
 

 

 

DOTTORATO DI RICERCA IN 

INGEGNERIA ELETTRONICA, TELECOMUNICAZIONI E  

TECNOLOGIE DELL'INFORMAZIONE 

Ciclo 37 

 

 
Settore Concorsuale: 09/F2 - TELECOMUNICAZIONI 

Settore Scientifico Disciplinare: ING-INF/03 - TELECOMUNICAZIONI 

 

 

 

PERVASIVE 6G SYSTEMS: TOWARDS SUSTAINABLE JOINT SENSING AND 

COMMUNICATION SYSTEMS 

 

 

 

Presentata da: Elisabetta Matricardi 
 

 

Coordinatore Dottorato 

Davide Dardari 

Supervisore 

Enrico Paolini 

 

Co-Supervisore 

Andrea Giorgetti 

 

 

 

 

 

 

 

 

 
Esame finale anno 2025 



Alma Mater Studiorum - Università di Bologna
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Abstract

The integration of Joint Sensing and Communication (JSC) systems into

next-generation mobile networks represents a transformative paradigm, facil-

itating advanced capabilities including cooperative target detection, precise

localization, and resource-efficient sensing. This thesis explores the potential

of JSC systems within the context of 5G networks, examining monostatic,

bistatic, and multistatic configurations. By harnessing orthogonal frequency

division multiplexing (OFDM)-based communication networks, this study

addresses significant challenges and proposes innovative solutions to achieve

high-accuracy sensing across diverse operational scenarios. The research pro-

vides key insights into the design and implementation of integrated sensing

strategies, demonstrating how communication infrastructure can be repur-

posed to support robust and scalable environmental awareness.

In monostatic systems, a cooperative sensing framework was designed, in-

corporating range-angle radar maps fused across multiple base stations (BSs).

This approach achieved good localization accuracy for various heterogeneous

targets while maintaining high communication capacity, highlighting the dual

functionality of JSC networks. The bistatic configuration demonstrated the

adaptability of 5G NR waveforms for sensing applications, achieving robust

localization performance despite limitations in direction of arrival (DoA) es-

timation and blind zones. Expanding to multistatic systems, the analysis

introduced multiple-input single-output (MISO) and multiple-input multiple-

output (MIMO) setups to further enhance sensing performance. A dual-mode

operation—search and tracking—was developed to optimize spatial diversity,

detection accuracy, and tracking precision. Techniques such as dynamic role

rotation, beamforming, and selective data fusion were employed, achieving

sub-meter localization accuracy and robust performance under high clutter
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vi Abstract

and noise conditions.

The thesis emphasizes the critical role of resource management, clustering

algorithms, and reliability mapping in balancing sensing and communication

performance. By addressing blind zones, clutter, and resource constraints,

the study provides a comprehensive framework for integrating JSC capabili-

ties into mobile networks. These findings establish a solid foundation for the

development of future JSC technologies, contributing to applications such as

autonomous systems, smart cities, and environmental monitoring.
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Chapter 1

Introduction

The increasing emphasis on safety in urban environments has positioned ad-

vanced sensing technologies as a critical area of research and development.

This trend is driven by the potential of sensing to enable a diverse range of

applications, such as enhanced traffic monitoring, autonomous driving, and

environmental mapping [1, 2]. Of particular importance is the role of radio

frequency (RF) signals in enhancing these applications, providing opportu-

nities for improved performance and expanded capabilities. Furthermore,

emerging technologies such as millimeter-wave (mmWave), terahertz (THz),

and massive multiple-input multiple-output (MIMO) further enhance the fea-

sibility of high-resolution sensing within cellular infrastructures [3–5]. Orig-

inally designed for high data rates and reduced latency, these technologies

have been proved to provide high-accuracy sensing capabilities, such as pre-

cise range estimation and direction of arrival (DoA) detection [6,7]. These de-

velopments align closely with the vision of next-generation mobile networks,

which aim to integrate novel capabilities and services, enabling seamless inte-

gration of sensing and communication, paving the way for robust frameworks

that support a broad spectrum of applications [8, 9]. By leveraging shared

infrastructure, joint sensing and communication (JSC) systems promise sub-

stantial gains in spectral efficiency, energy consumption, and hardware com-

plexity, while reducing deployment costs [10, 11]. Additionally, cooperative

sensing among base stations (BSs) facilitates monostatic, bistatic, and multi-

static configurations, tailored to diverse scenarios. This has led to extensive

5
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research in cellular JSC, addressing challenges in information theory, signal

processing, waveform design, and resource management [12–14]. Although

JSC offers undeniable advantages, designing such a system is inherently chal-

lenging due to the competing nature of the two functionalities, which compete

for the same spectral resources. A diverse range of strategies exists in the

literature for integrating sensing and communication functionalities. These

strategies encompass sensing and communication coexistence, spectrum shar-

ing through temporal, spectral, and spatial multiplexing, as well as a unified

framework [15–17]:

• Coexistence with spectral overlap: Both radar and communication sys-

tems use active transmitters (Txs) within the same frequency band.

The primary challenge is to mitigate or eliminate mutual interference

while ensuring satisfactory performance for both functions. Some stud-

ies focus on optimizing radar performance, while others address radar-

induced interference mitigation in communication.

• Coexistence via cognition: Jointly optimizing transmission strategies,

often referred to as codesign, can offer significant advantages through

cognitive approaches to predict channel conditions and minimize spec-

tral overlap. Careful design and optimization of both waveforms are

necessary to ensure satisfactory performance in sensing and communi-

cation.

• Functional coexistence: Achieving functional coexistence with minimal

interference can be accomplished through various means. Information

can be seamlessly embedded within the radar signal, or communica-

tion signals can be leveraged for sensing. Additionally, passive radar

systems, which utilize signals of opportunity already present in the

environment, fall under this category. Alternatively, dual-waveform

systems designed to perform both tasks are another solution. All of

these approaches fall under the umbrella of JSC.

In this thesis, we will focus on utilizing existing communication systems

to perform sensing tasks, a paradigm often referred to as the communication-

centric approach.
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x(t)

y(t)

z(t)

Figure 1.1: Schematic of a monostatic radar system.

1.1 Fundamentals of Radar Systems

We begin by examining a radar system that employs a single antenna for

both transmitting and receiving signals. In this configuration, the system

transmits a signal x(t) into the environment. The received equivalent low-

pass (ELP) signal y(t) comprises echoes reflected from various objects, along

with added noise from the receiver (Rx), as illustrated in Figure 1.1. By

analyzing y(t), the radar extracts information about the range and relative

velocity of detected targets. The received signal, considering Q reflecting

objects, is expressed as [18]:

y(t) =

Q−1∑
q=0

αqx(t− τq)e
j2πfD,qtejφq + z(t), (1.1)

where αq is the attenuation factor, dependent on the target’s distance

and radar cross-section (RCS), σRCS,q, φq is the phase offset, and z(t) is

additive white Gaussian noise (AWGN). Generally, in a basic monostatic

radar system, the Tx and Rx are co-located, operating on the same device.

In this case, the propagation delay is defined as the round-trip delay from

the Tx to the target and back, and is calculated as τq = 2rq/c, where rq is the

distance of the qth target from the transceiver, while the Doppler frequency

shift of the moving target due to radial velocity vq is: fD,q = 2vqfc/c, where

c is the speed of light, and fc is the signal carrier frequency. In monostatic

radars, the compact design simplifies deployment and analysis. However,
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challenges arise due to self interference (SI), caused by the leakage of the

transmitted signal into the receiver chain, and limited spatial diversity, as

the co-located transmitter and receiver reduce the system’s ability to capture

diverse angular perspectives on the target. Bistatic radar systems address

these limitations by separating Tx and Rx. This separation introduces geo-

metric diversity, which can improve detection of stealth targets and mitigate

interference. The received signal in a bistatic system accounts for the dis-

tances between the Tx and target, rt,q, and between the target and Rx, rr,q,

defining the bistatic range Rbis,q = rt,q + rr,q. Consequently, the propaga-

tion delay is calculated as τq = Rbis,q/c. While bistatic systems enhance

coverage and detection capabilities, they require precise synchronization and

complex calibration. Multistatic radar systems expand on bistatic princi-

ples by incorporating multiple Txs and Rxs that form bistatic pairs. This

configuration significantly improves spatial diversity, enabling robust target

detection and tracking in cluttered environments. Multistatic systems also

provide resilience against single-point failures, making them well-suited for

applications like air traffic control. However, these benefits come with in-

creased system complexity and computational demands for data fusion and

coordination.

The choice of radar configuration depends on application requirements such

as coverage, target characteristics, and operational constraints. Monostatic

systems are advantageous for simplicity, while bistatic and multistatic se-

tups excel in addressing multipath effects and enhancing detection in diverse

scenarios. These configurations represent trade-offs between complexity and

performance, driving continued innovation in radar system design.

1.2 OFDM-based JSC systems

As discussed earlier, orthogonal frequency division multiplexing (OFDM)-

based signals, widely used in systems like Wi-Fi, 4G, and 5G new radio (NR),

are promising for JSC applications due to their inherent flexibility and ex-

tensive channel bandwidths [18–20]. In particular, 5G NR waveforms of-

fer notable advantages, such as adaptable subcarrier spacing and resource

allocation in time and frequency domains, which facilitate the seamless in-
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Figure 1.2: Illustration of the proposed JSC MIMO monostatic system with multi-
beam capability. The system features a dedicated communication beam targeting
a user equipment (UE) to ensure reliable data transmission, while a sensing beam
actively scans the environment to detect non-cooperative objects. This dual-beam
approach highlights the system’s ability to seamlessly integrate communication
and sensing functionalities.

tegration of sensing functionalities [20]. The inclusion of mmWave bands

in 5G NR expands its potential, enabling channel bandwidths up to 400

MHz, which are well-suited for high-resolution sensing [21–23]. Wide band-

widths enhance range estimation accuracy, while shorter wavelengths support

large antenna arrays, improving angular resolution and enabling DoA esti-

mation through MIMO configurations. Furthermore, multibeam systems, as

depicted in Fig. 1.2, allow simultaneous communication and sensing using

distinct beams optimized for their respective tasks [22,24].

In such systems, transmitted power is shared between communication

and sensing, controlled by a parameter ρ ∈ [0, 1] as shown in Eq. (1.2),

where wT,s and wT,c denote the sensing and communication beamforming

vectors, respectively [25,26].

wT =
√
ρwT,s +

√
1− ρwT,c (1.2)
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The integration of massive MIMO at mmWave frequencies has enabled

significant advances in JSC systems, offering high data rates and precise lo-

calization capabilities [27]. Research efforts have addressed key challenges,

including channel and target parameter estimation [28, 29], with a focus on

improving scalability and managing extended targets. These innovations are

expected to revolutionize applications like vehicular networks, where JSC can

enhance beam tracking and target prediction for reliable communication and

sensing [30,31].

JSC systems can leverage various configurations for sensing and communi-

cation, including monostatic, bistatic, and multistatic setups. These config-

urations mirror those traditionally employed in radar systems, each offering

distinct advantages depending on the application scenario. A visual repre-

sentation of these configurations is shown in Fig. 1.3.

1.2.1 Cooperative Monostatic Networks

Extensive research has shown the feasibility of using OFDM-based wave-

forms for JSC systems, especially focusing on the monostatic configuration,

i.e., with Tx and Rx co-located [9,32]. For this type of configuration, a criti-

cal aspect is SI, as it requires the full-duplex capability for which technology

is not yet at a mature stage [7, 20]. However, all these solutions introduce

extra complexity to the BS and require very accurate hardware modeling.

The sharp increase in the number of BSs opens the door to the development

of precise and reliable localization systems, especially through cooperation

of multiple monostatic sensors with the aid of a fusion center (FC). This, in

turn, paves the way for enhanced safety measures in urban settings [33]. Ad-

ditionally, the advent of massive MIMO technology at mmWave frequencies

offers the opportunity not only to achieve remarkable data transmission rates

but also to attain accurate object position estimation [27]. This noteworthy

capability is anticipated to address emerging communication challenges ef-

fectively, embracing crucial aspects such as precise beam management [34],

accurate estimation of target direction for beam tracking to maintain high-

quality links [30], and the application of predictive beam tracking using JSC

in vehicular scenarios [31]. In [28,29], a unified channel and target parameter
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Figure 1.3: On the left, an extended vehicle target model with distributed scat-
terers and a pedestrian model with a point-like reflector, where reflections depend
on the alignment of the visibility cone and the sensing beam. On the right, the
three sensing configurations for JSC systems in urban environments: monostatic,
bistatic, and multistatic. These configurations illustrate how separate beams can
be used for communication and sensing, enabling dual functionality and adapt-
ability to various deployment scenarios.

estimation method for MIMO-OFDM JSC systems is proposed, addressing a

very important problem in the field. While the solution accurately estimates

channel and point-like target parameters, it faces certain challenges as the

number of targets increases and in managing extended targets.

1.2.2 Bistatic JSC Systems

A possible solution to avoid the SI problem is to resort to a bistatic configura-

tion, where the Tx and Rx are not co-located. Bistatic radar setups are also

interesting as they can extend the sensing area with a Rx that can be simple

and mobile [35]. For this reason, bistatic JSC configuration is becoming of

interest for future beyond 5G systems. For example, OFDM-based JSC in

the bistatic arrangement has been proposed in vehicle-to-vehicle (V2V) sce-

narios, thanks to its potential ability to convey information between vehicles

while sensing the presence of objects or cars nearby [36].

1.2.3 Multistatic JSC systems

In this configuration, sensing signals can be emitted and collected by mul-

tiple nodes, and both the BS and the UE may act as Txs and Rxs. Then,
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the sensed information is collected by a FC for further processing, thereby

yielding superior sensing performance than a monostatic configuration. Mul-

tistatic sensing may be divided into two groups based on the data sequence

at the FC. In the first group, individual sensing is performed by each sens-

ing node based on its own observations, such as signal strength, time of

arrival (ToA), angle of arrival (AoA), or time difference of arrival (TDoA),

with negligible impact on the network overhead [35, 37]. However, process-

ing the acquired measurements (detection and estimation) at a single sensor

level may lead to miss-detection events, especially for weak-target scenar-

ios. In scenarios with multiple targets, this method also necessitates com-

plex multi-target data association and localization [1,38]. Furthermore, this

approach requires at least three sensors to locate a target in 2D, so miss-

detection events may occur even when a weak-target echo is picked up by

only a fraction of the sensors belonging to the network. In contrast, in the

second group, each sensor node processes the echo reflected from the tar-

get and sends such a signal (or a piece of soft information associated with

it) to the FC, which then merges it with the information gathered by other

nodes [39–41]. Here, data fusion offers a more comprehensive representation

of the environment. Signal-level fusion is preferable in terms of performance

since the approaches belonging to the first group may miss critical informa-

tion due to in-sensor pre-processing at an early stage. However, it suffers

from substantially higher processing and signaling overheads. More specif-

ically, the multistatic radar configuration, supported by advanced wireless

network architectures like Cloud-RAN, is particularly well-suited for JSC ap-

plications. It utilizes spatially distributed Txs and Rxs to enhance detection

accuracy and coverage. The spatial diversity inherent in multistatic systems

significantly improves the resolution and accuracy of target detection and pa-

rameter estimation, especially in cluttered urban environments [42]. In this

configuration, both the BS and the UE can function as Txs and Rxs. Fur-

thermore, the multistatic configuration circumvents the need for full-duplex

technology, which is commonly required in monostatic radar systems [20].
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1.3 Main Contributions

As we dive into the potential of 6G mobile radio networks and their applica-

tions, it is essential to examine the existing gaps in research. While significant

strides have been made in integrating sensing and communication capabil-

ities, certain aspects remain underexplored. In particular, the exploitation

of mobile radio networks as an enabler for distributed and cooperative sens-

ing is still under-investigated. Along these lines, the benefits of coopera-

tion, as well as its impact on network overhead, have not been thoroughly

addressed. Furthermore, the remarkable flexibility offered by mobile net-

works to allocate resources based on user needs has not been fully exploited

for sensing, hindering adjustment of the sensing/communication trade-off to

specific requirements [43–45]. The integration of cooperative sensing into

the mobile network framework stands as an unexplored frontier, promising

to enhance both the efficiency of sensing applications and the overall perfor-

mance of the network. This thesis explores the feasibility of enabling sensing

in MIMO-OFDM-based networks through the utilization of multi-sensor fu-

sion techniques and resource management in Chapter 2. Specifically, we

aim at exploiting range-angle radar maps derived from a collaborative set

of BSs to detect and estimate heterogeneous targets in a surveillance area.

The analysis then extends from a cooperative monostatic configuration to a

bistatic JSC system in Chapter 3. Sensing performance is evaluated for a

MIMO system, estimating both DoA and bistatic range for setups operating

at sub-6 GHz and mmWave frequencies. In the second part of this thesis, a

multistatic radar system is presented, with particular attention to the use of

multiple-input single-output (MISO) and MIMO configurations. These sys-

tems are analyzed in terms of their performance in complex scenarios, where

data from multiple base stations is fused to enhance detection capabilities.

More specifically, Chapter 4 focuses on the fundamental aspects of the multi-

static system, while Chapter 5 extends this analysis by examining the impact

of different operation mode on system performance and robustness. In par-

ticular, a dual-mode operation—search and tracking—is introduced. In the

search mode, range-angle maps from multiple BSs are fused for target de-

tection, leveraging dynamic role rotation for enhanced spatial diversity and
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accuracy. In the tracking mode, beam alignment optimizes power allocation

and reduces clutter, refining localization and tracking precision.

1.4 Thesis Organization and Notation

The rest of the thesis is organized as follows.

Chapter 2: a set of monostatic MIMO-OFDM BSs based on 5G NR

with multibeam capabilities is presented. In particular, at first we design the

architecture of the cooperative sensing system, detailing the system compo-

nents and the mathematical models used to describe the channel and targets.

Specific attention is given to how these models enable accurate representation

of the environment and target dynamics. Then, we introduce the data fusion

strategy and clustering algorithm used for processing the collected measure-

ments. The fusion approach is designed to enhance the accuracy of target

state estimation, while the clustering algorithm ensures robust association of

detections to individual targets. Next, we evaluate the performance of the

proposed system through extensive simulations, analyzing metrics such as

detection accuracy and estimation precision under various scenarios.

Chapter 3: we expand upon the performance analysis conducted previ-

ously, which focused on a cooperative monostatic configuration, to a bistatic

JSC system. We first present the sensing performance of a bistatic JSC

MIMO system consisting of a Tx and Rx, estimating both the DoA and

bistatic range. More specifically, we compare two setups operating at sub-

6 GHz and mmWave frequencies. Subsequently, we examine the root mean

square error (RMSE) of position estimates within the monitored area through

heatmaps, highlighting the impact of the blind zone on sensing. Finally, we

investigate the sensing coverage limits of the bistatic system by varying the

fraction of power allocated to sensing.

Chapter 4: we extend the analysis from Chapter 3 by exploring the per-

formance of a multistatic MISO system based on 5G NR signals and its sens-

ing capabilities. We investigate the impact of the fraction of power allocated

to sensing and its effect on optimizing the sensing/communication trade-off.

We also propose two data fusion approaches for position estimation, com-

paring a least square (LS) algorithm with a soft map generation technique.
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Additionally, we analyze the RMSE of position estimates, emphasizing the

advantages of a multistatic network over a bistatic configuration, particularly

in addressing the issue of ”blind zones”.

Chapter 5: we further analyze a multistatic system based on OFDM sig-

nals, designed to operate in two distinct modes: search and tracking. In the

search mode, thanks to the availability of multiple antennas at the Rx, the

system scans the environment to detect new targets and provides a prelimi-

nary estimate of their positions, leveraging cooperation among BSs by fusing

range-angle maps from each Rx in the multistatic network. Furthermore,

we introduce selective data fusion to ensure that only reliable portions of

the range-angle maps from each bistatic pair contribute to the cooperation

process, leading to significant performance gains. The search capability is

further improved through dynamic role rotation, allowing each BS to act as

a Tx in succession, enabling multi-view perception of targets and enhancing

spatial diversity, detection accuracy, and localization performance. In the

tracking mode, we use the coarse target position estimates from the search

phase to align the sensing beams of the transmitting BSs towards the de-

tected targets. This alignment optimizes the transmit power and spatially

filters clutter, further refining the tracking process. The performance of the

proposed system is evaluated in both search and tracking modes, using the

generalized optimal subpattern assignment (GOSPA) metric to assess the

accuracy of position estimates in the presence of multiple targets.

The following notation is adopted: capital and lowercase boldface letters

denote matrices and vectors, respectively; In is the n × n identity matrix;

∥ · ∥p stands for the p-norm; ⌊·⌉ represents the round operator, while ⌊·⌋
and ⌈·⌉ are the flooring and ceiling functions, respectively; δ(·) is the Dirac

delta function; (·)c stands for the conjugate, (·)† is the Hermitian transpose,

and (·)T represents the transpose operation. The notation A\B denotes the

set A with the elements of B removed. E{·} denotes statistical expectation.

A zero-mean circularly symmetric complex Gaussian random vector with

covariance Σ is denoted by x ∼ CN(0,Σ), and x ∼ N(µ,Σ) denotes the

real-valued Gaussian random vector with mean µ and covariance Σ. [X]a,b

represents the element at row a and column b of the matrix X. The operator

| · | denotes either the absolute value function or the cardinality of a set,
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depending on the context. Finally, ⊙ represents the element-wise product

between two matrices.



