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Abstract— In this work, we study integrated sensing and
communication (ISAC) networks with the aim of effectively
balancing sensing and communication (S&C) performance at
the network level. Focusing on monostatic sensing, the tool of
stochastic geometry is exploited to capture the S&C performance,
which facilitates us to illuminate key cooperative dependencies in
the ISAC network and optimize key network-level parameters.
Based on the derived tractable expression of area spectral
efficiency (ASE), we formulate the optimization problem to
maximize the network performance from the view point of two
joint S&C metrics. Towards this end, we further jointly optimize
the cooperative BS cluster sizes for S&C and the serving/probing
numbers of users/targets to achieve a flexible tradeoff between
S&C at the network level. It is verified that interference
nulling can effectively improve the average data rate and
radar information rate. Surprisingly, the optimal communication
tradeoff for ASE maximization tends to use all spatial resources
for multiplexing and diversity gain, without interference nulling.
In contrast, for sensing objectives, resource allocation tends
to eliminate interference, especially when there are sufficient
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antenna resources, because inter-cell interference becomes a more
dominant factor affecting sensing performance. This work first
reveals the insight into spatial resource allocation for ISAC
networks. Furthermore, we prove that the ratio of the optimal
number of users and the number of transmit antennas is a
constant value when the communication performance is optimal.
Simulation results demonstrate that the proposed cooperative
ISAC scheme achieves a substantial gain in S&C performance
at the network level.

Index Terms— Integrated sensing and communication, multi-
cell networks, network performance analysis, stochastic geome-
try, interference nulling, cooperative sensing and communication.

I. INTRODUCTION

DUE to the scarcity of spectrum and the severe interference
between separate sensing and communication (S&C)

systems under the shared use of wireless resources [2], [3],
there is a significantly growing interest in utilizing unified
infrastructure/waveforms/networks to provide both S&C
services, which has motivated the recent research on integrated
sensing and communication (ISAC) (also referred to as joint
communication and sensing (JCAS)) [4], [5], [6]. By simulta-
neously conveying information to the receiver and extracting
information from the scattered echoes, the ISAC technique
has emerged as a promising solution to greatly improve the
spectrum/cost/energy efficiency of the S&C functionalities [7].
Most recently, the international telecommunication union
(ITU) approved the ISAC technique as one of the six key usage
scenarios of six-generation (6G) networks. In the literature,
most existing works on this topic have focused on performance
analysis and optimization design at the link/system level, e.g.,
waveform optimization, echo signal processing, and resource
balance for one or several base stations (BSs) [8], [9], [10],
[11]. In general, these studies only consider S&C interference
within a single cell, while the inter-cell interference for
network-level ISAC is rarely taken into account.

For large-scale dense ISAC networks, inter-cell interference
acts as a critical constraint that restricts network performance.
Cooperative ISAC schemes, e.g., coordinated beamforming
and cooperative resource allocation design, are promising
solutions to avoid/reduce the inter-cell interference to
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extremely improve the S&C performance of the whole
network [12], [13], [14]. Moreover, network-level ISAC also
provides new degrees of freedom (DoF) to optimize and
balance S&C performance in a more flexible way, e.g.,
optimizing cooperative BS cluster sizes for S&C and the
average numbers of served/detected users/targets. Nonetheless,
it is challenging to quantitatively analyze and optimize
the corresponding average network performance for S&C
in ISAC networks, especially with consideration of the
influence of channel fading and spatial attributes. This
motivates us to develop new ISAC cooperation approaches
to reduce the interference of the networks, and then
accurately derive the S&C performance for further network
optimization.

Stochastic geometry (SG) provides a powerful mathematical
tool for the analysis of multi-cell wireless networks, and
has been widely used in a variety of settings [15], [16],
[17]. For instance, [15] proposed a general framework for
analysis of the signal-to-interference-plus-noise ratio (SINR),
the average data rate, and the coverage probability in multi-cell
communication networks. Moreover, in [18], a tractable uplink
energy efficiency (EE) maximization problem is formulated,
where several practical factors are considered, e.g., the BS
density, the transmit power, the number of antennas and
users per cell, and the pilot reuse factor. In addition to
evaluating the performance of communication-only networks,
SG may also be adopted for the sensing performance
analysis in vehicular radar networks and wireless sensor
networks (WSNs) [19], [20], [21]. For example, in [19],
automotive radar interference is modeled under a two-
lane scenario, where the success probability of automotive
radars in detecting their targets is estimated. Furthermore,
authors in [20] proposed a time-frequency division multiple
access scheme to mitigate the interference in a coordinated
manner and reduce interference probability for mmWave
automotive radar networks. In [21], the authors investigated
the localization performance without considering the inter-cell
interference, and the results illustrated the impact of increasing
the BS density on distance-based localization accuracy
in WSNs.

In addition to the performance analysis of the
communication-only and sensing-only networks, there
are recent works that analyze the ISAC performance by
exploiting the SG technique. For instance, [22] studied an
ISAC beam alignment approach for THz networks, where
the reference signal and the synchronization signal block are
jointly designed to improve beam alignment performance,
and then SG is utilized to derive the expression of coverage
probability and network throughput. In [23], the BS serves
as a dual functional transmitter that supports both S&C
functionalities in a time division manner, where during the
search interval, the radar scans the entire angular search space
to find the maximum number of mobile users. In [24], the
EE for dual-functional radar-communication (DFRC) cellular
networks was derived in closed form to facilitate the network
EE maximization by optimizing the BS density. Furthermore,
[25] developed a mathematical framework for characterizing
the S&C coverage probability and ergodic capacity in a

mmWave ISAC network. However, it is noteworthy that
the above studies focus on providing services for only one
user and one target in each cell within one frame, which
definitely does not fully unleash the multiplexing gain offered
by the spatial resources. Moreover, these works seldom
consider the cooperation between BSs to prevent/suppress
inter-cell interference for network performance
improvement.

In general, there are mainly two kinds of strategies to
handle inter-cell interference for both S&C, i.e., interference
cancelling and interference nulling [13], [26], [27], [28]. The
basic principle of the former is to estimate the interfering
signal and remove it from the received signal [29], which
generally requires stringent time synchronization requirements
and high overhead over the networks. Clock synchronization
becomes a more critical issue in multi-BS S&C scenarios
with increasing bandwidths and carrier frequencies [30], since
even small errors in the time domain can result in significant
range errors during signal processing. Moreover, to cancel
the interference from other BSs, it requires the channel state
information (CSI) and the original data, leading to higher
overhead. Interference nulling involves designing the transmit
beamforming in the null space of the interference channel
to avoid inter-cell interference. Thus, it does not require
data sharing between BSs and thus has a lower signalling
overhead [31], which is more practical for dense networks
to improve the service quality of S&C.

Based on the above discussion, in this work, we study
a cooperative ISAC scheme to effectively balance S&C
performance at the network level.1 We employ SG techniques
to conduct performance analysis, shedding light on crucial
cooperative dependencies within the ISAC network. This
analysis offers valuable insights to guide a closer inspection of
specific features and emerging trends. By using SG, the S&C
performance of the entire cellular network can be described
more fairly despite the presence of an infinite number of
random variables (BS locations, fading values). Different from
the closest related works serving/probing one communication
user/target at each time [24], [25], in this work, multiple users
and targets are served/detected simultaneously, and the number
of users/targets per BS are also optimized to improve the whole
network performance.

In the cooperative ISAC networks, the availability of
multiple antennas can provide the flexibility to simultaneously
realize three kinds of system objectives: serving/probing
multiple users/targets at the same time-frequency resource
block to achieve a spatial multiplexing gain; providing spatial
diversity gain for communication users; and nulling inter-cell
interference. Then, an interesting question in this case is how
to balance these competing benefits for both S&C in ISAC
networks. To answer this question, we aim for maximizing
two proposed network S&C performance metrics based on
the derived tractable expression, by jointly optimizing the
cooperative BS cluster sizes for S&C and the serving/probing

1Considering that the monostatic sensing has loose requirements of time
synchronization between BSs, we focus on monostatic sensing instead of
multi-static sensing in this work. Therefore, sensing cooperation in our work
is with the intent of suppressing inter-cell interference.
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numbers of users/targets. This thus strikes an improved
tradeoff between S&C at the network level. Surprisingly, as we
will show later in this paper, the optimal communication
tradeoff for the case of area spectral efficiency (ASE)
maximization tends to employ all spacial resources towards
multiplexing and diversity gain, without interference nulling.
By contrast, for the sensing objectives, resource allocation
tends to eliminate certain interference especially when the
antenna resources are sufficient, since the interference in
the sensing operations is more severe compared to the
communications. The main contributions of this paper are
summarized as follows:
• First, we propose a cooperative ISAC network

with the exploitation of interference nulling for S&C
by adopting the coordinated beamforming technique.
With the help of the proposed cooperative ISAC network
model and SG tools, the S&C performance is described
analytically through the ASE expression to reveal the
insights of spatial resource allocation for ISAC networks,
and it is verified that the interference nulling can effectively
improve the average data rate and radar information rate.

