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ABSTRACT

As a next-generation wireless technology, the in-band full-duplex (IBFD) transmission enables
simultaneous transmission and reception of signals over the same frequency, thereby doubling
spectral efficiency. Further, a continuous up-scaling of wireless network carrier frequencies
arising from ever-increasing data traffic is driving research on integrated sensing and com-
munications (ISAC) systems. In this context, we study the co-design of common waveforms,
precoders, and filters for an IBFD multi-user (MU) multiple-input multiple-output (MIMO)
communications with a distributed MIMO radar. This paper, along with companion papers
(Part I and II), proposes a comprehensive MRMC framework that addresses all these chal-
lenges. In the companion papers, we developed signal processing and joint design algorithms
for this distributed system. In this paper, we tackle multi-target detection, localization, and
tracking. This co-design problem that includes practical MU-MIMO constraints on power and
quality-of-service is highly non-convex. We propose a low-complexity procedure based on
Barzilai-Borwein gradient algorithm to obtain the design parameters and mixed-integer linear
program for distributed target localization. Numerical experiments demonstrate the feasibility
and accuracy of multi-target sensing of the distributed FD ISAC system. Finally, we localize and
track multiple targets by adapting the joint probabilistic data association and extended Kalman
filter for this system.

1. Introduction

Conventional communications systems are based on either half-duplex (HD) or out-of-band full-duplex (FD)
transmission for low-complexity transceiver designs. In such systems, uplink (UL) and downlink (DL) communications
are separated in either time or frequency through, for example, time- or frequency-division duplexing, respectively,
leading to reduced spectral efficiency [1, 2]. Recently, in response to a tremendous rise in wireless data traffic, in-band
full-duplex (IBFD) operation has been suggested as a promising technology to increase spectral efficiency. The IBFD
enables concurrent transmission and reception in a single time/frequency channel to potentially double the attainable
spectral efficiency and throughput and reduce latency [3]. Recent breakthroughs in SI cancellation (SIC) techniques at
both radio-frequency and baseband stages enable an SI suppression of more than 100 dB and are critical to the more
rapid deployment of IBFD-enabled transceivers [1]. The MIMO evolution of 3GPP Release 18 [4] aggregates two HD
sub-bands into a sub-band FD in its schedule.

One of the promising IBFD applications is the emerging area of integrated sensing and communications (ISAC),
wherein radar and communications functions concurrently operate in the same spectral range to address the severe
spectral crowding problem [5, 6, 7]. For example, with FD, the base station (BS) is able to receive DL echo signals
and estimate radar target parameters. Furthermore, FD allows for the use of joint optimization methods to make a good
trade-off. The joint FD ISAC design has the potential for greater spectral efficiency, hardware sharing, and system
integration [8, 9, 10, 1, 11, 12].

More recently, the ISAC systems with MIMO radars and MIMO communications (MRMC) have received much
attention because, individually, both systems are designed for efficient spectrum usage due to increased degrees-of-
freedom in the spatial domain [13, 14, 15]. The MIMO radars are usually classified as colocated [16, 17] and widely
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distributed/statistical [ 18] depending on the geometry of antenna placement. In a colocated MIMO radar [19], the radar
cross-section (RCS) is identical to closely-spaced antennas. But, in a distributed MIMO radar, antennas are sufficiently
separated and isotropic so that the same target appears with a different RCS to each transmit-receive antenna pair
[20]. The MRMC literature has largely focused on co-located MIMO radar [18, 21]. In the first companion paper
(Part T) [22], we proposed spectral co-design of statistical MIMO radar with IBFD MU-MIMO communications. In
the second companion paper (Part II) [23], we developed an algorithm that jointly designed the radar waveform code,
communications precoders, and linear receive filters for this distributed system. In this paper, we consider distributed
beamforming (DB) and multi-target tracking for the same framework.

In wireless sensor networks, DB is employed to achieve the desired signal-to-noise (SNR) and reduce power
assumption by providing a coherent beamforming gain [24, 25, 26, 27, 28, 29]. It is cooperative communications in
which distributed transmitters adjust the phases of their signals in a way that the signals are constructively combined at
a client [27]. Some studies also use this term for beamforming algorithm that is solved in a distributed manner where
each user only relies on local information to perform beamforming [30, 31]. The coherent combination of various
waveforms is accomplished through appropriate synchronization between transmitters [32]. As a mechanism for
cooperative communications, distributed transmit beamforming enables a group of individual source user equipment
(UE) to transmit a common message signal as a virtual antenna array such that the bandpass transmissions aggregate
constructively after propagation at an intended destination [29].

Compared to conventional beamforming [33, 34, 35], the DB relies on each sensor to derive its carrier signal
from a separate local oscillator. The independent local oscillator at each UE has random initial phase and phase noise,
which forbid phase alignment of signals from different transmitters (Txs) at the receivers (Rxs) of destination UEs
[26, 24]. Distributed co-phasing (DCP) is one of the promising techniques to achieve distributed transmit beamforming
by combining the coherent gain with the spatial diversity gain. This technique offers benefits such as fixed power
transmission from the UEs, robustness to channel estimation errors, and feasibility for practical implementations
[36, 29]. In essence, DCP employs the multiple transmitting nodes as a distributed antenna array to achieve coherent
combining gain as well as diversity gain for wireless sensors network [37].

The DB technique has also been explored for multiple-input multiple-output (MIMO) radars in the form of
distributed coherent systems, wherein accurate phase synchronization is required to obtain coherent processing gain
[38, 39]. Based on the antenna placement relative to the target cross-section (RCS), MIMO radars may be colocated
(target RCS appears identical to all Tx-Rx pairs) [19, 40, 41, 42] or distributed (where the Tx and Rx antennas are
widely separated and RCS is different for each Tx-Rx pair) [43, 44, 18]. Distributed MIMO radars may be non-
coherent or coherent, depending on whether the phase information is ignored or included [45]. The former extracts
diversity gains across different Tx-Rx pairs to overcome target RCS fading, while the latter requires accurate Tx-Rx
phase synchronization to exploit processing gains [38, 39]. Herein, we study the distributed coherent MIMO radar
(MIMO radar) because these systems have improved direction finding accuracy over their non-coherent counterparts
by ensuring phase coherence of carrier signals from different distributed radar elements [38].

In practice, the accuracy of the phase in the transmit time slot determines the achievable beamforming gain [24].
Therefore, within the realm of DB, considerable efforts have been dedicated to either the carrier frequency/phase
synchronization protocol establishment [25, 38, 46] or error analysis when mismatched phases occur [26, 39, 29].
Master-slave [46], round trip [25] and broadcast consensus algorithms [38] are efficient approaches to achieving phase
synchronization in a distributed system. The probability of outage with imperfect channel state information (CSI) has
also been studied for a distributed wireless sensor network such as cloud radio access network (C-RAN) [29]. More
recently, distributed co-phasing, which combines the coherent combining gain with the spatial diversity gain, has
been proposed for C-RANSs [47, 48]. This technique offers benefits such as fixed power transmission from the UEs,
robustness to channel estimation errors, and feasibility for practical implementations [36].

Preliminary results of this work appeared in our conference publication [53], where only a few antenna geometries
were considered, DCP was excluded, and optimization algorithm was not described. In this paper, we focus on ISAC
design with distributed MIMO radar and IBFD C-RAN, employ co-phasing, use a unified design metric, propose a
low-complexity design algorithm, and include multiple targets. Table 1 summarizes our contributions with respect to
the state-of-the-art. Our main contributions are:

1) IBFD C-RAN: We consider a full duplex C-RAN (FD-C-RAN) where the RRHs are equipped with the IBFD
technique and are able to communicate with DMUs and UMUs simultaneously. A typical C-RAN consists of a pool
of baseband units (BBUs), a large number of remote radio heads (RRHs), and a Fronthaul network connecting RRHs
to BBUs. The BBU pool is deployed at a centralized site, where software-defined BBUs process the baseband signals

First Author et al.: Preprint submitted to Elsevier Page 2 of 29



Distributed MRMC - 11l

Table 1
Comparison with the state-of-the-art
‘ Radar ‘ Communications Desi biecti
q-v. | Model [  Targets; Clutter ][ Tracking | Model | Duplexing | Users | Beamformers esign objective
13 C-MIMO? Static, single; Yes No P2P MIMOP HD SuU Max-SINR Waveforms
49 D-MIMO* Static, single; Yes No D-MIMO HD SuU None Radar Rx filters
50 Monostatic Static, multiple; Yes No M-MIMO? HD (UL) SuU Zero Force Rx filters, BFs
51 C-MIMO Static, single; No No MIMO HD (DL) MU C. e Transmit BFs
14 C-MIMO Moving, single; No No MIMO FD MU NSP BFs, radar waveform
31 C-MIMO Moving, single; No No MIMO FD MU Max-SNR BF
52 Monostatic Moving, single; No No P2P SISO IBFD SuU None Waveform
22, 23] D-MIMO Moving, single; Yes No MIMO IBFD MU Max-MI Waveform, precoders, filter
This paper D-MIMO Moving, multiple; Yes Yes C-RAN MIMO IBFD MU Co-phased Max-MI || Waveform, precoders, filter, power

2 C-MIMO: Colocated MIMO b P2P: Point-to-point ¢ D-MIMO: Distributed MIMO 4 M-MIMO: Massive MIMO
¢ Constructive interference

and coordinate the wireless resource allocation. The RRHs are in charge of RF amplification, up/down-conversion,
filtering, analog-to-digital/digital-to-analog conversion, and interface adaption.

