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«Everyone says “Well, you should be harmless, virtuous, you shouldn’t do anyone any harm,
you should sheath your competitive instinct, you shouldn’t try to be too assertive, you want to
take a back seat”. NO. Wrong. You should be a monster. An absolute monster, and then you
should learn how to control it.»

«Because if you are not capable of cruelty, you are absolutely a victim to anyone who is.
And so, part of the reason that people go watch anti-heroes and villains is because there’s a
part of them crying out for the incorporation of the monster within them, which is what gives
them strength of character and self-respect. Because it’s impossible to respect yourself until
you grow teeth, and if you grow teeth then you realize that you're somewhat dangerous, |...]
and then you might be more willing to demand that you treat yourself with respect and other
people do the same thing. And so, that doesn’t mean that being cruel is better than not being
cruel. What it means is that being able to be cruel, and then not being cruel, is better than
not being able to be cruel. Because in the first case you're not but weak and naive, and in the
second case you're dangerous but you have it under control. A lot of martial arts concentrate
on exactly that as part of their philosophy of training. It’s like “We re not training you to fight,
we’re training you to be peaceful, and awake, and avoid fights”. [...]

The strength that you develop in your monstrousness is actually the best guarantee of
peace and that’s partly why Jung believed that it was necessary for people to integrate their
shadow. And he said that was a terrible thing for people to attempt because the human shadow,
which is all those things about yourself that you don’t want to realize, reaches all the way to
hell. And what he meant by that was it’s through an analysis of your own shadow that you
can come to understand why other people are capable, and you as well, of the sorts of terrible
atrocities that characterize, let’s say, the 20th century. And without that understanding there’s
no possibility of bringing it under control. When you study nazi Germany, for example, or
you study the Soviet Union, particularly under Stalin, and you’re asking yourself “Well, what
are these perpetrators like?”, [...] the answer is “They’re just like you”. If you don’t know
that, that just means that you don’t know anything about people, including yourself. It also
means that you have to discover why they re just like you, and believe me that’s no picnic.

So that’s enough to traumatize people and that’s partly why they don’t do it. And it’s also
partly why the path to enlightenment and wisdom is seldom trod upon, because if it was all
a matter of following your bliss and doing what made you happy then everyone in the world
would be a paragon of wisdom. But it’s not that at all, it’s a matter of facing the thing you
least want to face.»

Jordan B. Peterson

«Being aggressive. That means you are ready to attack. As i always point out, this doesn’t
mean you walk around with your chest puffed out, ready to bang heads with everyone around
you. It doesn’t mean you confront people physically or mentally head-on without a tactically
superior plan. NO. What it does mean is that you are going to get after it. You are going to
move fast. You are going to think fast. You are going to outthink and outmaneuver the enemy.
If I think the enemy is going to attack me, I'm going to attack them first. If I think they are
going to seize a piece of terrain, I am going to be there waiting for them. If I think the enemy
is going to flank me, too late I'm already flanking them. I view aggression as a fire in your
mind that says "I am going to win". I am going to battle. And I am going to fight. And I am
going to use every tool I have to crush my enemy. And that is what aggression is to me. The
unstoppable fighting spirit. The drive. The burning desire to achieve mission success using
every possible tool, asset, and strategy, and tactic to bring about victory. It is the will to win.
And if that kind of internal relentless aggression is your default mode, you will win.»

John Gretton "Jocko" Willink
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Abstract

Department of Electrical and Information Engineering
Doctor of Philosophy

Advanced Modeling and Design Techniques for the Internet of Drones

by Giovanni IACOVELLI

Internet of Drones (IoD) is a major leap in telecommunications. In fact, due to their inher-
ently versatility, Unmanned Aerial Vehicles (UAVs) introduce several degrees of freedom in
the reference system, which can be employed to enhance the communication quality. There-
fore, drones are going to be a cornerstone of the future wireless technologies. Inevitably, this
comes with new challenges, which require sophisticated and well-though-out strategies, to be
overtaken. Starting from an architectural standpoint, this work proposes and analyzes mathe-
matical models which are then employed to derive optimized solutions. Moreover, to further
corroborate the theoretical findings and to speed up the prototyping phase of an oD system,
a thorough simulation platform is presented.


HTTP://WWW.POLIBA.IT
http://dei.poliba.it




Contents

List of Figures viii
List of Tables ix
List of Acronyms xi
Scientific Contributions XV
Introduction to the Internet of Drones 1
1 On the Design of the Drone Control Layer 3
1.1 Introduction . . . . . . . . . . . . . e 3
1.2 Reference Scenario . . . . . . . . . . ... ..o 4
1.3 Interfaces Characterization . . . . . . . . . . . . . . . . . . . ... 5
1.4 Core Characterization . . . . . . . . . . . . . . . i i i e 5

2 On the Interplay between Energy and Memory Constraints in Optimized UAV
Communications 7
2.1 Introduction . . . . . . . . . . e 7
2.2 Problem Formulation . . . . . . . . . . ... ... ... ... . 8
2.3 Proposedsolution . . . . . ... ... 10
2.4 Performance evaluation . . . . . . . . . ... ..o 11
2.4.1 Parameter settings . . . . . . . . .. ... 11
2.4.2 Discussiononresults . . . . . . . ... 12

3 An Optimization Approach to Energy-Efficient UAV Communications in Cellu-

lar Networks 15
3.1 Introduction . . . . . . .. L 15
3.2 Reference Scenario . . . . ... ... ... 16
33 SystemModel . . . ... ... .. 16
3.3.1  UAV transmission . . . . . . . . ... oo 17
3.3.2 Trajectories in the area of interest . . . . . . . ... ... ...... 18
333 Storageand Datamodel . . . ... ... ... ... ... .. 19
3.3.4 UAV power consumptionmodel . . . . . .. ... ... ... .... 19
3.4 Problem Formulation . . . . .. ... ... ... ... ... ... ... 21
3.5 ProposedSolution . . . . . ... ... 22
3.5.1 Sub-Problem 1: Gathered/Transmitted Data Optimization . . . . . . 22
3.5.2  Sub-Problem 2: Trajectory-related Parameters Optimization . . . . . 22
3.5.3 Sub-Problem 3: Base Stations Optimization . . . . . ... ... ... 24
3.5.4 Overall iterative algorithm . . . . . . ... ... ... ... .. .. 25
3.6 Numericalresults . . . . . .. ... .. .. 25
3.6.1 Parameter settings . . . . . . . ... ... 25

3.6.2 Optimization Framework . . . . . ... ... ... ... .. ..... 26



vi

4 Drone Swarm as Mobile Relaying System: A Hybrid Optimization Approach 29

4.1 Introduction . . . . . . . . .. ... 29
42 SystemModel . . . . ... 30
4.3 Problem Formulation . . . . .. .. ... ... ... . ... .. .. ... 32
44 ProposedSolution . . . . . . .. .. ... 32

4.4.1 Sub-Problem 1: Trajectory optimization . . . . . .. ... ... ... 32

442 Sub-Problem 2: Scheduling Optimization . . . . ... ... ... .. 33
4.5 Numericalresults . . . . . . . . .. L 35

5 Channel Gain Lower Bound for IRS-Assisted UAV-Aided Communications 39

5.1 Introduction . . . . . . . . . . . ... 39
5.2 SystemModel . . . . ... 40
5.3 Channel Modeling Approximation . . . . . .. ... ... ... ....... 43
5.4 Numerical Results and Discussion . . . . .. ... ... ........... 46

6 Multi-UAV IRS-assisted Communications: Multi-User Channel Modeling and

Fair Sum-Rate Optimization via Deep Reinforcement Learning 49
6.1 Introduction . . . . . . . ... L 49
6.2 SystemModel . . . . ... 52
6.3 Proposed Channel Modeling . . . .. ... ... ............... 53
6.4 Trajectory and Phase Shift Matrix Optimization . . . . .. ... .. ... .. 60
6.4.1 Problem formulation . . . . ... ... .. ... ... 60
6.4.2 Proposed Solution based on Reinforcement Learning . . . . . . . .. 61
6.5 Numerical Results and Discussion . . . . . ... ... ... ......... 62
6.5.1 Channel Model Analysis . . . . . ... ... ... .......... 63
6.5.2 Results on trajectory and phase shift optimization . . . . . .. .. .. 64

7 Internet of Drones Simulator: Design, Implementation, and Performance Eval-

uation 67
7.1 Introduction . . . . . . . . . . . .. 67
7.2 Architectural Overview . . . . . . . . . . . ... 68
7.3 Underlying Platform . . . .. ... ... ... . ... ... ... 69
7.4 CoreofloD-Sim . . . . . . .. .. ... 69
7.4.1 World Definition . . . . .. ... ... ... ... ... ..., 69

742 DIONES . . . v v v i e e e e e 70

7.4.3  Other Simulation Entities: ZSPs and Remotes . . . . . . . ... ... 71

744 Mobility . ... 72

7.4.5 Applications . . . . ... 73

7.4.6  Scenario Configuration Interface . . . . . . .. ... ... ... ... 74

7.5 Simulation Development Platform . . . . . ... ... ... ... ...... 76
7.6 Simulation Campaign . . . . . . . . ... Lo 78
7.6.1 ScenarioDesign . . ... ... ... ... .. ... ... 79

7.6.2 Scenario #1 - Telemetry . . . . . .. ... ... ..., 81

7.6.3  Scenario #2 - Multimedia Signals Acquisition . . . . . ... ... .. 83

7.6.4 Scenario#3 - Smart Cities . . . . . . .. ... ... ... ... ... 84

7.6.5 Performance Evaluations . . . . . ... ... ... .......... 86
Conclusions and Future Works 89

Bibliography 91



vii

List of Figures

1.1
1.2
1.3

2.1
22
2.3
24

3.1
3.2
33
34
3.5
3.6

4.1

4.2
4.3
4.4
4.5
4.6
4.7

5.1
52

53
5.4

6.1
6.2
6.3
6.4
6.5

6.6

6.7
6.8

7.1

Schematic representation of the envisioned scenario. . . ... ... ... .. 4
High level overview of DCL Interfaces and their types of applicability. . . . . 5
High level architecture of the DCL. . . . . . . ... ... ... .. ...... 6
Drone acquiring multimedia signal while offloading tothe BS. . . . . . . .. 8
Power consumption in the energy-bounded configuration. . . . . . .. .. .. 12
Datarates in all the configurations. . . . . . . ... ... .. ... ...... 12
Memory availability trend over the mission. . . . . . ... ... ... .... 13
Reference Scenario. . . . . . . . ... Lo 16
Trajectories and Base Station (BS) association for different K-factors. . . . . . 26
Speed profiles over time. . . . . . . ... ... ... 26
Data rate comparison over time. . . . . . . . ... ... 27
Transmission power comparison over time. . . . . . . . . .. ... ... ... 27
Convergence of the overall algorithm. . . . . ... .. ... ... ...... 27
Trajectories followed by drones and association with Sensor Nodes (SNs) in

the first scenario. . . . . . . . ... L 35
Data rate in the first scenario. . . . . . . . . ... ... L. 35
Trajectories and total relayed data in the second scenario. . . . . . .. .. .. 36
Convergence in the first two scenarios. . . . . . . . .. ... .. ... .... 36
Trajectories and total relayed data in the third scenario. . . . . ... ... .. 37
Average data rate of swarms and convergence in the third scenario. . . . . . . 37
Trajectory plans comparison in the fourth scenario. . . . . . ... ... ... 38
Reference scenario. . . . . . . . . ... oL oL Lo 40
Comparison between approximation and actual Complementary CDF for dif-

ferent valuesof dx and dy. . . . . . . . . ... 46
Flz?i,iIQ for different K-factors and number of PRUs. . . . . . . ... ... .. 47
Relative errors between exact and approximate curves with K-factors, outage

probabilities, and number of PRUs. . . . . . . . ... ... .......... 47
Reference scenario. . . . . . .. ... ... . oo oo Lo 52
(A)pproximation vs Monte Carlo (MC). . . . . ... ... ... ... .... 63
SNR with respect to number of PRUS. . . . . .. ... ............ 63
SNR for P, = 2 patches divided horizontally (left) and vertically (right). . . . 64
Drones’ trajectories and normalized Signal-to-Noise Ratio (SNR) for G =

20,U=3,P,=4,andw=5-10"% . . .. ... ... ... . .. ..., . 65
Total amount of data received by nodes, with P, =4. . . . . .. ... .. .. 65
Total amount of data received by nodes, with P, =9. . . . . ... ... ... 66
Comparison among data transmitted amounts for random (Rnd) and opti-

mized (Opt) scheduling. The black stars represent the mean value. . . . . . . 66

Overview of Internet of Drones Simulator (IoD-Sim) Architecture. . . . . . . 68



viii

7.2

7.3
7.4

7.5
7.6
7.7
7.8
7.9

7.10
7.11
7.12
7.13
7.14
7.15
7.16
7.17
7.18

7.19
7.20
7.21

A set of trajectories, generated with (7.6), with different Interest Levels (from

1 to 10, incrementally) for Points of Interest (Ppol) 1, 3, 5, and 7. The other
points have constant Interest Level setto1.. . . . . . . ... ... ... ...
Finite State Machine (FSM) of the Drone Client and Server Application. . . .
An excerpt of scenario configuration with an overlay of the models associated
tothe analyzed parts. . . . . . . . . . .. ..
Logical flow to initialise and configure a scenario in IoD Sim. . . . ... ..
Simulation Development Platform high-level schema. . . . . . ... ... ..
Airflow Architectural Design. . . . . . . .. .. ... ... ... ... ...,
An overview of the configuration of a generic model in Airflow. . . . . . ..
A simple scenario with one drone and Zone Service Provider (ZSP) designed
from scratch in Airflow. . . . . . . . .. Lo o
Scenario #1. . . . . . . L.
Power consumption and peripheral state for each drone, in the first scenario. .
Drones’ trajectories with their power consumption, in the first scenario.
Received Signal Strength Indicator (RSSI) of each drone in the first scenario.
Trajectory design and eNB attachment for each drone, in the second scenario.
Drones’ throughput, in the second scenario. . . . . . .. ... ... .....
Memory occupancy for each drone, in the second scenario. . . . . . . .. ..
Scenario #3 simulation environment. . . . . .. .. ... 0oL
Ground Users (GUs) application latency of link combined by Wi-Fi, relay
drone, and Long-Term Evolution (LTE). . . . . ... ... ... ... ....
GUs application latency over LTE-only link. . . . . ... ... ... .....
GUs application Packet Loss Ratio (PLR) for Scenario#3. . . . .. ... ..
Performance evaluation of the different simulated scenarios. . . .. ... ..

73

75
76
76
77
78

79
80
80
81
81
82

83
84

85



ix

List of Tables

2.1

3.1
3.2

4.1

6.1
6.2

7.1
7.2
7.3
7.4
7.5
7.6
7.7

Summary of notation. . . . . . . .. ... Lo 9
Mainnotation. . . . . . . . . ... L L 17
Parameter settings. . . . . . . ... L 25
Parameter settings. . . . . . . . .. .. 34
Main notation adopted in thiswork. . . . . . ... .. ... .. ... .... 51
Parameter set used in the simulations. . . . . . .. ... ... .. .. ..., 62
ns3: :Drone properties in loD-Sim. . . . . ... ..o oL 70
Drone Peripherals Properties. . . . . . . ... ... ... .. ......... 70
ns3: :ConstantAccelerationDrone MobilityModel Typeld attributes. . 73
ns3: :ParametricSpeedDrone MobilityModel Typeld attributes. . . . . . 73
Configuration parameters for Telemetry Applications. . . . . . . . . . . ... 74
Configuration parameters for Generic Traffic Applications. . . . . . . .. .. 74

Comparison of the total number of events, the real time taken to execute, and
the simulated time of each scenario. . . . . . . ... ... ... . ...... 86






List of Acronyms

A2G Air-to-Ground

ACO Ant Colony Optimization

AoA Angles of Arrival

AoD Angles of Departure

AoV Angles of View

API Application Programming Interface
ATC Air Traffic Control

BCD Block Coordinate Descendent
BS Base Station

CDF Cumulative Distribution Function
CSI Channel State Information
CSMA Carrier Sense Multiple Access
D2D Device-to-Device

DCL Drone Control Layer

DOC Drone Orchestration Center
DRL Deep Reinforcement Learning
EbI Eastbound Interface

FBS Flying Base Station

FoVs Fields of View

FoV Field of View

FR1 Frequency Range 1

FSM Finite State Machine

GA Genetic Algorithm

GSL GNU Scientific Library

GUI Graphical User Interface

GU Ground User

IMU Inertial Measurement Unit

xi



Xii

IoD-Sim Internet of Drones Simulator

IoD Internet of Drones

IoT Internet of Things

IRS Intelligent Reflective Surface

JSON JavaScript Object Notation

KPI Key Performance Index

LoS Line of Sight

LTE Long-Term Evolution

MCC Mission Control Center

MDP Markov Decision Process

MIMO Multiple-Input-Multiple-Output
MINLFP Mixed-Integer Non-Linear Fractional Programming
MINLP Mixed-Integer Non-Linear Programming
NAT Network Address Translation

NbI Northbound Interface

NLFP Non-Linear Fractional Programming
NLoS Non Line of Sight

NLoS Non-Line of Sight

NR-U 5G NR in Unlicensed spectrum

ns-3 Network Simulator 3

NT No-Transmission

OFDMA Orthogonal Frequency Multiple Access
0oS Out-of-Service

OSI Open Systems Interconnection

PaaS Platform as a Service

PDF Probability Density Function

PLR Packet Loss Ratio

Ppol Points of Interest

PPO Proximal Policy Optimization

PRU Passive Reflective Unit

QoS Quality of Service



Xiii

RIS Reconfigurable Intelligent Surface
Rol Region of Interest

RSSI Received Signal Strength Indicator
RV Random Variable

SbI Southbound Interface

SCA Successive Convex Approximation
SINR Signal-to-Interference-plus-Noise Ratio
SNR Signal-to-Noise Ratio

SN Sensor Node

SSID Service Set IDentifier

TCP Transmission Control Protocol
UAV Unmanned Aerial Vehicle

UDP User Datagram Protocol

VLC Visible Light Communications
VLC Visible Light Communication
WbI Westbound Interface

XML Extensible Markup Language

ZSP Zone Service Provider






XV

Scientific Contributions

All the scientific contributions produced during the doctoral course are listed below.
International Journals:

* @G. Tacovelli, P. Boccadoro and L. A. Grieco, "On the Interplay Between Energy and
Memory Constraints in Optimized UAV Communications," in IEEE Networking Let-
ters, vol. 2, no. 4, pp. 203-206, Dec. 2020.

* G. lacovelli and L. A. Grieco, "Drone Swarm as Mobile Relaying System: A Hybrid
Optimization Approach,” in IEEE Transactions on Vehicular Technology, vol. 70, no.
11, pp. 12272-12277, Nov. 2021.

¢ G. Tacovelli, A. Coluccia and L. A. Grieco, "Channel Gain Lower Bound for IRS-
Assisted UAV-Aided Communications," in IEEE Communications Letters, vol. 25, no.
12, pp. 3805-3809, Dec. 2021.

* G. lacovelli and C. lacovelli, "Representing Logic Gates Over Euclidean Space via
Heaviside Step Function," in Scientific Reports, vol. 8009, no. 12, May 2022.

* G. Grieco, G. lacovelli, P. Boccadoro and L. A. Grieco, "Internet of Drones Simula-
tor: Design, Implementation, and Performance Evaluation," in IEEE Internet of Things
Journal, 2022. (Accepted)

International Conferences:

* G. lacovelli, P. Boccadoro and L. A. Grieco, "An Iterative Stochastic Approach to Con-
strained Drones’ Communications," 2020 IEEE/ACM 24th International Symposium
on Distributed Simulation and Real Time Applications (DS-RT), 2020, pp. 1-8.

* F. Vista, G. Iacovelli, and L.A. Grieco, "Quantum scheduling optimization for UAV-
enabled IoT networks," In Proceedings of the CONEXT Student Workshop (CoNEXT-
SW °21), 2021. https://doi.org/10.1145/3488658.3493783

* G. Grieco, G. Iacovelli, P. Boccadoro and L. A. Grieco, "On the Design of the Drone
Control Layer," European Wireless 2021; 26th European Wireless Conference, 2021,

pp. 1-7.

* G. Iacovelli, P. Boccadoro and L. A. Grieco, "An Optimization Approach to Energy-
Efficient UAV Communications in Cellular Networks," European Wireless 2021; 26th
European Wireless Conference, 2021, pp. 1-8.

* G. lacovelli, P. Boccadoro and L. A. Grieco, "On Optimizing Drones’ Communications
Under Different Radio Coverage Conditions," 2021 29th Mediterranean Conference on
Control and Automation (MED), 2021, pp. 324-329.

Under Review:

¢ G.Iacovelli, A. Coluccia and L. A. Grieco, "Multi-UAV IRS-assisted Communications:
Multi-User Channel Modeling and Fair Sum-Rate Optimization via Deep Reinforce-
ment Learning," 2022. Submitted to IEEE Transaction on Vehicular Technologies.






Introduction to the Internet of Drones

Internet of Drones (IoD) [1] is a disruptive paradigm which is expected to play a key role
in upcoming 6G communications. IoD is conceived to ease mission design aspects, such as
trajectory planning, mission design, flight control, resource optimization, and swarm man-
agement. The inherent versatility of drones, also named Unmanned Aerial Vehicles (UAVs),
enables a vast plethora of applications [2]: sensing, delivery, surveying, patrolling, payload
transportation, and Flying Base Stations (FBSs) [3], to name a few.

However, the heterogeneous technological landscape characterizing the IoD leads to in-
teroperability issues especially in case of complex missions. Moreover, drone infrastructures
require highly qualified personnel with expertise spanning over multiple aspects of hardware,
mechatronics, network, and software engineering. As a matter of fact, the huge number of
possible applications rely on specific hardware and software environments which hinder UAV
employment at scale. In order to avoid such dependencies, a de-verticalizing architectural
solution is needed to advance the deployment of drones in a structured manner. A flexible
middleware would ease the management of multiple subsystems requirements [4].

One of the most interesting applications which have been recently investigated by the
scientific community stem from the possibility to equip UAVs with Intelligent Reflective Sur-
faces (IRSs), also known as Reconfigurable Intelligent Surfaces (RISs). These metasurfaces
are composed by a matrix of elements, namely Passive Reflective Units (PRUs), and have
demonstrated superior capabilities of controlling the radio environment. In particular, IRSs
are able to shift incident electromagnetic waves by a programmable phase, thus yielding beam-
forming when optimally set. This unique property is at the basis of the emerging concept of
Smart Radio Environments [5]. IRS-assisted wireless systems grant significant performance
improvement, enhancing the channel quality perceived by communicating nodes. The high
mobility of drones allows to change the IRS location to obtain a better Line of Sight (LoS)
link and a lower pathloss. Although this combination grants a huge improvement of the chan-
nel quality, it comes with new challenges [6], [7] and in particular with the necessity of a
dedicated channel model.

Despite the huge enhancement granted by IoD in several scenarios, UAVs are constrained
devices which require sophisticated optimization strategies to be practically employed. The
many facets of drones’ limitations have been widely analyzed by the scientific community
from different standpoints: (i) energy consumption [8]—-[10], (ii) mission duration [11], [12],
(iii) path and trajectory design [8], [10], [12]-[23], (iv) communication links and reliability
[18], [24], [25], (v) achievable data rates [9], [10], [12], [15]-[17], [19], [25], [26], (vi) fine
tuning on transmission power [10], [13], [15]-[17], [19], [20], [27], [28], and (vii) optimal
data gathering [9], [29]. To properly optimize these aspects, it is necessary to encode the ref-
erence scenario into a problem of minimization/maximization of an objective function with
respect to some parameters, subject to a set of constraints. Usually, the formulated optimiza-
tion problem is non-convex and, hence, challenging to solve. In order to address this issue,
two approaches are usually adopted:

* The first aims at the convexification of the problem. Indeed, in terms of tractability,
convex programming brings mainly two huge advantages: (i) every local minimum is
a global minimum and (ii) if the objective function is strictly convex, then the problem
has at most one optimal point. Moreover, the optimal set is convex, which allows the
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employment of common gradient-based algorithms. To achieve this objective, i.e. con-
vexify the problem, several techniques can be applied, spanning from the computation
of reasonable approximations to the introduction of iterative methods aiming at split
the problem into multiple subproblems.

* The second approach is adopted when an accurate convex approximation cannot be
obtained. In this case, heuristic methodologies are adopted, which however do not
always guarantee that the optimal solution is retrieved. These methods include the
well-know Genetic Algorithm (GA), the Ant Colony Optimization (ACO) algorithm,
and many others. Machine Learning comprises several different methodologies, mostly
data-driven, which cannot be applied in case of cutting-edge use cases, due to the lack
of real measurements. Therefore, the Reinforcement Learning is usually employed to
use the theoretical communication models.

To further facilitate the design and the prototyping phases of IoD systems, simulations
are widely conceived as a useful aid. Indeed, a large scale adoption of UAVs can be time
consuming and may require unfeasible costs, considering that IoD scenarios are character-
ized by different network topologies, communication technologies, drones’ equipment, and
software applications. Moreover, transmitted/received signals can experience different prop-
agation conditions which depends on the environmental surrounding. To tackle this problem,
simulators are an essential tool to ease the testing phase and state the readiness for real world
exploitation. At the same time, simulators can be a learning tool for young professionals,
engineering students and researchers to improve their knowledge and explore scenarios never
considered before.