• Second, we derive the tractable expressions of the ASE
for S&C, based on which, we prove that it is not
necessary to perform interference nulling when maximizing
the communication ASE under some general parameter
setups; in contrast, interference nulling is required when
maximizing the sensing ASE. The primary reason for
this susceptibility to inter-cell interference during the
sensing operation is the weak effective signal caused
by the round-trip pathloss of echo signals. Additionally,
we demonstrate a fixed relationship between the optimal
number of service users and the number of BS transmit
antennas for optimal communication performance, which
is essential for achieving optimal spatial diversity and
multiplexing tradeoffs.

• Third, it is first revealed that, unlike communication,
the distribution of sensing interference distances exhibits
hole regions and thus the analytical approach in terms
of characterizing communication performance cannot be
applicable to characterize the sensing performance. To tackle
this issue, we propose a geometry-based method to
mathematically derive a tight tractable expression of radar
information rate by removing the probability with respect to
areas where inter-cell sensing interference does not exist.

• Finally, we formulate a performance boundary optimization
problem for ISAC networks, whose performance is com-
pared with an inner bound to verify that nulling interference
in ISAC networks can effectively improve the cooperation
gain and achieve a more flexible tradeoff between S&C.
Moreover, in simulations, it is revealed that ISAC networks
also exhibit a tradeoff between the average link performance
(the average data rate and radar information rate) and the
whole network performance (the ASE) for both S&C.
Notation: B(a, b, c) =

∫ a

0
t(b−1)(1 − t)c−1dt is the

incomplete Beta function, Γ(a, b) =
∫ b

0
ta−1e−tdt is the

incomplete gamma function. Lowercase letters in bold font
will denote deterministic vectors. For instance, X and X
denote one-dimensional (scalar) random variable and random

Fig. 1. Illustration of cooperative ISAC networks with separate interference
nulling for S&C.

TABLE I
IMPORTANT NOTATIONS AND SYMBOLS

vector (containing more than one element), respectively.
Similarly, x and x denote scalar and vector of deterministic
values, respectively. Ex[·] represents statistical expectation
over the distribution of x, and [·] represents a variable set.
O(0, r) denotes the circle region with center at the origin and
radius r.

II. SYSTEM MODEL

A. Network Model

In this work, we design a coordinated beamforming scheme
to achieve interference nulling in optimized cooperative BS
clusters in ISAC networks. Specifically, in the considered
system, each BS is equipped with Mt transmit antennas and
Mr received antennas, and the location of BSs follows a
homogeneous Poisson point process (PPP), denoted by Φb.
Here, Φb = {di ∈ R2,∀i ∈ N+}, and di represents the
location of BS i. Similarly, Φu and Φt respectively represent
the point processes of the two-dimensional (2D) locations of
single-antenna communication users and targets in the ISAC
network. It is assumed that Φb, Φu, and Φt are mutually
independent PPPs with intensities λb, λu, and λs, where
λu, λs ≫ λb [32].

Focusing on one time-frequency resource block, we con-
sider that each BS sends independent data to K users
while simultaneously sensing J targets (e.g., localization
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and recognition) with unified ISAC signals in the Voronoi
cell of the serving BS [9].2 We note that compared with
the power of the received echo signals which suffer from
round-trip path loss, the sensing interference signals are
relatively more significant since they are directly transmitted
by the surrounding BSs. Therefore, in ISAC networks, sensing
operations is more susceptible to inter-cell interference than
communications. To suppress S&C interference separately,
we extend the coordinated beamforming model in pure
communication network into ISAC networks [33], [34], where
Q (L) closest BSs are selected for interference nulling
of sensing (communication). Regarding information sharing
among intra-cluster BSs, only CSI needs to be shared among
BSs for cooperative beamforming, which incurs significantly
less overhead compared to sharing data or communication
information.

If the interference nulling request number received by the
BS exceeds the limitation of DoF of spatial resources, some
interference nulling requests will be randomly abandoned.
The simulations demonstrate that the impact on network
performance of abandoning certain user requests is negligible.
In the following, we analyze the network performance based
on the average number of interference nulling requests
received by each BS to avoid exceeding its beamforming
capability. By forming separate S&C cooperative clusters
based on targets’ and users’ locations, the corresponding
beamforming vectors of Q BSs (L BSs) are jointly designed
for interference nulling of sensing (communication), as shown
in Fig. 1. Therefore, the interference to the serving BS in the
corresponding cooperative cluster of S&C can be effectively
avoided. To fully exploit the integration gain between S&C
in network-level ISAC, in this work, the number of the users
and targets to be served, as well as the size of cooperative BS
clusters for S&C are jointly optimized based on the derived
tractable expression of the S&C performance metrics.

To facilitate the performance analysis, the average number
of nulling requests is adopted in this work. Within a given
region A with area size |A|, the average number of BSs
within this area can be denoted by B̄ = |A|λb according to
the BS density λb of the PPP. The total communication (and
sensing) interference nulling request number received by the
BSs within the area |A| can be expressed as B̄K(L− 1) (and
B̄J(Q − 1)). In this case, it can be readily proved that there
are B̄K(L−1)+B̄J(Q−1)

B̄
= K(L − 1) + J(Q − 1) service, on

average, requests received by each BS in this area. Important
notations and symbols used in this work are given in Table I.

B. Communication Model

Without loss of generality and in the common stochastic-
geometry fashion, the typical user is denoted by user k and
is assumed to be located at the origin, and its performance is
analyzed to generally represent the average performance of all
users [18]. The typical user is served by its closest BS (namely
serving BS), whose index is denoted by 1. The large-scale

2It is assumed that the number of users/targets in a network is far larger
than the number of deployed BSs, which is generally valid in practical
scenarios [33].

pathloss fading from the user to the serving BS is considered
as ∥d1∥−α, where d1 and ∥d1∥ respectively represents the
location of the serving BS and its distance to the typical user,
and α ≥ 2 is the pathloss exponent. Then, the received signal
at the typical user k can be expressed as3

yc,k = ∥d1∥−
α
2 hH

k,1W1s1︸ ︷︷ ︸
intended signal

+
∑L

i=2
∥di∥−

α
2 hH

k,iWisi︸ ︷︷ ︸
intra-cluster interference

+
∑∞

i=L+1
∥di∥−

α
2 hH

k,iWisi︸ ︷︷ ︸
inter-cluster interference

+ nk,c︸︷︷︸
noise

, (1)

where hH
k,i ∼ CN (0, IMt) is the channel vector from BS at di

to user k, Wi =
[
wi

1, . . . ,w
i
K

]
∈ CMt×K is the precoding

matrix of the BS at di, and si =
[
si
1, . . . , s

i
K

]T
is the

information symbol vector transmitted from the corresponding
BS. We assume E

[
sisH

i

]
= Pt

K IK due to equal power
allocation across the BSs, where Pt is the transmission power
of BSs.

In light of severe interference within dense cell scenarios,
this paper focuses on an interference-limited network where
noise can be neglected, utilizing the signal-to-interference ratio
(SIR) for performance analysis [33], [36]. The BS at di

uses zero-forcing (ZF) beamforming Wi with equal power
allocated across the K users, while nullifying intra-cluster
S&C interference and maximizing the desired signal strength
for the K users in the cluster. Then, the beamforming vector of
the serving BS can be designed based on the equation below:

W̃1 = H1

(
HH

1 H1

)−1
, (2)

where H1 = [G̃1,c, G̃I,c, G̃2,s, · · · , G̃Q̃,s]. Here, intra-cell
interference channel is G̃1,c = [(hH

1,1)
T , · · · , (hH

K,1)
T ], and

G̃I,c = [(h̃H
1,1)

T , · · · , (h̃H
NI ,1)

T ] represents the inter-cell
interference channel between the serving BS and the users
sending interference nulling requests, where NI represents the
number of interference nulling requests received and accepted
by the serving BS, with NI ≤ K(L − 1). Moreover, the
intra-cell sensing interference channel is denoted by G̃q,s =
[(h̃H

1,q(θ1))T , · · · , (h̃H
1,q(θJ))T ], with q ∈ {2, · · · , Q̃}, where

h̃H
1,q(θj) denotes the interference channel between the serving

BS and target j detected by BS q. Similarly, Q̃− 1 represents
the number of BSs sending the sensing interference nulling
requests that are accepted by the serving BS, with Q̃ ≤ Q.
Therefore, the spatial resource constraint always holds, i.e.,
K + NI + J(Q̃ − 1) ≤ KL + J(Q − 1) ≤ Mt. Let W̃i =
[w̃i

1, · · · , w̃i
K , · · · , w̃i

NI+J(Q̃−1)
], where the first K vectors

Wi = [wi
1, · · · ,wi

K ] ∈ CMt×K form the beamforming matrix
of BS i, where wi

k = w̃i
k/∥w̃i

k∥. The beamforming design
assumes perfect channel knowledge. Then, the SIR is given
as follows:

SIRc =
Pt
K gk

k,1∥d1∥−α∑∞
i=L+1

Pt
K gk,i∥di∥−α , (3)

3The interference model can be easily extended to the case in which
different pathloss laws for LOS and NLOS path are adopted [35]. The
coverage range of direct communication signals affects the decision on the
cluster size, and the corresponding analysis can be extended by introducing
a spherical spread range.
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where gk
k,1 =

∣∣∣hH
k,1w

1
k

∣∣∣2 denotes the effective desired

signals’ channel gain,
∑∞

i=L+1 gk,i ∥di∥−α is the remaining

inter-cluster interference, and gk,i =
∑K

j=1

∣∣∣hH
k,iw

i
j

∣∣∣2.