Chapter 2

Monostatic Joint Sensing and

Communication with OFDM

This chapter focuses on the description of the monostatic MIMO-OFDM JSC

system based on 5G NR with multibeam capabilities for cooperative sens-

ing. In particular, first, in Section 2.1, we present the architecture of the

cooperative sensing system, detailing the system components and the math-

ematical models used to describe the channel and targets. Specific attention

is given to how these models enable accurate representation of the environ-

ment and target dynamics. Then, in Section 2.2, we introduce the data

fusion strategy and clustering algorithm used for processing the collected

measurements. The fusion approach is designed to enhance the accuracy of

target state estimation, while the clustering algorithm ensures robust asso-

ciation of detections to individual targets. Next, in Section 2.3, we evaluate

the performance of the proposed system through extensive simulations, an-

alyzing metrics such as detection accuracy, false alarm rate, and estimation

precision under various scenarios. Finally, in Section 2.4, we summarize the

key findings of this work and provide concluding remarks, outlining potential

directions for future research.

17
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Figure 2.1: An urban scenario with six monostatic JSC BSs aiming at monitoring
pedestrians (point-like targets) and vehicles (extended targets) in a surveilled area.
BSs communicate with the associated UEs while simultaneously sensing the sur-
rounding environment via dedicated JSC beams. The FC collects measurements
from the BSs via the backhaul network, fuses them to create likelihood maps, and
performs detection and multiple target tracking.

2.1 System Model

We consider a JSC network, illustrated in Fig. 2.1, which consists of multiple

BSs operating at mmWave frequencies with monostatic sensing capability.

Each BS transmits an OFDM waveform via multiple beams. In particular,

while performing environment sensing through a dedicated beam and down-

link signals, each BS simultaneously communicates with its UEs present in

the scenario.1 Through the backhaul network, the BSs cooperate with a FC

to accomplish targets’ detection and estimation via data fusion. To miti-

gate inter-cell interference, frequency-division (FD) and time-division (TD)

are exploited among the BSs such that sensing beams do not interfere; this

operation is usually performed also for communication.

1We consider the targets to be completely passive (i.e., they do not interact with the BS)
and thus distinct from the UEs, though the framework can also accommodate scenarios
where UEs are the targets to be localized.
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Figure 2.2: a) Graphical representation of the resource partition between commu-
nication and sensing at the BS. The red block represents the fraction of resources
reserved for sensing, and the other blocks represent the remaining resources avail-
able for communication. b) Example of sensing and communication resource al-
location in the time-frequency domain, with ρp = 0.5, ρf = 0.4, and ρt = 1. c)
Another example with ρp = 0.5, ρf = 0.6, and ρt = 1/3.

To sense the surrounding environment, each BS uses a fraction of the

available resources in the downlink. More precisely, the BS transmits multiple

frames each consisting of Ms OFDM symbols with

ρf = Ks/K (2.1)

the fraction of subcarriers for JSC among the total K active subcarriers

available. The OFDM symbol duration Ts and the subcarrier spacing ∆f

are kept fixed. Multiple scans (measurements) of the surveillance area are

performed to keep informed on the trajectory of the targets, with the time

between two consecutive scans, Tmeas, that can be varied to accommodate

the communication/sensing trade-off. Hence, we indicate with

ρt = Tscan/Tmeas (2.2)

the fraction of time reserved for JSC. Consequently, the transmitted signal

in JSC slots can be represented by a matrix X ∈ CKs×Ms , where the elements

xk,m correspond to complex modulation symbols with E{|xk,m|2} = 1 [46].

Without loss of generality, each BS is equipped with two uniform linear

arrays (ULAs) with half wavelength spacing, one with NT antennas for trans-

mission and the other with NR antennas for reception (see Fig. 2.3). At the

Tx, the beamforming vector at subcarrier k, wT[k] ∈ CNT×1, is applied to
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Figure 2.3: The MIMO-OFDM monostatic BS with multi-beam capability and a
typical target vehicle. The vehicle is represented as an extended target made of
distributed scatterers with specific visibility functions represented on the right.

data symbols at each antenna, resulting in x[k,m] = wT[k]xk,m [47].2 Hence,

the communication beam (directed towards the UE) and the sensing beam

(steered to scan the area) [46,48,49] can be obtained by

wT[k] =
√
ρpws[k] +

√
1− ρpwc[k] (2.3)

where ρp ∈ [0, 1] represents the fraction of power reserved for sensing in

JSC slots, thus determining the fraction of power apportioned to communi-

cation, i.e., 1−ρp, while ws[k] and wc[k] are the sensing and communication

beamforming vectors, respectively. For ease of exposition, we consider the

allocation of contiguous subcarriers to each UEs, akin to resource blocks

in [50], and similarly, the JSC slots also use adjacent subcarriers. Hence, al-

though ρp may vary between subcarriers, we consider ρp = 0 for subcarriers

dedicated to communication and consider the same ρp for those subcarri-

ers belonging to the JSC slots. Nonetheless, solutions with non-contiguous

resource allocation are also possible [51].

By considering a beam steering approach and performing a normalization

to control the maximum effective isotropic radiated power (EIRP) PTG
a
T, the

2Without loss of generality, this thesis considers a single data stream at each OFDM
time-frequency slot, used to serve one UE and perform sensing. This approach enables the
same communication signal to be used for sensing while effectively mitigating potential in-
terference between the two services. Multiple UEs are served simultaneously by allocating
different resource blocks to each UE.
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latter are3

ws[k] =

√
PTGa

T

NT

ac
T

(
θs,k
)
, wc[k] =

√
PTGa

T

NT

ac
T

(
θc,k
)

(2.4)

where PT is the transmit power, Ga
T is the transmit array gain along the

beam steering direction, and aT(θs,k) ∈ CNT×1 and aT(θc,k) ∈ CNT×1 are

the steering vectors for sensing and communication directions, θs,k and θc,k,

respectively [46]. Note that this model accommodates multiple UEs and

sensing beams using different beams on the subcarriers or groups thereof.

Fig. 2.2 provides a graphical representation of the resource allocation for

communication and JSC sensing and an example of the evolution of these

resources over time. It is noteworthy that within the time-frequency slots

designated for JSC, two scenarios can unfold: a) the slot is solely dedicated

to sensing (ρp = 1); b) the slot accommodates one concurrent UE (i.e.,

one downlink communication beam), sharing resources with the sensing task

according to (2.3).

At the sensing Rx, the symbols after OFDM demodulation are repre-

sented by4

y[k,m] = H[k,m]x[k,m] + n[k,m] (2.5)

where H[k,m] ∈ CNR×NT is the channel matrix for the mth symbol and

the kth subcarrier, and n[k,m] ∼ CN(0, σ2
NINR

) is the noise vector at the

receiving antennas. In the considered sensing direction, defined by the angle

θs,k, spatial combining is performed using the receiving beamforming vector

wR[k] = ac
R(θs,k). This process results in the formation of a grid of received

symbols denoted as Y ∈ CKs×Ms , where each element yk,m is obtained by

3The normalization applied here is aimed at regulating the maximum EIRP, a critical
parameter that must adhere to spectrum regulations. However, when δθ = |θs,k − θc,k| ≤
BW/2, i.e., when the sensing and communication beams are fully or partially aligned
within the beamwidth BW ≈ 2/NT, an additional term of up to 3 dB may appear in the
EIRP, depending on the values of ρp and δθ. If needed, a scaling factor can be applied in
such cases to ensure compliance with the EIRP constraint.

4Note that the monostatic radar configuration requires full-duplex architecture with
analog/digital SI cancellation techniques (see, e.g., [20, 52]). However, modeling the SI
resulting after cancellation and analyzing its effect on sensing performance at the sensing
Rx is beyond the scope of this work. Therefore, following the approach discussed in [46],
this work assumes good SI suppression, making it negligible with respect to Gaussian
noise.
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taking the inner product between the receiving beamforming vector wR[k]

and the vector of the symbols received at each antenna y[k,m], i.e., yk,m =

wT
R[k]y[k,m]. The collected symbols are subsequently used to generate range-

angle maps as illustrated in Section 2.1.3.

The considered OFDM system operates over a wireless channel with a

carrier frequency fc and a maximum bandwidth B = K∆f , such that a

narrowband assumption, i.e., fc ≫ B, holds [53]. Under this hypothesis,

the spatial steering vectors aT(θ) and aR(θ) for a ULA with half-wavelength

inter-element spacing at a given AoA/angle of departure (AoD) θ is given

by [54, Chapter 9], [47, Chapter 5]

aT,R(θ) =
[
1, eıπ sin(θ), . . . , eıπ(Na−1) sin(θ)

]T
where Na is the number of array antenna elements.

2.1.1 Multipath Channel Model

Let us begin by considering an anisotropic point-like scatterer labeled as

l. This scatterer can either be a point-like target or a reflection point of a

more complex object, referred to as an extended target. The channel model

experienced during sensing is illustrated in Fig. 2.3. The signal emitted by

the jth antenna propagates through the forward channel, from the BS to the

scatterer, and is then reflected by the scatterer, propagating back to the ith

antenna at the BS via the backscatter channel.

In the presence of the sole direct path in both forward and backscat-

ter channels, the linear time-variant MIMO channel5 is represented in the

frequency domain by the channel matrix H[k,m] in (2.5), which takes the

form [46,55,56]

Hl[k,m] = νl(ψl)αle
ıϕleı2πmTsfD,le−ı2πk∆fτlaR(θl)a

T
T(θl)

where the function νl(ψl), dubbed visibility function, captures the scatterer

anisotropy (i.e., it accounts for angular-dependent reflection properties) and

ψl is the AoA at the target side for the BS-scatterer link; αl ∈ R is the gain

5The time-variant nature accounts for the Doppler effect due to target motion.
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which accounts for the path-loss (described by the radar equation as this

is the sensing channel) and the RCS of the scatterer, and ϕl is a uniformly

distributed phase; τl, fD,l, and θl are the round-trip delay, Doppler shift, and

AoA/AoD of the ith (direct) Tx-scatterer-Rx path, respectively. Details will

be provided in Section 2.1.2.

In the presence of multipath propagation represented by Lp paths between

the BS and the scatterer, it can be shown that, due to linearity, the channel

matrix in (2.5) becomes6

Hl[k,m] =

Lp−1∑
p=0

Lp−1∑
q=0

νl(ψ
p
l )νl(ψ

q
l )ξ

p
l ξ

q
l e

ı(ϕp
l +ϕq

l ) (2.6)

× eı2πmTs(f
p
D,l+fq

D,l)e−ı2πk∆f(τpl +τql )aR(θ
p
l )a

T
T(θ

q
l )

where ξrl , ϕ
r
l , f

r
D,l, τ

r
l , and θ

r
l are the amplitude, phase, Doppler shift, delay,

and AoA/AoD of the rth path (at the BS), respectively, while ψr
l are the

angles at the scatterer side. The channel matrix (2.6) can be conveniently

reformulated by separating the BS-scatterer-BS path (the one with p = q =

0), with (ξ0l )
2 = αl, from the diffuse component resulting into

Hl[k,m] = νl(ψl)αl e
ıϕleı2πmTsfD,le−ı2πk∆fτlaR(θl)a

T
T(θl)︸ ︷︷ ︸

direct path

+
∑∑

(p,q)∈I\(0,0)

νl(ψ
p
l )νl(ψ

q
l )ξ

p
l ξ

q
l e

ı(ϕp
l +ϕq

l ) (2.7)

×eı2πmTs(f
p
D,l+fq

D,l)e−ı2πk∆f(τpl +τql )aR(θ
p
l )a

T
T(θ

q
l )︸ ︷︷ ︸

diffuse component

where I = {0, . . . , Lp − 1} × {0, . . . , Lp − 1} is the set containing all path

indexes.

Note that the diffuse component in (2.7) vanishes in the absence of mul-

tipath. Typically, the diffuse part remains unknown to the sensing Rx; thus,

it can act as a disturbance, causing target smearing in the range-angle maps,

6An interesting interpretation provided in [57, 58] is that the overall channel impulse
response (CIR) can be represented as the convolution between two CIRs: one from the
so-called forward channel and the other from the backscatter channel. These CIRs are
scaled by a factor that accounts for the path-loss and RCS of the target.
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Figure 2.4: Signal model for multipath in the monostatic JSC system.

as it will be shown in Section 2.3. Due to multiple paths, even a single scat-

terer is sensed as a superposition of various components with distinct delays,

Doppler shifts, and AoAs, spreading the target across all three domains.

In the presence of Ls point-like targets or a single extended target modeled

as a collection of Ls scatterers, the channel matrix becomes

H[k,m] =
Ls∑
l=1

Hl[k,m] (2.8)

which contains Ls direct paths plus Ls(L
2
p − 1) diffuse paths.

By substituting (2.8) into (2.5), the vector of received symbols at each

antenna can be rewritten as

y[k,m] =

(
Ls∑
l=1

Hl[k,m]

)
x[k,m] + n[k,m] (2.9)

where Hl[k,m] is defined as in (2.7).

2.1.2 Target Model

In this work, we consider a scenario featuring cars represented by the ex-

tended target model depicted in Fig. 2.5 and pedestrians as point-like targets.

The channel matrix outlined in (2.7) and (2.8) accounts for the reflections

caused by each scatterer, resulting in the generation of one or more backscat-

tered signals. For each scatterer, the gain αl includes the attenuation along

the BS-scatterer-BS path, which can be related to the radar equation, and
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Figure 2.5: Extended target model adopted to represent the vehicle reflections
and point-like model to represent pedestrian reflections. Different colors represent
various types of reflections.

results in [54]

αl =

√
GRc2σl

(4π)3f 2
c d

4
l

(2.10)

where GR is the gain of the single antenna element at the Rx, c represents

the speed of light, σl is the lth reflection point RCS, and dl is the distance

between the lth reflection point and the considered BS. The scatterers adhere

to the Swerling I model, i.e., with probability density function (p.d.f.) given

by [59]

f(σl) =
1

σ̄l
exp

(
−σl
σ̄l

)
σl ≥ 0 (2.11)

which is constant during the collection of a block of Ms symbols, and inde-

pendent from block to block, with σ̄l = E{σl}.
The pedestrian is modeled as a point-like target with σ̄l = 0dBms. The

car is an extended target consisting of Ls = 12 reflection points, including

4 reflections attributed to the front, back, and sides, each with a large RCS

(σ̄l = 20 dBms). Additionally, there are 4 reflections associated with the

wheelhouses (σ̄l = 0dBms) and 4 reflections originating from the corners

(σ̄l = 5dBms) [60,61]. Each scatterer is anisotropic, and its angle-dependent

reflectivity is modeled through the visibility function νl(ψl), which charac-

terizes the angular range where the scatterer exhibits an appreciable RCS; in

contrast, the RCS is negligible outside that angular range. Recalling that ψl
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is the AoA at the target side for the BS-scatter link, for the car, νl(ψl) = 1

for ψl ∈ [Ψmin,l,Ψmax,l] and 0 elsewhere, with Ψmin,l and Ψmax,l defined for the

specific scatterer type (e.g., corner, wheelhouse, etc.) [60, 61]. The visibility

functions adopted in this work are shown in Fig. 2.3. Note that the number

of back-scattered signals varies over time because the number of reflections

generated by the extended target depends on its position and orientation for

the considered BS, according to the visibility function. Each scatterer, when

visible, is associated with the RCS model in (2.11). Channels experienced

by different scatterers are considered statistically independent; such an as-

sumption is plausible because the scattering points of the extended target

are spaced apart by several wavelengths at mmWave.

2.1.3 Range-Angle Map at the Base Station

To detect objects within the environment, each BS uses a combination of two

beams specified by wT[k] in (2.3). The communication beam is aimed at a

particular UE, while the sensing beam is periodically steered within the range

[−Θ,Θ] with a fixed angular increment ∆Θ. A group ofMs OFDM symbols is

transmitted to produce a range-angle map for every sensing direction. The

duration of a full scan, referred to as Tscan, is determined by the number

of sensing orientations chosen and the duration of each OFDM symbol, Ts.

After collecting all symbols in a given scan direction in the matrix Y, the

first stage is to perform reciprocal filtering, which consists of an element-wise

division between the received and the transmitted grids, i.e., Y and X, to

remove the dependence on the transmitted symbols and obtain a new matrix

G whose elements are [18,46,62]

gk,m =
yk,m
xk,m

= wT
R[k]H[k,m]wT[k] +

wT
R[k]n[k,m]

xk,m
. (2.12)

Then, a double-periodogram is computed on the rows and columns of G to

obtain a range-Doppler map, following the approach outlined in [18,20,46]

P(q, p) =
1

KsMs

∣∣∣∣∣
Kp−1∑
k=0

(Mp−1∑
m=0

gk,me
−j2π mp

Mp

)
e
j2π kq

Kp

∣∣∣∣∣
2

(2.13)
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Given the relatively narrow beamwidth, we assume that only one scatterer

will likely be present in each sensing direction. Therefore, the range-angle

map is calculated by selecting the column of the periodogram P(q, p) with

the maximum value, thereby associating it uniquely with the corresponding

sensing direction.7

As further illustrated in Section 2.3, the aforementioned approach, based

on beam scanning at each BS, can handle dynamic scenarios, such as the one

considered in this work, where the number of targets within the monitored

area varies over time.

2.1.4 Network Capacity and Communication Overhead

The dual functional capability of the BS is ensured by considering frequency-

division outlined in (2.1), time-division given in (2.2), and power-division

reported in (2.3). According to (2.3), at the single-antenna UE the received

OFDM symbol at the subcarrier k and time m is

rk,m = αch
T
c [k,m]wT[k]xk,m + νk,m (2.14)

where

αc =

√
GRc2

(4π)2f 2
c d

β
c

(2.15)

with dc the BS-UE distance and β the path-loss exponent. Moreover, hc[k,m]

∈ CNT×1 is the channel vector for the mth symbol and the kth subcarrier,

and νk,m ∼ CN(0, σ2
c ) is the receiver noise at the UE. Without loss of gen-

erality, we consider the elements of hc[k,m] as independent, identically dis-

tributed (i.i.d.) Gaussian random variables (r.v.s) such that each element

is Rice distributed in amplitude with Rice factor Krice, E{|hc,j|2} = 1 for

j = 1, . . . , NT; we consider a block-fading channel so we drop the index m.

Note that equation (2.14) accounts for both communication in the pres-

ence of sensing (red blocks in Fig. 2.2) but can model the received signal also

in slots where sensing is not activated, i.e., ρp = 0 (blue blocks in Fig. 2.2).

However, in the former case, symbols xk,m belong to a quadrature phase shift

7This is a low-complexity solution that can be readily replaced with alternative ap-
proaches such as 2D-MUSIC [63].
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keying (QPSK) constellation, while in the latter case, xk,m can belong to any

constellation. Indeed, the use of QPSK in JSC slots ensures high sensing

performance because of its constant modulus [64,65].

Therefore, at the UE, the signal-to-noise ratio (SNR) per subcarrier con-

ditioned on a given channel realization is

SNRk(ρp) =
α2
c

σ2
c

∣∣hT
c [k]wT[k]

∣∣2 (2.16)

where we have emphasized its dependence on the sensing power allocation

parameter (2.3).

The assignment of resources to sensing inevitably influences communica-

tion performance. To assess this impact, we consider the ergodic capacity,

defined as the average downlink sum rate of each BS, calculated as8

CDL (ρf , ρt, ρp) = ρt ∆f

⌊ρfK⌉∑
k=1

E
{
CJSC

(
SNRk(ρp)

)}
+ ρt ∆f

K∑
k=⌊ρfK+1⌉

E
{
log2

(
1 + SNRk(0)

)}
+ (1− ρt)∆f

K∑
k=1

E
{
log2

(
1 + SNRk(0)

)}
(2.17)

where the expectation is taken with respect to the channel statistics [66],

and CJSC (γ) is the capacity of the JSC slots. Indeed, while slots allocated

for communication may use any constellation and the sum rate for them is

calculated via the usual Shannon capacity, the JSC slots utilize QPSK.9

8To streamline the scenario, we consider that each BS can use all the available resources.
9For QPSK signaling, a tight approximation of the capacity can be found in [67]:

CJSC(γ) = 2(1− a1e
−b1γ − a2e

−b2γ)

where γ is the SNR, a1 = 0.143281, a2 = 0.856719, b1 = 1.557531, and b2 = 0.57239.
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Algorithm 1 Construction of the Range-Angle Map

1: Initialize empty matrix M

2: for each beamforming direction j do

3: Illuminate the scene with direction θs,k,j
4: Compute P(q, p)

5: Find the column p̂ corresponding to the peak value in P(q, p)

6: Extract the vector P(:, p̂) (entire column at p̂)

7: Append P(:, p̂) as a new column in M

8: end for

9: Linearly interpolate M onto a uniform grid Ls,t

10: Output: Interpolated Range-Angle Map Ls,t

2.2 Multi-Sensor Data Fusion and Estimation

2.2.1 Maps Fusion from Multiple Cooperating BS

The strategy implemented to process the range-angle maps obtained by the

network of JSC BSs is depicted in Fig. 2.6 and described in Algorithm 1.

At time t, each BS s performs a uniform resampling procedure with grid

resolution ∆x and ∆y to ensure consistent map fusion, where each element

of the new grid is described by indices (ix, iy). Target detection is performed

on the range-angle maps using a binary hypothesis test with a threshold γs,

which is applied to differentiate between noise and potential targets. The

test can be expressed as:

Ls,t(ix, iy)
H1

≷
H0

γs, (2.18)

where H0 and H1 correspond to the hypotheses of noise-only and target

presence, respectively. The threshold γs is selected to achieve a specific point-

level false alarm probability PFA,point, which is linked to the overall false-alarm

rate (FAR) in the search area of size |Ls,t| by the relationship PFA,point =

FAR/|Ls,t|.
Under the assumption of noise-only conditions, the values of Ls,t follow

an exponential distribution with a mean proportional to the noise power, σ2
N.