This thesis attempts to address the aforementioned technological issues in seven Chapters.
In particular, Chapter 1 proposes a middleware solution, located between the transport and
application layers, to cope with the intrinsic heterogeneity brought by IoD and hence to scale
out the entire IoD ecosystem. Chapters 2, 3, and 4 discuss different optimization strategies
to solve challenging problems related to different loD scenarios. Some of the optimized as-
pects include kinetics-related parameters, transmission power, and scheduling plans. Chapter
5 provides a preliminary channel model for IRS-Assisted UAV-Aided Communications which
is further generalized, and hence improved, in 6 where a Reinforcement Learning approach
is employed to optimize an entire multi-UAV multi-user mission. Chapter 7 presents a com-
prehensive and open-source simulation platform for the IoD relying on accurate modeling
techniques able to characterize all the features and limitations of UAVs. Finally, a the last
Chapter concludes the work and draws future research perspectives.



Chapter 1

On the Design of the Drone Control
Layer

A key challenge for the IoD is represented by the technological fragmentation of its compo-
nents. In this Chapter, a middleware solution, namely Drone Control Layer (DCL), is pro-
posed to enable complex tasks which involve heterogeneous swarms. DCL is located between
the transport and application layers and it is built on top of some basic properties: trans-
parency, modularity, reprogrammability, and resiliency. These principles are crucial to scale
out the entire loD ecosystem, thus enabling complex mission design and development with
different drones as actors, each one with proper and unique capabilities.

1.1 Introduction

UAV technological landscape is extremely heterogeneous, therefore interoperability issues
could arise in complex missions. As a matter of fact, current available applications strongly
depend on specific hardware and software environments which threatens/slows down drones’
employment at scale. To boost the deployment of the IoD, such dependencies should be
avoided thanks to a de-verticalizing platform that grants portability. Furthermore, drone in-
frastructures require highly qualified personnel with expertise spanning over multiple aspects
of hardware, mechatronics, network, and software engineering. A middleware with a flexible
software interface eases the management of multiple subsystems and their requirements to be
satisfied [4].

Thanks to the recent advancements in cloud and edge computing, the use of a middleware
in the IoD enables complex mission design, oft-the-shelf software-defined components, inte-
grated service provisioning, and management at a glance. Mission plan can be envisioned as
a composition of different containers in a micro-service development environment [30]. On
these bases, this work designs a middleware solution, namely DCL, that is located between the
transport and application layers. It helps to define the underlying platform to abstract mission
planning from drone peculiarities, while providing a safe and unified control structure. Mean-
while, the DCL grants the management of drones by means of a common set of interfaces with
predictable responses. This facilitates applications’ portability. The DCL identifies each ele-
mentary component of a given mission plan in order to further assign them to dedicated, yet
specific, core modules, which cooperate towards mission accomplishment. The middleware
has four interfaces which enable (i) the abstraction of underlying drivers and hardware, (ii)
the use of common primitives for application development, (iii) the communication between
drone and other logical entities, and (iv) core functionality extensibility. Inspired by cloud and
edge practices, DCL-enabled drones working together with other logical entities in the IoD
(e.g., Unmanned Traffic Management, Air Traffic Control (ATC) services, weather stations,
and recharging stations) can be envisioned as resources, thus naturally becoming Platform
as a Service (PaaS). Differently from the current state of the art [31]-[36], which envisions
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drone as standalone entities, the DCL allows seamless management and coordination among
swarms of heterogeneous drones. Moreover, the DCL enables the deployment across multiple
unmanned systems. The proposed solution allows a wide applicability in several scenarios of
interest.

1.2 Reference Scenario

The reference scenario (Figure 1.1) envisions swarms of drones assigned to different missions.
Each mission is composed by a specific set of operations. Drones are grouped to form a
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FIGURE 1.1: Schematic representation of the envisioned scenario.

swarm based on their on-board equipment and capabilities. Mission assignment and drones’
enrollment are handled by dedicated logical entities:

* Mission Control Center (MCC): ground control infrastructure that designs the mission
and monitors the swarm.

* Drone Orchestration Center (DOC): a central hub used to enroll drones in a mission by
matching their characteristics with the operations to be done.

* Cloud-based Application Services: high-level functionalities for data mining and anal-
ysis related to the mission.

Drones are assigned to a specific mission, based on their capabilities, before take off. Once
the swarm formation setup is completed, drones can start exchanging data with the MCC and
execute the mission tasks.
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Ficure 1.2: High level overview of DCL Interfaces and their types of appli-
cability.

1.3 Interfaces Characterization

The architecture of the DCL is graphically introduced in Figure 1.2.
The DCL includes four main interfaces:

* The Northbound Interface (NbI) supports the development of high-level applications
on top of the DCL to ease drone’s control, communications and mission planning. As
illustrated in Figure 1.3, the Nbl provides an event-driven notification mechanism that
eases information exchanges towards upper-level applications. For instance, drones in a
swarm are able to react to updates and dynamically adjust their configuration to newer
roles, if needed.

* The Southbound Interface (Sbl) enables the interactions among the on-board resources
and all the upper layers. Such a component solves the problems arising from vendor-
related dependencies. In fact, this interface recognizes and supports multiple protocol
stacks, radio interfaces, flight control primitives, and hardware resources in order to
provide a set of software abstractions.

* The Westbound Interface (WbI) enables the development of DCL integration with addi-
tional modules and customized algorithms in order to optimize operations and support
emerging applications. Extensions can cover a wide range of further developments,
such as energy optimization.

* The Eastbound Interface (EbI) allows horizontal logical communications with other
DCL-enabled entities to synchronize information, e.g., tasks, missions, and establish
swarm networks. It also allows to establish direct connections between the drone and
the outer world, i.e., Internet.

1.4 Core Characterization

The architectural components of the DCL, and its organization (Figure 1.3), can be considered
as the base fabric of all primitives that assist the planning of a mission. These elements
characterize the kernel of a general purpose drone.
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Ficure 1.3: High level architecture of the DCL.

The Device Manager provides handlers to orchestrate drone’s hardware in terms of its
capabilities. As a consequence, the Device Manager can be used to validate the suitability of
the drone for the specific mission plan. Each hardware component is managed by a specific
Device Driver. The latter exposes multiple high-level capability objects to communicate with
such hardware component.

Leveraging the high-level description provided by the Device Manager, the Role Manager
is responsible for matching drones to a mission plan. To this aim, the specific mission re-
quirements are encoded in a Policy-based structure, which allows to detect the optimal Role
for the drone.

The Telemetry module aggregates and elaborates drone data in an uniform and declarative
way. Information derived from the Sbl, e.g., IMU, state, and diagnostic data, converge into
this module and are provided to applications through the Nbl or external entities via the Ebl.

The Connection Manager is focused on connection abstraction, which decouples data ex-
change from the protocol stack in use, thus yielding to context independent communications.
The module maintains links with remote hosts using multiple radio and networking technolo-
gies according to drone Role and application requirements.

Leveraging the functionalities exposed by the Connection Manager, the Session Man-
ager handles simultaneous logical links to ease context-based information exchange to/from
external entities. The module provides a simple interface to open/close connections and
send/receive end-to-end, broadcast and multicast information.

The Flight Controller provides a common set of commands that allows flight maneuvers,
addressing hardware and software complexity. It has the responsibility of accepting such
commands and controlling drone movements using its specific functionalities and drivers.

The Swarm Agent is specifically designed to handle information regarding mutual coor-
dination among drones forming a swarm. Such messages allow swarm cooperation in order
to achieve mission tasks.

Finally, the Mission Manager is focused on monitoring the drone status and on planning
the sequence of tasks to be completed. Specifically, it orchestrates DCL modules by dis-
seminating the information derived from the Mission Plan. Task scheduling and operational
strategies can differ among missions or be limited by environmental restrictions.



Chapter 2

On the Interplay between Energy and
Memory Constraints in Optimized
UAV Communications

UAVs are key enablers in many emerging verticals but their resources are quite constrained,
thus requiring sophisticated optimization approaches to prolong mission lifetime. The major-
ity of scientific literature focuses on energy constraints, but when UAV's gather high-resolution
multimedia signals, memory constraints become critical too. In this Chapter, a lean convex
optimization framework is proposed to maximize the acquired/uploaded data, subject to joint
energy and memory constraints.

2.1 Introduction

Drones are battery-supplied systems, on-board available energy is limited, which suggests that
properly designed optimization routines are needed to maximize the lifetime of a mission. At
the same time, it is worth remarking that energy is not the only constrained resource on board
of a drone: memory availability is usually very limited and could hinder the development
of services that gather high-resolution multimedia signals. For instance, considering a real
drone, the onboard available memory can be quickly filled up if high-resolution video signals
are acquired (e.g., 4k RAW at ~1 Gbps). Unfortunately, to the best of authors’ knowledge,
this aspect has been neglected by the majority of the scientific literature, with the sole excep-
tions of [9], [37]. In particular, in [37] beamforming techniques are discussed in the context of
content provisioning by multiple UAVs to users requesting specific contents of interest. This
reference deals with content management, assuming that any content is simplified to a unity
dimension, and envisions storage capacity as the maximum amount of contents that can be
stored by each drone as a constraint for the optimization problem. In [9], instead, the problem
formulation considers a drone providing video signals to a multi-hop ground infrastructure
based on Visible Light Communication (VLC): an algorithm has been proposed to manage
on board resources without demonstrating its optimality. However, channel modelling is ne-
glected.

The present contribution proposes an optimization framework that accounts for both en-
ergy and memory constraints in high-resolution multimedia acquisition services. In partic-
ular, the reference scenario (described in Sec. 2.2) involves a drone acquiring multimedia
signals via onboard camera following a given trajectory. With the aim of offloading the mem-
ory, while increasing the responsiveness of the system, a low-resolution version of gathered
data is uploaded leveraging air-to-ground communications (see Fig. 2.1). Here, uplink datas-
treams deserve particular attention, while downlink streams-related problems are not a major
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FIGURE 2.1: Drone acquiring multimedia signal while offloading to the BS.

The optimization framework (proposed in Sec. 2.3) aims at maximizing the amount of
gathered and transmitted data, subject to contrasting bounds on available energy and mem-
ory. Clearly, continuous transmissions help avoid memory overflow but waste energy. Hence,
finding the optimal amount of data to acquire from the camera and transmit to the ground
motivates this contribution. Unfortunately, the formulation of this non-convex optimization
problem makes the solution hard to be derived. To face this issue, an equivalent convex opti-
mization formulation has been defined thanks to the introduction of a set of slack variables.
Simulation results (presented in Sec. 2.4) demonstrate the effectiveness of the proposed ap-
proach in a realistic 5G scenario under several settings.

2.2 Problem Formulation

The total duration of the mission 7’ is split into IV time intervals with duration ¢;, each. Before
the mission starts, the available memory and energy on-board are My and Ejy, respectively.
The amount of transmission power spent by the drone during the k-th time-slot for uploading
operations is defined as Pj. Therefore, when the drone is offloading data, the channel capacity
can be calculated according to the Shannon’s equation:

o2

Pih
Ry, = Blog, <1+ i ’“) , 2.1)

where 02 = NyB is the noise power at the receiver’s side, B is the available bandwidth, and
hy is the channel power gain.

The energy spent in the acquisition operations can be expressed as £, = §; N P., where
P, is the constant power consumed by the camera. To guarantee a uniform quality of gathered
multimedia signals, the amount of acquired data over each time step is ¢g. The amount of
uploaded data, instead, is equal to oy, = d; Ry, during the k-th time step. When the UAV has

*Signalling and control data exchanges between the drone and the ground BS are neglected because herein
assumed to be less demanding than the bandwidth needed to transfer multimedia signals.
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completed its mission, the remaining amount of energy E'r can be expressed as:
N
Ep =Ey— Em— 6 Y Py — Ee. 2.2)
k=1

being F,, is the total mechanical energy spent throughout the mission. As discussed in [9],
during the mission the drone has to continuously control its operations based on surrounding
physical conditions, so that the energy spent cannot be exactly known in advance: therefore, a
random variable has to be considered to model E,,,. Without loss of generality, it is assumed
that F,,’s distribution is non-normal Gaussian where p,, and o, are its mean and standard
deviation, respectively. Nevertheless, the following considerations can be easily referred to
other cases. Hence, it is possible to state that the probability that the leftover energy Er is

Symbol Description
N Time intervals the mission is composed by [#].
Oy Duration of a time interval [s].
P Transmission power at time interval k [W].
Ry Datarate [Bps].

E,, Overall mechanical energy consumption [J].
Fo/Er | Initial/Final onboard available energies [J].
10 Acquired data at any time interval [B].

Ok Uploaded data at time interval k [B].
My Initial onboard available memory [B].

P Set of Transmission Power values [W]
w

B
E.

€

Set of slack variables.

Mechanical energy required to accomplish the mission [J].
Onboard camera energy consumption [J].
Out-of-Service probability.

TABLE 2.1: Summary of notation.

less than zero must be at most ¢, i.e. Out-of-Service probability: P.(Er < 0) < ¢ which is
equivalent to

N
Py(Epn>Eg—6 Y Pi—E.)<e.
k=1
With a simple change of notation, the function that models the tail of E,,, is Q1 (z) = Q(=£m=),

Om

from which it results Qfl (€) = ~. Therefore, it is possible to write:

N
E.+y+6 Y Py < Eo. (2.3)
k=1
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The main focus of the present work is to solve (P1), that is formulated as follows:

N
(P1) :max Nig + 5 Y Ry st
k=1
N
E.+y+6 Y Py < Ep (2.4)
k=1
k
kio— 6 » Rj < My, Vk:1..N (2.5)
7j=1
k
0y Ry < ki, Vk:1..N (2.6)
j=1
0< P, < Pyax, Vk:1..N 2.7)
>0 (2.8)

Problem (P1) aims at maximizing the amount of acquired and offloaded data subject to several
constraints on available memory and energy, where P is the set of Py Vk. In particular, in
(2.4) it is explicitly stated that there is an upper-bound to the maximum amount of energy that
the drone can use at any time during the mission. Similarly, in (2.5), memory limitation is
presented. Respecting constraint (2.6) implies that the amount of data to be offloaded cannot
exceed the available one, at any time during the mission. Finally, Equations (2.7) and (2.8)
clarify the bounds for power consumption and acquired data, respectively. The main notation
is summarized in Tab. 2.1

2.3 Proposed solution

As clearly results from its formulation, (P1) is a non-convex problem with reference to con-
straint (2.6). To tackle this issue, slack variables YW = {wy > 0,Vk} can be introduced.
Hence, (P1) can be reformulated as:

N
(P2) : max Nio + 6, ; wy st
(2.4),(2.7),(2.8), )
kig — 5tzk:wj <My, Vk:1.N (2.9)
=1
Ry > w;.:, Vk:1..N (2.10)
5t§k:wj < kig, Vk:1..N. (2.11)

J=1

Theorem 1. Solving problem (P1) is equivalent to solving problem (P2), for a sufficiently
large M.

Proof. The constraints in (2.10) can be used to reach the optimal solution of problem (P1)
when the equality holds. Since, Ry, represents an upper-bound for wy, even when the equality
is not respected, the condition will always be verified for increasing values of wy,, until equality
holds again. Because of constrains (2.9) and (2.11), the value of wy, can be increased up to
Ry if and only if M is sufficiently large. [ ]
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2.4 Performance evaluation

A simulation campaign has been carried out to evaluate, through MATLAB R2020a, (i) power
consumption, (ii) achievable datarates, and (iii) memory occupation over time in a realistic 5G
scenario. To this aim, two different settings were considered: the first configures an energy-
bounded scenario, whereas the second is a memory-constrained one. Their main difference
is the available energy E before the mission starts. In the first case, the energy availability is
far more than sufficient for completing the mission while offloading data with the maximum
transmission power. In the second one, instead, Ey value is restricted, thus requiring an opti-
mized tuning of the transmission power. Therefore, the memory constraint is not dominating.

2.4.1 Parameter settings

Without loss of generality, the mean p,,, of the mechanical energy consumption F,,, has been
modeled as proposed in [38]. The mechanical power P (V') spent by a drone, flying at a fixed
quota H, is the same in every J; as it travels at an optimal constant cruise speed V' [39]. For
what concerns the channel model, instead, iy has been defined as proposed in [16]. Starting
from real, high-profile and low-profile drones, the two scenarios will envision Ey = {213,
100} kJ, respectively. A reference area of interest is monitored by a drone flying over a specific
path, described by the well-known Theodorus Spiral, which is composed of right triangles,
placed edge-to-edge [40]. As a property, for each and every point q;,, V& : 1...N composing
the spiral, the distance is constant. The latter property perfectly suites the constant velocity
envisioned by the model. Once the drone takes-off from the starting point q, it reaches the
quota at the point q; and proceeds to acquire and upload data along its spiral path. The ground
BS is placed in . The mission ends when the drone reverts back to q,. Assuming a 16mm
lens, it can be derived the equation set related to the Field of View (FoV)’s base and height
as follows:

b= 2H sec(0/2)tan (¢/2), (2.12)
h = 2H sec (¢/2)tan (0/2), (2.13)

where 6 and ¢ are the Angles of View (AoV) of b and h, respectively. It is worth noting that
the spiral has been sized in order to obtain non-overlapping adjacent FoVs.

It is herein assumed that the reference scenario involves 5G networking technologies. In
particular, B = 20 MHz bandwidth around 3 GHz in the 5G NR in Unlicensed spectrum
(NR-U) is accounted for usage by the drone. According to specifications [41] and [42], such
values are justified when referring to Frequency Range 1 (FR1). Further, in order to achieve a
sensible throughput increment, the communication infrastructure implements Multiple-Input-
Multiple-Output (MIMO) with space-division multiplexing and carrier aggregation. Since
FE,,, is a Gaussian random variable (see Section 2.2), two values of the confidence interval
Uy, = 30, have been chosen: 5% and 10%. In other words, o, = [0.016, 0.033]- 1,

The configuration setting also includes: My =8 GB, P.=10W, §; =3s, N = 199+, ¢ =
0.01,V =16m/s,0=70.2°,9p=43.3°, H =100m, q;, =[00 10], o« =2, By =-60 dB, Pprax
=1W, Ny = -174 dBm/Hz and hence o2 ~ -101 dBm. Simulation parameters regarding the
physical characterization of the drone are summarized in [38].

# N is sized to have a 4 complete rounds trajectory over a 1.5 km? area.
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2.4.2 Discussion on results

Figure 2.2 shows the power trend over time in the energy-bounded cases obtained by solving
(P2). Those values are obtained from the Shannon’s equation, being wj, = R}, the datarate .
These results show that a lower o, i.e., a lower variability on the mechanical energy spent
during the mission, implies a lower -y in the constraint (2.4), and, as a consequence, a larger
amount of available power that can be used for transmission tasks. The results in the memory-
bounded cases are omitted since the available energy is more than sufficient for completing
the mission and, hence, the considered values are always equal to Py 4x. Figure 2.3 shows
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FiGuURE 2.3: Datarates in all the configurations.

the optimal datarates obtained from (F2) in all considered settings: clearly o, does not affect
wy, (or equivalently Ry) in memory-bounded scenarios because in those scenarios the energy
limitations are less severe than memory ones. On the other hand, different datarates are ob-
tained for different values of o,, in energy-bounded scenarios: the higher o,,, the higher v
in (2.4), the smaller the amount of energy that can be allocated to communication tasks (i.e.,
the lower wy,). Similar results hold for ig: being ¢,,, = 0.033 4, in the energy-bounded con-
figuration, 0.185 Gbps were acquired, whereas, with o,,, = 0.016,,, the amount of acquired
data grew up to 0.217 Gbps. In the memory-bounded ones, instead, the result was 0.221 Gbps
for both values of o,,,. Figure 2.4 shows the available memory over time resulting from the

"It is worth to note that in all simulated settings, we verified that the optimal solution of (P2) always provides
W = Rk.
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FIGURE 2.4: Memory availability trend over the mission.

solution of (P2). The results are identical in all configurations, since the difference between
acquired and uploaded data does not change, regardless of the involved statistical fluctuations.
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Chapter 3

An Optimization Approach to
Energy-Eflicient UAV
Communications in Cellular
Networks

In the IoD architecture, both drone-to-drone and drone-to-ground communications may take
place, depending on the application scenario. In this Chapter it is presented a solution which
designs an energy-efficient mission plan for a UAV in charge of surveying specific areas to
acquire high-resolution video signals. Before the mission ends, it delivers gathered data to a
ground control infrastructure, through BSs deployed in the region. The proposed framework
takes into account constraints related to energy, kinematics, and connectivity, which leads
to a Mixed-Integer Non-Linear Fractional Programming (MINLFP) problem, usually hard to
solve.

3.1 Introduction

Communications among drones and ground infrastructure play a central role in several mis-
sions. Unfortunately, Unmanned Aerial Vehicles (UAVs) are affected by intrinsic limitations,
involving energy efficiency, and mission endurance. Moreover, communication reliability is
threatened by frequent topology changes, that may require adaptive routing strategies [43].
This holds even more when those constraints start to interplay, requiring sophisticated op-
timization strategies. Chapter 1 introduces the problem of a UAV involved in a video data
gathering/provisioning scenario. Unfortunately, both trajectory and speed are not optimized,
and the cellular network is simplified to a single BS.

This Chapter, instead, studies a reference scenario involving a drone acquiring and trans-
mitting high-resolution video signals in specific areas of interest. This work considers Ri-
cian fading as channel model and several constraints, related to energy, kinematics and con-
nectivity. The formulation proposed hereby leads to a Mixed-Integer Non-Linear Fractional
Programming (MINLFP) problem which is challenging to solve. To tackle this issue, three
sub-problems have been derived thanks to Block Coordinate Descendent (BCD) technique
[44]. Each of them resulted to be non-convex. Therefore, they have been approached us-
ing Successive Convex Approximation (SCA) algorithm together with slack variables, thus
leading to a quasi-optimal solution. The resulting optimization framework aims at maximiz-
ing energy efficiency, defined as the ratio between the achievable data rate and transmission
energy. The goal is reached by deriving the maximum amount of data to gather from areas
of interest, while optimizing trajectory to follow. In addition, both mission accomplishment
and transmission reliability are modeled through Out-of-Service (OoS) probabilities. These



Chapter 3. An Optimization Approach to Energy-Efficient

16 UAV Communications in Cellular Networks

guarantee that the drone has enough energy to successfully complete the mission taking ad-
vantage of the maximum achievable channel quality. A simulation campaign has been carried
out to demonstrate the effectiveness of the proposed framework, when multiple parameters
are involved. In particular, it is shown the possible design of optimized trajectories that satisfy
several constraints in different channel settings with multiple BSs and areas of interest.

3.2 Reference Scenario

The reference scenario (Figure 3.1) involves a UAV that takes-off from a starting point and
has to reach specific areas of interest to acquire multimedia signals, via an onboard camera.
Once the drone approaches the first area of interest, it starts to acquire and transmit data
to a ground control infrastructure. The end-to-end communication leverages the BSs of the
cellular network deployed in the region. In order to guarantee a proper quality of the gathered
videos, the amount of stored information is uniform over time. Moving from one area to the
next one, the UAV follows a trajectory that maximizes the energy efficiency, defined as the
ratio between data rate and transmission energy expenditure. Further, the mission is subject to
different constraints related to energy, kinematics and connectivity. Moreover, acquired data
has to be transmitted before the mission ends, to provide information in a reasonable time
and hence raising the system responsiveness. Clearly, in such scenario, uplink data streams is
the major concern while downlink flow is less demanding in terms of bandwidth, and hence
neglected. Finally, once the mission is completed, the drone heads towards the initial point.

FiGURE 3.1: Reference Scenario.

3.3 System Model

The total duration of the mission 7" is split into /N time intervals with duration d;. The trajec-
tory pursued by the drone is also discretized in N points, i.e. q;, € R? k : 1...N. Before the
mission starts, the available onboard energy is Ey. Once the UAV takes-off, it has to reach
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Param. Description Param. Description

N Number of time intervals [#] 5o Reference channel power gain [dB]
VA Number of BSs [#] Ry, Achievable data rate [bi%]

L Number of areas [#] En Mechanical energy consumption [J]
Ot Duration of a time interval [s] FEg/Er Initial/Final available energies [J]
Py Transmission power [W] ik Acquired data [bits]

Ey Available onboard energy [kJ] « Pathloss coeflicient [#]

¢ Data rate OoS probability [#] q, Position vector [m]

€ Energy OoS probability [#] Vi Velocity vector [*]

K K-factor [dB] P. Camera power consumption [W]
Ny Noise power density [dﬁ—’zn] Q Matrix of BS positions [m]

B Bandwidth [MHz] di. Distance between UAV and BS [m]

TABLE 3.1: Main notation.

the areas of interest S = {.S;,4 : 1...L} and, in order to provide video data before the mission
ends, transmit gathered information to the control center. Throughout its mission, the drone
has to decide to which of the Z € N BSs it is worth to attach. This issue is accounted through
a binary vector by, € {0, 1}# that describes to which BS the UAV is transmitting in each time
interval k. The components of this vectors are defined as by, , with z : 1...Z. The trajectories
to survey designated areas U = {U;,i : 1...L} are fixed and designed to maximize the total
covered area with minimum overlapping. Their points are defined as U; ¢, ¢ : 1....J; with J; as
the number of points of which U; is made. The main notation is summarized in Table 3.1.

