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Abstract—This paper characterizes integration and coordina-
tion gains in dense millimeter-wave ISAC networks through a
dual-mode framework that combines monostatic and multistatic
sensing. A comprehensive system-level analysis is conducted,
accounting for base station (BS) density, power allocation,
antenna misalignment, radar cross-section (RCS) fluctuations,
clutter, bistatic geometry, channel fading, and self-interference
cancellation (SIC) efficiency. Using stochastic geometry, coverage
probabilities and ergodic rates for sensing and communication
are derived, revealing trade-offs among BS density, beamwidth,
and power allocation. It is shown that the communication perfor-
mance sustained reliable operation despite the overlaid sensing
functionality. In addition, the results reveal the foundational role
of spatial sensing diversity, driven by the dual-mode operation,
to compensate for the weak sensing reflections and vulnerability
to imperfect SIC along with interference and clutter. To this end,
we identify a system transition from monostatic to multistatic-
dominant sensing operation as a function of the SIC efficiency.
In the latter case, using six multistatic BSs instead of a single
bistatic receiver improved sensing coverage probability by over
100%, highlighting the coordination gain. Moreover, comparisons
with pure communication networks confirm substantial integra-
tion gain. Specifically, dual-mode networked sensing with four
cooperative BSs can double throughput, while multistatic sensing
alone improves throughput by over 50%.

Index Terms—Integrated sensing and communication, ISAC
networks, cooperative sensing, networked sensing, multistatic,
millimeter wave, coverage and ergodic rate analysis, stochastic
geometry.

I. INTRODUCTION

THE sixth-generation (6G) envisions a unified framework
for wireless connectivity and precise sensing, using a sin-

gle waveform for both sensing and communication (S&C) [1],
[2], [3], [4], [5]. This approach, known as Integrated Sensing
and Communications (ISAC) [1], [2], leverages shared channel
characteristics, signal processing, and hardware, enabling base
stations (BSs) and mobile users (MUs) to function as sensors.
As a result, traditional communication infrastructures are
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transformed into large-scale radio sensing systems [1], [2], [3],
[4], [5]. This supports applications such as vehicular networks,
environmental monitoring, indoor services, industrial automa-
tion, and drone surveillance, while also facilitating emerging
use cases like the metaverse, remote surgery, autonomous
driving, and digital twins [1], [2], [3], [4], [5]. In this con-
text, millimeter-wave (mmWave) frequencies, anticipated to
be widely utilized in 6G, are well-suited for ISAC, offering
wide bandwidth and narrow beamwidth that enhance commu-
nication capacity, radar range, and angular resolutions [1], [3],
enabling accurate object localization [1], [2].

To realize its full potential, ISAC offers two funda-
mental advantages: integration gain and coordination gain
[1], [4]. Integration gain results from efficiently utilizing
shared wireless resources, which reduces hardware redundancy
and enhances spectral and energy efficiency. Coordination
gain arises from the mutual reinforcement between S&C
and typically manifests in two forms. The first is sensing-
assisted communication, where sensing capabilities improve
core communication functions such as handover and beam
alignment [6]. The second is communication-assisted sens-
ing (also referred to as networked or cooperative sensing),
which exploits the connectivity and synchronization inherent
in modern communication infrastructure to enable large-scale
cooperative sensing across multiple BSs, thereby enhancing
coverage, accuracy, and robustness [7], [8], [9], [10], [11].

Achieving these benefits in practical ISAC deployments
requires a careful balance between monostatic and multistatic
sensing strategies. Monostatic ISAC, with co-located trans-
mitter (Tx) and receiver (Rx), allows compact integration and
lower computational overhead but may suffer from strong self-
interference (SI) as it relies on full-duplex (FD) operation
entailing imperfect self-interference cancellation (SIC) [5], [7],
[8], [9]. In the absence of FD, multistatic ISAC systems can
exploit the cellular infrastructure, with one BS transmitting
and other BSs receiving, leveraging spatial diversity and
wide angular observations [1], [2], [3], [7], [8], [9], [10],
[11]. However, the reliability of multistatic sensing remains
uncertain: longer target-to-BS paths reduce line of sight (LoS)
probability, and strong geometry dependence further compli-
cates link quality.

This motivates a dual-mode networked sensing architec-
ture that combines monostatic and multistatic operations
to improve sensing accuracy and robustness, even in the
presence of environmental blockages. Such an approach
raises critical design questions: should networks invest
in advanced FD/SIC capabilities, or instead increase the
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spatial cooperation level while accepting the associated
backhaul overhead for data fusion? Therefore, a rigorous
system-level analysis is essential to answer these questions
and quantify the gains, trade-offs, and practical impli-
cations of networked sensing in dense mmWave ISAC
networks.

Beyond single-BS ISAC, a growing body of work stud-
ies cooperative or networked sensing. Optimization-centric
approaches design coordinated or precoded transmissions to
enhance sensing in multistatic ISAC systems while preserv-
ing communication [12], [13], [14]. Cell-free architectures
utilize distributed apertures for improved sensing via power
allocation under communication constraints [15]. Near-field
and beamfocusing designs have also been explored for mul-
tistatic mmWave ISAC [16]. In addition, centralized fusion
of multiple monostatic returns has been considered [17],
[18]. Despite these advancements, these studies focus on
multistatic or monostatic sensing from multiple BSs, without
examining their dual operation and interplay. Furthermore,
most overlook interference and clutter analysis, except [14]
and [15], which consider interference from a few proximate
BSs.

In reality, achieving integration gains in ISAC systems
involves overlapping signals in time and frequency, intro-
ducing mutual interference and clutter effects [1], [2], [5],
which intensify in dense deployments, necessitating large-
scale system-level analysis [19]. Moreover, recent ISAC
research has shifted from traditional radar metrics to signal-to-
interference-plus-noise (SINR)-based evaluations, emphasiz-
ing a generalized information-theoretic parameter estimation
or inference [19], [20]. Hence, effective ISAC system design
requires realistic modeling that incorporates interference,
clutter, radar cross-section (RCS) fluctuations, and spatial
topology [1], [2], [3], [4]. Stochastic geometry (SG) offers
powerful tools for such modeling, enabling large-scale plan-
ning to integrate ISAC with cellular networks, particularly in
applications demanding wide-area surveillance [19], [20], [21],
[22], [23], [24], [25], [26].

Using SG, [19] develops an information-theoretic frame-
work for analyzing coverage and rate in mmWave ISAC
networks. Related SG studies balance S&C via coordi-
nated beamforming with interference nulling [20], examine
power/spectrum allocation under resolution and rate con-
straints [21], analyze blockage in urban ISAC [22], and
optimize spectral and energy efficiency in dense networks
[23]. While these works provide valuable system-level insight,
they focus on monostatic sensing, overlooking the inherently
more complex multistatic scenario. On the other hand, [24]
studies a large sub-6 GHz ISAC network with joint monostatic
and bistatic detection, utilizing additional bistatic radars that
listen only within the same cell. However, this approach does
not fully exploit spatial diversity and also neglects clutter.
Moreover, [25] provides a system-level analysis of a cooper-
ative ISAC network, deriving the Cramér–Rao Lower Bound
(CRLB) for localization accuracy; and [26] couples coordi-
nated multipoint (CoMP) downlink with multistatic sensing to
study antenna-budget distribution across BSs. However, these
studies are also sub-6 GHz and overlook sensing interference
and clutter effects.

In contrast to prior work, this paper investigates networked
sensing in mmWave ISAC networks with a focus on down-
link communication and location estimation. We develop a
large-scale, topology-aware framework that (i) models both
monostatic and multistatic sensing under a unified formu-
lation that captures their interplay, (ii) explicitly accounts
for network-wide interference and clutter from all BSs and
environmental scatterers, and (iii) jointly evaluates S&C cov-
erage and rate to reveal system-level trade-offs. To ensure
scalability, we adopt a low-overhead selection-combining strat-
egy that harvests spatial diversity without raw-data exchange.
The proposed analysis quantifies the spectral efficiency gains
achieved by ISAC relative to conventional communication-
only networks operating under comparable resources, thereby
demonstrating the integration gain of ISAC. Concurrently,
we evaluate the enhancement in sensing performance enabled
by cooperation among several BSs, inherently connected and
synchronized through the underlying cellular network. This
improvement demonstrates the coordination gain of ISAC,
where the communication infrastructure directly enhances
sensing capabilities. To this end, the main contributions of
this work are summarized as follows:

• The work identifies ISAC integration and coordination
gains in large-scale mmWave ISAC networks through a
well-founded mathematical model.

• A novel dual-mode networked sensing approach is
explored, integrating monostatic and multistatic sensing
using a unified ISAC signal, demonstrating meaningful
gains even without FD capabilities.

• A realistic system-level analysis is conducted, consider-
ing interference and clutter from all BSs and environmen-
tal scatterers, revealing critical trade-offs between S&C
across key parameters such as power, beamwidth, and BS
density.

• The findings provide informed design guidelines across
key system parameters for the effective deployment of
large-scale ISAC networks, including conditions under
which monostatic or multistatic modes dominate and the
performance gains from cooperative sensing versus the
associated backhaul overhead required for data fusion.