This enables us to determine the threshold γs as:
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γs = −σ2
N lnPFA,point. (2.19)

This filtering process is applied independently to range-angle maps at

each BS, ensuring that only the most significant points with sufficiently high

SNR are retained and exchanged with the FC, thereby reducing network

overhead. Although the maps are subjected to the same detection threshold-

ing rule, the resulting contributions to fusion are inherently weighted by the

local noise conditions: BSs experiencing high interference or low SNR retain

fewer significant detections and hence contribute less to the fusion process.

Conversely, BSs operating under favorable conditions preserve more map in-

formation and thus play a larger role in the cooperative fusion. Moreover,

collaboration across multiple BSs enhances the detection reliability, as tar-

gets missed by one BS may still be identified by others. This cooperative

approach strengthens overall system performance by leveraging the diversity

of the distributed sensing network.

At the FC, the resampled and filtered range-angle maps Ls,t are processed

to suppress the effects of multipath and enhance the reliability of detections.

This is achieved through a double-weighting approach.

Initially, the coverage of each point in the resampled map is evaluated

by counting the number of sensors that detect the same point, resulting in

a coverage matrix At of the same dimensions as Ls,t. A weighting factor is

then computed based on this coverage. Specifically, the weight assigned to a

point covered by ns = 1, . . . , Ns sensors is given by

w = min
(
1, wmax · n4

s

)
, (2.20)

where wmax =
1
N4

s
is the minimum weight for a point covered by only one

BS, and Ns denotes the total number of BS. This weighting scheme ensures

that points covered by only one sensor, which are more likely to result from

noise or multipath effects, are assigned a lower weight, thereby mitigating

their impact on the overall performance.

After computing the weights, a new weighted map is generated at each

sensor. The weighted maps from all sensors are then combined using element-
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wise summation to form the soft map

Lt =
1

Ns

Ns∑
s=1

Ls,t, (2.21)

where t is the time index. This process results in a fused map that lever-

ages multi-sensor coverage to enhance target detection and suppress channel-

specific multipath artifacts.

In [48], an alternative solution is proposed in which the target state (po-

sition coordinates and velocity components) is estimated at each BS and

then refined at the FC through data fusion. However, this approach is less

accurate than the one presented in this work due to the information loss

associated with estimates based on local decisions.

2.2.2 Target Clustering

Clustering is employed to detect targets from the fused map. As an initial

step, an excision filter is applied to the matrix Lt to filter out those elements

of the map that are likely due to noise or clutter. Given the lack of prior

knowledge regarding noise, clutter, number of targets, and their features,

we adopt a scenario-dependent threshold. Specifically, we determine the

threshold γd based on a fixed percentile of the map values. This approach

ensures that only the top fraction of the map—corresponding to the most

prominent elements—is considered for target estimation. The threshold γd

is thus defined as:

γd = Percentiled (vec (Lt)) , (2.22)

where Percentiled(·) represents the d-th percentile operation, and vec(Lt)

denotes the vectorized form of the matrix Lt. This criterion ensures that

only the top 1 − d of the map values are used in the subsequent target

estimation process.

Subsequently, a density-based spatial clustering of applications with noise

(DBSCAN) algorithm is employed to perform clustering. This algorithm

specifies a maximum distance ξd for points to be considered part of the same

cluster, as well as a minimum number of points, denoted as Nd, required to
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Figure 2.6: Soft map fusion strategy. The maps shown are obtained from the simu-
lations reported in the numerical results considering the vehicle scenario described
in Section 2.3.

form a cluster (as described in [68]). Lastly, each cluster centroid is stored

in the matrix Zt, representing the target detections extracted from the soft

maps.

2.3 Numerical Results

In this section, we present numerical results to explore the interplay between

communication and sensing. We investigate the impact of the amount of

power dedicated to sensing ρp, the fraction of subcarriers ρf and the fraction

of time ρt.

2.3.1 Performance Metrics

The dual-function system is investigated under two perspectives: communi-

cation and sensing performance: The communication performance is evalu-

ated through the sum rate in (2.17), which measures the downlink network

capacity of each BS given a particular set of resources reserved for commu-

nication. The cost of sensing is estimated in terms of sum rate reduction

Since a complex scenario with multiple point-like and extended targets and

multipath propagation is considered, the GOSPA metric is used to evaluate

the sensing performance of the network, also in terms of cooperation gain.

This metric is widely used to evaluate the performance in multi-target (or

multi-scatterer) scenarios, as it allows to combine localization and detection
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Figure 2.7: Targets behavior in the considered scenario. Orange dashed square
represents the surveillance area, while light blue lines represent lanes.

performance into a single metric, taking into account false alarms and missed

detections [69]. The p-order GOSPA metric is defined as [70,71]

GOSPA=

[
1

Nc

( ∑
(i,j)∈ζ∗

g

∥zt,i − ẑt,j∥pp +
ξpg
2
(|Zt|+ |Ẑt| − 2|ζ∗

g|)
)]1

p

(2.23)

where Ẑt represents the first two rows of Ẑt which is a matrix containing the

estimated state vectors of all the detected targets at time t; hence Ẑt retains

only the estimated target positions. Moreover, the parameter ξg represents

the GOSPA gate: estimated positions that are farther than ξg from the

actual target positions are considered as false alarms and, dually, real target

positions that are not associated with any estimates (because not inside the

gate) will be counted as missed detections. The vector ζ∗
g represents the best

assignment between the estimated set of objects Ẑt and the true ones Zt,

while |Ẑt|, |Zt|, and |ζ∗
g| are the cardinalities of the considered set, namely, the

number of objects in the estimated state vector, the ground truth cardinality,

and the data association vector, respectively. Finally, Nc is the number of

elements in the GOSPA metric given by Nc = |Zt|+ |Ẑt| − |ζ∗
g|.
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Table 2.1: System parameters

Base station

∆x,∆y Resampling grid resolution [m] 0.1
Ns Number of base stations 6
Tscan Scan period [s] 0.05
ρp Fraction of power reserved for sensing
ρt Fraction of time reserved for sensing
ρf Fraction of frequency reserved for sensing

FAR false alarm rate 10−3

Clustering

d d-percentile 97
ξd Gate DBSCAN [m] 2.5
Nd Minimum number of points DBSCAN 50

GOSPA metric

p GOSPA order 2
ξg GOSPA gate [m] 2 5 10

When p = 2, the first term in (2.23) can be interpreted as the mean

square error between the estimated and actual target positions. Instead, the

second term can be rewritten as

ξpg
2
(|Zt| − |ζ∗

g|) +
ξpg
2
(|Ẑt| − |ζ∗

g|)

such that the first term is proportional to the missed detection rate, while

the second one is related to the false detection rate, which are defined as

RD =
|ζ∗

g|
|Zt|

, RFA =
|Ẑt| − |ζ∗

g|
|Ẑt|

, RMD = 1−RD.
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Figure 2.8: Temporal evolution of the scenario depicted in Fig. 2.7. The top and
middle plots show the trajectory evolution over time in the x and y coordinates,
respectively. The bottom plot illustrates the GOSPA error (ξg = 5m) as a function
of time when ρp = 0.4 and ρf = 0.6.

2.3.2 System and Scenario Parameters

We considered a vehicular scenario with 6 BSs and a set of extended and

point-like targets, whose behavior is depicted in Fig. 2.7. Pedestrians move

with uniform linear motion, whereas vehicles’ motion is modeled alternating

static, accelerated/decelerated linear, uniform linear, and uniform circular

motions. In the simulated scenario, vehicles reach a maximum speed of

14m/s (50.4 km/h), while pedestrians are moving with a maximum speed of

2m/s (7.6 km/h). The area monitored is a typical crossroad of 1600m2, with

x ∈ [−20, 20]m and y ∈ [−20, 20]m. The main parameters are summarized

in Table 2.1.
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The transmission parameters are: QPSK modulation, fc = 28GHz, ∆f =

120 kHz, K = 3168 (i.e., about 400MHz bandwidth), M = 1120, and Ms =

112. The EIRP is set to 30 dBm, and the one-sided noise power spectral

density (PSD) is N0 = 4 · 10−20W/Hz. The BSs are equipped with NT =

NR = 50 antennas, and GR = 1.

The multipath propagation is simulated using the 3GPP 38.901 urban

micro-cell line-of-sight (LOS) scenario [50]. Parameters such as ξrl , ϕ
r
l , τ

r
l ,

f r
D,l, θ

r
l , and ψ

r
l are generated using the QUAsi Deterministic RadIo channel

GenerAtor (QuaDRiGa) software [72] for each target and position along the

trajectories. Specifically, for each scatterer, the model considers the direct

path and the 5 strongest paths of the diffuse component, for a total of Lp = 6

paths. This results in a monostatic CIR with L2
p = 36 paths, as per (2.6). The

six BSs are positioned along a circumference with a radius of 50m, centered

on the surveilled area. Their ULAs are tangent to the circumference (i.e.,

orthogonal to the radius), providing a scanning area of 120° with a maximum

sensing distance of 85m to prevent inter-symbol interference (ISI). Each BS

performs a scan lasting Tscan = 50ms, and the overall scene is monitored

for 10 s, resulting in the collection of Nm = 200 measurements (maps). The

grid resolution is set to ∆x = 0.1m and ∆y = 0.1m. The number of bits

selected to represent each map point is set to Nb = 16. The sensing beam is

periodically steered within the range [−Θ,Θ], where Θ = 60 °, with a fixed

angular increment of ∆Θ = 2.4°.

For the communication scenario, we considered the presence of 6 UEs in

the same urban micro-cell LOS environment. Each UE is served by a differ-

ent BS, the UE downlink ergodic capacity is evaluated varying the distance

between UE and BS from 35m to 85m, with a step of 10m, fixing θc = 70◦,

from the associated BS. The links are characterized by a path-loss exponent

β = 2.1 and Rice fading with Krice = 10 [50]. Without loss of generality, we

considered σ2
N = σ2

c = N0K∆f .

When the targets are spatially separated, the clustering algorithm ac-

curately estimates both the correct number of targets and their respective

positions. This behavior can be observed in the first two plots of Fig. 2.8,

where the target trajectories evolve independently. However, when the tar-

gets overlap, the clustering algorithm struggles to correctly distinguish be-
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Figure 2.9: Communication and sensing performance varying the fraction of power
reserved for JSC ρp. The downlink ergodic capacity is per BS.

tween them, resulting in errors in the estimated target count and positions.

This limitation is reflected in the increased GOSPA error, as shown in the

bottom plot. A potential solution to mitigate this issue is the application of

a tracking algorithm, as demonstrated in [73], which can improve the ability

to distinguish overlapping targets and reduce the GOSPA error.

2.3.3 Impact of the Fraction of Power ρp

In Fig. 2.9, the sensing and communication performance metrics are reported

by varying the fraction of power dedicated to sensing, ρp, when ρf = 1 and



38 Monostatic Joint Sensing and Communication with OFDM

0

1

2

3

4

5

6

G
O
S
P
A
[m
]

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

C
[b
it
/s
]

#109

GOSPA 9g = 2m

GOSPA 9g = 5m

GOSPA 9g = 10m

GOSPA90%10%
GOSPA90%10%
GOSPA90%10%
CDL

0.75

0.8

0.85

0.9

0.95

R
D

9g = 2m
9g = 5m
9g = 10m

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

;f

0

0.1

0.2

0.3

0.4

R
M
D
;R
F
A

RMD 9g = 2m
RMD 9g = 5m
RMD 9g = 10m

RFA 9g = 2m
RFA 9g = 5m
RFA 9g = 10m

35 m ... 85 m

;p = 0.4, ;t = 1

Figure 2.10: Communication and sensing performance varying the fraction of sub-
carriers reserved for JSC ρf . The downlink ergodic capacity is per BS.

ρt = 1.

At the top of each figure, the average GOSPA metric is shown for differ-

ent gating thresholds, with the shaded area indicating the range between the

90th and 10th percentiles of the GOSPA distance. At the bottom, the de-

tection rate, miss detection rate, and false detection rate are reported. This

layout is consistent across all subsequent figures. It can be seen that, as the

gating threshold increases, the average GOSPA also increases, while both

the miss detection rate and the false detection rate decrease. This trend oc-

curs because larger gates reduce the number of unassociated measurements,

but penalize the remaining mismatches more heavily, assigning them an er-
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Figure 2.11: Communication and sensing performance varying the fraction of time
reserved for JSC ρt. The downlink ergodic capacity is per BS.

ror equal to the gate value. Conversely, smaller gates lead to more missed

and false detections due to stricter association criteria, but the penalty for

these unassociated measurements is lower. Based on this trade-off, the dis-

cussion in the remainder of this work will focus on the results obtained with

a GOSPA gate of 5m, which provides a balanced compromise between asso-

ciation strictness and error magnitude. It is interesting to note that for large

values of ρp (e.g., 0.5), the GOSPA distance experiences a subtle increase, due

to decreased detection rate caused by multipath propagation, which becomes

more relevant by increasing the sensing transmission power. From a commu-

nication perspective, in all numerical results, yellow dashed curves represent
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Figure 2.12: Communication and sensing performance varying the number of BSs
adopted for sensing Ns. The downlink ergodic capacity is per BS.

the downlink ergodic capacity defined in (2.17), varying the distance between

UE and associated BS, ranging from 35m to 85m with steps of 10m. As

expected, increasing ρp results in lower downlink capacity. In particular, for

ρp = 0.1, the localization error is around 1.5m, while the capacity for a UE

at intermediate distance from its BS (55m) is 0.71Gbit/s. Increasing ρp to

0.4 slightly increases the GOSPA error to 1.54m, while reducing the capacity

to 0.68Gbps, which represents a 4.2% loss in communication performance.
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2.3.4 Impact of the Fraction of Subcarriers ρf

Communication and sensing performance metrics, varying the frequency re-

sources allocation between the two functions, are depicted in Fig. 2.10, con-

sidering ρp = 0.4 and ρt = 1.

From a sensing perspective, it is interesting to observe that as ρf de-

creases, the GOSPA increases due to a lower bandwidth, resulting in target

smearing that can more likely generate false target spawns. However, a slight

increase in localization error can be seen at higher ρf , along with a decrease

in detection rate.

For communication, a decrease of ρf increases the fraction of subcarriers

exclusively dedicated to communication, leading to a higher downlink ca-

pacity. A capacity of 1.3Gbit/s is ensured by fixing ρf = 0.2 for a user at

distance 55m from its BS, with a localization error around 1.7m. Increasing

ρf to 0.6, the localization error drops to 1.3m, with a reduction in network

capacity of 23%, i.e., 1Gbit/s.

2.3.5 Impact of the Fraction of Time ρt

In Fig. 2.11, communication and sensing performance metrics are presented,

varying the fraction of time devoted to JSC, ρt, with ρp = 0.4 and ρf = 0.6.

Additionally, as the fraction of time allocated for JSC, ρt, increases, there

is a decrease in the downlink capacity. This decrease results from a lower

fraction of time in which all communication resources are available, limiting

the overall network capacity. With ρt fixed at 0.5, the GOSPA metric is

around 1.3m, while the downlink capacity for a user at distance 55m from

the related BS, is 1.2Gbit/s. Halving ρt, the capacity increases to 1.4Gbit/s,

with a gain of 14%, while the localization performance decreases, with an

GOSPA distance around 1.4m.

2.3.6 Impact of Number of Sensors Ns

Communication and sensing performance metrics, varying the number of BSs

dedicated to sensing, are presented in Fig. 2.12, considering ρp = 0.4, ρf = 0.6

and ρt = 0.5. In these evaluations, BSs performing both communication and
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sensing are randomly selected from the set of available BSs.

From a sensing perspective, it is important to note the increase in the

GOSPA error as the number of sensors Ns decreases. Moreover, the minimum

number of sensors required to guarantee a localization error lower than 2m

is 3, and for a lower number of sensors, the error rapidly increases.

From the communication point of view, decreasing Ns slightly increases

the downlink capacity. This increase is due to an increment of the commu-

nication resources that arise from BSs not selected to perform sensing.

2.4 Conclusion

In this Chapter, we presented a JSC framework for OFDM systems, leverag-

ing the infrastructure of mobile radio networks to enable cooperative sensing

among BSs by fusing soft maps acquired from BSs at a FC.

The overall networked system was tested by varying the fraction of re-

sources allocated for sensing, including power (ρp), frequency (ρf), and time

(ρt). Localization performance was assessed through the GOSPA metric, as

well as the detection and false detection rate, while communication perfor-

mance was evaluated through BS downlink sum rate.

Numerical results have shown that through the cooperation between three

BSs, the localization of both extended and point-like targets is possible with

an error of less than 2m, while ensuring a downlink capacity larger than

1.3Gbit/s for a UE at a distance of 55m from the associated BS, considering

ρp = 0.4, ρf = 0.6, and ρt = 0.5.



Chapter 3

Design and Implementation of

Bistatic JSC Systems

3.1 Introduction

In this chapter, we expand upon the performance analysis conducted pre-

viously, which focused on a cooperative monostatic configuration, to incor-

porate a bistatic JSC system. As highlighted in Chapter 1, a bistatic radar

setup offers a practical solution to the SI problem encountered in monostatic

configurations, which necessitate full-duplex capabilities–still considered a

significant challenge. Following the approach from the previous chapter, we

first present the sensing performance of a bistatic JSC MIMO system con-

sisting of a Tx and Rx in Section 3.2, estimating both the DoA and bistatic

range in Section 3.3. We compare two setups operating at sub-6 GHz and

mmWave frequencies. Subsequently, we examine the RMSE of position es-

timates within the monitored area through heatmaps in Section 3.4, high-

lighting the impact of the blind zone on sensing. Finally, we investigate the

sensing coverage limits of the bistatic system by varying the fraction of power

allocated to sensing.

43
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Figure 3.1: Illustration of the considered bistatic system for JSC. The Tx presents multi-
beam capabilities to perform communication and sensing functionalities using the same
time-frequency resources and sharing the transmitted power.

3.2 System Model

As depicted in Fig. 3.1, in this Chapter, a bistatic configuration for the

JSC system is considered. In contrast with the monostatic setup studied

in the previous Chapter, in which the Tx and the Rx are co-located, the

bistatic one employs two nodes at different known locations, ptx = (xT, yT),

and prx = (xR, yR). In this way, it is possible to avoid the well-known self-

interference problem affecting monostatic configurations [20].

Considering a bistatic sensing system based on downlink signals, the Tx

can be a BS. Still, the Rx can be either another BS, a UE-like device, or a

remote radio head (RRH) in a Cloud-RAN architecture. Alternatively, the

system can deal with uplink signals as well. In this case, the signal transmit-

ted by a UE is collected by a BS, after being reflected from targets [2, 74].

The JSC system proposed here consists of a Tx with NT antenna ele-

ments and of a Rx with NR antenna elements. The transmitted signal is

used for both communication and sensing, exploiting the multibeam capa-

bilities of the system, with a sensing beam that scans the environment while

the communication beam points towards the UE [22, 75]. Without loss of

generality, both the Tx and the Rx are equipped with ULAs, whose elements
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are equally spaced of half-wavelength, i.e., d = λc/2 with λc = c/fc, where

fc is the carrier frequency and c is the speed of light. The communication

system transmits a 5G NR downlink signal with M OFDM symbols and K

active subcarriers to a UE in the cell [47]. The baseband signal emitted by

the nth antenna can be written as

sn(t) =
M−1∑
m=0

(
K−1∑
k=0

x̃
(m)
n,k e

j2π k
T
t

)
g(t−mTs) (3.1)

where g(t) is the pulse shape, x̃
(m)
n,k is the modulation symbol, belonging to a

complex alphabet to be transmitted to the UE in the kth subcarrier and mth

OFDM symbol, ∆f = 1/T is the subcarrier spacing, and Ts is the OFDM

symbol duration including the cyclic prefix (CP).

3.2.1 Bistatic range and Doppler shift

In a bistatic configuration, the propagation time τ of the signal scattered

by the target is related to the distance between the Tx and the target, RT,

and that between the target and the Rx, RR, via the bistatic range Rbis =

RT + RR = τ · c [76]. After estimating Rbis via τ , the target can be located

on an ellipse with a major axis equal to Rbis and foci at Tx and Rx positions,

as depicted in Fig. 3.1. The Tx, Rx, and target form a triangle with base

L (the distance between Tx and Rx) called the baseline; the angle β of the

opposite vertex is named the bistatic angle.

If the DoA θR of the reflected echo at the Rx can be estimated, it is

possible to determine the distance RR as [76]

RR =
R2

bis − L2

2(Rbis + L sin (θR − π/2))
(3.2)

and then, when considering a reference systems such as the one in Fig. 3.1,

the target position can be found as ptg = (xR −RR cos θR, yR +RR sin θR).

In addition to the target location, the bistatic velocity of the target can

be inferred from the bistatic Doppler shift. The latter is proportional to the

rate of change of Rbis. When Tx and Rx are stationary, and the target is
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moving with velocity v, the Doppler shift can be obtained as [76]

fD =
1

λc

d

dt
[RT(t) +RR(t)] =

2v

λc
cos δ cos (β/2) (3.3)

where δ is the angle between the direction of the velocity and the bistatic

bisector, and v = |v|. While β can be easily determined by knowing L,

RT, RR, and θR, the angle δ is unknown so only the bistatic velocity, vbis =

|vbis| = v cos δ, can be estimated by the system.
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Figure 3.2: Block diagram of the bistatic 5G NR-based JSC system with multibeam
capability.