3.3.1 UAY transmission

Let g be the Air-to-Ground (A2G) channel gain between the UAV and the BS. In every time
interval k the channel gain can be expressed as

9k = v/, (3.1)

where 113, accounts for pathloss, while hy, (E(|hy|?) = 1) takes care of small-scale effects
through the Rician model. Hence, it is possible to define:

pur = Body® (3.2)
dy, = \/H2+ lay, — b7’ (3.3)

with 5y being the reference channel power gain, « the pathloss coefficient, and dj, the eu-
clidean distance between the UAV and BS. Clearly, d; depends on the position of the drone
q;, and on the BS to which it is transmitting, located at b7 Q. It is worth noting that €2 is the
matrix that has as rows the BSs’ positions. Moreover, the Rician fading model is expressed

by
K - 1 ~
hy = h —h 3.4
k Vl—I—K k+\/1+K k> (3.4)

where K is the Rician factor. hy. € C describes the deterministic component (|h| = 1) while
hg, accounting for the Rayleigh fading, is assumed to follow a complex Gaussian distribution
CN(0,1). The transmission power consumed by the drone during the mission for uploading
operations is defined as P,. Therefore, according to Shannon’s equation, it is possible to
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compute the channel capacity as

(3.5)

— Pi.Bolhi:|?
Ry = Blog, <1+ % Bo| P | >’

2 Jo
o4dy

being 02 = Ny B the noise power at the receiver’s side and B the available bandwidth. How-
ever, R, is not exactly known in each instant k, due to stochastic component in (3.5). Data
transmission from the UAV requires a data rate Ry, at each instant k, so that R, > R;,. There-
fore, it is necessary to guarantee that the OoS probability p is below or equal to a threshold

¢:

p=1P (Ek < Rk)
240(2°F — 1)
—PI h.l? gag\2® — 1)
( " < PySBo )
0202 (2 — 1)
—F | —k= -7
< Py Bo )
=F(u) <, (3.6)

where F is the Cumulative Distribution Function of |hz|?. With the aim of maximizing the
total data received by every BS in a reliable manner, it is considered p = ( i.e. the maximum
tolerable OoS probability. F' can be explicitly described as [45]

F(u) =1 - Qm(Y2E, v2(K + 1)u) =, (3.7)
A1 Ao

with @), denoting the Marcum Q-function. The correspondent inverse expression, with re-
spect to Ag is:
X2 = Q@ (M, 1) (3.8)

Unfortunately, the inverse Marcum Q-function has no closed-form expression and can only
be computed with numeric techniques [46]. To tackle this issue, an approximated formulation
can be used as in [45, Eq. 17]. Finally, reminding that

e -1y N
Py.5o 2K +1)

the expression of the achievable data rate can be derived as

B Py fo)3
Pbof
= Bl 1 3.10
A3

which satisfies requirement described in (3.6), where f = KDY

3.3.2 Trajectories in the area of interest

The envisioned scenario is composed by a certain number L of areas of interest S; for the
surveying activity that are not contiguous. Each surveying area, that the drone has to inspect,
is assumed to be circular with center C; = [; g)i]T and radius ;. The drone has to cover the
circular areas entirely, and fly from one area, 5;, to the following one, S;1.
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To ensure a thorough coverage of the areas of interest, thus maximizing the amount of
gathered data, a snake-like trajectory U; is involved. Each point of the trajectory is defined
as U; ¢ = [x¢ y¢]. As a further constraint, the trajectory is designed in order to minimize the
overlap between two adjacent Fields of View (FoVs). The FoV is defined as the projection of
the lens aperture to the ground.

Therefore, the equation set related to the FoV’s base and height is:

brov = 2H sec <0> tan <¢) , (3.11)
2 2
hroyv = 2H sec <(§> tan <Z> , (3.12)

where 6 and ¢ are the AoV of brpoy and hpoy, respectively. Drone’s speed within each .5;
is denoted by v* and assumed to be constant to ensure a homogeneous data acquisition and
minimum energy expenditure. Each inner trajectory Uj; is designed accordingly.

3.3.3 Storage and Data model

Let ¢, be the amount of data acquired during the mission, in each time interval k. The acqui-
sition of video signals takes place only when the UAV is surveying an interest area:

(3.13)

. ip Vk3' q,el
7 =
F 0 otherwise

where i guarantees a uniform quality of gathered multimedia signals. Indeed, the amount of
acquired data is equal in each time interval k. Moreover, it is not possible to transmit more
data than the acquired amount, and it is equivalent to impose

k k
> 6R; <> iy, Vk:1.N. (3.14)
j=1 j=1

Since gathered data must be transmitted before the mission ends, it is required that:

N N
Zik—Z(StRk = 0. (3.15)
k=1 k=1

Finally, it is herein assumed that the drone has always enough room in memory to store ac-
quired data.

3.3.4 UAYV power consumption model

The mechanical energy F,,, consumed by a drone flying at speed v, [20][22] is expressed as:

N 5 2
N 3P ||v 1 .
En =20 <p0 + 20U Jdopsa ||vk||3> +

k=1 tip
N 4 2
A [vel™  lIvell
5B [ 4/1 - 3.16
+; P T a2 (3.16)

Here, Py and P, are, respectively, the blade profile and the induced power while the drone is
in hovering status. Further, Uy;), is the rotor blade’s tip speed, vy is the mean rotor induced
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velocity when hovering, dy is the fuselage drag ratio and s is the rotor solidity. Moreover,
A and p represent the rotor disc area and air density, respectively. The energy spent in the
acquisition operations, in the interest areas, can be expressed as

E.= P, Z 67&7

in which P, is the constant power consumed by the camera. When the UAV has completed
its mission, the remaining amount of energy Fr can be expressed as:

N
Ep = Ey— E,, — Z&Pk — E.. (3.17)
k=1

However, the hypothesis concerning this value being deterministic is weak. In fact, it is unrea-
sonable to assume that the exact value of the energy spent can be known in advance[9], [47].
This is motivated by the fact that during the mission the drone has to continuously control its
operations based on surrounding physical conditions. Therefore, F,,, has to be considered as
arandom variable, thus ensuring a stochastic generalized formulation. Without loss of gener-
ality, it is assumed that E,,’s distribution is non-normal Gaussian where F,,, and E,, are its
mean and standard deviation, respectively. In particular, the average mechanical energy spent
is assumed to follow the expression in (3.16), while E,, is defined as a certain percentage of
the mean [9], [47].

Hence, it is possible to state that the probability that the leftover energy E'r is less than
zero must be at most ¢, i.e. OoS probability:

P(Er <0) <g, (3.18)
which is equivalent to
N
P(Em > Ey—» 6P — E.) <e.
k=1

With a simple change of notation, the function that models the tail of Ey, is Qz) =
Q(%), from which it results:

3= B+ Q) B, (319

being Q)(+) the Q-function and ~ the energy required to accomplish the mission with a maxi-
mum OoS probability . Finally, it is possible to write:

N
E.+y+) 6D < Ej. (3.20)
k=1
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3.4 Problem Formulation

Letbe Q = {q;},V = {vi}, P = {P}, Z = {ix} and B = {by}. The main focus of the
present work is to solve the following problem, which is formulated as follows:

N
(P1): max 721\1;:1 By
QVPBI N 6P
by € {0,1}? Vk:1..N (3.21)
Z
d bp=1, Vk:1.N (3.22)
z=1
N
Ec+v+) 6P < E (3.23)
k=1
N N
D ik = 6By =0 (3.24)
k=1 k=1
k k
Y OR; <> iy, Vk:1.N (3.25)
j=1 j=1
0< Py < Pyax, Vk:1..N (3.26)
ir>0 Vk:1.N (3.27)
k=0 Vk3'q,¢U (3.28)
ihp1 =ik Yk:1..(N—1)3 {q @} €U (3.29)
qr+1 = di + (5th VEk : 1(N — 1) (330)
qQ, = Uie Ya, €U,Yi:1...LVE: 1. N,V 1...J;, (3.31)
||Vk” < UMAX Vk:1..N (333)
e =Vl e k1N (3.34)

Ot

Problem (P1) aims at maximizing the amount of acquired data, through data rate Ry, previ-
ously defined in (3.10), and at the same time minimizing the total transmission energy expen-
diture. In particular, (3.22) states that the UAV cannot be attached to multiple BSs at the same
time. In (3.23) it is explicitly stated that there is an upper-bound to the maximum amount of
energy that the drone can use at any time during the mission. (3.24) imposes that the gath-
ered data has to be transmitted before the landing. Respecting constraint (3.25) implies that
the amount of data to be offloaded cannot exceed the available one, at any time during the
mission. Equations (3.26) and (3.27) clarify the bounds for power consumption and acquired
data, respectively. As stated in (3.13), constraints (3.28) and (3.29) ensure that (i) when the
UAV moves among interest areas no acquisition is performed (ii) otherwise, the amount of
acquired data is equal in each step. (3.31) guarantees that within these areas the survey tra-
jectory is fixed. Equation (3.30) denotes the 2D movement laws of the drone and (3.32) sets a
correspondences between start and end points. Finally, constraints (3.33) and (3.34) state the
upper bounds of speed and acceleration.
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3.5 Proposed Solution

Problem (P1) is a MINLFP problem, which is hard to solve. To tackle this issue, it can be
solved by applying BCD technique[44]. Therefore, (P1) is split into three sub-problems,
iteratively solved in sequence until a quasi-optimum solution is reached.

3.5.1 Sub-Problem 1: Gathered/Transmitted Data Optimization

The optimization procedure is limited to the transmission and the acquisition of data. There-
fore, position Q, velocity V, and reference BS B are assumed to be fixed. Hence, the new
sub-problem (P2) is

N
R
(P2) :max# s.t.

(3.23) — (3.29).

Unfortunately, this is a non-convex optimization problem due to non-affine constraint (3.24)
and concave constraint (3.25). Similarly to [47], it is possible to reformulate this problem in
a convex formulation. Consider a set of slack variables W = {w;, > 0,Vk}. Hence, (P2)
can be reformulated as:

S h Wi
(P2.1) : max ]\’;*71
P.IW Zk:l (5th

(3.23),(3.26) — (3.29)

Ry > wg, Vk:1..N (3.35)
N N
ix — Z Sewy, = 0 (3.36)
k=1 k=1
k
Syw; <> iy, Vk:1..N. (3.37)
j=1 j=1

Solving problem ( P2) is equivalent to solving problem (P2.1). In fact,when the equality
is not respected, the condition will always be verified for increasing values of wy, until equal-
ity holds. Even if (3.36) or constraints in (3.37) are satisfied for strict inequality in (3.35), P
can always be decreased to obtain a higher objective function value, until equality holds again.
It results that problem (P2.1) is now a standard Non-Linear Fractional Programming (NLFP)
problem, with a concave numerator and a convex denominator, which is guaranteed to con-
verge to a prescribed accuracy £ < 0. It can be solved thanks to different algorithms, such as
Dinkelbach’s Algorithm [48].

3.5.2 Sub-Problem 2: Trajectory-related Parameters Optimization

Given the previously optimized variables, i.e. P and Z, and an initial guess for B, this reso-
lution stage aims at retrieving movement-related parameters. Therefore the envisioned sub-
problem is:
N
P3) :max R st
(P9) s S

(3.23),(3.30) — (3.34),
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Unfortunately, (P3) is a NLFP problem, which is hard to solve. In fact, the objective function
numerator is neither convex nor concave with respect to Q. Moreover, the denominator and
(3.23) are non-convex functions due to the presence of  and in particular of E,,,. First, to
tackle this issue, a new set of slack variables 7 = {7, > 0,k : 1...N} is introduced. Hence,
the reformulated problem, with the new expression of E,,,, i.e. Em, is:

N
P3.1): .t
(P3.1) ma;(rZRk s.t
k=1
(3.30) — (3.34), (3.38)
N
E.+4+) 6P < Ep (3.39)
k=1
o, Ivel® _ 1
R4l > o Vk:l.N (3.40)
v, T
0 k

where + has been replaced by 4 = E,, + Q! (5)Em and

4 2
vl [lvell

1 3.41
+ 41}3 211(2) ( )
N 5 2
. N 3P ||v 1. . .\
Ep=>Y 6 <Po + OUHQ’“” + 5dopsA vell® + PZ'Tk> (3.42)
k=1 tip

It can be verified that E,,, is now convex with respectto V and 7. Clearly, (P3.1) is equivalent
to (P3) when equality holds in (3.40). Otherwise, it is always possible to decrease 75 until
the equality holds again.

Further, regarding the numerator of the cost function, it worth knowing that first-order
Taylor expansion is a global understimator [16] for convex functions. Therefore, for any local
point q}, it is possible to lower-bound R, as follows:

~ 2 2
Ry, > Ry = A = I(||a — b Q" — [} — b7 Q|"), (3.43)
where
A7 = Blogy [ 1+ 2+ 3.44
r — D 1089 W ) (3.44)
k
Bl 2)T
I = Zgﬁ(o‘é Tk (3.45)
ap (g +1)
P
Ty = kﬁ‘)f, (3.46)
2
dj = H* + ||q} —b,"Q||". (3.47)

In the same way, the new non-convex constraint (3.40) can be lower-bounded by its first-
order Taylor approximation, for any local point (VZ, T’? ), thus obtaining the following new
constraint:

7112
Vi

2
Yo

nT

) 2 1
o+ 2n) (e — 1)) — + U—gvk Vi > T—Ig (3.48)
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As a consequence, the new formulation of the equivalent problem is:

N
P3.2) Ry st
(P32): gys 3 B s

(3.30) — (3.32),(3.33),(3.34), (3.39), (3.48).

Problem (P3.2) is convex and can be solved by applying SCA technique.

3.5.3 Sub-Problem 3: Base Stations Optimization

Finally, given {P,Z, Q,V}, the BS-related set B is optimized. This contribution is two-
folded: it is of relevance when studying trajectory, and, at the same time, it must be related to
transmissions. The related problem is stated as follows:

N
(P4) :mgXZR;.C s.t.
k=1
(3.21).

Problem (P4) is a Mixed-Integer Non-Linear Programming (MINLP) which is challenging
to solve. In fact, (3.21) is a integer constraint and Ry, presents the same issue observe in (P3).
First, it is necessary to relax (3.21), by substituting it with:

0<bp, <1, Vk:1..N,Vz:1..Z (3.49)

Furthermore, thanks to the analysis and substitutions done in (3.43), similar consideration can
be done once again for local point bZ:

~ 2
R > Ry, = Al — 17(|lq, — b7 - qu _ bZTQH ), (3.50)

and hence it is possible to reformulate (P4) as:

N
(P4.1) :mngRk s.t.
k=1
Z
> bp.=1, Vk:1.N (3.51)
z=1
0<bp. <1, Vk:1.N,Vz:1..Z (3.52)

Problem (P4.1) can be efficiently solved through the SCA technique. After the optimization
process, the relaxed values of I3 are processed in order to identify the best BS. This corre-
sponds to replace the maximum value of by with 1 and remaining values with 0, for each
k.

It is worth specifying that isolating this sub-problem is necessary, because the relaxation
of (3.21) implies a simultaneous connection to multiple BSs. Even though this is mathemati-
cally verified, it is forbidden in real cellular networks. Therefore, it may lead to wrong results
if B was optimized together with other variables, such as Z. Indeed, this will lead to wrong
maximization results in terms of Ry, and hence of acquired data.
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3.5.4 Opverall iterative algorithm

Based on above discussion, a quasi-optimal solution of problem (P1) can be found by it-
eratively solving (P2.1), (P3.2) and (P4.1). Specifically, the optimization variables are
divided into three groups: the first for gathered/transmitted data, i.e. {PP,Z}, the second are
movement-related, i.e. {Q, V}, and the third deals with the handover procedure, i.e. B. Note
that the BCD technique convergence is not guaranteed due to the presence of Dinkelbach’s
Algorithm in (P2.1). Nonetheless, numerical results will show that convergence is always
achieved.

3.6 Numerical results

This section proposes an evaluation of the envisioned solution. To this aim, parameters set-
tings are herein introduced and motivated. The results of the conducted simulation campaign
are discussed in details.

3.6.1 Parameter settings

The UAV flies in a reference area 900x800 m? wide. The starting point of the mission, and
the ending one, are the same, i.e., [0 400]”. The mission time 7" has been divided in N = 250
instants of 6; = 1 s each. Since FE,, is a Gaussian random variable, the confidence interval
U, = 3l~?m has been chosen, so that Em = 0.016-F,,. Without loss of generality, three
BSs are randomly deployed in the reference area, and assumed to be located in [100 100]7,
(700 700]” and [600 100]7, respectively. The drone has to follow a mission plan that includes
two interest areas placed in [300 700]7 and [800 300]7 with a radius Ry = Ry = 100 m.
The inner trajectories have been designed according to specifications discussed in Subsection
3.3.2. Specifically, given the parameters of the energy consumption model, v* = 10 m/s
has been derived as the minimum of E,,,. As for the Rician factor K, two values have been
considered, i.e., 5 dB and 10 dB. The remaining parameters are summarized in Table 3.2.

Param. Value Param. Value
N 250 [#] Bo -60 [dB]
Z 3 [#] é 70.2 [°]
L 2 [#] 9 433 1[°]
5 1 [s] H 50 [m]

Prrax 1 [W] « 2 [#]
E 150 [KJ] UMAX 50 [™]
v* 10 [*] apAx 541
3 0.5 [#] P, 10 [W]
¢ 0.01 [#] P; 88.6279 [#]
£ 0.01 [#] Py 79.8563 [#]
K 5/10 [dB] do 0.6 [#]
No -174 [1Bm] Vo 4.03 [m/s]
B 20 [MHz] Usip 120 [2]

{100 100} A 0.503 [m?]
Q {700 700} b 1.225 24
{600 100} [m] s 0.05 [#]

TaBLE 3.2: Parameter settings.
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3.6.2 Optimization Framework

The OoS probability ( is reasonably assumed to be as low as 0.01. Therefore, the chosen
two values for K are addressed by the second case of [45, Eq. 17]. Figure 3.2 shows the

900 S
XBS #1 —K =5 dB

300 - . BS#2--K=10dB|
X BS #3

700

0 I I I I I I I I
0 100 200 300 400 500 600 700 800 900
X [m]

FiGurE 3.2: Trajectories and BS association for different K-factors.

trajectories followed by the UAV during missions characterized by two different K-factors.
It is worth noting that the drone, after each survey, and in both cases, approaches the BS in
order to maximize the total transmitted and, hence, acquired data. As expected, the drone is
always attached to the BS which grants the best channel quality. Even if the trajectory plans
are very similar, in case of lower LoS connectivity the UAV travels closer to BSs #1. The

50

“K=5dB |
«K =10 dB |

Speed [m/s]
N WA
= 2=

o

50 100 150 200 250
Time [s]

-
-

FiGuURE 3.3: Speed profiles over time.

speed trends, represented in Figure 3.3, are very similar too. In particular, when the first area
is reached, the speed drops down to the fixed value v* = 10 m/s, at which the UAV is able to
guarantee a uniform high resolution video acquirement and minimum energy consumption.
The same rationale holds for So. It is worth noting that, a little difference is observed in the



3.6. Numerical results 27

last part of the mission, which corresponds to the difference highlighted for trajectory plans.
Figures 3.4 and 3.5 show the data rate and the transmission power over the mission in the
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FiGuURE 3.4: Data rate comparison over time.
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Ficure 3.6: Convergence of the overall algorithm.

two configurations, respectively. Clearly, with a lower K, i.e., 5 dB, the channel capacity is
limited with respect to the higher value, i.e., 10 dB. In fact, for a mission that lasts 250 s, the
average data rates are 1.935 Mbps and 2.762 Mbps, respectively.

At the beginning, the data rate value is as low as zero since no data have been acquired,
yet. The same holds for the transmission power. As the mission goes by, it acquires data from
the areas of interest. The overall amounts for K = 5 dB and K = 10 dB are 483.76 Mbit
and 690.67 Mbit, respectively. As a matter of fact, a larger K-factor implies a higher data rate
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due to the better LoS condition. Finally, Figure 3.6 shows two major contributions. First, the
proposed combination of BCD, SCA and Dinkelbach’s Algorithm monotonically converges
to a quasi-optimal solution. A formal mathematical proof will be investigated in future works.
Second, it is demonstrated the non-negligible effect of K on energy efficiency. Simulation
results shown that moving from K = 5 dB to K = 10 dB, increases energy efficiency from
269.39 Mbps/J to 532.23 Mbps/J, which corresponds to an increase of 98%.
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Chapter 4

Drone Swarm as Mobile Relaying
System: A Hybrid Optimization
Approach

This Chapter investigates a scenario in which a swarm of UAVs enables the communication
between a set of SNs and a control center. Considering a general fading channel model,
a MINLP problem is formulated to maximize the overall amount of relayed data by jointly
optimizing trajectory and scheduling plan of each drone. Combining convex optimization
and ACO algorithm, a quasi-optimal solution is obtained.

4.1 Introduction

The possibility to organize UAVs in swarms makes cooperative Device-to-Device (D2D) com-
munications play a central role. In such a context, the allocation of network resources becomes
a challenging, yet fundamental, aspect. For instance, [49] studies a scenario in which cellular
networks and relays improve communications among devices. A network coding aided co-
operative diversity scheme is designed from which the system data rate expression is derived
considering interference among nodes. A distributed low-complexity algorithm is developed
to solve a coalition formation game, thus jointly optimizing the allocation of spectrum re-
sources and the relay selection.

Drone swarms are also employed for service provisioning, thus demanding specific so-
lutions to optimize data processing and dissemination. To this aim, [50] proposes a holistic
middleware, which employs reinforcement learning to dynamically balance the broadcast rate
and knowledge loss rate. Moreover, a cooperative dissemination method is designed to fine-
tune storage and energy allocation among drones.

Besides their great potential, drones are constrained devices which require sophisticated
optimization strategies to finely tune on-board resources (e.g., energy and memory). From this
point of view, several contributions jointly analyze different aspects such as energy-efficiency,
trajectory design, achievable data rates, memory occupancy, and scheduling planning. In this
regard, in [51] multiple sources and destinations communicate through a UAV-enabled relay-
ing system. The contribution aims at maximizing the minimum throughput of all links and, at
the same time, optimizing the UAVs’ trajectories and transmission power levels. However, the
considered channel model only accounts for LoS link. Moreover, it is assumed that for each
source-destination couple a dedicated drone is deployed, which cannot always be realized.

[52] studies a scenario in which pairs of transceivers need the support of drones to com-
municate, thus acting as relays. The aim is to minimize the total service time, consisting of
communication time and flight duration. Although interesting, the article assumes that for
each pair of nodes the communication is enabled by only one drone in the whole service time.



Chapter 4. Drone Swarm as Mobile Relaying System:

30 A Hybrid Optimization Approach

Besides, the time spent flying between two consecutive locations is not employed to serve
more nodes.

This work overtakes limitations highlighted above by envisioning a scenario consisting of
a variable number of UAVs and Sensor Nodes (SNs), deployed in a reference area. Throughout
the mission, the same SN can be served by different drones that continuously relay signals to a
control center, through a BS. Each SN is equipped with a wake-up receiver which allows (i) to
recover from sleep state, thus saving energy, and (ii) to identify the associated relaying UAV.
Communications reliability has also been considered by imposing a low OoS probability.

The present contribution aims at maximizing the total amount of relayed data, while op-
timizing trajectory and scheduling plan of each drone of the swarm, considering a general
fading channel model. A Mixed-Integer Non-Linear Programming (MINLP) problem stems
from the derived mathematical formulation, which is challenging to solve. Hence, a quasi-
optimal solution is achieved by leveraging BCD and SCA techniques combined with the Ant
Colony Optimization (ACO) algorithm[53]. To the best of authors’ knowledge the combina-
tion of these techniques has never been employed before. Simulation results demonstrate the
validity of the proposed solution in different parameter configurations and with respect to a
benchmark scheme derived from [52]. Moreover, even if convergence cannot be mathemati-
cally proved, it is numerically verified.

The rest of the work is organized as follows: Section 4.2 describes the adopted system
model. Sections 4.3 and 4.4 discuss the problem formulation and the proposed solution. Sec-
tion 4.5 presents the obtained numerical results.