The practical significance of this work lies in demonstrating
the resilience of the communication function in the presence
of sensing, which can accelerate the adoption of ISAC in
mmWave cellular networks. The findings also indicate that FD
capability is not a prerequisite for achieving tangible ISAC
benefits; instead, standalone multistatic sensing can provide
reasonable gains. Additionally, the results quantify the added
value of incorporating more cooperative BSs for sensing,
enabling service providers to make informed decisions on the
optimal number of cooperating BSs needed to balance ISAC
performance improvements against backhaul requirements.
Crucially, we identify a SIC-driven mode transition. When
residual SIC is strong, the monostatic mode is preferable.
Under a limited SIC, the system transitions to multistatic oper-
ation, where spatial diversity recovers sensing performance
at the expense of increased backhaul overhead.

The structure of the paper is as follows: Section II outlines
the system model. Section III details the analysis of the
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Fig. 1. An illustration of the system model with a sensing cluster of four
cooperative BSs per target. Each BS forms M beams on M distinct frequency
blocks reused across all BSs, with each beam simultaneously sensing a target
and serving a MU. For visual clarity, only one beam per BS is shown, and
the depicted beams share the same frequency block. The monostatic distance
is R1, while each (R1, Rn) pair forms a bistatic setup, where Rn is the
distance between the target and its nth-nearest BS (n ≥ 2).

dual-mode networked sensing. Section IV focuses on the
communication analysis. Section V discusses the numerical
results and design guidelines. Lastly, Section VI provides the
conclusion.

II. SYSTEM MODEL

A. ISAC Network and Signal Models
Consider a dense, large-scale mmWave network employing

a unified ISAC waveform. The BSs are distributed as a
homogeneous Poisson Point Process (PPP) ΦBS with intensity
λBS, where each BS forms M spatial beams. We model
MUs and targets as independent homogeneous PPPs with
intensities λU and λT , respectively. Following [19], we assume
(λU , λT � MλBS) so each BS can serve a MU and sense a
target per beam at any time instant. Each BS independently
transmits its downlink unified ISAC waveforms to serve its
MUs and perform monostatic sensing of targets within its cell.
To enhance sensing performance, the BSs form cooperative
clusters of N nodes. Within a cluster, a serving BS acts as a
monostatic radar for a given target, while the other (N − 1)
BSs act as passive receivers, capturing reflections from the
same target in a multistatic configuration,1 as illustrated in
Fig. 1.

We adopt a low-complexity unified waveform design of a
time slot duration Tt [27]. The ISAC signal includes a sensing
pulse of width Ts, with the remaining time, Tt−Ts, allocated
for joint communication and sensing (i.e., reception of sensing
echoes) as shown in Fig. 2. The sensing pulse duration, Ts,
is the reciprocal of the unified signal bandwidth Wb, while Tt
is chosen to satisfy the maximum unambiguous range Rmax,
ensuring that the round-trip time from the farthest target does
not exceed Tt. Given a total energy budget Et per time slot,

1The BSs are interconnected via high-speed 5G fronthaul links (typically
optical fiber), enabling reliable downlink multistatic sensing operation and
fusion of sensing information [1], [2], [3].

Fig. 2. An illustration for the unified ISAC signal.

a bias factor 0 ≤ α ≤ 1 allocates α of the energy for
the sensing pulse and (1 − α) for communication. Thus, the
sensing pulse power is Ps = αEt

Ts
, and the communication

power is Pc = (1−α)Et
Tt−Ts . This waveform is well-suited for

multistatic operations. In monostatic sensing, communica-
tion data is transmitted while sensing echoes are received
over the same beam, necessitating FD operation with SIC.
Given the inherent imperfections of SIC [5], [27], we define
ζ as the fraction of power remaining after SIC. Moreover,
this work adopts frequency-division duplexing (FDD) with
orthogonal uplink/downlink bands and focuses exclusively on
downlink ISAC. Consequently, uplink communications do not
interfere with sensing reception or downlink transmission. The
BS’s FD capability is reserved solely for SI suppression on the
downlink band.

Remark 1: This signal design is a unified signal approach,
not a time-sharing scheme, enabling simultaneous S&C within
the same time and frequency. The communication rate is not
compromised due to the extremely short sensing pulse relative
to the time slot. Nevertheless, it ensures strong sensing per-
formance through a pulse structure with favorable correlation
properties and adjustable power to compensate for round-trip
path loss.

B. Beamforming Models

Consider a multi-beam, multi-frequency antenna system
where each beam transmits on a distinct frequency but can
receive across multiple frequencies. This setup is feasible
with modern beamforming techniques and wideband radio
frequency (RF) chains, as demonstrated in [28] and [29]. To
this end, each BS generates M spatial beams with evenly
spaced boresights, providing continuous 360◦ coverage, to
simultaneously serve and sense M MUs and M targets per
cell.2 Each beam operates on a unique frequency block of Wb

Hz to transmit the unified ISAC signal, effectively eliminating
intra-cell inter-beam interference. Moreover, universal fre-
quency reuse is applied, ensuring the full bandwidth of MWb

Hz is utilized across all BSs. The mapping of frequency blocks
to beams is random and independent at each BS; consequently,
beams using the same frequency block at different BSs point in
random directions as illustrated in Fig. 1, thereby randomizing
interference across the network and preventing correlated inter-
ference patterns. For multistatic operation, signals reflected

2While multiple targets can be sensed per beam if separated by the range
resolution, and multiple MUs can be served via user-grouping techniques,
this work focuses on a single user and target per beam to reduce analytical
complexity. These methods, though enhancing throughput, are left for future
work, as the core findings remain valid and extensible to more complex
scenarios.
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from targets in neighboring cells randomly arrive at any beam.
If a beam receives signals transmitted on any of the (M − 1)
frequencies other than its own transmission frequency, these
signals are useful for multistatic sensing; otherwise, they are
treated as interference.

In mmWave networks, the combination of severe path
loss, blockage, and narrow beams makes dominant interference
events occur primarily when an interferer’s transmit mainlobe
overlaps with the receiver’s mainlobe. Consequently, fine side-
lobe ripples have limited impact on spatial coverage statistics,
as demonstrated in [30]. To preserve analytical tractability, we
therefore adopt the sidelobe-free cosine model given in (1)
that explicitly captures these critical TX-RX mainlobe inter-
actions. This approach provides a precise approximation of the
mainlobe gain, and closely matches the coverage probability
behavior obtained with realistic array patterns, as validated in
[30]. To this end, each BS beam is modeled using the cosine
model given by

G(θ) =

Gmcos2
(
dθ

2

)
|θ| ≤ π

d

0 otherwise
(1)

where Gm represents the maximum gain, d determines the
spread of the beam, and θ denotes the beam angle relative to
the boresight angle. To ensure complete 360◦ coverage, the
3-dB beamwidth of each beam is given by θB = π

d = 2π
M ,

where the number of beams is M = 2d. Moreover, for simplic-
ity in the analysis, MUs are assumed to use omnidirectional
antennas.

C. Channel and Propagation Models
Sensing and communication functions occur within a time

slot Tt, during which channel and sensing parameters are
assumed to remain constant but vary across time slots. Con-
sidering the dense mmWave setup, we adopt the widely used
LoS ball model [30]. That is, we assume that the MU and the
target maintain a LoS link with the serving BS responsible for
monostatic operation. However, the multistatic link between
the target and other BSs, as well as co-channel interference
signals from other BSs, can be either LoS or non-line of sight
(NLoS). In mmWave frequencies, according to [31] and [32],
the probability that a link of distance r is LoS is given by:

pLOS(r) = e−γr, (2)

where γ is a parameter determined by the density and geom-
etry of the blockage environment.

To ensure tractability and consistency with widely accepted
studies [13], [15], [16], [19], [23], [25], sensing tasks are con-
sidered feasible only when a direct LoS link exists between the
target and the BS. This assumption arises because NLoS chan-
nels experience excessive delay and require precise knowledge
of the reflection geometry. This challenge is intensified in
mmWave channels, where significant attenuation causes mul-
tipath components to convey much less reliable information.
On the other hand, the communication link and co-channel
interference from other BSs are assumed to undergo quasi-
static Nakagami-m fading, with fading gains modeled as i.i.d.
Gamma random variables (RVs). The shape parameters mL

and mN correspond to LoS and NLoS conditions, respectively.

Remark 2: The system’s cooperative design introduces
spatial diversity, ensuring robust sensing. Even if some coop-
erative BSs have NLoS links to the target, other BSs with LoS
links ensure seamless sensing operation.

The RCS, which quantifies a target’s ability to scatter elec-
tromagnetic energy back to the radar, significantly influences
the strength of the return signal, directly impacting the sensing
SINR [33], [34]. The monostatic RCS fluctuations of the
target, σtm, is modeled using the Swerling I model [35], which
follows an exponential probability density function (PDF),
given by:

f(σtm) =
1

σavt
exp

(
−σtm
σavt

)
, σtm ≥ 0, (3)

where σavt denotes the average RCS of the target. By contrast,
modeling the bistatic RCS is more challenging, as it depends
on the target’s capacity to reflect energy from the Tx to the
Rx, with the reflection strength heavily influenced by the
bistatic angle β [34], defined as the interior angle at the target
between the TX-target and target-RX lines [34]. To account
for the impact of bistatic geometry on the target’s RCS, we
approximate the bistatic RCS, σtb, following the approach in
[36] as

σtb ≈ σtm cos

(
β

2

)
. (4)

This approximation is appropriate for small to moderate
bistatic angles when the target surface is smooth and elec-
trically large so that specular reflection dominates [34]. Our
cellular ISAC scenario mainly satisfies these conditions: At
the mmWave band, typical ground objects such as vehicle
body panels or other metallic surfaces are much larger than the
wavelength, so electrically large and mostly smooth surfaces.
Moreover, in practical cellular deployments, BSs are elevated
while targets are near ground level; this geometry keeps the
bistatic angle β away from the forward-scatter regime near
β ≈ 180◦ [34], where this approximation is inaccurate. Hence,
this simple, geometry-aware model captures the essential
β-dependence while maintaining the tractability needed for
system-level analysis.

