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Abstract—In this work, we study integrated sensing and
communication (ISAC) networks intending to effectively bal-
ance sensing and communication (S&C) performance at the
network level. Through the simultaneous utilization of multi-
point (CoMP) coordinated joint transmission and distributed
multiple-input multiple-output (MIMO) radar techniques, we
propose a cooperative networked ISAC scheme to enhance both
S&C services. Then, the tool of stochastic geometry is exploited to
capture the S&C performance, which allows us to illuminate key
cooperative dependencies in the ISAC network. Remarkably, the
derived expression of the Cramer-Rao lower bound (CRLB) of
the localization accuracy unveils a significant finding: Deploying
N ISAC transceivers yields an enhanced sensing performance
across the entire network, in accordance with the ln2 N scaling
law. Simulation results demonstrate that compared to the time-
sharing scheme, the proposed cooperative ISAC scheme can
effectively improve the average data rate and reduce the CRLB.

I. INTRODUCTION

The integration of sensing and communication (ISAC)
emerges as a promising paradigm for next-generation net-
works [1]. It employs unified spectrum, waveforms, platforms,
and networks to address the issues of spectrum scarcity
and circumvent interference caused by separate sensing and
communication (S&C) systems [2]. ISAC can significantly
enhance the spectrum, cost, and energy efficiency of S&C
functionalities [3]. In the literature, most existing studies on
this topic primarily concentrate on the ISAC design at the
link/system level [4], but only limited works consider the ISAC
design at the network level.

The network-level ISAC is expected to provide several pro-
nounced benefits compared to conventional single-cell ISAC.
In terms of sensing, the ISAC network can expand its coverage
to encompass larger surveillance areas, diverse sensing angles,
and richer target information by forming multi-static sensing
[5]. On the communications front, various ISAC transceivers
can collaboratively utilize advanced coordinated multi-point
(CoMP) transmission/reception techniques to enhance inter-
cell interference management by connecting a single user
with multiple base stations (BSs) [6]. Despite the above
advantages, networked ISAC brings new technical challenges
for wireless resource allocation and user/target scheduling, as
it requires a precise quantitative description of the average
S&C performance across the entire ISAC network.

Stochastic geometry (SG) provides a powerful mathematical
tool for communication network analysis [7]. For instance, [7]
proposed a general framework for analysis of the average data

rate and the coverage probability in multi-cell communication
networks. Furthermore, [8] studied an ISAC beam alignment
approach for THz networks, where SG is utilized to derive
the coverage probability and network throughput performance.
In a most recent work [9], the coordinated beamforming
technique was implemented to mitigate interference for ISAC
networks, offering insights into spatial resource allocation.
However, the existing literature rarely explores the prospect of
leveraging inter-cell interference to enhance the performance
of ISAC networks.

Based on the above discussion, we propose a cooperative
ISAC scheme that integrates CoMP joint transmission and
multi-static sensing. By exploring the new degrees of freedom,
i.e., optimizing cooperative BS cluster sizes for S&C, we
provide a promising solution to strike a balance between
S&C performance at the network level. Then, we quantify
ISAC performance through the data rate and Cramér-Rao
lower bound (CRLB) [1], and apply SG techniques to conduct
performance analysis. This analysis yields insights, directing
emerging trends concerning both data rate and CRLB with in-
creasing cooperative S&C cluster size. The main contributions
of this paper are summarized as follows:
• First, we propose a cooperative ISAC network framework,

enabling the realization of CoMP joint transmission and
distributed radar with the constraints of backhaul capacity.
By incorporating the random BS locations, we derive the
scaling law of the CRLB with respect to the BS number,
i.e., ln2N . We derive a tractable expression of the commu-
nication performance with flexible cooperative cluster size.

• Second, in simulations, it is revealed that when provided
with more resource blocks and larger backhaul capacity, the
proposed cooperative scheme exhibits a greater performance
improvement compared to the time-sharing scheme.

II. SYSTEM MODEL

A. Cooperative ISAC Network Model

In the considered network, each BS is equipped with Mt

transmit antennas and Mr received antennas, and the BS’
location follows a homogeneous Poisson point process (PPP)
on two-dimensional (2D) space, denoted by Φb. Similarly, Φu,
and Φs respectively represent the point processes modeling the
locations of communication users with a single antenna and
targets. Φb,Φu, and Φs are mutually independent PPPs with
intensities λb, λu, and λs, where Φb = {di ∈ R2,∀i ∈ N+}.
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Fig. 1. Illustration of cooperative S&C networks.

