Dy () = D (0)) with different 6 € G,
thus generating a location data plane including Q¢ grids;

2) Step 2: Find the maximum value of the location data
plane. If it exceeds the preset threshold 1), the p-th target
is declared and the corresponding location 8, will be
extracted as its estimation ép;

3) Step 3: Remove the data of the identified target within
a delay resolution bin and generate a new LLR function
to extract the (p + 1)-th target, i.e.,

Dp+l(0) =
e ) A (39)
=D(6) =YD i (6.6:),
n=111=1
where
A\ — Ln”Tn(O)/TSHa 0 cB, 0§é
o <9’0”> B { 0, 0th<ers p>
(40)
and
B (0:0,) = {6]17.(0) —7.(8,) [<1/B.0 € G}
41

4) Step 4: Repeat the previous steps until the maximum
value does not exceed the threshold or p exceeds Ppax.
Finally, output the estimated number of targets P= p—1
and all estimated locations OAL pe

As a result, the JDL-UCR employing the low-dimensional
solution has been elaborated. The joint maximization task
of (Qg)¥ grids in the high-dimensional detector has been
partitioned into P separate optimization problems of Qg
grids. For the reader’s sake, the overall structure is shown
in Fig. 2(a).

C. Discussion

1) Computational Analysis: We assume that the matrix
R, ! and the whitened measurement R, 'r, are precom-
puted and stored in dedicated memory. First, we analyze the
computational expenses of the high-dimensional multi-target
GLRT detector. Assuming there are P targets, the calculation



of the LLR equation in (22) for each station incurs a cost
of O(PM? + P2M + P?) floating point operations (flops).
Consequently, the total cost for computing the ML detection
and estimation in (25) for N stations and the inspected (Qg)?
possibilities is at least O (N (PM?+P>M+P3)(Qg)"") flops.
Since P is unknown and needs to be estimated, the computa-
tional expenses will increase exponentially as P increases.

Instead, for the low-dimensional solution, the primary factor
computational expense is driven by the calculation of the
objective LLR function D(8) in (36). The computational load
of (35) is bounded by (Q(MZ) flops. Given that L,, in (34)
contains M points, the total computational load for computing
the LLR data matrix at all local stations is O(NM?). At the
FC, the cost for computing D(0) regarding N stations and the
inspected Qg grids is O(NQg) flops. Additionally, updating
the objective LLR function at each iteration incurs O(N Qg)
flops. Finally, considering there are P times of potential loops,
the total cost for computing the low-dimensional solution is
at least O(NM?® + NPQg) flops.

Comparing the two computational analysis results, i.e.,
(’)(N(PM2 + P2M + P3)(Qg)P) and (’)(NM3 + NPQg),
it is obvious that the low-dimensional solution requires much
less computation and will be better for the practical imple-
mentation of JDL of multiple targets.

2) Communication Rates Analysis: Here we analyze the
communication rates between each radar and the FC when
employing the JDL-UCR with low-dimensional solution. We
assume the LLR data in (34) will be re-quantized by v =
Y1 + 72 bits per point before transmission, where ; and
72 quantize the index of each delay bin and the amplitude
of corresponding sample, respectively. It is known from the
previous system and signal model texts that the duration
and total number of samples per frame are Tfyuye and M,
respectively. To ensure the real-time nature of information
processing, as illustrated in Fig. 3, it is assumed that once the
received signals of each PRI are obtained, the data processing
at each radar, LLR data transmission, and global decision at the
FC are completed within the time Tfame = Tiocal + Liran + TFCs
where Tjo, is the time for local signal processing, Ty, for
data transmission, and Tgc for global decision. Therefore, the
actual communication rates per second between the n-th local
radar and the FC are

M
WTLLJCR =27 bps.

tran

(42)

IV. JOINT DETECTION AND LOCALIZATION WITH AN
EFFICIENT CENSORING METHOD UNDER COMMUNICATION
CONSTRAINTS

In this section, we propose a JDL-ECM algorithm to realize
high detection performance and localization accuracy under
the environment of communication constraints between each
local radar and the FC. Fig. 3 presents the timeline of the
signal processing and data transmission for one frame. It
should be noted that, when the communication constraints
appear between local radars and the FC, it is difficult to
transmit complete LLR data within 7T,,. Therefore, it is nec-
essary to compress the data to accommodate the constraints.
Then we devote to devising an efficient censoring method to
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Figure 2. The illustrations of the JDL-UCR algorithm, the JDL-ECM
algorithm, and the detailed content of the efficient censoring method. This
method contains two main parts: regular censoring and data updating. The
data updating part contains three steps: original data extraction, transmission
space freeing, and data vectors combing.
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Figure 3. The timeline of the signal processing and data transmission for
one frame when the JDL-ECM/JDL-UCR algorithms are employed (Omit the
contents in the rectangles when employing the JDL-UCR algorithm).

compress the LLR data, and the decision information of the
previous frame is leveraged to make the retained small parts
of LLR data more informative. Consequently, this approach
realizes the advantages of low-rate communication and high-
performance detection/localization of multiple targets.

For the reader’s convenience, Figs. 2(a) and (b) report



the structures of the JDL-UCR and JDL-ECM algorithms.
Unlike the JDL-UCR, which transmits the complete origi-
nal LLR data, the JDL-ECM uses efficient censoring and
information feedback to filter most LLR values and transmit
only the retained informative data to the FC, in line with
specific communication rates. The efficient censoring method
in Fig. 2(c) has two main steps: first, applying a CFAR-based
censoring rule to preprocess LLR vectors and keep only low-
rate informative data; second, utilizing previously estimated
target locations and velocities fed back by the FC to enhance
the effectiveness of the retained data in the current frame.

To establish a premise, we assume T, < WYR is the
constant limited communication rate between the n-th local
radar and the FC. To make full use of the limited rate, we
define a data retaining percentage to compress the complete
data required by the JDL-UCR, which is calculated by

Pren = Y0/ WUR % 100%. (43)

Then, the upper limit on the number of samples (their values
are also quantized by < bits), which could be retained per
frame and transmitted to the FC during the LLR data trans-
mission time 7y.,,, can be outputted as

V;e,n = LMPre,nJ . (44)

Besides, it is assumed that -3 bits are required to quantize
the feedback information per frame, e.g., the estimated lo-
cations and velocities in the feedback information set C =
{(él,ﬁl),...7(ép,ﬁp)}, which is generated by the FC at
each frame. The small-volume feedback information at the
FC is assumed to be fully fed back to the radars within
sufficient time allocated in Tgc and under the communication
constraints®.