3.2.2 Maximum Bistatic Range and Blind Zone

To avoid ISI and guarantee unambiguous range detection, the guard time

tG of the OFDM needs to be larger than the propagation delay of the scat-

tered signal. In a bistatic configuration, this leads to a maximum detectable

bistatic range Rbis ≤ tGc + L, which results in a maximum ellipse whose

minor axis is Amax =
√
(tGc+ L)2 − L2.

A critical issue deserving attention in bistatic setups is the blind zone, i.e.,

a region enclosing the baseline where target detection becomes problematic

[37]. A target sufficiently close to the baseline is hard to detect because of

the time resolution, which compromises the separation of the direct Tx-Rx

path from the Tx-target-Rx one. Given the resolution of the bistatic range

estimate, ∆r = c/(K∆f), we define L +∆r as the minimum bistatic range

below which the Rx cannot resolve the reflected path from the direct one.

So, we must have Rbis ≥ L+∆r. The ellipse with major axis L+∆r is called

the minimum ellipse, whose minor axis is Amin =
√
(L+∆r)2 − L2.
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3.2.3 Transmitted and Received Signal

Now, let us detail the whole system behavior by looking at the block dia-

gram in Fig. 3.2. First, at the Tx, the complex modulation symbols x
(m)
k are

mapped at each antenna through a digital precoder wT ∈ CNT×1, to obtain

the transmitted vector x̃
(m)
k ∈ CNT×1, defined as x̃

(m)
k = wTx

(m)
k . In particu-

lar, the idea is to split the available transmitted power of the OFDM signal

between communication and sensing, using a beamformer (BF) vector [22,75]

wT =
√
ρwT,s +

√
1− ρwT,c (3.4)

where wT,c is the BF vector for communication, wT,s is the BF vector for

sensing, with [47]

wT,c =
√
Pavgw̃T(θT,c) wT,s =

√
Pavgw̃T(θT,s) (3.5)

and ρ ∈ [0, 1] controls the partition of power between the two beams. In (3.5),

beamforming is performed using the weight vectors w̃T(θT,c) = ac
T(θT,c) ⊙

c/
√
NT and w̃T(θT,s) = ac

T(θT,s) ⊙ c/
√
NT, where aT(θT,c) ∈ CNT×1 and

aT(θT,s) ∈ CNT×1 are the steering vectors for communication and sensing,

respectively, and Pavg = PT/K is the average power allocated per subcarrier,

being PT the total transmit power [77]. Considering that beam steering

often results in relatively high sidelobes, which are undesirable in sensing

applications, we applied a windowing function by element-wise multiplying

with the window weight vector c such that ∥w̃T∥22 = 1.

For a ULA with Na antennas with half-wavelength separation, the array

response vector for a DoA or direction of departure (DoD) ϕ is given by

a(ϕ) =
[
e−jπNa−1

2
sinϕ, . . . , ejπ

Na−1
2

sinϕ
]T

.

As it is shown in Fig. 3.2, in the considered JSC system, the sensing

direction θT,s is sequentially changed to illuminate the entire surrounding

environment, according to

θT,s = θ0 + j∆θs j = 0, . . . , Ndir − 1 (3.6)

where ∆θs is the angle step and Ndir is the number of directions to scan the
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aperture [−θ0, θ0]. Given M OFDM symbols contained in a 5G NR frame

(with a duration of Tf = 10ms), Ms < M symbols are acquired by the Rx in

each sensing direction. Hence, the update of j depends on the symbol index

m, and the number of frames and time required to complete a scan become

Nf =
⌈
MsNdir

M

⌉
and Tscan = TfNf .

For each θT,s, the vector ỹ
(m)
k ∈ CNR×1 of the received symbols at each

antenna after OFDM demodulation, is given by

ỹ
(m)
k = H

(m)
k x̃

(m)
k + ñk (3.7)

where H
(m)
k ∈ CNR×NT is the channel matrix, and ñk ∼ CN(0, σ2

NINR
). When

Q point targets are present in the monitored area, the channel matrix between

the transmitting and receiving antennas can be represented as

H
(m)
k =

Q∑
q=1

αqe
j2πmTsfD,qe−j2πk∆fτq︸ ︷︷ ︸

≜βq

aR(θr,q)a
T
T(θt,q) (3.8)

where θR = [θr,1, θr,2, . . . , θr,Q] are the DoAs, θT = [θt,1, θt,2, . . . , θt,Q] are

the DoDs of the targets, and αq = |αq| ejϕq is the complex amplitude which

includes phase shift and attenuation along the qth propagation path.

On the receiving side shown in Fig. 3.2, starting from (3.7), spatial com-

bining is performed through the receiving BF vector wR to obtain the re-

ceived symbol, y
(m)
k = wT

Rỹ
(m)
k . In particular, target detection and local-

ization are performed in two steps: 1) the vector wR is initialized to have

all elements equal to one to search for targets in the area through DoA

estimation, θ̂r,q; 2) once DoAs are estimated, wR is updated to point the

receiving beam in the direction where the target q is likely to be present, i.e.,

wR = ac
R(θR,s) ⊙ c/

√
NR, with θR,s = θ̂r,q. Then, in each sensing direction,

the Rx needs to perform channel equalization and decision for detecting the

transmitted symbols, x̂
(m)
k . As it will be explained in Section 3.3.2, to esti-

mate bistatic range and Doppler shift, it is necessary to know and remove

the transmitted symbol x
(m)
k through the divider block.
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3.2.4 Received Power and Cassini Ovals

In the bistatic radar configuration, the power reflected by a point target q

with a RCS equal to σRCS,q, illuminated by the Tx sensing beam and collected

at the Rx antenna element in free-space propagation conditions, is given by

P bis
R,q =

ρPavgG
a
TGRc

2σRCS,q

(4π)3f 2
c (RT,qRR,q)2

(3.9)

where GR is the receiving antenna gain of the single antenna element, while

RT,q and RR,q are, respectively, the Tx-target and Rx-target distances for

the qth target.

As it can be seen in (3.9), the received power scattered by the target is

inversely proportional to (RTRR)
2. The locus of points such that the product

of their distances RTRR from two foci is a constant is named Cassini oval

[37, 76]. The shape of a Cassini oval depends on the ratio between
√
RTRR

and L/2. In particular, the curve consists of two loops around the foci when√
RTRR < L/2, it assumes a lemniscate shape when

√
RTRR = L/2, and it

is a single loop with an oval shape when
√
RTRR > L/2.

Starting from (3.9), the SNR at the single receiving antenna element

related to the qth target can be defined as

SNRq =
P bis
R,q

N0K∆f
(3.10)

whereN0 is the one-sided noise PSD at each antenna element. By normalizing

the received symbols after the fast Fourier transform (FFT) in the OFDM

Rx as E{|ỹ(m)
n,k |2} = 1, (3.10) reduces to SNRq = 1/σ2

N. Iso-SNR contours are

thus Cassini ovals.

3.3 Estimation of Target Parameters and De-

tection

This section introduces the techniques used for estimating DoA, bistatic

range, and bistatic velocity. In particular, for the DoA two different methods

have been compared, i.e., multiple signal classification (MUSIC) and root-
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MUSIC, while for bistatic range and speed estimation a periodogram-based

frequency estimation approach has been used, as in [18,75,78].

3.3.1 Estimation of the Number of Targets and DoAs

DoAs estimation requires, at first, the evaluation of the number of targets

or sources Q̂, which can be estimated by model order selection based on

information-theoretic criteria [79,80]. For the initial estimate, the covariance

matrix of the received vector (3.7) is calculated as R = E
{
ỹ
(m)
k ỹ

(m)†
k

}
∈

CNR×NR . In fact, since the noise is zero mean and independent of the target

echoes, it follows that the NR − Q smallest eigenvalues of R are all equal

to the noise power σ2
N and the corresponding eigenvectors identify the noise

subspace.1 However, since the covariance matrix is not known a priori, the

sample covariance matrix (SCM) can be used instead [7]. The SCM of the

received symbols vector (3.7) is computed in each Tx sensing direction as

follows [75]

R̂ =
1

KMa

Ma−1∑
m=0

K−1∑
k=0

ỹ
(m)
k ỹ

(m)†
k = UΛU† (3.11)

where Ma ⊂ Ms is the number of OFDM symbols employed in each sensing

direction to estimate the DoAs, the columns ofU ∈ CNR×NR are the eigenvec-

tors of R̂ and Λ = diag(λ1, . . . , λNR
) is a diagonal matrix with eigenvalues

sorted in descending order, i.e., λ1 ≥ λ2 ≥ · · · ≥ λNR
. Using the Akaike

information criterion (AIC) criterion, the estimated number of targets (con-

sidering that we are illuminating only targets within the sensing beam in the

jth direction) is

L̂ = argmin
s∈{0,...,NR−1}

{AIC(s)} (3.12)

with

AIC(s) =− 2 ln

(∏NR

i=s+1 λ
1/(NR−s)
i

1
NR−s

∑NR

i=s+1 λi

)(NR−s)KMs

+ 2s(2NR − s).

(3.13)

1As required by the super-resolution algorithms specified later, we consider L < NR,
i.e., the number of targets is less than the number of sensing array elements.
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Then, starting from the noise subspace, the vector of DoAs, θ̂R, is esti-

mated, either through MUSIC or root-MUSIC algorithms. [81–83].

3.3.2 Range-Doppler Estimation and Localization

After estimating the DoA, denoted as θ̂r,q, beamforming is applied at the

receiver as described in Section 3.2.3 to spatially filter the received signal.

Subsequently, the remaining Ms − Ma OFDM symbols are used to obtain

the beamformed signal y
(m)
m , which is then processed to estimate the bistatic

range and velocity of the target q through range-Doppler analysis, following

the approach in [75]. Then, starting from the received symbols y
(m)
k , a division

is performed to remove the unwanted data symbols, i.e., g
(m)
k = y

(m)
k /x

(m)
k

[18].2 Next, as g
(m)
k contains two complex sinusoids for each target, embedded

in βq of (3.8), whose frequencies are related to fD,q and τq, a periodogram

can be computed, as [18, 20,78]

P(l, p) =

∣∣∣∣∣
Kp−1∑
k=0

(Mp−1∑
m=0

g
(m)
k e

−j2π mp
Mp

)
e
j2π kl

Kp

∣∣∣∣∣
2

(3.14)

with l = 0, . . . , Kp − 1 and p = 0, . . . ,Mp − 1. In this thesis, Kp > K

and Mp > (Ms − Ma) are calculated as the next power of two of K and

Fp · (Ms −Ma), respectively, where Fp is the zero-padding factor to improve

speed estimation resolution. The periodogram (3.14) represents the range-

Doppler map from which, after performing target detection by a hypothesis

test as in [75], bistatic range and velocity of the target q can be extracted.

In particular, at first, the location of the peak in the periodogram needs to

be found, as (l̂, p̂) = argmax(l,p){P(l, p)}. Then, the bistatic range can be

evaluated as

R̂bis,q =
l̂ c

∆fKp

. (3.15)

2Note that, in this thesis, symbols x
(m)
k are considered known at the Rx; this may

happen, e.g., because of correct demodulation or because the sequence of symbols emitted
during sensing is predefined. Moreover, perfect synchronization between Tx and Rx is
assumed.
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Table 3.1: JSC system parameters

5G specification → NR 100 NR 400

fc [GHz] 3.5 28
∆f [kHz] 30 120
Active subcarriers K 3276 3168
OFDM symbols per frame M 280 1120
Number of antennas NT 10 10 50
Number of antennas NR 10 10 50

Once R̂bis,q and θ̂r,q have been estimated, it is possible to estimate the distance

between the Rx and the target, R̂R,q, according to (3.2). Then, position and

bistatic velocity of the target q are determined as stated in Section 3.2.1. In

particular, the magnitude of the bistatic velocity is given by

v̂bis =
p̂c

2fcTsMp cos (β/2)
. (3.16)

3.4 System Level Analysis

Numerical simulations were carried out to assess the performance of the

bistatic JSC system presented. In particular, as the main purpose of this

thesis is to study the system behavior in terms of RMSE of position, angle,

and bistatic range estimation, a single target scenario is considered, i.e., Q =

1, with the sensing beam at the Tx aligned with the target, i.e., θT,s = θt,1.

The parameter θ0 is set equal to 60° to have a total angular opening of 120°,
both at the Tx and Rx. Table 3.1 shows the 5G NR parameters employed for

the simulations. For each sensing direction at the Tx, K active subcarriers

andMs = 112 OFDM symbols are considered. A QPSK modulation alphabet

is considered for each subcarrier.

As already stated in Section 3.2.3, at the Rx, the initially performed

operation is DoA estimation with the first Ma = 30 OFDM symbols ac-

quired. Then, the receiving BF vector, wR, is updated accordingly and the

periodogram is performed with the remaining Ms −Ma = 82 OFDM sym-

bols, with Fp = 10. For DoA estimation with MUSIC, the pseudo-spectrum

function is computed only in the range [−θ0, θ0], to reduce the processing
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Figure 3.3: Sensing performance of the JSC system as a function of the SNR for
DoA, comparing a different number of antennas and 5G numerologies, as well as
DoA estimation techniques. Results are shown for both monostatic and bistatic
configurations to highlight the performance similarities between the two setups.

burden.

Two types of simulations were performed: 1) RMSE of DoA and Rbis

estimate as a function of the SNR. In this case, the received symbols were

normalized to unit power and the noise variance is defined as σ2
N = 1/SNR,

as mentioned in Section 3.2.4; 2) system coverage analysis performed com-

puting the RMSE of the position estimate, with the SNR as a function of

target position itself and of the portion of transmitted power reserved to

sensing, according to (3.10). In this case, the following system parameters

were considered: the EIRP is set to PT = 30 dBm; GR = 1; the noise PSD

is N0 = kBT0F where kB = 1.38 · 10−23 JK−1 is the Boltzmann constant,

T0 = 290K is the reference temperature, and F = 10 dB is the receiver noise

figure; the target RCS is σRCS = 1m2.
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Figure 3.4: Sensing performance of the JSC system as a function of the SNR for
range estimate, comparing a different number of antennas and 5G numerologies.
Results are shown for both monostatic and bistatic configurations to highlight the
performance similarities between the two setups.

3.4.1 RMSE vs SNR

In this set of simulations, the position of the target is varied randomly, from

one realization to another, within a diamond-shaped area identified by θ0, as

illustrated in Fig. 3.1. As expected, inside the blind zone, target detection

is problematic, and the error is affected primarily by the bistatic geometry

configuration. For this reason, targets are not generated inside the minimum

ellipse, as this zone is not considered a system operation zone. In each

realization, the target velocity is varied randomly, with a uniform distribution

from −20m/s to 20m/s.

Fig. 3.3 and Fig. 3.4 show the RMSE as a function of the SNR for DoA

and bistatic range estimate. In the former, MUSIC and root-MUSIC are

compared. Since the target parameters estimate strongly depends on the

beamforming direction at the Rx, i.e., θR,s, to separately study the two er-

rors, the curve in Fig. 3.4 is obtained using the true value of the target DoA
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as θR,s to update the receiving BF vector. As it can be noticed, RMSE of the

DoA estimate increases for higher values of the SNR than those for which the

estimate of Rbis degrades. This behavior can be explained considering that

Rbis estimation process is subject to a double processing gain, one resulting

from the periodogram calculation, equal to 10 log10(K · (Ms −Ma)) dB [18],

and the other from the beamforming gain, equal to 10 log10(NT ·NR) dB. In

contrast, the DoA estimation is not subject to any processing gain, and the

RMSE of angle estimation starts to increase at much higher SNR values,

depending on the number of antennas. Moreover, root-MUSIC strictly de-

pends on the number of estimated targets, for which the AIC is used [79],

as well as the noise subspace. At lower SNR, when the number of targets

estimation becomes difficult, the DoA estimate process fails, and targets can

be missed. This defines a lower bound, SNRmin, for angle estimation and

position estimation, as a consequence. MUSIC is still able to detect targets

for lower SNR as it depends solely on the noise subspace, but angle RMSE

increases rapidly.

To enable a fair comparison between bistatic and monostatic configura-

tions, a second set of simulations is conducted for the monostatic case. In

this scenario, a single point-like target is randomly generated within a uni-

formly distributed range of [20, 80]m and an angular span of [−60◦, 60◦].

The same DoA and range estimation procedures are applied to evaluate

the performance of both configurations. The results show that, in terms

of DoA estimation, the monostatic and bistatic systems perform compara-

bly. This is expected, as the estimation methods employed—MUSIC and

root-MUSIC—rely on the structure of the noise subspace and not on the

specific geometric configuration of the system. However, for range estima-

tion, differences emerge. Although both systems exhibit similar asymptotic

behavior in terms of the RMSE onset with increasing SNR, which converges

to
√
∆r2/12, the asymptotic RMSE floor differs between the two. Specifi-

cally, the monostatic configuration achieves a lower asymptotic RMSE. This

is due to the different definitions of range resolution in the two cases. In

the monostatic system, the range resolution is given by ∆r = c/(2K∆f),

which reflects the round-trip propagation of the signal. Conversely, in the

bistatic configuration, the range resolution is defined as ∆r = c/(K∆f),
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Figure 3.5: Sensing coverage area of the JSC bistatic system operating at fc = 28GHz
with NT = NR = 50. In particular, in (a) and (b) the heatmaps of the position RMSE
when fc = 28GHz and ρ = 0.1 are presented, with the Cassini Oval at SNR = −47.1 dB.

since the total path length includes both Tx-to-target RT and target-to-Rx

RR distances. As a result, the monostatic system exhibits inherently finer

resolution, which translates into more accurate range estimates in high-SNR

regimes.

3.4.2 Coverage Analysis

For the sensing coverage area analysis, the spatial region of interest is dis-

cretized into pixels of 1m2 area, and the error on the position estimate in

each pixel is calculated. Also in this case, the speed of the target is varied

randomly with uniform distribution from −20 to 20m/s. A direct visualiza-

tion of the behavior of the position RMSE in each point inside the considered

area is represented through heatmaps, shown in Fig. 3.5, evaluated for two

different values of L with a fraction of power for sensing given by ρ = 0.1. In

particular, a 5G NR signal with ∆f = 120 kHz, fc = 28GHz, and a number

of antennas NT = NR = 50 are used. For DoA estimation root-MUSIC is

applied. In the scenario of Fig. 3.5a, Tx and Rx are located at (−40, 0)m

and (40, 0)m, respectively, with L = 80m. In this case, Amin = 9.9m and

Amax = 242.8m. Likewise, in Fig. 3.5b a baseline L = 120m is considered,

with Tx and Rx located at (−60, 0)m and (60, 0)m, having Amin = 12.1m

and Amax = 270.2m. These results highlight how the fraction of covered
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Figure 3.6: Sensing coverage area of the JSC system operating at fc = 28GHz
with NT = NR = 50 and fc = 3.5GHz with NT = NR = 10. The fraction of area
covered for different values of power reserved for sensing is shown as a function of
the baseline L for the bistatic configuration. For the monostatic case, the x-axis
represents the distance from the BS rather than an inter-node baseline.

area increases as the baseline decreases for fixed sensing power. However,

the blind zone area does not decrease proportionally to the overall area when

decreasing L, and thus, for shorter baselines, the fraction of the covered area

diminishes. This behavior is better emphasized in Fig. 3.6, where the per-

centage of covered areas as a function of the baseline L, for different values

of ρ, is shown.

In the bistatic configuration, the sensing area is defined as a diamond-

shaped region, as previously illustrated in Fig. 3.1. The coverage percentage

is computed as the portion of this region for which the system can estimate

the target’s position with acceptable accuracy. More precisely, the percentage

of coverage area is calculated as the following. Recalling Fig. 3.3, the cov-

erage area is calculated through the maximum Cassini oval, associated with

the minimum SNR, SNRmin, for which the system can estimate the DoA

with good accuracy. For example, for the parameters specified above and

root-MUSIC estimation performance, SNRmin = −47.1 dB at fc = 28GHz,

whereas SNRmin = −35.1 dB at fc = 3.5GHz. The blind zone region is not
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considered in the sensing system covered area since in that zone, target de-

tection becomes problematic with very large position RMSE, as shown in

Fig. 3.5a and Fig. 3.5b. Hence, the coverage area is the area of the diamond-

shaped region inside the Cassini oval, corresponding to SNRmin, minus the

area of the blind zone; such area is then normalized to the diamond-shape

area to provide a measure of coverage effectiveness of the sensing system.

In the monostatic case, the definition of the coverage area differs. Here,

the sensing region is constrained by the field-of-view (FoV) of the BS, which

is assumed to be 120◦. The entire area within this FoV is divided into 1m2

pixels, and coverage is again assessed based on whether the SNR in each pixel

exceeds the corresponding SNRmin threshold for root-MUSIC-based DoA es-

timation. Unlike the bistatic case, there is no blind zone at close distances in

the monostatic setup, enabling full coverage at short ranges. Nevertheless,

coverage is ultimately bounded by the unambiguous range limit imposed by

the system parameters.

In both configurations, an additional constraint is enforced to avoid ISI

and ensure range unambiguity. For the bistatic case, sensing is limited to

pixels where the bistatic range satisfies Rbis ≤ Rbis,max = tGc + L. For

the monostatic system, the constraint simplifies to R ≤ Rmax = tGc, due

to the round-trip nature of the propagation. As a result, in the monostatic

configuration, the coverage saturates at shorter ranges, beyond which sensing

becomes unreliable and is thus excluded. Conversely, bistatic systems can

extend Rbis,max by increasing the baseline L, thereby enabling coverage of

more distant regions. This advantage is particularly significant at mmWave

frequencies, where coverage gains due to extended bistatic baselines become

more pronounced.