2) Low-complexity design algorithm: To this end, we employ an alternating minimization procedure, which includes
low-complexity Barzilai-Borwein (BB) algorithm [54] for precoder design subproblem. The BB method is an efficient
tool for solving large-scale unconstrained optimization problems. When compared to the steepest descent method,
it has the same search direction but a different step rule. Our BB-based design achieves similar results as the more
complex conventional approaches such as the block coordinate descent (BCD) [55].

3) Multiple targets: The presence of multiple targets in a distributed ISAC scenario poses additional challenges. Since
the relative distance of each target is different with respect to each Rx, the echoes from multiple targets are delayed
by a different amount at each Rx. The result is that, after the detection procedure, each Rx ends up with a different
ordering of targets in time. This makes it difficult to associate the detected echoes from all Rx uniquely to each target
[56, 57, 58, 59]. To this end, the distributed radar literature suggests various data association algorithms such as
multiple hypothesis tracking [60], random finite sets [61], and joint probabilistic data association (JPDA) [62]. we
propose JPDA to assign detections from both radar and DL signals to specific targets.

The remainder of the paper is organized as follows. The next section describes our FD-ISAC system and
the stand-alone radar and communications receivers. In 3, we introduce FD D-ISAC receiver processing for self-
interference, radar-to-communications interference, and vice versa. Section 4 presents our proposed multi-target
CWSM optimization using the low-complexity BBB procedure. The multi-target detection via data association in
D-ISAC is discussed in Section 5 followed by extensive numerical experiments in Section 6. We conclude in Section
7.

Throughout this paper, lowercase regular, lowercase boldface, and uppercase boldface letters denote scalars,
vectors, and matrices, respectively. We use I(X;Y) and H(X|Y) to denote MI and conditional entropy between two
random variables X and Y, respectively. The notations Y[k], y[k], and y[k] denote the value of time-variant matrix Y,
vector y and scalar y at discrete-time index k, respectively; 1, is a vector of size N with all ones; C and R represent
sets of complex and real numbers, respectively; a circularly symmetric complex Gaussian (CSCG) vector q with N
elements and power spectral density N is ¢ ~ CN (0, NyIy); (-)* is the solution of the optimization problem; E[-] is
the statistical expectation; tr{R}, RT, R, R*, |R|, R > 0, and R(m, n) are the trace, transpose, Hermitian transpose,
element-wise complex conjugate, determinant, positive semi-definiteness and (m, n)® entry of matrix R, respectively;
set Z, (L) denotes {1,...,L}; x > y denotes component-wise inequality between vectors X and y; x* represents
max(x, 0); x(-) is the r iterate of an iterative function x(-); inf(-) is the infimum of its argument; ® denotes the
Hadamard product; and @ is the direct sum. All distances are measured in kilometers.
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2. System Model

We consider an FD-ISAC system consisting of a MIMO radar with M, (IN,) widely distributed single antenna Txs
(Rxs) and an FD C-RAN, which encompasses Ny FD RRHs jointly serving J (I) single antenna HD DL (UL) UEs
concurrently. Each FD RRH is equipped with M| transceiving antennas and connected to the BBU via a fiber-fronthaul
link. The MIMO radar detects and localizes N, moving targets within the coverage of the FD-C-RAN during an ISAC
operation window when the M FD RRHs coherently broadcast data streams to each DL UE while the I UL UEs
multi-access channel to all RRUs. Simultaneously, each radar Tx emits a train of K pulses to detect a moving target
in the coverage area of the BS at a uniform pulse repetition interval (PRI) T}; the total duration KT is the coherent
processing interval (CPI). The integration of FD communications and radar sensing allows the radar pulse width, PRI,
and CPI to equal the communications symbol duration, frame length, and scheduling window, respectively. As a result,
the number of symbol periods in each frame, L, equals the number of range bins. Figure 1 illustrates the system model
on a two-dimensional (2-D) (x-y) Cartesian plane (x, y).

2.1. Transmit signal

For the FD-C-RAN, we adopt an all-RRH association policy, namely that all corresponding FD RRHs cooperatively
transmit DL signals to each DL UE while each UL UE sends a common single-stream data symbol M FD RRHs [63].
During the the I symbol period of the k™ frame or the [k, /1% symbol period, of the ISAC operation window, FD RRH
mé€ {1,---,M}and ULUE/ € {1, ---, I} simultaneously transmit DL and UL signals x4 ,,[k, [] = Zle VamjSa,jLk, ]
and x ;[k, [] = /P, ;s,,lk, 1], respectively, where anj € CMe and P, ; are the DL beamforming vector and the transmit
power employed by the m® RRH towards the j DL UE and the i UL UE, respectively; sa Lk, 1] (sy [k, 1) designates
the single the data stream for the j® DL (i UL) UE with E|[|sy [k, 1]|?] = 1 (E[ls, [k, 111*] = D.

Denote the radar pulse duration as Tj, = T; / N, (ak.a fast time), where N, is the number of range cells per PRI

T
We define the radar code vector transmitted during the k< PRI as a[k] = [ak’ 1o s Ay, Mr] € CMr and the MIMO

radar code matrix as A = [a[l], ---,a[K]] € CM*K The pulse train transmitted by the mrm radar Tx is written as
S, (1) = ]Ifz_ol A, Pm, (t - kTr) K, where ¢,, (1) denotes the orthonormal waveform associated with the m 1 radar

-
Tx with support [0, Tp). Grouping the transmit signals from M, Txs yields s(t) = [sl ®),-,s M, (t)] .

2.2. Channel
During a given CPI, the n,® moving target is located at <xt,nl, yt’nt> with the horizontal and vertical velocity as

-
(xt,n[ s Ve, ) Then we define the state vector of the n, I target as X, = [xt’nt, Yin> Xen» yl’nt] The propagation delay

and Doppler shift associated with the (mrntnr)m Tx-target-Rx path are observed as

r, r +r
r,mnn, mnem neng

A

b’r,mrnr <Xt,n‘) - Tmrn‘nr - ¢ - c (1)
A

bf,mrnr <Xt,nl ) - fmrnlnr

xt,nl (xt,n‘ - xtx,ml.> + Y[,nt (yt,nt - yrl,mr> xt,nl <xl,nt - xi,i) + Yl,n‘ <yt,nl - y;:)
= p + p 2
r r

menem neny

where b, , (-) and by, , (-) are the delay and Doppler observation functions, 4 and ¢ denote the carrier wavelength

. . e th
and the speed of light, respectively; r, ,, ,, , represents the bistatic range between the m 1 radar Tx, - target, and n
radar Rx with

2 2
Frnonm =\/<xt,n‘ - xtx,mr) + <yt,n[ - yrt,mr> 3
2 2
P, =\/ <xt,,,l - xi) + (yt,,,t - yi,j) . 4)
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Radar Tx initiated channels - - -=- RRHinitiated channels ===---- UL UE initiated channels
Radar Rx Observed channels RRH Rx Observed channels o BB e T B BT IS Fronthaul channels

Target ny
(x5,.9,)

N My

MIMO radar TX m,.
(xmr’ymr)

(0,0) Y,

>

Figure 1: lllustration of the considered D-ISAC system, where the m " (n ) radar Tx (Rx), mt FD RRH j& (ith) DL
(UL) UE are located at <x: ,y: ) ((lei,),lr‘,r>)y (xﬁRH,YERH)x <X?’Yd,j> (( Xy W )) respectively; the n target is located

at (Xe,» Y )-

We then write the composite channel coefficient between Tx m,, target n,, and Rx n, as
r A -2 .
hmrnlnr = mr"("rgm neng eXp<_J2”fCTmrntnr )7 5)

where g, , . is the target reflectivity associated with the (mr, ne, N ) path, and f the carrier frequency.

