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CHAPTER 1

INTRODUCTION

The immense potential of Integrated Sensing and Communication (ISAC) to shape
the next generation of wireless communication has sparked significant interest in the
industry, particularly in the context of sixth-generation (6G) networks [2]. By merging
sensing and communication functionalities, ISAC is anticipated to play a pivotal role
in diverse applications, such as autonomous systems, while enhancing communication

speeds and reducing latency [3].

COl‘I]IIlLll’llC ation
receiver

ISAC Transceive

Target

Figure 1.1: ISAC system example using single base station for both functionalities.

The technology is expected to leverage advanced millimeter-wave (mmWave) fre-
quencies (30 GHz to 300 GHz) and Terahertz frequencies (300 GHz to 3 THz) to

1



achieve extremely high data rates and minimal latency while ensuring sensing accuracy
[4]. Furthermore, ISAC is poised to deliver precise and reliable sensing capabilities.
With advancements and increased rate of Unmanned Aerial Vehicles (UAVs) manufac-
turing, UAVs have been proposed as alternatives to range-diminished and overloaded
base stations in scenarios such as football matches, concerts, and emergencies [5]. Con-
sequently, UAVs are now attracting significant attention for their potential to assist
ISAC systems. Although UAVs offer remarkable mobility compared to location-fixed
base stations, designing their trajectories poses challenges due to the demand of their
tasks and the limited power resources provided by in the form of batteries. As such,
the joint design of ISAC systems and UAV trajectories has garnered the interest of

academic and scientific researchers.

1.1 Integrated Sensing and Communications

ISAC is a fully integrated system that incorporates cross-temporal, cross-spatial, and
cross-spectrum sharing of resources, providing mutual benefits for both communica-
tion and sensing functionalities [6]. Although the term Integrated Sensing and Com-
munication is widely adopted in recent literature, it is also known by other names and
acronyms, such as Joint Radar and Communication (JRC), Radar-assisted Commu-
nications (RAC), and Communication-assisted Radar (CAR).

Since sensing can be regarded as communication with non-cooperative users, en-
tire communication networks can also function as sensing networks without disrupting

their communication functionalities. This dual functionality has become increasingly



feasible due to the existing communication infrastructure. Such networks offer addi-
tional benefits, including synchronization, sensory data transportation, and waveform
sharing, while enabling advanced sensing capabilities such as high-accuracy localiza-
tion, activity recognition, and passive object detection and tracking [6]. Similarly,
sensing can enhance communication functionalities by providing physical information
that aids in improving communication systems. Examples of such information include
precise physical locations for accurate beamforming, blockage detection and predic-
tion, and Channel State Information (CSI) [6].

Beyond the informational, spatial, and modular sharing benefits, ISAC also of-
fers spectrum-sharing advantages. By utilizing the same bands in some applications,
ISAC has the potential to free up large amounts of spectrum for other uses. Addi-
tionally, ISAC’s temporal sharing capability allows it to operate both communication
and sensing functionalities in real-time, eliminating the need to coordinate operational

windows for these systems.

1.2 Airborne ISAC Systems

The evolution of airborne ISAC systems has been primarily driven by the need for
more efficient, reliable, and versatile technologies. Traditionally, airborne platforms
such as aircraft, drones, and balloons utilized separate systems for sensing and com-
munication. These systems operated independently, often resulting in inefficiencies
in data processing, transmission, and decision-making, as well as limitations in their

spatial operations. Due to their capability for mobile deployment, airborne platforms



inherently possess the ability to establish direct Line of Sight (LoS) with ground users
or sensing targets. By integrating sensing and communication functionalities into
airborne platforms, capabilities such as real-time sensing and data transmission, en-
hanced situational awareness, and improved operational efficiency in highly dynamic
become achievable.

Recently, a wide variety of applications for airborne ISAC systems have emerged,
including air traffic management, environmental monitoring, disaster rapid response,
infrastructure inspection, and telecommunications, to name a few. However, these
benefits come with significant challenges. The integration and miniaturization of such
systems are highly complex, and issues such as resource allocation and availability,
security, and reliability present additional challenges that demand advanced solutions

and focused attention.

1.3 Reinforcement Learning for ISAC Systems

ISAC systems aim to maximize resources utilization by enabling joint sensing and
communication, thereby addressing the demands of emerging applications such as
autonomous systems, smart cities, and advanced radar systems. However, the inher-
ent complexity of ISAC systems, characterized by high-dimensional data, dynamic
environments, and stringent performance requirements, poses significant design and
optimization challenges [3]. Machine Learning (ML), is a powerful tool for solving
complex, high-dimensional optimization problems in wireless systems. By leverag-

ing large-scale data, ML techniques can model intricate relationships, predict system
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Figure 1.2: RL agent and environment interaction

behaviors, and optimize resource allocation strategies. In the context of ISAC, ML
is increasingly being utilized to enhance functionalities such as JRC waveform de-
sign, beamforming, resource management, interference management, feature extrac-
tion from sensed data, and blockage and hand-off prediction, to name a few. These
data-driven approaches provide a level of adaptability and efficiency that traditional
rule-based methods often fail to achieve [7].

Among ML paradigms, RL, in particular Deep Reinforcement Learning (DRL),
stands out as a promising framework for ISAC systems due to its ability to model
decision-making in dynamic and uncertain environments.

RLis a machine learning technique that allows an agent to learn within an in-
teractive environment by trial and error, leveraging feedback from its actions and
experiences. In the context of ISAC systems, the agent can represent either the ISAC
system itself or an enabling entity, while the environment encompasses data collected
regarding the operation of the ISAC system, such as communication metrics, sensing
metrics, or physical metrics. Figure 1.2 illustrates a typical interaction between the
agent and the RL environment. The agent observes the environment’s state .S;, based
on which it performs an action A;. This action alters the environment in some way,

resulting in a reward R;, which indicates the effectiveness of the action taken in in-



fluencing the environment. RL algorithms are broadly classified into model-free and
model-based approaches [8]. Model-free algorithms enable the agent to learn directly
through interactions with the environment, without requiring a model of the environ-
ment’s dynamics. In contrast, model-based algorithms utilize a learned or predefined
model of the environment to allow the agent to predict future states and rewards,
enabling planning and decision-making based on these predictions.

The ability to learn from interacting with the environment and acting upon this
interaction is particularly relevant for ISAC systems, where real-time adaptation to
operational and environmental changes is critical for maintaining sensing accuracy and
communication performance [9], [10]. By leveraging RL, ISAC systems can dynami-
cally optimize parameters such as resource allocation, trajectory planning (specially
in UAV-enabled scenarios), and resource sharing between sensing and communication

tasks to balance trade-offs [11].



1.4 Motivation

Despite significant advancements in the study of UAV-enabled ISAC systems, there
remains a critical gap in the practical implementation of ISAC beamforming and
channel characterization models that address several key challenges. These challenges
include the limited resources available at the UAV, the interference caused to users by
transmitting sensing signals, the complexities of operating in built-up environments,
and the multi-dimensional problem of tracking a moving target of interest while the
UAV itself is mobile. To address these gaps, the main objectives of the research in

this study are summarized as follows:

» Investigate the system-level performance in UAV-enabled ISAC systems and ex-
plore effective methods for multi-user communications and multi-target sensing

under constrained conditions.

e Develop a generalized channel model that accounts for environmental and re-

source constraints specific to UAV-enabled ISAC systems.

e Design and optimize ISAC trajectory and plan strategies under similar environ-

mental and resource constraints.



1.5 Main Contributions

In this thesis, we propose a comprehensive framework for UAV-enabled ISAC sys-
tems that explicitly considers the power constraints inherent to UAV operations. The
framework includes an HBF design tailored to enable simultaneous communication
and sensing. We develop a general geometric-based model to characterize the proba-
bility of LoS between the UAV and ground-based targets or users in complex built-up
environments. This model accounts for the spatial distribution and density of build-
ings in an urban environment, to accurately predict the LoS probability for various
UAV altitudes and positions. Lastly, to address the challenges posed by the random-
ized environments, we introduce a DRL-based model for optimizing UAV trajectories.
The proposed model leverages the developed geometric model for LoS probability to
guide trajectory planning and decision-making. By incorporating environmental con-
straints and real-time feedback, the DRL model learns to navigate the UAV efficiently,
ensuring the optimality of communication performance while actively sensing moving
targets. Therefore, the primary contributions of this thesis can be summarized as

follows:

o A design for UAV-enabled ISAC system that performs sensing and communica-

tions simultaneously by employing a hybrid beamforming model.

o Analysis of the proposed model’s spectral efficiency and information outage

probability, and target’s detection, localization and tracking.

o A generalized geometric-based model to characterize the probability of LoS in



regular and irregular landscapes.

o A DRL-based UAV trajectory optimization model with emphasis on communi-

cation performance while performing sensing operations.

o hyperparameters for the DRL-based model using the Bayesian optimization

method.

1.6 Thesis Structure

The thesis is structured as follows.

o Chapter 2: discusses previous publications on integrated sensing and commu-
nications systems, UAV-enabled ISAC system, UAV-enabled ISAC trajectory

optimizations, and ISAC Beamforming designs.

o Chapter 3: presents a low-complexity UAV-enabled ISAC framework that en-

ables simultaneous sensing and communication.

o Chapter 4: discusses the characterization of built-up urban environments, and

proposes a geometrical model that characterizes the probability of line of sight

(LoS).

o Chapter 5: proposes a proximal policy optimization model to optimize the

trajectory of a UAV-enabled ISAC system.

o Chapter 6: discusses final remarks and conclusions, and presents future re-

search direction.



CHAPTER 2

LITERATURE REVIEW

In this chapter, we review and present the state-of-the-art advancements in ISAC
systems, with a focus on UAV integration, trajectory optimization, and beamforming
designs. These developments highlight the growing importance of ML techniques,

particularly RL, in addressing the complex challenges of ISAC systems.

2.1 Joint Sensing and Communications

By leveraging advanced sensing and communication capabilities, ISAC offers trans-
formative opportunities across a range of industries and applications [12], [13]. These
capabilities are enabled by techniques such as Communication and Radar Spectrum
Sharing (CRSS), spatial and temporal coexistence, and real-time operation. Over
the past decade, research has focused on exploring innovative approaches to enhance
the design of ISAC systems. One research direction emphasized the independent
enhancement of radar and communication functionalities, leading to Radar and Com-

munication Coexistence (RCC) designs that aim to establish an interface between

10



these functionalities to mitigate spectrum interference [13], [14], [15], [16], [17]. How-
ever, coexistence designs have been shown to be inefficient due to the complexity of
developing control layers or techniques to manage the sharing of information between
radar and communication systems [13]. An alternative research direction has focused
on dual-functionality designs that enable simultaneous remote sensing and communi-
cation. These designs can be categorized into radar-centric, communication-centric,
or joint approaches. Dual-Function Radar and Communication (DFRC) systems have
gained considerable attention for their real-time operation, efficient spectrum sharing,
and temporal and spatial processing capabilities [13].

Such designs have been widely investigated with a focus of optimizing radar perfor-
mance under communication constraints. For instance, the authors in [18] proposed a
JRC scheme that maximizes the Mutual Information (MI) of a radar target by opti-
mizing radar transmission power under constraints of covertness and information rate.
In [19], a matched filter bank technique was introduced to enhance radar performance
in systems utilizing DFRC signals. Li et al. in [20] developed a range-space-time
response method to estimate range, angle, and Doppler profiles from a 3D radar
signal model employing a radar system with frequency diverse array Multiple-Input
Multiple-Output (MIMO). Additionally, in [21], the Lagrange multiplier method com-
bined with a cyclic optimization algorithm was used to design a radar-centric system

for joint carrier and power allocation.

11



2.2 UAV-Enabled ISAC Systems

Many of the existing ISAC networks provide both communication and sensing func-
tionalities from a fixed location or a ground-based mobile platform, such as vehicle-
to-everything (V2X) or vehicle-to-vehicle (V2V) systems. However, these systems are
severely affected by the status of LoS conditions [22]. To mitigate this limitation,
researchers are looking into UAVs due to their flexibility and attractive features in
positioning themselves in favorable locations, thereby ensuring LoS communications
and sensing [23].

Despite these advantages, UAVs face significant challenges stemming from their
limited size, weight, and power availability [24]. Taking LoS conditions into account,
Orikumhi et al. in [25] designed a UAV-assisted ISAC system for multi-user downlink
communication in the Millimeter Wave (mmWave) band. This system integrates envi-
ronmental sensing with user tracking while simultaneously providing communication
services. By utilizing sensed information, the system predicted potential blockages
and identifies alternative communication paths to maximize the future communica-
tion sum-rate. Their findings highlighted the significant influence of UAV deployment
and trajectory design on effectively managing the inherent sensing and communication
trade-offs.

In scenarios where blockages hinder accurate sensing and communication, UAVs
have also been proposed as relays. For instance, the authors in [26] introduced a power
allocation scheme designed to optimize achievable sum rate in a decode-and-forward

relay network utilizing ISAC, while simultaneously ensuring minimum positioning ac-
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curacy for both UAVs and users. Similarly, a multi-objective optimization problem
was formulated in [27] to maximize the energy efficiency of a UAV-assisted ISAC sys-
tem and minimize radar MI. This was achieved through the joint optimization of user
scheduling, transmission power, and UAV trajectory.