A. Regular Censoring

Now we face the censoring problem of the original LLR
data L ( ) at the k-th (k=1,..., Kpax) frame, where K.
is the assumed total frames number used for performance
analyses, we formulate the following regular censoring rule:

5 Lk ‘ £ |LP[m ‘ (k)
LiPIm] = ] Prm o m. (45)
null, else

where null is defined as ‘empty’,

transmission, E%k)[m] e Ly,

B £ (L0

i.e., no quantization and

LB m], ... (46)

n

ST

is the remained LLR data after censoring, and p;@n is the
censoring threshold for the m-th element of LLR data at the
k-th frame and the m-th local radar. Briefly, this rule is to

establish adaptive censoring thresholds and filter out the data

which can’t exceed. Therefore, the relationship between p;’“Z,L

6Since feedback process only transmits 3 bits per frame to each
radar, its transmission can be finished under communication constraints
if enough time is reserved in Tgrc. Moreover, the allocation of process-
ing/transmission/decision times (7jocal/Ziran/Trc) in Fig. 3 depends on the
system hardware’s processing performance. It is left to the engineers respon-
sible for implementation and is beyond the scope of this paper.

and the data retaining percentage Py, in (43) is represented
as
(47)

Pre,n = Pr(|L$Lk) [m” 2 pgzlf’ngVka m)

Remark 5. Since P, is already known based on the given
limited communication rate Y, i.e., using (44) and (43), the
problem we face now is how to calculate the adaptive cen-
soring thresholds pn m,Vn m. The expected situation is that
the actual proportion of the retained non-null LLR data, after
being censored by pg?n,Vn,m, can be stable and perfectly
matches the given data retaining percentage at each frame, so
that the informative data can be retained as much as possible
under communication constraints.

Remark 6. To achieve this expected situation, we employ
the CFAR detection method to treat the given data retaining
percentage P ,, as the local false alarm probability. It ensures
the number of false alarms aligns with the expected retained
value Vi, (e.g., for M = 1500 and P, = 2%, Vier, =
| M PreynJ = 30). Given the assumption P < M, the detected
targets minimally impact the actual retained data count. If the
actual number exceeds the upper limit, Step 2 in the next
subsection will filter out smaller points to maintain the cap.
Thus, the mixed false alarms and detected target points will
be retained with non-null amplitudes in (46). Consequently,
the problem of calculating adaptive censoring thresholds is
converted into determining low detection thresholds based on
a specified high local false alarm probability, addressed in the
following Propositions.

Proposition 1. Given the thumbtack auto-correlation assump-
tion of waveforms (i.e., the orthogonal property in (9)), the
known noise covariance R,, = JfUI M, the original LLR data
LEZ“ ), and the data retaining percentage Py ., the closed-form
censoring thresholds will be determined as

k) — In Pre,nv

f)7t,77L
form=1,2,.... Mandn=1,...,N.
The proof of Proposition 1 is given in the Appendix A.

(48)

Proposition 2. When the waveform assumption is relaxed
or a homogeneous environment with unknown noise covari-
ance is considered in practice, deriving closed-form censoring
thresholds becomes challenging. In this case, the widely used
cell-averaging CFAR (CA-CFAR) detection method in [64]
can be employed as an adaptive censoring rule. Given the
original LLR data L,(lk), data retaining percentage Py ,, and
the assumed number of one-sided adjacent reference cells
D, the adaptive censoring thresholds can be determined as
follows:

D
P00 = | Pei? = 1) S (L fm — d) | + [P [ + d) ),
d=1
(49)
form=1,2,....Mandn=1,...,N.

The proof of Proposition 2 is given in the Appendix B.

B. Data Updating

From the previous section, we can see the LLR data can
be regularly censored by the CFAR-based censoring rule,



only retaining the relatively informative data. However, the
informative data may not be effectively extracted especially
when the system is under low-SNR environment. Once the
target data of some paths are not extracted, it may have a
relatively large impact on global performance. At this time,
the global detection and localization results output by the FC
in the past few frames may provide good hints. We can feed
back the estimated locations and velocities (if any targets were
detected by the FC at the past several frames) to each radar
for the updating of the retained data INJSZC), making the final
extracted data more informative.

Before proceeding with the data updating, a point that
should be considered is that the targets are moving with
constant velocities. Therefore, the targets at the current frame
may not be located at the bins corresponding to the previous
estimates, and we should make location predictions based on
the estimated locations and velocities of previous frames at
each local station. To proceed, we denote the feedback set of
estimated locations and velocities of the detected targets at the
i-th ¢ =1,...,k—1) frame as

¢ = {00, 00),....60 80 )}, (50)
and denote the prediction set, which is original from the i-th
frame and predicted output for the current k-th frame, as

. (ki

) 5(k.i g (ki
B™ = (o), 6% (51)
where o . i
01()]“7") — 01()1) =+ (k — i)ﬂrameﬁ](nl) (52)

forp=1,...,PW.

Then, utilizing a sliding window length ¢ > 1 to represent
the number of previous frames for the data updating, we denote
the union of the prediction sets by

o k=1
r® ="y e <g
B(k},k‘fq) U B(k,qu%»l) U o U B(k‘.’k‘fl)7 k- > q

(53)
where the union symbol ‘() can make the same predicted
locations of different frames appear only once in T'(%),

As shown in Fig. 2(c), the data updating process in-
cludes three steps: original data extraction, transmission space
freeing, and data vector combining. The first step involves
extracting the current LLR data points corresponding to the
delay cells where the targets may be located. The second is
discarding several data points from fﬁ’ to make space for the
data extracted in the first step. Finally, the third step involves
the actual process of accommodating the extracted data.