Each communication user is served by L ≥ 1 cooperative
BSs that jointly transmit the same communication data, where
the cooperative BS cluster is dynamically formed based on the
user’s location. Similarly, N ≥ 1 BSs collaboratively provide
localization service for each target, forming distributed multi-
static multiple-input multiple-output (MIMO) radars, as shown
in Fig. 1. Each BS utilizes transmit beamforming to send
information-bearing signal sc for the served user, together with
a dedicated radar signal ssi for the detected target. Following
the assumption in [10], E[ssi (s

c
i )
H ] = 0. Let si = [ssi , s

c
i ]
T ,

the transmitted signal at the ith BS is given by

xi = Wisi =
√
pcwc

is
c
i +

√
psws

i s
s
i , (1)

where wc
i and ws

i ∈ CMt×1 are normalized transmit beam-
forming vectors, ps and pc represent the transmit power for
S&C, with ps + pc = 1 for normalized total transmit power,
and Wi = [

√
pcwc

i ,
√
psws

i ] ∈ CMt×2 is the precoding
matrix of the BS at di. To avoid interference between S&C,
we adopt zero-forcing beamforming to make the analysis
tractable. Then, the beamforming vector of the serving BS
i can be given by

Wi = Hi

(
HH
i Hi

)−1
, (2)

where Hi = [(hHi )T , (aH(θi))
T ]T , hHi denotes the commu-

nication channel from BS i to the typical user, and aH(θi)
represents the sensing channel from BS i to the typical target.

B. Cooperative Sensing Model

The location of the typical target is denoted by ψt =
[xt, yt]

T . Assuming that unbiased measurements can be made,
we have

var{ψ̂t} = E[|ψ̂t − ψt|2] ≥ CRLB, (3)

where ψ̂t = [x̂t, ŷt]
T represents the estimated location of

the typical target. Assume that the transmitted radar signals
{ssi}Ni=1 of the BSs in the cooperative sensing cluster are

approximately orthogonal for any time delay of interest [11].
Non-coherent MIMO radar is considered in this work due to
its practical operational advantages [12]. Then, the base-band
equivalent of the received signal at receiver j is represented
as

yj(t) =
∑N

i=1
σ∥dj∥−

β
2 b (θj) ∥di∥−

β
2 aH (θi)

√
psws

i

× ssi (t− τi,j) + nl(t),
(4)

where β ≥ 2 is the pathloss exponent from the serving BSs to
the typical target, σ denotes the radar cross section (RCS), τi,j
denotes the propagation delay of the link from BS i to the typ-
ical target and then to BS j, and the term nl(t) is the additive
complex Gaussian noise with zero mean and covariance matrix
Σ = σ2

sIMr
. In (4), aH(θi) = [1, · · · , ejπ(Mt−1) cos(θi)], and

b(θj) = [1, · · · , ejπ(Mr−1) cos(θj)]T .
By measuring the range of each monostatic link and bi-

static link reflected by the typical target, the target location
can be estimated by methods such as the maximum likelihood
estimation (MLE) [13]. Then, the FIM for estimating the
parameter vector ψt for the considered non-coherent MIMO
radar is equal to [12]

FN = |ζ|2
∑N

i=1

∑N

j=1
∥di∥−β∥dj∥−β

[
a2ij aijbij
aijbij b2ij

]
,

(5)
where aij = cos θi + cos θj , bij = sin θi + sin θj , and the
angle θi is the bearing angle of the i-th transmitter to the
target with respect to the horizontal axis. In (5), it follows
that |ζ|2 = psGtGrB

2σ
8πf2

c σ
2
s

, where Gt and Gr denote the transmit
beamforming gain and receive beamforming gain, fc is the
carrier frequency, and B2 represents the squared effective
bandwidth. With the random location of ISAC transceivers,
the expected CRLB for any unbiased estimator of the target
position is given by

CRLB = EΦb

[
tr
(
F̄−1
N (ψt)

)]
. (6)

C. Cooperative Communication Model

In this work, we consider the practical implementation of
non-coherent joint transmission. The closest BS to the typical
user sends collaboration service requests to the other L − 1
BSs. The set of BSs receiving the service requirement is
denoted by Φc. Each BS decides whether to accept the request
based on its load, where the BSs accepting the request are
denoted by Φa. Following Slivnyak’s theorem, the typical user
is assumed to be located at the origin, and its performance is
analyzed to generally represent the average performance of all
users [7]. The index of the closest BS to the typical user is 1.
Then, the received signal at the typical user can be given by

yc =∥d1∥−
α
2 hH1 W1s1 +

∑
i∈Φa

∥di∥−
α
2 hHi Wis1

+
∑

j∈{Φb\Φa\{1}}
∥dj∥−

α
2 hHj Wjsj + nc,

(7)

where α ≥ 2 is the pathloss exponent, hHi ∼ CN (0, IMt
) is

the channel vector from the BS at di to the typical user, and Φa
is the cooperative BS set. This paper focuses on evaluating the



performance of an interference-limited network within dense
cell scenarios. Thus, the evaluation is based on the signal-to-
interference ratio (SIR) [14]. The SIR of the received signal
at the typical user can be expressed as