4.2 System Model

The total mission time 7 is split into /V intervals with duration J;. The swarm is composed
by D drones having the same hardware and capabilities, each one following a trajectory dis-
cretized into N points q;,, € R* k : 1..N,z : 1...D and flying at speed v;.. € R? k :
L...N,z : 1...D, at constant altitude H. In particular, Q;, = {qy, ,Vz} and V}, = {v}, .Vz} re-
fer to the position and velocity matrices of all drones in the k-th timeslot, respectively. UAVs
are in charge of relaying data from S SNs placed in u; € R2 5 : 1...S to a control center,
through a BS located at q;,. Without loss of generality, when the swarm flies over the area of
interest, the generic j-th SN has already generated an amount of sensed data o;. Throughout
their mission, each UAV has to select which SN to serve, in each timeslot. This schedul-
ing plan is described through a binary 3D matrix X € {0, 1}V*P*5 which is composed by
vectors, i.e, X = {X; ; Vk, j}, or equivalently by 2D matrices, i.e., X = {X; Vj}, that can
be obtained through indexes. It is assumed that each drone has two dedicated antennas for
SN-UAV and UAV-BS links, while SNs have just one. As a consequence, it is necessary to
guarantee that (i) each SN is served by only one drone in each timeslot k£ and (ii) a UAV can
communicate just with one SN per time interval. Moreover, the transmission power of j-th
SN and z-th UAV are defined as PjS and PkD’z, respectively. Indeed, it is assumed that drones
adopt a power control mechanism such that 0 < P, < Py, Whereas SNs can only trans-
mit with a fixed power level. Besides, the whole syétem employs a modulation scheme such
that interference among SNs, UAVs, and BS is avoided. Let gy ; be the gain of the quasi-
static flat-fading channel between the relaying UAV and a SN j. In each time interval k,
kj = /T hk,; Where piy ; accounts for pathloss, while Ay, ; (E(|hyj|?) = 1) is a random
variable describing a generic channel model coefficient, which remains unchanged in each k
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but may vary among timeslots [17]. Therefore, it results that:
g = oy, @.1)

ds = VH? + [xQ0T — w [, (42)

where f3y is the reference channel power gain, « is the pathloss coefficient, and dj, ; is the
euclidean distance of the UAV-SN link. Thanks to Shannon’s equation, the channel capacity
is defined as:
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with 032- = NyBj as the noise power and B; as the available SN’s bandwidth. However, ¢y, ;
cannot be exactly known in each instant k since the instantaneous channel coefficient |hy, ;| is
stochastic. Therefore, to guarantee that the OoS probability py, ; remains below or equal to a
threshold (, it is necessary to impose the following:
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being F'(-) the Cumulative Distribution Function (CDF) of |hy, j|2. In order to ensure a reli-
able transmission, the maximum tolerable OoS probability is considered i.e. p; ; = ¢ Vk, s.
Therefore, the maximum achievable data rate is

(4.5)
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where F'~1(+) denotes the inverse CDF. With the same rationale, it is possible to define the
BS-UAYV channel model and, hence, the data rate as:

P,azﬁoF—1<c>>

(4.6)
o? d% ;

TE,Z = B, log, (1 +

with d, , = \/ H? + H(Ik,z - qu2. For the sake of notation, define the data rate vectors of
sensors as 1 = {r} ; Vk} and rj = {r} ; Vj}.
It is worth specifying that, in this work, the exchange of signaling and control data is

neglected because assumed to be less demanding than data transmission in terms of time and
bandwidth[47].
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4.3 Problem Formulation

Let be Q = {Q,, Vk} and V = {V, Vk}. The main focus of the present work is to solve the
following problem, which is formulated as follows:

S D
N
(P :max > D (X]r5), st
TV j=12=1
Xp.ty <%, Vk:l.N,z:1..D, (4.7)
D
6> (X]r3). <oj, Vj:l.S, (4.8)
z=1
Qi1 =i+ 0Vkz, Ve 1. (N 1), 4.9)
ql,Z = qN,Z’ VZ . 1D, (410)
||Vk,zH < UMAX Vk : 1N,Z : 1D, (411)
HV’““(S_V’“” <amax, Vk:1..(N—1),z:1..D, (4.12)
t
Vi.=Vy.=0, Vz:1.D, (4.13)
Xl =1, Vk:1..N,z:1..D, (4.14)
IXe il =1, VEk:1..N,j:1..5. (4.15)

Problem (P1) aims at maximizing the total amount of transmitted data from SNs to BS
through every drone of the swarm by jointly optimizing their scheduling plan X, trajectory
Q and speed V. In particular, (4.7) states that SNs’ data rate cannot be higher than f’Z,Z i.e.
maximum achievable relaying UAVs’ data rate. Constraint (4.8) implies that, for each 7,
transmitted sensing data must be lower than the acquired. Equations (4.9) and (4.10) describe
the 2D movement of UAVs and the correspondence between start/end point of the trajectory.
(4.13) imposes the initial/final speed of drones. Constraints (4.11) and (4.12) denote the speed
and acceleration upper-bounds, respectively. Finally, (4.14) and (4.15) guarantee that a drone
serves just one SN and viceversa.

4.4 Proposed Solution

Problem (P1) is a MINLP problem, which is hard to solve. To tackle this issue, BCD tech-
nique is applied. Therefore, (P1) is divided into two sub-problems, which are more tractable,
and alternately solved until convergence to a quasi-optimal solution is achieved.

4.4.1 Sub-Problem 1: Trajectory optimization

The first sub-problem aims at optimizing the trajectory-related parameters Q and V. There-
fore, X is initialized or assumed to be known. The envisioned sub-problem is:

S D
(P2) :%%XZ Z (X;rrj)z s.t.

j=1 2=1
“4.7) — 4.13).

Unfortunately, (P2) is a non-convex problem. In fact, the objective function is neither convex
nor concave with respect to Q, as well as constraints (4.7) and (4.8). However, they are convex
whereas ||qy, ., — qp|| and [|x;,; Q) — u;|| T are considered. To tackle this issue, SCA technique
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can be employed in order to obtain an approximate optimum solution. Indeed, reminding that
first-order Taylor expansion is a global understimator for convex functions, it is possible to
lower-bound 7} , for each local point qj, , as:

~ 2 2
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Clearly, the same rationale can be used for 773, I

2
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However, it can be verified that (4.17) is still a concave function, raising an issue with respect
to constraints (4.7) and (4.8). Therefore, introducing a set of slack variables W = {wy, ; >
0, Vk, j}, the sub-problem is reformulated as follows:

S D
. T
(P2.1) &a%zz (Xj wj)z s.t.
T =1 2=1
T > wey, Viil.S, (4.18)
X We' <R, Vk:l..N,z:1..D, (4.19)
D
> (XJwy), <05, Vj:l..S, (4.20)
z=1
(4.9) — (4.13). 4.21)

Solving problem (P2.1) is equivalent to solve (P2). In fact, wy . can always be increased
until equality holds in (4.18). Even if there exists a constraint in (4.19) or (4.20) satisfied for
strict inequality in (4.18), there will always be x;, , or X]T such that (4.7) and (4.8) hold. Fur-
thermore, (P2.1) is a standard convex optimization problem, which can be solved by several
tools such as CVX[54]. Since the objective function is lower-bounded by a finite value it is
guaranteed to converge.

4.4.2 Sub-Problem 2: Scheduling Optimization

Given {Q, V}, the scheduling plan X is hereby optimized. The related problem is stated as
follows:

S D
(P3) :m)?xz Z (X}—r;-)z s.t.

j=1 z=1
4.7),(4.8),(4.14), (4.15).

(P3) is a MINLP problem and due to its combinatorial nature is challenging to solve. There-
fore, the well-known ACO algorithm is employed, which has been proved to converge to op-
timality [53], [55]. (P3) is a large-scale optimization problem since the number of possible
states exponentially grows with N and D, i.e., (S+1)VP. To face this issue, problem (P3) is
solved for each k and z, where it is put in place a colony of L ants which can move among the
possible S+1 states, described by a matrix M° x(S+1) — [0 Is]T. In particular, 0 defines the
No-Transmission (NT) state, while Ig, i.e, identity matrix, expresses the communication with
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one of the S SNs. As a consequence, constraint (4.14) is inherently satisfied. The ant’s tran-
sition among states happens with a probability described by ey, . = {ej ., Vm : 1.5 + 1},
defined as:

Tho(1— 2] Siyy
ep, = ke < 2= ) , Vk:1..N,z:1..D, 4.22)
) Z +1 e
m=1 €k,z,m
being 7, = {7k m Ym} the vector of S+1 pheromone trails, 1 — Zf:_ll eBi a specific

coeflicient which discourages adoption of states already selected by other components of the
swarm, thus satisfying (4.15), and v an exponential penalty coefficient. Further, fixed 7, a
stochastic vector k is updated with the current cumulative sum of sensing transmitted data:

Vk:1..N,z:1..D. (4.23)

S
Kj = Kj + Xg . Tp€k 2 j+1,

Therefore, employing penalty function method, the resultant expression K . ., with [ : 1...L,
that characterizes each ant is:

sT sT D
K _ Xp 2T, Xk, 2T}, Tk,2 Kj — 0j
Lkz=1— — 5 +12 — .
Max T € Tk,z 0j
—_——— N——
Cost Ci Co

Cost tends to zero when SN-UAV data rate XherT approaches its maximum, i.e., 7{;ax>
that cannot be reached. Indeed, ¢ > 0 is an arbitrary small value that guarantees K, , #
0,Vl, k,z. Moreover, C; and Cy account for the violation of constraints (4.7) and (4.8),
whereas 11 and 72 are weight penalty coefficients. Since all terms are normalized between 0
and 1, itis sufficient that 7; and 72 are greater, by some orders of magnitude, than max(Cost)+
max(Cy) + max(C2) = 3 whereas constraints are not satisfied, zero otherwise. Finally, the
pheromone trails 7, . ,,, are updated at each iteration as follows:

1
L b
i Kk

with p denoting the evaporation rate. The overall time complexity of the proposed algorithm
is O(RNDL), where R denotes the number of iterations. It is worth specifying that the con-
ceived ACO-based approach leads to a quasi-optimal solution, which theoretically does not
guarantee the convergence of the BCD technique. However, it has been numerically verified
that convergence to a stationary point is always achieved in considered scenarios.

Tkzm = Tk,z;m T+ Tk,z;m = (1 - p)Tk,z,m7 (4.24)

Parameter Value Parameter Value
n1.12 10° [#] Bo -60 [dB]
R 500 [#] o 2 [#]
L 40 [#] ) 0.05 [#]
Ot 1 [s] H 50 [m]
K. 10 [dB] UMAX 50 [m/s]
PPax 1[W] amMax 5 [m/s?]
¢ 0.01 [#] qp [500 500]T [m]
Ny -174 [dBm/Hz] v 78.2 [#]

TABLE 4.1: Parameter settings.



4.5. Numerical results 35

8007 [m} 800 [m}
%*BS *BS # )
* SN #1 % SN #1 il
SN #2 SN #2 }Z&ga !
600 IOSN #3 600 IOSN #3 UAV#2~ Qg
SN #4 SN #4 '
* -NT * m?]
E400t E.400
> >
200+ 200
*
0 0 : I ‘
0 200 400 600 800 0 200 400 600 800
x [m] X [m]
(a)D=1 B) D=2

FiGURE 4.1: Trajectories followed by drones and association with SN in the
first scenario.

4.5 Numerical results

In this Section an assessment of the envisioned solution is proposed. To this end, four different
scenarios are investigated:

1. The first aims at showing the relation between the trajectories and the scheduling plans
obtained with different number of drones, in a simple context.

2. The second analyzes the trajectories and the total relayed data when mission time varies,
in a more complex situation.

3. The third considers a larger number of UAVs and SNs with different transmission power
levels.

4. The fourth demonstrates the effectiveness of the proposed hybrid approach with respect
to an algorithm derived from [52].

The adopted channel model is the Rician fading one, characterized by Rician factor K.

The CDF F'(-) can be modeled as F'(u) = 1 — Qp,(vV2K¢, \/2(K: + 1)u), where Q. (-, -) is
the Marcum Q-function [45]. As for the transmission, according to IEEE P802.16t, bandwidth
Bj; = 10kHz Vj, whereas P]S =10 mW V. Further, for each j, the generated sensed data is o;

Data rate [kBps]
=3
=

Data rate [kBps]

0 20 40 60
Time [s] Time [s]

A D=1 B) D=2

F1GURE 4.2: Data rate in the first scenario.
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FiGureE 4.3: Trajectories and total relayed data in the second scenario.

= 2 Mbit. Drones take-off/land from/at [500 0] T. Similarly to [56], the remaining simulation
parameters are summarized in Table 4.1. All the above are common to the configurations
analyzed hereafter, if not otherwise specified.

The first considered scenario compares a single-drone setup with a 2-drones one. In par-
ticular, S = 4 SNs are randomly deployed as shown in Fig. 4.1 with a fixed mission duration
time 7' = 60 s. As can be seen, in both configurations, drones approach SNs to maximize the
amount of relayed data. Specifically, in the first setup the UAV starts serving SN located at
[700 100]" and then it proceeds towards the closer one, i.e., SN #1. This process repeats also
for the node placed at [400 700]T. Similar considerations can be done for 2-drones configu-
ration. In particular, in Fig. 4.1b it is shown that SNs #1 and #2 are exclusively associated to
UAV #1, while SN #3 and SN #4 are cooperatively served by both drones.

A considerable difference between the two setups lies in the absence of NT state in Fig.
4.1a with respect to Fig. 4.1b. In fact, due to the lack of time, in T s, the single-drone
setup is only able to partially relay data from the three served nodes, i.e., ~ 5.33 Mbits,
while ignoring the farthest one. On the opposite, two drones are more than sufficient to fulfil
the mission, thus implying NT timeslots during the mission in order to satisfy (4.8). This
is further highlighted in Fig. 4.2b in which valleys are present differently from Fig. 4.2a
where a continuous transmission is depicted. To provide further insights, a second more

10 - 20
-- single-drone ~-T=70s
\m‘ \ﬂ‘ i
— 8f e —
2 Z15
) ) —
= 2
= s
3 z10
T 4 B
- >
K] K]
) o)
5
&, -
oV 0
1 2 3 4 1 2 3 4
Iteration [#] Iteration [#]
(A) Scenario 1 (B) Scenario 2

FiGURE 4.4: Convergence in the first two scenarios.

complex scenario is investigated hereby. In particular, S = 9 SNs are randomly deployed in
the reference area. In this case, given a fixed number of drones D = 3, the mission duration
is made varying. In the first setup 7' = 50 s, while in the second " = 70 s. In Figs. 4.3a
and 4.3b, the trajectories adopted by the UAVs are shown. It clearly emerges that, in the first
configuration, due to the lack of time, the swarm focuses on relaying signals from the regions
closer to the starting point and with higher SNs density. This is further confirmed by Fig.
4.3c, where nodes located at [700 800], [800 500]T, and [200 700]T result to be the most
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penalized. Indeed, the total amount of transmitted data is ~ 13.9 Mbits. On the opposite, in
the second configuration, the swarm has enough time to successfully complete the mission.

UAV #6—UAV #7 X BS

[—UAV#1—UAV #2 —UAV #3—UAV # —UAV ws‘

X SN
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FIGURE 4.5: Trajectories and total relayed data in the third scenario.
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FIGURE 4.6: Average data rate of swarms and convergence in the third sce-
nario.

Remarkably, in both scenarios, the proposed approach converges to a quasi-optimal solu-
tion (see Fig. 4.4) in 4 iterations. Besides, all solutions result to be feasible with respect to
(4.15) because no overlap has been registered.

To demonstrate the applicability to larger simulations, a swarm of D = 7 drones and a set
of S = 30 SN are considered in the third scenario. Moreover, to provide parameter variability
with respect to previous scenarios, two values of sensors’ transmission power is probed, i.e,
P} = {1,10} mW, in a mission of N = 80 time intervals. As can be seen in Figs. 4.5a and
4.5b, the area covered by the swarm is wider when a higher transmission power is granted
and, viceversa, it restricts with a lower PjS This is due to the fact that is more convenient
maximizing the data rate of nodes closer to the starting point when the transmission power
is limited. Moreover, the amount of relayed data, for each sensor, is less when a lower PJS is
considered, as highlighted in Figs. 4.5¢ and 4.5d. This is further confirmed by Fig. 4.6a that
shows the average data rate of the swarm in the two configurations. Furthermore, as depicted
in Fig. 4.6b the overall algorithm converges, thus granting a total amount of relayed data equal
to ~ 34.55 Mbits, for P} = 1 mW, and ~ 48.34 Mbits, for P} = 10 mW. Note that, in both
configurations, mission time and nodes’ transmission power are not sufficient to completely
relay the sensing data to the BS.

Lastly, in the fourth scenario, the proposed solution is compared with a benchmark ap-
proach derived from [52], in a mission with a set of S = 12 randomly deployed SNs. In
particular, each drone of the swarm relays data of a SN group by hovering over multiple op-
timum locations, thus maximizing the data rate of each UAV-SN-BS link. The locations can
be easily obtained by solving a problem similar to (P2), which is omitted due to space re-
strictions. Nonetheless, since By > B, these spots correspond, on x-y plane, to the SNs’
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FiGURE 4.7: Trajectory plans comparison in the fourth scenario.

positions which minimize the distance, i.e., dr; = H Vk,j. Moreover, each UAV flies at
constant speed vpmax among assigned locations adopting a rectilinear motion, moving from
the current position to the closer one. Therefore, all nodes are equally divided among UAVs,
as shown in Fig. 4.7a, where the related swarm path plan is depicted. Besides, trajectories
obtained by the proposed hybrid approach are illustrated in Fig. 4.7b. It results that, the trajec-
tory plan derived from the hybrid proposed approach allows drones to accomplish the mission
by cooperatively relaying all the data in 70 s. On the contrary, when the benchmark algorithm
is employed, the swarm completes the mission in 81 s. This leads to a a performance gain of
~ 14%. Tt is worth specifying that this result is a lower-bound in terms of performance: drones
in benchmark approach fly at speed vmax without taking into consideration the acceleration
limitations, as in the hybrid approach.
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Chapter 5

Channel Gain Lower Bound for
IRS-Assisted UAV-Aided
Communications

The MIMO capabilities of an IRS combined with the inherent versatility of an UAV can sig-
nificantly enhance the communication quality between a GU and a BS. This Chapter inves-
tigates a composite channel gain expression for performance analysis in IRS-assisted UAV-
aided networks under Rician fading conditions. Differently from the present literature, the
proposed formulation takes into account wave interference among surface elements and with
the receiver. Moreover, Orthogonal Frequency Multiple Access (OFDMA) is employed to
cope with spatial- and frequency-selective fading, enabling direct application in multi-user
multi-drone scenarios. Numerical results demonstrate that the proposed model provides an
underestimate, as expected from theoretical analysis, from which a lower bound for the data
rate can be obtained, to be practically employed for system design and assessment.

5.1 Introduction

Recently, the scientific community considered the possibility to equip UAVs with IRSs, also
known as RISs. IRSs are composed by PRUs that can reflect and shift the incident electro-
magnetic wave by a programmable phase, thus yielding signal beamforming when optimally
set. The high mobility of drones allows to change the IRS location to obtain a better LoS link
and a lower pathloss. Although this combination grants a huge improvement of the channel
quality, it comes with new challenges [6], [7] and in particular with the necessity of a dedi-
cated channel model. This motivated recent studies that started to investigate the achievable
performance of IRS-assisted UAV-aided systems, however existing approaches still neglect
some important aspects.

In the very recent work [57], a thorough non-convex optimization framework is given to
jointly design UAV trajectory, IRS’s phase shifts, scheduling, and resource allocation, for an
OFDMA communication system. However, only the LoS component is considered and hence
a simplified deterministic channel model. A more accurate modeling is performed in [58],
where closed-form approximations of outage probability, average symbol error probability,
and channel capacity are derived for RIS-aided wireless networks over Rician fading chan-
nels. However, in this case the presence of a direct, yet weak, transmitter-receiver link is not
considered. To fill this gap, [59] models such a link as a Rayleigh Random Variable (RV),
by introducing a closed-form upper bound for the ergodic capacity, and a tight approxima-
tion for the outage probability. Moreover, simplified expressions in the asymptotic regime
are also provided in [58], [59], motivated by the fact that the resulting distribution cannot be
recast as a known one. In this respect, a stochastic model has been recently proposed in [60]
in which IRSs are deployed for wireless multi-hop backhauling. The obtained channel gain
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expression is approximated to a Rician distribution and then evaluated in terms of outage and
symbol error probability. However, in these works signal components are added coherently,
thus neglecting wave interference among surface elements. Moreover, differently from [57],
OFDMA is not considered hence multi-user transmission is not supported.

Motivated by the discussion above, this work takes a step further towards the analytical
development of a more comprehensive channel model for UAV-aided IRS-assisted OFDMA
systems. In particular, it is envisioned a scenario in which a drone equipped with an IRS flies
over the reference area to enhance the channel quality perceived by the BS, since the direct
link between GU and BS may be too weak due to obstructions or unfavorable propagation,
as depicted in Fig. 5.1. A stochastic channel model is derived, which takes into account
interference between PRUs and GUs, and considers at the same time the presence of a weak
LoS on the GU-BS link. The obtained model provides an underestimate of the actual gain
thus yielding a lower bound data rate that can be practically employed for system design and
assessment. Moreover, it can be directly applied in multi-user multi-drone scenarios thanks
to the adoption of OFDMA.

5.2 System Model

A UAV is involved in a mission of duration 7" seconds, splitin k£ = 1,..., K intervals of ¢;
seconds. As a consequence, also the trajectory is discretized into a sequence of K locations
denoted by q;, = [z} y¥ z¥]T € R3. Moreover, the UAV is equipped with an IRS composed
by M x N PRUs. In each time interval k, each PRU of size s m? is assumed to reflect the
incident signal with an amplitude ay, ., , € [0,1] and a phase shift ¢y, ,, , € [0,27),m =
1,...,.M,n =1,...,N,ie, 'ppn = akymynejd’k’mv". The centers of row elements are
equally separated by d, m, while column ones are spaced by d. m. During the mission,
the drone has to serve a GU, located at w = [2°,4°, 2°]T € R3, in order to enhance the
communication channel with respect to a BS located at ¢ = [2®,4?, 2°]T € R3. Therefore,
the distance between the GU and the BS is time invariant and described by d°¢ = ||@** — w]||.
On the contrary, UAV-GU and BS-UAV distances are time dependent and described by d}° =
|lq;, — w|| and &}* = ||q®* — q,||, respectively.

The antennas of GU, BS, and IRS are characterized by power radiation pattern functions
(including antenna gains) F'9Y (6, ), F®5(0, ), and F™™5(0, ¢), respectively. These functions
define the variation of the antennas’ transmitted/received power along a certain direction in
elevation and azimuth angles 6 and ¢. OFDMA is adopted by the whole wireless communica-
tion system, to avoid frequency interference with other GUs in the reference area. Therefore,
the total bandwidth B is divided into subcarriers of ; Hz each. Without loss of generality,
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the GU can transmit on [ subcarriers during the whole mission. Besides, it is assumed that
the Channel State Information (CSI) is perfectly known at the BS.

The channel gain between the GU and the BS, in kth timeslot and subcarrier: = 1,...,1
is

o1 = \ Boao = (610, i, G.)

where 5y denotes the channel power gain at the reference distance of 1 m, « is the pathloss

exponent, (-, ) = F®(-, ) F(-,-), and A} ~ CN (135, 20,‘2?2.2) describes the channel

coefficient. It is worth noting that the channel envelope |4} | can be considered Rician [61],

BG |2

with K-factor k¢ = m’“B”GIQ
Ok,i

and average power Qpq = |ulS |2 + 202‘;2 = 1. Therefore, the

channel coefficient can be modeled as

KZBG —BG / 1 ~
BG __ BG
k‘,’i - K)BG + 1hk?,’b + KZBG + lhk,l (52)

In particular, Ei?i = ¢ I2mids % is the LoS component, j = v/—1, characterized by a phase
shift depending on the user’s subcarrier index, while ﬁﬁc’z ~ CN(0,1) is circular symmetric
Gaussian distributed, describing small-scale fading. ’

Similarly, UAV-GU channel gain in timeslot k, subcarrier ¢, between GU and UAV, is

modeled as follows:

g5 = /ot (0, S, 53)
KRG g I ~xe
RG __
hk,i — thﬂ + \/Ehkﬂ:’ (54)
1.RG —j27ri6f£ RG
hk,i =€ ¢ N eso (5-5)

and F*°(-,-) = F™(-,-)F°(-, ). Moreover, hy’, ¢ denotes the far-field array response [57]
defined as

RG MNx1 __
k,LoS eC -

in 9RG RG . gRG RG] T
. drsank cos pp . (]\/Ifl)drserGk cos pp
[1 g2 f U jor :

(5.6)

de sin GIISG sin (P}EG (N—1)d¢ sin GEG sin <p§G :| T
)

2 [1 pi2mf etk S o, :

where ﬁ;GZ ~ CN(0,I)/n) and ® denotes the Kronecker product. It is worth noting that, with
respect to (5.2), one more phase shift affects the channel model which depends on the vertical
and horizontal Angles of Arrival (AoA) of the signal, i.e., §;° and ;. In particular, sin 6 =
SU_,G . 2V _ G yG,yL.J
b, SIn R = k k )

i K V(@] =2%)2+(y] —y0) V(@ —a0)2+(y] )2
channel gain of UAV-BS link, Vk and V4, is

Finally, the

~, and cos ;¢ =

g% =\ Bos " O3, MRS, 67

RBR —BR / 1 ~BR
BR __
k,i - K/BR + 1hk‘,l + H/BR + 1hk,i7 (58)

BR

d
T,BR —j2mid ; -1 BR
hlw‘ — e J2miop—¢ hkms’ (5.9)
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FPR(., ) = F™(.,-)F™(-,-), while 05° and (}° are the vertical and horizontal Angles of

B B
and

u_ u_
Departure (AoD), respectively, so that sin ;% = zdeRz’ sin g3} = i
k

V(@] —aP)2+(y —yP)?’

yB—yy

BR __ . . .
cos " = T (g Finally, similarly to (5.6),

BR MNx1 __
k,LoS € (C -

. dy sin 6BR cosngR . (M—-1)d sin gBR cos;pBR T

|:1 e_JQWfCW%k o e—j27rfc T P k k :|
. . . . T
. de sin QER sin gazR . (N—1)dc sin QER sin Ap%R
® [1 g2l I | o, c ,

and Hz];- ~ CN(0,I57x). The IRS phase shift matrix ®;, € CMNXMN for each timeslot %,
is defined as

‘I’k = diag (ak7171€j¢k’1’1, ey ak717N€j¢k’1’N, ey
ak’M’le.]d)k,JW,lj L 7ak’M,Ne]¢k,]vI,N), (5.10)

and, hence, the composite IRS UAV-assisted channel gain between GU and BS in subcarrier
1S

T

Gri =8 Prgh; + - (5.11)
Recalling Shannon’s equation, the channel capacity in timeslot k£ and subcarrier ¢ is thus given
by

Pyi |Gril?
kv|k7|>7 (5.12)

Cryi = 5f logs <1 + P2

where Py ; is the transmit power of GUs in ¢-th subcarrier and p2 = Ny is the noise power,
whereas Ny denotes the spectral noise power. Given a maximum achievable data rate Ry, ;,
to guarantee a reliable communication, it is required that the outage probability py, ; remains
below a threshold ¢, i.e.