In this work, ASE [37], [38] is considered as the network-
level communication performance metric which reflects the
network throughput. Then, the mathematical expression for
the communication ASE is given by

TASE
c = λbKRc, (4)

where Rc = E[log(1 + SIRc)] denotes the average data rate
of users.

C. Sensing Model

Similarly, the typical target is denoted by target j and is
located at the origin, which is sensed by the nearest BS located
at d1.4 The large-scale pathloss fading from the target to the
serving BS is considered as ∥d1∥−2β , where β ≥ 2 is the
pathloss exponent from the serving BS to the typical target.
Each BS designs the corresponding receive filter towards the
directions of J targets. To make the analysis tractable, the
maximum-ratio combining (MRC) receive filter vH

j (θj) =
1

Mr
[1, · · · , e−jπ(Mr−1) cos(θj)]T is adopted in this work since

MRC offers a reasonable balance between performance and
analytic tractability, where θj denotes the direction of target
j.

The target sensing can be implemented over a coherent
processing interval consisting of N snapshots in a mono-
static setup. Let Si = [si[1], · · · , si[N ]] and si[n] =[
si
1[n], . . . , si

K [n]
]T

, where i denotes the index of transmit
BS. The echo signals at the ISAC receiver are denoted by

ys = vH
j (θj) ξ∥d1∥−βb(θj)aH(θj)︸ ︷︷ ︸

target round-trip channel

X1P1

+
∑Q

q=2
∥dq − d1∥−

α
2 hH

q,1XqPq︸ ︷︷ ︸
intra-cluster interference

+
∑∞

q=Q+1
∥dq − d1∥−

α
2 hH

q,1XqPq︸ ︷︷ ︸
inter-cluster interference

+
∑X

x=1
ξc,x∥dc,x∥−αX1P1,x︸ ︷︷ ︸
clutter interference

+ vH
j H1X1P1︸ ︷︷ ︸

self-interference

+vH
j Ns︸ ︷︷ ︸
noise

, (5)

where Xq = WqSq ∈ CMt×N is the signal matrix,
ys ∈ C1×N denotes the echoes at the BS sensing
receiver, P1 = diag(u(t − 2τj,1), · · · , u(t − 2τj,N )), Pq =
diag(u(t−2τq,1), · · · , u(t−2τq,N )), τj,n and τq,n respectively
represent the transmission delay of target-serving BS link
and BS q-serving BS link at the nth symbol. Furthermore,
dc,x denotes the clutter location, ξc,x represents the radar
cross-section (RCS) of the corresponding clutter reflection

4For ease notation, we use the same BS index notation to represent the
serving BS’s location of S&C.

link including pathloss, P1,x represents the transmission
delay of clutter reflection link, and ξ denotes the RCS
of the target, which can be estimated based on the prior
information.5 Here, u(·) represents the shifted unit step
function. In (5), aH(θj) = [1, · · · , ejπ(Mt−1) cos(θj)], b(θj) =
[1, · · · , ejπ(Mr−1) cos(θj)]T , ∥dq − d1∥ represents the distance
from the interfering BSs at dq to the serving BS, and
H1 denotes the self-interference channel from the transmit
antennas to the receive antennas of the serving BS. hH

q,1

represents the equivalent channel between BS q and the
serving BS, encompassing both the direct interference and
clutter-related interference links.

The transmit beamforming of BS q in the cooperative cluster
is designed based on the interference channel from BS q
to the serving BS (denoted by GH

q,1) and the receive filter
vH

j (θj). By doing so, we only need to eliminate J × (Q− 1)
interference channels. For notational simplicity, let hH

q,1(θj) =
vH

j (θj)GH
q,1. The receiving filtering yields a performance gain

of κMr, with κ ∈ [0, 1] denoting the mismatch loss. The value
of κ can be derived based on the characteristics of Fejer kernel.
Then, with a matching filter over the symbol domain, the SIR
of echo signals reflected from the typical target j can be given
by6

SIRs = ∆TκMr|ξ|2
ht

j,1∥d1∥−2β∑∞
q=Q+1 hq,1∥dq − d1∥−α , (6)

where ht
j,1 =

∑K
k=1

∣∣aH(θj)w1
k

∣∣2 is the effective signal
channel gain from the serving BS towards the target’s
direction,

∑∞
q=Q+1 hq,1∥dq − d1∥−α is the inter-cluster

interference, and hq,1 =
∑K

k=1

∣∣hH
q,1(θj)w

q
k

∣∣2. In (6), ∆T
denotes the matching filter gain. Here, for the traditional
measurement algorithms (MUSIC, Capon [39]), the maximum
distinguishable target’s number Jmax is limited by the number
of receive antennas and the processing time requirements.

In the literature, it was noticed that the greater the
information rate between the target impulse response and the
measurement, the better the capability of radar to estimate
the parameters describing the target [40], [41], and it was
proved that the distortion rate at the radar information rate
lower bounds the average distortion [42], [43]. Hence, radar
information rate is an appropriate metric to characterize the
estimation accuracy of the system parameters. Several works
proved this fact, maximizing the mutual information between
the random target ensemble and the target reflections improves
the performance in [40]. The network-level sensing ASE
can be naturally determined through the sensing rate. Here,
we estimate ζ ∈ RZ from the observation Ys at the sensing
receiver. In particular, ζ represents the target parameter vector,
e.g., angle, range, and velocity, having Z dimension of the
target parameters. Let Hs = ξ · b(θ) · a(θ)H denote the

5A target can be generally deemed as a distinct category of user, so it
is imperative that the network is capable of discovering targets and, once
identified, that their utility within the network is quantifiable and well-defined.

6The cancellation of sensing self-interference is based on the known
channel H1 and transmit data s1(t). Similarly, the clutter interference can
be effectively reduced or eliminated based on previous observations since the
signals are known at the BS receiver. We also provide an extension method
for more detailed consideration of clutter interference in Section IV.
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target channel. In general, ζ → Hs → Ys forms a Markov
chain [42], and thus the mutual information between Ys and
ζ equals to that between Ys and Hs. Then, we define the
sensing ASE to jointly describe the network-level performance
of ISAC. Please refer to Appendix A for a detailed derivation
of the sensing ASE expression. The mathematical expression
for sensing ASE is7

TASE
s = λbJRs, (7)

where Rs = E[log(1 + SIRs)] is the target’ average radar
information rate.

III. COMMUNICATION PERFORMANCE

In this section, we aim to characterize the communication
rate analytically via the tools of SG.

A. Expression of Communication Rate

According to [44], for uncorrelated variables X and Y ,
we have

E
[
log
(

1+
X

Y

)]
=
∫ ∞

0

1
z

(
1−E

[
e−z[X]

])
E
[
e−z[Y ]

]
dz.

(8)

Then, under a given distance r from the typical user to the
serving BS, the conditional expectation can be derived as
follows:

E
[
log (1+SIRc)

∣∣r]=E

[
log

(
1 +

gk
k,1∑∞

i=L+1 gk,i∥di∥−α
rα

)]

=
∫ ∞

0

1− E
[
e−zgk

k,1

]
z

E
[
e−zIC

]
dz,

(9)

where IC =
∑∞

i=L+1 gk,i∥di∥−α
rα. As defined in (3),

gk
k,1 is the effective desired signal channel gain, gk

k,1 ∼
Γ (Mt−KL− J(Q− 1) + 1, 1) [45], and gk,i ∼ Γ (K, 1).
Based on the above discussion, the useful signal power can
be given by

E
[
e−zgk

k,1

]
≃
∫ ∞

0

e−zxxMt−KL−J(Q−1)ex

Γ (Mt−KL− J(Q− 1) + 1)
dx

= (1 + z)−(Mt−KL−J(Q−1)+1)
, (10)

where Mt−KL− J(Q− 1) + 1 refers to the diversity gain
to each user after consuming a certain DoF to eliminate
interference and achieve multiplexing gain. Then, the original
expression for Rc is derived in Theorem 1.

Theorem 1: The communication performance can be given
by

Rc =
∫ ∞

0

1− (1 + z)−(Mt−LK−J(Q−1)+1)

z∫ 1

0

2 (L− 1) ηL

(
1− η2

L

)L−2

H (z, K, α, ηL) + 1
dηLdz, (11)

7Different from [25] dealing with a statistical posterior Cramer-Rao bound
(PCRB) for unknown target parameters, our work focuses on the CRB where
the system operates with deterministic target parameter settings.

where H (z, K, α, ηL) = Kz
2
α B

(
z

z+η−α
L

, 1− 2
α , K + 2

α

)
+

1
η2

L

(
1

(1+zηα
L)K − 1

)
.

Proof: Please refer to Appendix B.
According to (11), the average data rate is independent

of the BS density λb, and thus the communication ASE
TASE

c increases linearly with the BS density. Moreover,
it can be observed that the communication performance
decreases monotonically as J(Q − 1) increases. Since Rc

in Theorem 1 has complicated relationships with other key
system parameters (e.g., Mt, K, L, J , and Q), we seek for a
more tractable expression for Rc for the purpose of exploring
the properties between the optimal clustering sizes for S&C
(Q/L) and the optimal number of targets/users (J /K).