From a sensing perspective, clutter emerges as a new form
of interference in ISAC networks, caused by reflections from
scatterers other than the targets [1], [2], [5]. We model clutter
scatterers as a homogeneous PPP Φcl with intensity λcl. The
PPP model is adopted for its analytical tractability, serving
as a well-established baseline for clutter analysis [37], [38].
The PPP captures the variability in both the number and spatial
distribution of clutter scatterers across different sensing events,
providing a foundation for deriving our spatially averaged
performance metrics.3If the radar resolution cell is defined
as the smallest distinguishable unit of space where radar can
separate two targets [33], [34], sensing is affected only by
clutter from scatterers within the same resolution cell as the
target and with comparable RCS. This clutter arrives with
nearly the same delay as the target reflection, making it

3Clustered point processes can capture environment-specific scatterer aggre-
gation beyond the PPP model. However, their added analytical complexity, as
explained in [11], may dilute the paper’s main focus. Our PPP-based clutter
model provides robust baseline insights and establishes a necessary benchmark
for future extensions.
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difficult to filter out [39]. Moreover, clutter with significantly
different RCS is excluded, as it can be mitigated using standard
signal processing techniques [40].

To this end, the monostatic RCS of clutter, σcm, is modeled
using the Weibull distribution, which is widely adopted in
radar literature for its mathematical flexibility in representing
diverse environmental conditions [41] with PDF given by:

f(σcm) =
k

σavcl

(
σcm
σavcl

)k−1
exp

(
−
(
σcm
σavcl

)k)
, σcm ≥ 0,

(5)
where k denotes the shape parameter governing the tail
behavior of the distribution, and σavcl represents the scale
parameter. The actual value of k is typically determined
empirically from measured data. For analytical tractability,
we assume k = 1, which reduces the Weibull distribution to
the exponential case where σavcl precisely equals the average
clutter RCS. Furthermore, since the RCS of relevant clutter is
comparable to that of the target, its bistatic counterpart, σcb,
can be approximated as in (4) such that σcb ≈ σcm cos

(
β
2

)
.

III. DUAL-MODE NETWORKED SENSING ANALYSIS

In this section, we carry out the dual-mode networked
sensing analysis based on a parameter estimation framework
grounded in mutual information and SINR statistics. The
mutual-information-based approach has gained widespread
adoption in ISAC systems, as it extends classical communica-
tion metrics such as coverage probability and ergodic rate to
sensing applications, thereby enabling a unified performance
evaluation framework [19], [20]. Specifically, mutual infor-
mation quantifies the amount of information that the received
signal conveys about the target parameters of interest. When
normalized by the observation time, it yields the sensing
information rate, which represents the rate at which target-
relevant information is acquired [19].

In this context, sensing coverage probability is defined as
the probability that the sensing information rate exceeds a
predefined threshold, while the sensing ergodic rate denotes
the spatial average of this rate over the network [19]. These
metrics not only offer analytical tractability but also align with
fundamental limits on parameter estimation accuracy, such as
the CRLB. In particular, the sensing ergodic rate establishes
an information-theoretic lower bound on estimation error
[42]. Hence, sensing coverage probability can be interpreted
as the fraction of targets whose sensing SINR exceeds a
threshold that can be related to a desired estimation-accuracy
level.

Mathematically, the sensing coverage probability is formu-
lated as P (SINR > φs), where φs is a predefined threshold
[19]. Here, SINR is the ratio of the received sensing signal
power to the combined interference, clutter, and noise, where
a higher SINR enhances the accuracy of target parameter
estimation [43]. Moreover, as derived in [19] and [20], the
sensing information rate is given by

Rs = E[log(1 + SINR)]. (6)

This network-level perspective fundamentally differs from
classical radar metrics: while probability of detection and
false-alarm rate address per-link detection performance for

specific waveforms and detectors, sensing coverage probability
abstracts these details to focus on the fundamental SINR dis-
tribution across the entire network. Crucially, because sensing
coverage and rate mirror their communication counterparts,
they enable direct comparison and joint design over key
system parameters, thereby facilitating the quantification of
ISAC gains and identifying design trade-offs in large-scale
deployments.

A. Types of Interference and Distance Distributions

Given the statistical equivalence across allM frequencies,
we focus on a generic frequency resource used by one beam in
every BS. Thus, all BSs in the network are potential interferers.
To this end, the different types of interference for sensing,
covering both monostatic and bistatic scenarios, are depicted
in Fig. 3 and are summarized below:

1) Direct or co-channel interference from other BSs:
represented by red signals in Fig. 3, these signals do not
experience the double path-loss affecting the intended
sensing signal. They are analyzed under both LoS and
NLoS conditions.

2) Intra-clutter interference: depicted as dashed green
signals in Fig. 3, this arises when the intended signal
reflects off scatterers within the target’s resolution cell.
It is analyzed due to its comparable RCS to the target
and a similar delay profile, making it difficult to filter
out.

3) Inter-clutter interference: represented by blue signals
in Fig. 3, this interference arises from signals originating
from other BSs, reflecting off the target or scatterers
within the same resolution cell, and reaching the serving
BS. These signals can share similar delay or doppler
characteristics with the target’s echoes, making them
difficult to filter out.

The monostatic sensing of a given target is conducted by
its nearest BS. Based on the properties of PPP, the PDF of R1

is:
f(R1) = 2πλBSR1e

−πλBSR
2
1 , R1 ≥ 0. (7)

As in [44], the conditional PDF of the distance Rn to the nth

nearest BS, given that the distance to the nearest BS is R1, is:

f(Rn | R1) =
2(λBSπ)

n−1

(n−2)!
(R2

n−R2
1)
n−2Rne

−λBSπ(R
2
n−R

2
1), 0

≤ R1 ≤ Rn (8)

Finally, owing to the structure of the PPP, the angle β between
R1 and Rn is uniformly distributed, with the PDF given by:

f(β) =
1

π
, 0 ≤ β ≤ π. (9)

B. Monostatic Sensing Analysis

To evaluate the SINR, we consider a reference BS at
the origin without loss of generality. By PPP stationarity
[45], the surrounding BS field remains a PPP, which yields
the distance distributions discussed previously. Following the
common practice in SG [45], direct interfering BSs constitute
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Fig. 3. Interference sources in monostatic operation (left) and bistatic operation (right), the bistatic baseline between the TX and RX BSs is indicated by
Ln, and β is the bistatic angle. Each interference type is shown with a single representative signal for clarity.

a PPP Φs
4 with intensity λIs = λBS

M2 , where 1
M2 is the

probability of beam alignment between an interfering BS and
the reference BS over the same frequency under analysis. This
set Φs is further thinned into two independent PPPs: LoS
BSs, ΦLs , with intensity pLOS(r)λIs , and NLoS BSs, ΦNs ,
with intensity (1− pLOS(r))λIs . Moreover, let ΦLIC denote
another PPP of BSs generating inter-clutter signals. These BSs
contribute to inter-clutter signals if their beams are directed
toward the target with LoS paths and use the same frequency
block under analysis. The intensity of this PPP is pLOS(r)λBS

M ,
where 1

M is the probability of a BS beam being directed toward
the target.

To estimate location, we consider the monostatic range
resolution cell area, defined as Arm = c θB R1

2Wb
[33], where c is

the speed of light. Arm is the area of the smallest region where
the radar cannot distinguish closely spaced targets, perceiving
them as a single target. Given the typically narrow resolution
cell [33], and since only clutter scatterers within the target’s
resolution cell are considered, it is reasonable to approximate
the range to both the target and clutter as R1 for tractability.
Using the radar range equation [33], the monostatic SINR at
the typical BS for a target at R1 is given in (10), shown at the
bottom of the page.

The numerator in (10) represents the desired echo power,
while the denominator represents intra-clutter, inter-clutter
reflected from the target, inter-clutter reflected from other scat-
terers, thermal noise, LoS and NLoS direct interference, and
residual SI, respectively. For simplicity, a constant gain Gm is

4The PPP-based interferer model can approximate other scenarios even if
BSs’ spatial deployment is not strictly PPP as illustrated in [46].

assumed within the 3-dB beamwidth, while a gain of zero is
assumed outside this range. In (10), cl denotes the location of
a clutter scatterer, i.e., a point of the PPP Φcl. Hence, the sum∑
cl∈Φcl∩Arm(·) runs over clutter scatterer locations within the

resolution cell Arm. Moreover, ηL and ηN are the LoS and
NLoS path-loss exponents, and λ is the signal wavelength.
Furthermore, KB is the Boltzmann constant, and T is the
system temperature. ILs =

∑
BSi∈ΦLs

PchL,iG
2
mCLr

−ηL
i and

INs =
∑

BSi∈ΦNs
PchN,iG

2
mCNr

−ηN
i , where hL,i and hN,i are

the channel gains of the ith LoS and NLoS interfering BS, CL
and CN are the LoS and NLoS path-loss intercepts, and ri is
the distance between BSi and the reference BS at the origin.