While sensing coverage improves with increasing ρ, the available power for

communication decreases, leading to a corresponding reduction in communi-

cation SNR and theoretical channel capacity. Specifically, assuming that the

communication SNR, SNRc, scales proportionally with the available trans-

mit power (1−ρ), the theoretical channel capacity for each configuration can

be approximated using Shannon’s formula: C = B log2(1 + (1 − ρ) SNRc).

As ρ increases to favor sensing, the communication capacity correspondingly

decreases, revealing an intrinsic trade-off between sensing coverage and com-
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munication performance. For instance, assuming a total communication SNR

of 10 dB when ρ = 0, and a baseline of 100m, the percentage of area cov-

ered increases from 0.65% with ρ = 0.1 to 0.87% with ρ = 0.3. Under these

conditions, considering a bandwidth of B = 400MHz at a carrier frequency

fc = 28GHz with NT = NR = 50, the corresponding theoretical capacity

decreases from approximately 1.26Gbps to about 1.14Gbps.

3.5 Conclusion

In this Chapter, the performance of a 5G NR system that acts as a bistatic

sensor to estimate the position of a target via bistatic range and DoA has

been studied. Analyzing the RMSE, we found that good accuracy can be

achieved in LOS, both at mmWave and sub-6GHz frequencies, and that: i)

DoA estimation is the primary source of degradation of the system local-

ization performance; ii) a fraction of coverage area greater or equal to 70%

can be reached for a baseline L ≤ 100m, even at mmWave when ρ is equal

to 0.3; iii) the blind zone may have a major impact on detection coverage,

especially for narrow bandwidth numerologies. Furthermore, the proposed

bistatic configuration has been compared against its monostatic counter-

part, demonstrating an improved sensing coverage, thereby confirming the

potential of bistatic setups to enhance spatial awareness in distributed JSC

systems.
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Chapter 4

Performance Analysis of a

Multistatic MISO JSC System

4.1 Introduction

In this Chapter, we extend the analysis from Chapter 3 by exploring the

performance of a multistatic MISO system based on 5G NR signals and its

sensing capabilities. We investigate the impact of the fraction of power al-

located to sensing and its effect on optimizing the sensing/communication

trade-off. In Section 4.3 we also propose two data fusion approaches for

position estimation, comparing a LS algorithm with a soft map generation

technique. Additionally, we analyze the RMSE of position estimates, empha-

sizing the advantages of a multistatic network over a bistatic configuration,

particularly in addressing the issue of “blind zones” in Section 4.4.

4.2 System Model

We consider a JSC system that acts as a multistatic radar network, as de-

picted in Fig. 4.1. Unlike the monostatic configuration studied in [46, 75],

in which the Tx and the Rx are co-located, and the bistatic setup analyzed

in [84], the multistatic system presented here consists of one Tx and multiple

Rxs located at different known positions, which form several bistatic pairs.

In the considered scenario, we perform sensing exploiting the downlink com-

61
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Figure 4.1: Considered multistatic JSC system with one multiple antenna trans-
mitter and several single antenna receivers (or sensors). The FC at the edge collects
and processes data incoming from each sensor in the network.

munication between the BS, which then acts as a Tx, and a UE. During this

downlink transmission, the sensors collect the BS signal scattered by the tar-

get and, after processing, exchange information with a FC; the FC is at the

edge of the network and may be part of a Cloud-RAN. More precisely, the net-

work comprises one Tx located at pTX = (xt, yt) with NT antenna elements,

and NRX single antenna Rxs located at pRX,i = (xr,i, yr,i), i ∈ {1, . . . , NRX}.
This configuration helps avoid the well-known self-interference issue in mono-

static radar systems [20].

As better highlighted in Section 4.2.1, the BS is equipped with a ULA

with multibeam radiation pattern to transmit the signal in the direction of

the UE through the communication beam while performing sensing through

another beam [22,46].

In a multistatic configuration, the waveforms obtained by each bistatic

pair are jointly processed by an FC, which locates a target z = (zx, zy)
T on the

ellipse whose foci are the positions of the Tx and Rx and whose major axis is

equal to the bistatic range. The latter is defined as Rbis,i = RT +RR,i = c τi,

where RT and RR are the Tx-target and target-Rx distances, respectively
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Figure 4.2: Block diagram of the considered multistatic JSC system. The signal
transmitted by Tx and scattered by a generic target in the area is then collected
by several Rxs that act as sensors. Every sensor independently computes a range
map and sends it to the FC for the subsequent estimation process.

[76], and τi = (RT +RR,i)/c is the ToA of the signal at the ith receiver. The

distance between the Tx and the ith Rx, Li, is generally known as the ith

baseline. The equation of the ellipse is therefore [37]√
(zx− xr,i)2+ (zy− yr,i)2 +

√
(zx− xt)2+ (zy− yt)2 = cτi . (4.1)

Hence, target localization may be viewed essentially as an ellipse intersection

problem. For the system to work properly, the guard time tG of the OFDM

symbol must be larger than the excess delay of the scattered signal with re-

spect to the direct one (i.e., the Tx-Rx propagation delay) to prevent ISI and

provide unambiguous range detection. As a result, the maximum detectable

bistatic range is related to tG according to

Rbis,max,i ≤ c tG + Li (4.2)

leading to a maximum ellipse with minor axis Amax,i =
√

(tGc+ Li)2 − L2
i .

4.2.1 Transmitted and Received Signals

The whole signal processing chain of the considered multistatic JSC system

is depicted in Fig. 4.2. As previously mentioned, the transmitted signal is a

5G NR signal that consists ofM OFDM symbols and K active subcarriers to

form a K ×M matrix of complex-valued modulation symbols x
(m)
k [47]. At

the Tx, the first performed operation is precoding through a beamforming
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vector wT, with the aim of creating a multibeam radiation pattern. This is

done since the idea behind the system is to share the total available power

between communication and sensing, thus employing the signals transmitted

to the UEs for both tasks. To this purpose, wT is defined as

wT =
√
ρwT,s +

√
1− ρwT,c (4.3)

where ρ ∈ [0, 1] defines the trade-off between communication and sensing,

while wT,s and wT,c are the beamforming vectors for the direction of sensing

and communication, respectively. Since we are considering a ULA with NT

elements and half-wavelength separation between them, the array steering

vector for a generic DoD θ is given by [54]

aT(θ) = [1, ejπ sin θ, . . . , ejπ(NT−1) sin θ]T. (4.4)

Using (4.4) and denoting by θT,s and θT,c the generic DoDs for sensing and

communication, respectively, wT,c and wT,s are given by

wT,c =

√
PTGa

T

NT

ac
T(θT,c) wT,s =

√
PTGa

T

NT

ac
T(θT,s) (4.5)

where aT(θT,c) ∈ CNT×1 and aT(θT,s) ∈ CNT×1 are the steering vectors for

communication and sensing, respectively, and PTG
a
T is the EIRP, with Ga

T

the transmit array gain.

From (4.3), the vector of transmitted modulation symbols after beam-

forming is defined as x̃
(m)
k = wTx

(m)
k . After precoding, a new matrix of

complex-valued symbols of elements x̃
(m)
k is obtained for each antenna. Then,

the signal is modulated through an OFDM modulator, upconverted, and sent

by Tx through the wireless channel, where it is scattered by the objects in the

surveilled area and the reflections are collected by multiple Rxs of the multi-

static network. Since in this thesis we consider single antenna receivers, under

the realistic assumption of negligible ISI and inter-carrier interference (ICI),

the expression of the modulation symbol transmitted on the subcarrier k

and OFDM symbol m and received by the ith Rx after downconversion and

OFDM demodulation, can be written as
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y
(m)
i,k = h

(m)
i,k x̃

(m)
k + n

(m)
i,k (4.6)

where n
(m)
i,k are i.i.d. noise samples having a complex Gaussian distribution

with zero mean and variance σ2
N and h

(m)
i,k ∈ C1×NT is the channel gain be-

tween Tx and the ith Rx for the mth OFDM symbol and kth subcarrier. In

particular, considering a scenario with Q point-like targets and LOS propa-

gation condition, the channel vector can be written as [85]

h
(m)
i,k =

Q∑
q=1

αi,qe
j2πmTsfD,i,qe−j2πk∆fτi,qaT

T(θq) (4.7)

where Ts is the total OFDM symbol duration, ∆f is the subcarrier spacing,

fD,i,q, τi,q, θq, and αi,q are the Doppler shift, the propagation delay, the DoD,

and the complex attenuation factor related to the qth back-scattered signal

at the ith Rx, respectively.

4.2.2 Received Power and Cassini Ovals

In a multistatic radar network, for each bistatic pair the power received by a

point target q with a RCS σrcs,q, that is illuminated by the Tx sensing beam

and collected at the ith Rx under free-space propagation conditions, is given

by1

P bis
R,i,q =

ρPTGTGRc
2σrcs,q

(4π)3f 2
c (RT,qRR,i,q)2

(4.8)

where RT,q and RR,i,q are the Tx-target and ith Rx-target distances for target

q, respectively, GR is the Rx antenna gain, fc is the carrier frequency, and c

is the speed of light. Therefore, the SNR at each Rx for target q is

SNRi,q =
P bis
R,i,q

N0K∆f
(4.9)

where N0 is the one-sided noise PSD at the Rx. For each bistatic pair, it is

helpful to identify the Cassini oval as the locus of points where the product

of the distances RT,qRR,i,q from two foci that correspond to the Tx and ith

Rx, respectively, is constant [37, 76]. Therefore, Cassini ovals are iso-SNR

1Without loss of generality the beam is considered aligned with the target.



66 Performance Analysis of a Multistatic MISO JSC System

contours in the monitored area.

4.3 Estimation Techniques and Localization

This section introduces the approaches for bistatic range and target position

estimation. For the bistatic range, a periodogram-based frequency estimation

technique has been employed, leveraging the properties of OFDM. For the

target position, two different methods have been compared, namely, LS and

soft maps fusion. Without loss of generality, hereafter, we consider one point-

like target, i.e., Q = 1, so the index q will be dropped. However, the whole

discussion is generalizable to multiple targets if only one target is present in

a given sensing direction; this is reasonable when the sensing beamwidth is

relatively small.

4.3.1 Bistatic Range Estimation

As a first step, starting from the received symbols y
(m)
i,k , a division is performed

to remove the dependency from the transmitted symbols, as g
(m)
i,k = y

(m)
i,k /x

(m)
k

[18].2 Now g
(m)
i,k contains two complex sinusoids for each target, whose fre-

quencies are related to fD,i and τi. Given that the desired parameter to be

estimated is the bistatic range, a one-direction periodogram along the sub-

carriers can be computed for each receiver, as opposed to [18, 20, 78], thus

obtaining

Pi(l) =
1

Ma

Ma−1∑
m=0

∣∣∣∣∣
Kp−1∑
k=0

g
(m)
i,k e

j2π kl
Kp

∣∣∣∣∣
2

(4.10)

with l = 0, . . . , Kp− 1. In this thesis, Kp > K is obtained, via zero-padding,

as the next power of two of K, while Ma ≤ M . The average with respect

to the Ma OFDM symbols is performed to exploit a processing gain deriving

from the non-coherent sum. Then, the location of the peak in the peri-

odogram needs to be found, i.e., l̂i = argmaxl{Pi(l)}, where, considering the

assumption (4.2), we can limit the search range to l = 0, . . . , K ′
p,i − 1, with

2It is important to note that the transmitted symbols x
(m)
k are known at the Rx, e.g.,

due to the correct demodulation of signals or the use of a predefined sequence for channel
estimation.
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K ′
p,i = ⌊Rbis,max,iKp,i∆f/c⌋. Then, the bistatic range for the ith Rx can be

evaluated as

R̂bis,i =
l̂i c

∆fKp

. (4.11)

4.3.2 Least Square Algorithm

In Section 4.3.1, we described a bistatic range estimation algorithm per-

formed by each Rx node surveying the area. The next step consists of fusing

together the hard-decision information generated by each Rx to estimate the

target position. The estimation process starts from the evaluated bistatic

ranges R̂bis,i, i ∈ {1, 2, . . . , NRX}, and from the knowledge of the positions

of all Rxs and of the Tx in the area. The FC locates a target on the ellipse

defined in (4.1), whose foci are the positions (xt, yt) and (xr,i, yr,i), and whose

major axis is d̂i = cτ̂i = R̂bis,i. Squaring and reordering (4.1) yields

zx(xr,i − xt) + zy(yr,i − yt)− pi

= d̂i

√
(zx − xr,i)2 + (zy − yr,i)2

(4.12)

where pi =
1
2
(d̂2i − x2r,i − y2r,i + x2t + y2t ). When an LS approach is followed,

the solution may be found by selecting n receivers, where 3 ≤ n ≤ NRX.

Then, denoting by I ⊆ {1, 2, . . . , n} the set of indexes of the selected receiver

nodes, letting j ∈ I, for i = j the expression (4.12) becomes

zx(xr,j − xt) + zy(yr,j − yt)− pj

= d̂j

√
(zx − xr,j)2 + (zy − yr,j)2.

(4.13)

For each i ∈ I \ {j}, the side-by-side difference between (4.12) multiplied by

d̂j and (4.13) multiplied by d̂i is taken. This leads to n− 1 equations in the

form

ai,jzx + bi,jzy = gi,j (4.14)

where
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ai,j =d̂i(xr,j − xt)− d̂j(xr,i − xt)

bi,j =d̂i(yr,j − yt)− d̂j(yr,i − yt)

gi,j =d̂jpi − d̂ipj.

(4.15)

Equation (4.14) can be recast in compact vector notation as Az = g, where

A is a (n− 1)× 2 matrix whose ith row i ∈ I \ {j} is given by [ai,j bi,j] and

g is a column vector with n − 1 elements whose ith component i ∈ I \ {j}
is gi,j. Finally, according to the LS algorithm, the target position may be

estimated as

ẑ = argmin
z

∥Az− g∥ = (ATA)−1ATg. (4.16)

4.3.3 Soft Maps Fusion

As mentioned above, each sensor performs a periodogram-based frequency

estimation to determine bistatic range. The resulting “soft” vectors of di-

mension K ′
p × 1, with elements Pi(l), can be delivered to the FC without

any further in-sensor processing. Exploiting such a soft information, the FC

generates a score map S of the surveillance area through a cell scoring (or

cell voting) process. In order to do so, the area is divided into Nx × Ny

grid cells, each of size ∆x ×∆y represented by indexes (ix, iy). Each element

Pi(l) scores one or multiple grid cells, as follows. We denote by τi(l) the ToA

corresponding to the element Pi(l). In a multistatic network, sample Pi(l)

scores all cells that are crossed by an ellipse with equation (4.1) and major

axis cτi(l) = Rbisi(l). The “amplitude” of the ellipse associated with the lth

element Pi(l) is first evaluated as

Vi(l) =
Pi(l)

α

1
K′

p

∑K′
p

l=1 Pi(l)α
(4.17)

where 0 < α < 1 is used to mitigate strong clutter, thereby obtaining a

total of K ′
p ellipses from each sensor. Then, the scoring process is performed,

where the score obtained by each of the Nx ×Ny grid cells is defined as

Si(ix, iy) = max
l=1,...,K′

p

Vi(l)I(l, ix, iy). (4.18)
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Table 4.1: JSC system parameters

5G specification → NR 400

fc [GHz] 28
∆f [kHz] 120
Active subcarriers K 3168
OFDM symbols per frame M 1120
Number of antennas NT 50
Number of antennas NR 1

In (4.18), the element I(l, ix, iy) equals 1 if the lth ellipse passes through the

grid cell (ix, iy), and 0 otherwise. Depending on the bistatic range resolution

of the Rx node and on the dimension ∆x×∆y of the grid cells, one cell may,

in principle, be scored by several ellipses; in light of this, according to (4.18),

only the largest received score by the grid cell is counted as its final score.

Finally, one score map Si is obtained for each Tx-Rx pair. The score maps

produced from all receivers are then multiplied to construct an overall score

map

Σ =

NRX∏
i=1

Si(ix, iy). (4.19)

Finally, from the fusion of the soft bi-dimensional maps obtained for each Tx-

Rx pair in the surveillance area, the location of the peak in (4.19) returns

the estimated position of the target as

ẑ = (ẑx, ẑy) = argmax
(ix,iy)

{[Σ]ix,iy}. (4.20)

4.4 System-Level Analysis

The performance of the multistatic JSC system is derived when it operates in

track mode; hence, the BS is aware of a previous estimate of the DoD of the

target so that the sensing beam can illuminate it. The 5G NR parameters

considered in the simulations are shown in Table 4.1, where only a subset

Ma = 112 of all OFDM symbols in the frame, modulated with a QPSK

alphabet, are considered for position estimation. A square surveillance area

of 100m × 100m, divided into square cells of 1m2, is monitored by the
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Figure 4.3: Score maps obtained for each Tx-Rx pair of the multistatic setup according
to (4.18).

multistatic system with NRX = 4 sensors. The BS is located in (0m, 50m),

while the four sensors lie on a circle of diameter equal to 90m and center

(0m, 0m), in positions (−45m, 0m), (−22m,−39m), (22m,−39m), and

(45m, 0m), respectively. For each Tx-Rx pair present in the monitoring

area, it is possible to observe an ellipse corresponding to the bistatic ranges

of the targets in question, as can be seen in Fig. 4.3. An example of score

map generated according to the metric (4.19) is given in Fig. 4.4, assuming

that a target is moving inside the area in position (0m,−10m) and with

velocity (9,−5) [m/s]. Here, the soft maps generated by each sensor cover the

entire surveillance area with Nx = Ny = 100 and ∆x = ∆y = 0.3m. Unless

otherwise specified, the fraction of power for the sensing beam is ρ = 0.1 (i.e.,
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Figure 4.4: Example of soft maps fusion computed according to (4.19).

90% for the communication beam). Two types of analysis are then performed:

1) RMSE of the position estimate as a function of the fraction of power ρ

dedicated to sensing; 2) system coverage analysis, performed by calculating

the RMSE of the position estimate for a given ρ. In both cases, the following

set of system parameters is considered: the clutter mitigation parameter is

α = 1; the target RCS is σrcs = 1m2; the noise PSD is N0 = kBT0F where

T0 = 290K is the reference temperature, F = 10 dB is the receiver noise

figure and kB = 1.38 · 10−23 JK−1 is the Boltzmann constant; finally, the

EIRP is set to PTGT = 43 dBm, with GR = 1. In the following, we assume

that the ULA at the Tx is capable of steering the sensing beam within the

range [−θ0,+θ0] with θ0 = 60 ° (see Fig. 4.1).

4.4.1 RMSE vs ρ Analysis

The trade-off between communication and sensing varying ρ in (4.3) is ana-

lyzed through 5000 Monte Carlo iterations and shown in Fig. 4.5. For this

type of analysis, several target locations inside the surveillance area have been

considered, and the different results based on the two fusion approaches pre-
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sented in this thesis are compared. It can be seen that depending on the

position of the target, the RMSE exhibits a floor for increasing values of

ρ (i.e., increasing the SNR for target position estimation); this depends on

the geometry, that is, on how the ellipses combine (soft maps) or intersect

(LS) and on the spatial discretization of the surveilled area. Furthermore,

Fig. 4.5 shows that the fusion of soft maps, despite having a slightly higher

RMSE floor, outperforms the LS algorithm in terms of power committed to

sensing. This is because the latter approach heavily depends on the width

of the Cassini oval and on the fact that the target must lie inside no less

than three Cassini ovals to be detected: As the portion of the total power

apportioned to sensing decreases, the Cassini ovals shrink in size, resulting

in a higher position RMSE.

In terms of communication performance, let C = K∆f log2(1 + (1 −
ρ)SNRc) be the theoretical channel capacity, where SNRc is the communica-

tion SNR. Now, considering SNRc = 10 dB and the target at (−30,−20)m,

the fusion map approach requires ρ = 6% of the total power for sensing,

leading to C = 1.28Gbit/s, while the LS approach leads to C = 1.26Gbit/s,
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since the same RMSE now is achieved with ρ = 11%. Therefore, compared

to the communication-only case (i.e., ρ = 0), the communication capacity is

reduced by 4.4% with LS and 2.3% with soft map fusion.

4.4.2 System Coverage Analysis

A direct representation of the position RMSE in each point of the surveillance

area is portrayed through heatmaps, as in Fig. 4.6. In a bistatic configura-

tion, the blind zone affecting a Tx-Rx pair close to the direct path may not

be considered a system operation zone due to the corresponding high po-

sition error attributable to the inability of the radar component to discern

between the direct Tx-Rx path and the Tx-target-Rx one [84]. In contrast,

in the multistatic radar configuration investigated, the FC collects the in-

formation gathered by multiple Tx-Rx bistatic pairs (BS-sensor pairs in our

scenario), therefore avoiding the blind zone issue by exploiting the bistatic

range estimates obtained at the other sensors. In Fig. 4.6b, it can be seen

how the performance of the LS approach in terms of position RMSE degrades

for larger distances from the BS, as the sensing SNR decreases, whereas in

Fig. 4.6a the fusion map approach is still able to achieve low position RMSE

at low SNRs.

4.5 Conclusion

In this Chapter, we have investigated the performance of a multistatic sensor

network based on 5G NR waveforms when using two different data fusion

strategies. The first is based on bistatic range estimation at the sensor level

followed by LS localization, and the other uses soft map fusion. The study

concludes that: (i) soft map fusion outperforms the LS approach when a

smaller fraction of power is devoted to sensing; (ii) a larger area is covered

when soft map fusion is applied, as the LS algorithm is highly dependent

on the width of the Cassini ovals; (iii) in the multistatic configuration, the

FC is able to merge the sensing information of each sensor, thus allowing the

system to avoid the well-known blind zone problem of bistatic configurations.
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(a) Soft maps fusion

(b) LS fusion

Figure 4.6: Sensing area coverage of the JSC multistatic system with one Tx with NT = 50
and 4 single antenna Rx as a function of the position RMSE.