We also assume that the Swerling I target model holds for each target such that xn[ and A, o remain constant over
a CPI [64]. The inherent nature of a widely distributed MIMO radar determines that its resolution on a range-Doppler
plane depends on the target’s location and speed and the Txs and Rxs. Therefore, it demands a statistical view of the
received radar signal to derive the ambiguity function for a widely distributed MIMO radar. For our multi-target model,
we assume that targets are separated by the minimum range-Doppler resolution specified by the statistical ambiguity
function of the widely separated MIMO radar [65].

Since the RRHs and UEs are also widely distributed, we consider both small-scale fading and distance-dependent
path-loss in channel modeling [66]. Denote the UL channel between the i2 UL UE and the m® RRH, and the DL
channel between the m® RRH and the j DL UE as h,;,, = = ry7&uim and hy,; = Efmgd mj, where ry (g ;)
and g, ;, € CcM. (8amj € CMe) are the distance and small-scale channel vector between the i UL UE and the m
RRH (the m™ RRH and the jth DL UE); the path-loss exponent is assumed to be 2 [67]. The IBFD transmission and
reception at the m® RRH introduces self-interfering channel Hilm € CMXMe and inter-RRH channels HBf,m € CMxM |
for m" # m. On the other hand, the DL UE:s also suffer from co-channel interference due to the UL UEs’ transmissions.
We model the channel between the it UL UE and j DL UE as hyaij = r;jij Sud,ij-

The D-ISAC system’s concurrent transmissions of radar and communicétions signals imply that the communica-
tions and radar signals are overlaid at all Rxs. We model the channels between the mth RRH/the it UL UE and the

th radar Rx as hdr (h“r ), and the channel between the m 2 h radar Tx and the m® RRH (the j& DL UE) as h
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(h rd ) During the D-ISAC operation window, the RRHs and DL UEs intercept radar signals through direct and
target deﬂected paths.

2.3. Radar signal at the radar Rxs
With the coherent processing and imperfect phase synchronization across the Txs and Rxs, the baseband received
signal model at the n, h radar Rx due to reflections off the nt is written as [45, 39]

M, K-1

327 |k f oy ey T Omen,
I nr(t) ~ z Z [ e hm ”t"rak mr¢m ( Tmrnlnr>’ ©
my=1 k=0
where f r’n non, = fmrn[nr T. is the normalized Doppler frequency and the approximation in (6) follows the assumption

that f,, . o, < 1/T;[68,69];9,, , the phase offset between the n, M Rx and m,® Tx. In practice, synchronization errors
can be modeled here as zero- mean Gaussian random variables Wlth common variance. With sampling rate F, = 1/T},,
the discrete-time version of yr,nr(t) is

Mr
A 2rkf! .
o, en 230 (KT, +nTy) = Y P ooy gy, [n

- nmr”l”r]
m.=1

where ¢, [n] = ¢, (nT )5 M . = LEmonn, /Tyl 1s the discrete delay for the (m,,n;, n ) path, which is retrieved
through the peak at the output of the m ™ matched filter $p, [n] at the n 1 radar Rx, i.e.,

W UL 2T [kl 5 5, ]

n=nmrnlnr
2 kfm g J—
— 2K e, rh:"rnlnraksmr’Vk =1,-,K. @)
Combining the K samples yields
t _
mrn‘n [ mrn‘n ’ yrrrlrnlnr [K]] - hfnrntnrsmrnlnr’ ®)

. K,

-
wheres,, , , = U pn Oy andq,, , , = [ ey | € CK s the temporal steering vector associated with

the (mr, ne, n )— radar Tx-target-Rx path Applying an P-point (P > K) discrete Fourier transform (DFT) to (8) gives
the Doppler spectrum of the nmrnl.nr_ range bin

K-1
_iogke
Y’::'"t"r [nmr"t’”r’p] = Z m n "r[ ] : ﬂ ’ (9)
k=0

th
where p/ P is the p normalized Doppler bin for p = 0, -+, P — 1. (9) peaks at the (nmrn[,nr, Pmnn, )_ range-Doppler
bin with p,, , , = Lf) o M |. Next we write the measurement vector of the n, ! target retrieved by the (mr, nr)m

radar channel as z ] Due to the presence of N, targets and M, distributed radar Txs, there is

m nln = nmrn[n ;pmrnln
uncertainty for the n, 2 h radar Rx to assign a measurement to its corresponding target. In section 5, we employ the JPDA
algorithm to ascertain measurements of each target using echoes from all Tx-Rx pairs.

In practice, apart from the target, the MIMO radar Rxs also receive echoes from undesired targets or clutter, such

. . - h
as buildings and forests. We model the clutter trail at the range cell containing the n, target at the (m,, nr)t— radar

Tx-Rx pair as y¢ =Apynn € CX, where Pmonn, € CMr ~ CN <0, acz,nrl M,) denotes the the clutter component

mengn,

reflection coefficient vector associated with the n, radar Rx whose covariance matrix (CM) is R, nn, = A pn AT,
My Mg

"
where 2c,ntnr =E [pmrnlnr pnlnr] .
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2.4. Communications signal at the FD-C-RAN Rxs
We present the UL and DL signals received by the m RRH and j® DL UE at the [k, /] symbol period as

1 1
YOIk, 11 = ) yh Tk 11 = ) hy Xt 1, (10)
i=1 i=1
and
M
Yk, 11 :hljxd[k, 1= Z hlmjvd,m syl 11+ ™ an
m=1
here h, . = |hT hT | e cMMe ang = |x¢" dr T4 h | DL channel
where hy ; = [ ST d’Mj] (S ¢ and x4(k, ] = [X1 [k,l],---,xM[k,l]] enote the tota channe

vectors and signals by the M RRHs; y;.im = Z,ﬁil hiTj D 14 anj,s;l,[k, I1 denotes the DL multi-user interference
(MUI) observed by the j& DL UE.

3. FD D-ISAC Processing

This section presents aspects of processing unique to the FD D-ISAC system. We first introduce the SI and CI
models owing to the IBFD transmission. Then we describe the radar signal model observed by communications Rxs and
vice versa. Last, we discuss strategies to handle the synchronization of the distributed system in The synchronization

3.1. IBFD induced interference
Since all the RRHs operate in STAR mode, each RRH observes self-interference (SI) and inter-RRH interference
(IRI). The SI-plus-IRI arriving at the m® RRH is

YRk, 11 =ySlk, 1] + yR[k, 1]
=H, X3k 11+ ) HE x4 [k, 1), .
m'#£m

The C-RAN architecture delegates the BBU to process baseband data captured by all the RRHs, which are intercon-
nected via fiber-wired front-haul links. As a result, the BBU has full knowledge of all the DL signals {xfn [k, 1]1,Vm, k,1 }
and it subtracts (12) upon receiving the data from all RRHs. However, the cancellation is not perfect due to imperfect

estimations of {H,Snlm, } Without specifying an SI cancellation technique, we model the residual SI and IRI at the
BBU as random Gaussian variables ySR[k, ]~ C./\f(O, &:’;R) [8], where

J
SR : SR d"ggSRY
R® =y diag {ZHu va,;v; Hy } (13)
Jj=1
y is a constant arising from the output noise of the SR cancellation at the BBU, HR € CMMMMe contains

T

T T . .

HS! ,HIR, ,Vm ¢, and vy ; = vd e vl € CMM. We then show the co-channel interference experienced
mm’ = "m'm 5J 1j M

by the j& DL UE as

I
ud — ud u
Yk, 11 =Y XUk, 11, (14)
i=1
: : : ud _ 1 udyu® : —_ [,u u 1T MM,
and its covariance matrix Rj =2 hl.j v, P, with P ; = [U”, - UI.M] eC .
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3.2. Communications signals received by radar Rxs

The continuous transmission of the communications signal indicates that all the range bins for each radar Tx-Rx
channel contain communications signal components. However, our D-ISAC system design focuses only on the target-
occupied range bins. Following the modeling in the ﬁrst companion paper (Part I) [22], we write the DL and UL signals
appearing in the range bin of the n,1 target at the n " radar Rx as

M

y:inrnln,[ ] = h(rinrnrx(rjn [k’n(rinrr’rr::nr] (15)
m=1

Vim nlnr[ 1= hur [k’ ;r;tnr] (16)

where n‘,jnr . (nfnrr;l »,) indexes the DL (UL) symbol infringing the range bin where the n target is located for the

(my., nr)— radar channel. Upon obtaining (15) and (16), we next show the composite received signal at the (m,, nr)h
radar channel regarding the ntm target as

N d
:"rnt”r - r:;rntnr + yml;ntnr + y;intnr + yfnrntnr + a:’r (17)
where (15) and (16) are the k' elements ofy enn, 40 nd ym nn> a, ~ CN (O, arzn I) is the CSCG noise element at the

th radar Rx with variance ar . We also define yr’ntnr = ynln yzlrnr + yfllnr + a;r as the interference-plus-noise (IN)

component of (17).