Rk,1
2(2°% —1
pri =P (Cri < Rii) =P [ |Gpil? < © ( iz )
ki
R i
2 B
p2(27°% — 1) k=1,..., K,
= B2 <
Flowir P SevY T

)

with F|g, .2 denoting the CDF of |Gy.i|>. Therefore, considering the maximum tolerable
outage, i.e., pr; = ¢, the data rate is obtained as

]
P Fig, 2 (6) ) (5.13)

pQ
Signal-to-Noise Ratio (SNR)

Rk,i = (5f log, (1 +
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Unfortunately, a closed-form expression of Fig, .2 is difficult to calculate. Indeed, G, ; in-
volves the pairwise product of two complex Gaussian RVs, whose distribution, named com-
plex double Gaussian, is given in terms of an infinite sum of modified Bessel functions [62],
hence intractable for the sake of the present analysis. Besides, dealing with the square module
of the summation in (5.11) is even more challenging. Therefore, an approximation is useful
to handle with such a scenario.

5.3 Channel Modeling Approximation

In this Section an approximation of the composite channel model is provided. Fixed (m,n),
2 2
i, and k let hk i,m,n CN(uz]ji,m,n’ ZUz?i,m,n) and hk i,m,n CN(IU’IISZ',m,n’ QUE,Gi,m,n) be
BRG

two generic channel gains related to BS-PRU-GU link h;5’ . . where, similarly to (5.2) and
related definitions, the following relationship are obtained:

BR

BR d
R _ k o —J2midy
k,z,m,n EBR + 1
. (m—1)ds sin 02R cos w%RJr(nfl)dc sin GER sin sz
x e~I2mfe c , (5.14)
RG RG
MRG' — K 7]27r16f e
kyim,n KRG | 1
. (m—1)dy sin GEG cos ¢§G+(n71)dc sin G}EG sin wléG
x ¢ 92 fe e , (5.15)
2 1 2 1
R (5.16)
KBR +1 KRG+ 1

The product hZ" i szmn is distributed as a complex double Gaussian that however, as

mentioned, is difficult to handle. The following Lemma provides an approximation that is
useful for the subsequent development.

RG

Lemma 1. Given (m,n), i, and k, theproducthkzmn keim.n

can be approximated by a com-
2 . A
plex Gaussian variable Zy ; . n ~ CN (u? o 20k o VWIR PG = 0

2 _ 2 2
and20k1mn QUkzmn |lukzmn| +2 Ukzmn ‘iukzmn| .

Proof. For brevity, let hy; = b m.n and hgg £ k i The product is defined as Z &

hgrhre = Z® + jZ', where the real and imaginary parts are Z® = h§.hy, — hyhy, and
7' = thth + h{BRhEG‘

In particular, {hi, b, b e} ~ N ({ iy mie, mby mie b, { o2, o2, 02, 02} ). The
product of two independent Gaussian RVs X ~ N(my,ox?) and Y ~ N (my,oy?) has
the following statistics [63]
E[XY] = mxmy,
E[(XY —E[XY))’] = mioX + (mk +o%)oy
= (1+ 6% +6%)o%ot,

where 0x = mX and 0y = ’ZY The distribution of XY tends to N (mxmy, mXQU%, +

my2o X) for {(5 x,0y } > 1, hence the following inequality holds

E[(XY — E[XY])?] > m%o% + miok. (5.17)
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The statistics of Z® and Z" are:

R _ , R R 1 1 I _ R 1 R, I
Mz = MpgMps — mBRmRG7 mZ - mBRmRG + MM,
R 2 12 2 1 2 A 2
Oy =0z URGmBR + UBRmRG + URGmBR + UBRmRG 0z-
Finally, the first and second central moments of Z ~ CN (uz, 2072) are

bz = ijZ + ]mIZ = (ng + jm;R)(mEG + jmi{c) = HBrHUrG

2 R 2 12 2 2 2 2
207 =0y + 0y = 205 per|” + 205 | pea |
hence the thesis is proven. [ ]

Remark 1. From (5.17), it follows that the Probability Density Function (PDF) of the pro-
vided approximation Zy i.m,n has lower variance than the actual (complex double Gaussian)
PDF of b3, . WS, . .. Moreover, considering also that the latter is positively-skewed [63,
Eq. (33)], mtultlvél&, it can be expected that the tail of the approximated PDF decays faster
than the actual one. This in turn means that the Inverse CDF of Zy, ; m, n is expected to provide
a lower bound, for sufficiently high probability values. Such an intuition will be confirmed by

the numerical results in Section 5.4.

. 2
From Lemma 1, it results that 27 = ZrimnTkmn ~ CN (S0 00 20050 0)
where, to ease the notation, (5.14)-(5.15) have been rewritten as ju;* = Hgﬁil TR

- KRG jyRG L . .
and ukmm n = \/ og € Bt with obvious definition of the phase terms. Hence, the en-

velope |A3%¢ | can be considered a Rician RV, leading to the model of the same type as in

(5.2), (5.4) or (5.8), i.e.

zlszm o= ak,m,n (1 /EBRGej\Ijk,i,m,n + \/EBRG hBRG>? (518)

where 7RG ~ CN(O, 1) and, recalling that Iy, ,,, , = ak,m,n€j¢k’m’" with amplitude a1
and phase shift ¢y, ,y, .

BR _.RG BR RG
—BRG K™K ~BRG K + K

TR DEe ) T T R D+ 1)

with Wi mn = Gkmn + Vhgmn T Vhimn- Notice that phase terms are irrelevant to the
scatter component [57].

Once the expression of generic PRU-related cascaded channel has been obtained, it is
necessary to derive a tractable expression for the UAV-aided IRS-assisted channel model.

Theorem 2. Given k and i, the channel envelope |G}, ;| of the whole system has approximately

l/
- o : Gy,
a Rician distribution characterized by K-factor k = o~ 2

20‘G with I/G defined in (5.20) and 20’G = nk~BRG Zz 1 ai = + 250,

and average power () = ka +

Proof. By using the BS-GU link in (5.1) and combining the expressions in Section 5.2 with
the result (5.18) derived in Lemma 1, (5.11) can be rewritten as

_nkzzthzC'mn kzv (519)

m=1n=1
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where 1, = fo/(dRdi%) ~@sFS (G5, of, 0%, 9}%), X =/ Bod® =" F56(65S, £89), and
FPRC(y ey ) = FPR(, ) FRO(:, -). Since G = G ; +JG,“, where

{Gli» Grit ~ N({Mlé;kw ,uIGkﬂ,}, {O—ék,i’ JGk,i})’ it results

M N
¢ K = BG
HGyi = eV RERC g g Akmn COS Wi i mn + AVEPS cos ;"

m=1n=1
M N
:U'IG/H = gV RS E E Ak mmn sin \Ilk,i,m,n + AV EPCsin ¢?G>
m=1n=1
where F*¢ = BG+1 and P9 = —2m(5f . For all m and n, define {z,2'} = (m,n) as

the linearized indexes of IRS elements. The corresponding squared LoS component Vék .=

R 2 1 2
MGk,i + MGk,i

MN MN
= (23 s cos (.- ) + )
z=1

z>z!

MN
+ AVES <277k\//<cBRG " ay.. cos ( Bo \11) n )\\/KJBG). (5.20)
z=1

; : ; 2 BRG
Moreover, the Non-Line of Sight (NLoS) component is 2(7ka = n K Z -1 ak =
A?5PC, i.e., the sum of all scatter components involved in the system. ]

Corollary 1. The effective data rate (5.13) can be directly derived by computing the fading-
power F‘ai 2 which can be easily calculated as in [45].

Corollary 2. The obtained channel gain can be specialized for the case of Rayleigh fading
by considering in (5.20) a completely obstructed BS-GU link, i.e., B%¢ — 0.

Remark 2. Following the lead of [60, Sec. 111.C], it is not difficult to show that |Gk;,i‘2 scales
as (M x N)2. Thus, increasing the size of the IRSs greatly improves the fading-power, and
hence SNR, so significantly lowering the outage probability, as shown in the next Section.

It is worth noting that (5.20), which can be easily extended to scenarios in which multiple
IRSs are present, exhibits two wave interference patterns: the former related to construc-
tive/destructive superposition of the received waves among PRUs, the latter related to the
coupling between each IRS element and the GU. Note also that (5.20) remains valid also for
discrete phase shifts. In that case, however, it cannot be guaranteed that (5.20) is maximized,
since cosine patterns may not be equal to 1. This leads to a performance degradation of the
system that strictly depends on the phase quantization level. Notice that a similar effect may
also arise from other causes, e.g. jitter. Still, the system is robust against the resulting beam-
pointing degradation, since the elevation of the UAV yields a favorable ground illumination
footprint. The accuracy of the provided approximation in Theorem 2 indirectly depends on
two parameters dx and dy involved in the approximation of Zj ; ,, ,,, which are the recipro-
cals of the coeflicient of variation for the variables X and Y defined in the proof of Lemma
1. This translates to a gap in Fléi 20 which reduces when the link is dominated by the LoS
component, i.e., {k*® K"} > 1. This has been proved to be the case for A2G, and thus
UAV-aided, communications [57], hence the ultimately provided lower bound on the outage
probability is tight in such a regime, typical of UAV-assisted scenarios, as shown below by
means of numerical simulations.
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5.4 Numerical Results and Discussion

The obtained model is mainly affected by the error introduced by approximating the product
of two complex Normal RV as a complex Normal instead of a complex double Gaussian, as
discussed in Section 5.3. To validate its accuracy, three parameter settings are considered,
ie., dx = 0y = {1,2,3}. Results for 10° realizations are depicted in Fig. 5.2. It clearly
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—Theoretical —Theoretical
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Complementary CDF [#]

Ficure 5.2: Comparison between approximation and actual Complementary
CDF for different values of § y and dy-.

emerges that for higher values of {Jx, dy } the distance between theoretical and approxima-
tion curves reduces. Specifically, the approximation underestimates the actual value in both
real and imaginary parts, thus confirming Remark 1. Consequently, depending on {dx, dy },
the approximation errors accumulated in (5.19) will translate into a certain underestimation
error in F‘ai g2 From a physical meaning perspective, the values of {Jx, dy } are propor-
tional to the bower of the LoS, which in turn is related to the Rician K-factors. Given that
in practical UAV-assisted communications the latter are between 5 dB and 15 dB [45], the
provided approximation remains satisfactory also for very small probability.

Numerical results, based on 5 x 10° realizations, are now provided to get insights about
the proposed model. Without loss of generality, consider a fixed instant &k in which the optimal
phase shift matrix ®, is applied such that unitary cosine patterns in (5.20) are obtained. Ac-
cording to [45], in all configurations the BS-GU link has a weaker LoS component, i.e., k?¢ =
6 dB, than BS-UAV and UAV-GU links, for which *® = {10,12} dB and x*° = {12,15}
dB. Several numbers of PRUs of the IRS are considered M x N = {32,64, 128,256} and the
coefficients {7y, A} are normalized to unity as in [60], thus not depend on the position-related
parameters, which are hence left unspecified.

Fig. 5.3 confirms that the proposed channel gain model leads to a lower bound on the
outage probability. This result, following Corollary 1, can be practically used to determine
a conservative, but fairly tight data rate level for system provisioning and optimization. In
particular, it can be noticed that the distance between exact (solid) and approximate (dashed)
fading-power curves is lower when the K-factors increase, for all values of the number of
PRUs M x N. From a physical meaning perspective, this reflects the fact that the BS-UAV-
GU link is mostly in LoS condition. Thus, as discussed, for typical Rician factors values
the approximation of the double Gaussian distribution is quite accurate so yielding, in turn,
a good accuracy in the fading-power approximation. To better highlight this fact, Fig. 5.4
shows the relative error between the exact and approximate curves depicted in Fig. 5.3, for
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FIGURE 5.3: Flat |2 for different K-factors and number of PRUs.

different values of the outage probability, i.e., ¢ = {107%,1072,1073}. It can be observed
that the relative error decreases with the number of PRUs, which clearly indicates that a larger
RIS provides better signal reflection and, hence, is beneficial to the ultimate performance. For

instance, M x N = 128 elements already achieve a remarkable 8.5% approximation error,
for k8 = 10 dB, x* = 12dB, and e = 1072
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FiGURE 5.4: Relative errors between exact and approximate curves with K-
factors, outage probabilities, and number of PRUs.
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Chapter 6

Multi-UAV IRS-assisted
Communications: Multi-User
Channel Modeling and Fair
Sum-Rate Optimization via Deep
Reinforcement Learning

Unmanned Aerial Vehicles (UAVs) combined with Intelligent Reflective Surfaces (IRSs) rep-
resent a cutting-edge technology for improving the channel capacity of wireless communica-
tions, by capitalizing on UAVs’ 3D mobility coupled with the IRSs’ smart radio capabilities.
This Chapter investigates a scenario in which a swarm of UAVs equipped with IRSs serves
multiple Ground Users (GUs) concurrently transmitting to a single Base Station (BS) via
OFDMA. The huge number of passive elements composing the IRSs introduces a significant
complexity in the mission design. Therefore, each IRS is divided into patches that can be si-
multaneously used to serve different nodes. Considering general Rician fading, a comprehen-
sive channel model for IRS-assisted UAV-aided networks is derived. Then, a multi-objective
mixed-integer non-linear programming problem is conceived to maximize the sum-rate of the
GUs and, at the same time, minimize the difference among the users’ data rates, by jointly
optimizing the trajectories and the phase shift matrices. This non-convex problem, reformu-
lated in terms of scheduling (i.e., patch-GU assignment), is challenging to solve. Hence, it is
rearranged as a Markov Decision Process and a quasi-optimal solution is obtained via Deep
Reinforcement Learning. Extensive simulation analysis is performed to validate the results
and the accuracy of the proposed model.

6.1 Introduction

As said in the previous Chapter, the possibility to equip UAVs with IRSs is attracting interest.
Drones mobility adds more degrees of freedom that can be exploited to further improve the
channel quality. Indeed, the high mobility of drones yields a better LoS link and a lower
pathloss, due to the possibility to adjust the IRS location. Moreover, IRSs are characterized
by a limited Size, Weight and Power consumption (SWaP) with respect to common phased-
array antennas [64], which allows to prolong the mission duration, while still providing broad
coverage. However, this comes with new challenges[6], [7] and in particular with the necessity
of an accurate, general-purpose, and flexible channel model. Indeed, the presence of a BS with
multiple IRSs and GUs, leads to interference patterns that need to be taken into account in
case of system design and assessment.

This motivated recent studies that started to investigate the achievable performance of
IRS-assisted UAV-aided systems. In [57] a non-convex optimization problem is formulated
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for the joint design of UAV trajectory, IRS’s phase shifts, scheduling, and resource alloca-
tion. The system employs OFDMA, which introduces frequency and spatial selectivity in the
fading of the resulting channel. However, as the majority of the present literature, it consid-
ers only the LoS component and hence a deterministic channel which indeed is not able to
capture the full characteristics of an actual wireless channel. In this regard, the literature on
IRS has investigated different directions to obtain more realistic channel models. In [58] a
formulation is proposed for IRS-aided wireless networks over Rician fading channels, which
enables closed-form approximations of outage probability, average symbol error probabil-
ity, and channel capacity. However, in this contribution the presence of a direct, yet weak,
transmitter-receiver link is often not considered. To fill this gap, [59] introduces a Rician
model to account for the LoS, which yields a closed-form upper bound for the ergodic capac-
ity, and a tight approximation for the outage probability. However, the resulting distribution
cannot be recast as a known one, which limits the practical tractability. To partially circum-
vent this issue, simplified expressions are provided in [58], [59], but only for the asymptotic
regime.

More tractable closed-form expressions considering Rician channels have been recently
derived in [60], and evaluated in terms of outage and symbol error probability. However, the
signal components are assumed to add coherently, which is not always strictly verified. In
fact, there could be scenarios in which the same IRS has to serve multiple GU, thus intro-
ducing interference among surface elements. Besides, the presence of a direct, though weak,
link is not considered, which would instead require to consider the additional interference
between PRUs and GU. In order to account for the channel stochasticity, where interfer-
ence between PRUs, BS and GUs is present, while considering the presence of a (possibly
weak) GU-BS link, [65] proposes a channel gain approximation for IRS-assisted UAV-aided
OFDMA communications. Although this contribution acknowledges several aspects of the
communications, it does not explicitly model a multi-user multi-drone scenario. Moreover,
the model introduces a huge number of degrees of freedom, one for each element of the IRS,
which guarantees a great customization but at the same brings a tremendous complexity in
terms of beam design. On the other hand, in [66] the number of degrees of freedom of the
surface is drastically reduced by imposing a constraint on the phase shifts, which results to
be extremely advantageous in terms of complexity but limits the surface to reflect the signal
towards a single direction per time. Besides, [66] treats only a piece of the channel model, in
a deterministic way, considering the sole path loss and not the stochastic term due to fading.

In light of the above, the major contributions given by this work are listed below.

* A comprehensive channel model for UAV-aided IRS-assisted OFDMA systems is de-
rived. The proposal considers the presence of a swarm of drones equipped with IRSs
split into an arbitrary number of patches to simultaneously serve multiple GUs. The
proposed formulation captures inherent dependencies on the relative positions of the ac-
tors (UAVs, GUs, BS) in the environment, by explicitly modeling constructive/destructive
interference patterns, under the constraint of a single controllable direction (two degrees
of freedom) per patch. The derived expressions can be specialized in different cases as
(i) absence of the direct BS-GU link, (ii) scattered (Rayleigh) BS-GU link, (iii) worst
possible UAV-BS alignment, and (iv) best possible UAV-BS alignment. Furthermore,
the expression of the SNR and maximum achievable data rate, given a certain outage
probability, are derived and a theoretical analysis is provided.

* A Multi-Objective MINLP problem is formulated starting from the proposed channel
model, aiming at maximizing the sum-rate of GUs and, at the same time, minimizing
the differences among rates. Each node is served by a single BS (direct link) and by a
swarm of drones (reflected links), thus requiring the jointly optimization of the phase
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Symbol Description Symbol Description
T Total duration of the mission. dgG Distance between the BS and g-th GU.
K Number of discrete timesteps. dl]ng w.n.m | Distance between the a GU and a PRU.
U Number of UAVs involved in the mission. d%l_{u o Distance between the BS and (n, m)-th PRU.
G Number of GUs deployed on the ground. Ik,irg The channel gain between a GU and the BS.
1 Number of available subcarriers. BG The BS-GU channel power gain at 1 m.
N Number of PRUs on the rows. aBC The pathloss exponent for BS-GU link.
M Number of PRUs on the columns. NEG K-factor for BS-GU link.
Ot Duration of a timestep. Q‘;G Average power for BS-GU link.
" Location of the BS. g];GZ._g wopa The channel gain between a patch and a GU.
qg Location of the g-th GU. g?}i’ wpy The channel gain between a patch and the BS.
qg w Location of the u-th drone. Proupu The IRS phase shift matrix of a patch.
Vi Speed of the u-th drone. Gr,ig The overall channel gain perceived by g-th GU.
w Area of a single PRU. Chig The uplink channel capacity of a GU.
Ak u,m,n The amplitude of the (n, m)-th element. fe The carrier frequency.
®k,u,m,n | The phase shift of the (n,m)-thelement. | 0y The bandwidth of a single subcarrier.
Py, Number of patches of the u-th IRS. Py ig The transmit power of the g-th GUs.
Eup, Number of PRUs in a patch. p The termal noise power.

TABLE 6.1: Main notation adopted in this work.

shift matrices of the IRSs and the trajectories of the drones. To achieve this goal a suit-
able objective function is defined, which includes a fairness factor that determines the
importance of a uniform distribution of the resources. The problem is then reformulated
in terms of patch scheduling, i.e., patch-GU assignment. To overcome the intractability
of the non-convex cosine patterns related to wave interference, the problem is finally
rearranged as a Markov Decision Process (MDP) and solved via a Deep Reinforcement
Learning (DRL) method, namely Proximal Policy Optimization (PPO).

* An extensive simulation campaign is carried out to assess the validity of this work.
First, the theoretical findings are corroborated by a thorough analysis which demon-
strates, employing Monte Carlo simulations, the accuracy of the proposed channel
model. Then, the solutions obtained by the DRL algorithm are analyzed for different
number of patches and fairness levels. To further prove the effectiveness of the pro-
posal, the obtained solution is compared with the special case of absence of the swarm
and with a baseline approach.

The results of this work clearly indicate that (i) the presence of IRS-equipped drones
strongly improves the channel capacity of the GUs, and (ii) the proposed solution outperforms
the baseline in terms of total and average transmitted data.

The remainder of the present contribution is as follows: Section 6.2 describes the adopted
system model. Section 6.3 presents the proposed channel model. Section 6.4 describes the
problem formulation and the proposed solution. Section 6.5 analyzes accuracy of the model
and investigates the obtained numerical results.

Notations adopted in this work are hereby described. Boldface lower and capital case
letters refer to vectors and matrices, respectively; j = 1/—1 is the imaginary unit; atan2 (z)
denotes the four-quadrant arctangent of a real number z; x ' is the transpose of a generic vector
X; X ® y denotes the Kronecker product between two generic vectors; diag(x) represents a
diagonal matrix whose diagonal is given by a vector x; arg () returns the phase of a complex
number z; x ~ CN (i, 02) define a circularly symmetric complex Gaussian distribution z
with mean p and variance 2. For clarity, the adopted notations of this paper are summarized
in Table 6.1.
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6.2 System Model

The envisioned scenario, depicted in Figure 6.1, considers a swarm of U IRS-equipped UAVs
is in charge of optimally reflecting the incident signal coming from a set of G GUs to enhance
the channel quality at a single BS, located at a known position ¢ = [z® 3® 2?]T € R3.

Los ik wih high || IRS-equipped
K-factor

— = = = LoSlinkwith low —-FP A\(%_ zéﬁ

K-factor

NLoS link

<> Reflected signal

(- S
e
[j (-

- ()
e d
Ground User D

FiGure 6.1: Reference scenario.