Chapter 5

Enhanced Data Fusion in

Multistatic MIMO-OFDM JSC

5.1 Introduction

In this chapter, we further analyzed a multistatic system based on OFDM

signals, designed to operate in two distinct modes: search and tracking. In

the search mode described in Section 5.3, thanks to the availability of mul-

tiple antennas at the Rx, the system scans the environment to detect new

targets and provides a preliminary estimate of their positions, leveraging

cooperation among BSs by fusing range-angle maps from each receiver in

the multistatic network. This approach enhances sensing capabilities and

establishes a robust framework for real-time target detection and tracking.

Simplified beam synchronization is achieved during the search phase by illu-

minating the entire scene, thereby reducing the complexity of coordinating

transmitter and receiver beams across all sensors in the MIMO multistatic

configuration. Furthermore, selective data fusion is introduced, ensuring that

only reliable portions of the range-angle maps from each bistatic pair con-

tribute to the cooperation process, leading to significant performance gains.

The search capability is further improved through dynamic role rotation,

allowing each BS to act as a transmitter in succession, enabling multi-view

perception of targets and enhancing spatial diversity, detection accuracy, and

localization performance. In the tracking mode described in Section 5.4, the

75
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coarse target position estimates from the search phase are used to align the

sensing beams of the transmitting BSs towards the detected targets. This

alignment optimizes the transmit power and spatially filters clutter, further

refining the tracking process. The performance of the proposed system is

evaluated in both search and tracking modes, using the GOSPA metric to

assess the accuracy of position estimates in the presence of multiple targets

in Section 5.5. The results demonstrate the system’s effectiveness in reducing

localization errors and enhancing detection and tracking capabilities.

5.2 System Model

Figure 5.1: Beamforming patterns during the search and tracking phases. The
left panel illustrates the search phase, where the Tx beam illuminates the area
of interest, and the Rx beam sequentially scans with high sidelobe suppression
to detect targets. The right panel represents the tracking phase, where multiple
beams are formed at both Tx and Rx, each focused on a specific target. This
configuration ensures continuous and accurate tracking of the detected targets.

We consider a JSC system configured as a multistatic radar network, as

illustrated in Fig. 5.1, comprising several BSs operating at mmWave frequen-

cies, each positioned at known locations. These BSs form multiple Tx-Rx

(bistatic) pairs within the network. In this setup, sensing is performed dur-

ing the downlink communication between a BS, serving as the Tx, and UEs,

where the remaining BSs act as sensors in receiving mode. Let us define

the set S = {s1, s2, . . . , s|S|}, which contains the position si = [sx,i, sy,i]
T

of all the BSs, where |S| represents the total number of BSs. We write
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St = {s1, s2, . . . , st, . . . , s|S|} to explicitly indicate that the tth BS acts as the

Tx. Hence, for example, S3 represents a multistatic configuration in which

the BS at position s3 acts as the Tx, while the remaining BSs operate in re-

ceiving mode. This configuration may change over time, as addressed later.

Without loss of generality, the BSs are equipped with ULAs of NT elements

in transmission and NR elements in reception, respectively, with a distance

d between adjacent elements equal to half the wavelength, i.e., d = λ/2 with

λ = c/fc, fc being the carrier frequency and c the speed of light. During the

downlink transmission, each receiving BS captures the signal reflected off a

target, pre-process this signal locally (in-sensor processing), and exchange

this processed data with an FC located at the network’s edge; the FC may

be part of a Cloud-RAN.

The network operation is divided into two phases: a search phase followed

by a tracking phase.1 Without prior knowledge of the target’s number and

initial location, the search phase aims to detect and coarsely estimate the

positions of targets within the coverage area. During the subsequent track-

ing phase, the system utilizes the outcome of the search phase to track the

targets continuously. As it will be better explained later, during this phase,

similarly to the approach illustrated in [22, 46], the designated Tx employs

a multibeam radiation pattern, where one or more communication beams

are directed toward the UE(s), while other beams track previously detected

targets leveraging the target state predictions provided by the tracking algo-

rithms.

We consider the presence of Q targets within the monitored area whose

actual positions are denoted as zq = (zx,q, zy,q) and collected in the set Z =

{z1, z2, . . . , zQ}. Since a given multistatic network configuration St can be

decomposed into |S|−1 bistatic pairs that share the same Tx, each target lies

on an ellipse identified by the foci that correspond to the Tx and Rx positions

of that bistatic pair, with the major axis corresponding to the bistatic range.

For each target q, the bistatic range related to a given Tx-Rx pair (t, i)

is defined as Rt,q,i = rt,q + rq,i = c τt,q,i. Here, rt,q and rq,i represent the

distances from the Tx t to the qth target and from the qth target to the ith

1The two phases follow one another repeatedly to ensure continuous updates of the
number of targets in the scene as it is generally time-varying.
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Rx, respectively [76]. The corresponding ToA at the ith receiver of the signal

transmitted by Tx t and scattered by the qth target is τt,q,i = (rt,q + rq,i)/c.

The distance between the Tx t and the ith Rx, known as the baseline, is

denoted as Lt,i. The equation of the ellipse for each target q for a given

bistatic pair (t, i) is therefore given by [37]√
(zx,q− sx,i)2+ (zy,q− sy,i)2

+
√

(zx,q− sx,t)2+ (zy,q− sy,t)2 = c τi,q . (5.1)

To ensure proper system functionality, i.e., to avoid ISI, the channel delay

spread, calculated by considering the Tx-Rx LOS path component as the

earliest significant multipath component, with a ToA equal to τt,i = Lt,i/c,

must be less than the guard time Tg between OFDM symbols. Consequently,

the maximum detectable bistatic range for any target is related to Tg as

follows

Rmax
bis,t,i ≤ c Tg + Lt,i . (5.2)

This constraint limits the region observable by the bistatic pair (t, i), which

is therefore bounded by a maximum ellipse with a minor axis of length√
(Tgc+ Lt,i)2 − L2

t,i.

5.2.1 Transmitted and Received Signals

The transmitted signal consists of a stream of M OFDM symbols with K

active subcarriers, thus forming a K×M matrix of complex-valued modula-

tion symbols xk,m with E{|xk,m|2} = 1.2 At the Tx, precoding is first applied

to each modulation symbol to generate the vector of transmitted modulation

symbols x̃[k,m] = wTxk,m ∈ CNT×1 by using a beamforming vector wT such

that ∥wT∥22 = Pavg. Here, Pavg = PT/K is the average power allocated per

subcarrier, PT being the total transmit power. The precoding vector choice

depends on the operational phase of the network and will be discussed in

detail in the following sections. The symbols are then OFDM modulated,

upconverted, and transmitted through the wireless channel. The transmit-

2For the sake of simplicity, hereinafter, a generic Tx is considered and the index t is
omitted. This is replaced by a generic T only when necessary.
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ted signal is scattered by objects in the surveilled area, and the reflections

are collected by multiple Rxs via the multistatic setup. Assuming negligi-

ble ISI and ICI, the vector of symbols received at the NR antennas of the

ith Rx for subcarrier k and time index m, after downconversion and OFDM

demodulation, is expressed as

ỹi[k,m] = Hi[k,m]x̃[k,m] + ñi[k,m] (5.3)

where ñi[k,m] ∈ CNR×1 is the noise samples vector with i.i.d. entries following

a complex Gaussian distribution with zero mean and variance σ2
N. Further-

more, Hi[k,m] ∈ CNR×NT represents the frequency-domain channel matrix

between the Tx and the ith Rx for the mth OFDM symbol and the kth

subcarrier. Considering a scenario with Q point-like targets and L ground

clutter points in LOS propagation conditions with respect to both Tx and

Rx, the channel matrix can be expressed as [85]

Hi[k,m] =

Q∑
q=1

αq,ie
j2πmTsfD,q,ie−j2πk∆fτq,ib(θq,i)a

T(ϕq)

+
L∑

ℓ=1

βℓ,ie
−j2πk∆fτℓ,ib(θℓ,i)a

T(ϕℓ).

(5.4)

The first summation in (5.4) accounts for reflections from the targets, while

the second one is related to the static ground clutter. In particular, in the

first summation, αq,i, τq,i, and fD,q,i are the complex channel gain, ToA,

and bistatic Doppler shift, respectively, related to target q. Moreover, a(ϕq)

and b(θq,i) are the Tx and Rx array response vectors, respectively, related to

target q, θq,i and ϕq being the qth DoA and DoD, respectively.3 Furthermore,

∆f is the subcarrier spacing while Ts = 1/∆f + Tg is the total OFDM

symbol duration including cyclic prefix duration (or guard interval) Tg. In the

second summation, βℓ,i, τℓ,i, ϕℓ, θℓ,i, represent the complex attenuation gain,

3For a ULA with Na elements spaced half a wavelength apart, as considered in this
work, the steering vector for a generic direction θ is given by [54]

a(θ) =
[
e−jπNa−1

2 sin θ, . . . , ejπ
Na−1

2 sin θ
]T

. (5.5)
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propagation delay, DoD, DoA of the ℓth static ground clutter component,

respectively. Since, in this Chapter, the clutter is assumed to be static, its

bistatic Doppler shift is assumed to be zero and the corresponding phase

term (equal to 1) is omitted.

The complex channel gains αq,i and βℓ,i take into account the attenuation

and phase shift along the Tx-scatterer-Rx path. According to the radar

equation, their amplitude results in [54]

|αq,i| =
√

GRc2σq,i
(4π)3f 2

c (rT,q rq,i)2
(5.6)

|βl,i| =
√

GRc2σl,i
(4π)3f 2

c (rT,l rl,i)2

where GR is the gain of the single antenna element at the Rx, here assumed

to be the same for each Rx, while rT,q, rq,i (rT,l, rl,i) are the distances between

the Tx and the qth (lth) reflection point, and the qth (lth) scatterer and the

Rx, respectively. Furthermore, σq,i (σl,i) represents the RCS of the qth (lth)

reflection point. In this Chapter, scatterers, both targets and clutter, adhere

to the Swerling I model, where the RCS σ follows an exponential distribution

with p.d.f. [59]

f(σ) =
1

σ̄
exp

(
−σ
σ̄

)
σ ≥ 0 (5.7)

where σ̄ = E{σ} represents the mean RCS. The RCS is constant during

the collection of a block of M symbols and varies independently from block

to block. For the clutter, this model reflects realistic variability in ground

reflections. It is worth noting that different Rxs, being well-separated in

space, may observe varying scattering profiles of the target (i.e., different

RCS values). This phenomenon, known as spatial diversity, is a geometric

characteristic that can be leveraged to enhance target detection [86,87].

By replacing (5.4) in (5.3) and expanding x̃[k,m], the received symbol
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vector at subcarrier k and time m for the ith Rx can be rewritten as

ỹi[k,m] =

=

Q∑
q=1

xk,mαq,ie
j2πmTsfD,q,ie−j2πk∆fτq,ib(θq,i) a

T(ϕq)wT︸ ︷︷ ︸
≜γ(ϕq)

+
L∑

ℓ=1

xk,mβℓ,ie
−j2πk∆fτℓ,ib(θℓ,i) a

T(ϕℓ)wT︸ ︷︷ ︸
≜γ(ϕl)

+ñi[k,m]

(5.8)

where |γ(ϕ)|2 = ρpPavgG
a
T(ϕ) represents the EIRP for a generic scatterer at

DoD ϕ. This term incorporates the transmit power Pavg and the transmit

antenna array gain (or beamforming gain) Ga
T(ϕ), which depends on the se-

lected beamforming weight vector wT and the specific DoD. The factor ρp

controls the fraction of the total available power allocated for sensing. In

particular, during the tracking phase, as described in Section 5.4, sensing

spatial multiplexing is performed at the transmit array using a multibeam

radiation pattern. In this setup, a fraction ρp of the total available power is

allocated for sensing, while the remaining 1− ρp is reserved for communica-

tion purposes.

Starting from the vector in (5.3), which contains the complex symbols

received at each antenna of the ith sensing Rx, digital beamforming is per-

formed using the receiving beamforming weight vectorwR,i ∈ CNR×1. Similar

to the beamforming vector at the Tx, wR,i is designed differently depending

on the system’s operating mode. Specifically, during the search phase, it is

designed to scan the entire monitored area considering a given number of

sensing directions, while in the tracking phase, it simultaneously points to

multiple sensing directions corresponding to the detected targets. More de-

tails about the beamforming design are provided in the next sections. After

beamforming, the combined received symbol at subcarrier k and time m for

the ith Rx is given by yi,k,m = wT
R,iỹi[k,m].
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5.2.2 Sensing Received Power and SNR

The power received at a given array element n of the ith Rx, which collects

the signal after it has been reflected by a point target q illuminated by the

Tx sensing beam under free-space propagation conditions, can be expressed

as

PR,i,q = E{|y(n,q)i,k,m|2} (5.9)

where y
(n,q)
i,k,m represents the nth element of the received symbol vector in (5.8)

considering the sole component related to scatterer q. By plugging (5.6) in

(5.8) and considering also the term |γ(ϕq)|2 previously introduced, (5.9) can

be rewritten as

PR,i,q =
ρpPavgG

a
TGRc

2σq,i
(4π)3f 2

c (rT,q rq,i)2
. (5.10)

The corresponding SNR at the ith Rx for target q can therefore be expressed

as

SNRi,q =
PR,i,q

σ2
N

=
c2σq,i

(4π)3f 2
c (rT,q rq,i)2

· ρpPTG
a
TGR

N0K∆f
(5.11)

where N0 = kBF T0 is the one-sided noise PSD at the Rx, kB being the

Boltzmann constant, F the noise figure and T0 the reference temperature.

5.2.3 Bistatic Range-Doppler Maps

Leveraging the inherent properties of OFDM, target parameters are esti-

mated using periodogram-based frequency estimation [18]. The process starts

by applying reciprocal filtering, which removes the influence of the transmit-

ted symbols from the beamformed received symbols by calculating the ratio

gi,k,m = yi,k,m/xk,m [18, 88].4

The resulting complex element gi,k,m includes two complex sinusoids for

each target q, whose frequencies correspond to the bistatic Doppler shift fD,q,i

and the propagation delay τq,i. For this reason, the sensing parameter es-

4In this work, we assume that the transmitted symbols xk,m are known at the Rx,
either through accurate demodulation of the received signals or by using a known pilot
sequence such as for channel estimation purposes.
It is worth noting that the division here performed does not alter the noise statistics
when constant-envelope modulations, such as phase shift keying (PSK) or 4-quadrature
amplitude modulation (QAM), are employed [65].
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timation problem can be reduced to a frequency estimation and a bistatic

range-Doppler map can be computed for each Rx belonging to a given mul-

tistatic configuration ST [18, 20], as

Pi(l, p) =
1

KM

∣∣∣∣∣
Kp−1∑
k=0

(Mp−1∑
m=0

gi,k,mwK,me
−j2π mp

Mp

)
e
j2π kl

Kp

∣∣∣∣∣
2

(5.12)

where wK,m is themth sample of an [M×1] Kaiser windowwK with parameter

β = 3, which is used to reduce sidelobe effects along the Doppler dimension.

This is normalized as wK,m = wK,m/
√

1
M

∑M−1
m=0 w

2
K,m to preserve the noise

statistics. Moreover, l = 0, . . . , Kp−1 and p = 0, . . . ,Mp−1, where Kp ≥ K

andMp ≥M correspond to zero-padding before FFT and inverse fast Fourier

transform (IFFT) calculation.5 Given the constraint in (5.2), the range in

which we search for targets can be restricted to l = 0, . . . , Kp,i − 1, where

Kp,i = ⌊Rmax
bis,t,iKp∆f/c⌋. For each l and p index in (5.12) it is possible to

compute the corresponding bistatic range and bistatic Doppler shift values

as

Rbis,l =
lc

Kp∆f
, fD,p′ =

p′

MpTs
(5.13)

where p′ =
[(
p+ Mp

2

)
modMp

]
− Mp

2
accounts for negative bistatic Doppler

shifts. In (5.13), the Rx index i is omitted, as the relations depend only on

system parameters, which are assumed to be the same for all BSs in this

work.

It is clear from (5.13) that the periodogram described in (5.12) pro-

vides a bistatic range-Doppler map. This map is then used to derive the

range-angle maps during the search phase and the soft maps during the

tracking phase, which will be described in the following sections. More-

over, the range-Doppler map can be used for clutter mitigation. As men-

tioned in Section 5.2.1, the considered scenario includes static clutter with a

null Doppler shift. For this reason, Doppler frequencies within the range

[−p0/(TsMp), p0/(TsMp)] are removed after each periodogram calculation

to suppress the contribution of clutter, where p0 defines the extent of the

5Zero-padding can be used to ensure, if necessary, that Mp and Kp are a power of two
but also to perform spectral interpolation which may result in smoother bistatic range-
Doppler maps [19].
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Doppler region to be filtered.

5.3 Search Phase

The search mode described in this section is designed to detect and locate

targets during the network’s startup phase, when no prior information is

available. Additionally, it regularly detects and updates the number of tar-

gets as they fluctuate over time [43, 73], and provides a coarse estimation of

their positions. This process ensures an accurate and up-to-date represen-

tation of the environment. During this mode, each BS alternates between

transmitting and receiving, enabling comprehensive coverage and enhancing

spatial diversity across the monitored area. The system remains in search

mode until every BS has completed its function as a transmitter.

5.3.1 Scanning of the Area with Beamforming

As mentioned in Section 5.2.1, the choice of precoding vector wT at the Tx

depends on the chosen operational mode. During the search phase, wT is

properly designed to generate a radiation pattern with nearly uniform gain

on a given angular sector [77, 87], such that ∥wT∥22 = Pavg, as shown by the

blue curve in Fig. 5.2. This large, uniform beam is crucial during the system’s

search mode, where the objective is to illuminate simultaneously all potential

targets within the monitored area, with no need for beam alignment between

Tx and Rxs. This approach diverges notably from traditional methods, such

as those used in monostatic systems, where synchronization signals guide

scanning at the Tx [89]. While the Tx illuminates simultaneously the whole

area of interest, each Rx collects echoes generated from potential targets and

produces a radar range-angle map by scanning the surrounding environment

through digital beamforming. Below, the considered beamforming approach

and scanning procedure are introduced, while more details on range-angle

map computation are provided in Section 5.3.2.

Let Ndir be the total number of sensing directions to perform a complete

scan, and θs,i = [θ1,i, θ2,i, . . . , θNdir,i] be the set of sensing directions for the
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Figure 5.2: Beampattern in the search and tracking phases. During the search
phase, the transmit beam illuminates the area of interest, while the pencil-like
beam at the Rx sequentially scans the area. In the tracking phase, both Tx
and Rx form multiple beams, one for each target being tracked. The transmit
beampattern is shown here for Pavg = 1 to account only for the beamforming gain.

ith Rx. The jth direction is given by

θj,i = θ0,i + j∆θs j = 0, . . . , Ndir − 1 (5.14)

where, θ0,i is the starting scan direction for the ith Rx with respect to its

own reference system, and ∆θs is the scan angle step.

In each sensing direction θj,i, beamforming is performed using the weight

vector wR. A common approach involves conjugating the array response

vector at the receiver, i.e., w̃R = bc(θj,i)/∥bc(θj,i)∥2, to maximize power in

the desired direction θj,i. However, this approach often results in relatively

high sidelobes, which are undesirable in sensing applications as they can

cause interference between targets. To address this, the array aperture can

be windowed by element-wise multiplying w̃R with the window weight vector
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c [77]. The final beamforming vector is then given by

wR = w̃R ⊙ c (5.15)

where c is normalized such that ∥wR∥22 = 1. In this Chapter, a Dolph-

Chebyshev window with a 30 dB peak-to-sidelobe ratio is employed. An

example of the resulting radiation pattern for a given sensing direction θj,i,

using this window, is shown by the red curve in Fig. 5.2.

Since the Tx illuminates the entire area with a broad radiation pattern,

digital beamforming at each Rx can be used for spatial filtering, by processing

all sensing directions with the same received signal. In particular, the ith

Rx applies beamforming sequentially on the received signal ỹi[k,m] for each

sensing direction j, using the weight vector wR related to that direction. For

each sensing direction, after beamforming, the Rx computes the periodogram

as in (5.12) and constructs the corresponding bistatic range-Doppler map.

For the reason mentioned above, the duration of a full scan at each Rx,

denoted as Tscan, is determined by the total OFDM signal duration, i.e.,

Tscan =M · Ts. Once all sensing directions have been processed and each BS

has operated as a Tx, the search mode is complete. The total scanning time

is therefore Tsearch = Tscan · |S|.6

It is worth noting that the broad sensing beam used at the Tx during

the search phase does not support spatial multiplexing between sensing and

communication, meaning that it cannot simultaneously scan the environment

and serve UEs in the area (see, e.g., [22,46]), therefore ρp = 1. Consequently,

this work assumes that all available frequency resources are exclusively al-

located to sensing during this short-term phase. However, an alternative

approach could allocate only a fraction of the subcarriers to sensing, suf-

ficient for a coarse estimation of the target’s position, while reserving the

remaining subcarriers for downlink communication with the UEs.