3.3. Radar signals received by communications users
The intermittent transmission of the radar sz results in limited symbol periods being interfered with radar signals.
We express the radar signal emitted by the m, % h radar Tx arriving at the m2 RRH and j DL UE as

yru [k, 1] = hl'.;r”t”’akm o 1= lfnnm’vmr’nt’m» -
e 0, elsewise,
and
rd d
y;? 1k, 1= hmr”tmak’mr’ I= lm nj’ Vg, ng, j, )
rj ) elsewise,

where I}, - and ld nj index the UL/DL symbols interfered by the m,® radar Tx’s signal, which are referred to as
the symbols of interest for the rest of the paper; n; = 0 and n, = 1,---, N, represent the direct path and the N,
target-reflection paths, respectively.

Next we present the comprehensive receive signals at the m® RRH and the j& DL UE during the (k, / b symbol
period as

M,
Yumlk, 11 =y [k, 11 + y3R [k, ] + Z Von ks 11+ ety (20)
m.=1
and
Mr
Va ks 11 = Y0 1+ Y00 1+ Y Vi Tk, 11+ ag, @1
my=1

where @, ,, ~ CN'(0,621) (aq; ~ CN'(0,07)) denotes the UL (DL) CSCG noise element at the m™ RRH (j DL
UE). The mX RRH forwards (20) to the BBU. The composite UL signal collected by the BBU is written as

Valleo 11 =[v0 T 11530 Tk ]
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1 M,
=Y h,x u,[k1]+ySRkl]+Zy [k, 1]+ a,, (22)
i=1 m.=1

whereh,; =[BT .07 1" € M a, = [al | al, | € CHMeandyit k.1 = [y (k1) v lhe 1] €
CMM

c. To decode s, ;[k, ], the BBU applies the receive beamforming vector u,; € CMM. 1o (22). The output of
u,;[k,[] is given as

wilk. 11 = [k, 11y, [k, 1], Vi, k,and I. (23)

3.4. Synchronization of FD D-ISAC

Maintaining a desired level of synchronization is an inherently challenging task for distributed systems as due
to the presence of multiple channels, timing, and carrier frequency offsets. The multiple communication nodes can
cooperatively sense the environment, such as in a C-RAN existing approaches to .....

In [70] Estimate carrier frequency offset master-slave paradigm. The carrier and symbol synchronizations are
maintained by the FD MU-MIMO communications system by periodically estimating the carrier frequency and phase
[71]. Our proposed FD D-ISAC model requires extensive cooperation between the communications and sensing nodes.

The radar Rxs relay the targets’ information to the communications Rxs such that h;‘fn m (h;(zin ) and 1; nm (! ?nrn‘ ’j)

can be estimated by the BBU (the j DL UE). Conversely, the BBU feeds the channel information of the DL and UL
UEs to the radar Rxs to estimate ngfr’,',': ,. and n;r;, n - The Rxs of radar and communications employ the same sampling
rates; therefore, communications symbols and radar range cells are aligned in time [72, 13]. The clocks at the BS
and the MIMO radar are synchronized offline and periodically updated such that the clock offsets between the BS
and MIMO radar Rxs are negligible [73]. Using the feedback of the BS via pilot symbols, radar Rxs can obtain the
clock information of UL UEs. Note that this setup exploits the established clock synchronization standards that have
been widely adopted in wireless communications and distributed sensing systems, e.g., the IEEE 1588 precision time

protocol.

4. FD D-ISAC Design

In this section, we discuss the FD D-ISAC system design scheme. We first assign the phases of {Vd’m j} by applying
DCP. Subsequently, we derive the DL/UL achievable rates and the MI obtained at each radar Rx for each target to
formulate a weighted sum-rate optimization problem w.r.t. the DL/UL beamformers and radar code matrix. Next, we
propose an alternating optimization algorithm enabled by the BB low-complexity algorithm.

4.1. Co-phasing-enabled precoder design

The fundamental of co-phasing is to adjust the phase compensation of each antenna of a transmitter to match the
channel phase such that the signals received from all Txs are constructively superimposed at the Rx. The DCP is an
extension of the conventional co-phasing to distributed systems, which enables multiple distributed Txs to coherently
transmit a common message signal to a particular client. The architecture of the FD C-RAN designates the BBU to
coordinate RRHs and achieve cooperative communications, e.g., Coordinated Multiple Points (CoMP). Therefore, to

apply DCP to the DL transmission of the proposed D-ISAC system, we recall that the small fading channel vector
T - oMc
between the m™ RRH and j DL UE g, ,,; [g i ,gé‘{;] , where gé":nj =g} |e18d,mf and 19m° are the channel

coefficient and phase associated with the m 2 h antenna at the m RRH, respectlvely As a prerequ151te for DCP, we
MJ

suppose that {19 Ao } 1 are estimated using known pilot symbols via methods such as maximum likelihood [36],
e Me,j=

and are available at the m2 RRH, we express DCP-enabled Vmj s [66, 37]

¥
gd,m j

—, (24)
l1gam;

Vd,mj = Pd,mj
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where Py ,,; denotes the power allocated to the 7% DL UE by the m® RRH, which will be optimized in the next section.
The total DL transmit power by the mX RRH is P; = Zjlz | Papmj forallm =1,---, M. We also define the super DL

T
beamformer for the j DL UE as v, ; = [Vlmj, ,lej] € CMM.
4.2. Weighted sum-rate maximization

The performance metrics for designing radar and communications systems are not identical because of different
system goals. For example, a communications system generally strives to achieve high data rates, while a radar performs
detection, estimation, and tracking. Some recent works [74, 75] suggest MI as a common performance metric. The MI
is a well-studied metric in MU-MIMO communications for transmitting precoder design [76]. The seminal work on
radar waveform design metric by [77] originally proposed MI as a measure of radar performance. Later, MI-based
waveform design was also extended to MIMO radars [78, 79]. It has been shown [78] that maximizing the MI between
the radar received signal and the target response leads to a better detection performance in the presence of the Gaussian
noise.

In this section, we extend the information-theoretic performance metric proposed in the first companion paper (Part
I) [22] to the D-ISAC system design with the presence of multiple targets. The major difference is that the performance
metric in the first companion paper (Part I) [22] is based on a single range cell, a.k.a., cell-under-test, and herein we
expand it to the entire range profile in light of the presence of multiple targets.

To derive the information-theoretic performance metric for the D-ISAC system, we express the achievable rates

of the i2 UL UE and j DL UE during the symbols of interest as R |k, li " m] = 10g2(1 +¢ [k lf‘n o ]) and
Rd[k d ] =10g2<1+g [k d .]),Where

m.ngj mengj

ul by, |2

u,i Ul
S [’a e ] = (25)
' Zq;’;,lguq uq|2+tr{RSR}+z 1| mengm km|2+C72
and
Ih vy, I?
d d _ d,j dJ
A (26)

¥ d d
Zj’;éjlhd’jvd,j/lz'i'tr{R; } |hfnnjakm |2+0'

are the signal-to-interference-plus-noise-ratios (SINRs) at the m® RRH and the j DL UE, respectively. The

information-theoretic metric for the MIMO radar is expressed as the MI betweeny,  and h,, ,, [15],i.e.,
"t r

T A T .
Rmrn‘nr =1 (ym neng’ hmrnlnr |amr>
-1

= log det (IK +062 s s Rin ), 27

mengh, MR T menen T T mengny

where Ri':llrnlnr =E [yi;tlrnmr <yi,:llrnlnr > ] and o, , , is the variance of h,, ,, , . Thus the compounded weighted sum-rate
(CWSR) for the D-ISAC is
M, N, N, K M, N [ 1
d pd d
RCWSR_ Z Z Z mnlnr mrnlnr+2 Z Z lZauRu[k l:lnnm] ZO{ R; [k l’”"/]] (28)
m.=1n.=1n=1 k=1 m.=1n=1 Li=1
where am nn,? a, and a? are pre-defined weights assigned to the (m ) ® radar Tx-Rx path, i UL and j® DL UEs,
respectlvely

As we have designed the phase terms of vy ,,; in Section 4.1, our goal is shifted to jointly optimize the radar code
matrix A, UL beamformers {uu’ } , the DL powers {Pd " j} , and the UL powers { },I= , by maximizing (28)
given the DL/UL power budget and MIMO radar waveform constramts,

maximize Rewsr (29a)
{ PamjPoit i Visj .}, A
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subjectto Py ; < Py oy Vi, (29b)

J
Z Pd,mj < Pd,max»vm» (290)

j=1
la,, I = P, . (29d)

K max,_, .. la, [k]?
k=1,-+,K |&m, <Vp,Vm, (29%)
Pr,mr f

where Py, and P, ., are the DL and UL power budgets, (29d) and (29¢) enforce the PAR constraint for the
distributed MIMO radar waveform. (29) is known to be an NP-hard non-convex problem as (29a) is not concave
over variables to be optimized jointly, and (29d) is a non-convex constraint, which makes the global optimum of (29)
unobtainable in polynomial time [20]. We partition (29) into two subproblems as follows

{Pd,mj,Pu.,-,uu’i,Vi,j,m},A/

subject to (29b), (29¢)

la,, > < Py, . Vk, (30b)
and
m;;irir\;nrze ||a - a ||2
subject to (29d) and (29¢) a3n
where P, . = KP,,, and A’ = [a’l, ’a,M,] is the intermediate solution to the radar code matrix from (30).