B. Approximation of Communication Rate

To obtain a more tractable expression of the communication
rate, we resort to a simple but tight approximation as shown
in Appendix C in detail. Before deriving the approximate
expression for users’ average data rate, we introduce the mean
interference-to-signal-ratio (MISR)-based gain method [46],
which provides a simple and effective way to approximate
the performance of a complicated system in comparison with
a baseline. Specifically, according to equation (5) in [46],
the coverage probability can be approximated by PL(γ) =
P1(γ/GL), where γ is the SIR threshold and GL denotes
the effective gain by adopting interference nulling in the
cooperative cluster. As a result, the MISR-based method
approximates the coverage probability based on the horizontal
gap GL between the SIR distribution to be solved and
a reference SIR distribution. In the following, we exploit
this approximation in terms of SIR distribution to analyze
the average rate and obtain a more tractable expression in
Theorem 2.

Theorem 2: The communication rate can be approximated
as

R̃c =
∫ ∞

0

1− e
−z

Γ(L+ α
2 )(Mt−J(Q−1)+1−KL)

KΓ(L+1)Γ(1+ α
2 )

zF(z, α)
dz, (12)

where F (z, α) = (e−z − 1) + z
2
α Γ
(
1− 2

α , z
)
.

Proof: Please refer to Appendix C.
Theorem 2 provides a more tractable form of the data rate,

and, based on which, the communication ASE TASE
c can be

approximated as

TASE
c = λbK

∫ ∞

0

1− e−zY (K,L,J,Q)

zF(z, α)
dz, (13)

where Y (K, L, J, Q) =
Γ(L+ α

2 )(Mt−J(Q−1)+1−KL)

KΓ(L+1)Γ(1+ α
2 ) . It is

verified that (13) achieves a good approximation by Monte
Carlo simulations, as shown in Section VI. It can be observed
that only the term Y (K, L, J, Q) in (13) involves cooperative
cluster sizes L and Q. In addition, the optimal L∗ must
belong to the range [1, Mt−J(Q−1)+1

K ]. Thus, with any given
K, the optimal cluster size can be obtained by calculating
∂Y (K,L,J,Q)

∂L = 0.
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Fig. 2. Illustration of sensing interference hole.

However, it is still difficult to analyze the optimal
cooperative cluster size, since the specific relationship of the
Gamma function on L is unclear if α takes any value. To draw
useful insights, we prove the optimal number of cooperative
clusters under some typical parameters in wireless cellular
networks.

Proposition 1: When α → 2, the optimal L∗ = 1 when
TASE

c is maximized.

Proof: When α → 2,
Γ(L+ α

2 )
Γ(L+1)Γ(1+ α

2 ) ≈ 1. Then, TASE
c

decreases monotonically as L increases. Thus, the optimal
L∗ = 1 when the ASE is maximized.

Proposition 1 illustrates that when the pathloss coefficient
α is close to 2, it is not necessary for multi-antenna BS to
use its spatial dimensions to null interference in neighbouring
cells.

Proposition 2: When α = 4, the optimal L∗ = 1 when
TASE

c is maximized.
Proof: Please refer to Appendix D.

According to Propositions 1 and 2, when α → 2 or
α = 4, the ASE of communication is generally a
decreasing function of the cooperative cluster size L. This
can be explained by the fact that the communication
performance improvement brought by interference nulling
cannot compensate for the performance loss caused by the
reduction of the diversity/multiplexing gain for the average
throughput of the networks. Thus, it is optimal retain all spatial
dimensions for multiplexing and diversity.

Interestingly, contrary to communication, it is verified in
simulations that interference nulling is preferred for improving
the sensing ASE, as shown in Fig. 8.

IV. SENSING PERFORMANCE
In this section, we initially note a distinctive hole region

in the distribution of sensing interference distances, and then
we propose a geometry method to calculate the accurate
probability density function (PDF) of interference distances.
First, we analyze the distribution of the effective signal channel
gain and the interference channel gain as follows.

Lemma 1: The expected transmit beamforming gain at
the target’s direction and sensing interference channel gain
between BSs can be given by E[ht

j,1] = K and E[hi,1] = K.
Proof: The channel from the interfering BS q to the

serving BS is denoted by GH
q,1, where the element of mth

row and nth column of GH
q,1 is gm,n ∼ CN (0, 1). The

receive filter is vH
j = 1√

Mr
[1, · · · , e−jπ(Mr−1) cos(θj)]T . After

adopting the receive filter vH
j (θj), the equivalent interference

channel is denoted by hH
q,1(θj) = vH

j (θj)GH
q,1. Let hH

q,1(θj) =
[h1, · · · , hM ], where hm = 1√

Mr
(gm,1 + e−jπ cos(θj)gm,2 +

· · · + e−jπ(Mr−1) cos(θj)gm,Mr). It can be found that hm is a
linear combination of complex Gaussian variables, and thus
hm is still a complex Gaussian variable, i.e., hH

q,1(θj) ∼
CN (0, IMt). Based on the beamforming matrix in (2), W1 is
calculated independently of aH(θj) as the beamforming is
designed based on the user channel and inter-cell interfering
channel. Therefore, wk is independent isotropic unit-norm
random vector. Therefore, E[ht

j,1] = K and E[hi,1] = K.
This thus completes the proof.

Even in the presence of angle estimation errors, this Lemma
still holds since the beamforming vector is designed based
on the random user channels and it can be proved in a
similar way. For the effective signal channel gain at the
target’s direction, note that ht

j,1 is an exponentially distributed
linear combination of K complex normal random variables.
Thus, we utilize Γ(K, 1) to approximate the effective transmit
beamforming gain at the target’s direction and sensing
interference channel gain based on the expected value of
gk

k,1 and ht
j,1. The distribution of the sensing interference

hi,1, as defined below (6), is a linear combination of K
complex normal random variables. Therefore, by neglecting
the spatial correlation, hi,1 can be approximated by Γ(K, 1).
Then, under a given distance R from the serving BS to the
typical target, we can derive the conditional radar information
rate expectation as follows:

Rs =E

[
log

(
1+

∆TκMr|ξ|2ht
j,1∑∞

q=Q+1 hq,1∥dq−d1∥−α
R2β

)∣∣∣∣ ∥d1∥=R

]

=
∫ ∞

0

1− E
[
e−z∆TκMr|ξ|2ht

j,1

]
z

E
[
e−zIS

]
dz, (14)

where IS =
∑∞

q=Q+1 hq,1∥dq − d1∥−α
R2β . According

to the analysis of the distribution of effective signals
and interference signals, we have E

[
e−z∆TκMr|ξ|2ht

j,1

]
=(

1 + ∆TκMr|ξ|2z
)−K

. We note that it is challenging to
derive the radar information rate expression due to the special
PDF of distance from the interfering BSs to the serving BS.
Specifically, considering that the typical target is sensed by
the closest BS, i.e., the serving BS, it is impossible to find
another BS in the circle defined with the target as its center
and a radius equal to the distance to the serving BS, refer to
the gray shaded area in Fig. 2 (namely interference hole).8

Hence, deriving the radar information rate expression without
eliminating the interference hole will result in a deviation from
the true value of approximately 15%, as depicted in Fig. 7.
To the best of our knowledge, no prior work has considered
the distribution characteristics of sensing interference in ISAC
networks.

8The concept of the sensing interference hole was first introduced in [25];
this work, however, examines the interference distribution within a multi-BS
cooperation framework.
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To tackle the above issue, we analyze the exact PDF of
interfering BS’s distance from a perspective of geometry, and
obtain a extremely tight expressions with Q = 1 as follow.

Proposition 3: When Q = 1, the average radar information
rate Rs can be given by

Rs =
∫ ∞

0

1−
(
1+∆TκMr|ξ|2z

)−K

z

∫ ∞

0

LIS(z)f(R)dRdz,

(15)

where
LIS(z) =

exp
(
−R

(
Kz

2
β

(
R

πλb

) 2α
β −1

B

(
1, 1− 2

β
, K +

2
β

)
+ 1

−
∫ 2

0

2
π

arccos
t

2

(
1−
(
1+z

(
R

πλb

)α−β/2

t−β

)−K)
tdt

))
,

(16)

and f(R) = 2πλbRe−πλbR2
.

Proof: Please refer to Appendix E.
In (16), the second part denotes the subtracted interference-

free region. BS density generally affects the average sensing
performance due to the different pathloss coefficients of
effective signals and interference. In the following, we provide
a relationship among the pathloss coefficients, the sensing
performance and the BS density. Intuitively, when α > 2β, the
sensing performance increases with respect to the BS density.
This is due to the fact that as the distance ∥d1∥ and ∥dq − d1∥
decreases, the average effective echo signal power grows more
rapidly than that of the interference. On the contrary, when
α < 2β, the sensing performance decreases with respect to
the BS density. When α = 2β, we have

TASE
s = λbJ

∫ ∞

0

1−
(
1 + ∆TκMrz|ξ|2

)−K

zI(z, K, α)
dz, (17)

where I(z, K, α) = Kz
1
α B

(
1, 1− 1

α , K + 1
α

)
−∫ 2

0
2
π arccos

(
t
2

) (
1− 1

(1+zt−2α)K

)
tdt + 1. In this case,

the sensing ASE TASE
s increases linearly with the BS density.