In addition to these advancements, researchers have explored algorithms to en-
hance resource management in single or multi-UAV scenarios. For example, the au-
thors in [28] proposed an approach utilizing matching theory and fractional program-
ming to efficiently manage coupling between ground users and multiple UAV-enabled
ISAC systems. Furthermore, the study in [4] focused on optimizing sensing channel
estimation by introducing a Hybrid Beamforming (HBF') architecture, pilot waveform
design, and compressive sensing framework, all while addressing hardware constraints
of a single UAV. To address the dynamic nature of UAV operations, researchers pro-
posed an improved Unscented Kalman Filter (UKF) beam tracking scheme to predict
the angles of arrival and departure AoA and AoD, accounting for UAV mobility [29].
This approach significantly enhances tracking accuracy and adaptability in dynamic

environments, further contributing to the effectiveness of UAV-assisted ISAC systems.

2.3 UAYV Trajectory Optimization

Researchers have a growing interest in improving the performance of UAV-assisted
ISAC systems. These efforts span a wide range of joint objectives, including trajec-
tory optimization, resource allocation, Age of Information (AOI) management, and

computation offloading in edge computing environments. One of the notable con-
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tributions is by Meng et al. [30], who proposed an integrated periodic sensing and
communication (IPSAC) design for UAVs to communicate with a cluster of single-
antenna users while sensing a ground target. Their approach focused on optimizing
communication by providing an optimum trajectory without location constraints. On
the other hand, Jing et al. [31] introduced a UAV trajectory arrangement for ISAC
systems, formulating an optimization problem aimed at concurrently enhancing the
downlink communication rate and ensuring precise target localization. To optimize the
Cramér-Rao Lower Bound (CRLB), they devised a multi-phase strategy for designing
trajectories and proposed an iterative algorithm in order to mitigate the challenges
posed by non-convex constraints and objectives.

Considering the dynamic complexities and harsh environments UAVs operate in,
researchers have also explored trajectory models that incorporate specific environ-
mental factors. For instance, in [32], a trajectory planning method was proposed that
accounts for AOI and UAV geometry as an anchor node. In cases where accurate sens-
ing information about users is unavailable, UAVs have been utilized to gather such
information by approaching the users’ vicinity. Addressing this challenge, the au-
thors in [33] reformulated the trajectory optimization problem into a catenary shape,
proposing a continuous-form trajectory solution derived from second-order equations
considering force analysis and static equilibrium to optimize network performance.
Sequential quadratic programming has also been employed to find sub-optimal solu-
tions for UAV trajectory optimization in multi-UAV, multi-user scenarios [28]. In [34],
Meng et al. enhanced the achievable data rate in a UAV-based ISAC system by jointly

optimizing user association, sensing time allocation, beamforming, and UAV trajec-
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tory. Khalili et al. in [35] proposed a joint resource allocation and trajectory design
for a multi-user multi-target UAV-enabled ISAC system, optimizing UAV trajectory,
velocity, beamforming, and the sensing power and time. They minimized the con-
sumed power while maintaining quality of service for communications and successful
sensing of targets.

In addition to statistical and deterministic trajectory models, DRL is considered
to be a powerful tool for addressing trajectory optimization in UAV-assisted ISAC
systems [36]. RL has been applied extensively in multi-UAV, multi-user scenarios.
For example, in [37], an online convex-assisted RL method was proposed to jointly
optimize UAV trajectories, UAV-user associations, and link power control for solar-
cell-equipped UAVs. Similarly, in [38], an enhanced RL model was introduced to
optimize beam gain by adjusting the trajectory of UAVs in ISAC settings. Several
RL algorithms have been studied for trajectory optimization, with policy optimiza-
tion methods such as Deep Deterministic Policy Gradient (DDPG), Soft Actor-Critic
(SAC), and Proximal Policy Optimization (PPO) being the most prominent. The
authors in [10] employed DDPG to optimize the trajectory planning of UAV-enabled
ISAC systems, while in [18], centralized and decentralized multi-agent SAC algorithms
were explored for joint resource allocation and trajectory optimization. To detect
multiple targets and transmit data to central UAV in collaborative UAV setting, the
authors in [39] used DDPG to maximize the average utility function and minimize
the completion time. Lastly, PPO was utilized in multi-agent setting in [40], [41]
to address the non-convexity of jointly optimizing UAV trajectories, beamforming,

and UAV-user associations. Several of the proposed models have not considered the
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channel effect of the communication channel apart from the beam gain, the resultant

trajectory on the sensing performance, and the nature of the surrounding environment.

2.4 Beamforming Designs

Beamforming is a critical component in UAV-assisted ISAC systems, as it ensures effi-
cient operation under the dual constraints of sensing and communication. Researchers
proposed a UAV-assisted design employing orthogonal time-frequency space (OTFS)
modulation with sub-array hybrid beamforming [42]. Using the Minimul Mean Squere
Error (MMSE) beamforming technique, their design effectively mitigates performance
degradation caused by high-speed movements or ground vehicle dynamics. Lyu et
al. [43] explored UAV-enabled ISAC in the quasi-stationary and fully mobile scenar-
ios. Their objective was to enhance the total throughput for users, represented as
a weighted sum-rate, through jointly optimizing UAV positioning and beamforming
strategies for both information transmission and sensing. Their results demonstrated
significant improvements in balancing communication and sensing requirements un-
der dynamic conditions. Authors in [44] proposed a UAV-focused, sensing-assisted
communication approach for ISAC systems, utilizing a frame structure and extended
Kalman filter (EKF)-based prediction. They also used temporal-assisted beamform-
ing enhanced by SCA and iterative rank minimization (IRM) methods to improve
directional beamforming, communication efficiency, and object state estimation. For
multi-UAV systems, fractional programming (FP) has been employed to reformulate

the original non-convex beamforming subproblem into a more tractable form. The
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authors in [28] alternately optimized auxiliary variables and beamforming matrices,
achieving a local-optimal solution that ensures a balance between sensing and com-
munication performance.

Recent research has also incorporated RL to further enhance beamforming designs.
For example in [45], an RL-based antenna division strategy dynamically allocated an-
tennas to non-overlapping sub-arrays in automotive ISAC systems. Convex relaxation
was used to optimize the configuration, resulting in improved sensing accuracy and
constrained communication performance. Similarly, the authors in [46] utilized a DRL
framework with a Wolpertinger policy [47] to optimize both antenna selection and the
phases of quantized double-phase shifters. Further extending DRL applications, a
beamforming design in [48] employed a Deep Q-Network (DQN) algorithm. This
framework modeled beamforming and power allocation as actions within a Markov
Decision Process (MDP), with a reward function designed to maximize the achievable
sum-rate while meeting CRLB constraints for sensing accuracy. These advancements
underscore the potential of DRL in addressing complex beamforming challenges in
UAV-assisted ISAC systems.

The following table summarizes the recent literature regarding UAV-assisted or

UAV-enabled ISAC, as well as their trajectory optimizations.
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Table 2.1: Summary of recent contributions on UAV-enabled ISAC systems.

Ref. HBF Height

variation

Channel Model

Multi-User

Interference

[4] oo

Simulated Rician fad-
ing only

v

[10] - -

Analytical large scale
fading, probabilistic
LoS conditions, and
shadowing effects

v

[18], [27], [40] - -

Analytical large scale
fading only

25 -

Small scale fading and
Doppler effect.

28] - -

Analytical large scale
fading, probabilistic
LoS conditions, and
shadowing effects

Analytical large scale
fading only

Analytical large scale
fading only

No channel model

Analytical large scale
fading and simulated
Rician fading

Analytical small scale
fading and Doppler ef-
fect

Simulated Rician fad-
ing only

Analytical large scale
fading only

[34], [35] - -

Analytical large scale
fading only

[44] R

Analytical large scale
fading only

Proposed v v

Analytical large scale
fading, probabilistic
LoS conditions, and
shadowing effects
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CHAPTER 3

SPECTRAL EFFICIENCY AND

HYBRID BEAMFORMING FOR

MULTI-USER MULTI-TARGET

ISAC SYSTEM

Beamforming in UAV-enabled ISAC systems is challenging due to both power and
hardware constraints, which increases the complexity of 3D beamforming for a high-
precision alignment in both azimuth and elevation. Moreover, interference manage-
ment becomes critical as UAVs have to minimize interference with ground user(s)
and/or other UAVs while ensuring efficient sensing and communications. The afore-
mentioned literature indicates a noticeable gap in the hybrid aspect of beamforming
design and the limited consideration to interference in the designed models. While

beamforming has been extensively studied and utilized in ISAC systems, there is a
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for comprehensive approaches to address the challenges posed by interference and in-
corporate hybrid techniques. Therefore, we propose a low complexity UAV-enabled
ISAC system that enables simultaneous communication and sensing while taking into
consideration interference, LoS, and Non-Line of Sight (NLoS), environmental condi-
tions!.

In our considered system, we employ a HBF design that utilizes zero forcing tech-
nique to enable the UAV to detect, locate and track targets of interest, while commu-

nicating with multiple ground users simultaneously. Our main contributions can be

summarized in the following:

» Proposing a low-complexity hybrid beamforming (HBF) design that enables the
UAV to simultaneously communicate with multiple users and sense multiple

moving targets.

» Validating our formulated and derived expressions and bounds for the sensing
and communication system-level performance under several multi-user multi-

target scenarios.

The rest of the chapter is organized as follows. We first describe the ISAC system
and the components in which we conduct our study in section 3.1. In section 3.2,
we describe the DFRC channel. In section 3.3, we give a detailed description about
the DFRC and HBF design. We evaluate the system communication performance
using spectral efficiency analysis and information outage probability in section 3.4. In

section 3.5, we evaluate sensing performance in terms of target detection probability,

IThe work in this chapter has been submitted for publication and it is now under review (2nd round) [49)].
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localization through CRLB, and tracking by using Extended Kalman Filter (EKF).
Finally, we perform numerical simulations of results and provide a summary in sections

3.6 and 3.7, respectively.

3.1 System Model

In this section, we describe the airborne ISAC system model with its surroundings
consisting of a UAV, multiple users, scatterers, and targets as shown in Figure 3.1.
In such a three-dimensional environment, we have a single UAV, L communication
users, 1" targets that are of interest for UAV to sense, and K scattering objects. The
UAV location is denoted by v = [y, ¥, 2]7 € R3*! and the ith user is located at
w, = [7,v;, 2] among a set of users at U = {uy,--- ,ur}. Each target in set of
targets T = {t1,--- ,tr} is located in t; = [T, Js, 5|7 € R3*!, while each scatterers
in set of scatterers KL = {ky,--- , kg } is located at ky = [z}, ¥}, z;]7 € R3*1. Both the
UAV and individual users are equipped with Uniform Linear Array (ULA) or Uniform
Rectangular Array (URA) with a total number of element Ny, while the individual
users are equipped with ULA with Ny elements. The UAV is assumed to have a fully
connected HBF structure [50] with RF chains, Ngr, to handle sensing and communi-
cation as shown in Figure 3.2, such that 1 < Ngp < Ngp,,, < Ny, where Ngy,,, is
the maximum available RF chains. HBF is a beamforming technique that combines
analog and digital beamforming to optimize the transmission and reception of signals
in multi-antenna systems. Sensing and communication signals are initially processed

using the digital beamformer, Fgp, where amplitude weighting is applied to optimize
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Figure 3.1: UAV-assisted ISAC system with hybrid beamforming.
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data streams and sensory signals. Subsequently, the signals pass through the analog

beamformer, Frpr, where phase shifters control the directionality across the Ny an-

tenna elements, focusing the transmission on desired directions. Unlike fully digital



beamforming, where each antenna element is connected to a dedicated RF chain for
independent signal processing and beamforming, HBF employs a limited number of
RF chains, which are fully connected to the Ny antenna elements, by splitting the
beamforming process between the digital and analog domains, allowing for greater
flexibility and control. This two-stage process enables effective spatial multiplexing
and directional signal enhancement while minimizing hardware complexity and en-
ergy consumption, which is particularly advantageous for systems with hardware and
energy constraints such as UAV-enabled ISAC systems. The number of active RF
chains Ngrr in our model will be affected by the sensing activity and the number of
users and their propagation paths, i.e, Ngr = Nip+ Nip, where Ngp and Ny are the
active number of RF chains for communication and sensing respectively. Each user is
associated with the UAV and communicating with it only, therefore we assume each
user to have a single RF chain as shown in Figure 3.2.

We focus in our communication analysis on the Downlink Communication (DL)
and the induced interference where the UAV is actively sensing for targets; however,
there is no communications among the users. In our considered scenario, the UAV
sends an omnidirectional Downlink Pilot Signal (DP) that reaches targets and users
either directly, or reflected through scatterers. Using such received signals, the user
can estimate the Angle of Arrival (AoA) at an array of antenna elements with a
MUItiple SIgnal Classification (MUSIC) algorithm [51].

An analog beamforming precoder is formulated by the user based on the esti-
mated AoA where the user sends an Uplink Pilot Signal (UP). The UAV then senses

the incoming directions of UP signals from the users and the DP signal reflected by
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sensing targets using MUSIC algorithm. By decoding the received signals, the UAV
can distinguish between the users and targets of interest and proceed to formulate
the hybrid beamformer. By doing so, the UAV utilizes the sensing functionality to
assist the communication functionality. It is important to note that angle estimation
techniques such as MUSIC algorithm yield suboptimal results while the UAV and/or
user(s) /target(s) are non-stationary, which could be mitigated and further refined by
using techniques such as EKF [44]. For the sake of simplicity, we assume accurate

angle estimations.