4.3. Low-complexity solution to Problem (30)

To combat the non-convexity of (30), we utilize the equivalence between maximizing the achievable rate and
minimizing the weighted minimum-mean-square-error (WMMSE) and map (30) to a WMMSE minimization problem
as explained in the second companion paper (Part II) [23]. Denote the MSEs associated with the (m nn ) radar path,
(k, )™ UL and DL symbol periods as

_ 2 2 il
Er,mrn[n, =Om.nn, ~ 2O-mrntnrsmrnlnr e menen,
+ i‘rm Ny Rmr"x"rur~mr”t"r’ (32)
E,lk,1]=1-2 ulhzll ik, 1]+ uz,i[k, R, [k, I, [k, 1], (33)
and
M ut [k, Nug [k, 1]
. d, ’ d,j ’

Eg;lk.11=1-2 Z s Tk, l]hlmjvd’mj + ’2— (34)

= oy Lk 1]

wherew, , , , € CK and uy ,j[k. 1] are the receive filters at the (m nn )— radar path and the j* DL UE. To formulate
the WMMSE minimization problem, we introduce auxiliary weight variables associated with E , , , . E, [k, ], and
Eq k. 11as W, pn» Wailk, 11, and Wy ;[k, I]. Define

N, M, N; K M, N;
F Z Z Z mrnlnr r sMp iy r sy iy + Z Z (X U i [k lm n m] u,i [k lm n[m]
n.=1m.=1n=1 k=1m,=1n=1 i=1
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33

k=1m

LM~

Then, the optimization problem becomes

|| MF

d d
Way [l 12 Eas K120 (35)

minimize I (36)
W,U,P,A’

subject to  (29b), (29¢) and (30b),

u; mengn,

A .
where W = {I/Vr’mrntn Wi Wa s Yme,ngng i, } U —{ Uy Ug s Yy, g, AL } andP £ { u,,Pd,mj,Vm,J}.

The second companion paper (Part II) [23] shows that (36) yields the same solution as (30). Next, we solve (36)
sequentially with the BCD algorithm and update each variable in a Gauss-Seidel manner. We also proved in the second

companion paper (Part II) [23] that WMMSE solution is proved to be optimal for U. We write { } as

u;:i[k, I]=arg . min W, [k, I1E,;[k, 1]

uy [k, 11,Vi k.l
P, R [k, 1T, (37)
where R, [k, 1] = E |y, [k, 11y &, 11| Similarly, we find w7 , = a}n RS andu? ) = EM BT v 07 Tk

which are substituted in (32)-(34) to y1eld the optimal MSEs E Elfi[k, [], and E:j [k, I]. The optimal weights

rmnn’

are givenas W* = (Er,mrntn) WA = (Ey Tk 10) ™ and W Tk, 1] = (Eq,fk.11)”". Given W* and U*,

r,mengn,
we obtain
mi%igize I'(W*,U*) subjectto  (29b), (29¢) and (30b), (398)

which is multi-convex and holds the strong duality condition for one variable when the rest is fixed. This enables us to
solve (38) through a Lagrange dual method, as shown in the second companion paper (Part IT) [23].

Denote the Lagrange multiplier vectors for (29b), (29¢), and (30b) by 4, = [lu’l, s Ay, I]T € R Ay =
T
[Ad’l,-u,ld’M]T € RM and 4, £ [Arl,m Arm] € RK, respectively, and formulate p, € R/, p; € RM, and

p, € RM: where the i® element of Py is Py, the m® element of Pqis Z and the m 2 h elements of p, is |la,, ||
respectively. We also define {1} 2 {lu, Ags A } leading to the Lagranglan assomated with (38) as with the

‘C({Pd,mj}’{PuJ}’A’{'l}) F+11T(pu umaxll)
+ l;li—(pd - Pd,male) + l;»r(pr - PrlK)' (39)

Invoking the Karush-Kuhn-Tucker (KKT) conditions yields

VPL,,-£=VP 1—‘-i"1u1Pu1=0 (40)
Ve, £=Ve, Ut damPam =0, (41)
Vo L=Vy T+ 4, P, =0. (42)

In order to obtain the closed-form solutions to P, ;, Py s and a:n through (40)-(42), we need to solve the Lagrange dual
problem

maximize D({,l})—{ in{f ({ dm/} { } A, {/1})

First Author et al.: Preprint submitted to Elsevier Page 12 of 29




Distributed MRMC - 11l
subjectto  4,, 44,4, = 0. (43)

We proceed to solve (43) utilizing the subgradient method to determine /l:, /1(’1‘, and /l:. Using a gradient-descent

type optimization method to update 4, ;, 44; and 4, , in the 12 jteration yields [80]

u,i»

+
i ol )|
a+) _[,0 ® 0
/ld,m _[/ld, + 5y VD('1 )] ’ @)
+

where Pét) = E Pét;)m ﬁff? ﬂc(&, and ﬁ(t) are the BB step-sizes in the & iterations; /15:)[ /10) /1(’) are the r' iterates

Of Ay s Adyys and 4., with vp(a{j}i) = Pli’i) Py VD(/I(I) ) = P — Py o and vp(zﬁfinr) = a2 -
their corresponding sub-gradients.

There are various methods to determine the step-size. The most basic solution is known as line search or
backtracking. This strategy reduces the step length in each iteration until Armijo’s condition is satisfied, which involves
the evaluation of the cost function and its derivative at each iteration. This increases the per-iterate complexity. Polyak’s
step-size rule, on the other hand, achieves faster descent by using the current gradient to estimate the line search
geometry but, as mentioned in the second companion paper (Part IT) [23], it requires estimating the optimal value of
the cost function. However, these methods only employ the gradient and disregard the Hessian of the cost function.
We propose to find the step-size with the BB approach, which embeds the second-order information in the step
length calculation without computing the Hessian directly. Therefore, the BB approach not only delivers increased
performance but also preserves the simplicity of the gradient-type algorithms. We present ﬁlﬁtz according to the BB
method as follows [80]:

r ,max

t (1)
lIs&12 s 112 Is$), 12

0 _ o _ (0

LRNONORC L (r) (n > Frme T (1) <t> ’ “7)
u1 u,i dm d,m Sr,mr r,m;
o _ 50 (r D g0 = )0 - O _ 50 -y O _ ® DY) O
where s = A = Ay s Sgh = A = Aa o Stmg = Aemg = v Yy = D(/lu,,-) - D</1u,,- >, Yam =

D<Ag’)m ) - D<Ag;nl) ) and y(t) = D(iﬁ%) - D(lg’;p) We summarize using the BB algorithm to find P,; in
Algorithm 1, where 7., is the maximum number of iterations for the BB method and I';;, tracks the minimum of

the cost function. P* and a are found following the same procedure. We then iterate across all variables through
an iterative BCD descent approach To impose the PAR constraint on a/ via (31), we resort to a tight-frame based

nearest vector method described in Algorithm 3 of the second companion paper (Part IT) [23]. Finally, we summarize
the alternating algorithm to solve (30) and (31) sequentially in Algorithm 2 where £, is the number of iterations.

4.4. Complexity and Convergence

The computational cost for updating 1( ) with the BB method is O(I) as opposed to (9(1 2) with Newton’s method
[81]. The low complexity of the BB method stems from the fact that each iteration incorporates the second-order
derivative information without computing the Hessian approximates its inverse magnitude in contrast with Newton’s
method [82]. In addition, the search direction of the BB method is the steepest descent, mirroring the Cauchy method
but with a non-uniform step length, which renders the efficiency of the BB method [83]. The cost to compute all of the

elements in P with Algorithm 2 is given as O <I (MM C)3 ); see the second companion paper (Part IT) [23].