However, when Q ≥ 2, it is challenging to derive a tractable
expression of the radar information rate due to the complicated
PDF of interfering BSs. To tackle this issue, we exploit the
approximation by removing the interference when Q ≥ 2 to
obtain a tractable expression in Theorem 2.

Theorem 3: When Q ≥ 2, the sensing ASE can be given
by

TASE
s = λbJ

∫ ∞

0

1−
(
1 + ∆TκMrz|ξ|2

)−K

z
ĨSdz, (18)

where

ĨS

=
∫ ∞

0

∫ ∞

0

exp
(
−πλb

(
r2
Q

((
1 + zR2αr−β

Q

)−K

−1
)

+Kz
2
β R

4α
β B

(
zR2αr−β

Q

zR2αr−β
Q + 1

, 1− 2
β

, K +
2
β

)))
frq (r) fR(r)dRdrq.

Proof: Please refer to Appendix F.
Additionally, when considering clutter interference, it can

be analyzed in a similar manner as discussed in Remark 1.
Remark 1: According to the equation (8), the conditional

expectation can be derived as follows:

Rs =
∫ ∞

0

1− E
[
e−zξ∆TκMrh

t
j,1

]
z

E
[
e−zIS

]
E
[
e−zIX

]
dz,

(19)

where IS =
∑∞

q=Q+1 hq,1∥dq − d1∥−α
R2β and IX =∑X

x=1 |ξc,x|2∥dc,x∥−2β
R2β . Here, IX denotes the clutter

interference, and ξx represents the RCS of the corresponding
clutter reflection link. Then, by deriving the Laplace
transformation of IX in a similar way to Proposition 3 of
the revised manuscript, the conditional expectation of radar
information rate can be obtained.

V. NETWORK OPTIMIZATION

In this section, we study the optimization of the cooperative
ISAC networks to achieve a flexible balance between S&C.
Based on the derivations in Sections III and IV, the ASE for
S&C are both functions of the serving numbers of users K
and targets J as well as the cooperative cluster sizes L and
Q. Then, we present two performance metrics, including the
sensing-communication (S-C) ASE region and the sum ASE,
to verify the effectiveness of the proposed cooperative ISAC
schemes. First, we propose to use the S-C ASE region (defined
below) to characterize all the achievable communication ASE
and achievable sensing ASE pairs under the constraint of
the spatial DoF. Without loss of generality, the S-C network
performance region is defined as

Cc−s(K, L, J, Q) ≜
{
(r̂c, r̂s) : r̂c ≤ TASE

c , r̂s ≤ TASE
s ,

KL + J(Q− 1) ≤ Mt, J ≤ Jmax

}
,

(20)

where (r̂c, r̂s) represents an achievable S&C performance
pair. A direct way to find the boundary of the S-C region
(as shown in Fig. 3) is to exhaustively search all feasible
variables (K, L, J, Q) and calculate the corresponding S&C
ASE derived in Sections III and IV. However, such an
operation is with high computational complexity, especially
when the number of transmit antennas is large.

It is observed that in (13), to maximize the communication
ASE TASE

c efficiently, we can relax K to continuous variables
and substituting v = K

Mt−J(Q−1)+1 into (12), we have

TASE
c = λb(Mt − J(Q− 1) + 1)G(v), (21)

where G(v) =
∫∞
0

1−e

−z
Γ(L+ α

2 )( 1
v
−L)

Γ(L+1)Γ(1+ α
2 )

zF (z,α) dz. Therefore, we
know that the optimal v∗ is only related to variable L. The
following lemma gives the optimal v∗ to maximize TASE

c .
Lemma 2: With any given J and Q, the optimal K can be

uniquely found by solving the following equation:∫ ∞

0

1− e−z( 1
v−L) − ze−z( 1

v−L)/v

zF(z, α)
dz = 0. (22)
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Proof: G(v) is a concave function with respect
to v since the second-order derivative of G(v) satis-
fies G′′(v) > 0. The fist-order derivative of G(v) is

G′(v) =
∫∞
0

1−e
−z( 1

v
−L)−ze

−z( 1
v
−L)/v

zF(z,α) dz. Then, we have
lim
v→0

G′(v) =
∫∞
0

1
zF(z,α)dz > 0, and G′(1) =∫∞

0
1−e−z(1−L)−ze−z(1−L)

zF(z,α) dz < 0. Considering that G(v) is
a concave function and G′(v) < 0, there is always a unique
solution v∗ within [0, 1] to solve the equation G′(v) = 0.

Based on Lemma 2, the optimal K can be obtained by a
binary search instead of a one-dimensional search. Moreover,
with L = 1, the optimal ratio of scheduled users K

Mt+1 is
constant, which is also verified in simulations (c.f. Fig. 5). For
the profile of S&C, we first identify two corner points of this
S-C region denoted by (r̂c, r

max
s ) and (rmax

c , r̂s), respectively,
where (r̂c, r

max
s ) indicates the minimum communication ASE

constrained by the maximum sensing ASE, while (rmax
c , r̂s)

indicates the minimum sensing ASE constrained by the
maximum communication ASE, as shown in Fig. 3.

Remark 2: According to the Theorems 1 and 2, it can
be verified that the communication ASE TASE

c decreases
monotonically with the increase of J(Q − 1). Thus, at the
optimal communication point of the S-C region, J = Jmax

and Q = 1, then the optimal K∗ and L∗ can be obtained
by Lemma 2. The optimal communication part is to satisfy

K
Mt−J(Q−1)+1 = v, where v can be deemed as a constant
parameter with a given L.

Lemma 3: For the optimal sensing performance, K∗ =
1 and L∗ = 1, where the optimal K∗ and L∗ mean in terms of
serving users and cooperative cluster size for communication.

Proof: Similar to the adopted approximation operation
in (41) in Appendix C, the SIR expression of radar information
rate can be approximated as

Eg,Φb

[
log (1 + SIRs)

∣∣R]
≈ EΦb

[
log

(
1 +

∆TκMr|ξ|2E
[
ht

j,1

]∑∞
q=Q+1 E [hq,1] ∥dq − d1∥−α

R2β

)]

= EΦb

[
log

(
1 +

∆TκMr|ξ|2∑∞
q=Q+1 ∥dq − d1∥−α

R2β

)]
. (23)

It is found that the radar information rate is not related to
the number of users K. Thus, using the minimum number of
users and communication cooperative cluster, i.e., K∗ = 1 and
L∗ = 1, the feasible region of the sensing variables is largest,
and thus achieving the optimal sensing performance.

Then, for the optimal radar information rate, the optimal J∗

and Q∗ can be obtained by a two-dimensional search. Here,
an inner bound on the S-C region of Fig. 3 can be achieved
with a simple time-sharing strategy based on these two corner
points, i.e., (r̂c, r

max
s ) and (rmax

c , r̂s). In addition to these two
corner points of the S-C performance region, by exploiting
the monotonic increase/decrease of sensing/communication
performance with variable J(Q − 1), we can obtain the
boundary of the S-C region by a binary search over J(Q−1).
With each given J(Q− 1), the optimal TASE

c and TASE
s can

be separately obtained by a two-dimension search. It is worth
noting that since at the performance boundary, Q and J must

Fig. 3. Illustration of the S-C network performance region.

be integers, we also need to verify that there are feasible Q
and J with a given integer J(Q− 1).

Let us consider the case that there are minimum service
quality constraints for the users/targets being served/detected,
such as sensing accuracy and real-time communication quality,
i.e., L ≥ Lth and Q ≥ Qth. In this case, it is not difficult
to find that the S&C ASE is a non-increasing function with
respect to the service quality constraints Lth or Qth since the
feasible region becomes smaller with the increase of Lth or
Qth. Therefore, there is a new tradeoff between the average
performance of S&C (Rs and Rc) and the whole network
performance (TASE

s and TASE
c ).

Next, the second metric of ISAC networks, i.e., the sum
ASE, is defined as a function of the S&C rates and given by

TASE = ρTASE
c + (1− ρ) TASE

s , (24)

which represents the total ASE of the ISAC network. Similarly,
we can optimize the total ASE TASE to illustrate that the
spectral efficiency of ISAC networks is effectively improved
compared to sensing-only and communication-only networks.
In (24), ρ represents the weighting factor of S&C performance.
The problem formulation can be expressed as

(P1) : max
J,K,Q,L

TASE (25)

s.t. KL + J(Q− 1) ≤ Mt, (25a)
J, K,Q, L ≥ 1, (25b)
J ≤ Jmax. (25c)

It is not difficult to prove that the S-C performance boundary
is a convex region, then the optimal total ASE can be obtained
by searching the ASE of the boundary point.

VI. SIMULATIONS

Using numerical results, we study the fundamental
insights of ISAC networks and verify the tightness of the
derived tractable expression by comparing with Monte Carlo
simulation results in this section. Numerical simulations are
averaged over network typologies and small-scale channel
fading realizations. The system parameters are given as
follows: the number of transmit antennas Mt = 20, the number
of receive antennas Mr = 10, the transmit power Pt = 1W
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Fig. 4. User’s average data rate Rc with respect to K under different
cooperative cluster size L.

at each BS, |ξ|2 = 0.1, κ = 1, matching filter gain ∆T = 1,
the BS density λb = 1/km2, Jmax = 10, pathloss coefficients
α = 4, and β = 2.

