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In vain you strive, my father, for a realm and a kingdom,
so walk to Golgotha,
and climb with me,
that we might return the vagrant spirit to its first beginning.
What is it you seek you who are the master of our spirit,
O lord of the ever-shifting being?
O lord of the ember,
O lord of the flame,
How vast the revolution,
how narrow the journey,
how great the idea,

how small the state.
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Abstract

Drone base stations (DBSs) have emerged as promising components in next-generation
wireless networks due to their mobility, altitude flexibility, and rapid deployment capabilities.
These characteristics make drone base stations (DBSs) suitable for dynamic and cost-effective
coverage in diverse scenarios, including disaster recovery, temporary events, and underserved
regions. However, the deployment of DBSs introduces unique design challenges related to
three-dimensional (3D) placement, energy limitations, wireless backhaul provisioning, and
interference management.

This thesis presents a comprehensive framework for the design and optimization of DBS-
assisted wireless networks, focuing on aspects specific to the DBS deployment. First, the
thesis introduces the foundational concepts, regulatory considerations, and classifications of
unmanned aerial vehicles (UAVs) relevant to network integration. Then, a modular simulation
environment is developed to evaluate proposed algorithms under varied urban topologies, user
mobility models, energy harvesting mechanisms, and communication channel characteristics.

Five core contributions are made across fronthaul and backhaul dimensions. For fronthaul
optimization, novel DBS placement strategies are introduced for both known and unknown
ground nodes (GNs)’ locations using signal-to-interference-plus-noise ratio (SINR)-based
clustering and multi-agent reinforcement learning, respectively. A Monte Carlo tree search
(MCTS) algorithm is then developed for adaptive transmission power control, improving link
reliability and energy efficiency, and enabling cell deactivation. When considering backhaul
aspcet and discarding fronthaul optimization, the thesis proposes a visibility-graph-based
placement framework that incorporates solar energy harvesting and reconfigurable intelligent
surfaces (RISs) to ensure line of sight (LOS) connectivity between cells levaraging directive
channel technologies. Then, to jointly optimize both fronthaul and backhaul aspects, a joint
placement strategy is formulated using hierarchical clustering (HC) to satisfy simultaneous
fronthaul coverage and backhaul mesh connectivity. Finally, a genetic algorithm (GA) is
introduced to solve the drone network problem (DNP), optimizing the wireless mesh topo-
logy, formulated as a graph, under flow and degree constraints. Thus, the work provides a
comprehensive deployment framework that optimizes the fronthaul and backhaul metrics,
and is capable of adapting to network changes.

The proposed solutions demonstrate significant gains in energy efficiency, scalability,
and throughput. Together, they form intelligent Al-driven solutions for 3D DBS-assisted
networks.
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Streszczenie

Stacje bazowe na poktadzie dronéw (ang. drone base stations (DBSs)) moga by¢ obiecu-
jacymi elementami sieci radiowych nowej generacji dzigki swojej mobilnosci, elastycznosSci
w zakresie wysokosci operacyjnej oraz mozliwosci szybkiego wdrozenia. Cechy te sprawiaja,
ze DBSs sa odpowiednie do dynamicznego i oplacalnego zapewniania zasiegu w rézno-
rodnych scenariuszach, takich jak sytuacje kryzysowe, wydarzenia tymczasowe czy brak
statego pokrycia ustugami telekomunikacyjnymi (w tzw. regionach wykluczonych cyfrowo).
Jednak ich wdrazanie wiaze si¢ z unikalnymi wyzwaniami projektowymi, dotyczacymi roz-
mieszczenia w przestrzeni trojwymiarowej, ograniczen energetycznych, zapewnienia taczy
dosylowych oraz zarzadzania interferencja.

Niniejsza praca przedstawia kompleksowe podejscie do projektowania i optymaliza-
cji sieci z wykorzystaniem DBSs, koncentrujac si¢ na aspektach specyficznych dla ich
wdrozenia. W pierwszej kolejnosci oméwiono podstawowe pojecia oraz uwarunkowania
regulacyjne bezzalogowych statkéw powietrznych (dronéw) (ang. unmanned aerial vehicles
(UAV5)) istotne dla ich integracji z infrastruktura sieci telekomunikacyjnych z dostgpem
radiowym. Nastgpnie opracowano srodowisko symulacyjne umozliwiajace oceng propono-
wanych algorytméw w réznych topologiach miejskich, modelach mobilnosci uzytkownikéw,
mechanizmach pozyskiwania energii oraz charakterystykach kanaléw komunikacyjnych.

W pracy przedstawiono pig¢ gtéwnych osiagnig¢ naukowych autora, obejmujacych
aspekty taczy dostgpowych i dosytowych. W zakresie optymalizacji taczy dostgpowych
zaproponowano nowe strategie rozmieszczania DBSs dla przypadkéw znanych i nieznanych
lokalizacji weztow naziemnych (ang. ground nodes (GNs)), odpowiednio z wykorzystaniem
grupowania opartego na wartoSciach stosunku mocy sygnatu do interferencji (ang. signal-
to-interference-plus-noise ratio (SINR)) oraz wieloagentowego uczenia ze wzmocnieniem.
Nastgpnie opracowano zastosowanie algorytmu przeszukiwania drzewa wariantéw Monte
Carlo (ang. Monte Carlo tree search (MCTS)) do adaptacyjnego sterowania moca trans-
misji, poprawiajacy niezawodnos¢ taczy i efektywnos¢ energetyczng oraz umozliwiajacy
dezaktywacje komorek. Oprécz optymalizacji warstwy dostgpowej, zaproponowano technike
rozmieszczania DBSs oparta na grafach widocznosci, uwzgledniajaca pozyskiwanie ener-
gii stonecznej oraz zastosowanie inteligentnych matryc odbiciowych (ang. reconfigurable
intelligent surfaces (RISs)) w celu zapewnienia tacznoSci bezposredniej (w linii widzenia)
migdzy komérkami z wykorzystaniem technologii kierunkowych. W celu jednoczesnej opty-
malizacji warstw dostepowej i dosylowej sformutowano wspdlna strategi¢ rozmieszczania
weztow sieci opartg na algorytmie hierarchicznego grupowania (ang. hierarchical clustering

(HC)), zapewniajaca zaréwno zasigg dostgpowy, jak i siatke potaczen dosytowych. Na koniec
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wprowadzono algorytm genetyczny (ang. genetic algorithm (GA)) do rozwigzania problemu
optymalizacji topologii sieci dronowej (drone network problem (DNP)) zdefiniowanej w
formie grafu, przy uwzglednieniu ograniczen jego przeptywu i stopnia.

Proponowane metody wykazuja znaczace zyski pod wzglgdem efektywnosci energetycz-
nej, skalowalnos$ci oraz odpornosci na przeciazenia. Lacznie stanowia inteligentne, oparte na

artificial intelligence (Al) rozwiazania dla tr6jwymiarowych sieci wspieranych przez DBSs.
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action a is taken given state s

V7(s) State value function assuming policy & within the Q-learning framework

Iy Average solar irradiation in Wm™2
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Tatm Atmospheric solar transmittance
c Speed of light in ms™!

Gy (¢p,0p) Beamforming gain given azimuth and elevation angles of the beam.

s Log-normal shadowing sample added to path loss calculations.

G; Transmitter gain for V2X beamforming model.

G, Graph describing the set of geometric objects (obstacles) in an urban area

G, Graph containing all possible edges with clear line of sight (LOS) between any two
nodes in G,

Greek Symbols

Qy Drone weight in N

Pa Air density in kgm™>

w Elevation angle from GN to DBS in degree

n(u;6) Likelihood of sample # under the GMM with parameters 6

ft(li) (n) GN-specific SINR threshold at iteration (/) in the SINR-EM algorithm

n Average excessive loss of propagation group in dB

Omm Path loss exponent for mmWave channel

QRIS Path loss exponent for a RIS-based channel

4 Achieved energy efficiency in bit/J

®(¢t)  The total link reliability defined as the ratio of number of GNs achieving 'y, to total
number of GNs

®;(tr) The link reliability per DBS j defined as the ratio of number of GNs achieving I'y,
to total number of GNs associated to DBS j

lox)) GNs’s receiver noise power in W

Wopt Optimal elevation angle relating a DBS’s height to its maximum coverage radius in
a given environment

I'(j,n) Received SINR on the channel between GN n and DBS

' Minimum SINR threshold for service in linear scale

rd®  Minimum SINR threshold for service in dB

I'(n)  Vector containing SINR values measured by GN 7 from all DBSs in dB

wo FSO beam waist radius in m

w(d) FSO beam width in m

p(d)  FSO beam coherence length in m

K FSO channel weather-dependent attenuation coefficient in m™!

A1, A2 Parameters characterizing FSO GML due to angle variations

oF Noise power at FSO receiver in W

1ESO

Responsivity of FSO photo-detector
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Ao FSO optical wavelength in m

{Fso Parameter characterizing bounds on FSO GML loss

% Scaling constant for the Softmax function

Arcp  Poisson intensity of parents in a Thomas cluster process (TCP)

Au Poisson intensity of number of childs in TCP

{IE;) 4 Achieved energy efficiency of MCTS tree node at iteration i in bit/J

)] Desired link reliability defined as the ratio of number of GNs achieving [y, to total
number of GNs

i two-dimensional (2D) Xy coordinates of cluster center (mean)

a Environment-dependent variable for path loss calculation

B Environment-dependent variable for path loss calculation

A Discount factor of future rewards within the Q-learning approach

e Exploration probability of Q-learning approach

Yy Learning rate of the Q-learning approach

2z Covariance matrix of a multivariate distribution

o? Cluster variance value across each dimension

Qsolar  Solar altitude angle in degree

dsolar  Solar azimuth angle in degree

Ocloud  Uniform random variable characterizing solar attenuation caused by clouds

npv photovoltaic panels (PV) panel efficiency factor

Spy PV panel surface area in m?

YSE System average spectral efficiency in bits~! Hz™!

ay Ratio of built-up land area to the total land area

Bu Mean number of buildings per unti area

YU Scale parameter of Rayleigh distribution of building heights in m

©b Beamwidth azimuth angle for the beam covering vehicular users

0y Beamwidth elevation angle for the beam covering vehicular users

Ay Standard deviation of the log-normal distribution characterizing shadowing in vehic-
ular beamforming.

O Standard deviation of the log-normal distribution characterizing shadowing in vehic-
ular beamforming.

Awave  Wavelength of transmitted signal in m

Other Symbols

K Possible locations for DBS j

A Set of total DBSs available for deployment
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N (u, p;,%;) Probability of observing a sample at # given the multivariate normal distribution

L8

AER R
=

2
=

POllt

new
res

old
res

with mean y; and covariance matrix X;

Action space of an agent within a given Markov decision process (MDP)

State space of a given MDP

Set comprising terrestrial BSs and gateway nodes, both terrestrial and non-terrestrial
Set comprising the potential backhaul connections for the BSs in V
Comprehensive set comprising both M and 8

Set of DBSs

Set of GNs

Vehicular access probability according to the new model proposed in this thesis.
Access probability according to the old model presented in literature.

Outage probability for vehicles covered with a beam.

Probability of lacking sufficient bandwidth according to the novel model presented
in this thesis.

Probability of lacking sufficient bandwidth according to the old model presented in
literature.
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2D two-dimensional
3D three-dimensional
3G third generation
4G fourth generation
5G fifth generation
6G sixth generation

A2A air-to-air

Al artificial intelligence

ANN artificial neural network
AWGN additive white Gaussian noise

BSG beyond fifth generation
bps bits per second

BRS best root selection

BS base station

CAPEX capital expenditure
CDF cumulative distribution function

CL complete linkage method for agglomerative hierarchical clustering

D2D device-to-device communications

DBS drone base station

DBSCAN density-based spatial clustering of applications with noise data clustering algorithm
DDPG deep deterministic policy gradient algorithm

DL deep learning

DNP drone network problem

DQL deep Q-learning

DRS drone relay station

EASA European Union Aviation Safety Agency
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EE energy efficiency

EM expectation-maximization

FAA Federal Aviation Administration
FANET flying ad-hoc network

FDMA frequency-division multiple access
FSO free-space optics

FSPL free-space path loss

GA genetic algorithm

GIS geographic information system
GML geometric and misalignment losses
GMM Gaussian mixture model

GN ground node

GSC geometric set cover problem

HAP high altitude platform
HC hierarchical clustering
HPP Hamiltonian path problem

IOT internet of things
IP internet protocol

ITU International Telecommunication Union

k-means++ k-means clustering algorithm with k-means++ seeding

LAP low altitude platform
LOS line of sight

MBS terrestrial macro base station
MCTS Monte Carlo tree search

MDP Markov decision process

MILP mixed-integer linear program
MIMO multiple-input multiple-output

mmWave millimeter-wave

NLOS non-line of sight
NR New Radio

OFDMA orthogonal frequency-division multiple access
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OMM obstacle mobility model
OOP object-oriented programming
OPEX operational expenditure
OSM OpenStreetMap

PCP Poisson cluster process

PDF probability density function

PL path loss

PMF probability mass function

PPP Poisson point process

PSO particle swarm optimization algorithm

PV photovoltaic panels

QOS quality of service
QoS quality of service

RAN radio access network

RF radio frequency

RIS reconfigurable intelligent surface
RL reinforcement learning

RWP random waypoint mobility model

SC small cell

SINR signal-to-interference-plus-noise ratio

SINR-EM SINR-based expectation-maximization (EM) clustering approach
SNR signal-to-noise ratio

SWIPT simultaneous wireless information and power transfer

TCP Thomas cluster process
TDMA time-division multiple access

TP-MCTS transmission power Monte Carlo tree search

UAYV unmanned aerial vehicle
UCB upper confidence bound score
UE user equipment

UPGMC unweighted pair group method using centroids for agglomerative hierarchical

clustering
VLOS visual line of sight

WMN wireless mesh networks






Notations

The following list gives an overview of some specific notation used throughout this
manuscript. Boldface letters (M, m) are used for matrices or vectors, and regular letters for

scalars (a). Sets are represented by calligraphic uppercase letters (K).
(ai,...,ay) N-tuple

arg max The domain element that maximizes the function.
argmin The domain element that minimizes the function.
max{-} maximum value within a set

min{-} maximum value within a set

[] Ceiling function

L] Floor function

B Boolean binary domain {0, 1}

Ex[] Expectation over X

AT Transpose of matrix A

\'d Transpose of vector V

) element-wise multiplication of two vectors or matrices

-1l L2 norm of a vector

(k) Binomial coefficient for selecting n out of k elements.