Literature has proved that the global convergence of the BB algorithm can be established for strictly convex
quadratic functions, but there is only a guarantee of the local convergence for non-quadratics [83, 80]. As for Algorithm
2, the alternating sequence of iterates is not monotonically increasing hence it only reaches a local convergence, and
different initialization points affect its local optimal values.
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Algorithm 1 BB Algorithm to Solve P, ;

Inpl'It: tmax’ Pu,max
Output: P,;

1: Set the iteration index t = 0; initialize }“1(101‘)’ D(Aflol?), ﬁl(loi), r®
SetT,,, =T©

min
repeat

Update Agjl) with (44)

Update g7 with (47)

6: Substitute ¢+ in (40) to find P ét;r D

7. Update I'*+D with Péf;r])

s 00D < Ty, then Ty, = 104D, PY = PV
9: te—t+1

10: until 1 > 1,
11: return P,

bl

W

Algorithm 2 BCD Alternating Algorithm to Solve (29)
Input: fmax’ Pu,max Pd,max’ Pr,mr’ 7/mr’ v m,
Output: U* P*, A*

1: Set Z = 0 initialize P© and A©®

2. Calculate U© with P and A©; find WO with U©®

3: repeat

4: fori=1,--,1Ido;

5: Calculate Pl(lfl.ﬂ) using the BB algorithm

6: form=1,---,M do

7: forj=1,---,J do

8: Calculate P((f’:jl) using the BB algorithm

9: form.=1,---, M, do
10: Calculate a/, using the BB algorithm
11: Obtain aE,iH) with Algorithm 3 in the second companion paper (Part IT) [23]
12: Update UC*D with P¢*D and AC+D; W¢+D with U¢+D
13: until 2 > 7

max
14: return U*, P*, A*

5. D-ISAC Multi-Target Detection

This section presents how the D-ISAC system accomplishes multi-target detection and data association tasks.
Despite the fact that target detection is a fundamental task for any radar system, there are limited works tackling multi-
target localization with a distributed MIMO radar. We first apply a Neyman-Pearson (NP) hypothesis-based detector to
retrieve each target’s delay-Doppler information for each Tx-Rx channel in Section 5.1. One of the unique challenges
faced by the distributed MIMO radar with N, targets in the scene is the association ambiguity of the measurements
obtained by each MIMO radar virtual antenna element. In Section 5.2, we resort to the JPDA algorithm to associate
measurements with their originating targets.

5.1. Multi-Target Detection
We assume that all the targets are well-separated at the (m,, nr)m radar channel, namely n,, , , # My, y, for

ng # n{ . The NP detector and the generalized likelihood ratio test (GLRT) detector are two of the most common
detection strategies, where the former models the signal parameters as random variables with known probability density
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functions (PDFs), whereas the latter assumes the PDFs are unknown [84]. The NP detector obtains the optimal test
statistic by maximizing the probability of detection (P;) with a certain probability of false alarm (Py,). In spite of the
impracticability of the NP detector, we will use the performance of the NP detector as an upper bound to compare the
performance of beamforming and radar coding strategies in Section To determine whether a range bin of the (mr, n, )m
radar channel contains the n, 1 target, we formulate a binary hypothesis test w.r.t. the cell under test (CUT), i.e.,

. I
HO . anr,,r - ymrnr ) (48)
H, © oy =it 4 y0in
L ymrnr yn‘nr Ynen, -

where H,, corresponds to the absence of any targets and ,; means the n! target is present. Define ?; " =
t"r

o\ —1/2
()
{ H, : y{w ~ CN(0,T)
. —T
Hi: ¥, ~CN (014G, ),

ey

¥y anditsCMG' £ (Rf’i“ >_1/2Rr <Rf’i“ >_1/2 We then rewrite (48) as
neng nen nny nen, :
(49)

The eigendecomposition of G}, " is V) o, A " \ P :nr’ where the columns of V}, o € CKXK and the diagonal entries of

N rl o crmg . . : r s STy th .
An‘nr = diag [5nt nes s 5,,‘ ”r] are, respectively, the eigenvectors and eigenvalues of Gntnr with 6,,t n the k= eigenvalue.

Manipulating ?; .. With the Woodbury matrix identity attains the test statistic for (49) as
t"r

5 V= SrF V=5 (1 ¢ +1) )y
y"t”r - 21 y"t"r - 1y"t"r - neng + y”t”r
ny= ny=
N,

(50)

nehp e ey

—rf r 1 -1 Fo=r
= 2 o Vi (AL +1) VIS
1

Denote 3, = Vi, ¥, = |3, (11, 3, [K1|. Then, the NP detector is [35]

neny ynt Ny ynt ny

r,m
No & S 13, (K117 1y

nen
T(yf ) - I S (51)
BaPIpY T

Hy

where v is the threshold selected to guarantee a certain P;,. We apply (51) to all range bins to retrieve the range
information regarding the N, targets. The Doppler information is then extracted using (9) for each detected range bin.

5.2. Data Association

JPDA incorporates all observations within a gated region about the predicted target state into the update of that
target’s state. The contribution of each observation is determined by a probability-based weight. A given observation
can also be used to update multiple targets’ states. In essence, JPDA averages over the data association hypotheses that
have roughly comparable likelihoods and thus suffer from degradation in performance in a dense target environment.

Upon iterating through each range-Doppler bin with the detection mechanism from Section 2.3, the nrm radar Rx
obtains N, pairs of range-Doppler measurements. Each measurement is associated with at most one target, and all
measurements are mutually independent. associated with at most one target except for the clutter. All measurements
are mutually independent, meaning that the number of measurements equals the number of targets. As mentioned
in Section 2.3, we investigate measurement-to-target assignment using the PDA algorithm. We consider that the
measurement is a simplified scenario where all the valid measurements collected at the n,t Rx originate from the
N, targets after reflecting signals transmitted by M, Txs. After the matched filtering at each radar Rx, target-reflected
signals originating from different radar and BS Txs are separated, and the Rx then associates each measurement with
its corresponding Tx. The only ambiguity left is to assign each measurement with the correct target label across all
radar Rxs. Therefore, the ¢t delay-Doppler measurement extracted from the delay-Doppler plain corresponding to
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q
mrnr ’

the (mr, nr)m Tx-Rx pair is z where ¢ € {l, e Nt}. The unordered set of measurements collected by the

th ., = Iz =N ; ; —
my, n= radar channel is Z, , = {Zm,,n,’ ’Zm:anr} while the ordered set of the N state vectors is X, , , =
{erntnr’ 3 X N, } We assume that the measurements associated with target n, are centered around its true delay
and Doppler coordinates on the delay-Doppler plain and model the conditional distribution of imr an. = [nq ; C'Zr!nr]

me,n,
givenx,, , , as

f (i |x ) =—
meqng 1mme gy t P
ment On,

q 2 2
1 Mg ng ~"mengng " Pmygny =S mengny
(™3 7
‘ (52)

where A; and A ; are the delay and Doppler shift resolutions.
The composite model for measurement distribution is a mixture of each target component as follows

Xe

NI
f (Zmrq”r |ertnr ) = Z d)mr"l"r f <Zmran |er"l"r )’ (53)
n=1
where ¢,, , , represents the weights of the n, target for all measurements observed by the m,, n, 8 Tx-Rx pair, which
is proportional to RCS A}, o, and Zrl,t=1 Dmnn, = 1 for V{mr, nr}. Then the probability that Z,, ,,, is generated by
Xy n,n, 18 giVen as of each individual target component as follows [86].
_ ¢mrnlnr f (Zmran |erntnr )
Pr <erntnr Izmran > = -
£ (1)
nd —n, 2 - 2
_;l< mpny = My My > +[ pmrq”ro_ppmr"l”r ] }
e n n
¢mrntnr 2 2
1 ["mrnr _nmr”[”r ] +[Pmran _pmrn np ]
2 ot ap
Vl’ ﬂ,
Zn’ e t t
t
= — : (54)
O—t Gp , mrnt iy
ng Ny n a‘, GP,
MM
which is the assignment likelihood between measurement imr gn, and target n,. Then we construct the assignment

- , h
likelihood matrix L, ,, for N, targets and N measurements, where the (n,, n)™ element of L

my,ny 18 Pr <erntnr |Zmrq”r )

[87]. Then we take advantage of the definition of matrix-permanent and calculate the association probability that the
n® is assigned to the ¢ measurement is

perm{LZr""nr }

, (55)
perm{ L }

mg,n ~
ﬂn,:t r=f annlzmqn
t Tt r T T

>Mmax

nn, . . . .
where L, %, is the matrix L removing row » and column n,. We obtain the measurement vector z,, , , = Z,"*,
7T Tt T

me,n,

where n

me,n, .
max = arg max Byn, ' for all Tx-Rx pairs.