A. Communication Performance Maximization

Fig. 4 illustrates that the results of the original expression
for Rc in Theorem 1 are consistent with the simulation results,
which validates our analysis and derivation in Section III.
The Monte Carlo simulation results are generated based on
the actual number of interference nulling requests received at
each BS, where some interference nulling requests may be
randomly abandoned due to the limitation of DoF in spatial
resources. Moreover, the gap between the results in Theorem 2
and the simulation results is quite small, which demonstrates
that the approximation R̃c in Theorem 2 is quite tight and it
becomes more tight for L = 1. As shown in Fig. 4, under a
given L, the communication spectral efficiency Rc decreases
as K increases. The main reason is that the same spectrum
resources of the system are allocated to more users, and thus
the average data rate of each user will reduce. Moreover,
one can observe that with K = 1, as the cooperative cluster
size L increases, the average data rate of the scheduled user
will increase. The main reason is that if only single user is
scheduled in each cell, the performance gain improvement
brought by interference nulling is higher than the reduction of
the diversity gain. Differently, with K = 5, as L increases,
the spectral efficiency increases first and then decreases.
This suggests that when providing services with more users
simultaneously, the benefit of interference nulling does not
always outweigh its cost to the reduction of diversity gain,
thereby reducing the average data rate Rc for large cluster
size.

In Fig. 5, with Mt = 10 and Mt = 20, respectively,
the tractable expressions derived based on Theorems 1 and 2
provide a remarkably tight approximation which is invariably
indistinguishable from truth across all user number cases. The
total ASE of the ISAC networks TASE

sum = TASE
c + TASE

s

is significantly higher than the communication ASE TASE
c .

This is attributed to the fact that adding the analysis function
of sensing data to the traditional communication network
can effectively improve the overall spectrum efficiency of

Fig. 5. Communication ASE (TASE
c ) and the total ASE (TASE

sum ) with respect
to K, with L = 1.

Fig. 6. Illustration of the optimal cooperative cluster size L of the maximized
ASE of communication.

the network. In addition, Fig. 5 shows that compared to
communication-only networks, the ISAC network achieves
approximately constant improvements for different user
scheduling numbers, which can be explained by the analysis
in (23). In addition, when we maximize the communication
ASE, the ratio between the number of users and the number
of BS antennas is approximately 60% under different numbers
of transmit antennas, which is consistent with the analysis of
Lemma 2. Moreover, it can be found from Fig. 5 that when
the number of scheduled users is less, increasing the number
of transmit antennas can only bring limited ASE performance
improvement. This is expected since the reasonable spatial
resource allocation for multiplexing and diversity gain can
effectively maximize the performance gain of ISAC networks.

To verify the analysis of optimal spatial resource allocation
for the maximization of the communication ASE TASE

c ,
we compared TASE

c versus different L and K in Fig. 6. It is
shown that at the optimal communication ASE, K = 12 and
L = 1, i.e., there is no need to do interference nulling for
the communication ASE maximization, which confirms our
analysis in Proposition 2. The reason is again that more spatial
DoF is consumed to serve interference suppression, and then
the multiplexing gain and diversity gain are inevitably reduced,
the overall performance of the network decreases.
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Fig. 7. Comparisons of spectral efficiency RASE
s between the proposed

expression and that without consideration of hole.

Fig. 8. Sensing ASE TASE
s and the total ASE TASE

sum comparisons with
respect to cooperative sensing cluster size Q.

B. Sensing Performance Maximization

In this subsection, we set Mr = 10 and Jmax = 10,
to verify the derived expression under different matching filter
gain and cooperative cluster size, as shown in Figs. 7 and 8.
Fig. 7 shows that without removing the interference within
the hole between the target and the serving BS, the radar
information rate of the derived expression is about 15% less
than that of the Monte Carlo simulations. This is expected
because the benchmark scheme ignores that there is a circle
area without interfering BSs (c.f. the gray shaded circle in
Fig. 2), i.e., more interference is involved, leading to a radar
information rate that is underestimated compared to the actual
value. Fig. 7 illustrates that by removing the interference in
the hole, the derived expression in Proposition 3 achieves
extremely accurate description of radar information rate under
different matching filter gain.

As shown in Fig. 8, with K = 1 and L = 1, the
tightness of the derived expression of the sensing ASE TASE

s

is verified. It is observed that the sensing ASE first increases
and then decreases when Q increases. Thus, to maximize the
sensing ASE, though the number of targets J that can be
sensed simultaneously will inevitably be reduced, interference
nulling for sensing with a proper cooperative cluster size can
effectively improve the sensing ASE. This is expected since

Fig. 9. Average user/target’s spectral efficiency tradeoff between S&C.

the interference does not suffer from round-trip pathloss as
echo signals and that the distance from other interfering BSs
may be closer than that from the target. Specifically, when
Mr = 40, our proposed cooperative scheme can achieve up
to twice the ASE of that with no interference nulling case
(Q = 1). With more transmit antennas, there are more DoF
for interference nulling to achieve the maximum sensing ASE.
It is worth noting that the optimal total ASE performance
TASE

sum does not necessarily increase with Q, especially when
the number of transmit antennas is relatively small. The main
reason is that as Q increases, the communication ASE TASE

c

will drop sharply, which may not be compensated by the
performance increase in TASE

s . Moreover, since J(Q − 1)
must be an integer, as the cooperative cluster size increases,
J may be appropriately reduced to satisfy the DoF constraints
(c.f. (25a)). This causes the sensing ASE to fluctuate as the
cooperative cluster size increases, as shown in Fig. 8.

C. Tradeoff Between Sensing and Communication

In this subsection, we verify the effectiveness of the
proposed cooperative ISAC scheme, including the ASE
performance boundary CC−S(K, L, J, Q), with Jmax = 5.
Here, the time-sharing scheme achieved based on two corner
points is compared to illustrate the effectiveness of the
cooperative ISAC scheme under different setups. The tradeoff
profile of the average data rate Rc and the average radar
information rate Rs is shown in Fig. 9, which confirms
the accuracy of analytical results and the flexibility of our
proposed cooperative ISAC networks. With the increase in
the number of transmit antennas, the performance boundaries
of S&C are expanded significantly. Also, it is observed from
Fig. 9 that the (Rc, Rs) region of the optimal cooperative
scheme becomes much larger than that of the time-sharing
scheme as the number of transmit antennas increases. For
example, with Mt = 10 and Mt = 20, under the same
data rate Rc, the radar information rates Rs of the proposed
cooperative scheme are respectively 38% and 67% higher than
that of the time-sharing scheme. This expectation arises from
the increased number of transmit antennas, enhancing the
network’s DoF in effectively coordinating spatial resources,
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Fig. 10. Area spectral efficiency tradeoff between S&C versus different
transmit antenna number Mt.

Fig. 11. Area spectral efficiency tradeoff between S&C versus different
link-level constraints.

leading to improved multiplexing, diversity, and interference
nulling gains for S&C.

Fig. 10 extends the comparison from the individual rates to
the network ASEs and illustrates that the network ASE perfor-
mance can be effectively extended by exploiting the optimal
cooperative strategy. Specifically, the proposed cooperative
scheme can improve the communication performance by up
to 48% and 33% as compared to the time-sharing scheme
with Mt = 40 and Mt = 30, respectively. Similar to the
average S&C performance depicted in Fig. 9, the S-C ASE
region for the proposed cooperative ISAC scheme significantly
expands compared to the time-sharing scheme as the number
of transmit antennas grows. In addition, as shown in Fig. 10,
as the number of antennas increases, the communication ASE
improves more significantly than the sensing ASE. The main
reason is that the adopted beamforming method can achieve
multiplexing and diversity gains for communication.

In Fig. 11, with Mt = 30 shows the boundary comparison
of network performance under different link-level quality
constraints, i.e., L ≥ Lth and Q ≥ Qth, where Qth

and Lth represent the minimum cooperative cluster sizes to
achieve the required S&C quality for the served targets/users.
The relationship between the link quality constraint and
network performance boundary is evident: as the link quality
constraint becomes more stringent, the network performance

Fig. 12. Weighted sum ASE comparison with respect to weighting factor ρ.

boundary diminishes. This effect is primarily due to the
constraint restricting the optimization range of variables L
and Q, consequently reducing the DoF in balancing the
network performance of S&C. In addition, as the link
quality constraints become more stringent, the performance
gain achieved by our proposed cooperative method gradually
decreases compared to the time-sharing scheme. This behavior
can be explained as follows: The link quality constraint
actually guarantees the quality of S&C at the same time,
and therefore limits the feasible solution space of ASE
optimization. In turn, compared to the time-sharing scheme,
the collaboration gain of our proposed method actually
comes from the sacrifice of link quality, which improves
the overall performance of scheduled users in the network.
Fig. 12 shows the optimal weighted summation ASE TASE

for problem (P1) under different weighting factor ρ. As the
weighting coefficient ρ increases, the sensing/communication
ASE increases/decreases monotonically. Moreover, it can be
found that TASE is always less than the maximum of the
sensing ASE and the communication ASE, since the weighted
summation ASE value is always among the sensing-only ASE
and the communication-only ASE.