Remark 3: Although (10) represents the monostatic SINR,
the bistatic RCS appears in the inter-clutter interference terms.
This accounts for a bistatic interference setup, where signals
from interfering BSs reflect off the target or scatterers in
the same resolution cell and return to the serving BS. This
interference strength depends on the geometry, captured by
the bistatic RCS.

Before evaluating the monostatic sensing coverage probabil-
ity, we first derive the Laplace transform (LT) of the aggregate
interference for each interference type. We calculate the direct
interference at the reference BS (at the origin), originating
from other BSs that are simultaneously transmitting. Accord-
ingly, we define an interference protection region centered at
the reference BS. Since no direct interferer can be closer to
the serving BS than its nearest neighboring BS, we model the
protection region as a disk with radius equal to that nearest-
neighbor distance. This distance has the PDF given in (7).

SINRM =

PsG
2
mσtmλ

2

(4π)3R
2ηL
1∑

cl∈Φcl∩Arm

PsG2
mσcmλ

2

(4π)3R
2ηL
1

+
∑

BSn∈ΦLIC
n6=1

PsG2
mσtbλ

2

(4π)3R
ηL
1 R

ηL
n

+
∑

BSn∈ΦLIC
n 6=1

∑
cl∈Φcl∩Arm

PsG2
mσcbλ

2

(4π)3R
ηL
1 R

ηL
n

+KBTWb+ILs+INs+Pcζ
.

(10)
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The LT of the aggregate direct interference is given in the
following lemma.

Lemma 1: The LT of the aggregate direct interference seen
by the typical BS located at the origin is given in (11), shown
at the bottom of the page, where pLOS (r) is given by (2).

Proof: See Appendix A. �
The LT of intra-clutter interference, arising from scatterers

within the target’s resolution cell and with comparable RCS,
is presented in the following lemma.

Lemma 2: The LT of monostatic intra-clutter interference is

Ecl,σcm
[
exp

(
−
φs
∑
cl∈Φcl∩Arm σcm

σavt

)]
= exp

(
−λcl

cθBR1

2Wb
· φsσavcl

σavt + φsσavcl

)
(12)

Proof: See Appendix B. �
Inter-clutter interference originates from signals that first

illuminate the target or scatterers within same resolution cell
and then reflect to the serving BS, forming a two-hop path:
Rn (interfering BS→ target) and R1 (target→ serving BS) as
illustrated in Fig. 3. Since the target is sensed monostatically
by its nearest BS (at distance R1), inter-clutter cannot originate
from that nearest BS; the closest possible source is the second-
nearest BS. Hence, we define an interference protection region
as a disk centered at the target with radius equal to the distance
from the target to its second-nearest BS, given the nearest BS
is at R1. The PDF of this distance is given in (8) with n =
2. Accordingly, the LT of inter-clutter interference, including
reflections from both the target and other scatterers within the
same resolution cell, is presented in the following lemma.

Lemma 3: The LT of monostatic inter-clutter interference is
given in (13), shown at the bottom of the page.

Proof: See Appendix C. �
It is worth noting that direct interference and inter-clutter

interference can be considered uncorrelated because the serv-
ing BS and target are typically in different spatial directions
from the perspective of interfering BSs. Furthermore, intra-
clutter interference is independent of direct and inter-clutter
interference because the former originates from scatterers illu-
minated by the serving BS itself, and the latter originates from

transmissions of other independent BSs. Moreover, thermal
noise and residual SI are independent of the spatial terms.
Therefore, the components of the SINR denominator can
be reasonably assumed to be independent. Building on this
and the previous lemmas, the monostatic sensing coverage
probability is presented in the following theorem.

Theorem 1: The monostatic sensing coverage probability for
a target at a distance R1 with SINR threshold φs is provided in
(14), shown at the bottom of the next page, where pLOS (R1)
is from (2), the direct interference effect from (11), the intra-
clutter effect from (12), and the inter-clutter effect from (13).

Proof: See Appendix D. �

C. Bistatic Sensing Analysis

Bistatic sensing involves two BSs: the source BS at a
distance R1 from the target and the nth cooperative BS at
a distance Rn from the target. The Rx BS can process the
bistatic target return through any of its beams, except for the
beam that uses the same frequency resource for its monostatic
operation. In this case, the power of the bistatic reflection
is too weak to be processed compared to the monostatic
echo. Nevertheless, this reflection contributes to inter-clutter
interference in the monostatic scenario. To this end, the SINR
for bistatic sensing at the nth-nearest BS from the target is
given in (15), shown at the bottom of the next page.

The numerator represents the desired power received from
the target, while the denominator terms correspond to intra-
clutter, inter-clutter reflection from the target, inter-clutter
reflections from other scatterers, thermal noise, LoS direct
interference, and NLoS direct interference. Note that (15) is
free from SI. The bistatic range-limited resolution cell area is
Arb, and the indicator function 1{·} equals one if {·} is true
and zero otherwise. The condition c1 specifies that the target
is LoS with the Rx BS, and the bistatic return is received
on a different beam than the one using the same frequency,
occurring with probability M−1

M . Moreover, Rv represents the
first link distance for inter-clutter interference between an
interfering BS and the target (see Fig. 3).

The bistatic range-limited resolution cell is larger and
exhibits a more intricate structure than its monostatic coun-

Ldirect interference(s) =

∫ ∞
0

exp

(
−2πλBS

1

M2

∫ ∞
Rd

pLOS (r)

(
1−

(
1 +

sPcG
2
mCLr

−ηL

mL

)−mL)
rdr

)

× exp

(
−2πλBS

1

M2

∫ ∞
Rd

(1− pLOS (r))

(
1−

(
1 +

sPcG
2
mCNr

−ηN

mN

)−mN)
rdr

)
× 2πλBSRde

−πλBSR2
ddRd (11)

Linter-clutter(s) =

∫ ∞
R1

∫ π

0

exp

−2πλBS 1

M

∫ ∞
RIC

pLOS (r)

1− 1

1 + s cos
(
β
2

)
r−ηLσavt

 r dr


× exp

−λBS · 1

M

∫ ∞
RIC

pLOS (r)

1− exp

−λcl · cθBR1

2Wb
·

s cos
(
β
2

)
r−ηLσavcl

1 + s cos
(
β
2

)
r−ηLσavcl

 2πr dr


× 2λBSRICe

−λBSπ(R2
IC−R

2
1) dβ dRIC (13)
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terpart [34]. However, for small bistatic baseline Ln relative
to (R1 + Rn), typical of dense networks, it is approximated
as [34] and [38]:

Arb ≈
cRnθB

2Wb cos2
(
β
2

) . (16)

For β = 0, this simplifies to the monostatic case, ensuring
consistency between both setups.

Following the same approach used in the monostatic anal-
ysis, the LT of various interference sources in bistatic sensing
is detailed in the following lemmas.

Lemma 4: The LT of bistatic intra-clutter interference is:

Ecl,σcm
[
exp

(
−
φs
∑
cl∈Φcl∩Arb σcm

σavt

)]

= exp

−λcl cRnθB

2Wb cos2
(
β
2

) · φsσavcl

σavt + φsσavcl

 (17)

Proof: Similar to the proof of Lemma 2, but using the area
of bistatic range-limited resolution cell given by (16). �

Lemma 5: The LT of bistatic inter-clutter interference is
given in (18), shown at the bottom of the page.

Proof: Similar to the proof of Lemma 3, but using the area
of bistatic range-limited resolution cell given by (16). �

Building on the previous lemmas, the bistatic sensing cov-
erage probability is presented in the following theorem.

Theorem 2: The bistatic sensing coverage probability at the
nth nearest BS to the target, where n ≥ 2, given that the
target is at a distance R1 from the source BS and the SINR
threshold is φs, is expressed in (19), shown at the bottom of

the next page, where pLOS (Rn), direct interference, intra-
clutter, and inter-clutter effects are given by (2), (11), (17),
and (18), respectively.

Proof: See Appendix E. �

D. The Cooperative Networked Sensing

Building on the monostatic and bistatic sensing models,
we now analyze dual-mode cooperative sensing, where a
target is sensed by its N nearest BSs. In cooperative ISAC,
data fusion can occur at two levels [1]: signal-level fusion,
where nodes exchange raw echoes for optimal performance
at the cost of high backhaul and stringent synchronization
[10], and information-level fusion, where nodes share com-
pact parameter estimates, drastically reducing overhead and
synchronization demands [10].

This work employs a scalable, non-coherent, information-
level selection combining strategy. In this approach, no raw
data is exchanged. Each cooperating BS computes a single
local parameter estimate and an associated SINR-based quality
score, sending only a compact metadata report (a few bytes)
to a fusion center. The center then selects the estimate from
the BS with the highest SINR as the final network output.
This captures spatial diversity while minimizing computational
complexity, backhaul overhead, and synchronization demands.