To complete the localization and tracking with range and doppler measurements, we define the state space model

T
of ntm target in the m2 CPI (state m) as X" = [x{"n e X0, Sy, | - Assuming a nearly constant velocity discrete
SNt >Th oI [ a8
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(m=1) (m=1)

time kinematic target model' yields x" =Fx 7 +v  —, where the state transition matrix is
B B Mt
F= [IZXZ KT}IZ] (56)
020 Do

. -1 . . ..
and the process noise vector VE’Z Y <0, Qi ) The process noise covariance matrix is
oIt »

(k1)* (K1)’
Q.. = 1Vt 2 Vun (57)
tn, — ( KTr)3 5 >
2 t,ng (KTr> vt,nt

where v, , Vi,

are taken at each receiver and overall, measurement vector at a time instant m of radar Rx n, from target n, are given
by

diag( [vint, 2 ] ) with vin‘ (Vint) the process noise intensity on the x-axis (y-axis). The measurements

2 =b, <xz’nt> + e (58)

where e, , ~ N (0, Q, . ) is the time-invariant measurement error vector which is independent across dif-
T T

. th . . . .
ferent receivers of the (mrnr)— radar path and Q,, , is the measurement noise covariance matrix; b,, , (1) =
T T

T
PR yee]

Since radar measurement errors are independent across different receivers, the covariance matrix of e, , is given
by

R™ =Ele, ,e' ]=diag(R" ,...,R" ) (59)

My “myeny myny, ’ myny

where the covariance matrix R, , is computed from the corresponding CRLB matrix C? =~ as

r'tr

_ T
Ry, =TCp, T (60)

where I is the diagonal element of transformation from delay, doppler to range and range-rate, respectively.

From the measurement noise equation, b, , is the nonlinear observation vectorial function. Due to the non-
linearity of b, , , a nonlinear tracking algorithm must be used. Therefore, we perform the target state update using the
extended Kalman filter (EKF). The error covariance matrix depends on the Rzrnr depending on the SNR 7, , . The

probability of target detection at ntm receiver at time instant m is

pn P(l/ 1+71,,n,)

dmrn,. fmrn,.

(61)

The SNR 1, , varies with target motion and is directly related to the bistatic geometry of the transmitter-receiver
location. Measurements that are accurate and reflect the actual target (when it is identified) are not the only data
collected by each sensor. Unwanted noise is also detected due to background disturbances. These false readings are
considered to have a uniform spatial distribution within the measurement domain and are temporally independent. The
frequency of these false positives is represented by a Poisson distribution. The function describing the likelihood of
observing a certain number of false positives within a given volume V is outlined below:

g
Po(g) = e @ (62)
g!
The prediction steps of the EKF w.r.t. the n,® target given by,
x:f'rll:"_l =Fx/- ! (63)

IThis model is a second-order model in that the discrete-time process noise is defined as a piecewise constant white sequence [88].
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P =FPIIET 4+ Q. (64)

t,ng

The EKF innovation given the measurement yields the current localization of the n, ™ target

m _ m|lm—1 m —=m

Xt,n - Xt,n + Kt,n Zm nen (65)

t t t Tt
_ -1\ . . ...
where Z. =z" -b x"lm is the filter residual of m™ state, The Kalman gain is given by,

myngn mengn, mphy t,n;

kn —pnt(gm ) (s ) (66)
g~ thg mengn, g

. . —1 . . ..
Here, B;) is the Jacobian of b,, , evaluated at xtm,lm , and the residual covariance matrix is
Tt et

sm =g primlpm’ (67)

tng T Tmeneng tng mengn, myn,

In the multi-target scenario, the measurements from nt@ target during each iteration are not independent. So
joint associations between the transmitters and targets need to be addressed for correct receiver measurement. JPDA
enumerates the measurement to target association probabilistically, and the target states are estimated by their marginal
association probability. Moreover, the JPDA filter will resolve the ambiguity among measurements, targets, and
transmitters for a specific receiver. Therefore, this association is a three-dimensional association that has a higher
computation cost. Therefore, we followed another modified approach where we consider the super-target formation
mentioned in [89] [90] [91], which turns the 3D association into a 2D association problem. We consider supertarget
7 = {n,,m, }, which is a hypothetical target consisting of a pair of target n, and transmitter m, for any specific receiver.
As the number of transmitters and targets grows, the association between the measurement and the target increases
accordingly. Gate grouping is required for multiple targets [92]. The valid measurement is denoted by the set of gated

measurements at time m concerning supertarget 7 that is, the m,n,n,2 measurement of z7 :
r

m.n,.>
m  _ .m m . (om m|m—1 T
2z = Ly, € Y/ (zmrnlnr - bmrnr<xt’n[ ,Txmr>) (68)
-1 m|m—1
Sy )@ =D, (xwt ,Txmr>)<11'[hn} (69)

with the predicted measurementb,,, (xtm ,lm_l, Tx,, )) and its associated covariance S{”, =~ with respect to supertarget
SNy r S my.

7 = {n,,m,}, and Th is the gating threshold. Next, we consider a track to be lost if, over several consecutive scans, no
measurements are found within the designated target gates or if the gate size becomes excessively large [90].

P x| 2N = POoMZ" w21 (70)

Py Lt 271 = N gt pimt, (71)

Let the term &; represent the j*™" fusion junction event (FJE), with T(&;) indicating the collection of supertargets that
are not linked to any measurement, and T (¢;) representing the collection of supertargets that are linked to exactly one
measurement in the context of the FJE ;. The posterior probability for the FIE &; is calculated as follows:

p;”'n,n,m
pelzm=c" ] a1 =PpPePGMZ™ )% ] (PoPePGIIZ™H—), (72)
TeTy()) €T () n,m,
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with Pg as the gating probability and ¢ as the normalization constant. The measurement likelihood allocated to a
supertarget in a fusion junction event is given by

N7 ny t,ngm,

p"r’j - PG

N b &S )
= ) (73)

The set of fusion junction events allocating a measurement to a supertarget is denoted by 6(z, n,m,), identifying if
a measurement i detects a supertarget 7 at time m. The probability that no measurement detects the supertarget is

P(z:"0Z" = ) PEIZM, (74)
&,€6(3,0)

and the probability that a measurement detects the supertarget and confirms its existence is

POG™ Honm ™12 = Y P@O;|Z™), (75)

0,€6(%,n,m,)
resulting in the supertarget existence probability as

PGEMZ™M = ) PO Kenm, "2 (76)

n,m.>0
The data association probability for a supertarget is

P(enm, ™ 2" 1L™)
P(yzmZmy

ﬂ%,n,m, = P()(fn,m,mbffm’ Zm) = h,m, 2 0. (77)
For track state updates, combining each track and transmitter forms a supertarget. The track state for each n, at time
m integrates all originating supertargets, with the probability density function modeled as a Gaussian distribution,
encapsulating the mean and covariance updated by measurements related to the supertarget. The extended Kalman
filter update is applied for state refinement based on predicted measurements.
The probability density function of the track n, trajectory state is assumed to be a single Gaussian distribution.

P()(,:':,Xﬂzm) = P(){,’,:I|Zm)p(X,’1':|Zm). (78)
P(x|Z") = N (xp 30", p, "1™, (79)
where
; |

I I (80)
#€E(n,) j=0
Ny

Py = & () SR - T (81)
FEE(7) j=0

where C™ is the renormalized factor which satisfies

m
nt

> Y émp, =1 (82)

reE(n,) j=0

First Author et al.: Preprint submitted to Elsevier Page 19 of 29



Distributed MRMC - 11l

The mean and covariance updated by measurement 2, with respect to supertarget 7 are calculated by

[(Amlm— r~n|m—1]7 j =0

~m|m m|m
Xf,n,m,’pf,n,mr Am|m 1 m mim—=1 .
EKFu SRMZT by, ). >0,

(83)

where EKFu is the extended Kalman filter update procedure, and the predicted measurement function is by =~ =
T

bﬁ " (A;”m_ , Tx,, ). The calculated posterior probability of a target’s presence, related to track n, at the instance m is
T r

determined by

P(ZMZ™ = ). P(ZT|Z™/N,,. (84)
#€E(n,)

6. Numerical Experiments

We evaluate the proposed algorithm’s performance, target detection, and localization performance with the
considered D-ISAC system. Throughout this section, we assume the following parameters, unless otherwise stated:
M. =N, =M =41=J =2,K =16,and L = 32; the CSCG noise variances are arz = 03 = o-i = 0.01;
Py = 1and DL Py = 2; radar Tx power P, , = 1 and PAR levels y,, = 2 for all {m } define the signal-to-noise

ratios (SNRs) associated with the MIMO radar j® DL UE, and i UL UE as SNR, = P, m/ 62, SNRp, = P/ aﬁ,

and SNRy;; = u’i/au [76]. the elements of g, ,, , hy;, 8; H;p, H, J» ®Bm, > and a; , are drawn from CN'(0, 1) We
model the self-interfering channel HSR as CN' 1+ ra HISIR, Ky D1, M, ®Iyy >, where O'IZ:D is the SI attenuation

coefficient that characterizes the effectiveness of SI cancellation [8], the Rician factor Kp = 1, and HSR € CMMXMM,

is an all-one matrix [10]. The numbers of iterations for the BB and BCD-Alternating optimization algorithms are
Imax = 100 and £, = 100. We use uniform weights ;' = a;l = a:nrntnr for all {mr, ng, A, 0, j } Throughout this
section, we initialize Algorithm 2 with the efficient initialization approach for v, ; detailed in the second companion
paper (Part II) [23].
6.1. Convergence analysis

Figure 2 presents the convergence behavior of Algorithm 2 with two step-size rules: the BB algorithm and the
Polyak’s rule, which shows that Algorithm 2 achieves a rapid convergence using both step-size rules because the
co-phasing technique adopted for v ; uses the channel phase information, which aligns with initialization approach. It
is also noted that the BB algorithm yields improved performance over that of Polyak’s rule.