Preface

Since the 2010s, unmanned aerial vehicles (UAVSs), also known as drones, have transitioned
from primarily military tools to widespread civilian use, continuously evolving and adapting
to commercial applications such as aerial photography, disaster response, delivery services,
infrastructure inspections, and, more recently, collecting sensing data and providing wireless
connectivity. Several factors have accelerated the widespread adoption of drones, including
advances in battery power efficiency, the development of solar panels to extend mission
durations, the introduction of flight automation and GPS navigation systems, and the design
of lightweight, high-resolution sensors and cameras that enable obstacle avoidance and
object tracking. Another key factor is the introduction of regulations by government bodies
governing the civilian use of UAVs [1].

The mobility of drones is what makes them attractive for many applications. In the
context of providing wireless connectivity, which is the topic of this work, drone mobility
presents unique advantages, such as the ability to dynamically adjust their positions based
on the distribution and traffic of ground nodes (GNs), thus establishing line of sight (LOS)
connectivity and improving spectral efficiency. Furthermore, drone base stations (DBSs)
operating at high altitudes can more easily establish directive LOS links with other aerial
and terrestrial cells due to the increased LOS probability. Another advantage is that a DBS
network enables quicker replacement and maintenance, as a drone can quickly return to a
maintenance center for repairs or battery replacement, minimizing downtime.

DBSs can also be deployed quickly and provide coverage over various types of terrain,
making them an appropriate solution for providing connectivity to search and rescue teams
and disaster-struck areas. Furthermore, in scenarios where a permanent infrastructure is
unnecessary, DBSs offer a cost-effective alternative to deploying fixed terrestrial base stations
(BSs). The expenses incurred by conventional cellular operators include the costs of acquiring
and constructing a site, referred to as capital expenditure (CAPEX), and recurring costs for
maintenance, personnel, and electricity, known as operational expenditure (OPEX). DBSs
deployment can significantly reduce both CAPEX and OPEX costs [2].
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Cellular networks have undergone significant transformations in performance and archi-
tecture since the 1980s, with each new generation driven by key technologies that introduce
new advantages, challenges, and design principles. Advancements in radio frequency (RF)
electronics enabled frequency-division multiple access (FDMA), while improvements in
clock precision and synchronization led to time-division multiple access (TDMA). The
development of coding, modulation, and digital signal processing techniques facilitated the
transition to third generation (3G) networks, which also introduced multiple-input multiple-
output (MIMO) techniques. These methods were further extended in fourth generation
(4G) networks, incorporating massive MIMO, orthogonal frequency-division multiple access
(OFDMA), and internet protocol (IP)-based networking to enhance spectral efficiency and
data throughput. Currently, fifth generation (5G) networks introduce beamforming and
millimeter-wave (mmWave) transmission, improving network capacity and reducing latency.
Looking ahead, beyond fifth generations (B5Gs) and sixth generations (6Gs) networks will
be driven by artificial intelligence (Al)-based network optimization and self-optimization,
energy-efficient communication leveraging ambient energy, and the integration of satellite
and UAVs into terrestrial networks [3]. The incorporation of these new technologies and
their impact on the architecture of future networks, especially considering the mobility of
DBSs, remain open questions. This thesis examines these challenges, focusing on the role of
DBSs in next-generation networks and their potential to reshape wireless communication
paradigms.

This thesis addresses the key challenges associated with the deployment of DBSs, focus-
ing on the aspects that are both fundamental and unique to their operation. First, the inherent
mobility of DBSs introduces additional degrees of freedom in the spatial domain, enabling
flexible placement across a broader range of 3D positions. This flexibility significantly
enhances the potential for optimized network configurations. Second, the elevated altitude of
DBSs allows them to bypass terrestrial obstacles, making them well-suited for long-range
backhaul technologies such as free-space optics (FSO) and mmWave, which can be used to
establish links with other DBSs and terrestrial terrestrial macro base stations (MBSs). Build-
ing on these capabilities, this thesis demonstrates that the combination of DBS mobility
and altitude with advanced Al-based optimization techniques enables the realization
of a highly ubiquitous and adaptable wireless system that ensures seamless coverage
across broad service areas while dynamically responding to the changing demands of
GN:s.

The main contributions of this thesis can be summarized as follows:

1. Chapter 1 provides a comprehensive characterization of DBS challenges and opportu-

nities. Specifically, UAVs are categorized based on various aspects such as altitude,
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size, range, and configuration, which helps identify their roles as DBSs. The chapter
also discusses regulatory and architectural challenges specific to DBS deployment.
Finally, it defines the research scope by focusing on DBS-specific challenges such
as 3D placement, energy limitations, and backhaul provisioning, while excluding
well-established MAC-layer problems.

2. Chapter 2 introduces the simulation models and scenarios used throughout the thesis.
It includes various GNs distribution and mobility models, urban topology modeling,
fronthaul and backhaul channel models, and energy consumption and harvesting
models. This chapter is a foundational reference for simulating diverse wireless
networks under different assumptions and deployment scales.

3. Chapter 3 proposes innovative fronthaul-aware placement strategies that optimize
DBS positions based solely on the GN-to-DBS channel performance. Two scenarios

are considered:

(a) Known GNs locations: A modified expectation-maximization (EM) clustering
algorithm is proposed using signal-to-interference-plus-noise ratio (SINR)-based

similarity metrics to ensure coverage and reduce interference.

(b) Unknown GNs locations: A model-free, multi-agent Q-learning algorithm is
developed for autonomous DBS placement based on historical SINR reports from

GNs, achieving improved energy efficiency, fairness, and interference mitigation.

The chapter then proceeds by introducing a novel model to calculate the access proba-
bility of vehicular users covered with a DBS using beamforming. This metric is used
in an mixed-integer linear program (MILP) formulation to determine the placement of

DBSs and their beams footprints, while minimizing the number of active DBSs.

4. Chapter 4 presents a novel algorithm for optimizing the transmission power settings of
DBSs, based on Monte Carlo Tree Search. This chapter shows that power optimization
can outperform height tuning regarding energy efficiency and link reliability. The pro-
posed method also supports dynamic DBS deactivation by assigning zero transmission

power to redundant nodes.

5. Chapter 5 focuses on new strategies for backhaul-aware drone placement. The problem
is formulated using visibility graphs to satisfy LOS constraints in urban environments.
The proposed placement framework is extended to account for solar energy harvesting
using on-board PV panels and to incorporate reconfigurable intelligent surfaces (RISs)

to improve connectivity in obstructed areas.
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6. Chapter 6 addresses the challenge of finding an innovative method of joint fronthaul-
backhaul placement. A modified hierarchical clustering (HC) algorithm is proposed
to simultaneously satisfy GN coverage under a minimum signal-to-noise ratio (SNR)
constraint and ensure backhaul connectivity through an Np-neighbors constraint. The
solution achieves this without increasing the number of required DBSs compared to

conventional methods.

7. Chapter 7 introduces a novel multi-hop wireless backhaul mesh design framework
for DBSs. The drone network problem (DNP) is formulated as a mixed-integer
linear program under flow and degree constraints. A tailored genetic algorithm (GA)
is proposed to solve this problem while maximizing redundant throughput. The
chapter concludes by integrating the placement with HC and backhaul design with GA
components into a unified adaptive framework that dynamically adjusts to network

changes.

In summary, this thesis provides a complete methodology for designing next-generation
airborne networks. The proposed system integrates Al-based placement, transmission power
control, energy harvesting, and mesh routing to address the unique challenges of DBS-assisted

3D wireless networks.
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Chapter 1
Introduction

This chapter introduces the foundational concepts of DBSs in wireless networks, highlighting
their classifications, regulatory constraints, and roles in enhancing network performance.
Various UAV types are listed based on altitude, size, configuration, and operational range,
followed by a discussion on current aviation regulations, particularly those relevant to
European deployment scenarios. The chapter then outlines the unique opportunities and
challenges of integrating DBSs into wireless systems, including spatial placement, energy
limitations, backhaul provisioning, and interference management. Finally, the research scope

and methodology adopted in this thesis are presented.

1.1 UAYV C(lassifications

UAVs can be classified according to various features that define their design and operational
characteristics. These classifications help identify a UAV’s suitability for specific applications
in wireless networks. Key criteria include operational altitude, aerodynamic configuration,
size, payload capacity, and mission range [2, 4]. Below, several commonly used classification

schemes are discussed. Fig. 1.1 summarizes major classifications.

Operational Altitude

Based on operational altitude, drones are categorized as either low altitude platforms (LAPSs)
or high altitude platforms (HAPs) [5, 2, 4]. LAPs operate at altitudes of up to 10 km. They
are generally more affordable and quicker to deploy, making them suitable for providing
coverage to small or localized areas. However, their typical flight duration is limited to

approximately 40 minutes, which restricts their use in long-term missions.
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1. LAPs (below 10 km)
2. HAPs (10-36 km altitude)

Operational altitude

1. Micro (<100 g) |
2. Very Small (<2 kg)

3. Small (<25 kg) Size (weight)—
4. Medium (<150 kg)

S. Large (>150 kg)

1. Close range (<30 km)
UAV __ Rang 2. Short range (<70 km)
Classifications 3. Medium range (<200 km)

4. Long range (>200 km)

Aerodynamic configuration

1. Fixed-wing

2. Rotary-wing

3. Hybrid

4. Lighter-than-air (balloon/ airship)

Figure 1.1 Categories of UAV's concerning operational altitude, size, range, and aerodynamic
configuration.

In contrast, HAPs operate in the stratosphere at up to 36 km altitudes. They can cover
much larger areas and offer extended flight durations of up to 100 days. Additionally, they
are capable of carrying heavier payloads. These advantages come at the expense of increased

deployment cost and system complexity.

Aerodynamic Configuration

UAVs can also be classified according to their aerodynamic configuration, which includes
fixed-wing, rotary-wing, hybrid platforms, and lighter-than-air systems such as balloons and
airships [4, 2]. Fixed-wing drones typically provide longer flight durations and lower power
consumption due to their efficient aerodynamics, but they cannot hover. On the other hand,
rotary-wing UAV's can remain stationary in the air and perform vertical take-off and landing
at the cost of higher energy consumption. Lighter-than-air platforms, which usually fall
under the HAP category, can support larger payloads and offer extended endurance, making

them suitable for high-altitude, long-duration missions.

Size

UAVs may also be classified by size, typically defined by their total weight, including the
heaviest possible payload. In [2], five size categories are proposed: Micro (<100 g), Very
Small (<2 kg), Small (<25 kg), Medium (<150 kg), and Large (>150 kg). Drones in the Micro
category are generally limited to carrying lightweight sensors for wireless data collection.
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Very Small drones may support basic communications equipment, such as a cellular user
equipment (UE), while Small and Medium UAVs can accommodate lightweight airborne
BSs. Large UAVs are generally used for complex or military applications that require high
endurance and heavy payload support.

Alternatively, the European Union Aviation Safety Agency (EASA) categorizes drones

under the "open’ (i.e., low risk) category into four different weight categories [6]:
1. CO: under 250 g
2. C1: under 900 g
3. C2: under 4 kg

4. C3 and C4: under 25 kg

Range

Range, defined as the maximum controllable distance from a ground station or controller,
can also serve as a classification criterion. It can vary from tens of meters to several hundred
kilometers, depending on the communication technology and platform design. In the case of
HAPs connected via satellite links, the range becomes virtually unlimited [5]. In [7], UAVs
are categorized into four range classes: close range (<30 km), short range (<70 km), medium
range (<200 km), and long range (>200 km).

Payload

The payload capacity of a UAV is another key classification parameter. Commercial UAVs
can carry payloads ranging from just a few kilograms in compact models to as much as 500
kg in larger airship-based platforms [4]. Payload capacity influences the range of onboard

equipment deployed, such as sensors, communication relays, or edge computing servers.

1.2 Regulations

As with any emerging technology, regulations play a crucial role in guiding both the develop-
ment and deployment of UAVs. Governmental agencies have introduced rules categorized
according to different use cases, addressing privacy, public safety, security, and collision
avoidance concerns. In Europe, the authority responsible for regulating UAV operations
is the EASA. In 2019, two key regulations—2019/947 and 2019/945—were introduced to

define the rules and procedures for UAV operations [8]. These rules follow a risk-based
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approach, focusing not on the drone’s purpose (leisure or commercial), but on its technical
characteristics and the nature of the operation.

Three risk-based operational categories are defined:

1. Open category: For low-risk operations that do not require prior authorization and are
conducted within visual line of sight (VLOS). Drones in this category must weigh less
than 25 kg and avoid flying over assemblies of people. Strict limitations on altitude and
proximity to people apply. DBSs that comply with these constraints may be operated
under this category.

2. Specific category: For medium-risk operations that require prior authorization. These
typically involve flights beyond VLOS, operations over populated areas, or drones
exceeding 25 kg in weight. This category is particularly relevant for DBSs intended

for broader coverage or operation in urban environments.