SIRc =

g1∥d1∥−α +
∑
i∈Φa

gi∥di∥−α∑
j∈{Φb\Φa\{1}}

gj∥dj∥−α
, (8)

where g1 = pc
∣∣hH1 wc

1

∣∣2 and gi = pc
∣∣hHi wc

i

∣∣2 denotes the
effective desired signals’ channel gain, and the interference
channel gain gj = pc

∣∣hHj wc
j

∣∣2 + ps
∣∣hHj ws

j

∣∣2. The average
data rate of users can be given by

Rc = EΦb,gi [log(1 + SIRc)]. (9)

D. Limited Backhaul Capacity Model

In the considered system, each BS is connected to the
central unit through backhaul links to share the data and
CSI information for CoMP transmission and to collect the
echo signals for cooperative sensing, as shown in Fig. 1.
It is noteworthy that in a cooperative S&C system, the
sizes of cooperative clusters are practically restricted by the
constrained capacity of the backhaul link [15]. Therefore,
backhaul constraints introduce an additional dimension to
strike the balance between S&C performance. For clarity, we
exclude consideration of backhaul traffic related to CSI sharing
[16], and the capacity constraint can be expressed as

Rc + e×N ≤ Cbackhaul, (10)

where e represents the data rate demand for the sensing
cooperation, i.e. for sending pre-processed results (i.e., auto-
correlation of signal {ssi}Ni=1 transmitted by each BS), and
Cbackhaul denotes the backhaul capacity limitation.

III. SENSING PERFORMANCE ANALYSIS

A. Performance Gain of Cooperative Sensing

First, by assuming all BSs accept the requests, we derive
the closed-form CRLB expression with the consideration of
random locations of BSs and targets, based on which, the
scaling law of localization accuracy is obtained. First, the
CRLB expression can be equivalently transformed into

CRLB = EΦb

[
|ζ|−2×

2
∑N
i=1

∑N
j=1 d

−β
i d−βj (1 + cos (θi − θj))∑N

l=1

∑N
k=1

∑N
i≥k
∑N
j>⌈(k−i)N+l⌉+(didjdldk)

−β(aklbij−aijbkl)2

]
,

(11)
where di = ∥di∥ and ⌈x⌉+ = max(x, 1). To obtain a more
tractable CRLB expression, we resort to a simple but tight
approximation, and then the following conclusion is proved.

Proposition 1: The expected CRLB can be approximated
as

CRLB =
2

|ζ|2
∑N
l=1

∑N
k=1E[dk]

−β
E[dl]

−β . (12)

Proof: Please refer to Appendix A in [17], which is an online
revision. ■

Interestingly, it can be found that the value of expected
CRLB in Proposition 1 is only determined by the expected
distance from the BS to the typical target. It is verified that (12)
achieves a good approximation by Monte Carlo simulations,
as shown in Section V. Furthermore, the expected distance
from the nth closest BS to the typical target can be expressed

as E [dn] =
Γ(n+ 1

2 )√
λbπΓ(n)

≈
√

n
λbπ

. Then, the CRLB expression
can be further approximated as

CRLB ≈ 2

|ζ|2λβb πβ
∑N
l=1

∑N
k=1 k

− β
2 l−

β
2

. (13)

With general setup β = 2, we further derive the scaling law
of the localization accuracy as follows.

Theorem 1: With infinity cooperative cluster size N , the
expected CRLB can be given by

lim
N→∞

CRLB× ln2N =
1

|ζ|2λ2bπ2
. (14)

Proof: Please refer to Appendix B in [17]. ■
The CRLB scaling law in Theorem 1 is highly useful to

indicate the cooperative sensing design.

B. Acceptance Probability with Limited Resource Blocks

Using the target-centric clustering model, the center unit
sends localization service requests to the N closest BSs
relative to the typical target. Let ψ be an integer representing
the maximum load, i.e., the maximum number of targets that
can be simultaneously served by the BS. Then, if a BS receives
N requests, we assume it will randomly choose ψ targets to
provide services. In this case, the acceptance probability of the
BS which receives service requests can be given as follows:

Lemma 1: When each target requests N BSs to provide
localization services, the acceptance probability of the BS can
be given by:

κs =
Γ
(
ψ, µsN̄

)
(ψ − 1)!