For the sake of the reader, we also provide a simple and
typical example presented in Fig. 4. The detailed steps for
implementing the data updating process are as follows:

Step 1 — Original Data Extraction: Here we extract a part
of the original LLR data lek) of the n-th radar according to
the set ") ie.,

L m), if|mT, —7.(6) | <1/B

null,

LiPm] = . (54)

else
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Figure 4. A simple and typical example (Vie,n, = 6) to present the regular
censoring and the three steps of data updating: The red lines in the original

LLR data L%k) denote the LLR data points of four real targets, while the
blue lines in the I:%k) are the extracted current data points of targets based on
the information feedback. It can be seen that the results of regular censoring
lack the point (8 (see I:;H), while the previous detections lack the point &
(see Ilﬁf“ ). However, thanks to the data updating, we finally succeeded in
extracting them simultaneously (see A%k)). This is a common phenomenon
in the low-SNR scenario and is the reason why our algorithm can work well
under communication constraints.

V0 € T®) Vm, n, where f/slk)[m] e L™ and

L & [LO[].. LD O] 69
The motivation of (54) is to extract data of the current frame
from the delay cells that closely align with predicted locations
within the sliding window, specifically those falling within
delay resolution 1/B. Then, we keep the number of non-null
number in f;;k) not more than the upper limit V. ,,, i.e.,

Ly m] = F(L{Em), Viem, L), (56)
Vm,n, where F (-) is a residual function, defining
v, if v is one of the top ¢§ largest
F(v,0,A) = elements of the vector A (57)

null, otherwise.

Finally, we calculate the number of the extracted non-null data
in 1351’“), ie.,

M
Vi = ST (2 m] # nun) (58)
m=1

where Vf((ik)l < Vie,n due to (56) and the indicator function I (-)
evaluates whether the condition inside the parentheses is true
or false: If true, the result is 1; otherwise, it is O.

Step 2 — Transmission Space Freeing: We now have two
types of data: the first is the retained LLR data after regular
censoring, denoted as ]Z%k), and the other is the extracted
original data, represented as IZ&L’”, which must be ensured for
transmission and need to occupy Vfgkz positions. The challenge
lies in incorporating both types of data, as the non-null data in
Ilﬁf) may already be at or near transmission saturation due to



limited communication rates (i.e., only V., positions are al-
located for transmission). Consequently, it becomes necessary
to create free transmission space by discarding certain data
from f;%k) to accommodate the Vf((ik}l non-null data of f;%k).

Firstly, we extract the LLR data of IZ£Z“> outside
the corresponding positions of the non-null data in

Ilﬁf ), i.e., denoting the corresponding positions as null
and extracting other data into a new vector ES{“) £
=(k) =(k) =kl "
[:n 1,....28m,...,=¢ [M]} , where
i if 2 [m] # null
=0 ) = 10 " 59
w [ml {L%k)[mL else 7 o9

Vm, n. Then, we only keep the first vk = V}e,n—Vféfcz largest
values of = '"( ) and discard the remaining smaller elements by

assigning them as null, i.e.,

L) = F(EW ], Vi, EP),

n

(60)

Vm, n, where L [m] is the element of the produced new
vector

LO 2 [L®), .. LW, .. .,E;@[M]]T. 61)
Now the new produced vector i(k) only has V(k) non-null
numbers, free transmission space for accommodating the Vf(k)
non-null data of L% ) is created.

Step 3 — Data Vectors Combining: Eventually, we output the
final informative retained data vector Agﬁ) by incorporating the
data vectors IAJQC ) and Lﬁ,k ), which are respectively produced
in Step 1 and Step 2, i.c.,

AG) — £6) 4 £

where

L m], if L8 [m] # null and E(’“) [m] = null
APm] = LF[m), it L [m] = null and L [m] # null

(63)

Vm,n. It should be noted that the situation when L(k)[ ] #
null and Lgl )[ ] # null will not exist because of the opposite
definition operation in the first case of (59).

C. Global Decision and Thresholds Setting

At each local station, the retained non-null LLR data after
data updating of the k-th (k = 1,...,K) frame will be
re-quantized and transmitted to the FC for global de01sion
Here we assume the updated LLR vectors {A _, can
be exactly recovered in the FC without any 1nformat10n loss.
Then, the {A k)}n , can replace the {L,})_, in (36) and

if £ [m] = null and LY [m] = null,

(40). Leveraging the design methodology in Section III-B, the
iterative detector for JDL-ECM can be written as

A Ak 5(k
or =6, ... 6% 3
k) k
with 01(, ) = ar%en;ax Z[() ) (6) (64)
s.t. max Zlgk) (0) > V' (0p(0)), P < Prax-

0cg

In (64), the Z;(,k) (0) is the p-th updated LLR function at
the k-th frame and satisfies z(’“)(e) = 2" (@) if p=1 and

2 () = 2M) (g ZZX,(L{? (0,95’“’) Jif p > 2, (65)
n=11i=1
where
N
2W(0) = AP([7.(0)/T.]).0 €G. (66)
and
(k) k)
145 (0.0 = { A [ (@)/T11.6 € B, (6:657)
0, others.
(67)

The detection threshold v (g,(0)) will be employed under
the situation when there are p,(@) LLR values superimposed
in z}S’“(e). The positive integer p,(0) satisfies 01(0) =

SN T (A;’”[m(e) JT,]] # nuu) if p=1and

N

ZH(A I )/T]];énull)

n=1

N p—1

ZPZH( ") 9,6y £ null (68)
n=11

i=1
d 2" (0,6) £0) ifp=2.

Remark 7. In other words, there are N possibilities for the
threshold, ie., ¥'(0),0 = 1,...,N. We can construct a
vector @' = [¢'(1),...,4'(N)] to prepare for the threshold
selecting. It is worth noting that it is pretty difficult or even
impossible to obtain the analytical distribution of ZZ(,k) (0) due
to the complex function relation for these Gaussian random
variables. To ensure the global CFAR property, we adopt the
Monte Carlo simulation and the target-free experimental data
to compute each detection threshold of v’ in the simulation
analysis and experimental tests, respectively.