3. Certified category: The highest-risk category, intended for operations similar to
manned aviation. It includes carriage of passengers or dangerous goods and requires

certification of the UAV, the operator, and possibly the remote pilot.

To operate DBSs, which will typically fall under the specific category, operators must
submit a comprehensive concept of operations (ConOps) and a detailed risk assessment. Other
regulatory considerations include the maximum take-off mass (MTOM), communication
systems, and control redundancy.

Altitude limitations are also significant for this thesis, as altitude is a critical factor in
DBS placement for optimizing network performance. Most UAV operations are limited to a
maximum altitude of 120 meters. Exceptions include operations near or above structures
taller than 105 meters, where drones may fly up to 15 meters above the structure, and
authorized missions under the specific category, which may allow flight up to 150 meters,
subject to certain conditions. Operations at even higher altitudes require further authorization

and coordination with local aviation authorities.

1.3 The Role of Drones in Wireless Connectivity

The deployment of DBSs has been extensively studied in recent years [5, 9, 1, 10, 11, 2], and
a wide spectrum of use cases has been identified. Drones offer a wide range of use cases in
the future network. They provide connectivity to GNs, act as relays between cells (including
terrestrial and non-terrestrial stations) and/or other cells or GNs. They can also relay

data between GNs in device-to-device communications (D2D) communications. Another
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popular application that has emerged is their function as data collectors for supporting sensor
networks, increasing the energy efficiency of these networks by designing flight trajectories
that bring UAVs close to sensors during collection. They can also be used as caching
servers to improve the efficiency of networks. Finally, they are also considered mobile edge
computing servers deployed for offloading computational load from devices. In this thesis,
drones are considered as BSs providing connectivity to GNs (Chapters 3, 4, 6) or as relay

nodes transmitting backhaul data between cells (Chapters 5, 6, 7).

1.4 Challenges in Deploying DBS

DBSs can be deployed as standalone providers of connectivity for GNs, or in a heterogeneous
manner as cells integrated in a larger network comprised of satellite nodes and terrestrial BSs
[5]. Each node type offers distinct advantages and disadvantages. While a satellite station
is characterized by ubiquitous connectivity, it also introduces high latency and low data
rates. Terrestrial BSs on the other hand provide greater rates and low delay, but are limited
in terms of coverage and susceptible to disruption by natural disasters. DBSs, with their
flexibility and ease of deployment, can be deployed as a cost-effective solution to provide
LOS coverage and dynamically adapt their locations according to the needs on the ground.
Compared to satellite BSs, they provide a more cost-effective solution and reduced latency.
However, a UAV is limited by its energy and is vulnerable to extreme weather conditions.
Also, DBSs networks are affected by increased interference, and, so far, they suffer from
stringent regulatory and safety issues.

The problem of DBSs deployment presents its own unique challenges to the problem of
wireless system design in addition to the typical challenges faced with terrestrial networks.

Specifically, when deploying DBSs we have to take into account the following factors.

Placement (space)

The implications that DBSs present to the performance and optimization of wireless networks
in the space dimension due to their mobility are the most defining and unique factor of DBS-
assisted networks. This mobility enables dynamic adjustments in network topology where
DBSs are strategically repositioned to improve the network’s performance. Nevertheless,
this presents new factors that should be considered when designing such wireless networks

[12]. Deciding the placement of DBSs should consider the following aspects:
* Avoiding collision with obstacles and other DBSs.

* Reducing interference to other nodes.
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Minimizing path-loss to served GNs.
Proximity to backhaul gateway nodes.
Proximity to base or charging stations.

Energy-related factors such as recharging strategies, reducing aerodynamic and trans-
mission energy consumption, proximity to energy harvesting locations, and maximizing

the energy gained from different sources.

Reducing the total number of DBSs deployed, reflecting on the system’s energy

efficiency and cost effectiveness.

Adhering to local regulations.

Backhaul

DBSs are typically limited to wireless backhaul mechanisms. In comparison to their terrestrial

counterparts, and due to their altitude, DBSs can leverage directive propagation schemes such

as FSO and mmWave that offer higher data rates, less interference, and longer transmission

range when compared to Wi-Fi and cellular networks that operate on lower frequencies.
Nevertheless, the design of DBSs’ backhaul should address the following challenges [13]:

Ensuring adequate capacity to handle the data rates of GNs and control signalling of

the system.
Minimizing latency to improve real-time data transmission.

Maintaining reliable transmission and robustness against failures, including re-
establishing connectivity paths in the event of node failure and adapting to varying

weather conditions.

Managing interference either by frequency planning or using directed signal propaga-

tion.

Achieving scalability to accommodate larger networks or traffic efficiently.
Optimizing energy consumption.

Securing backhaul links.

Ensuring cost-effectiveness.

Compliance with regulations such as those related to spectrum usage.
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UAV energy

Energy management is critical in designing solutions involving UAVs due to their limited

battery life and the need for prolonged operational periods. When possible, efficient energy

replenishment techniques are essential to enhance UAV endurance, allowing for longer flight

times and expanded mission capabilities. Here are six potential charging techniques for

UAVs, each with its own set of advantages and limitations [14]:

1.

Battery Swapping: This technique involves replacing a depleted battery with a fully
charged one. While it allows for rapid replenishment and minimal downtime, it requires
precise alignment and mechanical systems for battery handling, which can be complex
and costly [15].

. Ground-based Charging Stations: These stations allow UAVs to land and charge via

direct electrical connections. This method is reliable, but limits the UAVs’ range to the

proximity of available charging stations..

. Laser Beam Charging: UAVs can be charged by lasers directed from the ground,

which convert light to electricity using photovoltaic cells. This method can charge
UAVs over long distances but poses safety risks and requires clear line-of-sight between
the UAV and the laser source [16]

. Transmission Line Charging: This innovative approach involves UAVs drawing

power directly from electrical transmission lines, either by landing on them or hovering
close. It taps into the electromagnetic fields around power lines, but it is technically
challenging and poses significant safety risks. [17, 18]

. Wireless Charging:

* Inductive Power Transfer (IPT): Utilizes electromagnetic fields generated by
coils to transfer energy. It is efficient at short ranges, but its efficiency drops
significantly with distance [19, 20].

* Resonant Capacitive Wireless Power Transfer (RCWPT): Enhances capacitive
coupling through resonance, allowing for more efficient power transfer over

longer distances than IPT and with less sensitivity to alignment.

. Solar Panels on UAVs: Direct integration of photovoltaic panels (PV) panels on UAVs

can harness solar energy during flight, providing a continuous charge. This method
depends heavily on weather conditions and typically cannot fully power a UAV but
can significantly extend flight times [21-23].
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7. Wind Power Harvesting: UAVs can harvest wind energy through techniques such
as dynamic soaring or gust energy extraction, where they exploit wind gradients
or turbulence to gain kinetic energy. While still an emerging area, these methods
can potentially reduce propulsion energy consumption and extend endurance without
adding significant onboard hardware [24].

In this thesis, option 6. that involves PV panels is considered, as it introduces an
interesting placement problem in an urban scenario that is different from the problems posed
by other techniques, which usually involve similar trajectory planning approaches [14]. A
study is performed on the gain introduced by installing PV panels on top of drone relay

stations (DRSs) in terms of prolonging their service life.

Load balancing

Ensuring a uniform distribution of load across the network to prevent specific nodes from
being overloaded is a critical aspect of any wireless system design [25]. Such a distribution
maximizes the utilization of network resources, thus increasing the system’s efficiency. It

also reduces the implications of excessive demand, such as call dropping and latency.

Transmission power control

Controlling the transmission power of cells in a cellular network is crucial for optimizing
network performance. In addition to its role in load balancing, the management of transmis-
sion power helps to ensure Quality of Service (QoS), minimize interference, and maximize

energy efficiency.

Mobility handling

Efficiently managing the mobility of GNs and their handovers is crucial for achieving
seamless service continuity and supporting services such as autonomous driving and massive
IoT deployments.

Integration with terrestrial networks

In the cases where DBSs are deployed contiguously with terrestrial stations, it is important
to coordinate the different aspects mentioned previously while considering the terrestrial BSs
and controlling their parameters (e.g., power, frequency-time allocation, etc.) as well. This is

important to maximize network performance without causing disruption by deploying DBSs.
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Frequency-time resource allocation

The critical role of effective frequency-time resource allocation in modern cellular networks
is well-documented and widely recognized as fundamental to their design and operational
efficiency [26]. The process involves strategically scheduling and distributing frequency
bands and time slots to optimize network performance, enhance service quality, and support
high-demand applications. While the allocation of resource blocks to GNs within cellular
networks has been extensively explored and is highly developed, it remains outside the focus

of this thesis, which centers on other DBS-related aspects of network optimization.

1.5 Research Framework and Methodology

1.5.1 Scope

In this thesis, the first five optimization aspects discussed above are considered (i.e., place-
ment, backhaul, energy, load balancing, and transmission power control). It is assumed
that issues related to frequency-time resource allocation and mobility have been sufficiently
researched and optimized within the literature on terrestrial networks. The principles and
techniques developed can be adapted for DBS network management. This assumption allows
us to focus DBS-specific research on addressing novel challenges. This approach also in-
cludes neglecting aspects related to integrating DBSss’ fronthaul radio access network (RAN)
access with terrestrial nodes, under the assumption that a DBS will serve only a subset of
GNs within the coverage area of terrestrial nodes, determined by frequency-time scheduling
mechanisms (i.e., GNs are divided into terrestrial and non-terrestrial subsets with different
frequency bands or time slots) or spatial user splitting.

1.5.2 Methodology

To evaluate the proposed algorithms and system design, the author developed a simulation
framework capable of emulating various wireless network scenarios. The simulators were
designed to support configurable parameters for different network types, deployment envi-
ronments (urban, suburban, rural), system scales (from local to wide-area coverage), and
mobility models (including static, clustered, and dynamic GN distributions). It also emulates
different system requirements such as minimum coverage thresholds, backhaul reliability
constraints, per-user throughput needs, energy consumption of drones, and energy harvesting
through solar panels.
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The simulation framework operates primarily in the spatial domain, optimizing the 3D
placement of DBSs while assuming full-buffer traffic conditions. Time and frequency-domain
aspects, including scheduling, interference coordination, and channel reuse, are abstracted
away and left to MAC-layer schedulers in future work. This spatial abstraction enables an
analysis focused on DBS-specific factors such as placement, coverage, and connectivity
under steady-state demand.

By documenting all simulation assumptions and systematically varying parameters, a
comprehensive methodology is provided that can be extended to simulate and test future
wireless networks with diverse technologies, user behaviors, and deployment strategies.



Chapter 2

System Model

This chapter introduces the models and assumptions underlying the problems explored in
the following chapters. It begins with an overview of user distribution and mobility models
that simulate the network environment and evaluate the proposed solutions. Then, the author
explains how the model of an urban area topology is obtained, upon which algorithms
may depend. Subsequently, the channel models for both fronthaul and backhaul layers are
introduced. Finally, in some cases, an energy consumption model for the DBS is needed,
which is presented in the subsequent section. Furthermore, the model for energy harvesting
through PV panels, which is leveraged in one of the solutions, is presented next.

In the system model, the set of DBSs, denoted by M, consists of M elements. The posi-
tion of each DBS, j, where j belongs to the set {1,2,..., M}, is specified by its coordinates
mj=|[x;,yjh j]T € R3. The GNs are represented by a total count of U, forming the set U.
The location of GN n, within the set {1,2,...,U} and assumed to be at ground level, is given
by u,, = [x4,yn]T € R3. Furthermore, the set B encompasses B additional stations that do not
qualify as DBSs. These include terrestrial MBSs, which may offer fronthaul connectivity
to GNs as well as backhaul connections within the network, alongside other aerial or space
entities functioning as backhaul gateways for the DBSs. In this context, the analysis primarily
focuses on MBSs, defined by their locations by = [xx, y, hx]” € R3, where k extends from 1
to B.

The three-dimensional (3D) Euclidean distance between points indexed by j and n is

given as

d(j.n) = \Jd2y(7.n) + (hj = h)2, @.1)

where

da(.n) = (5 = 1)+ (3 = y0)? 22)
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represents the 2D distance on the ground plane. These formulas calculate distances between
various pairs of points, such as two GNs, two BSs, or a GN and a BS. The context will
determine the specific type of pair under consideration.

Note that in the formulas presented above and hereafter, the time variable 7 is not explicitly
shown. However, it is assumed that each variable also depends on ¢ as its value changes with

time. In certain cases, ¢ will be explicitly highlighted for clarity.

2.1 User Distribution and Mobility Models

The simulated networks are classified according to the considered coverage area into two
categories:

1. large scale networks where drones and balloons or other high-altitude platforms (HAPs)
are deployed over large swathes of land to provide connectivity throughout entire cities.

In general, in such cases, UAVs are deployed at high altitudes and with low density.

2. small-scale networks in which drones cover a small region with few users. Here, a

denser deployment of drones is modeled at a lower altitude to mitigate interference.

Note that the two types of network can overlap and connect, and in both cases, the network
will also be connected to other terrestrial or space base stations to provide connectivity to
the core network, thus forming a 3D network [27]. These deployments are illustrated in
Figure 2.1 together with the different backhaul schemes that can be utilized to interconnect
DBSs with each other and with other network elements.

In the case of large-scale networks, in addition to serving GNs that can be moving, a
DBS may also provide connectivity to both terrestrial MBSs and SBSs in cases where an
alternative backhaul path to these nodes does not exist (e.g., due to a disaster). On the other
hand, it is assumed that DBSs are directly serving GNs in case of small-scale deployments.