6This duration does not include potential overheads such as beamforming reconfigura-
tion or processing latency.
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5.3.2 Range-Angle Map Calculation

Before we explain how range-angle maps are generated, it is worth noting that

a critical issue in bistatic radar configurations is the blind zone, a region near

the baseline where target detection becomes challenging. This difficulty arises

because limitations in time resolution may impede the separation between

the direct Tx-Rx path and the indirect Tx-target-Rx path [90]. Given the

resolution of the bistatic range estimate, ∆Rbis = c
Kp∆f

, targets within a

bistatic range less than Li + ∆Rbis cannot be reliably resolved. Therefore,

to ensure reliable target detection, the bistatic range must satisfy Rbis ≥
Li + ∆Rbis; this is often referred to as the minimum ellipse. Consequently,

during the search phase, the bistatic range periodogram bins of the ith Rx

can be further restricted to l′ = K ′
p,i, . . . , Kp,i−1 where K ′

p,i = ⌈LiKp∆f/c⌉.
This approach ensures that the periodogram bins evaluate the bistatic range

of the targets at discrete values according to Rbis,l′ = l′c
∆fKp

. Now, at the

ith Rx, a range-angle map can be obtained by computing first the bistatic

range-Doppler map, introduced in Section 5.2.3, after applying beamforming

for each sensing direction j. As already mentioned, the range-Doppler map

contains information on the bistatic range Rbis and the bistatic Doppler shift

fD. To accurately interpret the bistatic range data, it is necessary to convert

the bistatic range value Rbis,l in (5.13), into the target-to-Rx range RR,l′

value. This conversion is performed for each l′ = K ′
p,i, . . . , Kp,i−1, using the

relationship [76]

RR,l′ =
R2

bis,l′ − L2
i

2(Rbis,l′ + Li sin(θj,i − π/2))
. (5.16)

Then, for a given target-Rx distance RR,l′ and sensing direction θj,i, the

Cartesian coordinates of the corresponding point in the surveilled area—

represented by the range-angle map—are (x, y) = (RR,l′ cos θj,i, RR,l′ sin θj,i).

Finally, assuming a relatively small beamwidth of the receiving beamform-

ing vector, it is likely that only one target is present in any given sensing

direction. Therefore, for each direction j we extract the column of the pe-

riodogram obtained in (5.12) corresponding to the peak value to obtain a
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vector rj,i = (Pj,i(1), . . . , Pj,i(Kp,i −K ′
p,i))

T, with

Pj,i(l
′) = Pj,i(l

′, p)|p=p̂ for j = 1, . . . , Ndir (5.17)

which represents the range profile in the jth direction. The index p̂ identifies

the column where the peak in the periodogram is located

p̂ = argmax
p

{Pj,i(l
′, p)} . (5.18)

By repeating this extraction process for all Ndir directions, as specified in

(5.14), we arrange these vectors into a new matrix Ri ∈ R(Kp,i−K′
p,i)×Ndir

Ri =
[
r
(1)
i r

(2)
i . . . r

(Ndir)
i

]
∈ R(Kp,i−K′

p,i)×Ndir (5.19)

which represents the intensity of the range angle map of the ith Rx.

Then, target detection is performed using a binary hypothesis test with

threshold η is applied to the range-angle maps to distinguish noise from the

useful signal, as

Ri(l
′, j)

H1

≷
H0

η, (5.20)

where H0 and H1 represent the hypotheses corresponding to the absence of

a target (i.e., noise only) and the presence of a target, respectively.

The detection threshold η is chosen to achieve a desired false-alarm prob-

ability PFA,point, which is related to the total FAR in the search space of size

|Ri| as PFA,point = FAR/|Ri|. It is straightforward to show that if there is

only noise at the receiver, the values of Ri(l
′, j) are exponentially distributed

with a mean proportional to the noise power σ2
N. Thus, the threshold η can

be expressed as [91]

η = −σ2
N lnPFA,point. (5.21)

This threshold-based approach is applied to the range-angle maps at each in-

dividual BS, enabling collaborative detection across multiple BSs. Such col-

laboration enhances the system’s robustness and reliability, as targets missed

by one BS can still be detected by others, improving the overall detection
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performance.

5.3.3 Reliability Maps for Selective Data Fusion

The Tx-Rx bistatic pair, which represents the building block of the multi-

static network, presents a unique characteristic of the target position resolu-

tion, which varies with the target position and, in some portions of the area

suffers from notable distortion, especially when targets fall near the base-

line. Indeed, when constructing a range-angle map in a bistatic system from

(5.16), finite angular resolution leads to a variable spacing between consec-

utive points on the ellipse, depending on their distance with respect to the

baseline. For instance, near the baseline, the spacing between consecutive

(Rbis,l′ ,θj,i) points increases dramatically, resulting in large uncertainty areas

(low spatial resolution) when these points are converted to Cartesian coordi-

nates. This enlargement causes even point-like targets to appear extended,

complicating the differentiation between point-like and extended targets. To

counteract this geometric distortion, we introduce reliability maps, denoted

as Mi ∈ R(Kp,i−K′
p,i)×Ndir , that depend exclusively on the geometric config-

uration of the multistatic network and serve to quantify such geometrical

distortions to select which portions of the range-angle maps at Rx i can be

included in data fusion and which should not.7 At first, for a generic Rbis,l′

and DoA θj,i, we identify four adjacent points

(xA, yA) = RA
R ·
(
cos
(
θj,i + δθ/2

)
, sin

(
θj,i + δθ/2

))
with

RA
R =

(Rbis,l′ − ∆Rbis

2
)2 − L2

i

2(Rbis,l′ − ∆Rbis

2
+ Li sin (θj,i +

δθ
2
− π/2))

(5.22)

(xB, yB) = RB
R ·
(
cos
(
θj,i + δθ/2

)
, sin

(
θj,i + δθ/2

))
with

RB
R =

(Rbis,l′ +
∆Rbis

2
)2 − L2

i

2(Rbis,l′ +
∆Rbis

2
+ Li sin (θj,i +

δθ
2
− π/2))

(5.23)

7Note that the reliability maps are precomputed once for each possible bistatic pair at
each Rx, given that all potential Tx-Rx configurations are known a priori.
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(xC, yC) = RC
R ·
(
cos
(
θj,i − δθ/2

)
, sin

(
θj,i − δθ/2

))
with

RC
R =

(Rbis,l′ +
∆Rbis

2
)2 − L2

i

2(Rbis,l′ +
∆Rbis

2
+ Li sin (θj,i − δθ

2
− π/2))

(5.24)

(xD, yD) = RD
R ·
(
cos
(
θj,i − δθ/2

)
, sin

(
θj,i − δθ/2

))
with

RD
R =

(Rbis,l′ − ∆Rbis

2
)2 − L2

i

2(Rbis,l′ − ∆Rbis

2
+ Li sin (θj,i − δθ

2
− π/2))

(5.25)

where δθ is the beamwidth at the Rx beamformer.8 These four points form

a polygon in the Cartesian coordinate system whose area can be calculated

as

Ares =
1

2

∣∣xAyB + xByC + xCyD + xDyA+

− (yAxB + yBxC + yCxD + yDxA)
∣∣ . (5.26)

Such an area can be interpreted as an uncertainty area associated with the

spatial resolution of the bistatic pair. A threshold γres can then be defined

so that when the uncertainty area exceeds this threshold, the corresponding

(x, y) point in the range-angle map Ri is marked as unreliable, i.e., non-

informative of the target presence and position. More precisely

[Mi]l′,j =

1 if Ares < γres

0 otherwise.
(5.27)

Finally, the reliability map, depicted in Fig. 5.3, is applied to the range-

angle map of each Rx to mask points deemed uninformative

Ri = Ri ⊙Mi i = 1, . . . , |S| − 1. (5.28)

Area threshold selection is crucial: a low threshold can lead to the exces-

sive removal of large regions in the range-angle maps, potentially causing the

loss of targets. Conversely, a high threshold may preserve targets but dimin-

8We consider the beamwidth at −3 dB of the array response as the angular resolution
of target position estimation.
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Figure 5.3: Example of reliability maps Mi for i = 1, . . . , 4 with Tx located in (0, 60)m
obtained with γres = 5m2. Orange pixels correspond to 0 and green ones to 1.

ish the advantage of fusing only the most informative regions of the likelihood

maps that lead to better performance, as explained in the following section

and corroborated in the numerical results.

5.3.4 Dynamic Role Rotation for Multi-View Percep-

tion

Upon completion of a scan in a given network configuration St with the tth BS

as Tx, the system transitions to maintain an uninterrupted scanning process.

The Tx role cycles through all BSs in a round robin fashion, ensuring that

each BS periodically transmits, following the sequence S1 → S2 → · · · →
S|S| → S1 . . . . This strategy leverages the network’s cooperative capabilities
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and exploits spatial diversity to enhance target perception from multiple

viewpoints. This is particularly advantageous for detecting and estimating

multiple extended targets, as occluded sections may become visible from

different perspectives.

It is worth noting that, as the Tx role rotates, the bistatic Tx-Rx pair

configurations are updated. Thus, each Rx must select the proper reliability

map, taking into account the updated Tx position and bistatic configuration.

Furthermore, while dynamic role switching among BSs is key to enriching

bistatic sensing diversity during the search phase, care must be taken to pre-

vent disruption of communication services. Rapid beam reconfiguration and

tight synchronization are required to avoid service degradation, especially

when the transmitting BS is also handling user traffic. Techniques such as

partial role rotation, scheduling sensing in low-traffic periods, and limiting

the sensing duration can mitigate these effects.

5.3.5 Fusion of Range-Angle Maps

Each receiver operates within its own reference system, where the origin O

is located at the position of the Rx itself si = [sx,i, sy,i]
T. To fuse the range-

angle maps from all Rxs into a common global coordinate system, we must

at first transform each map from the local coordinates of the Rx to global

coordinates. Let (x, y) represent the coordinates of a point in the range-

angle map in the local reference frame of the receiver. The corresponding

coordinates (x′, y′) in the global coordinate system, with origin O′ in the

center of the area of interest, are given by [x′ , y′]T = Rα [x , y]
T + si, where

Rα is the rotation matrix that aligns the local reference frame with the global

one and α is the counterclockwise rotation angle of the ith local reference

system with respect to the global one. Then, the area of interest is divided

into Rx×Ry grid cells, each of size δx×δy, represented by the indices (gx, gy).

Each local map is resampled using a linear interpolation method, ensur-

ing that all data aligns correctly for accurate fusion. The interpolation is

performed only within the regions of the map that passed the threshold test

in (5.20) and that are not masked by the reliability map, while the remain-

ing areas are obscured to prevent erroneous interpolation in regions without
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data. We indicate such resampled maps as Πi ∈ RRx×Ry and, with a slight

abuse of terminology, we continue to refer to these matrices as range-angle

maps. Now that each weighted (masked) range-angle map is in the global co-

ordinate system, we can perform the fusion of the maps obtained at each Rx.9

Precisely, the FC collects the |S| − 1 range-angle maps in a given multistatic

configuration St and fuses them to create a “soft map”

Ψt =

|S|−1∑
i=1

Πi. (5.29)

Finally, to get a more comprehensive view of the surveilled area, we illuminate

the scenario from |S| viewpoints, as each BS in the network must act as a Tx

once in a scan cycle. Once all |S| soft maps are collected, the FC proceeds

to integrate all the information into an aggregated map

Ψ =

|S|∑
t=1

Ψt . (5.30)

This aggregated map can now be processed by clustering to perform multiple

target detection and estimation. It is worth noting that, while decentralized

fusion can reduce overhead by processing data locally at each base station,

our system requires centralized collection of range-angle maps at the FC to

maintain a global view of the scene and accurately associate measurements

across bistatic pairs. The selective data fusion strategy and in-sensor thresh-

olding described in previous sections are also applied to mitigate the raw

data volume, achieving a trade-off between information retention and over-

head reduction. Nevertheless, for accurate multi-target fusion, centralized

processing remains essential.

9Note that, because the range-angle maps are formed via periodogram estimation, the
performed fusion operation is non-coherent. This approach has the enormous benefit of
not requiring tight or phase-level synchronization between BSs. However, when complexity
is not an issue, coherent processing may also be performed [92].
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5.3.6 DBSCAN Clustering for Detection and Estima-

tion

In the search operating mode, clustering is employed to detect targets from

the aggregated map. As an initial step, an excision filter is applied to the

matrixΨ to filter out those elements of the map that are likely due to noise or

clutter. Given the lack of prior knowledge regarding noise, number of targets

and their feature, we adopt a scenario-dependent threshold. Precisely, we

first determine the peak value of the current aggregated map and use a fixed

percentage of this peak value to establish the threshold γ. The threshold γ

is thus defined as

γ = γd · max
(gx,gy)

{
[Ψ]gx,gy

}
(5.31)

where γd represents the fixed percentage with respect to the peak value.

Thresholding corresponds to ignoring the entries of the aggregated map below

the threshold γ. After thresholding, the remaining points are weighted based

on their intensity. Specifically, the aggregated map amplitude is quantized

into discrete levels, defined as

ℓ(gx, gy) =

⌊
[Ψ]gx,gy −min(Ψ)

max(Ψ)−min(Ψ)
· Lmax

⌉
, (5.32)

where ℓ(gx, gy) represents the level assigned to the point at coordinates

(gx, gy), Lmax is the maximum number of quantization levels, and [Ψ]gx,gy is

the amplitude of the aggregated map at the corresponding point. Points are

then replicated as many times as their assigned level ℓ(gx, gy), ensuring that

higher-intensity points contribute more prominently to the clustering pro-

cess, thus improving the detectability of smaller targets. Then, a DBSCAN

algorithm is employed to perform clustering. This algorithm specifies a max-

imum distance ξd for points to be considered part of the same cluster Cn,

as well as a minimum number of points, denoted as Nd, required to form

a cluster (as described in [68]). Finally, target estimation is conducted by

calculating the weighted mean of each cluster based on the amplitude in

the aggregated map of the corresponding points. The weighted mean ẑn of
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cluster n is given by

ẑn =

∑
ℓ∈Cn

Aℓpℓ∑
ℓ∈Cn

Aℓ

(5.33)

where pℓ = (px,ℓ, py,ℓ) are the positions of the points in cluster Cn and

Aℓ = [Ψ]px,ℓ,py,ℓ are the corresponding amplitudes in the aggregated map.

These position estimations are collected in the set Ẑ = {ẑ1, ẑ2, . . . }, which
represents the target detections extracted from the aggregated map.

The set Ẑ is then passed to tracking as the initial conditions for the

tracking phase; the number of targets detected is Q̂ = |Ẑ|.

5.4 Tracking Phase

In addition to the search operating mode, we designed the system to operate

also in tracking mode. However, since the study of tracking algorithms is

outside the scope of this paper, we assume that the system is operating in the

steady-state regime of a generic tracking algorithm, bypassing the transient

phase. Specifically, the target’s position is assumed to be estimated via

tracking with some uncertainty, modeled as a noisy measurement following,

e.g., a bivariate normal distribution; details will be provided in the numerical

results. Now, the Q̂ estimated targets are each characterized by the tow

parameters: ϕ̂q and θ̂q. The misalignment between the estimated and actual

target parameters is considered in the factor |γ(ϕq)|2 of (5.8), where the

impact of these estimation errors on system performance is evaluated.

5.4.1 Transmitted and Received Signals

In the tracking mode, the first operation at the Tx is to perform precod-

ing using a beamforming vector wT, with the goal of generating a multibeam

radiation pattern. This approach enables the system to allocate the appropri-

ate fractions of the available power to communication and sensing, allowing

the transmitted signals to effectively serve both purposes. The beamforming

vector wT is defined as

wT =
√
ρp wT,s +

√
1− ρpwT,c, (5.34)
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where ρp ∈ [0, 1] determines the portion of power apportioned to sensing.

The vectors wT,s and wT,c represent the beamforming weights for sensing

and communication, respectively.

For communication, we start with defining the beam steering vector

w̃T,c = ac(θT,c)/∥ac(θT,c)∥2, which is designed to maximize gain in the de-

sired communication direction θT,c. Subsequently, sidelobe suppression is

achieved by element-wise multiplying the communication beamforming vec-

tor w̃T,c with the window weight vector c, resulting in the final beamforming

vectorwT,c =
√
Pavgw̃T,c⊙c, where c is normalized to ensure ∥wT,c∥22 = Pavg.

For sensing, the beamwidth of the radiation pattern at both Tx and Rx

is determined separately for each target in the scenario based on the angu-

lar extent of its corresponding square region of interest (RoI), centered on

the estimated target position. This ensures that the entire RoI is illumi-

nated, increasing the likelihood of covering the target even in the presence

of localization uncertainty. Without this adaptation, the highly directional

beam—designed with sidelobe suppression—might fail to illuminate the tar-

get. The required beamwidth varies for each target depending on the RoI’s

proximity to the BS: closer regions require wider beams, while farther ones

approach the theoretical limit δθ imposed by beam steering. Since Tx and

Rx are not co-located, their different perspectives on both the target and its

RoI result in distinct beamwidth adaptations. The size of the RoI is chosen

to account for the worst-case target localization accuracy from the search

phase, ensuring that the beamforming strategy remains robust to potential

estimation errors. Therefore, beamforming for sensing is designed to gen-

erate multiple beams, each directed towards a tracked target with DoD ϕ̂q.

Following the approach in [77], the transmit beamforming vector is given by

wT,s =

√
Pavg/Q̂

∑Q̂−1
q=0 w̃T,q, where w̃T,q represents a unit-norm beamform-

ing vector designed to provide nearly constant gain across the corresponding

RoI, ensuring ∥wT,s∥22 = Pavg. To accommodate multiple targets, the trans-

mit power is evenly distributed by scaling the beamforming vector by
√
Q̂,

where Q̂ is the number of beams. Similarly, spatial combining at the Rx i

is performed over each DoA θ̂q,i by using the receiving beamforming vector

wR,i =
(
1/
√
Q̂
)∑Q̂−1

q=0 w̃R,i,q, where w̃R,i,q is the unit-norm beamforming

vector ensuring a consistent gain over the designated RoI, with ∥wR∥22 = 1.
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As for the search phase, during tracking a Dolph-Chebyshev window with a

30 dB peak-to-sidelobe ratio is employed, providing effective suppression of

sidelobes. An example of the resulting radiation pattern, showing multiple

beams during tracking, is illustrated in Fig. 5.2 in green.

It is worth noting that the durations of the search and tracking phases

are inherently asymmetric and dynamically scheduled. As previously stated,

in the proposed implementation, the search phase time is at least Tsearch =

MTs·|S|, corresponding to the total time required for each BS to cyclically act

as Tx while the others receive, ensuring multi-view bistatic coverage of the

scene. Once the initial target locations are estimated, the system enters the

tracking phase, which adopts a reduced sensing strategy without multi-view

diversity and thus requires only Ttrack =MTs of OFDM signal transmission to

perform sensing. The system remains in the tracking phase for a configurable

amount of time to continuously monitor target evolution with low overhead.

When scene changes are expected—such as the appearance of new targets or

disappearance of existing ones—the system switches back to the search phase

to refresh the situational awareness. The unequal durations of the two phases

are intentional and beneficial: they allow the system to operate efficiently by

alternating between high-resolution discovery and low-overhead monitoring.

5.4.2 Soft Maps

Here, starting from the periodogram estimation in (5.12), we first compute

the mean across the Doppler frequencies to extract the range profile ri =

(Pi(1), . . . , Pi(Kp,i))
T with

Pi(l) =
1

Mp

Mp−1∑
p=0

Pi(l, p) . (5.35)

This way, we exploit processing gain via averaging while discarding informa-

tion about target velocities. Moreover, unlike the search mode, where only

the maximum peak of the periodogram is retained, here the mean operation

preserves the information of all targets since, in the tracking mode, we il-

luminate each target with a specific beam rather than scanning the entire

environment. The resulting vector obtained at each Rx, ri, of dimension
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Kp,i × 1, is then delivered to the FC without any further in-sensor process-

ing [39,41].

Exploiting the above soft information, the FC generates a score map

S of the surveillance area through a cell scoring (or cell voting) process.

Accordingly, the area is divided into Nx×Ny grid cells, each of size ∆x×∆y

represented by indexes (nx, ny). Each element Pi(l) scores one or multiple

grid cells, as follows. We denote by τi(l) the ToA corresponding to the

element Pi(l). In a multistatic network, a sample Pi(l) scores all cells that

are crossed by an ellipse with equation (5.1) and major axis cτi(l) = Rbis,i(l).

The “amplitude” of the ellipse associated with the lth element of ri is first

evaluated as

Vi(l) =
Pi(l)

1
Kp,i

∑Kp,i

l=1 Pi(l)
, (5.36)

thereby obtaining a total of Kp,i ellipses from each sensor. Then, the scoring

process is performed, where the score obtained by each of the Nx ×Ny grid

cells is defined as

Si(nx, ny) = max
l=1,...,Kp,i

Vi(l)I(l, nx, ny). (5.37)

In (5.37), the element I(l, nx, ny) equals 1 if the lth ellipse passes through the

grid cell (nx, ny), and 0 otherwise. Depending on the bistatic range resolution

of the Rx node and on the dimension ∆x×∆y of the grid cells, one cell may,

in principle, be scored by several ellipses; in light of this, according to (5.37),

only the largest received score by the grid cell is counted as its final score.

Finally, one score map Si is obtained for each Tx-Rx pair.

The score maps Si produced from all Rxs are fused, in a non-coherent

manner, to construct an overall score map.