Then, the iterative detector for JDL-ECM in (64) will extract
the targets one by one, and the corresponding estimated target
location will be added to the estimated locations set @ (*) step
by step. When the detection procedure is finished, i.e., the
maximum value does not exceed its corresponding threshold
or p exceeds Ppax, then the estimated number Pk — p—1and
location set ©¥) can be obtained. Next, the target velocities
will be estimated at the FC by utilizing the relationships of
the output estimated locations in different frames. If £ = 1,
then denote ﬁ;"” = 0. If £ > 2, given the current estimated
location set ©(), we leverage the design methodology of
the Hungarian algorithm [65] to realize the association of



targets between the current and the previous frames, and
then calculate the estimated velocities. Specifically, for the
p-th estimated location él(yk) € " at the k-th frame its
corresponding velocity can be calculated as follows

f)z()k) = (éi(,k) — argmin Héz()k) Q) )/((k — i)Tfmme)
FIGY-10)
st.  min Héf(’k) 09\ <¢, p=1,...,P" k>2,
6 e

(69)
where i = 1,...,k — 1 and ( is the set distance threshold. It
should be noted that the index of the previous frame “7” will
be selected in descending order, i.e., from k£ — 1 to 1, and the
process of (69) will terminate once the estimated velocity 'ﬁ,(,k)

has been determined.

Remark 8. To estimate velocities in the distributed monopulse
radar system, which neglects Doppler shifts, target estimated
locations across frames are utilized. As targets may not be fully
detected in every frame, estimated locations from the current
and the previous k — 1 frame may be insufficient. Thus, the
system traverses earlier frames (from k& — 1 to 1) to associate
the previous and current estimated locations, enabling velocity
estimation for the current frame. Assuming the FC does not
know if target velocities are fixed, estimated velocities calcu-
lated from adjacent frames are prioritized to ensure accurate
LLR data retention for the (k+1)-th frame under the censoring
framework. This approach also indicates that the JDL-ECM is
also adaptable for the JDL of moving targets with variable
velocities under communication constraints.

Finally, the estimated locations and velocities at the k-th
frame will be added to the set

(k) A(k) A (k AR (K
c :{(Og ),’UE ))""7(053()@’”55()1-))}’

(70)
which will be fed back to each radar to update the set T'(*+1)
for the data updating of the next frame. The overall procedure
is summarized in Algorithm 1.

D. Discussion

1) Computational Analysis: Corresponding to Section
III-C1, the JDL-UCR employing low-dimensional solution
requires at least O(N M3 + N PQg) flops. In addition to
these, the JDL-ECM algorithm also needs to perform regular
censoring and data updating to obtain updated LLR data. The
computational load of the regular censoring at each station
is O(M ) flops. The data updating process includes original
data extraction, transmission space freeing, and data vector
combining, which incur the costs of O(PM ) flops (assuming
that P targets are detected and estimated in the previous g
frames), O(M log,(M)) flops, and O(M) flops, respectively.
Besides, the calculation of location prediction sets in (51)-(53)
requires O(q), while the velocity estimation in (69) costs at
least O (PQ) flops. Therefore, considering N stations, the total
cost for the JDL-ECM is at least O (N (PM + M log,(M))) +
O(NM?+ NPQg + q + P?) flops.

2) Communication Rates Analysis: Corresponding to Sec-
tion III-C2, in this case, the non-null data of the final updated
vector AS{“) in (62) will also be re-quantized by v = 1 + 72

Algorithm 1 Implementation of the proposed JDL-ECM al-
gorithm
1: provide The inspected location region G including Qg
grids, limited communication rate Y, quantized bit depth
~, detection threshold vector v)’, assumed upper bound of
the prospective targets number P, the original LLR data
L%k) (n=1,...,N), original feedback set é(k) = @, the
estimated target number P®) =0, the previous location
sets (:)(i),z' =1,...,k — 1, the distance threshold ¢ and
the union of the prediction sets T'(%).
2: if k =1 then

3. Compute Z®*) (0) from (66), (62), and (61), with
LY =z and V) =0

4: else ’

5. Compute Z(*) (@) from (66), (62), (61) and (55)

6: end if

7: for p=1,..., Ppx do

8:  Compute 2,2’”(9) and 9,(0) from (65) and (68)

9. if maxgeg 2 (8) > 1/ (0p(6)) then

10: Compute éz(,k) = arg max Z,S’“) (6) and PF) = p

11: else o<9

12: break

13:  end if

14: end for

15: for p=1,..., P%® do

16:  Compute 'Fjgk) =0

17:  if k£ > 2 then

18: for j=1,...,k—1do

19: Compute ¢ = k — j

20: if ming oo ‘ 0% _ || < ¢ then

21: Compute ﬁz(,k) from (69)

22: break

23: end if

24: end for

25:  end if Sk A(R) R

26:  Compute C " =C " U {(Hz(,k), f;,(,k))}

27: end for

. . (k
28: return P®) and C( ), which will be fed back to each
local station to update T'*+D from (53), (52), and (51)

bits per point before being transmitted to the FC within the
Tiran time. Then the actual communication rates per second
between the n-th radar and the FC, under communication
constraints (CC), can be calculated by

M
WSC = (Z I (A;k)[m] # nu“) 7) /Titan bPs. (71)
m=1
Remark 9. Although this paper primarily focuses on dis-
tributed monopulse radars, the proposed JDL-ECM algorithm
is also extensible to distributed multi-pulse radar systems by
incorporating Doppler shifts considerations. For instance, by
integrating with the signal model presented in [39], the algo-
rithm can also effectively censor transmitted delay-Doppler
LLR data through the utilization of location and velocity
feedback from the FC. Subsequently, the filtered LLR data



Table III
SIMULATION SYSTEM PARAMETERS

Parameter Value
Number of Radars, N 9

Carrier Frequency, { f2 T]yzl 75:0.5:79 GHz
Bandwidth, B 150 MHz
Sampling Interval, T 0.2 ps
Modulated Duration, T' 300 ps
PRI, Tpyi 300 ps
Frame Duration, Tfame 50 ms
Transmission Duration, Tiran 20 ms
Sample Points, M 1500
Range Bin 1m
Distance Threshold, ¢ 5m
Inter-Element Spacing, Ay 1m
Noise Variance, 02, 1

LLR Data Quantization Bits, vy (y1 + v2)
Quantization Bits of Feedback Data, ~3

80 (16 + 64) bits
160 bits / Frame
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Figure 5. The 3 km x 2.5 km plane involving 9 radars and an FC.