VII. CONCLUSION

In this paper, we proposed a novel cooperative scheme
in ISAC networks by adopting the coordinated beamforming
technique. With SG tools, the S&C performance in ASE
expression is described analytically. We revealed that, unlike
communication, the distance PDF of sensing interference is
affected by the interference hole region, and we presented a
mathematical method to obtain a tight tractable expression
by removing the probability with respect to areas where
interference does not exist. We proved that it is not
necessary to perform interference nulling when maximizing
communication ASE; by contrast, interference nulling is
required when maximizing sensing ASE. We formulated a
profile optimization problem for ISAC network performance,
whose performance is compared to the time-sharing scheme
to verify that the optimal spatial resource allocation in ISAC
networks can effectively improve the cooperative gain at
the network level. The simulation results demonstrate the
benefits of the proposed cooperative ISAC scheme and provide
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insightful guidelines for designing the practical large-scale
ISAC networks. Performing performance analysis on ISAC
networks in low load scenarios and dense clutter interference
environments provides valuable avenues for future research.
Further investigation is needed into the joint multi-target
mutual information analysis, taking into account inter-target
dependencies. In addition, sensing performance metrics based
on estimation theory, such as the Cramer-Rao lower bound
(CRLB), are also worth investigating in network-level ISAC.

APPENDIX A
PROOF OF SENSING ASE EXPRESSION

Before deriving the mutual information rate for sensing,
we first provide a practical approximated mutual information
rate for multi-target sensing, and then derive the approximated
mutual information rate for single-target sensing. Let ζ
denote the target parameters of all targets and ζj denote the
parameters of target j.

Lemma 4: If the reflections from the targets can be
approximated as independent, the mutual information rate can
be approximated as

I(ys; ζ|X1) ≈
∑J

j=1
I(ys; ζj |X1). (26)

where ζ = {ζ1, · · · , ζJ} denotes the parameters of J targets,
and ζ1 denotes the parameters of target j.

Proof: First, the mutual information of multi-target
parameters can be written as

I(ys; ζ|X1) =
∑J

j=1
I(ys; ζj |ζ−j ,X1), (27)

where ζ−j denotes all target parameters except ζj . If the tar-
gets’ reflections can be treated as approximately independent,
the mutual information for each target becomes independent
of others. This approximation assumes that the conditional
dependence on other targets can be neglected. Therefore,
we have

I(ys; ζ|X1) ≈
∑J

j=1
I(ys; ζj |X1). (28)

This thus completes the proof.
To efficiently model and optimize network performance,

our approach employs the above practical approximation by
summing individual terms for each target, served by the BS.
In this case, we can analyze the mutual information for
all served targets separately. In the following, we simplify
the notation by omitting the index j. The target’s channel
matrix Hs = ξ · b(θ) · a(θ)H . To facilitate the analysis of
the sensing mutual information rate, we demonstrate that the
target channel can be approximated as following a Gaussian
distribution when the variance of θ is small.

Lemma 5: With small variance of θ, in Hs, hm,n can be
approximated by a Gaussian distribution.

Proof: The complex Gaussian random variable ξ is
defined as ξ ∼ CN

(
0, σ2

ξ

)
, where the real and imaginary

components are independent and identically distributed as
N
(
0,

σ2
ξ

2

)
. First, the element in the nth row and the mth

column, hm,n = ξ ·e−j 2πd
λ (m−1) sin(θ) ·ej 2πd

λ (n−1) sin(θ). It can

be simplified as hm,n = ξ · e−j 2πd
λ (m−n) sin(θ). sin(θ) is a

nonlinear transformation of the Gaussian variable θ. When
σ2

θ is small, we can make a useful approximation, a Taylor
expansion of sin(θ) can be given by

sin(θ) ≈ sin (µθ) + cos (µθ) (θ − µθ) .

Thus, the expression becomes hm,n =
ξe−j 2πd

λ (m−n)(sin(µθ)+cos(µθ)(θ−µθ)). By linearizing the
complex exponential, the complex exponential can be
expanded as:

hm,n ≈ ξe−j 2πd
λ (m−n) sin(µθ)

×
(

1− j
2πd

λ
(m− n) cos (µθ) (θ − µθ)

)
. (29)

Here, θ − µθ is a Gaussian variable with zero mean and
variance σ2

θ . Since the term (θ − µθ) is multiplied by a small
constant, its effect is limited. Then, the distribution of the
element hm,n can be approximated by:

hm,n ∼ CN

(
0, σ2

ξ

(
1+
(

2πd

λ

)2

(m− n)2 cos2 (µθ) σ2
θ

))
.

Based on the above discussion, we have

Hs ≈ ξ (A0 + (θ − θ0)B0) ,

where A0 = b (θ0)aH (θ0) and B0 = b′ (θ0)aH (θ0) +
b (θ0)a′H (θ0). This thus completes the proof.

Lemma 5 is practical because the accuracy of angle
estimation is typically high, which supports the assumption
that the variance of σ2

θ is small and aligns with common
practices in the field. Furthermore, in practical scenarios, the
target moves at a limited speed, causing only small angle
changes over short time intervals. Based on the approximation
in Lemma 2, we assume hm,n can be approximated by a
Gaussian distribution. To simplify the derivation, we utilize
the original expression of Hs to derive the mutual information.
Then, the mutual information I(ys;Hs | X1) is given by:

I(ys;Hs | X1) = h(ys | X1)− h(ys | Hs,X1), (30)
where h(ys | X1) is the differential entropy of ys given X1.
h(ys | Hs,X1) is the conditional differential entropy of ys

given both Hs and X1. In the following, we simplify the
notation by omitting θj . The conditional differential entropy
is given by:

h(ys | Hs,X1)

= log
(
det
(
πe
∑∞

i=Q+1
d−α

i h
H

q,1Rqhq,1 + σ2
n∥v∥2

))
,

(31)
where hH

q,1 = vHGH
q,1, di is the distance from interfering BS

i to the serving BS, and Rq denotes the covariance matrix of
BS q’s transmit signals. Then, we have

h(ys|X1) = log (πeRy) , (32)

where

Ry = E
[
ysyH

s

]
= d−2β

1 vHHR1HHv+
∑∞

i=Q+1
d−α

i hH
q,1RqhH

q,1+σ2
n∥v∥2.

(33)
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Similarly, the h(ys|Hs,X1) can be given by

h(ys|Hs,X1)=log
(
πe
∑∞

i=Q+1
d−α

i hH
q,1Rqhq,1 + σ2

n∥v∥2
)
.

(34)

Plugging (32) and (34) into (30), we have

I(ys;H | X1)

= log

(
1 +

∆T |ξ|2d−2β
i (vHb(θ))2(aH(θ)X1)2∑∞

i=Q+1 d−α
i hH

q,1Rqhq,1 + σ2
n∥v∥2

)
. (35)

In the context of significant interference in dense cell scenar-
ios, this paper specifically addresses an interference-limited
network where noise is considered negligible. Therefore, the
mutual information rate can be further approximated as

I(ys;H | X1)

= log

(
1 +

∆T |ξ|2d−2β
i (vHb(θ))2(aH(θ)X1)2∑∞

i=Q+1 d−α
i hH

q,1Rqhq,1

)
= log (1 + SIRs) , (36)

where SIRs = ∆TκMr|ξ|2
ht

j,1∥d1∥−2β∑∞
q=Q+1 hq,1∥dq−d1∥−α .

APPENDIX B
PROOF OF THEOREM 1

The interference term with a given distance r from the
typical user to the serving BS, can be derived by utilizing
Laplace transform. For ease of analysis, we introduce a
geometric parameter ηL = ∥d1∥

∥dL∥ , defined as the distance to
the closest BS normalized by the distance to the furthest BS
in the cluster for typical user. When ∥d1∥ = r and ∥dL∥ = rL,
we have

LIC(z)

= Eg,Φb

[
exp

(
−z∥d1∥α

∑∞

i=L+1
∥di∥−α|hH

k,iWi|
2
)]

(a)
= EΦb

 ∏
di∈Φb\O(0,rL)

(
1 + zrα∥di∥−α

)−K

dx

∣∣∣∣r, rL


(b)
= exp

(
−2πλb

∫ ∞

rL

(
1−

(
1 + zrαx−α

)−K
)
xdx

)
(c)
= exp

(
− πλbr

2H (z, K, α, ηL)
)

, (37)

where H (z, K, α, ηL) = Kz
2
α B

(
z

z+η−α
L

, 1− 2
α , K + 2

α

)
+

1
η2

L

(
1

(1+zηα
L)K − 1

)
. In (37), (a) follows from the fact that the

small-scale channel fading is independent of the BS locations
and that the interference power imposed by each interfering
BS at user k is distributed as Γ(K, 1). Then, relation (a) is
then obtained using the moment generating function (MGF) of
this Gamma distribution. To derive (b), we use the probability
generating functional (PGFL) of a PPP with density λb. (c)
follows from distribution integral strategies and ηL = r

rL
.

Then, we perform the marginal probability integral over
r. By plugging (37) into the following equation, where

fr (r) = 2πλbre
−πλbr2

, it follows that

LIC(z) =
∫ ∞

0

exp
(
−πλr2H (z, K, α, ηL)

)
f(r)dr

=
1

H (z, K, α, ηL) + 1
. (38)

According to Lemma 3 in [47], the PDF of the distance ratio
ηL can be given by

fηL
(x) = 2 (L− 1) x

(
1− x2

)L−2
. (39)

Then, we perform the marginal probability integral over ηL.
By plugging (38) and (39) into (4), the achievable rate can be
denoted by

Rc =
∫ ∞

0

1− (1 + z)−Mt−KL−J(Q−1)+1

z∫ 1

0

2 (L− 1) ηL

(
1− η2

L

)L−2

H (z, K, α, ηL) + 1
dηLdz. (40)

This thus completes the proof.