Following this strategy, the networked sensing coverage
probability is the probability that the SINR at any of the
N cooperative BSs exceeds a threshold φs, mathematically

PM (R1) = Ecl,σcm
[
exp

(
−
φs
∑
cl∈Φcl∩Arm σcm

σavt

)]
︸ ︷︷ ︸

Intra-clutter effect

×LIIC1

(
φsR

ηL
1

σavt

)
×LIIC2

(
φsR

ηL
1

σavt

)
︸ ︷︷ ︸

Inter-clutter effect

× exp

(
−φs(4π)

3R2ηL
1 KBTWb

PsG2
mλ

2σavt

)
︸ ︷︷ ︸

Noise effect

× LILs

(
φs(4π)

3R2ηL
1

PsG2
mλ

2σavt

)
× LINs

(
φs(4π)

3R2ηL
1

PsG2
mλ

2σavt

)
︸ ︷︷ ︸

Direct interference effect

× exp

(
−φs(4π)

3R2ηL
1 Pcζ

PsG2
mλ

2σavt

)
︸ ︷︷ ︸

Self-interference effect

(14)

SINRBn =
1{c1}

PsG
2
mσtbλ

2

(4π)3R
ηL
1 R

ηL
n∑

cl∈Φcl∩Arb

PsG2
mσcbλ

2

(4π)3R
ηL
1 R

ηL
n

+
∑

BSv∈ΦLIC
v 6=1,v 6=n

PsG2
mσtbλ

2

(4π)3R
ηL
v R

ηL
n

+
∑

BSv∈ΦLIC
v 6=1,v 6=n

∑
cl∈Φcl∩Arb

PsG2
mσcbλ

2

(4π)3R
ηL
v R

ηL
n

+KBTWb + ILs + INs

(15)

Linter-clutter(s) =

∫ ∞
R1

∫ π

0

exp

−2πλBS 1

M

∫ ∞
RIC

pLOS (r)

1− 1

1 + s cos
(
βI
2

)
r−ηLσavt

 r dr


× exp

−λBS · 1

M

∫ ∞
RIC

pLOS (r)

1− exp

−λcl · cRnθB

2Wb cos2
(
β
2

) · s cos
(
βI
2

)
r−ηLσavcl

1 + s cos
(
βI
2

)
r−ηLσavcl

 2πr dr


× 2λBSRICe

−λBSπ(R2
IC−R

2
1) dβI dRIC (18)
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expressed as:

Pnet(R1) = 1−

[
(1− PM (R1))

N∏
n=2

(1− PBn(R1))

]
. (20)

To evaluate the average cooperative sensing coverage proba-
bility, we compute the expectation of (20) with respect to R1,
whose PDF is given in (7).

Remark 4: (20) is derived as the complement of the prob-
ability that none of the cooperative BSs’ SINRs exceed the
threshold φs. This assumes independence among the sensing
events at the N BSs, which is well-justified in our system
model by several inherent decorrelating factors: (i) the ran-
dom spatial distribution of BSs according to a PPP creates
independent distances and bistatic angles from different BSs
to the target; (ii) independent LoS/NLoS blockage states for
each link; (iii) uncorrelated interference fields due to random
frequency-beam mapping across BSs; and (iv) independent
small-scale channel fading gains and RCS fluctuations. While
these factors strongly support the independence assumption,
we provide comprehensive validation in Section V through
system-level simulations that capture all spatial correlations.

To assess the scalability of our approach, we analyze the
backhaul overhead of cooperative fusion. In our selection
combining framework, each cooperative BS transmits a fixed-
size payload of bSC bits per target, for instance, 2 bytes for the
estimate and 2 bytes for SINR score, with 16-bit quantization.
With N cooperating BSs, the total payload overhead per target
is BSC = N bSC bits, which is sufficient to produce a single
fused estimate per slot via selection combining.5This modest
overhead contrasts sharply with coherent signal-level fusion,
which, while representing a theoretical performance upper
bound, requires exchanging raw waveform data and incurs
orders-of-magnitude higher payload requirements per target
[10].

It is worth highlighting that the main strength of this
selection combining approach is its scalability as the network
grows. The payload overhead grows linearly with the number
of cooperating BSs (N ) and with the number of simultaneous
sensed targets. Hence, in dense deployments, this approach

5The calculations capture the fundamental payload overhead and are
independent of transport-layer specifics (e.g., packetization and headers).

keeps the backhaul manageable, whereas signal-level fusion
can quickly overwhelm the backhaul. This makes it well-suited
for scalable, dense mmWave ISAC deployments by minimiz-
ing fusion overhead, avoiding stringent phase synchronization,
and simplifying processing. Nevertheless, the choice of N
value must balance the performance gains against the linearly
increasing overhead, a trade-off that we examine in detail in
Section V.

E. Sensing Information Rate

Recalling the mutual information-based sensing rate intro-
duced earlier in this section and defined in (6), we derive
the corresponding networked sensing information rate in the
following theorem.

Theorem 3: The average dual-mode networked sensing
information rate obtained through cooperation among N BSs
is:

Rsavg =M

∫ ∞
0

(∫ ∞
0

1−
[
(1− PM (R1, t))

N∏
n=2

(1− PBn(R1, t))

]
dt

)
2πλBSR1e

−πλBSR2
1 dR1

(21)

where PM (R1, t) and PBn(R1, t) can be obtained by replac-
ing φs by (et− 1) in Theorem 1 and Theorem 2 respectively.

Proof: Utilizing the integral representation of the expec-
tation of a non-negative RV, the expected value of log(1 +
SINRnet(R1)) can be expressed as

∫∞
0

P(SINRnet(R1) > (et−
1)) dt. Hence, the theorem is proved by utilizing the networked
sensing coverage probability expression in (20), substituting
φs with (et − 1) in Theorems 1 and 2, and then taking the
expectation over R1. The scaling factor M is included because
each BS operates M independent beams, with each beam
simultaneously sensing a distinct target. �

IV. COMMUNICATION ANALYSIS

This section focuses on analyzing the communication per-
formance of the proposed ISAC system.

PBn(R1) =

∫ ∞
R1

∫ π

0

pLOS (Rn) (M − 1)

M
× Ecl,σcm

[
exp

(
−
φs
∑
cl∈Φcl∩Arb σcm

σavt

)]
︸ ︷︷ ︸

Intra-clutter effect

× LIIC1b

 φsR
ηL
1

σavt cos
(
β
2

)
LIIC2b

 φsR
ηL
1

σavt cos
(
β
2

)


︸ ︷︷ ︸
Inter-clutter effect

× exp

−φs(4π)3RηL1 RηLn KBTWb

PsG2
mλ

2 cos
(
β
2

)
σavt


︸ ︷︷ ︸

Noise effect

× LILs

 φs(4π)
3RηL1 RηLn

PsG2
mλ

2 cos
(
β
2

)
σavt

LINs
 φs(4π)

3RηL1 RηLn

PsG2
mλ

2 cos
(
β
2

)
σavt


︸ ︷︷ ︸

Direct interference effect

2(λBSπ)
n−1

(n− 2)!
(R2

n −R2
1)
n−2Rne

−λBSπ(R2
n−R

2
1)

· 1
π
dβ dRn. (19)
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A. SINR Formulation

We start by calculating the SINR at a typical MU, which is
assumed to be located at the origin and served by the nearest
BS. For mathematical tractability, interfering BSs are divided
into two independent PPPs:ΦLc for LOS BSs with intensity
pLOS(r)×λBS , and ΦNc for NLOS BSs with intensity (1−
pLOS(r))×λBS . Moreover, an interference protection region
is defined with a radius equal to the distance between the MU
and its serving BS, as no other BS can be closer to the MU
than the serving BS. Hence, the SINR at the typical MU is
given as follows:

SINRC =
PchL,oG(θm)CLR

−ηL
o

ILc + INc +KBTWb
, (22)

where hL,o represents the Gamma-distributed fading gain
for the intended channel, and Ro denotes the distance of
the intended link. The LOS and NLOS interference are
expressed as ILc =

∑
BSi∈ΦLc

PchL,iG(θi)CLr
−ηL
i andINc =∑

BSi∈ΦNc
PchN,iG(θi)CNr

−ηN
i , respectively. Here, θi is the

angle between the line connecting the interfering BSi and its
intended MU, and the line connecting BSi to the reference
MU located at the origin.

Remark 5: The possible reflections from targets within the
ISAC network that reach the MU do exist physically, but
they are inherently part of the received multipath and are
already captured by the fading channel gains. Hence, the
communication SINR in (22) does not require extra terms for
target reflections. However, the impact of introducing sensing
on communication in the unified ISAC signal approach appears
in key system parameters such as power, beamwidth, BS
density, and shared backhaul capacity, where the requirements
for sensing and communication may conflict (i.e., enhancing
one can compromise the other). These critical design trade-offs
are analyzed in detail in Section V.

B. The Impact of Misalignment Error

Reducing the beamwidth of BS beams improves sens-
ing and communication. Narrower beams enhance antenna
gain, boosting communication coverage and rate. For sensing,
they improve angular resolution, enable sensing of more
targets, and reduce clutter and interference by shrinking
the resolution cell area. However, excessively narrow beams
make the system prone to misalignment errors, drastically
reducing coverage and rate. Thus, it is crucial to study
misalignment effects in ISAC networks and determine an
optimal beamwidth that balances improved sensing with reli-
able communication performance. In a realistic scenario, a
misalignment error angle θm exists between the BS and the
MU, caused by various sources of uncertainty. This angle
can be modeled as a zero-mean truncated Gaussian RV
[47], withθm ∼ Nt(0, a

2,−θM , θM ),where a2 denotes the
variance and θM is the maximum error angle, satisfying
|θM | < π. To proceed with the analysis, the PDF of the
antenna gain G(θm) must be derived instead of the PDF
of θm.