The radars are placed at @1 = (1000,500) m, z2 = (1250,350) m,
s = (1500,220) m, x4 = (1750,100) m, =5 = (2000,0) m,
@6 = (2250,100) m, x7 = (2500,220) m, xg = (2750,350) m, and
x9 = (3000,500) m.

can be transmitted to the FC, enabling high-performance target
detection and precise estimation of locations/velocities while
adhering to communication constraints.

V. PERFORMANCE ASSESSMENT
A. Simulation Analysis

In this section, simulation analyses are provided to demon-
strate the performance of the proposed JDL-ECM algorithm.
As an implementation example, we consider a distributed
monopulse radar system employing actual FMCW waveforms
[66], with the parameters in Table III and the geometry in
Fig. 5. Three cases are considered: Case 1 is the single
moving target case where Target 1 is initially located at
61 = (2000, 1000) m with velocity v; = (0,20) m/s; Case
2 involves three moving targets where Targets 1, 2, and 3 are
initially located at 8; = (2000, 1000) m, 62 = (2000, 960) m,
and 03 = (1960, 1030) m, with velocities v1 = (20, 20) m/s,
vg = (—20,20) m/s and vz = (0, 20) m/s, respectively; Case
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Figure 6. The relationship between the communication rates of a single station
and the frame number.
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Figure 7. Single Moving Target Performance: Py (left) and RMSE in the
position estimate (right) of Target 1 versus SNR1 when g = 3.

3 includes P (P > 3) targets, in addition to Targets 1, 2, and 3
of Case 2, the locations of P — 3 targets are randomly selected
around the three moving targets. To reduce the amount of grid
search, every 50 frames, all moving targets will be adjusted to
the velocities completely opposite to the previous 50 frames.
Therefore, all targets belong to the inspected location region
Y = [1950, 2050] x [950, 1050] m? with A, =1 m.

The probability of valid target detection (P4) and the local-
ization root mean square error (RMSE) are used as metrics
to assess the detection and localization performance [36]. The
global false alarm rate is set as Py, = 1073, and the results
are obtained by averaging over K,,x = 10000 frames. In the
following, three benchmarks are considered for comparison:

(a) GLRT clairvoyant detector (GLRT-CLA): the GLRT de-
tector with known location of target [26], [67].

(b) JDL-UCR algorithm: the algorithm proposed in Section
IIT when the system under no communication constraints.

(c) JDL with regular censoring method (JDL-RCM): the
JDL-ECM algorithm without considering the information
feedback, i.e., I'*) = @, Vk and ignoring the original
data extraction step in the data updating.

1) Single Moving Target Simulation (Case 1): Traffic Load
and Performance Comparison: According to the calculation
of (42), the traffic load of JDL-UCR is WYR = 6 Mbps.
Here we consider that the communication constraints between
each radar and the FC are T,, = 0.15 Mbps, Vn, i.e., the
corresponding data retaining percentage after censoring can
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Figure 9. Single Moving Target Performance: Py (top) and RMSE in the
position estimate (bottom) of Target 1 versus the limited communication
rates Y, (or the corresponding data retaining percentage Pre ) with different
sliding window length ¢ when SNR; = 5 dB.

be calculated using (43) as Pr, = 2.5%, and the sliding
window length of information feedback is set as ¢ = 3. Firstly,
we illustrate the relationship between the communication rates
of a single station and the frame number in Fig. 6. It can be
seen that the communication rates W€ required by the JDL-
ECM or the JDL-RCM can always meet the communication
constraints of 0.15 Mbps given by the system at the expense
of reduced detection and localization performance, which will
be investigated in the upcoming examples.

Then, the detection and localization performance of differ-
ent methods are shown in Fig. 7. We can first observe that the
P4 achieved by the devised JDL-UCR under no communication
constraints closely aligns with the GLRT-CLA. This initial
comparison serves to illustrate the effectiveness of the JDL-
UCR in the target detection within an inspected location
region. The proposed JDL-ECM algorithm performs slightly

worse than the JDL-UCR but incurs only a small communi-
cation cost, which confirms its capability to accurately detect
and localize targets even under unfavorable communication
conditions. Compared with the JDL-ECM, the JDL-RCM
exhibits worse performance. To illustrate this phenomenon,
the output data planes of these algorithms (i.e., the D, (0)
in (39) for the JDL-UCR over Y, the Z, (6) in (65) for the
JDL-RCM or JDL-ECM over Y, and p = 1 here) in a single
snapshot are reported in Fig. 8, when SNR; = 7dB and k = 5.
It can be seen that the JDL-RCM obtains a lower maximum
data value, i.e., not all of the informative data are retained
effectively for data fusion at the FC. However, the JDL-ECM
achieves the maximum value with the JDL-UCR algorithm.
This phenomenon reveals that the JDL-ECM can effectively
retain the 9-path informative moving-target data thanks to the
information feedback, correct location prediction, and efficient
data censoring.

2) Single Moving Target Simulation (Case 1): Impact of
Limited Communication Rates (,, and Sliding Window Length
q: In this subsection, we consider the impact of the limited
communication rates Y, on the detection and localization per-
formance under low-SNR environment when SNR; = 5 dB,
which is shown in Fig. 9. It can be seen that the performance
of the proposed JDL-ECM algorithm improves as the T, are
relaxed (i.e., the data retaining percentage P ,, is increasing),
and the JDL-RCM also has the same regular phenomenon.
However, the JDL-ECM has much higher performance, which
indicates its robustness in the case of extremely limited com-
munication rates. The reason is that the JDL-ECM utilizes the
data updating to make the transmitted data more informative,
thus improving the global performance, while the performance
of the JDL-RCM only depends on the increase of the data
retaining percentage. Besides, we also consider the impact of
the sliding window length ¢ of information feedback on the
detection and localization performance. We can see that the
performance of the proposed JDL-ECM increases with ¢, and
it is close to the JDL-UCR algorithm when it reaches 5.