3.2 Channel Model

We consider in the UAV-assisted ISAC system a probabilistic path loss for the channel
between the UAV and users in the sense that it depends on the environment attributes.
For mathematical tractability, we assume that both propagation delay and Doppler
effects are compensated at the receivers. With this assumption, the channel power

gain for the ith user can be determined by the free-space path loss [52]

47chd0

Lgs(dy;) = 201ogy, ( ) + 20log,, (dyi) , (3.1)

where f. is the carrier frequency, c is the speed of light, dy is a reference distance of
1m, and d,; = ||v —w;|| is the distance from the UAV to the intended ith user?. The

overall path loss experienced is probabilistic where the probability of LoS Pp.g, for the

2Several stochastic channel models, like WINNER II and COST2100, use channel measurements and ray tracing

techniques to more accurately represent the channel, however they are beyond the scope of this work.
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ith user is [53]

1
1+ aexp(=b(¢i +a))’

PLOSi — (32)

where a and b are the environment-dependant constants [53], and ¢; is the elevation
angle. We can obtain the average path loss induced on the pth signal propagation path
depending on the LoS conditions from the UAV to the ith user using the proposed

path loss expression as follows

Pros, Lrs(dy;) + (1 — Pros, ) (Lrs(dyi) + Ls), LoS/Deflection
Liy(d) = . (3.3)

Lys(dyi + dii), Relfection

The distances dyx = ||[v —kg|| and di; = ||kx — w;|| are from the UAV to kth scatterer,
and from kth scatterer to ith user, respectively, with the assumption of LoS between
them, and Lg is the additional shadowing loss. The average channel power gain (3,

for the ¢th user through the pth propagation path is

1
B = s (34)

Similarly, under the assumption of line of sight to target ¢, the channel gain £, is

1
B = m, (3.5)

where d,; = ||v — t;]| is the distance from the UAV to target t. For the ith user con-

sidering multipath propagation from the UAV, we can represent the average channel
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power gain vector 3, as

IBi = [/Bilv"' 751'197"' 7ﬁin]a (3'6)

Np is the number of propagation paths from the UAV to the ith user. Each of those
paths has an RF chain dedicated to it, where several pre-transmission operation (such
as pre-equalization) could be performed. The UAV is equipped with Ny antenna
elements, which has steering capability towards different direction with a steering

vector of

e UAV equipped with a ULA antenna

a(ep) _ [Lej%"dfsinép’ '“,ej?‘{df(Nvfl)sinap]T c CNvxt (37)

o« UAV equipped with a URA antenna
2
A (0, Dp) = €Xp j; (d(n —1)siné,sin¢, — d(m — 1) cosb,sin¢p,)| (3.8)

where n and m indicate the (n,m)th antenna element, knowing that Ny, x
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a11(0p, @p)  a12(0p, 0p) - a1m(Op, Pp)

az2(0p, op)  a22(0p, p) - azm(Op, op)
A(0y, ) = (3.9)

an,l(epa ¢p) an,2<9pa ¢p) s an,m<0p7 ¢p)

a(0p, ¢p) = vec (A(0,, ) € chvxd (3.10)

is the j propagation path, ¢, is the jth elevation Angle of Departure (AoD), and
dy = \/2 is the spacing between the UAV antenna elements where A is the wavelength.
It is important to note that both ULA and URA will give similar numerical results
assuming both arrays have the same number of elements. Unless otherwise stated, we
will assume the UAV is using ULA antenna. On the other hand, the steering vector

b(p,) at the end user side is

b(%) _ [1’ ej%"dfsiwp, ‘.‘7€j27"df-(NU—1)sin<pp]T c CNux1 (3'11)

where ¢, is pth AoA for the user. In case of multiple propagation paths, the steer-
ing matrices for the UAV A(©) and the ith user B(¢p;) based on (3.7) and (3.11),
respectively, are

A(©) = [a(th),...,a(On,,)] € CNV*Ner (3.12)

B(¢;) = [b(21), .., b(ow,)] € CHV*7 (3.13)
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where © = {04, ..,0n,, } containing the angles of the propagation paths for all users
and targets (i.e. Nrp), which them self’s can be directly or through known scatterers,
which depend on LoS conditions. While ¢ = {®1,...,¢n,} contains angles of Np
propagation paths for the ith user. Using (3.4), (3.12) and (3.13), we can formulate

and represent the channel matrix H; for the ¢th user as

H; = B(yp,)diag(8,)A(0,)" € CNv*Mv, (3.14)

and, therefore, the received DL signal y; at the i¢th user through Np paths is

yi = Hix; +n; € CMV! (3.15)

where x; is the transmitted signal with a certain energy per bit intended for the
ith user, and n; is the Additive White Gaussian Noise (AWGN), n; ~ N(0, 021y, ),
where I, is the identity matrix of size Ny. In the next section, we derive the hybrid

beamforming taking into consideration the received DFRC signal.

3.3 HBF and DFRC Signal Design

For sensing and communication functionalities, we design a zero forcing HBF and the
DFRC signal. This design integrates analog and digital beamforming techniques to
minimize the Ny, and maximize the received power at the target user. In zero

forcing beamformer, most of the power is directed to the intended receiver while nulls
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are obtained in other directions® .

3.3.1 Hybrid Beamforming

First, we form a generalized steering matrix for both sensing and communications

functionalities at UAV using (3.7), i.e.

A(©) = [A(©)), -, A(OL), A(O)] € CNv*Nar (3.16)

where A(©;) through A(©y) are the steering matrix towards communication users,
and A(Or7) is the steering matrix for sensing 7" targets (assuming each with a sin-
gle propagation path). With this formulation, the analog beamformer Frp can be

obtained taking the conjugate of A(©) in (3.16)

Frr = A*(©) € CNv*Nrr, (3.17)

To formulate the digital beamformer, we first introduce a zero-forcing precoder

Fy, which can be expressed as

Fy = HY(HA?)"! ¢ CMv e (3.18)

where H = AT(0;) and ()" is the Hermitian transpose. The complex digital beam-

former Fgg is a square matrix of order Ngr can be found by minimizing the objective

3We assume perfect channel state information for the zero-forcing beamformer to nullify transmission in directions

other than intended user(s) as in [13], [35], [54].
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function|[13]

argrlpin |FreFgp — [Fv, 0]]7
BB (3.19)
Pr

s.t. FBBFgB = m

INRF7

where ||-||r is the Frobenius norm. The closed-form solution of (3.19) is given by

Pr oy
Fpp = Uv 3.20
BP Nir Ny (3:20)

where Py is the maximum transmit power, and U and V¥ are the singular value decom-
position (SVD)* of F{[Fy, 0], where 0 is a zero matrix of dimension Ny X (Ngp—Np),
which will minimize the interference for ith user [13]. The size of resultant matrix

depends on the number of beams transmitted. We can rewrite Fgg as

Fpp = [Fgp,, Fg,, Fpp,] € CMre i (3.21)

where Fgg, € CVre*NP g for the intended communication user, Fgp, € CNrrxl—1
is for the unintended users in the scene, and Fgp, € CYrr*T is for sensing targets.
When receiving the DL signal, the ¢th user will combine the signal to be successfully

decoded with a zero forcing combiner W; using B(¢p,) in (3.13) as

— H —1pH Np XNy
W; = (B (¢;)B(p;)) B (p;) €C : (3.22)
4The typical computation of SVD is in order of O(mn?) for a matrix of size m by n, therefore the computational

complexity of computing Fgg is in the order of O(NVNI%F).
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3.3.2 DFRC Received Signal

Let x = [x;,%;,%;]7 denotes the DFRC signal sent by the UAV, which consists of vec-
tors of orthogonal Linear Frequency Modulation (LFM) signals intended for commu-
nication and sensing, and assumed to be independent with zero mean and covariance
matrix E[xxf] = I;,7. Here, x; € CV7*! contains useful communication informa-
tion intended for the ith user, while x;, € CWVar=NrP)x1 contains useful communication
information however its intended for neighboring users. x, € CT*! contains no use-
ful information since it is dedicated to only sense targets, however, it uses the same
waveform as the communication signals.

Using this signal, the UAV can reliably sense targets and communicate with mul-

tiple users. Therefore, the received signal at the ith user is

yi =W, H;FrpFgp,x; + W, H,FrpFpp,x; + pW,H;FrpFpp,x: + W;n; (3.23)

where p = 1 when sensing is active and 0 otherwise, the desired signal is the first
term in (3.23), the second term is the interfering communication signal intended for
the neighboring users, however, it is received by the ith user. The third term is the

interfering sensing signal, and n; is the AWGN.
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3.4 Communication Performance Analysis

3.4.1 Spectral Efficiency

To evaluate the spectral efficiency for the ith user, we identify the desired part of y;
in (3.23) and remaining terms will be the interference and noise. The information for
the ¢th user, x;, is conditioned on the knowledge of the channel matrix H;. Therefore,

spectral efficiency for the ith user is given by
SE; = logadet <INP + R;R;;1> (3.24)

Proof: See the Appendix A.1.
Here, R; and R;,, correspond to the matrix of the intended ith user and the matrix

of the interference, respectively, which are given by

R, = W,H,FppFgp, Flip Fi HW/ (3.25)
where

R; = W,H,FppFgp, Fijp FRH W/ (3.27)

R, = W,H,FppFpp, Fiip Fi H W/ (3.28)

Since we are using a zero-forcing technique, the interference term in (3.24) will have
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less effect on the spectral efficiency compared to the noise. To calculate it for different
users, we prioritize that users steering vector in (3.12), which means we reorder the
columns to have the steering vector of that user with high priority first then redo the
steps till we get the bandwidth efficiency.

Using R; and R;,, the theoretical reliable communication with infinite codeword

for the 7th user is possible at any point under the curve found from

R;
5 < logydet

R;  ( R; , , -1
INp + E’}/()RZ (E’}/o(Rl + Rt) + WZWfI) ] (329)
where 7y is the singal to noise ration per bit, and R/B is the spectral efficiency.

Proof: See the Appendix A.2.

3.4.2 Information Outage Probability

In this subsection, we consider the realistic constraints of finite codeword lengths.
Conventionally, the spectral efficiency (or ergodic capacity) analysis assumes infinite
codeword length with tractable mathematical derivations [55]. However, in practical
communication systems, the codeword length is inherently finite. To bridge this gap
between theory and practice, we consider the approximated information-outage prob-
ability as a metric to assess the efficacy and reliability of the proposed ISAC system
with HBF. We incorporate the approximation of information-outage probability under
the Gaussian channel to evaluate the system performance.

Let n denotes the length of the finite codeword, and x ~ N(0,R;) is a vector of

independent and identically distributed (i.i.d.) normally distributed random variables
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(r.v.’s). Therefore, the MI rate between the sample vector, x € CV, and received

sample vector, y € CV, is

pY\X(Y|X)

, 1
) =)

= SE, + W, (3.30)

where W, follows Laplace distribution with zero mean and variance of o3, =
det(2R;(R; + Ry,)™!) in case of n = 1. For the case of n > 1, W, in (3.30) is a
Bessel-K r.v. with a zero mean, variance of 03, and the distribution depends on the
modified Bessel function of second kind with order n — % As the codeword length
increases, i.e., n — 0o, the MI tend to be approximated by Gaussian using the central
limit theorem [55]. In this context, it is safe to assume that i(y;x) is approximately

Gaussian with mean SF; and variance o2, /n. Consequently, the information-outage

probability P,,; with finite codeword length can be formulated as follows

Pou = Pli(y;x) < R = Q (%) (3.31)

where R, = R.log(2) is the equivalent code rate in nats per symbol, code rate R, =
k/n, k is information bits in a message, and n is number of symbols in a codeword.

Proof: See the Appendix A.3.
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3.5 Sensing Performance Analysis

3.5.1 Target Detection

In resource-constraint sensing platforms such as UAVs, sensing in omni-directional
manner can lead to wasting resources, which will degrade the performance of other
functionalities. Therefore, utilizing initial estimated AoA can help narrow the focus of
sensing, and thus, ensuring adequate power reservation. By gaining initial information
of the target echo AoA, the UAV can direct a beam towards the general direction of
the target.

Assuming the target is present, the reflected echo y; received by the UAV is

yt = Wi H;FrpFpp,x; + win (3.32)

where H; = Bia(0;)a (0,)e’?™/p! w, = al(,) is the analog combiner at the UAV for
target t beam, fp is the Doppler frequency, n is the complex-valued AWGN noise
with zero mean and covariance 02Iy,. We formulate the probability of detection
as the binary hypothesis problem, where hypothesis H, for no target detection, and
hypothesis H; for target detection. With the decision threshold 4 is set by the operator

to achieve a desired probability of false alarm [56]

Ho o llyill? < 0 (3.33)

Hy:ly? > 6 (3.34)
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As such, under H, [57]

w,wio?
lyell® ~ ==—x3, (3.35)
while under H;
w WH(72 w:H FRFFBB 2
N e L (3.36)

where X2 is the central chi-squared distribution with two degrees of freedom [58].

Assuming a constant probability of false alarm Pr4, 6 can be determined by

H

2
T RN 1~ Pra) (3.37)

5: 2
2 2

where FX’;() is the inverse Cumulative Distribution Function (CDF') of the chi-square
2

random variable. Consequently, we can formulate the probability of detection as

26 H,FrFpp,|”
Pp=1-Fy (—%2/ <1+ IwiH Frr e, | )) (3.38)

W Wy w,w; o2

where Fyz(-) is the CDF of the chi-square random variable.