As expected, the distribution of users in each case is very different. It is safe to assume
that across a large area and when UAVs are flying at a high altitude, different GNs such as
vehicles, pedestrians, or TBSs have a static deployment since, even though some GNs may be
moving, their relative speed and location differences are less emphasized, and to handle this
mobility, a network recomputation based on a new distribution snapshot can be performed.
Furthermore, the distribution of users in such cases resembles that of cluster processes where
GNs are grouped in clusters around TBSs’ locations, as observed in real environments [28].

On the other hand, when DBSs are deployed at a low altitude, GNs’ movement has a
more pronounced effect on the link distance and therefore its gain, and their distribution is

more uniform than in the previous scenario.
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Figure 2.1 Illustration of diverse UAV-based 3D network configurations for B5G and 6G
wireless communication. Low-altitude DBSs facilitate dense network deployments in urban
settings to enhance spectrum reuse and LOS connectivity. High-altitude platforms, such as
balloons, extend coverage across vast areas. Backhaul solutions include inter-UAV links and
connections to terrestrial base stations or satellites, utilizing FSO, cmWave, and mmWave
technologies for robust wireless communication.
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The following subsections introduce the user distribution and mobility used in different

parts of the thesis.

2.1.1 Static users

When the GNs are not moving, one of the following two distribution models is used.

Uniform distribution of static users

This is the simplest approach in which a given number of users, U, are distributed uniformly
throughout the area, which does not resemble a realistic network topology. A similarly
simple approach is to model GNs with a Poisson point process (PPP), which still does not

reflect real scenarios where users are usually clustered [29].

Clustered distribution of static users [30]

In real-life scenarios, user presence and movement are shaped by physical characteristics
(parks, buildings, etc.) and social factors (events, attractions, work locations, etc.), making a
more accurate representation of their locations possible through different cluster processes.
The Thomas cluster process (TCP), which is a type of Poisson cluster process (PCP), as
detailed in [28, 30], is one such model. Here, cluster centers are placed according to a PPP
across the area with intensity Atcp. GNs are then distributed around the center of cluster i
according to a normal distribution with mean y; € R?, corresponding to the location of the
cluster center and variance O'iz € R in each dimension. The probability of a sample location
is obtained using the multivariate Gaussian probability density function (PDF) as

1
N(u,p;, X)) = exp(_i(u_ﬂi)TZi_l(u_ﬂi))’ (2.3)

1
V(2m)? ||

. . g . . .
where u € R? is the RV for the GN location, and X; = Ol is the covariance matrix.

o
The procedure for generating GN location data in an area of A square meters is outlined

below, with Figure 2.2 providing a visual representation of a GN distribution generated
through the TCP method.

1. Generate Ntcp = AAtcp cluster locations.

2. For each cluster, generate a random number of users according to a Poisson distribution
with intensity Ay.



2.1 User Distribution and Mobility 17

3. For each child (GN) in a cluster, generate their location based on (2.3).

GN
10000

8000 -

6000

y [km]

4000 1

2000 A

0 2000 4000 6000 8000 10000
x [km]

Figure 2.2 Example of GNs generated according to a TCP in an area of A = 10x 10 km,
with Atcp = 107%, Ay = 50, and 0'1.2 = 200 for all clusters. This approach yields more realistic
results than a uniform distribution of GNs.

2.1.2 Moving users - mobility models

In simulations where GNs are moving, one of the two following models is used. The first
one, random waypoint mobility model (RWP), is used when there is no information about the
topology of buildings in the simulation area; otherwise, the second model, obstacle mobility
model (OMM), is used when the buildings’ edges are defined.

Random Waypoint (RWP) Model [31]

One of the simplest and oldest approaches to simulate user movement is the RWP method
[32], where

1. each GN selects a random destination to move to at a randomly selected speed.
2. When reaching its destination, the GN may pause for a randomly selected duration,
3. and then selects a new destination, thus repeating the cycle.

Although this model effectively introduces dynamicity into the network topology for simula-
tion, a further improvement can be made by introducing dependency between movements of
different clusters of GNs, which is achieved by the RWP model [31]. In this model, groups
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of GNs are simulated in which each user stays in proximity to its group center throughout the
simulation. The group center location varies along with the movement of its leader, which is
a GN that can be simulated according to the standard RWP approach. The group members’
locations are first initialized around the leaders at the starting time step. Then, to preserve

their proximity, they move in the following manner:

1. When a leader selects a new destination, the path towards that endpoint is divided into

checkpoints.

2. For each group member, the next destination is selected as a random location within a
certain radius of the next checkpoint, thus introducing randomness in both directions

and velocities of members.

This simple approach can approximate different realistic scenarios where users move in
groups such as large-scale disaster recovery with different responder groups working together,
events with groups of attendants, battlefield with battalions moving together, etc.

Despite its wide usage, the RWP (and the RWP) are rather unrealistic for several reasons.
One well-documented issue is the phenomenon known as the speed decay problem where
GNs average velocities decrease as they converge towards the center of the simulation area,
thus affecting the simulation results in a non-realistic way with larger node density near
the center. Other shortcomings include sharp turning near boundaries and sudden stopping
of nodes that are different from actual patterns of users. In real life, mobility patterns
involve predictable patterns that align with specific paths within a particular geographic area.
To overcome these issues, when the topology of the building environment is known, the

following mobility model is used.

Obstacle Mobility Model (OMM) ([33]

With advancements in geographic information system (GIS) and the availability of open-
source platforms like OpenStreetMap (OSM) [34], obtaining detailed topologies of urban
areas, including building structures and various obstacles, has become significantly easier
than in the past. This accessibility allows for more accurate and comprehensive modeling of
urban environments, enhancing simulations in network planning, urban development, and
emergency response scenarios. The detailed data from OSM, for instance, provides a rich
source of information on urban layouts, buildings’ shapes, sizes, and locations, facilitating
more realistic and effective planning and analysis. Building on the understanding that people
usually follow certain paths that depend on surrounding obstacles within an environment,

such as pathways in campuses or streets in cities, the authors in [33] introduced an approach
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where GNs movement lanes are extracted from the geometric description of surrounding
obstacles.

The lanes are derived from a Voronoi diagram created using building corners as vertices.
This diagram segments the plane into regions, or Voronoi cells, ensuring that each point
within a region is nearest to its corresponding vertex. These boundary lines, equidistant
from adjacent building corners, represent user movement pathways, mirroring the realistic
behavior of navigating mid-way between buildings. Figure 2.3 shows an example of such
paths generated for the Madrid grid simulation environment [35], which is used in different
parts of this thesis.
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Figure 2.3 GN movement paths in the Madrid grid simulation environment [35], derived
from a Voronoi diagram of building corners, as per the OMM model [33].

After obtaining the paths that are defined with their respective edges and vertices, GNs
locations are selected randomly from the locations of the Voronoi graph vertices. Subse-
quently,

1. Each GN randomly selects another vertex in the graph as the next destination to travel
to, and,

2. through employing Dijkstra’s shortest path algorithm, the path for reaching a destina-
tion is determined.

3. GNs traverse their paths with different speeds until reaching their destination.

4. Then, upon reaching its destination, each GN pauses for a random duration before
repeating the cycle.
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The authors show by simulations that this mobility model generates more realistic results

than, e.g., the RWP model, which modifies the network’s performance substantially.

2.2 Fronthaul Channel Modeling

In the study of UAV-GN wireless communication channels, the literature presents a wealth
of models that cater to various environments, ranging from urban to rural settings [36, 37].
These models may include phenomena that influence signal behavior in distinct manners, in
addition to the fundamental aspect of the mean PL, which encapsulates the average signal
attenuation experienced over distance. However, this metric does not factor in the rapid
signal intensity variations known as fading.

Small-scale fading arises primarily due to multipath propagation, where the signal
traverses multiple paths before reaching the receiver. The converging signals, each with
unique phases and amplitudes, can amplify or cancel each other out based on their phase
alignments. This phenomenon can manifest uniformly across the channel’s bandwidth or
vary, leading to frequency-selective fading. Additionally, models may account for variations
related to shadowing, where obstacles obstruct the signal’s path, and Doppler spread, a fading
type induced by the relative motion between the transmitter and receiver or the movement of
surrounding objects, which may even cause frequency shifts.

In this thesis, the focus narrows to the mean path loss (PL) in most cases, setting
aside the variable nature of fading phenomena and only including its average behavior.
This simplified approach is sufficient for the exploration, design, and evaluation of DBSs
deployment strategies. By prioritizing the optimization of average received power across
the space domain, along with interference in some cases, the author aims for an overall
enhancement in network performance. The complexities of fading related to multipath
propagation and Doppler spread are delegated to network management and optimization
processes. Specifically, the scheduling algorithms in modern networks are designed to
allocate time-frequency resources dynamically. Through intelligent scheduling, the network
can effectively mitigate the adverse impacts of fading, ensuring reliable communication even
in the face of these challenging conditions. This deliberate separation allows for a more
focused analysis on spatial deployment strategies, under the assumption that the network’s

scheduling mechanisms adeptly manage temporal and frequency domain challenges.
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2.2.1 DBS-GN channel model

To model the DBS-GN channel, the widely used simplified PL model introduced in [38]
is used in this thesis. The authors of this model account for additional losses—such as
shadowing and scattering beyond free-space loss—by averaging these effects into a single
parameter, denoted by . The model differentiates between LOS and non-line of sight
(NLOS) propagation conditions. For a DBS j and GN n, the probability of each condition is

derived as follows: .

l+aexp(-B(w-a))’

Prios(j,n) = (2.4)
where @ and S are environmental constants and w = arctan (#;n)) represents the elevation
angle to the DBS. The free-space path loss (FSPL) in dB is given by:

(2.5)

FSPL = 2010g(w),

c

where f, is the carrier frequency and c is the speed of light. By adopting fixed additional
losses nos and 7nros for LOS and NLOS conditions, respectively, the expected PL value is:

L'%®1(j,n) = FSPL+Prios (/. n)nLos + (1 = PrLos (/. 7)) nNLos. (2.6)
Also, the transmission powers of deployed DBSs are represented by
P=[Pr(l),....,Pr(M)], 2.7

and that the receiver’s noise power is given by o2, which is also the variance of the additive
white Gaussian noise (AWGN). In many cases, and in accordance with with the intention
to isolate the framework from frequency-time allocations, the author assumes that each GN
n is assigned a bandwidth of B,, = By in Hertz. This enables understanding the behavior of
algorithms under equal conditions for all users and focusing on their performance. Therefore,
given the total bandwidth of a DBS, Bp, the power received by GN 7 from the tranmission
of DBS j can be calculated as
_L[4B] (j )
B, Pr(j)10~ ™

Pr(j,n) = B, . (2.8)

Then, the SNR value at the downlink side is obtained as

SNR(j.n) = LR, 2.9)
0
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and the SINR value is ]
Pr(j,n)

2 . vM .
0o+ 2izj Priin)

T'(j,n) = (2.10)

As a result, assuming an allocated bandwidth of B,,, the throughput in bits per second (bps)
can be obtained by using the theoretical capacity limit provided by Shannon’s formula as

R(j,n) =B, log,(1+T(j,n)). 2.11)

In the works presented below, a max-SINR association scheme is employed between
GNs and DBSs which is mapped by the binary variable W(j,n) € B defined as

1 if j =argmax I'(j’,n)
W(j,n)= J (2.12)
0 otherwise.

Additionally, the author assumes a minimum SINR threshold, I'y,, that each GN must
achieve to be considered served (i.e., not in an outage state). Consequently, at each time
instance, the number of GNs served by a DBS j is

U
Nj= > W(j.m)Hy (T(j.n)~Tw), (2.13)
n=1

where Hy(x) is the Heaviside step function. Similarly, the total number of served users is

given by

M
N=)N;. (2.14)
J=1

Environment Variables o and

Referencing [38], the clear LOS path probability in (2.4) is inspired by the International
Telecommunication Union (ITU) method for calculating geometrical LOS probability be-
tween terrestrial transceivers as detailed in [39]. The method utilizes geometrical parameters

of urban structures and requires three inputs:
1. ay: the proportion of the built-up area to the total area,
2. By: the average number of buildings per square kilometer,

3. yy: a scale factor defining building heights, modeled by a Rayleigh distribution
fr(H) = Lexp (-%) where H is the height.
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With these parameters defined by the urban environment’s geometry, @ and § are calculated

using the surface polynomial fitting described by equation ([38, Eq. (6)])

3
z= Z Cij(auBu)'yi, (2.15)

~
i
(e}
i
S

where the coefficients for @ and S can be found in Tables 2.1 and 2.2.
Therefore, whenever an urban environment is simulated with a known geometrical

description of the buildings, then the model parameters can be adapted as explained above.

Table 2.1 Surface Polynomial Coefficients for «

Cij i=0 i=1 i=2 i=3
j=01]934x10""  23x107"T -2.25x107° 1.86x107°
j=11]197x1072 2.44x1073 6.58x107° -
j=21-1.24x107* -3.34x107° - -
j=31 273x1077 - - -

Table 2.2 Surface Polynomial Coefficients for 8

G i=0 i=1 i=2 i=3
j=0 1.17 -7.56x1072  1.98x1073 -1.78x107>
j=11-579%x10"3 1.81x107* -1.65x107° -
j=2| 1.73x107°  -2.02x1077 - -
j=3| -2x1078 - - -

System’s Energy Efficiency (EE)

The energy efficiency (EE), measured in bits per joule, is defined below according to [40].
This metric considers the throughput achievable by GNs, which depends on the received
SINR, characterized by the signal power from the serving DBSs and interfering DBSs.
Assuming that each GN is assinged a uniform bandwidth of B,,, and after obtaining the rates

achieved by GNs using (2.11) under a max-SINR association scheme, the EE is computed as

_ Riotal
- ’
P total

4 (2.16)

where Ry 1S the total throughput achieved by all GNs calculated using (see (2.11) and
(2.12))

M U
Row =), Y W(i,mR(j,n), (2.17)

j=1 n=1
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and Py represents the total transmission power expended by the DBSs, given by

M
Pow =) Pr(j). (2.18)
j=1

2.3 Backhaul Channel Modeling

Backhaul connections link cell sites to the main network and can use various technologies,
including microwave, mmWave, FSO, and fiber optic cables. Microwave is a popular choice
due to its low cost and moderate range, but it’s not suitable for DBSs due to its limited range.
Fiber cables, while offering high speeds and reliability, are impractical for DBSs because
they restrict the mobility of drones.