3) Simulations of Multiple Moving Targets (Cases 2 and
3): Verification of the Effectiveness in Addressing Multi-target
Cases: Based on the settings and results of the previous single-
target case, here we will verify the effectiveness of the pro-
posed JDL-ECM algorithm in addressing the cases of multiple
moving targets. For Case 2, we assume the ratio of the SNRs
of the three targets as SNR; : SNRy : SNR3 = 1:0.64 : 0.25,
while setting Y,, = 0.15 Mbps (P, = 2.5%) and ¢ = 5.
Then from the Py and RMSE results in Fig. 10, we can see
all the targets are effectively detected and localized by all
algorithms. Similar to the single-target simulation, the JDL-
ECM performs slightly worse than the JDL-UCR but incurs
only a small communication cost, and also outperforms JDL-
RCM while maintaining similar communication costs. Next,
the real and estimated target locations within 50 frames when
SNR = 9 dB are shown in Fig. 11. It can be seen that the
estimated locations of the JDL-ECM algorithm are always
consistent with the JDL-UCR. These phenomenons verify
the effectiveness of efficient censoring method, which can
efficiently retain the data of multiple moving targets from
different local radars.
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Figure 10. Multiple Moving Targets Performance: Py (left) and RMSE in the position estimate (right) of all targets versus SNR; when Y, = 0.15 Mbps
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Figure 11. The real and estimated target locations by using JDL-UCR, JDL-
ECM, and JDL-RCM algorithms within 50 frames when SNR = 9 dB.

In Case 3, we assume the ratios between the SNRs of other
targets and that of Target 1 are SNR,/SNR; € (0,4], for
p = 2,...,P, while setting SNR; = 6 dB and ¢ = 5. Then,
Fig. 12 shows the Py and RMSE results of Target 1 versus
the number of targets P with different Y,,. It can be seen that
the JDL-ECM exhibits superior performance in comparison to
the JDL-RCM, although both of them will lose some perfor-
mance with an increasing number of targets. Additionally, their
performance is also affected by the limited communication
rates T, with higher rates yielding better performance. When
T, = 0.15 Mbps (i.e., Pr,, = 2.5%) and within a range of
up to 11 targets, the JDL-ECM achieves performance nearly
equivalent to JDL-UCR, which requires a cost of 6 Mbps.
Besides, when Y,, = 0.06 Mbps (i.e., Pr, = 1%) and
P =11, the JDL-ECM will lose performance. For the reason,
it is because the JDL-ECM nprioritizes the retaining of data
from other stronger targets at a very limited communication
rate, without enough space to accommodate the data from
Target 1 for all paths. These findings show that communication
constraints impact target detection and localization, while
also highlighting the effectiveness of the proposed JDL-ECM
in handling multiple moving targets scenarios with minimal
communication costs, especially compared to JDL-UCR.

Table IV
EXPERIMENTAL SYSTEM PARAMETERS

Parameter Value
Number of Radars, N 5

Carrier Frequency, {f2}V_, 76:1:80 GHz
Bandwidth, B 480 MHz
Sampling Interval, T 0.2 us
Modulated Duration, T° 51.2 us
PRI, Tpri 160 us
Frame Duration, Tiame 50 ms
Transmission Duration, Tiran 20 ms
Maximum Unambiguous Distance 80 m
Sample Points of Each PRI, M 256

The Number of PRI in One Frame 128
Range Bin 0.3125 m
The Sliding Window Length, ¢ 5
Inter-Element Spacing, A, 0.3125 m

LLR Data Quantization Bits, v (y1 + ¥2)
Quantization Bits of Feedback Data, 3
Global False Alarm Rate, Py,

80 (16 + 64) bits
160 bits / Frame
10-3

B. Experimental Tests

In this study, the real data obtained from five distributed
millimeter-wave FMCW radars are employed to evaluate the
effectiveness of the proposed JDL-ECM algorithm. These
radars are utilized to accurately determine the positions of
targets in an open field, which exhibits a nearly homogeneous
background. To be specific, Fig. 13 shows the photos of
experimental devices’, ground, and scenarios, where Scenario
1 considers a single stationary human target with or without a
corner reflector in his hands (Target A or B), and Scenario
2 considers two stationary targets placed one behind the
other (Targets C and D). Table IV illustrates the parameters
of the FMCW radars, respectively. The radars are designed

7The FMCW radars we used are commercially available from Texas
Instruments, a leading manufacturer in this field. These devices are widely
adopted in various real-world applications, ensuring that our experimental
setup is both relevant and realistic. While it is true that any commercial device
may have intrinsic limitations, we selected these sensors precisely because
they reflect the operational conditions and performance that can be expected
in practical deployments.



04}

0.2

—e—JDL-UCR

444444 #-- JDL-ECM (0.15Mbps,2.5%)
~-=%-= JDL-ECM (0.12Mbps,2%)

- =% - JDL-ECM (0.09Mbps,1.5%)
—— JDL-ECM (0.06Mbps,1%)
< JDL-RCM (0.15Mbps, 2.5%)
&= DL-RCM (0.12Mhps,2%6)
- 4 - JDL-RCM (0.09Mbps, 1.5%)
—A— JDL-RCM (0.06Mbps,1%)

3 5 7
The number of targets

The number of targets

Figure 12. Multiple Moving Targets Performance: P4 (left) and RMSE in the position estimate (right) of Target 1 versus the number of targets with different
Ty (Pre,n) when SNR; = 6 dB and ¢ = 5. It is worth mentioning that the JDL-UCR requires a cost of 6 Mbps, while the JDL-ECM and JDL-RCM each
incurs a cost of the corresponding Y,, Mbps.

Scenario 2

it Yoy oy
Target C B Target D

Figure 13. Experimental devices, ground, and scenarios: (a) The distributed
FMCW radars are placed on an empty football ground. (b) Scenario 1: a
stationary target with or without a corner reflector in his hands (Target A
or B, placed alone). (c) Scenario 2: two stationary targets (Target C and D,
placed simultaneously).

with a sufficiently wide beamwidth, enabling them to cover
the surveillance area in an almost omnidirectional manner.
This configuration ensures that the target within the area
can be simultaneously illuminated by the five radars. Due to
hardware constraints, each radar operates in receiving its own
echo by frequency-division duplexing, i.e., {f?}Y_; = 76 :
1 : 80 GHz, thus each FMCW radar contributes one path
and a five-path distributed FMCW radars system has been
created. Although the actual FMCW radar devices transmit
multiple PRIs in a frame and given the stationary targets in
the experiments, we directly extract the zero-frequency data of
the delay- and Doppler-dimensional data plane as the delay-
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Figure 14. The geometric relationship between distributed layout FMCW
radars and the targets of two scenarios.

dimensional observations. Additionally, given that the range
bin width is 0.3125 m, humans in our experiments do not span
multiple bins. Consequently, they do not exhibit characteristics
typical of extended targets.