3.5.2 Target Localization

Localization is generally defined as parameter estimation of an object in terms of
location, range, velocity or direction. While mean squared error (MSE) is a straight-
forward metric for assessing localization accuracy by comparing true parameters with
their estimates, it is often challenging to explicitly characterize. Instead, the CRLB is

frequently utilized as it establishes a theoretical lower limit on the variance achievable
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by any unbiased estimator. As such we present the CRLB for estimating the range,

velocity, and direction to the tth target as follows:

« CRLB for distance d,;

CRLB L
dvt = 2
L [a%vt ln]P)(yt [T]’ [et’ ¢t7 Ut, dvt])]
1 4C*
- 7 = 5 (3.39)
QL (U-20) [ oC (17 _ 20)]
_# Dde
« CRLB for velocity v;
CRLB,, = 1
vt T 5
E [ W P(yilr; 00 6,0 )|
1 4C*
- 2 = 2 (340)
Q% (U-20) [Q@(U _ 20)]
_tQT (911,5
o« CRLB for azimuth angle 6,
CRLB L
0, = 5
E [a%t I P(y:[7]; [0¢, D¢, vt dvt])}
1 404
QY (U—20) [ ac (17 — 20)]
_tZT Bﬁt
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o In case of using URA is used, CRLB for elevation angle ¢;

1
CRLBy = —— :
E g5 InB(31[7]i 61, 6 1, )
4
Q% (U—20) 9C (17 _ 90
[_%BT] Q4G - 20)

where () is the number of sensing pulses echoed by the tth target, C' is the variance

of the received echo, and U is the variance of sensing signal, which are given by

C = HWthFRFFBB3H2 + WthOz, (343)

U= HWthFRFFBB?’”Q. (344)

Proof: See the Appendix A.4.

3.5.3 Target Tracking

The third sensing task, tracking, is generally considered to be an extension of lo-
calization. While localization involves determining the position of a static or moving
target, tracking focuses on continuously estimating the position and velocity of a mov-
ing target over time. In this context, tracking is particularly challenging due to the
dynamic nature of the target, the presence of noise in measurements, and potential
uncertainties in the system model. We employ the EKF, to estimate the state of a
moving target effectively. For simplicity, we consider the tracked target is moving

at a constant speed. The problem of tracking a moving target becomes significantly
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more challenging when the UAV itself is in motion. This complexity arises due to the
need for simultaneous estimation of the target’s state and the dynamic adjustments
required to account for the UAV’s changing position. The relative motion of the UAV
and the sensed target introduces additional uncertainties and noise into the system,
complicating the process of accurately predicting the target’s trajectory. To simplify
the analysis at this stage, we assume that the UAV is hovering in a fixed position,
thereby eliminating the complications introduced by UAV movement. The more com-
plex scenario of tracking a moving target while the UAV is also in motion will be
addressed in detail in Chapter 5.

As such, the motion state vector of the ¢-th target is expressed at time slot 7 as

51&,7— = [tt,fa tt,T]T7 (345)

. ) .. AT
where t, . and t,, = [:i'm, Ut.r z“w] are the position and velocity vectors of the t-th

target. As such we can model the state evolution as follows

ét,T = Tft,fr—l + ﬁtﬂ') (346)
where
1 Arp
T = ® I, (3.47)
0 1

is the transition matrix, Ay is the time slot duration. n;, is the process noise that

follows the Gaussian distribution with zero mean and Q covariance and noise intensity
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of 012,
AT A%
5 2 )
Q = & Uplg. (348)
2
A7 Ar

2

The nonlinear measurement observed from the received echo can be expressed as

follows

zir = h(&;) + M r, (3.49)

such that A(-) is the non-linear operation for transforming Cartesian to Spherical

coordinates

dut,T - ”V - tt,T”

Vt,r = (jt,rit,r + gt,'r?jt,‘r + 2t77§t,T)/dUt7T
W) = , (3.50)

0, = arctan(g; . /T ,)

_ 3 T
¢ = arctan (ztﬁ/ 7+ yt,T>

where 1 ; is the measurement noise that is assumed to be AWGN with zero mean and

variance of

v

oo, = diag (03,02,05,07) . (3.51)

We assume that o7, 07,07, and o} to be the CRLB for distance, range, azimuth and
elevation angles respectively. The extended Kalman filter for tracking the ¢-th target

begins with the prediction phase, which consists of two key components:

« State prediction §;, which we denote as &,

5;7’ = Tétﬂ'fl' (352)
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+ Covariance prediction P;, which we denote as P, .

P, =TP,, T +Q. (3.53)

After the prediction phase, the EKF proceeds to the update phase, where the state

prediction is corrected using incoming measurements z; ,:

1. Kalman gain calculation K, ,

~ ~ ~ -1
K,, =P J7 (JP;TJT + afn> , (3.54)

where J is the Jacobian matrix of h(§;,)

5 _ 0h(§)
J, = 8—$|£:5;T' (3.55)
Proof: See the Appendix A.5
2. State update, notated by E;“T
& =6, + K, (2, — &) (3.56)
3. Covariance update
P, =P, —K, JP, . (3.57)

It is important to note that the estimate 5: _ will follow the normal distribution,
i-e-a 62:7— ~ N(Et,‘rv Ptﬂ')'
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3.6 Numerical Simulations

In this section, we provide and discuss extensive Monte-Carlo simulations of our system
model considering the parameters given in Table 3.1. Unless otherwise stated, the
location of users, scatterers and targets are uniformly distributed within the standard
ranges in (x,y, z) directions set in the table. We assume the users are located on the

floor of the 3D plane, i.e. z = 0, while the targets and scatterers can be in the feasible

ranges.

Table 3.1: Numerical simulation parameters
Parameter Description Value
Maximum transmit power (Pr ) 20dBm
Noise power (o2 ) —80dBm
Carrier frequency (f.) 28 GHz
Number of scatterers (K) 4
Targets to be sensed (T') 2
Number of neighboring users (L) 9
Number of ULA elements at UAV (Ny) 32
Number of URA elements at UAV ([Ny,, Nv,.]) 8, 8]
Number of ULA elements at user (Ny) 8
Environment Range in x-axis [—100, 100] m
Environment Range in y-axis [—100, 100] m
Environment Range in z-axis [0,100] m
Shadowing loss (L) 10dB
Code Rate (R,) 2/3 bits/symbol
Time slot duration (Ag) 0.1s
UAV cruise altitude variations (z-axis) [45, 55| m
Constants (a, b) for suburban (4.88,0.43)
Constants (a, b) for urban (9.61,0.158)
Constants (a, b) for dense urban (12.08,0.11)

The flying UAV in the scene can be either in the cruising or hovering mode, and a

possible realization is depicted in Figure 3.3. In the cruising mode, UAV is assumed
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Figure 3.3: One realization of the 3D random scene with locations of UAV, users,
scatterers, targets, and users in extreme scenarios.

to have uniformly distributed variations from the exact altitude; while if it is hovering
over a fixed location, the UAV can reach to a higher/lower altitudes. We assume
an urban environment, unless otherwise stated, and the UAV already has knowledge
about the users’ locations, target of interest and scatterer in the environment when
assessing the system’s performance.

In our experiments, we use the MUSIC algorithm in Figure 3.4 to estimate the
angle of arrival at the UAV using the UP and reflected DP. In this case, we are
assuming direct LoS with all sensing targets and users.

In the single-user scenario, we investigate the effect of active sensing and LoS
condition on the quality of communication for a single user. According to (3.20), Pr
is divided by the number of RF chains, Ngg, which yields number of communication
paths, Np, to the ith user, neighboring users, L, and sensing targets, 7. As the UAV is

actively sensing for targets of interest, it allocates power and dedicated beams towards
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Figure 3.4: Angle estimation at the UAV.
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Figure 3.5: Spectral efficiency comparison for a single-user under LoS and NLoS con-

number scatterers and increasing Ngp.

those targets, which require a dedicated RF chain and Ngg increases. If Pr is divided
by a larger Ngrp, the power dedicated for the ith user decreases, which affects the
spectral efficiency as clearly shown in Figure 3.5. It also shows the effect of additional

efficiency for a single-user, where the additional Ngg can be used
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to communicate with different users or to sense more targets. As Ny increases, the
spectral efficiency decreases where the number of known scatterers, i.e. k=1,...,4,
increases as well. We observe a slight performance enhancement for Ngg < 2 but for
any addition/increase in Ngp it will cause the dedicated transmission power per path
towards a user to be decreasing, thus resulting in a diminishing and deterioration in

the spectral efficiency.

Outage Probability [Fy]

Figure 3.6: Information-outage probability for single-user with codewords lengths: 6,
15, 30, 60, and 120.

In Figure 3.6, the information outage probability is evaluated across multiple code-
word lengths for a single user against additional Nrp. The results are shown as a
function of Ngp over multiple codeword lengths. In the case of single-user communi-
cations, i.e., Nrr = 1, the codeword length can greatly affect the outage probability,
which is not as severe if Nz has been increased.

In another scenario, we investigate users’ extreme locations with respect to the
UAV considering the sensing activity, and antenna elements at users. On one hand, a
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Figure 3.7: Spectral efficiency for best and worst user location with antenna elements
Ny = 8 and 4.

user is positioned close to the UAV with a LoS condition, and no targets of interest to
actively sense. On the other hand, a user is placed in NLoS conditions and far away
from UAV, while the UAV actively senses for targets of interest which results in more
power consumption. Figure 3.7 compares the spectral efficiency as the UAV antenna
elements, Ny, increases. It illustrates the effect of the positioning of the UAV, the
power allocation expressed by Ngrr and Ny on the quality of service at the users.

So far, we have noticed that the UAV position is critical to reduce the over-sharing
of power. It is also important to reduce the range between the UAV and the users,
which will reduce the large-scale fading impact. In this case, we investigate the effect
of UAV height (in the range from 20 to 200m) on the quality of service while being
stationary in the same (z,y) plane. From Figure 3.8, as the UAV initially ascends,
the average spectral efficiency improves due to improved probability of LoS. However,

this improvement is hindered by the effect of increasing the range/distance to the user
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Figure 3.8: Average spectral efficiency for various UAV heights/altitudes with Ny = 32
and 16.

which increases the large-scale path loss effects.

Urban, p =0
? = = = Urban, p=1

Subrban, p =0
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Dense urban, p =0
Dense urban, p =1
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Figure 3.9: Average spectral efficiency for different UAV heights under various envi-
ronments.

In Figure 3.9, we consider the suburban, urban, and dense urban environments and
study the average spectral efficiency. The performance has an optimal UAV altitude
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Figure 3.10: Average spectral efficiency as number of users increases in various envi-
ronments.

at which the average spectral efficiency is maximum. These variations occur due to
the changes in the probability of LoS as the UAV ascends, as well as the additional RF
chains (by actively sensing targets). For multi-user communications, we emphasis on
the effect of increasing RF chains by increasing number of users, and having the UAV
sensing for targets under different environments. In Figure 3.10, we show the average
spectral efficiency assuming all the users in the vicinity are communicating through
one path, i.e., LoS/diffraction conditions, and compare it with activated sensing for
T targets of interest. A degradation is observed in average spectral efficiency as the
Nrgr increases, which coincides with our earlier observations in single-user case.
Since the total transmission power is equally shared among all Ngr RF chains,
any additional activation of RF chains to assist in communication tasks will divert
power to the Ngp RF chains and reduce the power dedicated to the Ngp RF chains.

In Figure 3.11, we assess the detection probability, Pp, of a single target to illustrate
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Figure 3.11: Detection probability of one target as the number of communication tasks
increases.

the trade-off effect of added communication tasks. We evaluate Pp with constant
probabilities of false alarm (Pr4), specifically, 107*, 1072, and 10~*. As more RF
chains are allocated to communication tasks, more power resources are dedicated to
communication and less to target sensing. This power distribution can hinder the
detection probability, with varying intensity depending on the Pp4

To illustrate the relationship between the localization performance and the num-
ber of communication tasks, we compare the CRLB with the number of commu-
nication tasks Ngp in Figure 3.12. In a scenario where the UAV is hovering at
v = [50,50,50]7 while the sensed target is positioned at t = [50, —70, 35]7 moving
at t = [—20,20,0]m/s. The CRLB is shown for three parameters of interest: distance
to the target d,;, the velocity of the target v;, the AoA of the target, namely the
azimuth #;. The sensing system is configured with ) = 10 sensing pulses per time

slot. As Ngp increases, the CRLB values for all three parameters exhibit a gradual
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Figure 3.12: CRLB for distance, velocity, and AoA as the number of communication
tasks increases.

rise, indicating a decrease in the estimation accuracy. This trend occurs due to the
decrease of transmission power dedicated for that target. This observation further
illustrates the communication and sensing trade-off in UAV-enabled ISAC systems.
Figure 3.13 illustrates the increasing of number of sensing pulses @) effect on the CRLB
for distance, velocity and AoA.

Figure 3.14 shows a scenario where the UAV is two moving targets, & =
[50, =70, 35, —20,20,0] and &, = [80,80,35,0,—20,0]. Under the assumption of L
users are actively communicating with the UAV, meaning Ngp = L and Ngp =T, the
UAV is equipped with URA, the number of pulses @) is 50, and tracking results are
picked every Ap. The figure shows the effectiveness of the proposed EKF tracking
process at a large number of Ny activated. In Figure 3.15, We show the CRLB for
the targets as they move through the environment. By assuming the UAV is equipped

with URA antenna, we can readily solve the CRLB for the elevation angles for both
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Figure 3.13: CRLB for distance, velocity, and AoA as the number of sensing pulses
increases.
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Figure 3.14: Hlustration of UAV, users, and moving targets and their tracking using
EKF.

targets.
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Figure 3.15: CRLB for distance, velocity, and AoA calculated for the tracking process.