For DBSs, the focus is on mmWave and FSO technologies in this thesis. mmWave
communication provides very high data rates, essential in densely populated urban areas
with high demand. However, its effective range is short and can be affected by atmospheric
conditions like rain or fog.

FSO technology uses light to transmit data through the air, offering extremely high data
rates similar to fiber optics but without the physical constraints. FSO is not affected by
radio frequency interference, making it highly secure and reliable, although it is sensitive to
weather conditions such as fog and rain, which can disrupt the light signals.

Both mmWave and FSO technologies benefit from using directional communication,
which not only enhances the efficiency of the data transfer but also increases security. The
direct beams make it difficult for unintended receivers to intercept the signal, providing an
added layer of security for the transmitted data. Furthermore, these two technologies can be
combined to build a robust hybrid backhaul scheme which avoids the weather issues since
each technology is affected by different conditions [13, 41]. By focusing on these wireless
technologies, DBSs can maintain their mobility and adaptability, crucial for extending
network coverage effectively.

Below, the channel models used for simulating each technology are presented. Note that

a backhaul connection can be established between any two nodes from the composite set
(VZBUMZ{Bl,...,BB,Ml,..,MM} (2.19)

which contains a total of B+ M elements. Moreover, the distance in meters for the link
between BSs i and / (with indices i,/ € {1,...,B+M}) is denoted as d(i,1).
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2.3.1 mmWave Channel Modeling

To model the mmWave channel between those BSs assuming clear LOS, a model similar to
FSPL is used, which calculates the PL in dB as

LB (i 1) = FSPLg, + 10@mm - log,o (d(i, 1)) , (2.20)

where FSPL, is the free-space PL at distance dp =5 m and @y, is the PL exponent which is
taken to be equal to 2.13 for 38 GHz transmissions [42].

2.3.2 FSO Channel Modeling

The author leverages the model presented in [43], in which the FSO channel gain is given by

hrso = nesohphahy, (2.21)

where 17rso 1s the photo-detector responsivity and 4, h,, and h, are the atmospheric loss,
atmospheric turbulence induced fading, and geometric and misalignment losses (GML),

respectively. The atmospheric loss, £, can be expressed as
g
h, =107, (2.22)

where BS indices are omitted in equations (2.22)-(2.26) for simplicity. The coefficient «
[m~!] represents a weather-dependent attenuation coefficient, accounting for various weather
conditions, including clear air and varying fog intensities. Concerning the atmospheric turbu-
lence, h,, which is induced by temperature and atmospheric pressure inconsistencies across
the link, the authors in [43] utilize its expected value, assuming its impact is insubstantial
relative to the GML. This can be ensured by employing adaptive optics (AO) technology
that usually leverages deformable mirrors in the FSO receivers, which is proven to mitigate
atmospheric-turbulence-induced losses [44]. Then, adopting the same assumption implies
h, =EB{h,} = 1. Regarding the GML, the authors presuppose a link distance spanning sev-
eral hundred meters, sufficiently exceeding the FSO beam footprint misalignment (i.e., the
distance between the incident beam’s center on the receiver’s lens and the lens’s mid-point).
This assumption applies to the considered system, where the link distance may even extend

into the kilometer range. Therefore, following the same assumptions for each FSO backhaul
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link, the beam width in meters at distance d is obtained as

2w? A.d g
_ 0 o
w(d) =wer| 1+ (1 +p2(d)) (na)(z)) , (2.23)

where wy signifies the beam waist radius, and the coherence length p(d) is given by
p(d) = (O.SSC,%kZd)_3/ ’ dependent on k = i—f with A, as the optical wavelength, and
C2 ~ Cg exp(—%) is the index of refraction structure parameter at DBS height 4, while
Cg =1.7x 107 represents the ground nominal value of refractive index. To proceed further,
the author highlights that in this work, it is assumed that the beam is perpendicular to the
receiver’s lens plane. This assumption is valid for a majority of conventional FSO transceiver
architectures mounted on UAVs. These often utilize mechanisms such as gimbals, mirrors,
and rotating heads, or a combination thereof, to ensure alignment [44]. Then, given a lens
radius rg, the coefficient v| = L—OL\/% is used to determine the maximum fraction of optical

power captured by the receiver lens, denoted by

Ag = (erf(v1))?. (2.24)
Finally, the GML is given by
2u§
hge ~ Agexp | — 5y (2.25)
{Fsow;

where u, represents the misalignment distance (in meters) between the centers of the beam
footprint and the receiver’s lens. The parameter {rso is selected from the interval [{1, (3],
providing bounds on the GML loss. In this work, {rso is chosen as the arithmetic mean, i.e.,
{rso = % In [43], the authors prioritize the statistical variations of u as the primary source
of GML loss fluctuations. They model the position and orientation perturbations of the DBS
- resulting from atmospheric air fluctuations and DBS vibrations - as independent distributed
Gaussian RVs. Consequently, definitions are given as 4| = ayz + dZUg and A, = GZZ + dzdé,
where o, and o, denote the variances of location fluctuations perpendicular to the beam
and along the height axis, respectively, while oy and o indicate variances in orientation
fluctuations due to rotations around vertical and horizontal axes, respectively. Then, the rate

of an FSO link is given by
1 e 2
Rc==lo (— 2 hz‘Az)——/l + ), 2.26
C 3 I25) 27T77Fso pY A {Fsowflln(Z)( 1 +42) ( )
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P2
with ¥ = 559 representing the transmit SNR, defined in terms of the FSO transmission power,

Prso, and the noise at the receiver, op. Finally, by constraining the maximum FSO link
distance to dmax, the achievable throughput of an FSO link between BSs i and / is given by
the following equation, where the indices are returned:

Rc(i,l) ifd(i,]) < dpax,
RFso(i,l) _ C( ) ( ) max (227)
0 otherwise.

2.4 RIS Channel Modeling

RISs have emerged as a transformative technology that holds the potential to enhance wireless
communication networks significantly. An RIS consists of electronically controllable surfaces
with the ability to alter electromagnetic waves that arrive on them. This capability allows
RIS to modify the phase, amplitude, and direction of reflected signals, thereby optimally
reshaping the propagation environment to improve signal reception.

One of the primary advantages of RIS is its ability to create favorable propagation
conditions, which can lead to more efficient use of the spectrum, enhanced signal quality,
and increased coverage areas. This is particularly beneficial in urban environments, where
buildings and other structures often cause signal degradation through reflection, diffraction,
and scattering. In this thesis in particular, they are leveraged for their capability of creating a
virtual LOS path between two communicating nodes that are both visible to the RIS.

Moreover, RIS can help reduce the energy consumption of wireless networks. Unlike
traditional relay systems that require power for signal processing and retransmission, RIS
passively manipulates the electromagnetic waves without requiring active transmission
components. This characteristic not only leads to a reduction in power usage but also
decreases the network’s operational costs and environmental impact.

The deployment of RIS can also augment the security of wireless networks. By precisely
controlling the signal’s propagation, RIS can limit the signal’s exposure to unintended
receivers, thus enhancing the physical layer security. This makes eavesdropping and signal
interception considerably more difficult.

Overall, the integration of RIS into wireless networks is expected to play a crucial role in
developing next-generation communication systems, including 5G and beyond. Their ability
to dynamically control the radio environment promises to overcome traditional challenges in
wireless communications, paving the way for more reliable, efficient, and secure wireless
connectivity. In this thesis, they are considered for deployment on building facades in urban

environments to support backhauling of cells (including DBSs).
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2.4.1 Channel model for RIS providing backhaul to BS

The PL in dB between two BSs i and [ utilizing a RIS, as per the model in [45], is given by

LI (i,1) = FSPLy, + 10agss log (Xﬁls(d1 + dz)) — 8y, (2.28)

where Xris represents the count of meta-surfaces within the RIS, and d; and d, are the
distances from the RIS to BS i and [ respectively. The model includes the beamforming gain
of the RIS, denoted by g ¢. In this work, Xgys = 3, and agris = @mm = 2.13.

2.5 Energy Modeling

Energy management is crucial for the effective deployment and operation of DBSs. The
limited battery life of these aerial platforms restricts their operating time and affects the
continuity of service they provide. Consequently, designing energy-efficient algorithms is
essential to maximize the operational duration and optimize coverage, ensuring reliable
network service. Typically, a UAV’s energy lasts less than 30 minutes, with propulsion
accounting for over 95% of a DBS’s power usage [46].

Accurate modeling of energy consumption is fundamental in developing effective DBS
algorithms. It shapes the planning of flight paths and service strategies and is vital for
assessing DBS performance in realistic conditions. Given that battery capacity is a primary
limiting factor, integrating precise energy models into DBS simulations is crucial to fully
understand their capabilities and limitations in providing persistent aerial network support.

Furthermore, incorporating energy harvesting technologies, such as solar panels, can
significantly enhance the operational capabilities of DBSs. This approach not only supports
sustainable operations but may also enable extended or even continuous flight operations
during suitable conditions. Simulation of energy harvesting effectiveness is as crucial as
that of consumption, as it profoundly impacts the design and viability of long-term DBS
deployment strategies.

Below, the author details the models used to simulate both the aerodynamic energy

consumption of drones and the energy harvested through PV panels.

2.5.1 Energy consumption

According to [47], the energy consumption of a DBS maintaining a constant altitude is
described by the equation:
PpBs = Plevel + Pdrag> (2.29)
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where Pjeye represents the power required for level flight and is defined by the formula:

QZ
Plevel = W , (2.30)

2
xfzpaAD\/n(vx,vy)n%\/||<vx,vy>ll“+—<pfib>z

Here, Qw denotes the DBS’s weight, Ap the total rotor disk area, p, the air density, and
(vx,vy) the horizontal velocity components. The second term, Pgrag, accounts for the power

consumed due to aerodynamic drag and is calculated as:

CpopaApl|(ve,vy)ll?
8 b

Pdrag = (2.31)

where Cpy is the profile drag coefficient. It is important to note that while Pjeye] decreases

with increasing horizontal speed, Pqr,g increases, as demonstrated in (2.30).

2.5.2 Energy harvesting

To assess the gain in using PV panels on drones’ energy, the power output of a single panel,
denoted as Ppy, is calculated assuming the panel’s inclination is 0°, following the model

presented in [48]:

Ppy = Tatm - 1o - Ocloud * PV - Spv - Sin (solar) » (2.32)

In this formula, a1, represents the solar altitude angle in degrees. The efficiency factor
and surface area of the PV panel are given by npy and Spy, respectively. The term Ty, - I
describes the incident solar irradiation per square meter outside the atmosphere, measured in
W/ m?, where [ is the average solar irradiation and Ty, accounts for atmospheric transmit-
tance. Additionally, dcjouq 1S @ random factor that adjusts for the influence of cloud cover on
solar energy harvesting, which is taken as a random value between 0.8 and 1, reflecting the

variability in cloud coverage.






Chapter 3

Fronthaul-Aware DBS Placement

The opening chapter of this thesis explored how DBSs provide on-demand, cost-effective
coverage in regions devoid of terrestrial infrastructure or in scenarios demanding enhanced
capacity, such as areas experiencing flash mobs or high user density. Section 1.4 outlined
the challenges and considerations essential for designing wireless networks that utilize
DBSs as cells to provide coverage. This chapter deals with the placement of DBSs to
optimize fronthaul-related metrics while discarding the backhaul aspects of the problem.
Two solutions are presented: the first, leveraging a modified version of the well-known EM
clustering algorithm [49] to place DBSs given the GNs locations. On the other hand, the
second algorithm, which uses a multi-agent Q-learning scheme [50], locates DBSs without
any knowledge of GNs locations, but based on their SINR measurements. Finally, the chapter
introduces a mathematical model for estimating the probability that vehicular users in an
urban street lane receive sufficient resources and power when served by a beamformed DBS.
This model enables mapping between system parameters, placement strategies, and the
resulting quality of service (QoS).

Some of the contributions in this chapter were published in:

1. Janji, S. & Kliks, A. Multi-Agent Q-Learning for Drone Base Stations. In: Proc. 2023
IEEE International Conference on Wireless and Mobile Computing, Networking and
Communications (WiMob), pp. 261-266, 2023.

2. Janji, S. & Kliks, A. Drone Base Stations Transmission Power Control and Local-
ization. In: Mobile and Ubiquitous Systems: Computing, Networking and Services,
LNICS, vol. 492, Springer, pp. 356-377, 2023. https://link.springer.com/10.1007/
978-3-031-34776-4_19


https://link.springer.com/10.1007/978-3-031-34776-4_19
https://link.springer.com/10.1007/978-3-031-34776-4_19
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3. Janji, S. & Kliks, A. Energy-Efficient User Clustering for UAV-Enabled Wireless
Networks Using EM Algorithm. In: Proc. 2021 International Conference on Software,
Telecommunications and Computer Networks (SoftCOM), pp. 1-6, 2021.

3.1 Related work

The problem of deciding the locations of DBSs has been extensively studied in the past years,
as summarized in the following surveys [5, 1, 10, 11, 51]. Some notable studies are detailed

below.