Both GUs and the BS are equipped with a single-antenna communication apparatus. The
entire mission lasts 7" seconds, split into K timeslots of §; seconds each. Therefore, the UAV's
fly following trajectories discretized into K waypoints q; , = [z}, Y}, z}iu]T € R3 with

a speed denoted by vi, = [v}, v}, v, JT € R u=1,...,U, k=1,...,K. IRSs are
composed by N x M PRUS, all with the same size w = d* x d¥ m?2. The (n, m)-th element (i)
has a center defined as [(m—3)d*, (n—3)d")]" withm = 1—%, e %,n = —%, cee %

and (ii) reflects the incident signal through a complex factor I'y, y, 5, 1 = ak,u,mmemkvuvnvm,
where aj, ., is the amplitude and ¢, 4 . € [—7, ) is the phase shift. PRUs of the u-th
IRS are grouped into P, patches of £, = By, X Ep = (Rup, —Tup,) X (Cup, —Cup,)

elements, p, = 1,..., P,, where 1 — % < Tupe < Rupy, < oo S ryp, < Ryp, < %
and 1 — % < cupy < Cup, < oov S cupy < Cup, < % Besides, GUs are located

at known positions qg = [z yg zg]T € R% g =1,...,G, leading to the definition of the

distance dy° = HqBS — qSH from the BS, which does not change over time*. On the opposite,
UAV-GU and BS-UAV distances depend on k-th timeslot since they are a function of the time-
varying UAV positions. In particular, in far-field, the distance between each surface element
of the u-th drone and the g-th GU can be approximated as [66]

1
RG ~ JRG ) X o ORG RG
dk:gzu7n7m - dk:gvu B <m B 2 d Sin Qk’g7u cos SDkvgvu—i_

1 : :
— (n — 2) d" sin 0, , sin 05, ., (6.1)

RG

where d;f Y

is the distance from the center of the IRS, while 6;°

and ¢}’ ,, denote the ver-
SU_ ZG
tical and horizontal AoA of the signal. In particular, ,‘fg,u = acos < ZRG ’“’“> and gpﬁw =

k,g,u
G U
Yoy
atan2 | 24—~ |.
xg_zk,u

*“In this work, since the kinetics-related parameters are known to the BS, the Doppler effect is assumed to be
perfectly compensated.
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Similarly, the distance between the BS and each PRU of the u-th drone is
BR BR 1 X o BR BR
keown.m = dk,u —(m—- 3 d* sin kau COS Pyt
1 Y L3 BR : BR
—\n—3 d*sin 0", sin gy, (6.2)

where d \, is defined as the distance from the center of the IRS, while ;% and ¢} are the

ZU—ZB
vertical and horizontal AoD, so that 6% "y = ACOs <[¢]iBR’> and gozlfgm = atan2 <iq yﬁ“ >

k,g,u J_J’,ku

6.3 Proposed Channel Modeling

The whole communication system employs OFDMA which allows to mitigate the interference
among the network entities. As a consequence, the whole available bandwidth B is split
into I subcarriers of d Hz each that can be assigned to GUs to transmit. Moreover, the
power radiation pattern functions, including antenna gains, which characterize the antennas
of GUs, BS, and IRSs are denoted by F'°V (0, ), Vg, F*¥(0, ¢), and F™(6, ), respectively.
As known, these functions define how the transmitted/received power at each antenna varies
along a certain direction in inclination 6 and azimuth ¢ angles.

The channel gain between the g-th GU and the BS, in k-th timeslot and subcarrier ¢ =

1 is

92?119 - \/BBGdZG_aBGFBG('9207 ‘ng) 2?i,g’ 6.3

where /3¢ denotes the channel power gain at the reference distance of 1 m, " is the pathloss
exponent, F'*(-,-) = F®(-,-)F(-,-), and IS5, , ~ CN (15, 20 2‘;792) denotes the channel
coeflicient representing the stochastic fluctuation due to multi-path propagation and fading.

It is worth noting that the channel envelope |} | is generally Rician [61], with K-factor

k,i,g
BG 2 9 9
BG __ My »g BG __ BG BG . 3
Kg = 20]}30 > and average power {2 = | i, | + 203;,” = 1, since the presence of a

(possibly weak) LoS path is taken into account — according to the propagation characteristics
of the actual environment and the presence of obstacles, as depicted in Figure 6.1. Therefore,
the channel coefficient can be modeled as

Y B R Py B, 64)
kzzvg - REG + 1 kvlvg KZG + 1 k’l7g' :

BG
In particular, E?Z = 927t idgT is the LoS component, characterized by a phase shift
depending on the user’s subcarrier index, f; = fc + 0, fc is the carrier frequency, and
201 g~ CN(0,1) is circular symmetric Gaussian distributed, describing small-scale fading
resulting from NLoS propagation.
The channel gain between the p,-th patch of the u-th UAV and the g-th GU in timeslot
k, subcarrier i, is obtained by collecting in a vector the corresponding E,, ;,, channel gains of

the PRUs, i.e.
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RG _ RG JRG RG RG
8k, i.gupu — \/ﬁ k,g,u F ( k,g,u’ (pk e u)hk,i,g,u,pu7 (6.5)
ZG 1 RG
RG _ ,9, 43RG 1. 6 6
k7i79,u7pu - k7izgvu7pu + RG k7i7gzu7pu’ ( . )
Hk,g wtl Fhgu T 1
RG
RRG —j2nf; ’9’ RG, Lo$
— J&T s
kyisgu,pu — € k,i,g,u,py’ (6.7)
hk,i797u7pu CN(()?IEu,pu)’ and FRG(" ) = FIRS('7 ')FGU('a ) Moreover, thngo,s U,Pay €

CFuruxl in (6.7) denotes the far-field array response defined as

RG, LoS — |ei2nfi - co. ed2mfi P

1),X oo gRG RG 1),X oo gRG RG
(C“*Pufi)d Sin0p 0w OS5 Pk g 0 (C“*p“77)d S0 0 9,u ©% Phg,u T
k7i7g7u7pu

i ] (ru,puf%)dY sin eﬁ,Gg,u sin Lpl}:?g,u i ) (Ru,puf%)dY sin 9];§,Gg,u sin W%,Gg,u T
® 6.7 7 fi c e] 7 fi c ,
(6.8)
Similarly, the channel gain between a certain patch p,, of a UAV w and the BS is
BR _ BR BR —aBR BR BR BR
€ g = |/ BRR, RO B R, 69)
KB -
BR o k u  3BR BR
ki, u,pu K/ + 1 ki, u,py K;BR + 1hk7i7u7pu7 (610)
k: U ku
dBR
—BR )
_ _—J2mf; —2=1,BR, LoS
kiupy = € ethy (6.11)
where hi®: ' € CEupux1 reads
1) gXsin gBR BR c 1) gXsin gBR BR 1T
BR,LoS  __ €j277fi (Cuypu 2) Zm X Raakd %7 L. €j27rfi ( L 2) Zm kw20 Ph
kyjgu,py
‘271-]"- (T‘vau —%)dY sin GEEL sin <p21}u ‘27rf- (Ru,pu —%)dY sin GER sin gp%z{u T
® e] i < e e-] v c s (6.12)

FPR(., ) = FBS(-, ) F™S(., ), andﬁil; ~CN(0,1g,,, ) Itis worth noting that <7, , depends

on the UAV, specifically on the elevation angle gzljgm =37 —0F g [211:
BR 2 MAX,BR
BRp
RIS = NIRRT e 2 gy (6.13)
k.
with k) 00 and #) " the minimum and maximum possible K-factors, respectively. The

same holds true for ;" , and £ . The IRS phase shift matrix ®y,,p, € CEupu*Eupu,
for each timeslot k, UAV w, patch p,, is defined as

(I)k,u,pu = dlag (Fk,u,ru,pu,cumu; ey Fk,u,ru7pu,Cu,pu7

) Fk7u7Ru,pu7Cu,pu )t Fk7u7Ru,pu7Cu,pu> (6.14)
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recalling that in general I', ,, , 1, = ak%n,mej‘f’k*uv”vm. Since each patch p,, is meant to coher-
ently reflect the incident signal towards a certain location (to serve one of the G GUs), all its
elements can share the same amplitude aj, y nm = @k up, for all (n,m) belonging to patch
Pu, and their phases can be described in terms of two parameters only, denoted by gi)’lé’u’pu and

z,u,pu' Specifically, it is possible to reduce the amount of degrees of freedom introduced by
PRUs by imposing that:

2w [ 1 1
Cf (dX <m - 2) (z))k(:’u’pu + dY <7‘L - 2> ¢Z7u7pu> = ¢k,u,pu'

By considering (6.5), (6.9), and (6.14), the composite channel gain G ; g u p, iS

_ oBR T RG
Gk7i797%pu - gk,i,u,pu Qk ng,‘ 7 ,9,U, Dy,
Ry sPu u yPu
= Mk,g,u Z Z k717U Pu,1,m Fk7u7PU7nym k,i,g,u,py,n,m> (615)

N=Twu,pqy M=Cu,pq, BRG

k)i g,u,pu,n,m

where ,m’ Gottspu and ,m’ gottspu,n,m AT€ the components of the channel vectors

and hy%; ., ., respectively. Moreover,

k‘zg7 U,Py

BRG BR —aBR ;g —aR0 rprg gBR RG
Mk, g,u \/6 d k,g,u F (9 u? QOk u? 9 k,g,u’ (pk .9, u>

L g ), PR ) = PP, =

and by o o, describes the composite BS-PRU-GU channel coefficient.

The composite BS-PRU-GU channel coefficient involves the pairwise product of two com-
plex Gaussian RVs, whose distribution, named complex double Gaussian, is given in terms
of an infinite sum of modified Bessel functions [62]. For better tractability, it is however pos-
sible to approximate such a product through a complex Gaussian [65], thus implying that the
envelope |R%P ., . | isaRician RV. The following expression for the channel coefficient,

for the generic (n, m)-the element of the p,,-th patch, is finally obtained:

BRG —BRG ,—] 2 A\
f— 7l7u7 7n5m
hk,i,g,u,pu,n,m = Qk,u,p, K ,g,U € ¢ Pu

+ zljguﬁBRG>, (6.16)
where
K/ RG
RO = g , 6.17
k.gu (I€2Ru+1)(likgu+1) ©.17)
KBR 4 KRG
R, = o Mg (6.18)

k
gt (KZRU + 1)(K‘k,g,u +1)

1
__ JBR RG X X
\Ilk:i,g,U,Pu,”;m — Yk + k,gu — d <m - 5 wk,g,u,pu

1
— dY <TL - 2) w[g,g,u,pu7
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X - BR BR 3 RG RG X
’Z/}kmgvuﬂpu = s kzu cos Sokvu + sin ekvgzu cos Sok,g,u + ¢k7u7pu7

Y - BR . BR . RG . RG Y
Uk giupy = SOy, SN @, A0 03 o, sin gl 4 Ok 4, p,

and h™¢ ~ CA(0, 1) since phase terms are irrelevant to the scatter component [57].

The expression derived in (6.15), which includes (6.16) and the subsequent definitions,
requires further elaboration in order to obtain a more compact form, with a lower computa-
tional complexity. To this aim, the following result will be useful to compute the sum of the
PRUSs’ channel coefficients belonging to the same patch Du-

Lemma 2. The finite sum of complex exponentials ell=3)® forl=1-— %, e 2, with L even,

can be rearranged as a ratio of sine (or equivalently as L times a ratio of sinc) functions, as

Nl

sin (% ) Lsmc (% )

3)

Proof. Please refer to [66][67]. [ |

Z eil=3)r _

'’ sin (%) sinc

—

The following theorem is one of the main contributions of this work. Indeed, it charac-
terizes the overall gain G, ; 4, given by the sum of all signals reflected towards user g (by any
patch from any UAV) plus the direct link.

Theorem 3. Let Gy, ; 4 be the channel gain perceived by a GU g, in timeslot k and subcarrier

2
Vik.ig

i. The channel envelope |Gy, ; 4| is a Rician RV having Ky ; g = 52
G

and average power
kyig

Qping = ygﬂ.’g + 20’Gk7i,92, with V,f’i’g and 2agk,i7g2 defined in (6.23) and (6.24), respectively.

Proof. Leveraging the result of Lemma 2, since (6.15) is a sum of complex Gaussian distribu-
tions, and assuming that all the elements of the same patch p,, have the same amplitude ay, , 5, ,
the channel coeflicients sum of all the PRUs G ; g.v.p, ~ CN(/QLGk’iyg’u’pu , 2Uék,i,g,u,pu) is
described by the mean

27 f; ( BR
_ /=BRG _3< (d | AR ))
MGk’i,gm,pu = Qk,u,puTk,g,u Hk,g,ue o

Cu,pu 2nf; X RU,Pu 27rf ¥
X E eJT‘Zd (m )wk,Q,U,Pu E e’ —tdi(n— 7)¢k,q,u,pu
M=Cy,py N=Tu,py

T fi X IC X . T fi 7Y IR Y
BRG sm( d Euzm¢k79,u7pu> sm< :d Eumuwk’,g,u,pu)

= Qk,u,p,Mk,g,ur/ K,
Y e 95U o [ i gx,x o [ 7fi gy,
S <?d wk,g,u,pu Si Td 7’bk,g,u,pu

~~

Xk,g,u,pu
(27 f; ( BR RG
—5 (=L (dBR +d
o (L (RS, L) (6.19)
Wk,\itg,u
and by the second moment
20¢ =ai,,. E R (6.20)
Gk,i,g,u,pu - kﬂh}% 7punkvg u kvg u* :
Finally, the expression of the channel gain perceived by a certain GU g is
U Py

Grig =D D Crigup. + g (6.21)

u=1p,=1
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Following the same rationale adopted in [65] it is possible to derive the K-factor ry ; , and
average power {2y, ; , of the envelope of G}, ; 4 as

2
vE .
kg 2 2
’ik,i,g = 20_2 y Qk,i,g = Vk,i,g + QUkaiyg s (6.22)
Grig
: 2 A 2
being vj;; . = [uG, ,; ,|” the squared LoS component, defined as
U P,
2 _ 2 BG |2 *
Vk7i7g - Z Z ’MGk,i,g,u,pu‘ + |ul7g| + 2 Z Z %e(ﬂkaiygvu:PuMGkaiﬁgau/up&)
u=1py=1 u>u’ py>pl,
U Py,
* BG
+ 2 Z Z %e(ﬂGk,i,Q»%Pu 'ui’g)
u=1p,=1
U Py,
_ 2
= E E Xic.irgupe T 2 E E | Xk i.g,0,p0 || X, g0 7, | €OS (‘Pk,i,gﬂt - S"kﬂ',gm’)
u=1 py=1 u>u' py>pi,
2
Verig
U Pu dBG
2—BG ) —BG . ._9
+ )‘g’{g + 2 Z Z |Xk,7,,g,u,pu | |)‘g 'L{g | COs <S0k,z,g,u + 27sz c ) (623)
u=1p,=1
BE, 2
kyi,g

BG
with 0k gu = arg (Weigw), Yk, 4,9, u and Ko® = %ﬂ Finally, the NLoS component
g

reads
U P,
2 _ 2 ~BRG 2 2~BG
20G0 = an,gm“k,g,u Z Ok upy Bups T Aghg (6.24)
u—1 Pa=1 ——
25BG 2
> 2 Gk,i g
2O.BRG
Gl ig
- -1
BG __ BG
where Rg = (Kg —1—1) . [ ]

Corollary 3. The proposed general channel model can be specialized in case of scattered,
i.e., Rayleigh fading (ry® — 0), or even totally absent direct BS-GU link (g — 0). In both
BRG 2

2 . BG 2
cases, the squared LoS component Viig ™ Vhkig » Since 7 = — 0. However, the NLoS

: 2 BRG 2 2 - 7 7 2 BRG 2 ;
component is 20kai’g — 20Gk,i,g + A in the former case, while is 20Gk,i,g — QUGk’iyg in

the latter case since 20¢;, 92 — 0.

Based on the above results, it is possible to obtain expressions for the maximum achievable
data rates, outage probability, and other inherent performance metrics. In particular, recalling
Shannon’s capacity formula, the channel capacity in timeslot k£ and subcarrier ¢ is given by

Pk,i,g ’Gk,i,g ‘2 >
)

p2 (6.25)

Ck-;hg - 51: 10g2 <1 +

where Py ; , is the transmit power of GUs in i-th subcarrier, p? = Nod is the noise power, and
Ny is the spectral noise power. Given a maximum achievable data rate Ry ; 4, to guarantee
a reliable communication, it is required that the outage probability py ; , remains below a
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threshold ¢, i.e.

Rk,i,g
2 5

pe(2 r —1
Pryiyg =P (Chiyg < Riig) =P | [Grigl® < (P)

kg

2( Rk,i,g )
pr(2 * —1 k=1,...,K,
= N~ 7 <

F|Gk’i’92< Phig ) se v i=1,...,1,

u

with Fig, . |2 denoting the CDF of |Glrig |2. Therefore, considering the maximum tolerable
outage, i.e., pi; g = €, the previous equation can be rewritten as

2(Kig + 1
Fg,, 2w =1-Qn (M, (w)u) —¢,

Qk,i,g

with ), denoting the Marcum Q-function. It follows that the inverse expression, with respect
to the second argument is:

2 ; 1
(i 21), QB 1~ 9) 2 i)
YY)

Since the inverse Marcum Q-function has no closed-form expression, to avoid numerical com-
putation an approximated formula can be used as in [45, Eq. 17]

Rk, 2
V—2log(1 —g)e 2", for k49 < %

; 1
Chig(e) ={ V2Hikig T 3g1(5)
A /2:“6]@’1'7‘9

-1 ) 20
< loal - @ ) for iy 2 5

with K the intersection of the sub-functions at \/2k; 4, > Q' (¢) and Q'(x) the inverse
Q-function. Finally, since

2o diba 2
pr(2 % — 1) Crig(e) Qg
Prig 2(’%,2}5] +1)

u = s

the expression of the achievable data rate can be derived as
Pyi,gGhyisg (€)* Qi >
2(Fk,ig + 1)p? ’

SNRg 5,4

Riig = 0¢log, <1 + (6.26)

with SNRy, ; , denoting the SNR.
In the following the scaling behavior of the SNR and other properties are analyzed.

Theorem 4. The SNR of the g-th GU scales by a factor

U Py U Py

DD Bup SES(Q D Bup)® (6.27)

u=1p,=1 u=1p,=1



6.3. Proposed Channel Modeling 59

Proof. The maximum squared LoS component is obtained when the swarm is perfectly aligned
with BS and GUs, which Vk, i, g and Vu > v corresponds to

2w f;
mod ( = (Prigu = Prigw) ,27r> =0, (6.28)
dBG
mod <¢k,i,g7u +2nf;i L, 27r> =0, (6.29)
C

thus allowing to recast it in the more compact notation

2
U Py

Vlz,i,g = Z Z |Xk:,i,g,u,pu| + )‘QEEG . (6.30)

u=1p,=1

Therefore, assuming that all the patches of the swarm perfectly reflect the incident signal
towards the desired GU yields

MAX 2 . 2
Vk,i,g X lim Viig
{wl\i gauvl)u}*}2 b
{¥), gyu7pu}—>27rc
2
2 : —BG
Z Mk g,u kvg u Ak pru UyPu + A K’ )
pu=1
for any b, ¢ € Z, which is verified when
X o . HBR BR : QRG RG
Pk p, = — SN O, cos gy, — sin kg,u COS Phig us
Y s BR _: . BR . RG . RG
Phup, = — SO, singp, —sinb° |, sinpp’ . (6.31)

Consequently,

lim W% =0 (E?),
{Eu,Pu}_)+OO F ( )

being £ = Eu 1 Zp _, Eup,. Furthermore, recalling the definition of the average power
in (6.22) and the NLoS component in (6.24), as {E,, p, } — +oo the following inequalities
hold true

O (E) < Qg < O (E?) (6.32)
and since
2
2 .
llm Ck’lmg( ) ~ lim Rkﬂ:g — 0(1)
{Bupu} =00 2(hig + 1) {Bupy}—too 2(knig + 1)
the SNR derived in (6.26) scales as >."_, Zpu_l e < E< (Y Zpu_l wpe)’e W

Corollary 4. Following the same rationale of Theorem 4, it is not difficult to show that in
case of a single drone (U = 1), since the alignment condition (6.28) is inherently satisfied, the

= 2
SNR measured at a specific GU illuminated by P < P, scales as { > (Zp o FE ) .

Corollary 5. In the special case of no direct BS-GU link (\; — 0), a single drone (U = 1)
illuminating one GU (G = 1) with the entire IRS (P = 1), the channel follows a Rician

distribution characterized by Ky, ; = ~BRGE and Q, = %77 ( RERGE2 4 EZRGE), where g, u,p
are omitted for brevity. Further, the correspondmg SNR scales as ¢ = E>.



Chapter 6. Multi-UAV IRS-assisted Communications: Multi-User Channel Modeling

60 . o . . .
and Fair Sum-Rate Optimization via Deep Reinforcement Learning

6.4 Trajectory and Phase Shift Matrix Optimization

Leveraging the model derived in the previous Section, an optimization problem aiming at
maximizing the sum-rate of nodes and, at the same time, at fairly distributing the resources
to the GUs is formulated and a resolution approach provided.

6.4.1 Problem formulation

Let assume that (i) the UAVs fly at a constant altitude z,gu = H Vk,u, (ii) the GUs have a
dedicated subcarrier, and (iii) the drones have the same number of patches, i.e, P, = P Vu.
The objective is to maximize the sum-rate » king Ry ; g, with Ry ; , given in (6.26) and, at

K I
the same time, to minimize the sum of the absolute differences > | > > Rpig — Rii g
g>g' 'k=11=1
among these amounts, so as to provide an adequate level of fairness among users. This multi-
objective problem requires the optimization of the trajectories Q = {q_,, Vk,u}, the speed
profiles V. = {v;,, Vk,u}, and the phase shift matrices &} = {¢} , T p}and ] =
{0} AT p}. Therefore, it can be formulated as follows

K I G
kz—: Z:1 Z7:1 Brig
max =l=lo= s.t. (6.33)
Q.V.{2}}.{o)} L
]‘+wz ZZRk,i,g_szg’
g>g' 'k=11=1
ql,u = q07u7 U = 17 R U, (633&)
QGr1y = Qoo +0tVew, k=1,...,Kju=1,...,U, (6.33b)
Veu <M k=1,...  Ku=1,...,U, (6.33¢)
k=1,... K,
ko =l =™, T (6.33d)

where t is a penalty factor that determines the fairness of the solution. The constraint (6.33b)
encodes the possible 2D movement of the drones and (6.33a) describes the start point of
the trajectory. Constraint (6.33c) states that the directional speed is upper-bounded by v™**,
while (6.33d) guarantees that throughout the mission a minimum security distance d™™ is
maintained among UAVs. Since the GUs positions are known, it is possible to derive the op-
timal patch phase shift through (6.31). Therefore, the problem can be rearranged in terms
of scheduling, i.e, patch-GU assignment, by means of a matrix Sy = {Sp., Vk,u} €
{1,..., G}V Let define an auxiliary function

O : S — [PF, D)), (6.34)

which takes as input the scheduling matrix and returns the optimal phases vectors. Therefore,
the expression of the data rate can be rearranged as Ry ; 4 = Rk,i,g('7 ©). The optimization
problem is cast as

max S.t. (6.35)

Q.V,{Sk} L - =
14+ w Z Z Z Rk,z‘,g — ij‘,g/
g>g' 'k=11i=1

(6.33a) — (6.33d)
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Problem (6.35) is a MINLP problem and hence very challenging to solve. Common tech-
niques as BCD and SCA cannot be applied in this case, since the channel model involves
cosine interference patterns, which are not convexificable. Therefore, in this work a DRL
approach is employed to achieve a quasi-optimal solution.

6.4.2 Proposed Solution based on Reinforcement Learning

DRL is a branch of machine learning which involves an agent interacting via actions with an
environment. In general, at each discrete time instant & the agent observes the current state
sk and, according to a policy 7(sg|ay), takes a certain action aj. Consequently, it receives
a reward 7, and moves to the next state sx1;. The reward is then employed to update the
existing policy in order to obtain better, or to avoid worst, actions. In practice, 7(sg|aj) maps
each state to the probability of taking action ay.

In this work, the problem (6.35) is solved to achieve a quasi-optimal solution, leveraging
the well-known PPO approach [68]. To this aim, problem (6.35) is reformulated as a MDP,
which is a mathematical framework at the foundation of DRL. First, to increase training speed
and prevent divergence, the scheduling matrix is normalized such that —1 < Sy, , < 1, as

follows S 1
WJ ) (6.36)

S LG :

Similarly, also the speed profile vectors vy, ,, are normalized as v, = UV&—,& The reference
MDP (S, A, P,R,s), is described by:

* State Space: The set of all the possible states s;, € S that can be observed by the agent
while interacting with the environment with

T T
Sk = {qk;717 s 7q1,U7 s 7Sk,1,17 ey Sk,l,P7
s SEUL, Sk,U,P} (6.37)

 Action Space: The set of all possible actions ay, € A that the agent can perform during
a timestep where

<1 < Q I
ap = {Vk,lﬂ e ?Vk7U7 ey Sk7171, e ,Sk717p,
o sSkULs -+ SkUP} (6.38)

* Transition Probability P: The set of probabilities which denote the transition from a
state si to Sg41.

* Reward function R: The objective function to be maximized. In this case, it has been
already defined in problem (6.35)

* Discount factor g: The discount factor that determines the importance of future rewards,
where 0 < ¢ < 1.

At the beginning, it is necessary to initialize the structures needed for the computation. In
particular, the initial positions of the drones is set according to (6.33a). After the initialization
phase, at each timeslot k, the agent observes from the environment the current positions of
the drones Q), and the assignment of the patches Si. Then, the agent provides the speed
profile V;, and the new scheduling matrix Sj, in input to the algorithm that computes the
new positions of the drones, according to (6.33b), and the data rate of each GUs. It is worth
noting that constraint (6.33c¢) is inherently satisfied, since Vj ,, is renormalized to compute the
new UAVs’ positions. The final output of the computation is the new state (observation), the
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generated reward, and a flag that notifies weather the mission has terminated or not. Clearly,
whereas the mission ends before K, the cumulative reward would be lower; this mechanism
is employed to satisfy constraint (6.33d).

The advantages brought by PPO approach are numerous. The most important ones are
(i) ease of implementation, (ii) low complexity, (iii) sample efficiency, and (iv) few hyper-
parameters are needed in the learning process. It ensures a smoother training, compared with
other approaches, by constraining the new policy to not excessively differ from the previous
one. This yields lower variance in the training process and prevents the agent from taking
unrecoverable paths.