3.7 Summary

In this chapter, we proposed a low-complexity hybrid beamforming UAV-enable ISAC
system enabling the UAV to simultaneously sense targets of interest and provide multi-
user communications. We also proposed an accurate large-scale path loss model for
the downlink communications taking into consideration reflections and diffractions.
We tested our proposed system against a variety of scenarios and demonstrated the
effect of UAV positioning and the interference caused by UAV on users. We have also
assessed the spectral efficiency, average spectral efficiency and information outage
probability performance considering practical finite-length codewords. Finally, we
investigated in depth the effect of the number of RF chains and its impact on power
distribution, and thus the quality of service at the user(s) and detection probability.
In future work, sensing and communication functionalities can be extending to include

cooperative multi-UAV based on federated earning and game theory.
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CHAPTER 4

GENERALIZED GEOMETRIC

MODEL FOR PROBABILISTIC

LOS IN IRREGULAR URBAN

AREAS

The accurate modeling of path loss is crucial for optimizing performance in any aerial
wireless communication systems where carrier frequency, range, and probability of
LoS, among other parameters play a significant role [59]. The distance and carrier
frequency are typically predetermined by the application, the LoS probability becomes
the primary controllable factor, which is directly influenced by the UAV’s location.
Several of the existing probability of LoS models are based on the standard Manhattan
grid shape of the area in which the probability is calculated, and do not address the

deviation caused by the change in azimuth angle or the irregularity of the environment.
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This chapter proposes a general geometrical model to calculate the probability of LoS
for three dimensional environments. The model considers the shape of the environment
based on the International Telecommunication Union (ITU) recommendation P.1410
[60] for characterizing built-up environments, and the characteristics of the non built-
up areas in which the ground user is located, as well as the azimuth angle between

the UAV and the ground user.

4.1 Background

Several models for estimating LoS probability have been proposed in the literature,
broadly categorized into deterministic, empirical, and geometrical approaches [61].
Ray Tracing (RT) is widely employed in deterministic models for its ability to ac-
curately measure the probability of LoS by exhaustively computing the interactions
between signals and the environment [62], [63], [64]. While RT models provide high
accuracy, they are computationally expensive, making their use in UAV systems im-
practical as it can significantly hinder overall performance [65].

The Third-Generation Partnership Project (3GPP) model has also been used to
propose LoS probability estimations, as demonstrated in [66]. However, empirical
models, often based on real-world measurements or simulations, provide an alternative.
For instance, in [67], the authors conducted multiple trials in the city of Prague to
propose a propagation model. This model incorporated LoS probability and additional
shadowing path loss for NLoS conditions as functions of ITU parameters and elevation

angle [60]. Similarly, Al-Hourani et al. [68] analytically evaluated LoS probability
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using ITU built-up area parameters to optimize coverage for low-altitude platforms
(LAPs). Their model demonstrated a direct correlation between elevation angle and
path loss. Mohammed et al. [69] extended this approach by presenting a closed-
form formula to predict LoS probability for UAV communication as a function of
elevation angle. While these empirical models provide accurate representations of
LoS probability, they can be time-intensive due to the need for field measurements or
long Monte Carlo simulations.

Geometrical models offer a more versatile and adaptive approach by leveraging
environmental geometrical data to predict LoS probability. For example, in [70],
the authors proposed a stochastic model that considers geographical information and
the Fresnel zone to estimate blockage probability in various built-up areas. Another
study utilized a stochastic approach to characterize LoS probability and trained a
backpropagation neural network (BPNN) using this data [71]. Additionally, in [66],
the authors analyzed LoS probability for urban grid scenarios, evaluating base station-
to-UAV communication in mmWave frequency bands. This study examined the impact
of different building height distributions, including uniform, exponential, and Rayleigh
distributions, on LoS probability. Most of the already previously proposed models have
measured the LoS probability in specific environments or areas in terms of the elevation
angle or the ground distance, they failed to take into consideration the fluctuation that
is induced by the change in azimuth angle on the LoS probability or the irregularity of
the environment. At the time of writing this thesis, one publication have considered
fluctuation induced by change in azimuth angles. Saboor et al. have proposed a model

that considers the azimuth angle when calculating the LoS probability [61], however
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it and the previously mentioned publication only consider the standard Manhattan
grid-like shape. In reality, most of the major cities around the world do not have a
regular shapes, furthermore, these areas may have more than two streets intersections
and include different streets and buildings widths. Motivated by this, we propose a
generalized model of characterizing the LoS probability that takes into consideration
the azimuth angle, multiple streets intersections with different characterizations. We

consider built-up standard parameters provided in the following table

Table 4.1: Parameters of the ITU-R P.1410 Model for Selected Environments [1]

Environment ¢ o U
Suburban 0.1 750 8
Urban 0.3 500 15

Dense Urban 0.5 300 20
High-rise Urban 0.5 300 50

According to the ITU-R P.1410 recommendation for propagation prediction meth-

ods, these selected environments can be characterized by the following parameters:

e ¢: represents the ratio of land covered by buildings.

o o: represents the average number of buildings per unit area (in 1km).

o ¢: which is a parameter of the Rayleigh distribution for building height vari-

ability.

The rest of this chapter is structured as follows: Section 4.2 presents our proposed
model, followed by numerical results in Section 4.3, and a summary of the chapter in

Section 4.4.
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4.2 Geometric LoS Probability

In this section, we expand upon Saboor et al. proposed model [61], to include the
azimuth angle () for each street in the area, and the ability to calculate LoS proba-
bility of the area (Prog) considering the different characteristics of streets, in terms
of widths (), orientation (6,). Assume a 3D built-up environment where a user is
located along S following the uniform distribution [0, S] and communicating with a
flying UAV. For a typical grid environment, the street width and buildings width (1)

-assuming equidistantly spaced- are

W = 1000\/3 (4.1)
0

1000

=7

(4.2)

However, it is possible to have streets or buildings that are different in width or
angle of alignment within an area. Therefore, we divide such area into distinctive
regions where the user could be located, and calculate the LoS probability for each.
A region r is defined as an area where a possible ground user is located. Between
the user and the UAV is an obstructing building that it’s height follows Rayleigh
distribution where it is probable for the user’s communication to be blocked by such
building given a certain UAV height (hyay). Figure 4.1 gives an example for a built-
up grid environment divided into regions, Ri,--- , R4, and an intersection region R;
between them. Each region is aligned with angle 6,., where it affects the line in which

the user is assumed to be located depending on the azimuth angle of the user. For a
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Figure 4.1: An environment that contain a typical gird layout (R1 and R2) and
additional street (R3).

certain elevation angle (¢), the maximum height of the first obstructing building that
will block LoS across the entire rth region is said to be Al . (¢) = S, tan(¢), where
S, is the region’s width. This is true assuming the line between the UAV and user

is perpendicular to the rth region, otherwise however, the region and building widths

will differ. Thus A" is

Pinax, = Sy tan(e), (4.3)
where
S
! '
5 = Tom@ =) (44)

In a built-up area, it is possible for the user to be obstructed by multiple build-
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ings. Unless some information about the environment is provided (i.e., the street and
building widths between the UAV and user), the number of possible buildings that

can obstruct the LoS communication -assuming equidistantly spaced- is

huav
V= LS' W) tanw)J ’ (45)
. W
W= (46)

|-] represents the floor function, ensuring that the calculated number of buildings is
rounded down to the nearest integer. For the subsequent obstructing buildings, only
part of such buildings are able to block the transmission. Therefore, for a certain ¢, the
minimum and maximum heights of the nth building that will block the transmission

is

higin, = ((n = 1) x (5" + W')) tan(¢), (4.7)
Prax, = (0= 1) x (S"+W') 4+ .5") tan(e). (4.8)

The LoS probability for the the first obstructing building in for a user located in the

rth region is [61]

T P,
PIfoSl (¢7‘97 67") =1- \/;hr X (el"f (W)) , (49)
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while the LoS probability for the nth obstructing building is

T 9 h’ hT
, 1T N Ry e 41
ot =1t (o () e ()

As such, the LoS probability P/ ¢ for a user located in the rth region is

" o(¢,6.6,) H T s, (0,0,6,). (4.11)

When multiple regions are oriented at various angles, the shape of their intersection
will inevitably vary as these angles change, thus, complicating the calculation of such
intersection effective width. Consequently, we assume a circular shaped intersection
to generalize the model. To account for the irregularity of the intersection area with
varying numbers of legs and their orientations, we approximate the area as a circular
region with a radius of S/2. With the possibility of a user to be located within an
intersection region, it is possible for the transmission to have a full LoS at a certain 6
for all ¢. Therefore, the previously mentioned expression of LoS probability will not
correctly represent the that of an intersection region. For a certain 6, the first possible
obstructing building is most likely to be adjacent to the normal region which its 6,
is close to #. In certain instances, when the user’s 6 is close to or aligned with the
orientation a region, the LoS probability can be maximized. As such, in Algorithm 1
we propose a simple algorithm to calculate the LoS probability of such an intersection

where R is a set containing R regions, each with its own orientation angle 6,.
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Algorithm 1 Probability of LoS for Multi-leg Intersection

L r+1

2: for r € R do

3 a4 —9“1;“9"

4: b <— —6T+12+9T

5. if a < 8 <b then

6: Calculate: P} «(¢,6,6,)
7. else

8: r—nr+1

9. end if

10: end for

As such, the LoS probability for the entire area A can be calculated by taking the
weighted average of all regions
A 1 &
Pros(6,0) = —- Plos(,0,0:) + Zl APl 4(0,0.0,) (4.12)
where P} o(¢,0,0,) is the probability of LoS for the multi-leg intersection region, A*

and A" are the area of the multi-leg intersection region and the rth region respectively.

In order to evaluate Pp.g for a specific ¢, we average over a range of azimuth angles

[0, M]

1

PLOS(gb) = M/o PLOS(¢7 9>d9 (413)

4.3 Numerical Results

In this section, the proposed LoS probability characterization for normal and inter-
section regions is evaluated for urban, suburban, dense urban, and high-rise built-up
environments. In order in ensure fair comparison between Al-Hourani et al. model

[68], Saboor et al. model [61], and the proposed model, we evaluate models in grid
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based urban environment against elevation angles [0°,90°] by limiting the integration
in (4.13) to M = 7 /4 in Figure 4.2, assuming all regions have equal width of S, and a
square shaped intersection area of A* = S2. The figure shows the distinctive difference
between geometric based models and analytical models, which mostly relay only on
elevation angels. The figure also show the resemblance between the proposed model
and Saboor et al. model [61], where the difference is in result is the way the effective

region width S, is evaluated.
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Figure 4.2: Comparison between different models in urban environment, M = 7

In Figure 4.3, under the assumption of equal widths for all regions, and a circular
intersection region of width S/2, we compare different built-up environments where a
multi-leg intersection region is surrounded by three regions in irregular shape, which
are oriented in 0°,120°, and 270° degrees. The figure shows the effect of region width
on the proposed model when evaluated over the entire 360°.

To clearly show the effect of the number of leg in an intersection on the LoS
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Figure 4.3: Comparison between different built-up environment (urban, suburban and
dense urban, M = 27

probability, Figure 4.5 compares P ¢ by increasing the number of intersection legs
with the configuration illustrated in Figure 4.4, starting with 2 regions in 90° between
them, to 8 legs with 45° between them, and evaluated at ¢ = 45°. We set the following

orientation angles for
« Two regions: {0°,270°}
 Three regions: {0°,90°,270°}
« Four regions: {0°,90°,180°,270°}
 Five regions: {0°,90°,135°, 180°,270°}
 Six regions: {0°,90°,135°,180°,270°,315°}
 Seven regions: {0°,45° 90°,135°,180°,270°,315°}

o Eight regions: {0°,45°,90°, 135°, 180°, 225°, 270°, 315°}
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Figure 4.4: Mlustration of multi-legged intersection

As the number of legs increases, its less probable for an obstructing building to
block LoS communication for a user located within the intersection region. Another
insight taken from Figure 4.5, is that increasing the number of legs has higher effect in
denser environments than less dense environment. For example, the increment in B’ ¢
for 5 legs intersection to 4 legs is 0.018, 0.04, 0.052 and 0.045 for suburban, urban,
dense urban and high-rise respectively. In highly dense environments, the potential
height of obstructing buildings (¢#), is generally greater than in less dense areas. This
shows variations in LoS probability when azimuth angles change, particularly in dense,

high-rise settings. Consequently, it highlights not only the influence of the surrounding
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environment but also the impact of the number of intersection region segments on the

LoS probability.
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Figure 4.6: Ilustration of an environment with 6 regions in (a) equal distance apart,
and (b) non equal distance apart

The distance between intersection legs can also influence the LoS probability. Fig-
ure 4.7 presents P} ¢ on different built-up environments, comparing cases where six
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intersection legs are either equidistant or non-equidistant with configuration as shown
in Figure 4.6. The figure demonstrates that Pj ¢ of equidistant legs are in general
higher that non equidistant legs, which is attributed to the probability of blockage

being greater when azimuth angle vary from 0 to 27 on average.
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4.4 Summary

In this chapter, we proposed a geometrical model to characterize the Prog for regular
and irregular built-up environments. The model considers any shape or configuration
of regions where a user is located, and captures the impact of different regions widths
and orientations, and the azimuth angle. We presented numerical results to show
the models effect considering varies regions configurations and their intersection in

different environments.
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CHAPTER 5

REINFORCEMENT LEARNING

IN MULTI-USER

MULTI-TARGET

UAV-ENABLED ISAC SYSTEM

The performance of UAV-enabled ISAC system, discussed earlier, depends on the UAV
trajectory and resource allocation, which have a significant impact on the system. For
instance, ensuring optimal positioning not only reduces energy consumption under
communication and sensing requirements but also enhances system adaptability in
dynamic environments. In this chapter, we propose a low-complexity DRL model to
optimize the UAV trajectory. Specifically, we employ the Proximal Policy Optimiza-
tion (PPO) algorithm, which is well-suited for balancing exploration and exploitation

in dynamic environments. The proposed model leverages PPO’s algorithm ability to
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learn from environmental interactions, enabling the UAV to adapt its trajectory to
maximize communication and sensing performance within the constraints. We sum-

marize the main contributions in this chapter as follows.

o Proposing a low-complexity DRL-based model for UAV-enabled ISAC system
using the PPO algorithm to plan UAV trajectories and enhance the overall

system performance.

o Optimizing the hyperparameters for the DRL-based model using the Bayesian

optimization method.

o Providing a comparative analysis of the agent or UAV behavior under varying

probabilities of line-of-sight and diverse built-up environment conditions.