Σ(nx, ny) =

|S|∏
i=1

Si(nx, ny). (5.38)

In case a point-like target is present in the scenario (Q̂ = 1), from the fusion of

the soft bi-dimensional maps obtained for each Tx-Rx pair in the surveillance

area, the location of the peak in (5.38) returns the estimated position of the
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target as
ẑ = (ẑx, ẑy) = argmax

(ix,iy)

{
[Σ]ix,iy

}
. (5.39)

5.4.3 Clustering and Estimation of Multiple Targets

When multiple targets are present in the scenario, the estimated positions

cannot be obtained using (5.39). Rather, a clustering algorithm is necessary

to identify multiple targets from the overall score map Σ. In the track-

ing operating mode, since the system has prior knowledge of the number

of targets from previous detections, a k-nearest neighbors (k-NN) algorithm

with k = 1 is employed. This approach leverages the known target posi-

tions from earlier time instants to enhance clustering accuracy, unlike in the

search mode, where the number of clusters is unknown and needs to be esti-

mated. The clustering process uses a gating parameter ξNN to group points

that are likely associated with the previously detected targets into a set of

clusters [93]. Once clustering is performed, each cluster’s centroid, represent-

ing an estimated target position, is calculated. To accurately estimate the

positions of the targets, we compute the weighted mean of the points within

each cluster. The weighted mean ẑn of the nth cluster Cn is calculated using

the amplitudes of the points within the cluster, which are derived from the

fused map, as

ẑn =

∑
ℓ∈Cn

Aℓpℓ∑
ℓ∈Cn

Aℓ

. (5.40)

Here, pℓ = (px,ℓ, py,ℓ) represents the position of the point within cluster Cn,

and Aℓ = [Σ]px,ℓ,py,ℓ denotes the corresponding amplitude in the overall score

map Σ.

This weighted mean approach ensures that points with higher amplitudes

have a greater influence on the estimated target position, thus yielding a

more accurate location estimate. These position estimates are then stored in

the set Ẑ of target position estimates. It is worth highlighting that, unlike

during the search phase, the number of clusters in this operational mode is

predetermined based on the number of targets identified during the search

phase.
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5.5 Numerical Results

5.5.1 System and Scenario Parameters

Numerical simulations are conducted to evaluate the performance of the pro-

posed multistatic JSC system. The system’s main parameters, shared by all

BSs are summarized in Table 5.1. For the angular coverage, the scanning an-

gle at the BS is set to θ0 = 58.8◦, ensuring an angular aperture of 120◦ with a

beamwidth of δθ = 2.4◦. At each Rx, M = 336 OFDM symbols, modulated

with a QPSK alphabet, are collected. Additionally, the target RCS is mod-

eled following a Swerling I distribution with average value σ̄rcs. The noise

PSD is calculated as N0 = kBT0F , where T0 = 290K is the reference tem-

perature, F = 13 dB is the receiver noise figure, and kB = 1.38× 10−23 JK−1

is the Boltzmann constant. A square surveillance area of 120m × 120m

is monitored by the multistatic MIMO system with |S| = 5 BSs, located

at (0m, 60m),(−60m, 0m), (−30m,−52m), (30m,−52m), and (60m, 0m),

respectively. Targets are randomly generated, at each Monte Carlo iteration,

with a uniform distribution within a square area of 70m × 70m, centered

at the origin of the surveillance area, ensuring that they remain within the

field of view of all BSs. To ensure a more realistic simulation, the spatial

distribution of targets is considered. A minimum separation of 1 meter is

enforced to prevent overlap. Each target moves with velocity v = (vx, vy),

where each component of the velocity is drawn from a uniform distribution

ranging from −20m/s to 20m/s. Additionally, we account for clutter in the

surveillance area by generating L = 25 clutter points, uniformly distributed

within the same area of interest as the targets. Unlike the targets, all clutter

points are static, representing ground clutter, and therefore have zero ve-

locity. Furthermore, the clutter points remain fixed across all Monte Carlo

iterations. The performance of the multistatic JSC system is evaluated in

both the search and tracking modes, as follows.

Search Mode: In this mode, the BSs scan the environment to detect new

targets and eliminate those that are no longer present. Each BS takes turns

acting as the Tx until the completion of all scan cycles. The resampled maps

Π generated by each BS in receiving mode during each scan cycle cover the
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Figure 5.4: Example of aggregated map computed according to (5.30). Each BS
acts as Tx once in a round-robin fashion.

Figure 5.5: Example of overall score map computed according to (5.38).
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entire surveillance area, with Rx = Ry = 701 grid points and a resolution

of δx = δy = 0.1m. An example of an aggregated map, generated using

the metric in (5.30), is shown in Fig. 5.4, assuming three targets at positions

(−20m,−5m), (−6m,−5m), and (10m, 15m), with velocities (17, 19) [m/s],

(19, 13) [m/s], (3, 2) [m/s], respectively.

Tracking Mode: In this mode, one BS is designated as the Tx, specifi-

cally the BS at (0m, 60m), while the others function as Rxs until the search

mode is reactivated. Under the assumption that the number of targets and

their positions at previous time instants are known, a characteristic feature of

common tracking algorithms, the sensors in the system use prior estimates of

the targets’ DoD and DoA to align the sensing beams with the targets. This

alignment ensures that the sensing beams directly illuminate the targets.

However, since implementing a tracking algorithm was beyond the scope of

this work, we simulated the effect of tracking errors in the clustering algo-

rithm. Instead of using the exact previous positions, we introduced Gaussian

noise to these estimates. The noise was modeled as N(0, σ2) with σ2 = 1m2,

simulating the uncertainty in the target positions. Finally, in this tracking

mode, the soft maps generated by each sensor cover the entire surveillance

area with Nx = Ny = 401 grid points and a resolution of ∆x = ∆y = 0.3m.

Unless otherwise specified, the fraction of power allocated to the sensing

beam is ρp = 0.1, meaning that 90% of the power is allocated to the com-

munication beam. Using the same scenario as in Fig. 5.4, an example of a

score map generated using the metric in (5.38) is shown in Fig. 5.5.

5.5.2 Performance Metrics

Given the complex scenario involving multiple point-like targets, the GOSPA

metric is one of the metrics employed to assess the sensing performance of the

network. The GOSPA metric is commonly used to evaluate tracking perfor-

mance in multi-target or multi-scatterer environments because it integrates

both localization accuracy and detection capability into a single metric, while

accounting for false alarms and missed detections [71]. The p-order GOSPA

metric, computed for each Monte Carlo iteration, follows (2.23). When the

order parameter p = 2, the first term in (2.23), which represents the lo-
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Table 5.1: System parameters

Base Station

fc Center frequency 28GHz
∆f Subcarrier spacing 120 kHz
K Active subcarriers 3168
M Number of OFDM symbols 336
NT Number of transmitting antennas 50
NR Number of receiving antennas 50
|S| Number of base stations 5

Tscan Scan duration 3ms
Tsearch Search mode duration 15ms

δθ Beamwidth 2.4°
θ0 Starting scan angle 58.8°

Ndir Search scan directions 50
ρp Fraction of power for sensing during tracking 0.1
ROI Region of interest 9m2

Simulation Parameters

δx, δy Resampling grid resolution 0.1m
∆x,∆y Score map resolution 0.3m
NMC Monte Carlo iterations 1000
γres Area threshold 5m2

FAR False Alarm Rate 10−2

Clustering

ξNN Gate k-NN 3m
γd DBSCAN percentage threshold 5%
ξd Gate DBSCAN 2m
Nd Minimum number of points DBSCAN 50

GOSPA Metric

p GOSPA order 2
ξg GOSPA gate 5

calization error, can be interpreted as the mean squared error between the

estimated and true target positions. By computing the average squared error

over effectively assigned targets, the corresponding RMSE metric is obtained,

defined as

RMSE =

√√√√ 1

|ζ g|

|ζg|−1∑
q=0

(ζg,q − ζ∗g,q)
2 (5.41)

where ζg ⊆ Z is the subset of actual targets that are optimally assigned, and

ζ∗g ⊆ Ẑ is the subset of estimated target that are optimally assigned.
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The second term in (2.23) can be decomposed into

ξpg
2
(|Z| − |ζ∗g |) +

ξpg
2
(|Ẑ| − |ζ∗g |) .

where the first component is proportional to the missed detection rate, RMD,

and hence the detection rate, RD, while the second component corresponds

to the false detection rate, RFD. These rates are defined as

RD =
|ζ∗g |
|Z| , RFA =

|Ẑ| − |ζ∗g |
|Ẑ|

, RMD = 1−RD.

In the tracking mode, where the number of estimated targets matches the

number of actual targets (i.e., |Z| = |ζ∗g |) the GOSPA metric does not ac-

count for cardinality errors—arising from a mismatch in the number of es-

timated and true targets—but only for localization errors. Consequently,

under these conditions, the GOSPA metric is functionally equivalent to the

RMSE, as both measure localization accuracy without penalizing cardinality

mismatches.

Note that in numerical simulations, all the metrics introduced above,

including GOSPA and RMSE, have been averaged over the number of Monte

Carlo iterations to ensure statistical reliability.

5.5.3 Search Phase Results

In Fig. 5.6 and Fig. 5.7, the system performance is shown as a function of

the number of targets in the surveilled area during the search phase. Specif-

ically, the GOSPA results show that as the transmitted power increases, the

GOSPA error also increases, while the cardinality error remains consistent

across the different cases. For this reason, to further investigate the system

performance during the search phase, the results are presented in terms of

RMSE. While GOSPA was introduced earlier and noted to coincide with

RMSE when cardinality is correct, the number of targets is unknown during

the search phase. Therefore, the RMSE in (5.41) is used here to provide a

clearer measure of localization accuracy, offering a direct measure of localiza-

tion performance. An unexpected trend is observed: performance degrades
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Figure 5.6: Results in the search phase showing the GOSPA, RMSE, and cardi-
nality error as a function of the number of targets present in the surveilled area,
obtained by averaging over the Monte Carlo iterations. Dashed lines represent
performance results when reliability maps M are not applied.

as the transmitted power increases. This counterintuitive behavior can be

attributed to the nature of the aggregated map in (5.30). At higher power

levels, the map becomes more cluttered due to the accumulation of spurious

detections and elongated target representations. This is caused by a misalign-

ment between the actual direction of the target and the scanning directions,

along with the presence of clutter. Targets near the baseline are particu-

larly affected, as consecutive scanning directions tend to overlap, causing the

targets to appear elongated in the aggregated map. To mitigate this issue,

reliability maps are employed, as shown in Fig. 5.3. As clearly exemplified

in Fig. 5.6, application of these maps helps reducing the impact of spuri-

ous detections substantially, improving overall performance. Nonetheless,

higher transmitted power can still exacerbate map contamination, leading

to a deterioration in performance. Additionally, results show a significant

degradation in GOSPA performance for PT = 20 dBm, primarily due to

an increase in cardinality errors. This degradation arises from two factors:

the noise threshold η used to filter each range-angle map and the DBSCAN

clustering parameters. A high noise threshold may result in smaller clusters

that the clustering algorithm fails to identify as targets, instead classifying

them as outliers. Fig. 5.7 also illustrates that this degradation is linked to a

lower acquisition rate, indicating that missed acquisitions, rather than false
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Figure 5.7: Results in the search phase showing the acquisition rate, false acquisi-
tion rate and missed detection rate as a function of the number of targets present in
the surveilled area, obtained by averaging over the Monte Carlo iterations. Dashed
lines represent performance results when reliability maps M are not applied.

alarms, are the primary cause. Again, it can be seen how application of the

proposed reliability maps provides tangible performance benefits.

5.5.4 Tracking Phase Results

The performance of the multistatic system during the tracking phase is illus-

trated in Fig. 5.8. For this analysis, various configurations of PT and average

RCS σ̄rcs have been considered. In this phase, knowledge of the number

of targets and their approximate positions enables the multistatic system

to localize the clusters more accurately within the map, thereby facilitating

continuous tracking of the targets’ locations. The spatial diversity achieved

through beamforming in both transmission and reception plays a crucial role,

allowing direct illumination of the targets. This leads to sub-meter level accu-

racy, representing a significant improvement over the search phase. Moreover,

the spatial diversity provided by beamforming not only enhances localization

accuracy but also reduces clutter effects, thereby improving overall system

performance. This benefit becomes particularly evident under challenging

conditions, such as those with high noise or clutter. This results in further

performance gains, as demonstrated in Fig. 5.8, where the system’s perfor-

mance is analyzed under varying tracking algorithm accuracy. The analysis
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shows that the system achieves better performance as the accuracy of the

tracking algorithm improves. Specifically, reducing the variance of the noise

introduced in the simulated tracking algorithm leads to more accurate target

localization and enhanced overall performance.

5.6 Conclusion

In this Chapter, we investigated a multistatic system based on OFDM sig-

nals, designed to operate in two distinct modes: search and tracking. In

the search phase, the system leveraged the cooperation among multiple BS

and employed range-angle maps to detect and localize targets. The perfor-

mance analysis, presented through the GOSPA and RMSE metrics, revealed

that the system’s performance was influenced by the transmitted power and

RCS. Interestingly, an increase in transmitted power resulted in increased

GOSPA errors, primarily due to map contamination caused by clutter, spu-

rious detections, and target elongation. However, the use of reliability maps

effectively mitigated these spurious effects. Furthermore, cardinality errors
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observed at lower power settings highlighted the importance of noise thresh-

olding and DBSCAN clustering parameters, which impacted the acquisition

rate. In the tracking phase, the system benefited from prior knowledge of tar-

get positions, enabling more precise localization. Spatial diversity, achieved

through beamforming at both transmission and reception, played a criti-

cal role in improving localization accuracy and reducing clutter effects. This

phase demonstrated sub-meter level accuracy and showed better performance

under challenging conditions, such as high noise or clutter. The performance

improvement was particularly significant when the tracking algorithm’s ac-

curacy was enhanced by reducing the noise variance.



Conclusion and Future

Directions

This thesis has presented a comprehensive exploration of JSC systems within

the framework of 5G and beyond, leveraging monostatic, bistatic, and mul-

tistatic configurations for cooperative target detection and localization. The

findings highlight the significant potential of integrating sensing capabili-

ties into mobile communication networks, with particular emphasis on sys-

tem performance under various configurations and operational scenarios. In

the monostatic case, the proposed framework demonstrated the ability to

seamlessly integrate OFDM-based communication systems with cooperative

sensing across multiple BSs. By fusing soft range-angle maps at a FC and

employing resource management strategies, sub-2-meter localization accu-

racy was achieved for both extended and point-like targets. Notably, these

results were obtained while maintaining a downlink communication capac-

ity exceeding 1.3Gbit/s, emphasizing the feasibility of JSC for dual-purpose

networks. In the bistatic configuration, the adaptability of 5G NR wave-

forms for sensing applications was confirmed. Under LOS conditions, high

localization accuracy was obtained; however, DoA estimation emerged as

the primary limitation, with performance influenced also by blind zones and

narrow-bandwidth numerologies. Despite these challenges, the system main-

tained coverage exceeding 70% for baselines up to 100m. For multistatic

systems, bothMISO and MIMO architectures were examined. In MISO se-

tups, soft map fusion was shown to outperform LS localization, particularly

when sensing resources were constrained. This approach also addressed the

blind zone issues inherent in bistatic setups, resulting in improved coverage

and reliability. MIMO systems further advanced the sensing capabilities by
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employing dual modes of operation—search and tracking. The search phase

leveraged cooperative detection using range-angle maps, while the tracking

phase capitalized on spatial diversity and beamforming to achieve sub-meter

localization accuracy, even under challenging conditions such as high clutter

or noise. Across all configurations, the interplay between sensing resource

allocation, noise thresholding, and clustering parameters was pivotal in bal-

ancing communication and sensing performance. The use of reliability maps

and clustering techniques like DBSCAN emerged as essential tools to mitigate

the effects of clutter, spurious detections, and target elongation, particularly

in high-power scenarios. Importantly, results were directly compared with a

monostatic baseline, demonstrating that bistatic configurations can enhance

sensing coverage relative to the monostatic case.

In conclusion, this thesis underscores the transformative potential of inte-

grating JSC into 5G networks, showcasing solutions for overcoming key chal-

lenges such as blind zones, clutter, and resource constraints. The results pro-

vide a solid foundation for future advancements in JSC technologies, paving

the way for enhanced situational awareness in applications ranging from au-

tonomous systems to smart city infrastructures. In particular, moving be-

yond fixed power allocation, future studies should develop adaptive schemes

that leverage real-time channel and traffic conditions. Reinforcement learn-

ing or optimization algorithms could dynamically reassign transmit power,

particularly for BSs idle in either communication or sensing tasks, to optimize

the trade-off between sensing accuracy and communication quality. In sce-

narios where Tx and Rx are not fixed—such as vehicle-to-everything (V2X),

V2V, or UE sensing—adaptive beamforming and beam tracking techniques

can mitigate alignment errors and signal fluctuations, improving coverage and

robustness in dynamic environments. As sensors become mobile, synchro-

nization errors and time-varying multipath correlations present significant

challenges. Future work should investigate joint synchronization-refinement

algorithms and multipath-aware fusion methods to ensure coherent process-

ing across distributed, moving nodes. Finally, beyond classical map fusion

and DBSCAN, advanced machine learning models—such as graph neural

networks or deep multi-sensor tracking frameworks—could adaptively learn

complex target and clutter dynamics, enhancing tracking fidelity in non-
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stationary environments.

By pursuing these avenues, future JSC systems are poised to further

bridge the gap between communication and sensing functionalities, enabling

fully integrated networks with heightened situational awareness for applica-

tions spanning autonomous platforms, smart-city deployments, and beyond.
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[85] R. S. Thomä et al., “Characterization of multi-link propagation and

bistatic target reflectivity for distributed multi-sensor isac,” 2023.

[86] E. Fishler, A. Haimovich, R. Blum, L. Cimini, D. Chizhik, and R. Valen-

zuela, “Spatial diversity in radars—models and detection performance,”

IEEE Trans. Signal Process., vol. 54, pp. 823–838, Mar. 2006.



Bibliography 129

[87] S. K. Dehkordi, L. Pucci, P. Jung, A. Giorgetti, E. Paolini, and G. Caire,

“Multistatic parameter estimation in the near/far field for integrated

sensing and communication,” IEEE Trans. Wireless Commun., vol. 23,

pp. 17929–17944, Dec. 2024.

[88] J. T. Rodriguez, F. Colone, and P. Lombardo, “Supervised reciprocal

filter for ofdm radar signal processing,” IEEE Trans. Aerosp. Electron.

Syst., vol. 59, pp. 3871–3889, Aug. 2023.

[89] M. Golzadeh et al., “Downlink sensing in 5G-advanced and 6G:SIB1-

assisted SSB approach,” in Proc. IEEE 97th Vehicular Technology Con-

ference (VTC2023-Spring), pp. 1–7, June 2023.

[90] B. Sobhani, E. Paolini, A. Giorgetti, M. Mazzotti, and M. Chiani, “Tar-

get tracking for UWB multistatic radar sensor networks,” IEEE Trans.

Signal Process., vol. 8, no. 1, pp. 125–136, 2014.

[91] T. Bacchielli, L. Pucci, E. Paolini, and A. Giorgetti, “A low-complexity

detector for OTFS-based sensing,” IEEE Trans. Wireless Commun.,

Mar. 2025.

[92] D. Tagliaferri, M. Manzoni, M. Mizmizi, S. Tebaldini, A. V. Monti-

Guarnieri, C. M. Prati, and U. Spagnolini, “Cooperative coherent mul-

tistatic imaging and phase synchronization in networked sensing,” IEEE

J. Sel. Areas Commun., vol. 42, pp. 2905–2921, June 2024.

[93] J. Watt, R. Borhani, and A. K. Katsaggelos, Machine Learning Refined.

Cambridge University Press, 2016.




	Abstract
	Acronyms
	Introduction
	Fundamentals of Radar Systems
	OFDM-based JSC systems
	Cooperative Monostatic Networks
	Bistatic JSC Systems
	Multistatic JSC systems

	Main Contributions
	Thesis Organization and Notation

	Monostatic Joint Sensing and Communication with OFDM
	System Model
	Multipath Channel Model
	Target Model
	Range-Angle Map at the Base Station
	Network Capacity and Communication Overhead

	Multi-Sensor Data Fusion and Estimation
	Maps Fusion from Multiple Cooperating BS
	Target Clustering

	Numerical Results
	Performance Metrics
	System and Scenario Parameters
	Impact of the Fraction of Power rho_p
	Impact of the Fraction of Subcarriers rho_f
	Impact of the Fraction of Time rho_t
	Impact of Number of Sensors N_s

	Conclusion

	Design and Implementation of Bistatic JSC Systems
	Introduction
	System Model
	Bistatic range and Doppler shift
	Maximum Bistatic Range and Blind Zone
	Transmitted and Received Signal
	Received Power and Cassini Ovals

	Estimation of Target Parameters and Detection
	Estimation of the Number of Targets and DoAs
	Range-Doppler Estimation and Localization

	System Level Analysis
	RMSE vs SNR
	Coverage Analysis

	Conclusion

	Performance Analysis of a Multistatic MISO JSC System
	Introduction
	System Model
	Transmitted and Received Signals
	Received Power and Cassini Ovals

	Estimation Techniques and Localization
	Bistatic Range Estimation
	Least Square Algorithm
	Soft Maps Fusion

	System-Level Analysis
	RMSE vs rho Analysis
	System Coverage Analysis

	Conclusion

	Enhanced Data Fusion in Multistatic MIMO-OFDM JSC
	Introduction
	System Model
	Transmitted and Received Signals
	Sensing Received Power and SNR
	Bistatic Range-Doppler Maps

	Search Phase
	Scanning of the Area with Beamforming
	Range-Angle Map Calculation
	Reliability Maps for Selective Data Fusion
	Dynamic Role Rotation for Multi-View Perception
	Fusion of Range-Angle Maps
	DBSCAN Clustering for Detection and Estimation

	Tracking Phase
	Transmitted and Received Signals
	Soft Maps
	Clustering and Estimation of Multiple Targets

	Numerical Results
	System and Scenario Parameters
	Performance Metrics
	Search Phase Results
	Tracking Phase Results

	Conclusion

	Conclusion and Future Directions
	List of Figures
	Bibliography