PPO uses an Actor-Critic approach, which employs two Deep Neural Networks. The
former, namely Actor, receives the current state s and returns a distribution from which the
action ay, is sampled. The latter, namely Critic, evaluates the action taken by the Actor (which
led the environment in the next state sx1) and hence provides a rating. Based on this value,
the Actor improves the current policy 7, adopting a gradient descent algorithm, to take better
actions in the future. Concretely, the aim of this framework is to derive the optimal policy 7*
from the transition tuples (s, ag, 7'k, Sk+1) that maximize the discounted cumulative sum of
all future rewards. For further details the reader is referred to [68].

6.5 Numerical Results and Discussion

In this Section a simulation campaign is carried out to investigate different aspects of the
proposed model.

Symbol Value Symbol Value

K {1,10}# || G {1,2,20} [#]
U 1,3} ¥ || 1 {1,2,20} [#]
w 1074 [m?] || Pyig4,Vk,i,9 | 20 [dBm]
dX=d* | 1072 [m] No -174 [dBm/Hz]
f. 10.5 [GHz] || ™™ 6 [dB]

5 10 [kHz] }MAX 10 [dB]

oS (3,4) [#] Uheipu> Y, u,p | 1 [#]

o 1 [s] w S5e-4, 1.25e-4 [#]
€ 0.01 [#] d™N 10 [m]

pMAX 30 [m/s] ' 0.3 [#]

TABLE 6.2: Parameter set used in the simulations.

In particular, the analysis first focuses on the validation of the channel model from a prob-
abilistic standpoint by comparing the derived approximation with Monte Carlo simulations.
Then, the radiation pattern corresponding to different patch configurations is studied. More-
over, results are shown for the optimization problem defined in Section 6.4, to demonstrate
the potential of the diversity introduced by the patches. Finally, the solution is compared with
the case of absence of IRS-equipped drones and with a baseline approach implementing a
random patch scheduling.

In all the simulations, all the involved antennas are isotropic, thus F®¢(-,-) = F®*S(. . . +)
1, with unitary gains. All the considered IRS are composed by N x M = 48 x 48 ele-
ments. Moreover, according to [66], the cascaded channel BS-UAV-GU is characterized by
[BRG = s and o™ = ofS = 2, while the direct weak BS-GU link by 3¢ = s and

G4 7 1672 /2
aP% = 4. Besides, it is assumed kMY = gMNBG — HINRG  ( JINBR g gMAX = jMAXBG —
g k,g,u ku g
MAX,RG MAX,BR

Ko = Bka for all k£, g, u. The main considered parameters, unless otherwise specified,
are summarized in Table 6.2.
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FiGurE 6.3: SNR with respect to number of PRUs.

6.5.1 Channel Model Analysis

Without loss of generality, the first scenario considers G = 1 GU, located at q§ = [50 0 0] T,
served by a BS at ¢* = [-50 0 O]T. The communication is assisted by a drone, positioned at
q,=1[00 50]T, equipped with a IRS horizontally split into P = 2 patches.

To provide a comprehensive analysis, four cases are considered: (i) absence of the direct
BS-GU link (A\; = 0), (ii) scattered (Rayleigh) BS-GU link (I{SG = 0), (iii) worst possi-
ble UAV-BS alignment (Worst case), and (iv) best possible UAV-BS alignment (Best case).
Define the normalized SNR Vk, ¢, g, as

2

SNRy ;g = SNRy i g-

k,i,g

Figure 6.2 represents the comparison between the proposed model and a Monte Carlo
simulation for 5-106 realizations. As a matter of fact, the proposed model provides an accurate
approximation in terms of PDF and SNR curves. Moreover, it can be observed that, even if the
BS-GU link exists, the UAV-BS alignment is crucial: in the worst case scenario the channel
quality results to be deteriorated with respect to the pure reflection case (Ay = 0).

Figure 6.3 corroborates the theoretical results obtained in Corollary 4. Indeed, a large
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FiGURE 6.4: SNR for P, = 2 patches divided horizontally (left) and vertically
(right).

number of PRUs implies a quadratic scale of the SNR. Clearly, in the four considered cases,
the convergence depends on the involved system setup and environmental surrounding con-
ditions. It is worth noting that a reduced path loss exponent o*® = 3 produces, in the Best
case and for a low number of elements, an higher gain with respect to the pure reflection case
(Ag = 0). When a higher path loss coefficient is considered, i.e, a®® = 4, this gap significantly
reduces since the direct link brings a minor contribution to the SNR.

The second scenario involves the same UAV and IRS, but considers G =2 GUs located at
qf =[-12000]" and q§ = [70 0 0], connected to a BS at ¢° = [—50 0 0]T. Two cases are
investigated. In the first one, the IRS surface is divided horizontally, while in the second one,
vertically. Then, the phase shift matrices are set so that each user has its own patch assigned.
From Figure 6.4 it clearly emerges that the produced radiation patterns yield a different SNR
perceived in the environment in the two cases. Indeed, the side of the patch characterized by
more elements leads to a narrower beam in the orthogonal direction and viceversa. This phe-
nomenon, which can be observed especially in horizontally-divided case, is also influenced by
the UAV-GU distance. Therefore, the shape design is particularly important since remarkably
modifies the irradiated area, and has different implications based on the use case considered.
For instance, if the objective is to maximize channel quality perceived by multiple GUs, the
neighborhood of a illuminated user benefits from configurations that produces a larger finger-
print. At the same time, if the aim is to establish secure communications, patches must be
designed on the opposite criteria, thus hinder eavesdropping. An agnostic option is to split
the IRS into square-shaped patches that can be directed towards specific GUs, thus implying
a customizable radiation pattern which guarantees, however, a computation complexity much
lower than solution proposed in [65].

6.5.2 Results on trajectory and phase shift optimization

It is considered a scenario in which U = 3 drones, starting from q; , = [0 — 150 5017, Yu,
are in charge of fairly serving G = 20 nodes randomly deployed on the ground. The BS is
located at @* = [0 0 0]T. The Actor and Critic neural networks of the PPO algorithm are
characterized by four hidden layers of 1024 neurons each, trained for 3 - 10> epochs.

First, it is considered the case in which each drone is equipped with a IRS split into
P,, = 4 Vu patches. Moreover, two values for the fairness parameter wo are considered, i.e.,
5-10~* and 1.25-10~%. The first value penalizes the objective function more, thus obtaining a
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FiGURE 6.5: Drones’ trajectories and normalized SNR for G = 20,U =
3,P,=4,andw=5-10""%

higher fairness with respect to the second one, which implies a lower balance in the resources
distribution. Figure 6.5 shows the trajectories of the drones during the mission, with heatmap
representing the values of SNR. It is visible that, during the mission, the drones serve differ-
ent regions at each instant, with the aim of maximizing the sum-rate while providing a fair
allocation to the users. The swarm flies, as result of the optimization, from the starting loca-
tion towards the center of the area, where the BS is located. Consequently, the patches of the

different UAVs are allocated to provide an optimal coverage to all users, thus improving their
SNRs.
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FiGurE 6.6: Total amount of data received by nodes, with P, = 4.

In Figure 6.6, it is depicted the cumulative amount of data transmitted from each GUs
to the BS through the direct link plus the reflected one. In case of higher fairness factor, i.e,
w = 5- 1074, the total amount of received data is 5.15 Mbits with a coefficient of variation
(ratio between standard deviation and mean) of 0.1495. On the contrary, in the second case,
ie,w=1.25-10"% a greater amount of data is received by the BS, i.e, 5.80 Mbits, but
with a coeflicient of variation equal to 0.1761 0.2538. This implies that a trade-off between
fairness and data transmission exists: it is due to the fact that in case of lower fairness the
drones can focus on reflecting the signals from the GU closer to the current position, which
in turns implies that farther nodes are less served.

For the same scenario parameters, a simulation with P, = 9 patches (for each drone)
is carried out. As expected, Figure 6.7 confirms the same trade-off behavior highlighted in
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FiGure 6.7: Total amount of data received by nodes, with P, = 9.

the previous case. As a matter of fact, with P, = 9 patches, in the first case a total of 5.42
Mbits have been transmitted with a coefficient of variation equal to 0.1629, while in second
case the values are 6.09 Mbits and 0.3342, respectively. Finally, Figure 6.8 summarizes the
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FiGure 6.8: Comparison among data transmitted amounts for random (Rnd)
and optimized (Opt) scheduling. The black stars represent the mean value.

results and the discussion above by comparing the obtained values with the case in which
the swarm is absent and only the BS serves the GUs, i.e, {1k 4.} = 0 Vk, g, u. Moreover,
to provide a benchmark, the proposed solution is also compared with a baseline approach, in
which the optimized trajectories are maintained but a random patch scheduling is implemented
(5-10° trials have been performed). As expected, in all cases, the drones provide a substantial
enhancement of the channel capacity, especially when an optimized solution is employed.
Indeed, the scheduling plan obtained from the PPO performs better than that related to the
baseline approach. In particular, this is always true in terms of average data rate. Nonetheless,
when a higher number of patches is employed a higher fairness factor is required to guarantee
a uniform resource distribution.
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Chapter 7

Internet of Drones Simulator: Design,
Implementation, and Performance
Evaluation

Networked drones can unleash disruptive scenarios in many application domains. At the same
time, to really capitalize their potential, accurate modeling techniques are required to catch
the fine details that characterize the features and limitations of UAVs, wireless communica-
tions, and networking protocols. To this end, the present Chapter discusses the IoD-Sim, a
comprehensive and versatile Network Simulator 3 (ns-3)-based open-source simulator that
addresses the many facets of the IoD. In order to prove the huge potential of this proposal,
three different scenarios are presented and analyzed from both a software perspective and a
telecommunication standpoint.

7.1 Introduction

The adoption of drones in industry is a huge commercial opportunity, as testified by the several
billions forecasts already available for multiple business sectors [2].

Even though several applications are now including drones, and they may look like off-
the-shelf utilities, the design of complex IoD systems still requires advanced methodologies
to effectively unleash the potential of services based on networked drones. In this regard,
channel capacity, available/required data rates, dedicated bandwidth and frequencies, must
be characterized, bearing in mind that every link may be realized with a different telecommu-
nication protocol. Moreover, given the variety of available drones on the market, an accurate
suitability assessment based on their specifics is required.

Differently from the available IoD simulators [69]-[75], which do not cover all the afore-
mentioned aspects, this work proposes a comprehensive open-source simulation platform,
namely IoD-Sim™* [76]. Since it was first released, it has been sensibly modified, partially
re-written, and thoroughly refactored in order to create complex operating scenarios. The
architecture is designed as a 3-layer stack: (i) the Underlying Platform, which includes a set
of technologies and libraries able to perform high-precision numerical computation; (ii) the
Core, which embeds a set of unique IoD-related features; (iii) the Simulation Development
Platform that allows high-level mission design and analysis of simulation results. loD-Sim is
able to create realistic simulations by extending the available features of ns-3 to address the
relevant aspects of the loD, thus including mission design, trajectory planning, hardware and
application configuration, mobile wireless communications, mobility and energy consump-
tion models, on-board peripherals, and integration with other network entities.

To prove its potential and to validate its manifold functionalities, an extensive and diversi-
fied simulation campaign is carried out. Three different scenarios are conceived through the

*https://github.com/telematics-lab/IoD_Sim
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proposed high-level mission design tool, which grants a welcoming user experience via a con-
venient interface. The different scenarios are characterized in terms of network topologies,
communication technologies, drones’ equipment, and software applications. In particular,
signals experience different propagation conditions introduced by the adoption of channel
models that vary from ideal conditions, i.e., free space, up to more realistic ones, i.e., densely
populated urban environments. Lastly, simulation results are analyzed to obtain relevant
Key Performance Indexs (KPIs), such as Signal-to-Interference-plus-Noise Ratio (SINR),
throughput, power consumption, latency, and PLR, from which thoughtful insights are de-
rived.

The present contribution is structured as follows: Section 7.2 presents a general overview
of the architecture of the simulator. Section 7.3 describes the underlying platform and the
rational for its choice. Section 7.4 discusses the core of the simulator in detail, with dedicated
subsections about the main building blocks of the project. A thorough explanation of the in-
volved mobility models is given together with all the supported communication technologies,
and the involved logical entities. Section 7.5 focuses on the simulation design, thus explaining
the role and importance of scenario configurations. Section 7.6 is dedicated to the simula-
tion campaign; after an initial focus on scenarios description, the outcomes are discussed to
highlight the main findings.

7.2 Architectural Overview

The architecture of loD-Sim (see Figure 7.1) is organized into three parts: (i) the Under-
lying Platform, that provides the necessary networking components and performs advanced
mathematical and parsing operations, (ii) the Core of the simulator, which implements the
foundation of IoD-related features, and (iii) the so called Simulation Development Platform,
a high-level component which allows to develop, configure, and analyze advanced scenar-
ios. Each part is modular by design and proposes peculiar functionalities that are depicted as

Splash GUI
Airflow

Report Module Results Aggregator
Simulation Development Platform

Scenario Configuration Interface

Regions of

Interest
Energy Mobility Applications

Buildings Peripherals = Mechanics
World Definition Drones ZSPs Remotes
Entities

loD-Sim Core

GNU Scientific Library RapidJSON
Underlying Platform

FiGURE 7.1: Overview of IoD-Sim Architecture.
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blocks and described in what follows. The joint adoption of these components enables dif-
ferent simulation scenarios, starting from a highly flexible and general purpose one, which is
configurable by higher-level entities.

In particular, the IoD-Sim core, as will be discussed in Section 7.4, details all the as-
pects related to IoD entities, especially drones and ZSPs, spanning from their mechanics and
peripherals to remote information services. Moreover, the whole simulated environment is
described by a set of elements, such as specific areas of interest, as well as the presence of
buildings in the reference scenario.

With reference to the Simulation Development Platform part of the architecture, it is worth
specifying that IoD-Sim includes Airflow, a high-level visual configuration environment that
drastically eases the interaction between the user and the simulator, i.e., scenario set-up and
management.

Finally, a report module, that will be analyzed in Section 7.5, guarantees the readability
of simulation results in a clear XML schema, which eases data processing. This eases the
integration of the loD-Sim with external, e.g., third-party, tools specifically designed to create
scenario configurations by customising both parameters (e.g., mechanical properties of the
drones) and characteristics (e.g., employed communication technologies).

7.3 Underlying Platform

The Underlying Platform is a foundation composed by the GNU Scientific Library (GSL),
RapidJSON, and ns-3.

GSL is a numerical computing framework which implements numerous routines and low-
level data structures, such as complex numbers, linear algebra, data analysis, and interpolation.
Furthermore, it is offered in Linux-derived distributions with first-class support [77].

RapidJSON is a parser and generator of JavaScript Object Notation (JSON) code. It is
one of the most adopted JSON libraries available for C++ projects. It eases the creation,
traversal, validity check, and analysis of JSON codes [78]. Rapid/JSON has been chosen
for its high performance and its extensive and flexible high-level Application Programming
Interfaces (APIs).

Finally, ns-3 emerges as the most relevant component: it is a solid and mature discrete-
time event-based network simulator. ns-3 is an open-source project that provides a solid sim-
ulation engine and various models for network design and testing. IoD-Sim treats ns-3 as
a foundation, extending it with new features that are focused on accurate drone simulations,
mobile wireless communications, energy consumption, and their integration with on-board
peripherals and ground communication infrastructures.

7.4 Core of IoD-Sim

This Section presents the building blocks of the IoD-Sim Core, which is the main part of the
simulator.

7.4.1 World Definition

IoD-Sim offers the possibility to define parameters related to the simulated world, i.e., the
environment in which the simulation takes place. The two main features are:

* Buildings which are collisionless 3D objects useful to represent urban scenarios, thus
making simulations that are particularly suitable for research in Smart Cities. Such a
feature is important for what concern LTE communication fading, which varies accord-
ing to the characteristics of each building.
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* ns3::InterestRegionisa 3D box placed on the simulated world defined, as for build-
ings, by a vector of two points. Through specific methods, it is possible to acknowledge
the presence of a drone in multiple areas, thus granting the possibility to trigger spe-
cific events during the simulation. For instance, Drone operations can be restricted to
a limited space, leading to an optimization of Drone power consumption.

The virtual world in IoD-Sim is a theoretically infinite space. The space can be filled with
entities, which could be Drones, ZSPs and Remotes, but also with Rols and Buildings.

7.4.2 Drones

IoD-Sim provides ns3: :Node class derivatives to consider the characteristics of key actors
commonly found in an IoD simulation. The ns3: :Drone class characterizes a rotary-wing
UAV, along with its mechanical properties, shown in Table 7.1. While the first four properties
can be defined by the user, the last two are a direct consequence of the given characterization.

TABLE 7.1: ns3: :Drone properties in [oD-Sim.

Name Unit of Measurement
Mass kg

Rotor Disk Area  m?

Drag Coefficient  (dimensionless)
Peripherals

Weight Force N

Air Density kg/m?

A UAV is usually equipped with a set of peripherals able to extend its capabilities. Such
peripherals include a wide range of devices, implemented in loD-Sim, through new specific
classes. The ns3: :DronePeripheral object represents a general-purpose on-board periph-
eral characterized by (i) Peripheral state, which can either be set to ON, OFF, or IDLE; (ii)
Power consumption in watts; (iii) Reference Region of Interests (Rols) which specifies where
the peripheral should be operating. ns3::DronePeripheral has been specialized in two
subclasses:

* ns3::StoragePeripheral represents a generic storage device characterized by an
attribute describing the initial amount of memory, which can be traced at runtime to
record the empty space left.

* ns3: :InputPeripheral describes a generic input device, characterized by an acqui-
sition DataRate, constant over a DataAcquisitionTimeInterval.

These two peripheral types are strongly connected, since a ns3: : InputPeripheral can of-
fload acquired data to a ns3: : StoragePeripheral through a boolean attribute. Nonethe-
less, the association between input and storage is not mandatory. In fact, in a real-world

TABLE 7.2: Drone Peripherals Properties.

Class Attribute Description
DronePeripheral PowerConsumption Power consumption of the peripheral in J/s
StoragePeripheral Capacity The capacity of the disk in bit
DataRate The acquisition data rate of the peripheral in bit
InitialRemainingCapacity The starting remaining capacity in bit
InputPeripheral DataAcquisitionTimeInterval  The time interval occurring between any data acquisition

HasStorage

Acquired data are offloaded to the StoragePeripheral
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scenario, an ns3: : InputPeripheral can deliver data directly to a processing unit or to a
remote host, thus neglecting the need to permanently store the information.

A complete list of the attributes of these classes is given with Table 7.2. It is worth spec-
ifying that all peripherals hold a reference to the drone they are equipped to.

For what concerns the energy-related aspects, ns-3 already models and manages consump-
tion, harvesting, and monitoring, through the abstract class ns3: :EnergySource. Although
there is no specific energy source model available that is suitable for drones, the
ns3::LilonEnergySource is sufficiently general to be employed for simulation purposes
[79], [80].

In this work a specific class, i.e. ns3::DroneEnergyModel, is developed to compute
the drone mechanical power consumption. Given a simulation duration 7" split into n =
1,..., N equal discrete intervals, the power consumption of the drone flying at speed v[n] =
(vz[n], vy[n], v.[n]), is [15]:

PUAV [n] = Plevel [TL] + Pvertical [n] + Pdrag [n], (71)
where
w2 1
Preyel [n] = \/§ A > (7.2)
P Jos o
being
2 = || (va[n], vy [n)) | (7.3)
Pvertical [TL] = sz [n], (74)
1
Piragln] = chopAH(vx[n],vy[n})H?’, (7.5)

W = mg, with m defining the mass of the drone and g as the gravitational acceleration.
Moreover, p is the air density, A is the total rotor disk area, C'py is the profile drag coefficient

depending on the geometry of the rotor blades, and V;, = ,/ 2{% uses parameters to calculate

the power required for hovering operations.

The energy model can be aggregated to a drone by means of the
ns3: :DroneEnergyModelHelper, which provides an Install () method that aggregates it
to ns3: :Drone. In this way, it is possible to simulate the energy characteristics of a drone,
both for its mechanics and its peripherals, in addition to its networking operations.

7.4.3 Other Simulation Entities: ZSPs and Remotes

Entities beyond ns3: :Drone are ZSPs and Remotes. ZSPs are smart entities, modeled as
ns3: :Node objects, equipped with multiple ns3: :NetDevice which provide multi-protocol
radio access, thus enabling communications between drones and the rest of the Internet. Typ-
ically, they are configured as ground entities that maintain a constant position in time [1],
by means of ns3: :ConstantPositionMobilityModel. Nonetheless, in IoD-Sim their mo-
bility model can be customized to fit simulation purposes, envisioning the adoption of dy-
namic wireless infrastructure proposed in 5G & Beyond architectures. Remotes, instead, are
ns3: :Node objects with no mobility model and only rely on installed applications which
provide remote services to consumers. Remotes and ZSPs are interconnected through a back-
bone, simplified as a Carrier Sense Multiple Access (CSMA)-based bus network, that repre-
sents the Internet. This architecture allows service provisioning on different classes of nodes,
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employing Remotes in case of applications with high computational costs, e.g., multimedia
data processing, and ZSPs in case of low latency requirements, e.g., traffic management.

7.44 Mobility

ns-3 provides a basic foundation to represent the movement of drones. However, an important
gap arises when such models are analysed in details: none of the available ones are able to
construct a curve trajectory that take into account how much a spot is relevant.

10 - ol ®5

y [m]

x [m]

FIGURE 7.2: A set of trajectories, generated with (7.6), with different Interest
Levels (from 1 to 10, incrementally) for Ppol 1, 3, 5, and 7. The other points
have constant Interest Level set to 1.

To overcome these limitations, dedicated mobility models have been developed. In par-
ticular, the trajectory has been modeled using Bézier curves by specifying a set of Ppol.

LetP = {Py,Py,...,Py_1} withP; € R®, Vi = 0,..., N — 1 be an ordered sequence
of N interest points, 1 = { lo,l1,...,1 N,l}, l; € NT, the interest level associated to each
point, A = (sz\i _01 li) —land L; = ZZ_:IO I, The Trajectory Generator can be expressed
as

N-1 l;—1
i A . .
G(t):§ Pi§ <L'+j>(1—t)A_Li_JtLi+], t €10,1] (7.6)
i=0 =0 N °

An increment in the interest level [ produces a trajectory that passes closer to that point,
as illustrated in Figure 7.2, without reaching it, except for the first and last one.
Finally, the obtained trajectory is used by the new implemented models:

* ns3::ConstantAccelerationDroneMobilityModel employs (7.6) and the uniform
acceleration motion law to retrieve the points of the desired trajectory. After the maxi-
mum speed is reached, the uniform linear motion law is adopted.

* ns3: :ParametricSpeedDroneMobilityModel: takes a v(t) speed profile in a poly-
nomial form and, thanks to the modified Bézier equation (7.6), it retrieves the dis-
cretized trajectory.

A summary of the attributes of these mobility model is reported in Tables 7.3 and 7.4.
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TABLE 7.3: ns3: :ConstantAccelerationDrone MobilityModel
Typeld attributes.

Attribute Description
Acceleration Drone’s constant acceleration, expressed in m/s”.
MaxSpeed Drone’s maximum speed, expressed in m/s.
FlightPlan Interest points for the trajectory.
SimulationDuration Simulation duration, expressed in seconds.
CurveStep Discretization step of the curve.

TABLE 7.4: ns3::ParametricSpeedDrone MobilityModel Typeld at-

tributes.
Attribute Description
SpeedCoefficients The set of coefficients for the polynomial v(t).
FlightPlan Interest points of the trajectory.
SimulationDuration Simulation duration, expressed in seconds.
CurveStep Discretization step of the curve.

7.4.5 Applications

IoD-Sim offers simple applications that can be used to communicate telemetry from a drone to
a ZSP or to a Remote by adopting client-server paradigm, via User Datagram Protocol (UDP).
These applications are modeled as classes named ns3: :DroneClientApplication and
ns3: :DroneServerApplication. When the application is started, a UDP-based com-
munication takes place. The process starts with the client application in NEW state. There-
fore, a HELLO packet is sent to the destination address (or in broadcast), thus implying a state
transition in HELLO_SENT. If the application server receives such packet, it replies with an
HELLO_ACK packet to confirm the reception. When the client receives the acknowledgement,
its state changes again, into CONNECTED, which allows it to periodically send JSON-encoded
telemetry data. These packets are named UPDATE and UPDATE_ACK. The entire procedure is
illustrated in Figure 7.3 and the configuration parameters are summarized in Table 7.5.
Relying on the same architecture, two Transmission Control Protocol (TCP)-based ap-
plications are also available to enable reliable data transfer between hosts, which are imple-
mented as TcpPeriodicClientApplication and TcpEchoServerApplication classes,
respectively. The aim is to transfer a certain amount of information between the two hosts ac-
cording to the specified PayloadSize, expressed in bytes, and TransmissionFrequency,
measured in Hz, set on the client. The server is characterized by a socket, composed by a

< .
DISCONNECTED .~ = CLOSED | NEW SOCKET

/ﬁ 5
‘}'3\ i,-" - z - /" /£
DataExchange = | CONNECTED NEW

o

FiGurE 7.3: FSM of the Drone Client and Server Application.
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TaBLE 7.5: Configuration parameters for Telemetry Applications.
Application Type =~ Name Type Description
Client DestinationIpv4Address  String IPv4 address of the remote application server.
Client and Server  Port Ulnt32 Port of the remote listening port.
Client TransmissionInterval Double Transmission interval of the telemetry updates.
Client and Server  StartTime Double Time at which to start the application.
Client and Server  StopTime Double Time at which to stop the application, in seconds.
Client FreeData Boolean  Free data from the equipped storage peripheral.
Server StoreData Boolean  Store data to the equipped storage peripheral.
TaBLE 7.6: Configuration parameters for Generic Traffic Applications.