In this chapter, we first present the system model and formulate the problem of UAV
trajectory optimization to maximize system performance in section 5.1. In Section
5.2, we introduce the PPO-based reinforcement learning model and discuss its role
in optimizing the UAV trajectory according to the specified criteria. Furthermore,
we discuss the adoption of the Bayesian optimization method for hyperparameter
optimization and fine-tuning. Section 5.3 presents the training and numerical results,
our observations in the comparative analysis. Finally, we summarize the chapter’s

findings in Section 5.4.
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5.1 System Model and Problem Formulation

5.1.1 System Model

In this subsection, we consider the UAV-enabled ISAC system that operates in the

environment shown in Figure 5.1. It consists of a UAV located at time slot 7 in

v[t] = [T, Ys, 2] € R 7 = 0,..., Ny — 1, within the 3D physical environment

boundaries, £. The total UAV flight duration is Ty = NpAyp with a fixed time slot

duration of Ap. We assume that the environment conditions are unchanged if Ay is
vav  End
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o~

RS
Beamforming " - N
Ny elements

vlt] = [xy, Yo, ZU]T
~

scattering \‘

LoS region region \
K scattering '\
objects .
\
wit]= [x;, v, z]7 ! Start
[
-
i-th user ?
A Ny elements
- users (£) bkod moving targets (T)

< communications <———= sensing

Figure 5.1: Hlustration of UAV-enabled ISAC system with a trajectory.

sufficiently small. Similar to Chapter 3, we consider now a dynamic, not necessarily
stationary, where the UAV is equipped with Ngp, .. RF chains to serve a set of L
ground users, and sense a set of T" targets of interest denoted by U = {w[7],...,u.[T]}
and 7 = {t1[7],...,tp[r]} respectively. Furthermore, we assume that a set of K
possible scattering objects denoted by K = {ky, ... ,kg} are within the vicinity of the
UAV, and can change as the UAV changes its position.
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The physical environment, &, is defined by

5 = {[m,y7Z]T € RSXl | HANS [xminaxmax]; ) € [yminyymax]a S [Zminvzmax]} (51)

where the sets for users, targets and scattering objects are assumed to be within the
3D physical scene, i.e. U, T, are K are proper subsets of €.

The UAV is equipped with a uniform rectangular array (URA) consisting of N
elements in total. Such arrangement enables an accurate estimation of AoA in two
dimensions. While not all RF chains are simultaneously activated as discussed in
Chapter 3, the number of activated RF chains, Nrp, depends on the communication
and sensing tasks, such that Ngp < Ngp + Nip, where Ngp and N3y denote the RF
chains dedicated to communication and sensing respectively. For the feasibility of the
study, we assume that L +7T < Ngp, . . Each user is equipped with a ULA of size
Ny, and a single RF chain. Furthermore, we assume all users are associated with the
UAV and communicating only with it'. By employing the same hybrid beamforming
model proposed in Chapter 3, the received signal at the i¢th user can be expressed as

yilr] =Wi[r|H;[7|FRrp[7]Fpp, [7]x:[7] + W;[7|H;[7]Frp[7]|Fpp, [7]%[7]
(5.2)

+ W, [7]H;[7|Fre [7|FBB, [T]x:[7] + W, [7]|n;][7]

Thus, the average spectral efficiency for the ith user at time slot 7 can be formulated

1We assume that all users are within the range of the UAV, therefore, associated with that UAV. User association

problem will be tackled in future studies.
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similar to the one in Chapter 3, i.e.
1 )
SEz[T] = loggdet (INP + N_Rl[T]Rznl[T]) . (53)
P

5.1.2 Problem Formulation

Our objective in this section is to determine the optimal UAV trajectory that maxi-
mizes the average spectral efficiency for ground users subject to constraints in commu-
nications, sensing, and physical boundaries. At 7 = 0, the UAV is initially assumed to
be on the ground, then flies in a trajectory towards a position that maximizes the per-
formance in terms of spectral efficiency. Therefore, the UAV trajectory optimization

problem at time slot 7 can be written as

L
. 1
(P1) v= argvr[rTl}ag((g T Zz:; SE;[7] (5.4a)
S.t. NI:C{F + Nf{F S NRFI‘naX7 (5.4b)
vir| €&, VT, (5.4c)

[v[r] = v[r — 1]
Ar

< Ve ¥ T, (5.4d)

where Upay is the maximum UAV velocity. Constraint (5.4b) ensures that dedicated
RF chains for communications or sensing do not exceed the maximum available RF
chains. Moreover, constraint (5.4c) guarantees the UAV’s trajectory stays within
the physical operational boundaries, &, at all times, and (5.4d) is the UAV flight

constraint.
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The optimization problem (P1) is typically formulated as MDP, a framework
widely used in reinforcement learning to model decision-making problems. Within
this framework, the objective is to identify the optimal policy, which establishes a
strategy for selecting the most effective action based on the environment’s current
state at each time slot. The PPO algorithm is employed to identify this optimal
policy, leveraging its ability to balance exploration and exploitation effectively. In
this framework, the UAV is the RL agent, which interacts with the environment to
learn and adapt its trajectory and resource allocation decisions. This enables the
UAV to progressively adjust its actions to enhance overall performance, driven by
environmental feedback in the form of rewards.

It is worth noting that calculating the average spectral efficiency at each time slot
not only hinders the training phase, but may provide the agent with extra information
as feedback. Several aspects have already been optimized by the proposed digital
beamforming matrix, Fgg, analog combiner, W;, and the analog beamformer, Fgp,
as discussed in Chapter 3. The channel, H;, is the key component influencing the
received signal, and we will consider the channel gain, §;[7], which heavily depends
on the 3D geometry of the environment, to maximize SE;[7] for the ith user. Thus,
we relax and simplify the optimization problem (P1) into

(P2) v = arg max —Zﬁl (5.5)

V[T]GS L
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where under LoS between the UAV and ith user, the average channel power gain is

Bil7] = v/ Pros, [ Lrs(dalr]) + (1 Pros, [7) (Lrs(dlr]) + L) (5.6)

where dy;[T] = ||v[r] — w[7]|| is the distance from UAV to the ith user, Lpg(dy;[7]) is

the free-space path loss, and L is the additional shadowing loss. Figure 5.2 illustrates

y-axis

T-axis

Figure 5.2: Average channel gain at an altitude of 10m (black circle: user location).

the average channel gain in the x —y plane at a fixed altitude of 10m where 6 users are
randomly located, the carrier frequency is 28GHz, and probability of LoS using [53]
model. We observe local maximum near each user, which indicates the non-convexity
of the optimization problem (P2) at lower altitudes. This introduces a challenge
for the agent to escape local maxima, and find the optimal location serving all the
users simultaneously. We can further split the problem into two sub-problems by

considering the probability of LoS, Pres.[7], and the distance, dy;[7], which are given
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in optimization problems (P3) and (P4), respectively, i.e.

L
1
P3) v= —SN P, 5.7
(P3) v al"gvf[g]fgéL; LoS: [ 7] (5.7)
1 L
P4) V= in =S d, 5.8
(P4) ¥ =arg min L; [7] (5.8)

5.2 Methodology

In this section, we propose DRL and use the PPO algorithm to solve the optimization
problem (P2) for UAV trajectory optimization. As discussed in Chapter 1, the RL

environment consists of three main components, which are described as follows:

« State space: The state space, S = {v, U}, denotes the UAV and all users’
locations. Without loss of generality, the users’ locations are assumed to be

known at the UAV; thus, the state space for an agent at time slot 7 will be

Sit] = [v[r],ui[7], - ,url7]] € S, R3* A1) (5.9)

« Action space: The agent takes an action, afr|, based on knowing the state
S[r] and the current policy 7y to move in 3D to the next position. The action

space, A, is defined by

A - {aa = [%,ya, Za] | TayYas Za € {_1707 1}}7 (51())

which results in a total of 27 possible actions in z, y, and z directions.
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« Reward function: The reward function, R[7], is the accumulated reward based
on the action taken by the agent. We propose an adaptive reward function based
on (P2), (P3), and (P4), where it considers (P3) and (P4) at lower altitudes until
the objective function in (P2) becomes convex at higher altitudes. Then, we
consider (P2) to reach an optimal point. We set a condition to change between

the rewards based on

L

1

7 g Pros, > Pros,, - (5.11)
i=1

As such, we express the reward functions, R;[7] and Ra[7], as

L
W
Rifr] =wi ) Pros, + =g (5.12)
; ZiL:I dyi
L
Ryl7] = w3 Z Bi (5.13)
i=1

where wy, wy, and w3 are weights to control the influence of the summation of
probabilities, Pp.g,, distances, dy;, and average channel gains for the users, 3;’s,

respectively.

5.2.1 Proximal Policy Optimization Algorithm

The PPO algorithm is a reinforcement learning approach designed to achieve an opti-
mal balance between efficiency, robustness, and simplicity in policy gradient methods.
It operates by alternating between sampling data from the RL environment using the
current policy and performing multiple epochs of optimization on a surrogate objective

function. According to OpenAl, the inventor of the PPO algorithm, it is a model-
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free, on-policy algorithm that directly learns from a collection of experiences [72]. Tt

utilizes two neural networks

« Actor: Represented by a policy function 7(als; 1) where 7(v)) is the stochastic
policy that determines the probability of the agent taking an action a given a

state s.

 Critic: Represented by a function V(s; k), where V (k) is the expected cumula-

tive reward for a give state s.

The parameters (weights and biases) for actor and critic neural networks are v
and k, respectively. Through learning from experience and interacting with the RL
environment, the parameters 1) and x are modified to maximize a cumulative reward
R[7]. A random number of state-action-reward sequences is selected to train both
networks. In each time step, the agent use the generalized advantage estimation

(GAE) methods [73] to compute the advantage functions, G[r], which is given by

Glr] = i(%)m”&m (5.14)
Om = Rlm + 1] + vV (S[m + 1]; k) — V(S[m]; k) (5.15)

where v is the discount factor, and A denotes the GAE smoothing factor. After
each training episode, the algorithm selects a random number of state-action-reward
sequences based on the minibatch size (B), update policy 7(tnew) is found by mini-

mizing the loss function for the actor (Lacior) by calculating the average loss for each
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entry in the batch

Lucer = 5 D2 wH(SP5) — min(r(8) (b, )) G0 (5.16)
~ 7(afb]IS[B; Vew)

") = B Yo (517)

c(b;1) = max(min(r(b),1 +¢),1 —¢) (5.18)

where € is the clipping factor for the PPO algorithm, which controls the maximum

change in policy. w is a weight for the additional entropy loss which is given by

HESB:¢) = — > 7(talS[Bl; Ynew) In 7 (el S[B; ). (5.19)

a

The loss function for the critic, Leitic, 1S

B
1 2
Lcritic - E ;G [b] (520)

The training process of the PPO algorithm is outlined in Algorithm 2. The training
in this section depends on selecting optimal hyperparameters such as discount factor,
v, among other exploration parameters. Their optimization is essential to enhance

the model performance which will be discussed in the Bayesian optimization method.
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Algorithm 2 PPO algorithm training process
1: Randomly establish ¢ and x.
2: Get policy 7(¢) and V (k).
3. for each episode e do

4 S[0] « {v[0],U][T]}.

5. for 7€Tydo

6: Obtain a[r] based on m(1)).

7: v[T] = v[T — 1] + a7].

8: if v[r] € £ then

9: if %Zf:l PLoSi Z PLOSth then

10: Calculate reward R[7] based on (5.13).

11: else

12: Calculate reward R[7] based on (5.12).

13: end if

14: else

15: R[r] = 0.

16: Terminate episode.

17: end if

18: S[t] « {v[7],U[r]}

19: - Compute advantage estimate G|[r].

20: - Add {S[r — 1], a[r], R[7], S[r], G[r]} to memory.

21:  end for

22 - Select mini patch sample of {S[r — 1], a[r], R[7],S[r], G[r]} with size B from
memory.