Lemma 6: The PDF of the antenna gain with a truncated
Gaussian misalignment error θm ∼ Nt(0, a2,−θM , θM ) is

f (Gc) =

√
2

d2a2 exp
(
− 2
d2a2 arccos2

(√
Gc
Gm

))
erf
(

θM√
2a2

)√
πGc (Gm −Gc)

(23)

where

Gc ∈
[
Gm cos2

(
dθM
2

)
, Gm

]
for |θM | <

π

d

Gc ∈ [0, Gm] for
π

d
≤ |θM | < π

Proof: The proof follows starting from the definition of the
cumulative distribution function (CDF) of the gain, performing
a transformation of a RV based on the relationship between
θm and G(θm) given in (1), substituting the PDF of θm (a
truncated Gaussian), and then taking the derivative. �

C. Communication Coverage Probability

We begin by calculating the LT of the interference.
Lemma 7: The LTs of the aggregate LOS and NLOS

interference seen by the typical MU located at the origin are
given by

LILc (s) = exp

(
−λBS

∫ π
d

−πd

∫ ∞
Ro

pLOS (r)(
1−

(
1 +

sPcG(θi)CLr
−ηL

mL

)−mL)
r dr dθi

)
(24)

LINc (s) = exp

(
−λBS

∫ π
d

−πd

∫ ∞
Ro

(1− pLOS (r))(
1−

(
1 +

sPcG(θi)CNr
−ηN

mN

)−mN)
r dr dθi

)
(25)

where pLOS (r) is given in (2).
Proof: See Appendix F. �
Utilizing the results of Lemma 6 and Lemma 7, the coverage

probability is derived in the following theorem.
Theorem 4: The average communication coverage probabil-

ity with a predefined SINR threshold φc is given as follows:

Pcom =

∫ ∞
0

2πλBSRoe
−πλBSR2

o

mL∑
n=1

(−1)n+1
(
mL

n

)
∫

exp

(
− kL n φc R

ηL
o KBTWb

PcGcCL

)
LILc

(
kL n φc R

ηL
o

PcGcCL

)
LINc

(
kL n φc R

ηL
o

PcGcCL

)
f (Gc) dGc dRo. (26)

where kL = mL(mL!)
− 1
mL , while LILc and LINc are defined

in (24) and (25), respectively. Additionally, f(Gc) and its
integration limits are provided in Lemma 6.

Proof: See Appendix G. �
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D. Communication Rate

Similar to calculating the sensing rate, the average commu-
nication rate per cell is calculated in the following theorem.

Theorem 5: The average communication rate is given as
follows:

Rcavg =
M(Tt − Ts)

Tt

∫ ∞
0

Pcom(t) dt (27)

where Pcom(t) is given by replacing φc by (et − 1) in
Theorem 4, where the term Tt−Ts

Tt
is to account for the actual

communication duration, and the multiplication by M since a
BS is serving M users over M beams simultaneously.

Proof: Similar to the proof of Theorem 3 �

V. NUMERICAL RESULTS AND DESIGN GUIDELINES

We begin by validating our analytical framework through
Monte Carlo simulations and investigating the impact of
critical system parameters. Subsequently, we analyze the fun-
damental trade-offs between S&C functions to establish design
guidelines for practical ISAC network deployment.

A. Numerical and Simulation Results

The Monte Carlo simulation preserves exact spatial corre-
lations by jointly evaluating sensing SINRs under common
network realization, without invoking any independence
assumptions. Each round proceeds as follows. Two indepen-
dent PPPs are generated for BSs and clutter scatterers. A
typical MU is randomly placed and associated with its nearest
BS, while a typical target is randomly placed and sensed by its
N nearest BSs. The nearest BS performs monostatic sensing,
with the remaining N − 1 providing multistatic sensing. We
compute actual distances between the target and cooperative
BSs, along with corresponding bistatic angles. RCSs and
fading gains are sampled from their respective distributions.
Interference is calculated based on actual geometry: direct
interference arises from BSs aligned toward the serving BS,
and inter-clutter interference from BSs oriented toward the
target with a LoS path. Each clutter scatterer uses its actual
distance to the serving BS, not the R1 approximation. The
communication SINR is evaluated at the MU, while the
sensing SINRs are computed at the N cooperative BSs, with
the highest among them selected as the sensing SINR for this
realization. Coverage probabilities and rates are averaged over
2×105 runs. The simulation area is 25 km2, and the operating
frequency lies within the 28 GHz band.

Moreover, we set Tt = 2Rmax

c with Rmax = 3Reff

[19], where Reff =
√
1/(πλBS) is the effective Voronoi-

cell radius, and the sensing pulse duration is Ts = 1
Wb

.
Unless stated otherwise, all numerical values are taken from
Table I. It is worth highlighting that the parameter values
in Table I are selected based on established literature to
represent practical mmWave ISAC scenarios. Nevertheless, our
analytical framework provides general insights that are not tied
to specific parameter values. The fundamental trade-offs and
design guidelines remain applicable across a wide range of
realistic system configurations.

Fig. 4a depicts the effect of different interference types on
monostatic sensing (assuming perfect SIC) and bistatic sensing

TABLE I
NUMERICAL PARAMETERS

(n = 2) for a target positioned 20 m from the serving BS.
The close alignment between analytical results and simulations
confirms the validity of Theorem 1 and Theorem 2 and sup-
ports the statistical independence assumptions used to factor
the LT of the aggregate interference into separate components.
Moreover, it verifies the accuracy of using the R1 range
to approximate both the target and clutter scatterer ranges
within the target’s resolution cell. The figure demonstrates
that focusing on direct (co-channel) interference, as in com-
munication systems, while ignoring clutter-related interference
results in overly optimistic sensing coverage estimates. While
all interference types contribute comparably in monostatic
sensing, their impact on bistatic sensing varies. The larger
bistatic resolution cell introduces more scatterers, making
intra-clutter interference dominant. Meanwhile, inter-clutter
interference is lower than in the monostatic case due to inde-
pendent LoS/NLoS conditions for both inter-clutter links (i.e.,
Rn and Rv) in bistatic scenarios, unlike monostatic sensing,
where one inter-clutter link (i.e., R1) is always LoS. Overall,
monostatic sensing achieves higher coverage probability under
effective SIC due to proximity to the target, better LoS
conditions, and smaller resolution cells that reduce intra-clutter
interference.

Fig. 4b illustrates the sensing coverage probability for two
scenarios: one with a target near the cell center and the
other at a farther location, comparing monostatic sensing
with networked sensing involving 2, 3, and 4 BSs. The
agreement between the analytical results and the simulations
validates (20) for networked sensing fusion and confirms the
independence assumption discussed in Remark 4. The figure
shows that dual-mode networked sensing fusion significantly
enhances performance by leveraging spatial diversity. This
improvement stems from the fact that, while the average
coverage probability of individual bistatic links is lower than
that of monostatic sensing, some instantaneous bistatic SINRs
can exceed monostatic ones due to inherent randomness in
the network. The figure shows that monostatic sensing is
sufficient for targets near the cell center. However, as the
target becomes closer to the cell edge, the benefits of net-
worked sensing become more evident, providing significant
performance enhancement. While involving additional BSs
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Fig. 4. (a) The effect of different interference types on the monostatic and the bistatic (n = 2) operations. (b) The sensing coverage probability for different
target locations. (c) The average networked sensing coverage probability with N = 4 against the scale parameter σavcl of the Weibull clutter distribution for
shape parameters k ∈ {0.7, 1, 1.5}.

Fig. 5. (a) The average coverage probability versus beamwidth spread. (b) The average sensing and communication rates versus BS density. (c) Average
sensing coverage probability (left y-axis) and the payload backhaul overhead per target (right y-axis) versus the number of cooperating BSs.

consistently improves coverage probability, the marginal gains
diminish as n increases, rendering further cooperation less
beneficial when weighed against the practical complexity.

Fig. 4c illustrates the impact of clutter statistics on net-
worked sensing performance, plotting the simulated coverage
probability versus the Weibull scale parameter for shape
parameters k ∈ {0.7, 1, 1.5}. Two key insights emerge.
First, coverage probability decreases monotonically as clutter
strength increases across all distributions, as expected since
the mean RCS is directly proportional to the scale parameter.
Second, heavier-tailed clutter (k = 0.7) yields higher coverage
than lighter-tailed clutter (k = 1.5), with the exponential
case (k = 1) in between. This result stems from the spatial
averaging inherent in our coverage probability metric over
the PPP clutter field. For a fixed scale parameter, decreasing
k concentrates substantial probability mass near zero while
generating rare extreme values. These abundant small values
outweigh the impact of rare extreme spikes, leading to higher
coverage probability for smaller k. Moreover, the gap widens
as σavcl increases because when clutter is weak, the regime
is noise-limited and the shape has little effect; as clutter
strengthens, the regime becomes clutter-limited and more
sensitive to distributional differences. Overall, the influence of
k is modest and does not change our qualitative conclusions or
design recommendations; adopting k = 1 remains a tractable
baseline that captures the essential trends.