Application Type Name Type Default Value  Description

All Server and Clients ~ Address String 127.0.0.1 Listening or remote address of the server.

All Server and Clients  Port Ulntl6 4242 Listening or remote port of the server.

All Clients PayloadSize Ulntl6 65470 Size of the payload for each packet, in bytes.

In case of Storage Client, it is the maximum
size to be used when freeing storage memory.

Periodic Client only Frequency Double 1.0 Number of times in a second when a new
packet is sent to the server.

listening Address and Port. These configuration parameters are summarized in Table 7.6.

Clearly, all these applications are developed so that multiple instances can run concur-
rently, on the same entity, if different ports are specified. Moreover, they are independent
from the particular communication technology adopted.

Finally, a Network Address Translation (NAT)-like application is provided to design relay-
ing network architectures, implemented through the class ns3: :NatApplication. The NAT
forwarding behavior leverages a hash map, i.e., NAT Table, where an external port number is
coupled with the source IP address and port. Inbound frames are forwarded to the external
network by replacing this information with the one of the relaying drone. The same rationale
is applied for frames received from the external network.

7.4.6 Scenario Configuration Interface

The Scenario Configuration Interface is an abstraction layer that allows the configuration of
the entire simulation by means of a dedicated JSON configuration file, which makes the entire
scenario parametric. An example of JSON configuration file that realizes a simple scenario
is shown in Figure 7.4.

The core of this abstraction layer is the ns3: : ScenarioConfigurationHelper, a low-
level object that directly deals with the JSON file. This helper returns a set of specific data
classes that contain exclusively the parameters required to configure IoD-Sim models. Each
of them is also loosely coupled with a JSON validator and parser, also known as configura-
tion helper. The output data classes are then used by the General Purpose Scenario, which
has been developed in order to setup scenario’s entities and, at the same time, to provide ab-
stractions which minimize the effort from a programming perspective. It is fully dependent
on a semantic analyzer and allows the entire simulation platform to be compiled beforehand,
providing ways to dynamically reconfigure the scenario at run-time. Its development started
from the analysis and the detection of a common structure typically followed by the Open Sys-
tems Interconnection (OSI) protocol stack. Specifically, once the file is decoded, the number
of entities are retrieved to create the initial structures. The entire configuration workflow
followed by the General Purpose Scenario, depicted in Figure 7.5, is described hereby. Af-
ter entity creation, the ns-3 static configuration parameters are applied to the simulation and
World definition is made. Then, global communication stacks are linked to the configured
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"name": "iod_sim_ftw",
"resultsPath": "../results/",
"logOnFile": true,
"duration": 50,
"staticNs3Config": [..],
"world" : {

"buildings":

1,

"ZSPs":

"remotes": [

1,
"logComponents": [..]

FIGURE 7.4: An excerpt of scenario configuration with an overlay of the mod-
els associated to the analyzed parts.
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FiGure 7.5: Logical flow to initialise and configure a scenario in IoD Sim.

entities. When the entity network configuration is done, the mobility models are configured
and the applications are installed. Furthermore, if the entity is a Drone, its peripherals are
installed, together with the associated energy model. Once all entities are ready, the virtual
internet backbone is configured.

7.5 Simulation Development Platform

Simulation Development Platform, whose schema is illustrated in Figure 7.6, provides a set
of extensions, output files for data analysis, and standalone applications for scenarios design.
These tools ease scenario design and analysis, thus ensuring that loD-Sim can be easily intro-
duced to newcomers, especially university students and researchers. It is mainly composed
by the Report Module, the Results Aggregator and Airflow.

pcap & log
N

results/

XML Library

Resul
Data Accumulators esults

Aggregator
Report Module

Simulation Development Platform

loD Sim Core

ns-3

Underlying Platform

FIGURE 7.6: Simulation Development Platform high-level schema.
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FiGure 7.7: Airflow Architectural Design.

The Report Module is an extension of IoD-Sim which stores data at run-time and elab-
orates, at the end of simulation, a comprehensive summary. The aim of the extension is to
introspect simulator’s data structures to gather relevant data to be reported (e.g., data traffic,
trajectory, and telemetry). To provide a final report that is both human and machine readable,
the Extensible Markup Language (XML) format has been chosen. Therefore, a schema is
defined to describe the expected structure of the produced file. This output XML file is put
together with other files relevant to the simulation in the results directory.

The Results Aggregator gathers all the relevant information and debug messages of sim-
ulation internal components. Primarily, the General Purpose Scenario emits progress.log
and IoD Sim.log files. The former is the output of the progress information messages that
are also delivered on the standard output during scenario execution. The latter contains all
debug messages coming from different internal components of loD-Sim. The log components
can be enabled by specifying them in the 1logComponents field of the scenario configuration
JSON file.

Airflow is a high-level abstraction tool that gives visual clues during simulation design,
thus enriching the user experience especially for newcomers. It has been developed on top
of Splash, a specialized transpiler for loD-Sim. It scans the source code of the simulator
and outputs visual blocks that can be referenced in the Core Editor to configure a scenario.
Thanks to the Graphical User Interface (GUI) editor, a scenario can be exported into a JSON
file that can be interpreted by loD-Sim Scenario Configuration Interface. From a software
design standpoint, as illustrated in Figure 7.7, the Airflow project is entirely decoupled from
IoD-Sim. Its integration with the simulator relies on interfaces that enable bidirectional com-
munications. The Airflow GUI, shown in Figure 7.8, is based on the open source Ryven®
engine, which is a dynamic runtime, flow-based visual programming environment for Python
scripts. It offers: (i) a central rendering view to place blocks and link them together, (ii) a
settings area to customize options, (iii) a variable management section to include and store
data that can be integrated with the flow, and (iv) a console to report errors. Ryven includes
additional features to optionally debug internal routines with the help of console messages.
Moreover, thanks to its modular design, it allows blocks generated by Splash to be aggregated

"https://ryven.org/
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Ficure 7.8: An overview of the configuration of a generic model in Airflow.

into packages. Ryven has been deeply extended to inter-operate with loD-Sim, especially for
its compatibility with the Scenario Configuration Interface.
The user interface is organized into the following components:

1. A menu bar at the top of the GUI window.

2. A Console on the left in order to monitor errors and messages coming from Airflow or
IoD-Sim. Informative messages are reported in blue, while errors are displayed in red.

3. A central workspace to design the scenario by placing blocks and connecting them
together.

4. A settings panel on the right.

The central workspace is the canvas where blocks and links are placed by the user to
design a scenario. A block, as depicted in Figure 7.8, consists of a set of inputs and outputs.
Each input and output can be connected to other outputs and inputs of other blocks, in order to
create a tree. Moreover, in the settings panel, it is possible to run the scenario by clicking on
the Build and Run buttons. Finally, a variable manager can be used to create, store, and later
reference values by their respective labels on the workspace. This allows to reduce redundancy
and to make the block tree more compact.

7.6 Simulation Campaign

This Section demonstrates the huge potential of IoD-Sim by means of an extensive simulation
campaign which investigates the many facets of IoD scenarios. Firstly, the discussion explains
how the simulation can be designed. Secondly, three different scenarios with increasing com-
plexity are presented.

In particular, the first scenario discusses the use-case of telemetry with few drones flying
in a Rol, which follow customized trajectories while gathering data. The purpose of this
scenario is to demonstrate that it is possible to monitor one or more variables with on-board
sensors, while estimating the energy consumption associated with flight dynamics.

The second scenario has a wider perspective, since it focuses on surveying and monitor-
ing activities, further completed with the acquisition of multimedia signals by each drone.
The possible applications include several real-world use cases in the fields of civil engineer-
ing, smart agriculture, or in environmental monitoring, e.g., coastal erosion and other slow
phenomena. In fact, in this scenario, drones are on a mission in neighboring areas, since it
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FIGURE 7.9: A simple scenario with one drone and ZSP designed from scratch
in Airflow.

is assumed that the information of interest need to be contextualized, i.e., must be gathered
at the same time. Furthermore, this case investigates the possibilities enabled by different
data storage capabilities of by drones. Also, the offloading functionality, of the acquired data,
avoids the overload/saturation of onboard available resources. Once data is gathered, they can
be involved in offline post-processing, evaluation, and analysis.

The third scenario has been specifically designed to be the reference benchmark for IoD
applications. It is settled in the context of smart cities, and it involves clusters of low-power
Internet of Things (IoT) sensors. This scenario models real-world applications and, hence,
shadowing and pathloss phenomena are included, thanks to the adoption of propagation mod-
els that are influenced by the presence of buildings. In order to guarantee a reliable com-
munication, drones are in charge of relaying traffic to ensure coverage to all sensors in the
city.

7.6.1 Scenario Design

Airflow represents the foremost application for visual scenario development. To better un-
derstand how to design simulations, a simple configuration setup is provided hereby. The
envisioned scenario considers a drone that follows an arc-like trajectory and communicates
telemetry to a ZSP by means of Wi-Fi. Specifically, the drone acts as a station and the ZSP as
an access point. The entire configuration is depicted in Figure 7.9, where all the visual compo-
nents, encompassed in the Airflow workspace, are properly set up and linked together. Start-
ing from the right, the block Scenario glues some configuration input values, e.g. Name and
Duration, with more complex components, such as (i) PHY/MAC/NET Layers, (ii) Drone
List, and (iii) ZSP List.

In particular, the communication layers are configured to implement the Wi-Fi stack. The
WiFi PHY Layer object defines the PHY layer to be used with particular propagation and
loss models. The WiFi MAC Layer, instead, specifies the Service Set IDentifier (SSID) of
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the network and the Wi-Fi Manager object that handles MAC control plane. Further, the IPv4
Network Layer determines the address and mask of the overlying network.

Both Drone Listand ZSP List properties are connected to the simulated entities, namely
Drone and ZSP. These two components share different properties such as Applications,
Mobility Model and Network Devices. However, the Drone block is characterized also
by its unique features, i.e., Peripherals, Mechanics, and Battery. In this configuration,
the ConstantPositionMobilityModel allows to place the ZSP to a fixed location, while
the ParametricSpeedMobilityModel is employed to define the drone trajectory. In this re-
gard, the Trajectory component, linked to the F1lightPlan property of the mobility model,
facilitates the design of the desired path.

Both drone and ZSP’s Network Devices property is linked to a WiFi Net Device
block. While StaWifiMac characterizes the device of the former, ApWifiMac is associated
to the latter. Finally, a LiIonEnergySource defines the power supply of the drone.

The development strategy discussed above represents the common ground for the design
of the following three scenarios.

Drone 1 Drone 2 Drone3 A Take-off Point
V Landing Point % ZSP [ JRol
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FIGURE 7.10: Scenario #1.
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FiGure 7.11: Power consumption and peripheral state for each drone, in the
first scenario.
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FiGure 7.12: Drones’ trajectories with their power consumption, in the first
scenario.
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FiGUrE 7.13: RSSI of each drone in the first scenario.

7.6.2 Scenario #1 - Telemetry

The first scenario, as depicted in Figure 7.10, envisions three drones with the same mechan-
ical characteristics, all equipped with an Inertial Measurement Unit (IMU). In this scenario,
drones are flying in the same Rol, at a constant speed, following different trajectories. More-
over, a ZSP is deployed on the ground. The latter is released in [60 45]”, which continuously
monitors drones’ operations by acquiring telemetry through Wi-Fi.

UAVs’ trajectories are based on the ParametricSpeedDroneMobilityModel, which is con-
figured to guarantee a constant speed of 5m/s, 3m/s, and 4 m/s, respectively. They are also
equipped with IMUs which are generic drone peripherals that provide basic telemetry data
to the ZSP thanks to a dedicated application. It is worth specifying that drones’ IMUs have
different power consumption, i.e., 12 W, 5 W, and 6 W.

The outcome of the simulation is hereby discussed. Figures 7.11 and 7.12 depict the
power consumption trend with respect to time and trajectories. In the former, the three curves
share an initial peak which corresponds to the energy required to take-off. Indeed, acquiring
altitude requires more power than flying along the xy plane, as highlighted. This phenomenon
is further remarked in Drone #2 landing maneuver. It includes a little parabola that yields a
peak in the last part of the associated curve of Figure 7.11, which is also present in Figure
7.12b. After ~ 10s, the drones reach and almost maintain a target altitude. The corresponding
power consumption, for Drones #1 and #3, is characterized by peaks due to hovering over
the interest points for 1s and 3 s, respectively. These points are identified by the vertices of
the snake-like and octagon-shaped trajectories. Instead, this phenomenon is not present on
Drone #2, since its trajectory describes a continuous curve. When the drones enter the Rol,
the peripherals become active and hence the IMUs’ power contribution is non-zero. It can be
noticed as spikes in the curves of Figure 7.11, especially in Drones #1 and #2, since they are
equipped with two more energy-demanding peripherals. As soon as drones exit such region,
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FiGURE 7.14: Trajectory design and eNB attachment for each drone, in the
second scenario.

the peripherals go into standby mode, which preserves energy.

Figure 7.13 illustrates the measured RSSI of each drone at the ZSP. It clearly emerges
that, on average, Drones #1 and #2 maintain a better signal quality with respect to the UAV
#3. Obviously, the higher altitude, and hence the greater distance from the ZSP, worsens the
communication quality, due to the Friis propagation loss employed to model the fading effects
in this scenario.
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FI1GURE 7.15: Drones’ throughput, in the second scenario.
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7.6.3 Scenario #2 - Multimedia Signals Acquisition

The second scenario, as depicted in Figure 7.14, involves a swarm composed by four drones
in charge to acquire multimedia signals at different data rates which are then stored on-board
and off-loaded to a remote server. To allow data upload, three ZSPs, also referred to as eNB,
are deployed on the ground at [50 800]7, [900 200]7, and [700 900]%, respectively. All the
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FiGURE 7.16: Memory occupancy for each drone, in the second scenario.

entities involved in the mission, which lasts 250 s, are equipped with LTE interfaces, where
the Okumura-Hata propagation loss model has been employed. Drones follow snake-like
trajectories, each different from the other in terms of amplitude and frequency. Nevertheless,
they adopt the same mobility model with a constant acceleration of 4m/s? and a maximum
velocity between 15 and 20 m/s. Moreover, they are equipped with cameras that acquire at
2 Mbps, 1.6 Mbps, 1.3 Mbps, and 1 Mbps, respectively. The communication between each
UAV and the remote server is handled by Generic Traffic Applications, with a payload size of
1024 bytes and a TCP Max Segment Size of 1380 bytes.

In the same figure, it can be further observed the attachment of the drones to the ZSPs.
Throughout the mission, Drones #2 and #3 remain linked to the same eNB, i.e., ZSP #2 and
#1. On the other hand, UAV #1 and #4 perform a handover procedure which changes the
reference ZSP from #1 to #2 and from #2 to #3, respectively. It is worth noting that, despite
Drone #1 takes-off in the same area where Drone #2 lands, they are not attached to the same
ZSP. Indeed, even if the two trajectories share the same direction, they have opposite verse:
while one approaches a eNB, as the mission goes by, the other flies away from the ZSP without
really getting closer to another one.

Figure 7.15 shows the throughput for each drone on the associated ZSP, over time. UAV #1
experiences an average data rate of ~ 1 Mbps, until the handover procedure takes place, which
increases this value by ~50%. Similarly, the average throughput of Drone #4 is ameliorated,
since it increases from ~ 800 kbpsto ~ 1.1 Mbps. It is worth noting that there exists a pattern
correspondence between the throughput and occupied storage curves (see Figure 7.16). This
is particularly evident for Drones #3 and #4. When the occupied memory goes to zero, the
data rate goes to zero as well. Indeed, for the information causality principle, it cannot be
transmitted more information than the stored amount. Notice that this happens as long as the
acquiring rate remains lower or equal to the channel capacity which, for instance, is not the
case of Drone #1.
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FIGURE 7.17: Scenario #3 simulation environment.

7.6.4 Scenario #3 - Smart Cities

The third scenario reproduces a smart city context, in which drones are in charge of relaying
traffic coming from clusters of GUs, using the Wi-Fi technology, to a remote server over the
Internet, through LTE. In this regard, the presence of buildings plays an important role both
in trajectory design and in fading phenomena. The envisioned scenario is designed starting
from the map of an urban area in the neighborhood of the Central Station of Bari, Puglia,
Italy. The xy coordinates (i) are extracted from OpenStreetMap with the aid of OpenCV
[81], (ii) rescaled according to their real profile, and (iii) transposed into the spatial refer-
ence system of the simulator. Finally, the buildings’ heights are generated using a random
variable uniformly distributed in [24, 30], which corresponds to the characteristic height (in
meters) of the buildings in that area. As shown in Figure 7.17, four GUs clusters of dif-
ferent size are present on the ground. Each of them is served by a drone, which relays the
traffic by means of the NAT application. The entire simulation lasts 180s and employs the
ns3: :HybridBuildingsPropagationLossModel to take into account the fading caused by
the presence of buildings. It includes a combination of Okumura-Hata model and COST231
for long-range communications, ITU-R P.1411 for short-range communications, and ITU-R
P.1238 for indoor ones. This allows to support a wide range of frequencies spanning from 200
MHz up to 2600 MHz. Moreover, each building is characterized by a window per room and
is assumed to be built with concrete walls. The Wi-Fi stack has been configured based on the
802.11ax standard operating at 2.4 GHz and is controlled by the ns3: : IdealWifiManager,
which allows to keep track of the SINR. Thanks to this mechanism, it is possible to always
choose the best transmission mode to be used, i.e., a combination of modulation, coding
scheme, and data rate.

As for the network level, each cluster is connected to its relay according to the 10.[1 —
4].0.0/24 network address range, while LTE uses 7.0.0.0/8. Drones’ trajectories are designed
to the layout of the streets in order to minimize the shadowing effects and maximize the LoS
with the GUs. Furthermore, the path also maximizes energy efficiency as the translation in the
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xy plane is less costly when compared to changes of altitude. At each angle of the trajectory,
the drones pause for 1s in order to simulate an accurate 90 degrees yaw.

Accordingly, each relay drone flies at a constant altitude of 50m at 5m/s. Drones are
equipped with thens3: :NatApplication, which implements a simple Port-based NAT strat-
egy for UDP communications. Each GUs has a constant position and is equipped with a simple
ns3: :UdpEchoClientApplication, which periodically sends a packet of 1024 bytes to the
remote address 200.0.0.1:1337 with a frequency of 10H z. Each packet is equipped with
an application header that reports an incremental sequence number and the time of creation.
Finally, the remote has a ns3: :DroneServerApplication, which records via log messages
the received packets.

The only ZSP, located at [60, 120, 40]”, provides LTE access to the drones, thus allowing
the communication with the remote host. Figures 7.18 and 7.19 clearly show the advantage
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Scenario # Events [#] Real Time [s] Sim. Time [s]
1 57,437 9 50
2 18,226,323 761 250
3LTE 37,178,812 4,620 180
3 Wi-Fi & LTE 28,903,306 2,858 180

TaBLE 7.7: Comparison of the total number of events, the real time taken to
execute, and the simulated time of each scenario.

brought by the relay activity by the drones. In the relay case (Figure 7.18), all the GUs ex-
perience an average latency of ~ 25ms, a result that is achieved also thanks to the proposed
trajectory design.

On the contrary, in absence of relay drones (see Figure 7.19), while the GUs that are closer
to the ZSP are affected by a latency similar to the previous case, the farther ones register a
significant delay, which inevitably compromises the reliability of the link and, hence, the
Quality of Service (QoS). Nevertheless, this comes with a trade-off as highlighted in Figure
7.20, which shows the PLR in both cases. In the former, all nodes are able to transmit data
to the remote, but with a loss ratio of ~10% for the cluster #2 and #3. It is worth noting that
this result can be further improved by properly optimizing the trajectory design to target the
desired trade-off. In the latter, instead, six nodes have 100% PLR, which means that there is
no exchange of data.

7.6.5 Performance Evaluations

To evaluate the performance of the simulator, and hence its scalability, the performance met-
rics of the simulated scenarios are analyzed and compared hereby. The runtime environment
is characterized by the following hardware and software specifications: (i) Intel (R) Xeon (R)
Bronze 3106 at 1.70 GHz with 16 cores and no hyper-threading, (ii) RAM 92 GB DDR4 at
2666 MHz, (iii) 7200 RPM hard drives and (iv) OS Fedora 35 on LXD container [82]. To
fairly compare the simulations, two metrics are selected. The former takes into account the
number of events processed per second for each simulation, thus providing an insight related
to the scenario complexity. The latter considers the ratio between the simulated time and the
real time, thus further addressing the complexity of the designed missions. Moreover, Table
7.7 summarizes the total number of events, the time taken to simulate (Real Time), and the
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Ficure 7.21: Performance evaluation of the different simulated scenarios.

simulated time of each scenario. It is worth noting that all scenarios are constructed differ-
ently and hence are difficult to compare. However, some clear indications can be derived from
the following analysis. Indeed, Figure 7.21 shows that in the Scenario #1 the employment of
the Wi-Fi technology slows the number of events processed per second, which means that the
complexity is higher. On the contrary, the adoption of LTE (either mixed with Wi-Fi) reduces
the overall computational complexity. However, in the first case (Scenario #1) the speedup
is greater with respect to the second case (remaining scenarios): this is due to the fact that
the number of generated events is way lower. This is particularly evident in the Scenario #3,
where the simulation time and the number of GUs are the same, as shown in Table 7.7. Over-
all, even if the number of actors increases when drones relay are employed (LTE & Wi-Fi),
the lower number of events generated guarantees better performances.
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Conclusions and Future Works

UAVs are key enablers in many emerging verticals, thanks to their versatility in fulfilling sens-
ing, actuation, and communications tasks. At the same time, their resources are quite con-
strained so that sophisticated optimization approaches are required to prolong mission lifetime
and to allocate radio resources. This thesis investigates various scenarios in which drones are
in charge to acquire multimedia signals which are then transmitted to a remote network entity,
relying on cellular communication technologies. These missions, as discussed in Chapters 2,
3 and 4, are subject to different constraints related to kinematics, energy, memory, and radio
resources allocation. Starting from the reference system model, an optimization problem is
formulated to derive a mission plan able to successfully achieve the objective, which however
is often non-convex and hence challenging to solve. Therefore, convex approximations and
dedicated methodologies, such as BCD and SCA, are employed to cope with this issue.

Modularity, among others, is a fundamental feature characterizing drones, which can be
seen from software and hardware standpoints. The former has been studied in Chapter 1,
where a middleware solution has been proposed to boost the deployment of the IoD, with a
flexible software interface able to abstract mission plan from drone specifics and providing a
safe and unified control structure. The latter, instead, concerns the possibility to equip drones
with dedicated hardware, such as multi-spectral cameras or IRSs. These are metasurfaces able
to reflect incident electro-magnetic waves towards specific locations. A dedicated channel
model is required to characterize the capacity of the communication link, which has been
derived and analyzed in Chapters 5 and 6.

Scalability is the aspect that mostly hinders a wide spread of the IoD in civil applica-
tions. As a matter of fact, the large scale adoption should be evaluated after a prototyping
phase that can be time consuming and may require unfeasible costs. To tackle this problem,
simulators are an essential tool to facilitate the testing phase and state the readiness for real
world exploitation. At the same time, simulators can be a learning tool for young profession-
als, engineering students and researchers to improve their knowledge and explore scenarios
never considered before. On these bases, IoD-Sim, presented in Chapter 7, is a powerful tool
which can be used to evaluate the many facets of IoD scenarios, including trajectory design,
networking functionalities, mechanical characteristics, and data analytics.

Although a remarkable number of challenges brought by IoD remain disregarded, the
achieved results prompt the scientific community to conduct more studies in this field. In
particular, future research will

* Evaluate a real implementation of the DCL in different application scenarios, thus
demonstrating the huge advantages of such middleware solution.

* Investigate more sophisticated channel models along with the achievable performance,
considering all the environmental and system-related phenomena, such as Doppler ef-
fect which is often neglected.

* Investigate novel techniques and methodologies to perform the estimation of the CSI,
with particular attention to the efficiency and the computational complexity.



90 Conclusions and Future Works

* Assess future integrated Terrestrial/Non-Terrestrial (T/NT) networks where UAVs, air-
crafts, and Geostationary and non-Geostationary satellite integrate with terrestrial nodes
to provide ubiquitous and resilient wireless connectivity.

* Design and implement a dedicated module for IoD-Sim to assess novel scheduling
strategies when IRS-assisted UAV-aided communication systems are involved.

Clearly, the theoretical findings that will be derived following these research directions
require, after a simulation-driven validation, a real-word assessment. This implies the neces-
sity to assemble customized drones, which in turns means that mechatronic-related knowledge
and skills must be developed.

To conclude, it can be definitely asserted that drones are going to play a central role in the
next wireless communication technologies, and hence the way for the IoD integration in 6G
is already paved.
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