+

∞∑
n=ψ+1

ψ
(
µsN̄

)n
n× n!

e−µsN̄ , (15)

where µs = λs

λb
and N̄ =

Γ(N+ 1
2 )

2

Γ(N)2 .
Proof: Please refer to Appendix C in [17]. ■

According to Lemma 1, the acceptance probability is mono-
tonically increasing with the number of resource blocks ψ, and
is monotonically decreasing with the target-BS density ratio
µs and cluster size N . Then, the expected CRLB with the
consideration of acceptance probability can be expressed as

CRLBa =
1

κ2s|ζ|2λ2bπ2ln2N
. (16)

IV. COMMUNICATION PERFORMANCE ANALYSIS

To implement CoMP joint transmission, the closest BS
sends service requests to the other L − 1 closest BSs to the
typical user. Similarly, if a BS receives more than ψ requests,
it will randomly choose ψ−1 users to provide services besides
the typical user. Similar to the sensing acceptance probability,



when each user requests L BSs to provide communication
services, the acceptance probability of the BS can be given by

κc =
Γ(ψ,µcL̄)
(ψ−1)! +

∞∑
n=ψ

(ψ−1)(µcL̄)
n

(n−1)×n! e−µcL̄, where µc = λu

λb
and

L̄ =
Γ(L+ 1

2 )
2

Γ(L)2 .
According to [18], 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.

(17)
Then, under a given distance r from the typical user to the
closest BS, the conditional expectation of data rate can be
derived as follows:

E
[
log (1 + SIRc)

∣∣r]
=E

[
log

(
1 +

g1 +
∑
i∈Φa

gi ∥di∥−α rα∑
j∈{Φb\Φa\{1}} gj ∥dj∥

−α
rα

)]

=

∫ ∞

0

1− E [e−zg1 ] E
[
e−zU

]
z

E
[
e−zI1

]
E
[
e−zI2

]
dz,

(18)

where U =
∑
i∈Φa

gir
α, I1 =

∑
i∈{Φc\Φa} gi∥di∥

−α
rα, and

I2 =
∑∞
i=L+1 gi∥di∥

−α
rα. Here, I1 represents the interfer-

ence from the BSs declining the cooperation requests, and I2
represents the interference from the BS located beyond the
cooperative request cluster. g1 and gi are the effective desired
signal channel gain, g1, gi ∼ Γ (Mt − 1, pc) [6]. According to
the definition below (8), we can derive the distribution of gj
based on the moment matching technique [6], and it follows
that gj ∼ Γ(1, 1). Thus, the useful signal power can be given
by E [e−zg1 ] = (1 + pcz)

1−Mt . Then, we derive tight bounds
on the Laplace transform of cooperative transmission power
and communication interference as follows:

Lemma 2: With the closest BS at a distance r, the Laplace
transforms of U , I1, and I2 can be given by

E
[
e−zU

]
= exp(−πκcλbr2H1(zp

c,Mt − 1, α, ηL)), (19)

E
[
e−zI1

]
= exp(−π(1− κc)λbr

2H1(z, 1, α, ηL)), (20)

E
[
e−zI2

]
= exp(−πλbr2H2(z, α, ηL)), (21)

where H1 (x,K, α, ηL) =
1
η2

(
1− 1

(1+xηα)K

)
+ 1

(1+x)K
−1+

Kx
2
α

(
B
(

x
x+1 , 1−

2
α ,K + 2

α

)
−B

(
xηα

xηα+1 , 1−
2
α ,K + 2

α

))
,

H2 (x, α, ηL) = x
2
αB

(
x

x+η−α
L

, 1− 2
α , 1 +

2
α

)
+

1
η2L

(
(1 + xηαL)

−1 − 1
)

, ηL = r
rL

, and rL = ∥dL∥.

Here, B(a, b, c) =
∫ a
0
t(b−1)(1 − t)c−1dt is the incomplete

Beta function.
Proof: Please refer to Appendix D in [17]. ■

Based on the obtained Laplace transforms of U , I1, and I2,
the expected data rate can be obtained in Theorem 2.