Fig. 5a shows the average coverage probability for sens-
ing and communication versus 3-dB beamwidth, validating
Theorem 4. For sensing, narrower beams improve coverage
probability by increasing antenna gain, reducing direct inter-
ference, minimizing clutter, and enhancing angular resolution.
In communication, narrower beams theoretically improve cov-
erage due to higher gain and reduced interference. However, in
practice, coverage peaks at an optimal beamwidth and declines
sharply beyond it, as narrower beams provide higher gain but
are more sensitive to misalignment. Hence, careful beamwidth
selection is essential to balance sensing and communication
performance in unified ISAC systems.

Fig. 5b illustrates the relationship between average sens-
ing and communication rates and BS density, validating
Theorems 3 and 5. The plot reveals an optimal BS density
for maximizing communication rates. At low densities, the
system is noise-limited, where increased density shortens link
distances, improving coverage and rates. Beyond this point,
the system becomes interference-limited, as higher density
transitions more interference links from NLoS to LoS, reduc-
ing coverage and rates. In contrast, sensing rates consistently
increase with BS density, growing rapidly at first and slowing
at higher densities. This behavior is driven by: 1) increased
probability of LoS links in multistatic sensing due to shorter
distances; 2) the intended sensing signal experiences path loss
with an exponent twice that of the direct interference signal,
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Fig. 6. (a) The effect of imperfect SIC for a target at a range = 20 m. (b) The networked-sensing performance without the monostatic sensing in case FD is
not available. (c) The effect of energy allocation between sensing and communication across the ISAC signal.

resulting in a greater marginal improvement in intended signal
strength as BS density increases; and 3) the reduction in the
resolution cell area, which minimizes the impact of clutter. The
slower growth at higher densities is due to more interference
signals transitioning to LoS, amplifying their impact, but this
effect remains outweighed by the three aforementioned factors.

Fig. 5c illustrates the interplay between cooperative gain
and backhaul overhead in networked sensing, where each BS
contributes bSC = 32 bits (2 bytes for estimate + 2 bytes for
SINR) per target. While the backhaul overhead for selection
combining grows linearly with the number of cooperating
BSs N , the sensing coverage probability exhibits diminishing
marginal gains as N increases, because additional BSs are
typically farther from the target and experience poorer channel
conditions. For example, the average coverage probability
rises only from 0.727 at N=6 to 0.736 at N=12, even as
the backhaul overhead doubles over the same range. Since
this overhead scales with the number of simultaneous sensed
targets, it is essential to cap the cooperation size N to a reason-
able limit. A practical design rule is to increase N until the
incremental coverage improvement falls below a predefined
threshold or the total overhead approaches a backhaul budget.
Hence, limiting cooperation to small clusters of (N ≈ 4− 6)
captures most of the spatial diversity gains while maintaining
manageable backhaul requirements.

Fig. 6a illustrates the impact of imperfect SIC on sensing
performance. The multistatic-only performance for N = 6
BSs is shown as a horizontal line, since multistatic returns are
unaffected by SI. A vertical dashed line marks the intersection
point between the monostatic-only and multistatic-only curves,
defining two distinct operational regions. To the left of this
threshold (the monostatic-dominant region), monostatic per-
formance exceeds multistatic-only performance. Here, efficient
SIC with low residual power enables high sensing cover-
age primarily through monostatic sensing, while multistatic
sensing provides supplementary gains via spatial diversity. To
the right of this threshold (the multistatic-dominant region),
multistatic performance surpasses monostatic performance. In
this regime, monostatic performance declines sharply due to
increasing residual SI, and the system becomes sustained
primarily by multistatic returns.

This analysis reveals a fundamental design trade-off
between SIC capability and coordination complexity. For

systems with effective SIC (small ζ), monostatic sensing
dominates and minimal coordination suffices. However, as
ζ increases beyond the critical threshold, the system transitions
to multistatic-dominant operation, requiring more cooperating
BSs to maintain performance at the cost of increased backhaul
overhead. From a system design perspective, this offers a clear
choice between two approaches: (1) investing in higher-quality
SIC (lower ζ) to preserve monostatic dominance with lighter
coordination, or (2) accepting a higher ζ and compensating by
increasing the cooperation level N , thereby trading off higher
fusion overhead for sustained sensing coverage. Moreover, the
figure shows that targeting ≈ 100-120 dB total suppression is
appropriate and aligns with experimental reports in the liter-
ature [49]. Further suppression beyond this range yields only
marginal gains for our metrics, whereas relaxing suppression
below ≈ 100 dB substantially degrades monostatic sensing
and effectively shifts the system toward reliance on multistatic
returns.

Fig. 6b examines average sensing coverage probability with-
out FD, where monostatic sensing is infeasible, relying instead
on multistatic sensing. The figure shows that increasing the
number of cooperating BSs improves performance by exploit-
ing spatial diversity, as bistatic RCS is captured from multiple
angles. The performance also improves with higher network
density, driven by the same factors discussed in Fig. 5b. For
instance, when six BSs cooperate in receiving sensing echoes
instead of a single BS Rx, the sensing coverage probability
increases by 108% at a BS density of 250 BSs/km2 and by
120% at 500 BSs/km2. This improvement is only possible
through the cellular infrastructure’s networking capabilities
and synchronized operation, enabling efficient coordination
that standalone sensing systems cannot achieve. This seamless
cooperation among BSs highlights the significant coordination
gain in ISAC networks.

Fig. 6c analyzes the impact of power allocation on average
information rates, where Et is chosen so that the average
transmit power per time slot equals 1 W, i.e., Et/Tt = 1 W.
The results demonstrate the integration gain of the proposed
ISAC system, where the total rate significantly exceeds the
individual rates of sensing and communication. This gain is
maximized by allocating more energy to the sensing pulse,
which helps mitigate SI, compensate for round-trip path loss,
and reduce direct interference. In dense networks, increasing
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power has a limited effect on communication performance, as
it amplifies both the signal and interference, whereas sensing
benefits more directly. Additionally, Fig. 6c compares the
proposed system to a time-sharing approach in which an
entire slot is dedicated to sensing, followed by a separate
slot for communications. The sensing slot still uses a pulse
structure; after transmitting the pulse, the remainder of the
slot is used solely for listening and receiving echoes, with
no data transmission. Although this eliminates SI, the overall
performance is very low, as each function is limited to half
the time.

To assess the impact of incorporating sensing functionality
on communication, the proposed system is contrasted to a
communication-only network, where all resources are allo-
cated to communication. The results show that ISAC maintains
comparable communication performance while delivering sub-
stantial sensing gains. Notably, with efficient SIC, monostatic
sensing increases total throughput by 90%, while dual-mode
sensing increases it by 106% relative to a communication-only
network, highlighting the ISAC integration gain. Moreover,
Fig. 6c plots the total ISAC rate without FD, relying on
multistatic sensing from the nearest six BSs. Remarkably,
the system still achieves a meaningful integration gain,
with total throughput increasing by 60% compared to the
communication-only network. This demonstrates the proposed
ISAC framework’s efficiency even without FD technology.
Notably, the optimal power to maximize gain in this scenario is
lower than in the FD-enabled cases, as there is no monostatic
operation or residual SI power.

B. Trade-off Analysis and Design Guidelines
Based on our analytical framework and numerical results,

we identify several fundamental trade-offs in mmWave ISAC
network design and derive the following guidelines:
• Operation Mode Selection: System designers face a

critical choice between investing in SIC hardware ver-
sus coordination complexity. When backhaul capacity is
constrained, prioritize enhancing SIC to maintain effi-
cient monostatic operation. Conversely, when hardware
constraints limit SIC performance, shift to multistatic
operation with moderate cooperation to recover sensing
performance.

• Unified ISAC Signal Design: As demonstrated in Fig.
6c, adopt unified ISAC waveform design over time-
sharing approaches, as simultaneous operation provides
substantial throughput gains even without FD capabilities.

• Cooperation Cluster Sizing: The number of cooperating
BSs should be carefully selected, as sensing coverage
exhibits diminishing gains with higher cluster sizes while
backhaul overhead grows linearly. Critically, since back-
haul capacity is shared between S&C, excessive sensing
cooperation can degrade communication performance by
consuming transport resources needed for user data.

• Density-Aware Network Planning: Select a BS density
that balances sensing and communication requirements.
As shown in Fig. 5b, increasing density beyond the
communication-optimal point to improve sensing does
not impose a major communication-rate penalty. Thus, a
moderate-to-high density can be chosen to favor sensing

performance without significantly harming communica-
tion.

• Power Allocation Strategy: To enhance total ISAC
throughput, bias power allocation toward sensing as
shown in Fig. 6c. This is effective because sensing
benefits more from increased power (mitigating round-
trip loss and SI), while communication in dense networks
gains little due to the coupled amplification of desired and
interference signals.

• Beamwidth-Aware System Design: Operate at moder-
ate beamwidths to balance ISAC performance. Avoid
ultra-narrow beams that cause communication failure
from misalignment and very wide beams that degrade
both functions, particularly sensing performance due to
reduced gain and resolution.

• Clutter-Aware System Design: Incorporate clutter mit-
igation techniques into ISAC system architecture, as
Fig. 4a demonstrates that clutter interference significantly
impacts sensing performance and cannot be neglected in
design.