Single DBS Deployment

In terms of single DBS deployment, several researchers have addressed this topic. The work
in [52] solved the problem by formulating it as a circle placement and smallest enclosing
circle problem, such that the transmit power is minimized while maximizing coverage. A
similar approach was adopted in [53], but while maximizing the coverage of users with
different SNR. The authors in [38] present the channel model that was outlined in 2.2.1,
and use it to obtain the optimal height for a DBS to achieve maximum coverage. In the
case where a DBS is supplemented with PV panels, the authors in [47] designed the optimal
trajectory for the DBS which first climbs up to a high altitude to harvest a sufficient amount
of solar energy and then descends again to a lower altitude to reduce the path loss of the
communication links to the GNs it serves, thereby maximizing the system’s sum throughput.
A different approach is adopted in [54] where the authors formulate the drone-cell placement
problem as a Quadratically-Constrained Mixed Integer Non-Linear Optimization problem.
This formulation considers the complex relationship between a DBS position and its effective
coverage area, and it is solved efficiently using a bisection search method.

Multiple DBSs Deployment

Deploying multiple DBSs introduces additional complexity, such as interference between
different clusters of GNs. Numerous solutions have been proposed, such as deploying DBSs
along a spiral path to minimize their number while effectively covering users, as suggested
in [55]. In [56], the authors consider a graph model in which the edges represent the streets
and only outdoor users are considered by representing their densities along the vertices
of the graph. An unconstrained optimization problem is formulated whose objective is a
combination of three functions: the first calculates the total coverage achieved by DBSs. At

the same time, the other two are heuristic functions that introduce a penalty based on the
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interference between DBSs and the distance to the nearest charging pole. The problem is
solved distributively so that each DBS moves only when its local objective function can be
improved.

Machine learning and especially reinforcement learning (RL) has been widely applied
to tackle the multiple-DBS deployment problem [5, 51]. In [57], Q-learning and deep Q-
learning (DQL) algorithms were used for deploying single and multiple DBSs, respectively,
aiming to maximize fairness in coverage while minimizing penalties for collision and inter-
ference. Fairness is calculated using Jain’s fairness index [58]. The authors of [59] defined
state representations, actions, and rewards for training a deep Q-network using prioritized
replay, focusing on maximizing user coverage with an obstacle-aware channel model and
ignoring interference between DBSs. This is done by first defining a coverage bitmap for
obtaining the rewards and states of the proposed RL algorithm. Specifically, the area is
divided into a grid, and the number of covered users (i.e., within the coverage range of one or
more DBSs) is calculated for each region. Without considering fairness or available energy,
the RL algorithm maximizes the number of covered users. Liu et al. in [60] employed deep
deterministic policy gradient algorithm (DDPG) to train actor-critic networks for optimizing
coverage, fairness, and energy consumption in a continuous space. Unlike other models
that consider realistic user distributions, their model assumed coverage needs for predefined
points of interest, which might not contain users in practical deployments. A subset of UAVs
serve as gateways through satellite links, and a penalty is applied whenever a DBS is far from
any gateway and is therefore offline. Also, the work does not consider interference between
DBSs. Also, unlike the model used in this thesis, they use a linear energy consumption
model, which entails higher DBS power consumption when flying to another location than
when hovering at the same spot. This approach is different than more realistic models like
the one described in [47], which consider energy savings during hovering flight, and which
is adopted in this thesis.

3.2 GNs’ Location-Aware DBSs Placement

This section introduces the novel clustering approach for determining the locations of a set
of M DBSs with preset transmission power settings, i.e., Pr(1),..., Pr(M). The approach
is based on the EM clustering algorithm [49], which is employed to determine the two-
dimensional (2D) xy coordinates of each DBS, assuming a uniform fixed height for all
DBSs. Further elaboration on the altitude assumptions and their optimization is made in
Section 3.2.6. The mechanism is termed SINR-based EM clustering approach (SINR-EM)

since it uses an SINR-based metric for updating clusters’ locations within the EM framework.
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3.2.1 Problem formulation

Given the locations of GNs and the set of DBSs with predetermined transmission power
settings described in (2.7), the objective is to find DBSs locations {m;Vj € 1,..., M} that
maximize the system’s EE given by (2.16). The problem is illustrated in Figure 3.1. The goal
is to optimize the clustering of GNs with the objective

max {. (3.1a)

Figure 3.1 Given the locations of GNs, the goal is determine the locations of DBSs and, as a
result, the clustering of GNs into cells served by different DBSs. Interference between cells
in the downlink direction is considered by the SINR metric. Backhaul is neglected and can
be assumed to be available through satellite links.

Currently, the SINR threshold I'yy, is discarded in this formulation, focusing instead
on the relationship between predefined transmission power settings and the placement
of DBSs, given the locations of GNs. A mechanism for controlling transmission power,
which incorporates Iy, as a constraint, is discussed later in the next chapter. This approach,
combined with the proposed SINR-EM, optimizes service to GNs in terms of I'y, .

3.2.2 NP-hardness

The primary influence on the objective function in (3.1) stems from the distances between

GN s and their assigned DBSs. A simpler version of the problem can be considered where all
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DBSs share the same transmission power settings and neglect the interference effects. Then,
maximizing EE reduces to finding a clustering that minimizes the distances between GN's
and their serving DBSs. Assuming a grid of points in 2D space as potential locations from
which M DBSs are to be selected, this setup mirrors the p-median problem [61].

The p-median problem can be formally described as follows. Given:

* Demand points U = {u,u,,...,uy}.

* Potential facility locations F' = {f, f»,.... fn}

* Distance matrix C = [¢;;] where ¢;; is the distance between u; and fj.
* Integer M representing the number of facilities to locate.

A mapping binary decision variable, v; € B, is defined, which equals 1 if facility f; is
selected, 0 otherwise. The objective is to minimize the total distance between demand points
and the nearest selected facility. The nearest facility is indicated by &;;, which is set to 1 if

facility j is selected and is closest to demand point i. That is,

n&iniicijfij (323.)

i=1 j=1

m
st vi=M (3.2b)
j=1

The objective aims to minimize the aggregate distances by optimally locating supply
centers for predefined demand points, similar to the reduced version of the targeted problem.
The only difference comes from the nonlinearity of the PL function outlined in (2.6) with
respect to the distance, which further complicates the problem. However, approximating
the problem with a linear heuristic metric similar to (3.2a) is still a reasonable approach.
The p-median problem is recognized as NP-hard [62], indicating the impracticality of
exact solutions due to potential exponential complexity. Consequently, rather than seeking
an exact solution, the author employs the heuristic clustering SINR-EM approach. This
heuristic clustering approach considers interference between DBSs and accounts for different
transmission power settings by modulating the proposed similarity metric accordingly.

Alternatively, a set of DBSs can be modeled as a set of 2D disks, where each disk has a
radius equal to the coverage range of a given DBS. The range is defined as the maximum GN-
to-DBS distance beyond which the GN receives insufficient signal power (i.e. below receiver

sensetivity). The problem of determining the number and placement of such coverage disks
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to ensure that all GNs are covered can thus be formulated as a geometric set cover problem
(GSC) problem [63]. This class of problems is also known to be NP-hard.

3.2.3 Expectation-Maximization (EM)

EM algorithm often employs Gaussian mixture models (GMMs), modeling a set of sample
points as originating from a mixture of Gaussian distributions [49]. A GMM determines the

likelihood of a sample point originating from this mixture, defined as

M
m(u:0) = ) PPN (uipy Ep), (3.3)
J=1
where the parameters 6 = {PIIEM, ... ,PEMM,ul, ceos My X1, ..., Xyt include mixing propor-

tions PPM, means JTRS R2, and covariance matrices X € R?*? of Gaussian components.
N(u; p;, Xj) represents the probability that the sample point u is taken from the j-th
Gaussian distribution and is given by (2.3).

EM learns these parameters 6 from a set of sample points, U/, and the number of mixtures,
M. The notation for the number of Gaussian components, M, and the set of sample points,
U, is consistent with the mapping of these parameters to the total number of DBSs and the
2D locations of GNs, respectively. Moreover, each mean p; corresponds to a DBS j’s 2D

location m ;. The algorithm iteratively performs two steps
1. Estimation step (E-step). Evaluate the posterior assignment probabilities as:

PEM’(I)N (un; yﬁ.l), Z;l))

J
m(u,;00)

pP(ln) = p(jlu,,60) = : (3.4)

. X . .
where (/) denotes iteration number, and u,, = l " ] is the n-th sample, with U as the
Yn

total number of samples.
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2. Maximization step (M-step). Update parameters to enhance the model’s likelihood

according to:

. U
, a(j) . .
PEM (1) - R where 7i(j) = Zp(l) (jlo). (3.5a)
(1+1) ()
P (jln)u,. (3.5b)
Hi n(J) Z
T
Z;l“) Zp(l) ) ( (l+1)) (un _ﬂ;m)) ' (3.5¢)

The E-step calculates the posterior probabilities p)(j|n), indicating the likelihood of
observing u, from the j-th Gaussian component. The M-step updates each component j’s
parameters to maximize the overall likelihood of the GMM. Notably, the EM algorithm is

assured to converge to a local optimum [49].

3.2.4 SINR-based Expectation-Maximization algorithm (SINR-EM)

In clustering, similarity metrics are critical in determining how data points are grouped
together. These metrics assess the closeness or similarity between individual data points or
between a data point and a cluster centroid. Standard metrics include Euclidean distance,
Manhattan distance, cosine similarity, and others, each suitable for specific types of data
and clustering objectives. In the context of the EM approach described above, the similarity
metric fundamentally differs from traditional distance measures. Instead of calculating
distances, the EM algorithm uses the PDF of Gaussians as a similarity measure. That is, the
probability of a data point u,, indicates the similarity of that point to a Gaussian component
with given parameters. This probabilistic approach not only assigns data points to the most
likely cluster but also handles uncertainties and mixed memberships effectively, where data
points can belong to multiple clusters to varying degrees. This is particularly useful in
complex data environments where clusters are not distinctly separable and may overlap.
Can we define a similarity measure between a GN location and a specific DBS, given
its transmission power and location, to determine the likelihood of association based on the
received SINR under a max-SINR association scheme? While Euclidean distance alone is
appropriate when all DBSs have identical transmission powers, the intricate relationship
between distance and power, as described in (2.8), means that distance-based metrics inade-
quately represent SINR dynamics in networks where DBSs have varied power settings. For
instance, a GN might receive higher power from a DBS transmitting at 200 mW and located
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100 m away than from another DBS at 50 m but transmitting at 100 mW. How then can
we develop a similarity metric that effectively incorporates the distance/power relationship
detailed in (2.8)?

Proposed SINR-based metric

Ateach iteration (/), given the current cluster centers py, . .., i, representing DBSs locations,
the posterior probabilities are replaced in (3.4) with probabilities directly linked to the SINR
values specified in (2.10). These are calculated using the predefined transmission power

settings. The new probabilities for each GN are computed by
¢Vl =5 (1)), (3.6)

where each element of this vector corresponds to a different DBS, and I'D(n) e RM is the
vector of SINR values for GN n across all DBSs:

rO(n) = [T(1,m)O,12n®,... . T(Mn)?]", 3.7)

and s(z) is the vector resulting from the Softmax function with entries defined as

e
() = i (3.8)
j’=1

with » being a scaling constant. This adaptation in (3.6) allows user contributions to each
DBS’s parameter update to be weighted by the relative likelihood of service from that drone
compared to others, directly proportional to the SINR achieved as detailed in (2.10).

In addition, a dynamic SINR threshold I" t(lf) (n) is introduced below which ¢(j|n) will be
zeroed if ['(j,n) < lA“t(lf) (n), defined as

0 (n) = max {TO (n)} - 1078, (3.9)

where the highest achieved SINR among all drones is reduced by Sy, in linear scale, the
SINR dropout value. This determines the rate at which users disconnect from non-serving

drones and do not contribute to their location updates. The decoupling mask is then

MO (n) = [H (r(1,n)<l> —ff}f)(n)) .H (F(M,n)(l) —f§;>(n))] . (3.10)
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and the normalized masked similarity values (or probabilities) are calculated as

MOT(n)yo g’ (|n)
IMOT (nyo g’ (n)||’

q"" () = (3.11)
where © indicates element-wise multiplication, and || - || is the L2 norm, ensuring the proba-
bilities sum to one after discarding DBSs below the threshold.

Given this novel similarity, the SINR-EM approach then consists of obtaining probability-
like values for all GNs in the estimation step by using (3.11) instead of (3.4), and then
updating the cluster center by applying (3.5b) in the maximization step. That is, there is no
longer a need to obtain the mixing proportions and covariance estimates.

The pseudocode for SINR-EM algorithm is shown in Algorithm 1 where the clusters’
locations are initialized using a set of unique initial locations u;uj;. Furthermore, the conver-
gence is determined whenever an iteration results in a mean update less than some predefined

threshold e for all clusters.

Algorithm 1 SINR-Based EM Algorithm.
Input: U, M, Py
Output: p=[py, fy, ... ]
1: initialisation: p = p;y;
2: repeat
3: Calculate SINR-based similarity values using (3.11)
4: Obtain new DBSs 2D locations using (3.5b)
5: until convergence
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Figure 3.2 Comparison of SINR-EM resulting clusters overlap for different values of Sy,.
Notice how setting Sy, = 0 results in one cluster being located on top of two outlier GNs,
while increasing Sy, to 0.5 further attracts DBSs to hotspots, thus increasing their interference.
Eventually, for large values of Sy, we observe that some clusters are merged and therefore a
collision between multiple DBSs occurs.