23: - Update ¢ and x based on the selected sample using (5.16) and (5.20).

24: - Repeat sampling and updating ¢ and x until all data is processed.

25: end for

5.2.2 Bayesian Optimization Method

The effective training of DRL models is highly dependent on selecting optimal hy-
perparameters, including the learning rate, discount factor, and other exploration
parameters. Hyperparameter optimization enhances model performance while mini-
mizing training time and computational resources. To achieve this, we propose the
Bayesian optimization method [74], [75] to fine-tune the hyperparameters for the pro-
posed DRL-based trajectory optimization model.

Let f(p) represent the objective function corresponding to the cumulative reward
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achieved by PPO algorithm, where p is a set of hyperparameters which include
« Minibatch size (B)
 Actor network learning rate (n,)
o Critic network learning rate (7,)
« Clipping factor (e)
» Entropy weight (w,)
o Number of training epochs,
« Discount factor ()

Our objective is to determine hyperparameters p that maximize the cumulative

reward function by the PPO algorithm, i.e.

p = arg max f(p). (5.21)

Bayesian optimization constructs first a surrogate model, f (p), to approximate actual
objective function, f(p). This surrogate model is typically represented by a Gaussian

Process (GP), which defines f(p) as a distribution over functions:

~

f(p) ~ GP(u(p), k(p, p')), (5.22)

where p(p) is the mean function representing the expected value of f(p), and k(p, p’)

is the kernel function representing the similarity between the current hyperparameter
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configuration p and another set of hyperparameters p’ [75]. Bayesian optimization uses
an acquisition function, A(p, f(p)), which balances exploration (sampling uncertain
regions) and exploitation (refining known promising regions). We propose using the

Expected Improvement Acquisition Function (EI), which is defined as

A(p, f(p)) = Elmax(0, f(p) — f(Presi))]; (5.23)

where p, . is the best observed values of f(p). After evaluating f(p) for a set of initial
hyperparameter configurations with randomly selected values, a Gaussian Process
(GP) is fitted to these observations. The GP uses these observations to model the
surrogate function f (p), providing both mean predictions p(p) and uncertainties o (p).

A new hyperparameter configuration p, ., is then selected by maximizing the ac-

quisition function, i.e.

P = argmax A(p, f(p)) (5.24)

where A(p, f) is the acquisition function, such as the EI function. This step balances
exploration, by selecting configurations with high uncertainty, and exploitation, by
refining configurations with promising predictions.

Once p,., is selected, f(p,ey) is evaluated by training the PPO model with the
new configuration, and the observation is added to the dataset. The GP is then
updated iteratively refining the surrogate model and acquisition function to guide the
search for optimal hyperparameters. With this approach, we can achieve improved

PPO performance by systematically balancing exploration of new hyperparameter
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configurations and exploitation of promising ones.

5.2.3 Nonstationary UAV and Target Tracking

In section 3.5.3, we described and formulated the EKF process to detect targets by
a hovering UAV, i.e. almost stationary. However, our proposed DRL for the optimal
UAV trajectory in this section introduces an additional challenge in tracking targets.
We will have both the target(s) and UAV to be nonstationary and moving. Such
dynamic necessitates a real-time adjustments to the UAV’s tracking model. With this

in mind, we have adjusted the motion state of the tth moving target as follows

Et,f = TEt,Tfl - Ev,‘r + ﬁtﬂ'? (525)

where &,  is the motion state of the UAV at time slot 7, and n, ; is the process noise.

The nonlinear measurement model is expressed as

Zi,r = h(Tgt,T—l - Ev,r) + flt,”ﬂ (526)

where 1, , is the measurement noise, while h(§, ) can be expressed as

dvt,T = ||V7' - ttﬂ'”

,Ut _ ((it,‘f'7£’U,T)(i‘t,T7:';:1),7')4»(:')15,7'7yA’U,T)(:Ijt,ﬂ'7y;’u,7')+(2t,7'721},7‘)(*%75,7'72;’0,7'))
7T -

dvt,T
h(Et,T) = - (52D
0, = arctan((Ue,r — Yo,r) /(27 — To,r))

¢1r = arctan < Ztr — /\/ — Iy ’T' 2+ (Ger — ?)vﬁ)2>

\
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With (5.25), (5.26) and (5.27), the EKF can track the tth target as explained earlier

in the case of hovering UAV.
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5.3 RL Training and Numerical Results

In this section, we present numerical simulations of the proposed DRL-based UAV
trajectory model and evaluate its performance. The physical environment and simu-
lation parameters are configured as in Table 5.1. At the beginning of each episode, the
UAV, users, and targets are randomly located following the uniform distribution. The
UAV and users are assumed to be on the ground while the two moving targets have
&, =[50, —70,35,—20,20,0] and &, = [80, 80, 35,0, —20, 0], respectively. We consider
the probability of LoS, Pp.s, based on the model proposed in Chapter 4, for the urban
environment (¢ = 0.3, o = 500, ¥ = 15). We also assume that all users are moving in
random directions with random velocities where maximum speed for mobility is set

to 1.5 m/s.

Table 5.1: Training and Numerical simulation parameters

Parameter Description Value
Maximum transmit power (Pr ) 20dBm
Noise power (o2 ) —80dBm
Carrier frequency (f) 28 GHz
Time slot duration (Ar) 0.1ms
Number of time slots (Nr) 300
Number of neighboring users (L) 6

Targets to be sensed (T') 2

URA elements at UAV (Ny) 8,4]

ULA elements at user (Ny) 8

[%min, Tmax] [—100, 100] m
[ymirn ymax] [_1007 100] m
[Zimin, Zmax] [0,200] m
Shadowing loss (L) 40dB
Actor network hidden layers (300, 450, 400, 100]
Critic network hidden layers 400, 550, 500, 200]
Probability of LoS threshold (Pprs,, ) 0.5

(w1, wa, w3) [10, 50, 45]

84



Before training the DRL model, we first optimize the hyperparameters using the
proposed Bayesian optimization method, where we set the range for each hyperpa-

rameter as given in Table 5.2.

Table 5.2: Hyberparameters Optimization Range

Parameter Description Range

Minibatch size (B) 8, 64]
Actor network learning rate (n,) [1075, 1074
Critic network learning rate (n.) [1073,1072]

Clipping factor (e) [0.001, 0.2]
Entropy weight (we) [0.001,0.1]
Number of training epochs 1, 30]

Discount factor () [0.90, 1.0]

Generally, using a lower learning rate for the actor compared to the critic allows for
stable and incremental policy improvement, leveraging the critic’s faster adaptation
to provide reliable feedback. This balance is crucial for efficient training, which is why
we have carefully defined the range for the Bayesian optimization method to fine-tune
the learning rates accordingly. We executed the optimization method for 30 iterations,

yielding the hyperparamters in Table 5.3.

Table 5.3: Optimized Hyberparameters using Bayesian Optimization

B Na Ne € We Epochs y
59 8.8333 x 10—6 0.001512 0.064228 0.085327 20 0.99265

Through the iterative application of the (EI), the hyperparameters that maximize
the objective function f(p) are identified. The resulting optimized values shown in
Table 5.3 represent the configuration with the highest f(p) score, effectively ensuring

the best balance between exploration and exploitation during the optimization process.
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These values serve as the basis for achieving enhanced model performance. Figure 5.3

5500

Objective score [
Best score

5000

4500

4000

3500 +

3000

2500

Objective score [f(p)]

2000

1500 -

1000 +

500 Il Il Il Il Il
0 5 10 15 20 25 30

Iteration

Figure 5.3: Iterative execution of the Bayesian optimization method.

illustrates the progression of scores obtained during each iteration of the Bayesian
optimization process, represented by the light blue markers, whereas the best score
achieved throughout the entire optimization execution is depicted in violet.

Using the optimized hyperparameter values listed in Table 5.3, we proceed to
train the PPO agent, representing the UAV for a total of 11,000 episodes to ensure
that the agent learns an effective policy for the given environment and task. Figure
5.4 illustrates the training progression of the UAV trajectory optimization problem
using the PPO algorithm described in Algorithm 2. In this figure, the light blue
line represents the cumulative reward obtained for each individual episode, reflecting
the performance of the agent during that specific episode. Meanwhile, the violet
line depicts the moving average of the cumulative reward over episodes, providing a

smoothed representation of the overall learning trend and reducing the visual impact
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Figure 5.4: Training performance in terms of cumulative reward.
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Figure 5.5: Training performance in terms of number of steps.

In DRL, an increase in the number of steps per episode often reflects better
decision-making by the agent, as it successfully avoids termination conditions (e.g.,
out-of-boundary movements) and continues optimizing its trajectory. Consequently,
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this improvement translates into higher cumulative rewards, showcasing the agent’s
growing competence in navigating the environment. This is evident in Figure 5.5,
which shows the steps per episode and the moving average of steps. As the agent
progresses through training, episodes with a higher number of steps generally yield
higher cumulative rewards. This can be attributed to the agent exploring and inter-
acting with the environment more effectively in these episodes, and not stepping out
of the boundaries of the environment &£, allowing it to accumulate greater rewards
over a longer duration.
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Figure 5.6: A simulation of the trained UAV trajectory, users locations, and target
locations and tracking.

Figure 5.6 shows the results of the PPO agent, represented by the UAV, operating
within the environment. The trajectory of the UAV is visualized, starting from its
initial position (denoted by a blue circle) and moving towards its final position (marked
by a dark red circle). The XY projection provides an additional perspective on the
UAV’s movement across the environment. The figure also highlights the starting and
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ending positions of the users (orange and pink points, respectively) as they move
randomly within the environment. The targets are represented by red circles, and
the effectiveness of the proposed EKF algorithm is demonstrated by the accuracy
in tracking these targets, shown by the red tracking path. One noticeable behavior
in the simulation, depicted in Figure 5.6, is the abrupt change in direction near the
x = b0m. This behavior can be attributed to two potential reasons. The first, is
that the agent likely recognizes that it is near the boundary of the environment, and
adjusts its trajectory to remain within the permissible operational area. Second, the
agent may have learned through training that such a directional change maximizes its

cumulative reward, potentially aligning with its objective.
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Figure 5.7: Trained UAV performance in terms of P.s and its average.

Figure 5.7 demonstrates the improvement in the P g for individual users and the
average Ppos over all users as the UAV navigates its trajectory. The figure highlights

how the UAV dynamically adjusts its position to optimize LoS conditions for com-
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munication. The individual Pp.g trajectories reveal varying levels of improvement
depending on the relative position of each user, while the overall average P ,s shows
a consistent upward trend, consistent with (5.7), stabilizing as the UAV reaches an

optimal trajectory.
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Figure 5.8: Trained UAV performance in terms of channel gain and its average.

Figure 5.8 illustrates the enhancement in channel gains /3, for individual users as
well as the average  across all users as the UAV progresses along its trajectory. The
individual channel gains show variability, reflecting the dynamic adjustments in UAV
positioning to optimize conditions for each users (namely the distance and Ppos). The
average (3 exhibits a consistent upward trend, consistent with solving (5.5), indicating
the effectiveness of the UAV’s trajectory optimization in enhancing communication
performance. Comparing the beginning of the scenario to its end, there is a around
19.1 dB improvement in channel gain. The noticeable peaks in individual gains suggest

moments when the UAV aligns with favorable conditions for specific users, while the
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stabilization of the average gain demonstrates the system’s ability to achieve balanced

performance across all users.

s
RF_0

Average Spectral Efficiency [bps/H?z]

50 100 150 200 250 300

Figure 5.9: Average spectral efficiency with UAV undertaking its planned trajectory,
with and without sensing.

Figure 5.9 demonstrates the improvement in average spectral efficiency (ASE) as
the UAV progresses along its optimized trajectory. The figure compares the ASE
achieved under two scenarios: one with active sensing activity (Ngr = 2) and the
other without sensing activity (Nggp = 0). The results indicate that the spectral
efficiency increases significantly during the initial stages of the UAV’s movement as it
adjusts its position to optimize communication with the users. Notably, the scenario
without sensing activity shows a slightly higher spectral efficiency throughout the
trajectory, highlighting the potential communication and sensing trade-off. This trend
of ASE, observed with and without active sensing, is consistent with (5.8). It highlights
the effectiveness of the proposed DRL model in optimizing the trajectory of a UAV-

enabled ISAC system within the defined environment, and demonstrates the model’s
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robustness and capability to maximize system performance.

5.4 Summary

In this chapter, we introduced a low-complexity DRL-based framework utilizing the
PPO algorithm for UAV-enabled ISAC system trajectory optimization. The proposed
model prioritizes the communications’ performance while balancing the dual objec-
tives of communication and sensing. To ensure efficient training and enhance model
performance, we employed the Bayesian optimization method to fine-tune the hy-
perparameters of the DRL model. Through a numerical analysis of agent behaviors,
we illustrated the effectiveness of the proposed approach in improving communica-
tion metrics, such as spectral efficiency and channel gain, while maintaining sensing
accuracy. This chapter highlighted the potential of DRL in addressing the complex-
ities of UAV-enabled ISAC systems operating in dynamic and resource-constrained

environments.
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CHAPTER 6

CONCLUSIONS AND FUTURE

DIRECTIONS

6.1 Conclusions

The demand for sensing and communication services is growing with the eventual
deployment of 6G wireless networks. UAV-enabled ISAC systems offer enhanced mo-
bility, adaptability, and improved line-of-sight conditions, which suit dynamic and
complex environments. This highlights the need for novel designs and approaches,
such as hybrid beamforming, reinforcement learning-based trajectory optimization to
address the challenges for the next-generation wireless communication systems. This
thesis has investigated and proposed DRL-based solutions for multi-user multi-target
UAV-enabled ISAC systems under a practical propagation model characterizing irreg-
ular geometry in urban areas.