VI. CONCLUSION AND FUTURE WORK

The paper studies a large-scale mmWave ISAC network
using a dual-mode sensing framework that combines mono-
static and multistatic approaches. System-level analysis shows
that overlooking sensing-specific interference sources and
clutter leads to overestimated performance, with interference
affecting monostatic and bistatic sensing differently. The ana-
lytical framework reveals intricate design trade-offs across
multiple system parameters. BS density must balance the
monotonic improvement of sensing against communication
performance, which peaks and then declines in interference-
limited regimes. Likewise, beamwidth configuration must
reconcile the conflict between sensing resolution and commu-
nication reliability. We show that power-allocation strategies
favoring sensing maximize total ISAC throughput, while
cooperative sensing clusters require careful sizing to balance
spatial-diversity gains against backhaul overhead. Moreover,
with effective SIC, the system can maintain high perfor-
mance through monostatic sensing with minimal coordination.
However, as residual SI power increases beyond a criti-
cal threshold, the system transitions to multistatic-dominant
operation, requiring additional cooperating BSs to maintain
performance at the cost of increased backhaul overhead.

It is demonstrated that communication performance remains
resilient despite the integrated sensing functionality, con-
firming ISAC’s feasibility in dense networks. Moreover,
dual-mode cooperative sensing enhances sensing performance
by leveraging spatial diversity. Specifically, in scenarios with
highly imperfect SIC or without FD capability, the system can
still maintain reliable sensing through multistatic operation.
This performance is further improved by network densifi-
cation and by adding more cooperating BSs, highlighting
the coordination gains in ISAC systems. Comparisons with
communication-only and time-sharing systems demonstrate
the superior integration gains of the proposed approach.
Notably, even in multistatic mode alone, the system achieves
a reasonable integration gain, showing that FD is not a
strict requirement for ISAC systems. These findings provide
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actionable guidance for deploying next-generation cellular
networks that simultaneously support high-rate communication
and precise environmental sensing.

A natural extension of this work is to explore unified
cooperative architectures, such as cell-free massive MIMO,
that simultaneously enhance both communication and sens-
ing through user-centric, network-wide resource allocation
and joint signal processing. Another interesting direction is
to extend the framework so that downlink communication,
uplink communication, and sensing coexist in the same band.
This would require advanced allocation of FD resources to
manage the complex interference couplings among the three
functions. Extending the environmental model by replacing
homogeneous PPP clutter with clustered point processes would
also better capture the spatial statistics of specific deployment
scenarios. Finally, leveraging machine learning for adaptive
resource allocation and interference prediction in such com-
plex environments presents a powerful tool for realizing the
full potential of ISAC networks.

APPENDIX A
PROOF OF LEMMA 1

Using the definition of LT:

LILs (s) = EΦLs ,hL,i
[exp (−sILs)]

= EΦLs ,hL,i

exp
−s ∑

BSi∈ΦLs

PchL,iG
2
mCLr

−ηL
i


= EΦLs

 ∏
BSi∈ΦLs

EhL,i
[
exp

(
−sPchL,iG2

mCLr
−ηL
i

)] .
(28)

From the Gamma distribution’s moment-generating function:

LILs (s) = EΦLs

 ∏
BSi∈ΦLs

(
1 +

sPcG
2
mCLr

−ηL
i

mL

)−mL .
(29)

Consider the closet interfering BS at a distance Rd, Using
polar coordinates and the definition of probability generating
functional (PGFL) in PPP:

LILs (s) = exp

(
−2πλBS

M2

∫ ∞
Rd

pLOS (r)(
1−

(
1 +

sPcG
2
mCLr

−ηL

mL

)−mL)
r dr

)
. (30)

For NLOS interference, the previous steps are repeated, replac-
ing pLOS (r) by (1− pLOS (r)), mL by mN , CL by CN
and ηL by ηN . By combining both formulas and taking the
expectations over Rd with PDF defined in (7), the lemma is
proved.

APPENDIX B
PROOF OF LEMMA 2

Since the intra-clutter contribution involves a random num-
ber of scatterers and random RCS within the resolution cell

Arm. Therefore, we take the expectation over both the random
clutter scatterers and their RCS, then using the PGFL of PPP:

Ecl,σcm
[
exp

(
−
φs
∑
cl∈Φcl∩Arm σcm

σavt

)]
= Ecl

[ ∏
cl∈Φcl∩Arm

Eσcm
[
exp

(
−φsσcm

σavt

)]]

= exp

(
−λcl

∫
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Eσcm
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1− exp

(
−φsσcm

σavt

)]
dArm

)
.

(31)

By substituting the monostatic range resolution cell area:

Ecl,σcm
[
exp

(
−
φs
∑
cl∈Φcl∩Arm σcm

σavt

)]
= exp

(
−λcl

cθBR1

2Wb
Eσcm

[
1− exp

(
−φsσcm

σavt

)])
. (32)

Since σcm follows a Weibull distribution given by (5) with
shape parameter k = 1 which is exponential, then the expec-
tation simplifies to:

Eσcm
[
1− exp

(
−φsσcm

σavt

)]
=

φsσavcl

σavt + φsσavcl
. (33)

Thus, by substituting (33) in (32), the lemma is proved.

APPENDIX C
PROOF OF LEMMA 3

LIIC1
(s) = EΦLIC ,σtm

[exp (−sIIC1)]
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(34)

Since σtm is an exponential PDF with mean σavt , then:

LIIC1
(s) = EΦLIC
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1

1 + s cos
(
β
2

)
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Next, we apply the PGFL of PPP:

LIIC1
(s) = exp

(
− 2πλBS ×

1

M

∫ ∞
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pLOS (r)
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)
. (36)

Similarly, LIIC2
(s) can be expressed as:

LIIC2
(s) = EΦLIC

[ ∏
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n 6=1
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[
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exp
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(37)

As in the proof of Lemma 2, we apply the PGFL for the clutter
scatterers and multiply by the area of the resolution cell:
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By using the Weibull distribution when k = 1 and compute
the expectation over σcm:
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We substitute back into (37), then apply the PGFL for the BSs:
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(s) = exp
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Since RIC and β are two RVs with PDFs given by (8) when
n = 2 and (9) respectively, then, the lemma is proved by
combining both formulas and taking the expectations.

APPENDIX D
PROOF OF THEOREM 1

By simplifying (10) and substituting σtb =

σtm cos
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)
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, and by
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the monostatic sensing coverage probability can be expressed
as:
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Using the Swerling I model, with PDF given by (3), Then:
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Finally, owing to the independence assumption of different
interference terms, the expression can be decomposed into
terms representing the LT of different interference sources.

APPENDIX E
PROOF OF THEOREM 2

Considering the target in LoS conditions with the
Rx, then by simplifying (15) and substituting σtb =

σtm cos
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, and by letting
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Again, by adopting the Swerling I model, then:
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By incorporating the probability that the target is LoS with the
RX and that the bistatic return occurs on a beam other than
the beam using the same frequency, and owing to the indepen-
dence of interference terms, the expression can be decomposed
into terms representing the LT of different interference sources.
Finally, since Rn and β are RVs with PDFs specified in (8)
and (9), the theorem is proved by taking their expectations.
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APPENDIX F
PROOF OF LEMMA 7

The proof proceeds similarly to that of Lemma 1, utilizing
the definition of LT and the moment-generating function
of the Gamma distribution, we can reach:

LILc (s) = EΦLc

 ∏
BSi∈φLc

(
1 +

sPcG(θi)CLr
−ηL
i

mL

)−mL .
(45)

Combining BSs’ location with their orientations and from the
definition of PGFL in PPP, then:

LILc (s) = exp

(
−λBS

∫ π
d

−πd

∫ ∞
Ro

pLOS (r)(
1−

(
1 +

sPcG(θi)CLr
−ηL

mL

)−mL)
r dr dθi

)
.

(46)

For NLOS interference, the same steps are followed using the
NLOS parameters.

APPENDIX G
PROOF OF THEOREM 4

Pcom(Ro) = P (SINRC > φc)

= P
(
PchL,oG(θm)CLR

−ηL
o

ILc + INc +KBTWb
> φc

)
= P

(
hL,o > φcR

ηL
o (PcG(θm)CL)

−1

×(ILc + INc +KBTWb)) . (47)

Utilizing Alzer’s inequality [50]:

Pcom(Ro) ≈
mL∑
n=1

(−1)n+1

(
mL

n

)
E
[
exp

(
− kL n φc R

ηL
o (ILc + INc +KBTWb)

PcG(θm)CL

)]
, (48)

where kL = mL(mL!)
− 1

mL . Moreover, from the definition of
LT, and since ΦLc and ΦNc are independent, then:

Pcom(Ro) =

mL∑
n=1

(−1)n+1

(
mL

n

)
exp

(
− kL n φc R

ηL
o KBTWb

PcG(θm)CL

)
LILc

(
kL n φc R

ηL
o

PcG(θm)CL

)
LINc

(
kL n φc R

ηL
o

PcG(θm)CL

)
. (49)

since G(θm) is a random parameter, let G(θm) = Gc with
PDF f (Gc) then:

Pcom(Ro) =

mL∑
n=1

(−1)n+1

(
mL

n

)
∫

exp

(
− kL n φc R

ηL
o KBTWb

PcGcCL

)
LILc

(
kL n φc R

ηL
o

PcGcCL

)
LINc

(
kL n φc R

ηL
o

PcGcCL

)
f (Gc) dGc.

(50)

Finally, to find the average coverage probability, we take the
expectation over Ro whose PDF is given by (7).
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