3.2.5 Choosing the dynamic SINR threshold

St regulates the degree of membership blending for GNs across various clusters, influencing
the aggregation or separation of cluster members. By setting Sy, > €, where € > 0, the range
of points that influence the centroid updates of cluster j is broadened, thus incorporating
more members. This approach is particularly useful when dealing with outliers in the
dataset. Without this adjustment, a cluster centered around outliers might become isolated,
continuously updating its location based solely on these outliers and not integrating more
central members of the data distribution. To mitigate this, increasing Sy, allows the cluster
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to include members positioned further from the current outlier-centric location, thereby
facilitating more representative centroid updates. Conversely, a higher Sy, increases the
likelihood of DBSs being drawn towards areas with higher densities of GNs, potentially
leading to closer proximity between clusters. This introduces a trade-off between minimizing
the influence of outliers and reducing the overlap (also interference) among clusters due to
increased shared memberships.

Increasing Sy, indefinitely can lead to clusters overlapping extensively, resulting in their
centers converging. This scenario increases the risk of collisions between DBSs flying at
the same altitude. Collision avoidance is crucial in multi-UAV systems [64], and various
algorithms have been developed to manage UAVs’ movements and prevent collisions [65].
In the context of SINR-EM, setting a smaller Sy, ensures more disjoint cluster memberships,
thus maintaining a safer distance between different DBSs. Figure 3.2d illustrates these
dynamics by displaying the impact of varying Sy, values on the spatial distribution of GNs in
SINR-EM.

3.2.6 Optimizing the Altitude of DBSs

In this thesis, the optimization of DBSs altitude is considered of secondary importance due to
various reasons. Regulatory limits often cap the maximum altitudes. For example, the EASA
limits altitude to 120 meters [6], the Federal Aviation Administration (FAA) to approximately
122 meters (400 feet) [66], and French regulations restrict it to as low as 50 meters in some
areas [67]. Additionally, the energy required for ascending to higher altitudes significantly
surpasses that for maintaining a steady horizontal flight at a fixed altitude, which indicates
that energy is conserved when altitude is limited [47]. Furthermore, lower altitudes can also
reduce interference between DBSs and other network nodes [68]. Also, in certain operational
scenarios, maintaining a fixed, lower altitude may simplify the trajectory control framework
by minimizing the need to navigate around obstacles [7]. Despite these constraints, the author
explores a mechanism to fine-tune the altitudes of DBSs after their 2D positioning, using
the approach described in [38]. This can be done to improve the SNR of served users, or to
adapt to their mobility by extending and shrinking the coverage disks of DBSs.

The PL model discussed in [38], which is adopted in this thesis for simulating the
DBS-GN fronthaul channel as described in Section 2.2.1, can help in finding the optimal
height. The authors of [38] have developed an optimization problem aimed at identifying
the maximum altitude that maximizes the coverage radius Ra(j) of a DBS given specific
environmental parameters and an upper PL limit Ly,«. They showed that for any given set of
environmental conditions, a fixed elevation angle wqp; = arctan (#{j)) accurately describes
the relationship between a DBS’s altitude and the maximal coverage radius achievable within
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the specified Lpyax. It turns out, this angle remains constant across different L. values for a
certain environment. This relationship is illustrated in Figure 3.3.

=== 138dB

12000 1 ——- 136 dB e T~
-—- 134dB S5/ T
s S~o
-=- 132dB //
100009 ___ 304 ; A
128 dB “ e /S T~

.,
. iohts -
8000 4 —#— Optimal heights ,

6000 4

~~o

Coverage radius R¢oy [m]

4000

2000

0 1000 2000 3000 4000 5000 6000 7000 8000
DBS height h; [m]

Figure 3.3 The figure shows the coverage radius Ra(j) achieved for given DBS height,
assuming a certain L,y threshold. It turns out that the ratio between height and radius is
always constant, corresponding to a fixed wqp; depending only on the environment parameters.

To find wep; wWe need to solve the following equation [38, Eq. (13)]:

@B (170 —1INLOS) EXP(—S(Wopt —@)) _ 0. (3.12)
[aexp(=B(wopt —@)) +1]?

dl tan( )+
—_— w
91n(10) ot
After obtaining wqp, to optimize the height of a DBS j the author first calculates its coverage
radius Ra (/) by finding the distance to the farther GN it serves. That is,

RA(j) > dy(j,m)W(J, 3.13
A(j) 2 X 2a(J,n) W(j,n) (3.13)
where the 2D distance function in (2.2) is used along with the max-SINR mapping variable
defined in (2.12). Then, the height is set to the value

hj = max (hmina min (hmaXa tan(wopt)RA(j))) (3.14)

where it was limited to the range defined by [/min, imax]. Thus, due to this relationship
between the height and coverage radius, the height can also be varied to extend the coverage
disk further when GNs move as described later. However, for maximum permissible path

loss Lmax, and the bounds [/min, Amax |, there exists a corresponding maximum coverage
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radius Rp.x, determinable using [38, Eq. 12]. This value is the upper limit of Ra(j).

Therefore, if a GN moves beyond Rp,x, the only solution is to reposition the DBSs.

GN +}+ DBS (Kmeans)
+ DBS (SINR-EM)

1000

800

600 -

y [m]

400

200 -

0 200 400 600 800" 1000

Figure 3.4 An example with TCP-generated GNs. A set of 70 DBSs with random trans-
mission power settings is placed either according to SINR-EM (highlighted in blue), or
by using k-means++ (highlighted in green). Each DBS is also encircled with a radius that
is proportional to its transmission power. Notice how k-means++ tends to cluster DBSs
with higher transmission powers closer together, leading to significant overlaps. Conversely,
SINR-EM strategically spaces out DBSs based on their power settings.

3.2.7 Simulation and Discussion

This section demonstrates the effectiveness of the SINR-EM algorithm by comparing it with
the well-known k-means clustering algorithm with k-means++ seeding (k-means++) [69].
Unlike k-means++ and traditional clustering methods, SINR-EM integrates the transmission
power settings of DBSs into its clustering process. This integration allows for the adjustment
of cluster sizes according to the transmission power of the serving DBS. Simulations are
conducted within a 1 km? area, generating 1000 different scenarios where GNs distributions
are modeled using the TCP method outlined in Section 2.1.1. For each simulation run, the
transmission power settings for the DBSs, measured in Watts, are randomly selected from the
set {0.1,0.15,0.2,0.25,0.3,0.35,0.4,0.45,0.5,0.55,0.6,0.65, 0.7,0.75,0.8,0.85,0.9,0.95},
and the heights of DBSs are set to a uniform value of 25 m. Furthermore, B,, = 500 kHz,
Bp =20 MHz, o-g = —147 dB, and f. =2 GHz. As for the PL environment variables, an
urban environment is assumed with @ =9.61, 5 =0.16, « =9.61, n.os = 1, and nnLos = 20.

Figure 3.4 illustrates the placement outcomes for one particular instance, comparing
SINR-EM with k-means++. In the figure, each DBS is encircled with a radius that is
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proportional to its transmission power. This visualization highlights a critical distinction:
whereas k-means++ may position DBSs in close proximity irrespective of their power
settings, SINR-EM strategically spaces out DBSs with higher transmission powers, effectively
minimizing potential interference and optimizing coverage.
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Figure 3.5 A CDF plot of the aggregated SINR values of all GNs across 1000 runs. The
simulations are run with 70 DBSs, S¢, = 0.5, and » = 100. Clearly SINR-EM outperforms
k-means++ since it reduces the interference and takes into consideration

Figure 3.5 plots a cumulative distribution function (CDF) of the achieved SINR values for
all GNs across all runs. As expected, an improvement in the average link quality is observed
when employing SINR-EM as it reduces the interference between clusters.

The final results shown are related to fine-tuning the heights of DBSs after determining
their 2D locations using (3.12), (3.13), and (3.14). Since the height optimization mechanism
proposed improves the SNR without considering interfernce, the author compares both SNR
and SINR results with and without height optimization for /i, = 10 m and A, = 50 m, and
for different DBSs count (M). The results are plotted in Figure 3.6. As observed, increasing
the number of deployed DBSs increases the achieved SNR of users. Also, optimizing the
height improves the minimum SNR achieved, and for smaller M, the average SNR of all
GNs as well. On the other hand, the SINR performance seems to be enhanced slightly with
no substantial variation of results.

Later in the next chapter, more results are provided on the performance of SINR-EM
when combined with a power control algorithm, and the performance is compared with
another baseline method which is presented in literature.
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(a) SNR CDF. Optimizing the height clearly im- (b) SINR CDF. A slight improvement in overall
proves the minimum SNR achieved in all cases, SINR values is observed.

while the mean SNR is improved only for small
M.

Figure 3.6 A CDF plot of the aggregated SNR (left) and SINR (right) values of all GNs
across 1000 runs for different DBSs count (M). The mean values also shown by horizontal
lines. The simulations are run with Sy, = 0.5, % = 100, Ay, = 10 m and A = 50 m. ]
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3.3 Location-Unaware DBS Placement

In contrast from traditional approaches that require GNs location data, the author developed
a multi-agent RL strategy for DBSs placement that does not rely on predefined geographic
grids or coverage of imaginary fixed points. Instead, the proposed method leverages a history
of channel measurements collected during RL episodes to inform placement decisions. This
approach is demonstrated in a simulated urban environment where user movements are
realistically modeled using the OMM described in Section 2.1.2.

Each DBS is assigned a set of potential locations from which it selects a position each
cycle, either moving to a new location or remaining stationary if the same location is
chosen again. The criteria for defining possible locations of DBSs that was presented in
Section 3.3.3 ensure that every potential arrangement of locations meets a specified minimum
SNR threshold across the entire area. In contrast to other methodologies that primarily focus
on SNR [57, 59], the proposed decision-making process incorporates SINR metrics. The
proposed approach uses a novel multi-agent RL framework, as proposed in [50], designed to
efficiently handle problems with multiple agents.

3.3.1 Problem formulation

Figure 3.7 illustrates the scenario under consideration, featuring M DBSs providing coverage
over an urban area populated by U users who move according to the OMM detailed in
Section 2.1.2. In this study, the backhaul connections of DBSs are ignored and presumed
to be maintained through either satellite or FSO links. Each DBS has k predetermined
potential locations at uniform heights, from which it selects one during each decision period
(for instance, k =2 as depicted in Figure 3.7). The set of potential locations for DBS j is
represented by ;. Contrary to Chapter 2 where time indices were omitted, here, the current
position of DBS j at time ¢ is expressed as m;(¢) = (x;(¢),y;(¢),h;(t)). Correspondingly,
the 2D positions of users are denoted by u,,(7) = (x,(),y,(2)), where again, n € {1,2,..,U}.
Furthermore, to characterize the DBS-GN channel, the model presented in Section 2.2.1 is

used again.

3.3.2 DBS speed and aerodynamic power consumption

Referring back to equation (2.30) from Section 2.5.1, which describes the power consumption
for a DBS’s level flight, Pjevel, Wwe observe that an increase in the DBS’s horizontal flight
speed decreases the power required to maintain altitude. This reduction in power for faster

speeds arises due to air resistance’s effect on the rotor blades, aiding in the DBS’s lift as its
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Figure 3.7 Simulation scenario of the proposed RL methodology using an extended Madrid
grid configuration. This setup includes four replicated Madrid grids with GNs movements
simulated via the OMM outlined in Section 2.1.2. The simulation deploys M =4 DBSs, each
with k, = 2 potential locations per cycle. These DBSs are assumed to maintain backhaul
connections to a central station (e.g., using FSO).

speed increases (refer to Figure 3.8) due to the power generated from the friction between
the air and rotor blade.

Pirag j Air Resistance

Plevel

Figure 3.8 Illustration of forces acting on the DBS: Pjeye| sustains altitude, while Py, induces
horizontal motion. Air resistance, although opposing motion, indirectly reduces Pjeyel by
enhancing lift through interaction with the drone’s rotor blades.

Figure 3.9 demonstrates how increasing the DBS’s speed reduces its overall power
consumption, even when the speed is up to approximately 25 meters per second. Beyond this
speed, the additional power required to overcome drag outweighs the lifting benefits. The
least power consumption is achieved at 13 m/s, which is chosen as the preferred speed for
DBS mobility. This finding is based on a DBS weight of Qy = 39.22N, a rotor disk area of
Ap =0.78 m?, and an air density of p, = 1.225 kg/m°.

This analysis highlights the energy efficiency benefits of moving DBSs. Later, it is shown
that strategic movement can also enhance both system fairness and user QoS, as discussed in
Section 3.3.9.

3.3.3 Selecting Possible Locations

To ensure complete coverage, the location selection for the M DBSs adheres to the criterion

that every point within the operational area must be within the coverage of at least one DBS
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Figure 3.9 The relationship between DBS speed and aerodynamic power consumption.
Increased speed enhances lift due to air resistance, significantly reducing power consumption
at an optimal speed of 13 m/s, which is 53% more energy efficient than hovering at a fixed
location.

meeting the maximum path loss, Lny,x, and during all time instances. The coverage radius,
RA(j), is determined for the DBSs based on the optimal elevation angle, wqp, derived from
(3.12). Then, the area is segmented into M sub-areas, with each designated to be continually
covered by a respective DBS. For each DBS j, k potential locations are designated to ensure
that all points in its assigned sub-area are within its coverage radius at all times, as depicted
in Figure 3.10.

The environmental variables @ and g are extracted using the methodology outlined in
Section 2.2.1, which considers the height distribution of buildings, the built-up area ratio, and

the number of buildings per square kilometer. The obtained values are @ = 5.05 and 8 = 0.08.