In Chapter 3, we presented the UAV-enabled ISAC system for dynamic and com-

plex environments. We proposed a hybrid beamforming design that enables the UAV
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to sense targets of interest and communicate with users while accounting for poten-
tial interference caused by integrating sensing tasks. We demonstrated the design’s
effectiveness in various environmental structures, such as urban, suburban, and dense
urban environments. We investigated spectral efficency and information outage prob-
ability, then evaluated the system’s sensing performance in terms of target detection,
localization, and tracking using a hovering UAV.

In Chapter 4, we introduced a novel line-of-sight characterization model based on a
geometrical approach, which accounts for the irregularity in terms of widths, lengths,
and angles of the spaces where communication users are located. It considered irreg-
ular regions, such as intersections or roundabouts, connected to regular regions. We
demonstrated the effect of these parameters on the probability of LoS in urban, sub-
urban, dense urban, and high-rise areas. Moreover, we illustrated how the orientation
and number of regions where users are located can influence the probability of LoS.

In Chapter 5, we proposed a low-complexity DRL-based model to optimize the
trajectory in UAV-enabled ISAC systems for highly dynamic environments. We in-
vestigated and proposed reinforcement learning algorithms, specifically, the PPO al-
gorithm, to address the non-convexity of the optimization problem. We used the
Bayesian optimization method to determine hyperparameters for the training algo-
rithm, and to ensure robustness. We demonstrated the capability of the proposed
model to optimize the UAV’s trajectory policy, and the efficiency under challenging

environment conditions.
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6.2 Future Directions

There are numerous avenues to extend the thesis work on UAV-enabled ISAC sys-
tem. One promising direction is the deployment of UAV swarms for sensing and
communication across larger areas. While the proposed system demonstrates effec-
tiveness, expanding to a multi-UAV system introduces challenges, e.g. in resource
allocation, network architecture, and user association. For resource allocation, ma-
chine learning techniques present a promising approach to optimize the distribution
of limited resources among the UAVs and users, ensuring efficient and balanced sys-
tem performance. Regarding network architecture, flying ad hoc networks (FANETS)
have emerged to manage inter-UAV networking. In the context of user association,
game theory can enable dynamic, decentralized decision-making processes that opti-
mize the interaction between UAVs and users, particularly in competitive or resource-
constrained scenarios.

Another promising direction is the integration of neuromorphic receivers and com-
putation. Given the power constraints in UAVs, spiking neural networks (SNNs)
paired with neuromorphic hardware offer an energy-efficient and low-latency alter-
native to traditional machine-learning networks. Neuromorphic processing has not
been widely explored for optimizing ISAC performance. SNNs can also be applied in
obstacle detection and avoidance in real-time by utilizing sensory information, where

UAVs can monitor their surroundings.
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APPENDIX A

A.1 Spectral Efficiency Derivation

Based the received signal expression for the ith user in (3.23), we introduce K;, K,

and K; as follows

K; = W, H;FrrFgp, (A1)
K, = W, H,FrrFgg, (A.2)
Kt - WiHiFRFFBBg (AB)

from which we find the covariance matrix, Ry,, which is given by

Ry, = Elyiy;' ] =R, + R,, (A.4)

where E[] is the statistical expectation operation, and

R; = K; E[x;x"] K = K,C, K”, (A.5)

R;, = R, + R, + o?W,W# (A.6)
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with R; and R; in the interference terms are

R, = K, E[x;x/| K" = K,C, K/, (A7)

R, = K, E[x,x/| K" = K,C, K{. (A.8)

The channel capacity in bits per complex dimension for the ith user in terms of

the conditional mutual information is expressed as

p(x;)

= h(y;|H;) — h(y:|x;, H;) (A.9)

where p(x;) is the distribution of the input signal, in general, following the mathemat-

ical derivations in [76] we will have

Pr_,

h(y;|H;) = logsdet |me—R., |, (A.10)
Np ¥

h(yi|x;, H;) = logadet [WGPTR;n] (A.11)

where h(y;) and h(y;|x;) are the differential entropy of y; and the conditional differ-
ential entropy of y; given x;, respectively. Considering a band-limited channel of B
Hz, the channel capacity in bps for the ith user substituting (A.10) and (A.11) into

(A.9), results in

3 m

C; = Blogydet [INP + N,;lR’.R’fl] (A.12)

and by dividing both sides by B, we obtain the spectral efficiency for the ith user,
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SE;, in (3.24).

A.2 Achievable Rate Derivation

Considering the 7th user and an infinite codeword, the channel capacity, C;, in bits per

complex dimension given in (A.9) can be rewritten in terms of the maximum transmit

2

power, Pr, and noise power, 0°. The corresponding covariances in (A.5) and (A.6)

can be expressed as

R, = P/R;, (A.13)

R;, = Pr(R, + R}) + c*W,WH. (A.14)

The differential entropy of y; and conditional differential entropy of y; given x;, re-

spectively, are given by

hyi[H;) = logadet [re (PrR; + Pr(R; + R)) + o*W,W!') |, (A.15)

h(yi|x:, H;) = logodet [7?6 (PT(R; +R)) + W, W )} . (A.16)

Substituting (A.15) and (A.16) into the conditional mutual information expression in

(A.9) for a band-limited channel of B Hz will lead to the channel capacity for the ith
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user to be

C; = B[h(yi[H;) — h(yilx;, H;)]

Pr

P ! ! ! 71
— Blogydet [INP +— R, (—Z(Rl +R) + wiwff) ] (A.17)
g g

which can be mathematically manipulated by rewriting £% in terms of the signal-to-

2
noise ratio per bit, and data rate of ith user, i.e. % = % = %’yo in (A.17), and the
achievable rate will be upper bounded by

Ri Rz / RZ / ’ -1
7 < logodet Iy, + EVORz’ (E%<Rl +R,) + WZWZH> ] (A.18)

where 7y, is obtained by numerically solving (A.18) with respect to %.

A.3 Information-Outage Probability Derivation

In general, the received signal or output over an AWGN channel can be expressed as
Y = X 4+ N, where Y ~ N.(0,& + Ny) and X ~ N,(0,&;). Therefore, the mutual

information, based on the conditional probability, is expressed as

leX(y|5’3) ‘ (A.19)

i) =log py(y)

The information is sent through the channel in codewords of length n, and we can
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rewrite (A.19) in terms of the MI rate as

pyx(y|x)

py(y) (4.20)

, 1
i(y;x) = ~log

for which y and x are the output and input sample vectors respectively. Following the

mathematical derivations in [55], we can rewrite the MI rate as

&

i(y;x) = log (1 + on) + Wy, (A.21)

where if n = 1, the probability distribution of W), is

2&.
~ ! A.22
W c(o,m%), (A.22)

and for a larger n, i.e. the average of n i.i.d Laplacian r.vs results in a Bessel-K
random variable. For n — oo and using the central limit theorem, we substitute &;

with NLPRZ» from (A.5) and Ny with R;,. We can rewrite (A.20) as

1
P
resulting in
2
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Hence, the corresponding information outage probability is given by

Vo /n

P = Pli(y;x) < R.] = Q (SE—‘R> . (A.25)

A.4 Cramér-Rao Lower Bound for Target Localiza-
tion

Without loss of generality, the received signal echo (3.32) for the tth target is
yi|7] = Wi [T|H[7|Fre[T]|FBB, [T]2¢[T] + Win[T] (A.26)

where H,[7] = Bia(6;)all (6;)e?*™ /2™ wy[7] = af (6;) is the analog combiner at the UAV
for target t beam, fp is the Doppler frequency, n[7] is the AWGN noise with zero mean
and covariance o2Iy,,. To simplify the derivation, we take advantage of the fact that

the zero forcing beamforming negates the power for the other directions, therefore

FrrFpp, — vaﬁmar' At time slot 7, we can rewrite (A.26) as:
PT H H_x_j2rnfpt H A
yt[T] = ﬁt[’r] mat aa; e It[T] + an ( 27)
From which we can represent U = [[7] NVIERF alla;alafe/?™/p7 as the amplitude

of echo signal. Since z; ~ N(0,1), and n ~ N(0,02), then y;, ~ N(0,C), where
C = U? + aalo?. It is important to note that 6;, ¢;,v; and dy; are independent

from each other, therefore, we can find the CRLB for each estimate individually. The
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Probability Distribution Function (PDF) of y, is

Pl 6, v ) = o ex0 (= 50407~ Ul

Given () number of realizations of y;[7]:

II M@

1 1
P(y:[7]; [0r, @1, ve, dut]) = Wexp <__C'

Q
By fr]: 1, 60 v ) = — 2 n2r — L0 — 3 > v

For 6,:

Q oC 0 D

2C 06, 00,2C

0
a—etlnP(Yt[ 71 [0, dp, vr, dyg]) = —

Q
D= (yila] - U:lg))?

q=1
Q

oD oU

== —Ux|q|)

a0, ;(th t[Q])aét t[Q]

o D 2052 -25CD
90,2C —  (20)?
—20Y 2 (yild) — Uzilq)) §ailq) — 255 S (yela) —

)

(yelg] - vat[Q])2>

U.fl:t

U[g])?

(20)?
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(A.28)

(A.29)

(A.30)

(A.31)

(A.32)

(A.33)

(A.34)

(A.35)



Taking the expectation of (A.34)

E L‘%t In P(y[7]; [9t7¢tyvt>dvt]):| =—-KE %—?
0 e ) (A.36)
[20 8 (vela] — Uxila)) S5 eila] — 2856 S0 (vila] — Uzila])
(20)
Knowing that

E [y"glylq]] = C (A.37)
E[z[glyld]] = U (A.38)
E [2*[q]] =1 (A.39)
E[z[q)] = E[y[q]] = 0 (A.40)
E[C]=C (A.41)
B—gﬂ g—gj: (A.42)
EU]=U (A.43)
B—@UJ = g—g (A.44)

we can simplify

ge(U* —20

E {a% InP(y,[7]; [et,qﬁt,vt,dvt])] _ % (202 2) (A.45)
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As such, the Cramér-Rao lower bound for 6; is:

1
CRLBy, = .
E [a%lnﬂ”(yt[ﬂ; [0t7¢tavtadvt])]
_ 1 B 404
B aC (2 2 2
(o] o)
Similarly, for ¢;:
1
CRLB; = .
L [a%t InP(y:[7]; [0, ¢t7Ut7dvt])]
_ 1 B 404
- el 2 2
ol [eRw-20)
For distance d,;:
1
CRLB,, = -
K [% InP(y[7]; [0, ¢tavt7dvt])]
_ 1 B 404
B oC (2 2 2
[_W} Qe (v - 20)]
For velocity v;:
1
CRLB,, = .
E [a%t InP(y.[7]; [0s, b1, v, dut]>i|
_ 1 _ 404
B Q< (U2-20) 2 [ ac (12 r
{_BT} 2 (172 — 2C))
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(A.48)
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where

C=U%+ af{(@t, br)a(6y, ¢t)‘772z

gg = Ug_gUt (Wat(et, &) +all (6, 6,)
g@i N QUS_Z (%ﬁ:@)at(@h@) +a; (6:, ¢)
o —wl
o =y

U=7 Pr iy ot * pi2m foT

Ny Nep a, a,a, a;
g_QUt & NVNRF 852; a,af ajel* /7
s T B
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+ F N\fDJiFfRF atHatafI gz%: e mioT
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(A.54)

(A.55)
(A.56)
(A.57)

(A.58)

(A.59)

(A.60)

(A.61)
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ou Pr 4 b
- = 27T_CT — —  ala;a’’a’e’ wfpT
o, T ﬁt\/ NyNgp & Ft

where fp = @

In case URA antenna of size N x M is used
) 27T

An.m (0, ¢) = exp {‘77 (d(n —1)sinfsin¢ — d(m — 1) cos f sin ¢)}

Otnm(0,0)  j2m
00 DY

(d(n —1)cosfsing + d(m — 1) sin O sin ¢)

X exp [ﬂTﬁ (d(n —1)sinfsin¢ — d(m — 1) cos § sin gzﬁ)}

Ot (0,9)  j2m
1)) DY

(d(n—1)sinfcos¢ — d(m — 1) cos 6 cos ¢)
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0 o) o)
20%1,1  3gd12 .- Fgli,M
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O0A B 20922 522 .- pgd2,M
00
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In case of ULA antenna of size N x 1 is used

) 27T

a4, (0) = exp [‘%d(n 1) sin(@)}

dan,  j2m

EZ)
0a(0) _ [0ay Day - dan
o0 |90 00" T 09

“—d(n — 1) cos(#) exp {ﬂTﬂd(n — 1) sin(0)

.

(A.69)

(A.70)

(A.71)
(A.72)

(A.73)

A.5 Jacobian Matrix for Nonlinear Measurement

Model

The Jacobian matrix for h(§, ) is as follows
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where

Odyy . T

- 3
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Ay B

3
NCESTEED

(
Odyy <t
(

P (Vi)

[ Ty m(Tdy + Yl + 2k)
O, \Ju2+ P+ 22 +yt+zt>3
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v 2t  z(@ed + Y + 2k
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vy Ty
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(A.77)
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(A.80)

(A.81)
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