Fig. 14 shows the geometric relationships between the
distributed FMCW radars and the targets of two scenarios:
Five radars are located at (—22.65,6.08) m, (—11.71,1.53) m,
(0,0) m, (12.39,1.53) m, and (22.5,6.03) m, respectively;
Target A or B is located at (0,35) m; Targets C and D
are simultaneously located at (0,25) m and (0,15) m. To
create a ground-truth, a standard rangefinder is utilized to
determine the Cartesian coordinates of both the radars and
the stationary target. The experimental data are processed
offline after being recorded, and the noise power and detection
thresholds are estimated and calculated by analyzing 1000
frames of target-free experimental scene data. Based on the
parameters shown in Table IV, the communication rates of
the JDL-UCR algorithm between the n-th local radar and the
FC can be calculated by WYR = M~ /T, = 1.0240 Mbps.

1) Scenario 1: Single target placed with or without a
corner reflector: In this scenario, we assume the data retaining
percentage Py, = 2.5%, which means the transmitted data of
JDL-ECM or JDL-RCM can be compressed to 2.5% of that of
JDL-UCR and the communication constraints can be limited
to Y,, = 0.0256 Mbps. It should be noted that the corner



Table V
THE MULTI-FRAME RESULTS FOR ALL CONSIDERED ALGORITHMS WITH DIFFERENT TARGETS IN DIFFERENT SCENARIOS

Results Algorithms ' '
. JDL-UCR ! JDL-RCM ! JDL-ECM
Metrics I I
Target A Py 09980 1 0.9980 1 0.9980
RMSE (m) 02545 1 02495 1 0.2513
Scenario 1 (500 frames) Tarect B Py 0.6260 | 0.4580 | 0.6140
g RMSE (m) 03461 I 03354 | 03278
W, (Mbps) 1.0240 T 0.0256 T 0.0256
Target C Py 05354 T 0.3646 T 0.5333
RMSE (m) 02835 T 03125 T 0.2887
Scenario 2 (480 frames) Target D P4 1.0000 " 1.0000 " 1.0000
g RMSE (m) 02341 ' 02357 ' 02319
W (Mbps) 1.0240 ' 0.0410 ' 0.0410
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Figure 15. The delay-dimensional data from various radars after normalizing
noise power in the 26-th frame during the probing of Target B in Scenario
1. In the orange dashed rectangles of these figures, we can see the proposed
JDL-ECM succeeded in retaining the small amplitudes of Target B.

reflector will bring high RCS [68], therefore the echoes of
Target B are expected to be weaker than Target A (i.e., here
we can treat Target A and B as a strong and a weak target.).

Firstly, the 500-frame statistical results of Scenario 1 in
Table V report that all of the three algorithms can achieve
almost the same high performance when detecting the strong
Target A; meanwhile, all of the actual communication rates are
consistent with the settings, i.e., the JDL-RCM and JDL-ECM
incur low communication rates but reach almost the same high
performance with the JDL-UCR utilizing full data sets. Then,
same as expected, the detection and localization performance
of all of the algorithms drops a lot when detecting the weak
Target B (i.e., the one without the corner reflector). Especially,
the detection performance gap between the JDL-RCM and
JDL-UCR is widened in this case, but the proposed JDL-ECM
algorithm can still maintain a very close performance to that of
the JDL-UCR, which reveals that the JDL-ECM is particularly
robust especially in low-SNR cases.

To illustrate the reason, Figs. 15 and 16 show the delay-
dimensional echoes of different radars at the 26-th frame and

the detailed detection results of the total 500 frames. From Fig.
16 we know that the JDL-UCR and JDL-ECM successfully
detected the target at the 26-th frame whereas the JDL-RCM
algorithm failed. Back to Fig. 15, we can see the JDL-UCR
employs completed delay-dimensional data, while the JDL-
RCM and JDL-ECM only reserve several prominent peaks to
satisfy the setting communication constraints. It is noteworthy
that the JDL-ECM retains echo data from the range bin where
the actual target is located, a capability not exhibited by the
JDL-RCM algorithm in the data of radar 1 and 4 (refer to
the orange dashed rectangles in Fig. 15), despite the relatively
small amplitude of this range bin. This is because the target
is detected in the previous ¢ = 5 frames and its estimated
location is fed back to take part in the data updating at the
following frames. Therefore, compared with the JDL-RCM,
the proposed JDL-ECM can have more informative echo data
for data fusion, thus achieving higher detection performance
under limited communication rates.

2) Scenario 2: Two targets placed one behind the other:
With the increase in the number of targets to 2 in this scenario,
we also raise the data retaining percentage to Pr., = 4%,
and the communication constraints can be limited to Y,, =
0.0410 Mbps. It should be noted that Targets C and D are
simultaneously placed, and the distance between Target C and
each radar is farther than that between Target D and each radar,
and from the perspective of Radar 3, Target C will be blocked
by Target D. Therefore, the scenario is similar to Scenario 1
but with the different characteristics regarding path attenuation
and object occlusion, and the amplitudes of Target C are also
expected to be weaker than Target D.

We report the results of Scenario 2 in Table V and Fig. 17,
and observe better detection performance for Target D than for
Target C, as expected. The performance gap between the JDL-
RCM and JDL-UCR also exists, but the proposed JDL-ECM
still keeps close to the JDL-UCR, including both detection
and localization performance. All of the actual communication
rates are also consistent with the settings. Besides, Fig. 18
shows the output data planes (i.e., the D, (0) in (39) for the
JDL-UCR, the Z,, (0) in (65) for the JDL-RCM or JDL-ECM,
and p = 1,2,3) at the 416-th frame produced by all of the
algorithms. We can see that Target C is miss detected by the
JDL-RCM algorithm due to a false alarm occurring. However,
the JDL-ECM keeps robustness to detect and localize as it
reserves the echoes of Target C from Radar 2, 3 and 4, then
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Figure 16. The detection results of 500 frames (organized into 25 rows and 20 columns) of the Scenario 1 with Target B are presented. Here, the brown and
orange squares represent miss detection and detection, respectively. Each square symbolizes the detection outcome of a frame, with the left numbers indicating
frame indices. The subfigures (a)—(c) respectively depict the results for the JDL-UCR, JDL-RCM, and JDL-ECM algorithms.