Theorem 2: The communication per-
formance can be given by Rc =∫∞
0

∫ 1

0

2(L−1)ηL(1−η2L)
L−2

z

(
1

(1−κc)H1(z,1,α,ηL)+H2(z,α,ηL)+1−

(1+pcz)1−Mt

κcH1(zpc,Mt−1,α,ηL)+(1−κc)H1(z,1,α,ηL)+H2(z,α,ηL)+1

)
dηLdz

Proof: Please refer to Appendix E in [17]. ■
According to Theorem 2, the average data rate increases

with the BS density λb and the number of resource blocks.

V. SIMULATION RESULTS

The numerical simulations are averaged over various net-
work typologies and realizations of small-scale channel fading.
The system parameters are given as follows: the number of
transmit antennas Mt = 4, the number of receive antennas
Mr = 5, the transmit power Pt = 1W at each BS, the average
RCS σ = 1, the BS density λb = 1/km2, λu = 1/km2,
λs = 1/km2, σ2

s = −80dB, pathloss coefficients α = 4,
β = 2, backhaul capacity Cbackhaul = 6 nats/s/Hz, and resource
block number ψ = 15.

A. Sensing Performance

In Fig. 2, the tractable expression derived in Theorem
1 provides a remarkably tight approximation, especially for
larger cooperative BS number N . It is noteworthy that when
the number of cooperative BSs is relatively small, for in-
stance, N ≤ 4, the closed-form expressions exhibit a slight
deviation from Monte Carlo simulations. This is mainly due
to the less precise calculation of the expectation operation
involving trigonometric functions when the number of ISAC
BSs is small. Furthermore, Fig. 2 reveals that augmenting
the number of cooperative BSs results in substantial accuracy
improvement when the total number of BSs is limited, yet it
yields only incremental performance gains for N ≥ 10. This is
expected because more participation of randomly located BSs
in cooperation leads to increased signal attenuation for distant
BSs, resulting in a performance gain that is significantly less
than that observed for nearby BSs.

Furthermore, with ψ = 15, Fig. 3 shows that the CRLB
decreases first and then increases when N ≥ 15, i.e., the
optimal size of the cooperative sensing cluster equals ψ.
The main factor is that, as the average number of service
targets per BS exceeds the allocated resource blocks, each
BS is likely to reach full load. Consequently, some requests
sent from nearby targets may be declined, resulting in the
forming of a cooperative sensing cluster with BSs situated at a
larger distance from the typical target. As the average number
of service requests continues to rise, the distance between
transceivers and targets also increases.

Fig. 4 illustrates that the results of the original expression
for Rc in Theorem 2 are consistent with the simulation results.
As depicted in Fig. 4, for any given communication power pc,
the communication spectral efficiency Rc initially increases
and then decreases with the cooperative cluster size L. The
primary cause for this trend is the increasing involvement of
more users in the service, leading to a reduction in the average
acceptance probability for each user. It is evident that, across
various power pc, there is a consistent optimal value L∗ for the
same user-BS density λu

λb
that maximizes spectral efficiency.

Meanwhile, this optimal value L∗ decreases as λu

λb
increases.

This is due to the fact that with a higher λu

λb
, more users may
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send service requests to the BSs, consequently increasing the
load of each BS and diminishing the acceptance probability.

Then, to verify the effectiveness of the proposed cooperative
ISAC scheme, the S&C performance bounds of the proposed
cooperative ISAC scheme are obtained by jointly optimizing
the cooperative cluster sizes and transmit power for S&C
with the backhaul capacity constraints. First, we compare the
effectiveness of the time-sharing scheme based on two corner
points to illustrate the performance of the cooperative ISAC
scheme under various setups. The tradeoff profile between the
average data rate Rc and the average CRLBa is depicted in
Fig. 5, confirming both the accuracy of analytical results and
the flexibility of our proposed cooperative ISAC networks. As
the backhaul capacity increases, the performance boundaries
of S&C expand significantly. Also, it is observed from Fig. 5
that the achievable S&C performance region of the optimal
cooperative scheme becomes much larger than that of the
time-sharing scheme as the backhaul capacity increases. This
outcome stems from the augmented capacity of backhaul links,
enabling the network to effectively coordinate transmit power
and multi-cell resources, thereby enhancing the cooperative
cluster design gains for S&C.

VI. CONCLUSION

In this paper, we proposed a novel cooperative scheme in
ISAC networks by simultaneously adopting the CoMP joint
transmission and distributed radar techniques. With SG tools,
the S&C performance expressions are described analytically.
We revealed that the average cooperative sensing performance
CRLB in the entire ISAC network scales with ln2N . The

simulation results demonstrate the benefits of the proposed
cooperative ISAC scheme and provide insightful guidelines
for designing practical large-scale ISAC networks.
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