APPENDIX C
PROOF OF THEOREM 2

We first derive the expression without interference nulling,
and then obtain an approximate expression based on MISR
method. Specifically, under the given distance from the typical
user to the serving BS r, the conditional expectation can be
further approximated as follows:

Eg,Φb

[
log (1 + SIRc)

∣∣r]
≈ EΦb

log

1 +
E
[
gk

k,1

]
∑∞

i=L+1 E [gk,i] ∥di∥−α
rα


=
∫ ∞

0

1− e−z
Mt−KL−J(Q−1)+1

K

z
E
[
e−zIC

]
dz. (41)

Then, the Laplace transform of communication interference
with L = 1 can be given by

E
[
e−zIC

]
= exp

(
− πλx

(
1− e−zrαx−α/2

)∣∣∣∞
r2

− πλ

∫ ∞

r2

α

2
zrαx−

α
2 e−zrαx−α/2

dx

)
= exp

(
−πλr2 (F (z, α)− 1)

)
, (42)

where F (z, α) = e−z + z
2
α Γ
(
1− 2

α , z
)
. By plugging

E
[
e−zIC

]
and (41) into

∫∞
0

Eg,Φb

[
log (1 + SIRc)

∣∣r] fr(r)
dr, we have Eg,Φb

[log (1 + SIRc)] =∫∞
0

exp
(
−πλr2(F (z, α)− 1)

)
f(r)dr = 1

F(z,α) . Then,
we need to further obtain the effective gain of SIR with L
cooperative BSs compared to the case with L = 1. According
to [46], we can obtain an approximate coverage probability
with L−1 interference nulling based on no-interference nulling

case, i.e., PL(γ) = P1(γ/GL), where GL =
Γ(L+ α

2 )
Γ(L+1)Γ(1+ α

2 )
and PL(γ) denotes the coverage probability with SIR threshold
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γ. Therefore,
E[gk

k,1]∑∞
i=L+1 E[gk,i]∥di∥−αrα and

E[gk
k,1]GL∑∞

i=2 E[gk,i]∥di∥−αrα

follow nearly identical distributions. Then, it follows that

Rc ≈
∫ ∞

0

(
1− e−zGL

Mt−KL−J(Q−1)+1
K

)
zF (z, α)

dz

=
∫ ∞

0

1− e
−z

Γ(L+ α
2 )(Mt−J(Q−1)+1−KL)

KΓ(L+1)Γ(1+ α
2 )

zF(z, α)
dz. (43)

This thus completes the proof.

APPENDIX D
PROOF OF PROPOSITION 2

When α = 4, GL = L+1
2 . For any given

K, Q, J , we have
Γ(L+ α

2 )
Γ(L+1)Γ(1+ α

2 )
Mt−KL−J(Q−1)+1

K =

1
2

(
−L2 +

(
Mt−J(Q−1)+1

K − 1
)

L + Mt−J(Q−1)+1
K

)
≜ y(L).

y(L) is a quadratic function about L. It can be found that
when Mt−J(Q−1)−K+1

2K ≤ 1, y(L) is maximized when L = 1.
Otherwise, y(L) is maximized when L = Mt−J(Q−1)−K+1

2K ,
let v = K

Mt−J(Q−1)+1 , we have

∂TASE
c

∂v
=
∫ ∞

0

1− e−z 1
4 ( 1

v +1)2

− z 1
2

(
1+v
v2

)
e−z 1

4 ( 1
v +1)2

zF (z, α)
dz

=
∫ ∞

0

1−
(
1 + z 1+v

2v2

)
e−z 1

4 ( 1
v +1)2

zF (z, α)
dz ≥ 0. (44)

Thus, in this case with Mt−J(Q−1)−K+1
2K ≥ 1, TASE

c is
a monotonically increasing function with respect to K.
Since K ≤ Mt−J(Q−1)+1

3 , y(L) is maximized with K =
Mt−J(Q−1)+1

3 , and in this case, L = Mt−J(Q−1)+1
2K − 1

2 = 1.
Combining the above analysis, we complete the proof.

APPENDIX E
PROOF OF PROPOSITION 3

As shown in Fig. 2, to accurately derive the PDF for the
distance, we must determine the count of points distributed
outside the hole within the strip. The strip’s area can be
represented as 2x dx(π − φ(x)), with φ(x) = arccos

(
x

2R

)
denoting the angle within the hole, as depicted in Fig. 2.
Consequently, the Poisson distribution models the number
of interfering points within this strip, with a mean of
λb2 x dx(π − φ(x)). Given that the precise point locations
within the strip are inconsequential, we can disregard the hole
and redistribute the points uniformly across the entire strip,
which has an area of 2πx dx. This implies that a PPP within
the hole can be effectively represented as a non-homogeneous
PPP with a density of λb(1 − φ(x)

π ). Using this intermediate
result and the above insights, we now derive tight bounds on
the Laplace transform of sensing interference as follows:

LIS(z)

= exp
(
− 2πλb

∫ ∞

0

(
1− 1

(1 + zR2αx−β)K

)
xdx

+ λb

∫ 2R

0

2 arccos
x

2R︸ ︷︷ ︸
angle in hole

(
1− 1

(1 + zR2αx−β)K

)
xdx

)

x
R =t
= exp

(
−πλbKz

2
β R

4α
β B

(
1, 1− 2

β
, K +

2
β

)
+ λbR

2

∫ 2

0

2 arccos
t

2

(
1− 1

(1 + zR2α−βt−β)K

)
tdt

)
.

(45)

In (45), the second part is to subtract the interference in
the hole. By calculating the probability integral of the target
distance R, we have

LIS(z)

=
∫ ∞

0

exp
(
−R

(
Kz

2
β

(
R

πλb

) 2α
β −1

B

(
1, 1− 2

β
, K+

2
β

)
+1

−
∫ 2

0

2
π

arccos
t

2

(
1−(1+z(

R

πλb
)
α−β/2

t−β)
−K)

tdt

))
dR.

(46)

Then, by plugging (46) into (14), it follows that

Rs =
∫ ∞

0

1−
(
1+∆TκMr|ξ|2z

)−K

z

∫ ∞

0

LIS(z)f(R)dRdz.

(47)

This completes the proof.

APPENDIX F
PROOF OF THEOREM 3

First, we draw the following conclusion to facilitate the
derivation of sensing ASE expression.

Lemma 6: When Q ≫ 1, the term
exp

(
λbR

2
∫ 2

rQ/R
2 arccos

(
t
2

) (
1− 1

(1+zR2α−βt−β)K

)
tdt
)
→

0 in (45).
Proof: First, we ignore the interference in the hole (c.f.

Fig. 2). In this case, it is worth noting that the PDF of
the distance from the (Q − 1)th closest BS to the serving
BS is the same as that from the Qth BS to the origin.
This can be proved by Slivnyak’s theorem [48], i.e., for
a PPP, because of the independence between all of the
points, conditioning on a point at x does not change the
distribution of the rest of the process. The distance from
the (Q − 1)th closest BS to the serving BS is denoted by
rQ. Therefore, we have the PDF of the distance rQ from
the (Q − 1)th closest BS to the serving BS can be given

by frQ
(r) = e−λπr2 2(λπr2)Q

rΓ(Q) , and according to [47], the
complementary cumulative distribution function (CCDF) of
rQ

2R can be expressed as P
[ rQ

2R ≥ x
]

= 1 −
(
1− 1

4x2

)Q−2
.

It can be readily proved that when Q ≫ 1, P [ rQ

2R ≥ x] → 1 for
any given x > 1, which represents the interference distance
from the BS at dQ to the serving BS is always larger
than 2R. Therefore, the probability of interference in
the hole is almost zero due to cooperative interference
nulling when Q ≫ 1, i.e., rQ

R ≥ 2. This thus proves that
exp

(
λbR

2
∫ 2

rQ/R
2 arccos

(
t
2

) (
1− 1

(1+zR2α−βt−β)K

)
tdt
)
→

0 when Q ≫ 1.
According to Lemma 6, the interference term in the hole

can be ignored when Q ≫ 1. Thus, to simplify the expression
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derivation, we remove the second term in (15) for the case
with Q ≥ 2, and then the conditional Laplace transform of
sensing interference can be given by[

e−zIS
∣∣R, rQ

]
= exp

(
− πλb

(
r2
Q

((
1 + zR2αr−β

Q

)−K

− 1
)

+ Kz
2
β R

4α
β B

(
zR2αr−β

Q

zR2αr−β
Q + 1

, 1− 2
β

, K +
2
β

)))
.

(48)

Then, the Laplace transform of sensing interference is[
e−zIS

]
=

∫∞
0

∫∞
0

[
e−zIS

∣∣R, rQ

]
frQ

(rQ) fr(R)dRdrQ,
where fr(R) = 2πλbRe−πλbR2

. Finally, by plugging
[
e−zIS

]
into (14) and (7), the tractable expressions of the radar
information rate and sensing ASE can be obtained.
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