#1~#20 #1~#20

#101~#120 #101~#120
#201~#220 #201~#220
#301~#320

#301~#320

#401~#420 #401~#420

#461~#480 #461~#4

(a) IDL-UCR: Py = 53.54%

80
(b) JIDL-RCM: Py = 36.46%

detection |

[ miss detection

#1~#20

#101~#120

#201~#220

#301~#320

#401~#420

#4614;480 EENEN
(c) JDL-ECM: Py

ENNERENNEN
= 53.33%

Figure 17. The detection results of 480 frames (organized into 24 rows and 20 columns) of the Scenario 2 with Target C, where the subfigures (a)—(c) denote
the results for the JDL-UCR, JDL-RCM, and JDL-ECM algorithms, respectively.

achieving a higher-SNR data fusion under the same limited
communication rates.

VI. CONCLUSIONS

In this paper, we have addressed the problem of JDL for dis-
tributed monopulse radars under communication constraints.
We devised the JDL-UCR algorithm which utilizes complete
LLR values to systematically detect and localize multiple
targets one after another through iterative processes. While
the JDL-UCR achieves superior performance, it demands high
data transmission rates that can be impractical in wireless
communication-constrained environments. To limit communi-
cation costs, we proposed the JDL-ECM algorithm, utilizing
regular censoring and data updating steps, which effectively
excludes the non-essential data and filters the informative
data thus maintaining high performance. Finally, comprehen-
sive simulation and real data analyses have been provided
to demonstrate the effectiveness of our proposed algorithm,
where high detection and localization performance is still
guaranteed in the stringent communication constraints. Future
works may consider the cases of non-line-of-sight (NLoS)
or cooperative-communicating targets; distributed radars with
partial/no knowledge of the noise covariance matrices; the
refining of experimental measurements by exploring more

controlled scenarios; and finally, the JDL of multiple moving
targets in distributed multi-pulse radar systems with limited
communication rates, incorporating the association of small
parts of Doppler-dimensional data from local radars.

APPENDIX A
PROOF OF PROPOSITION 1

Firstly, we define the LE{“) [m] located at the m-th delay bin
of the original LLR data Lgf) as y, which is expressed as

2
H(Tm)Rflrgf)

Sn n n

y =L [m] = (72)

n } - -1
s (T )Ry s (77")
where y > 0 and 7, = mT,; form =1,2,...,M and n =
1,..., N. Given the thumbtack auto-correlation assumptions
of waveforms and the known noise covariance R,, = 01201 M
y can be further computed as

y=|wi ml] /o7 73)

under hypothesis 7—[8, and as

2
y = ’any,, +w® [m]‘ /o2 (74)
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Figure 18. Output data planes of different algorithms (the D,, (@) in (39) for the JDL-UCR(top), the Z, (@) in (65) for the JDL-RCM (middle) or JDL-ECM
(bottom), and p = 1, 2, 3) in three consecutive iterations (from left to right) at the 416-th frame of Scenario 2, where the triangle markers are the true target
positions (the above one is Target C, the other one is Target D), and the circle marker is the estimated position of the target detected (if any) at each iteration.
We can see the JDL-UCR and JDL-ECM succeed in detecting and localizing both of the two targets, while JDL-RCM failed to detect Target C.

under hypothesis ?—[/1, where ?—[(/) denotes the hypothesis that no
target is present at the m-th delay bin, i.e., 7" # 7,,(6,), V.
Conversely, 7—[/1 denotes the hypothesis that the p-th target
(p = 1,...P) is located at the m-th delay bin, ie., 7,)°
7(8,). Since W' [m] ~ CN (0,02,), the variable y follows
the exponential distribution with parameter 1 under 7—[6 and a
non-central chi-square distribution with 2 degrees of freedom
and non-centrality parameter |a, ,|?/o2 under H; [69]. The

w

PDFs under the 7—[6 and 7—['1 are, respectively:

p(y|Ho) = e, (75)

and

o (76)

where 7 is the modified Bessel function of the first kind of
order zero.

As mentioned in Remark 6, the given data retaining per-
centage Py, is treated as the local false alarm probability.
This can be interpreted as the probability that y exceeds the
detection threshold p£f2n under 7—[6. Mathematically, this is
expressed as

Pre,n = Pr(y > p;,k,zn"Hé))
[, pulHdw
P

n,m

_ )
— e~ Pum

77

Then the closed-form detection threshold is determined by

(k)

Pnm = — In Pre,na (78)

which is also the desired censoring threshold. Consequently,
Proposition 1 is proved.

APPENDIX B
PROOF OF PROPOSITION 2

Here we aim to obtain the adaptive censoring thresholds
by employing the CA-CFAR detection method, based on the
original LLR data Ls,,k), data retaining percentage Py ,, and
the assumed number of one-sided adjacent reference cells D.
As mentioned in Remark 6, P, ,, is treated as the local false
alarm probability.

Following the basic theory of CA-CFAR detection with
square-law detector in [64], we employ 2D adjacent cells
around the detection cell LSZ“ ) [m] to estimate the correspond-
ing interference power &zyn[m] by averaging the squared
modulus values of adjacent 2D cells, i.e.,

D
1 2 2

~2 _ k k

Gialml = 55 ;(\Lé M —d]|” + [L{PIm +d][") (79)
form=1,2,...,M and n=1,..., N. Also, given the local
false alarm probability Py ,,, the required threshold multiplier
derived in the CA-CFAR basic theory can be directly calcu-
lated by [64, eq. (7.17)]

B

ﬁg\H

2D(Pr 2P —1). (80)



Multiplying (79) and (80) and taking the square root, the
adaptive detection thresholds can be determined by

plf

h

o3 n[m)Bn

d=1
(1)

which is also the desired adaptive censoring threshold. Con-
sequently, Proposition 2 is proved.
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