6.2. D-ISAC overall system evaluation
Figure3 demonstrates the overall D-ISAC system performance measured by (28) and the robustness of Algorithm 2
with channel estimation errors. We model the estimated channel vectors as h = h+A, where A ~ CN (0, '7(22511) and his

referred to any of the small fading channel vectors introduced in Section 2.2 and ”ésr = 0.1 for this example. We also
compare the proposed BCD-Alternating algorithm with conventional strategies, where we apply the block-diagonal
(BD) beamforming technique to the DL beamformer v ; and the random radar coding scheme to the radar code matrix
A (see the first companion paper [Part I] [22]), where the BD approach only applies to the DL beamforming; the
proposed DL and UL beamforming is used with the random radar coding. The proposed D-ISAC design approach
displays its overall robustness given the channel uncertainty and system-level advantage over other compared design
approaches.

6.3. FD communications

We then evaluate the impact of the FD communications on the FD C-RAN system, where Figure 4 depicts Rgp,
against the SI attenuation level GI%D ranging from —30 to —10 dB, where Rpp, represents the weighted achievable rate
of the FD-CRAN system given by the second term on the right-hand-side of (28). Similar to the previous example, we
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Figure 2: Convergence curves of Algorithm 2 given the step-size rule determined by the BB algorithm and Polyak’s rule.

consider the BD beamforming and radar random coding as benchmarks for our algorithm. As expected, the stronger
the SI cancellation, the higher the FD C-RAN system achievable rate becomes. The FD C-RAN systems using the UL
and DL beamformers based on our proposed algorithm outperform the one using the BD method for DL beamforming.
Since the communications beamforming is applied to the radar random coding, we observe that the black and red
curves share a similar trend in

6.4. Radar target data association

To evaluate the data association approach described in Section 5.2, we consider three sets of MIMO radar antenna
array configurations. Further, we simulate the association probability for numerous targets in a 2D Cartesian plain.

We generate measurements following (52) for all Tx-Rx channels, where Py = 0.9 and P; = 0.001.

To quantify the performance of the proposed data association scheme, the probability of correct data association
is defined as P, = d_/D, where d_ is the number of measurements associated to the correct targets, and D is the
number of total valid measurements. We compute P, by varying the number of targets for three different popular array
configurations (Circular, L-shape and Random) in Figure 5, where each curve is averaged over 2000 MC realizations,

in each realization (xt o Yin ) is sampled randomly within a circle of radius 300 Km and 4/ x[2 + 2 is uniformly
SNt SNt Mg t,ng
generated within [0, 50] for all n,. In Figure 5, it can be noticed that among the three configurations, the circular
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Figure 3: Proposed D-ISAC design approach compared with the conventional communications precoding and radar coding
techniques given CSI errors.

configuration is the best in terms of the probability of correct association due to its 360° coverage, and as expected, its
performance degrades with the increase in the number of targets.

The performance efficacy of our distributed radar system for multi-target tracking was rigorously assessed via a
series of numerical simulations. The experimental setup encompassed the tracking of three distinct targets, utilizing an
array of four transmitters and four receivers. These components were strategically positioned in a variety of geometric
configurations within a two-dimensional Cartesian coordinate system. Figures 6, 7 and 8 depict the simulated tracking
scenario where Txs and Rxs are distributed in an L-shape, circular, and random configuration, respectively. The radar
transmission frequency was set to 12 GHz for all the Txs with a 200 ms PRI. The P;, was set to 0.001. The term T
denotes the interval of sampling, which we set to 200 ms. The probability of detection is assumed to be equal across
every Tx-Rx pair.

For the L-shape, the Txs and Rxs are located as follows:

Tx, =[0 (m-1)5]"; m=1234 and Rx,=[52 -5]"; n=1,234.
For the circular configuration, the transmitters and receivers are located as follows:
Tx; =[-10 10]"; Tx,=[0 17.32]"; and Tx;=[20 17.32]"; Tx,=[30 10].
Rx; =[-10 —10]"; Rx,=[0 —17.32]"; and Rxy=[20 -17.32]"; Rx,=[30 -10]".
For the random configuration, the transmitters and receivers are located as follows:
Tx; =[0 0]"; Tx,=[-10 =5]"; and Tx;=[-15 —=5]"; Tx,=[-20 —20]".
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Figure 4: Proposed D-ISAC design approach compared with the conventional communications precoding and radar coding
techniques given CSI errors.

Rx; =[5 0]"; Rx,=[-10 —10]"; and Rx;=[-15 -=5]"; Rx,=[-20 —10] .

The targets follow a nearly constant velocity motion model, with initial states for target 1, target 2, and target 3 as,
respectively,
25 6-04-02]"; [I15 16 04 =-02]"; [10 10 -0.1 02]".

We consider the initial conditions for three targets and additional simulation parameters to be the same for all
transmitter-receiver configurations.

6.5. Target tracking

Localization and tracking in MIMO radar depend on the target’s initial states and the geometry of the system [93].
Target tracking scenarios using the L-shape array configuration are shown in Figure 6, using Circular and Random array
configurations can be found in Figure 7 and Figure 8, respectively. All these three figures suggest that in a distributed
MIMO radar system, the circular array configuration is the most efficient in tracking the targets among the three array
configurations. This observation agrees well with the results in Figure 5, where the probability of correct association
has been investigated. This is because both performance metrics complement each other. Table 2 demonstrates the echo
sequence for each target from the corresponding transmitter receiver for the circular transmitter-receiver configuration.
Each receiver receives multiple echoes, which are unordered in nature. From the estimated target location using the
JPDA algorithm, we estimate the order of echo at any receiver. Here, we notice that the joint association probability
helps successfully associate each measurement with the corresponding targets.
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Figure 5: Probability of correct association for different antenna geometries and number of targets.

Table 2
Echo Sequence from three targets, before and after association.
Tx, Tx, Tx, Tx, After Association
Rx, | target 3,2,1 | target 3,2,1 | target 2,3,1 | target 1,3,2 3,2,1
Rx, | target 3,2,1 | target 3,2,1 | target 2,3,1 | target 1,3,2 3,2,1
Rx; | target 3,2,1 | target 3,2,1 | target 2,1,3 | target 1,2,3 1,3,2
Rx, | target 3,1,2 | target 3,2,1 | target 1,2,3 | target 1,2,3 1,3,2

7. Conclusion

This is a concluding paper of a three-part series. The first two companion papers Part I [22] and Part II
[23] investigated, respectively, the signal processing and the synergistic design algorithm for a IBFD MU-MIMO
communications system that shares spectrum with a distributed MIMO radar with a single target in its coverage area.
In this paper, we handled the co-design challenge for a multiple target scenario. A method of low computational
complexity, leveraging the Barzilai-Borwein gradient algorithm, was introduced to derive the design parameters
efficiently. Furthermore, we employed a mixed-integer linear programming approach to facilitate distributed target
localization. The feasibility and precision of multi-target sensing capabilities within the distributed IBFD ISAC
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Figure 6: Ground truth and estimated location of three targets for L-shape Tx-Rx configuration.

framework were validated through comprehensive numerical experiments. Additionally, our study showcased the
practical application of the IBFD MU-MIMO communication system and distributed radar ISAC system for localizing
and tracking multiple targets, employing advanced techniques such as the JPDA and extended Kalman filter. Three
different transmitter-receiver array (L-shape, circular, and random) configurations were considered. Among those, the
circular configuration exhibited the best association and tracking performance because of its 360° coverage of the
surveillance area.
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