3.3.4 Reinforcement Learning and Markov Decision Processes (MDPs)

RL utilizes the Markov decision process (MDP) framework, wherein an agent makes deci-
sions within a stochastic environment to optimize expected rewards. MDPs offer a robust
mathematical structure to tackle decision-making challenges where the outcomes are in-
fluenced by both random factors and the agent’s actions. Specifically, MDPs are useful
for modelling tasks that involve discrete-time decision-making under uncertain conditions,
provided the agent can fully observe the environmental state [7]. The components of MDP
include:
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Figure 3.10 Illustration of the division of an area into M = 4 sub-areas, ensuring that the DBS
locations selected for each sub-area provide continuous coverage as defined by the radius

RA(j).

* State Space (Sq): This represents the environmental conditions affecting decision-
making, encompassing all relevant factors such as the location and energy levels of a
DBS.

 Action Space (Aq): This is a finite set of all possible actions the agent can take to
influence the state, such as choosing the next point to which DBS moves.

* Transition Function (P): Defined as P : Sq X Ag X Sq — [0, 1], it describes the
likelihood of transitioning to a new state s,4, given the current state s, and an action

a;.

* Reward Function (R): This function maps each action-state pair to a numerical
reward, providing a metric for the effectiveness of decisions relative to the agent’s

goals.

Such a structured approach makes RL especially suitable for sequential decision-making
tasks. The RL process cycles through phases where the agent observes the state s;, executes
an action a;, and receives a reward r, from the environment, advancing to the next state §;41.
The agent’s primary objective is to develop a policy that maximizes cumulative rewards. This
cyclic interaction is illustrated in Figure 3.11, highlighting the role of RL in learning and

optimizing agent behavior.
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Figure 3.11 Illustration of an agent in an MDP framework interacting with the environment
through observing a state, selecting an action, and receiving a reward. The agent’s experience
is memorized in its Q-table, which is used to select future decisions that maximize the
expected rewards.

3.3.5 (Q-learning

Q-learning is a well-known off-policy method in RL. This method is described as off-policy
because it allows an agent to learn the optimal policy independently of the policy actually
being taken by the agent. If all actions are repeatedly sampled, the Q-learning approach is
guaranteed to converge to optimal state-action selection criteria [70].

The fundamental concept of Q-learning involves the agent adopting a policy, 7, which
maximizes expected reward returns. This policy, 7(a|s), represents a probabilistic distri-
bution over actions given the current state, where 7 : Sq X Aq — [0, 1]. For deterministic
scenarios, this reduces to 7(s), mapping each state directly to an action.

The states within a state space are assigned a quality metric through the value function

V7, which is the expected cumulative reward from that state onward under policy 7:
V7(s) =E[Gls; = 5] (3.15)

where G;, the return from state s;, is calculated as

T
Gi=) ¥ r(se.ar) (3.16)
k=t

Here, y € [0, 1] acts as the discount factor, controlling the significance of immediate versus
future rewards.
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The recursive nature of value functions is shown through the Bellman equation [70]
V(s) = Exlri + AV (sa1)lse = 5] = Zp(s,ﬂ(S),S’) (R(s,m(s),s") +AV™(s")). (3.17)
s/

This equation establishes that the value of a state s depends on both immediate rewards and
the expected values of future states, adjusted by the state transition probabilities and the
discount factor.

For a given MDP, the optimal Q-function, Q*, which dictates the best course of action

from each state, is defined as:
Q*(s,a) = E P(s,a,s’) (R(s,a,s’) +AmaxQ*(s’,a’)]. (3.18)
a’
s’

With an optimal policy defined as
7 (s) =argmaxQ*(s,a). (3.19)

Therefore, using the Q-function eliminates the need for forward planning per decision, relying
instead on maximizing the Q-values, which already incorporate all necessary information for
the decision-making.

During environmental interaction, the agent continually updates its Q-values using the

following rule:

Q"% (s, a;) =0(sr,a;)+y [ri+Amax Q(sp1,a) —Q(sr,a;) |, (3.20)

where y represents the learning rate. Typically, an e-greedy approach is employed where the
agent either exploits the best-known action with probability 1 — & or explores a new action
randomly with probability .

Q-learning’s popularity in wireless network management is due to its robustness and
adaptability to dynamic environments, qualities essential for such applications. Unlike
traditional optimization that relies on continually updated system data such as user locations
and channel conditions, Q-learning operates effectively with incomplete models. This model-
free approach supports the development of adaptive strategies through ongoing interaction
with the environment, avoiding the scalability issues associated with conventional methods
that often see computational demands spike with increasing input sizes. By defining states
appropriately, as demonstrated in the approach, Q-learning ensures scalability irrespective

of the complexity of the network. After the learning phase, agents leverage the acquired
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model to make real-time decisions. Additionally, the adaptibility of Q-learning allows for
the application of learned models across different but similar environments through transfer

learning [71].

Double Q-learning

To address the maximization bias arising from the maximization operator in (3.20), the author
implemented the double Q-learning method as suggested in [70]. This approach uses two Q
tables, Q1 and Q», each holding values for all possible state-action pairs. During decision-
making at state s,, the action is selected that maximizes the sum Q = Q (s, a;) +Q2(s;,a;).
In the training phase, each epoch randomly updates one of the tables with equal probability.
The update process is as follows.

O1(sr,a;) =Q1(sr,a;) +y

a

ri+40> (s,+1,argmaxQ1 (st+l,at)) —Ql(st,at)] ) (3.21)

if Q1 is updated, and

Q2(sr,a;) = Q2(ss,a,) +y |ri +A0 (Sz+1,argmax (0)) (st+l,at)) = Q2(s1, at)] . (3.22)
a

if Q7 is updated. This methodology mitigates bias by diversifying the update flow across two

distinct tables, which increases the robustness and accuracy of the model.

3.3.6 Multi-Agent O-Learning

In scenarios involving multiple decision-making entities or agents, such as DBSs, the standard
Q-learning approach uses a central controller that observes the entire environmental state
and decides individual actions for each agent. Using this model, the action space size
increases exponentially with the number of agents, with a value of k™. An alternative
approach, as suggested by [50], is to adapt Q-learning for multistage decision processes with
multiple controllers. This adaptation allows each agent to make decisions sequentially and
independently within each decision epoch, based on both the global state and the actions
previously chosen by other agents.

Specifically, the state observed by each agent j is modified to include decisions made by

prior agents within the same epoch, that is

§,=(sjnaf,.al ), (3.23)
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where a! denotes the action taken by the i-th agent earlier in the same epoch. Each agent then
decides its action based on this augmented state, using it own Q table, denoted as Q/. This
structure ensures that while the state space complexity increases with each additional agent
due to the aggregated decisions (the space size is multiplied by £/~ for the j-th agent), the
decision space of each agent remains fixed to k, which translates to decreased computational
demands compared to a single controller model which would require making decisions across
a space of k™ possibilities. This reformulation allows each agent to independently adapt
and optimize its strategy with respect to both its immediate environment and the preceding

decisions of its peers.

3.3.7 QoS Metrics for Q-Learning

This section presents the metrics used in designing the Q-learning states and reward.

Link reliability

The model assumes a minimum SINR threshold of I'y, for a GN to be considered served.
Link reliability is defined as the ratio of served users to total users. Using the number of
served users per DBS outlined in (2.13) and the max-SINR binary association variable in
(2.12), the link reliability per DBS is
@)= D
W;a(t)

n=1

(3.24)

where time indices are included since the metrics are obtained at different time instances

during episodes of length T¢poch. Similarly, the link reliability for the entire system is

LN (1)

Dd(r) = 7

(3.25)

Fairness

Ensuring the fairness of coverage in wireless communication systems is crucial for providing
unbiased service quality, preventing user dissatisfaction, and maximizing overall network
efficiency and reliability. In deploying DBSs, it’s essential to consider fairness to avoid
situations where only a subset of GNs in a specific area receives good SINR coverage, leaving
others uncovered for long periods. To model system fairness, Jain’s fairness index is used
[58]. This metric utilizes the history of SINR measurement reports transmitted by a GN.
It is assumed that SINR is reported every ¢,, and fairness is calculated over a moving time
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window of size Tr > t;. A GN’s coverage score at time ¢ is based on its achieved SINR

during the interval [t —TF,t] as

! M
cova(t) = > > Wia(kt)H (Tyalkty) = Tin), (3.26)

kty=t-TF j=1

which counts the number of time steps that GN received sufficient SINR. Using this coverage
score, Jain’s equation gives the fairness score per DBS j as

(Zey Wjn(t)cov,(1)?

F:(r) = s
1 (S, W) (S, W) a(r)cov2 (1))

(3.27)

and for the entire system as
(I cova(D)?

FO = e o)

(3.28)

3.3.8 Multi-Agent DBSs Q-Learning

The proposed RL mechanism involves each DBS as an agent that determines its next location
at the start of each Q-learning epoch based on its own Q table. These decisions can be made
autonomously by the DBS or directed by a central unit, such as a MBS, using the SINR
history and performance metrics from Section 3.3.7. The decision process is sequential,
ensuring each DBS is aware of prior decisions by other DBSs within the same epoch. At the

epoch’s end, rewards calculated from performance indicators update the Q tables.

Action space

The action space for each DBS includes all possible predetermined locations. The actions
available for DBS j are defined by the set of locations, K.
In the simulated scenario, the sets of possible locations are:

% = {(100,200), (300,400)},
%, = {(700,200), (500,400)},
% = {(100,1000), (300,800)},
%, = {(700,1000), (500,800)},

(3.29)

where each location is defined by a tuple containing the x and y coordinates, respectively.
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State space

The state observed by each DBS is composed of:
1. The current locations of all DBSs: {m;(?) | j € {1,...,M}},

2. The quantized multiplication of reliability and fairness scores for each DBS: {| Sstae Fj (£)®; (1) ] |
jeA{l,...,M}},

3. The actions taken by preceding DBSs, if any, during the current epoch.

where Sgate controls the space size of the second component (e.g., setting Sgae = 10 specifies
a state space size of 10 since F;(#)®;(¢) € [0, 1]). These components are integrated into the

state vector for DBS j as

Sy = (my(0),...omp(0), [SsaeFL (D1 ()], . [Ssuee Fj (0@ (D) ] al,...oal ™ | (3.30)

Reward

The reward is designed to encourage agents to improve the fairness and reliability metrics
described in Section 3.3.7. Therefore, the author proposes the following value, proportional

to the total fairness and reliability:
R=100X F(1)D(1), (3.31)

where the reward is multiplied by a factor of 100 to speed up learning.

Fairness scores are calculated within an elapsed time window of Tr with a time step
of #; as explained in Section 3.3.7. A Q-learning epoch lasts T¢pocn. State observation and
action selection occur at the beginning of the epoch, while the reward is obtained at its end.
Tepoch should be long enough for DBSs to reach their destinations by the end of the epoch.
Algorithm 2 shows the pseudocode of the proposed Q-learning mechanism. Note that during
testing the exploration probability & is set to zero.



56 Fronthaul-Aware DBS Placement

Algorithm 2 DBSs Placement with Q-learning
Input: v, 4, &, possible locations for each DBS, Tepoch

Initialization: initialize all values in Q1 and Q; to zero

for number of cycles do
s{)’ . < initial state without according to (3.30) without any prior DBS actions
for j=0to M do

Select action a] maximizing Q] (s @) + Qé(s;.’t, a;) with probability 1 — &, oth-

erwise choose randomly
Update state for next DBS by appending the selected action to the state vector:
s;‘+1,t - (s;',t’ a{)
end for
At end of Tepoch, compute reward using (3.31)
for j =0to M do
Update Q{ using (3.21) or Qé using (3.22) with a 0.5 probability
end for
end for

This approach ensures that DBSs act based on up-to-date environmental feedback and
thus adapt to changes in network conditions. This crucial for maintaining effective coverage

and connectivity in complex wireless networks.

3.3.9 Simulations and discussion
Baseline scenarios

To show the gain in employing the proposed multi-agent Q-learning scheme, two benchmark

solutions are utilized:

1. Fixed deployment: in this approach, the DBSs are placed in fixed locations with no
change of locations. Thus, they consume the highest possible energy (see Section 2.5.1).
The locations selected for this approach are: m; = (100,200), m, = (700,200), m3 =
(100, 1000), and m4 = (700, 1000).

2. Alternating deployment: in this case, the DBSs always select the far location from
their respective location sets in (3.29) to travel to in each epoch. Thus, this approach
yields the lowest energy consumption since moving the drones consumes less energy

than hovering.
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Simulation settings

100 episodes of user trajectories are generated using the mobility model from [33] outlined
in Section 2.1.2 within the environment shown in Figure 3.7. Each episode had a duration of
235 X Tepoch and varied in the number of users U. The proposed algorithm’s performance is
compared with the previously described benchmark solutions. The model was trained for a
total of 143,500 cycles. The DBSs were fixed at a height of 4 = 60 m because with a tabular
Q-learning approach, the size of the state space should be controlled to prevent an excessively
large number of training cycles for the Q table. However, if a function approximation, such
as artificial neural network (ANN), is used, different locations with varying heights can be
defined. The simulation parameters are summarized in Table 3.1.

Table 3.1 Simulation Parameters

H Parameter \ Value H
DBS weight Q and density of air p 39.22 N and 1.225
kg/m? [47]
Total area of DBS rotor disks A 0.78 m? [47]
Environment variables @ and S (according to Section 2.2.1) | 5.05 and 0.08
Carrier frequency f,, bandwidth per user B,, and DBS band- | 2 GHz, 500 kHz,
width Bp and 20 MHz

DBS RF transmission power P and receiver noise power

2
99

200 mW and —117
dBm

SINR threshold Fng and path loss threshold Lyax

10 dB and 100

Time step ¢, fairness time window Tr, and epoch duration
Tepoch

2.5s, 250 s, and
15s

Discount ratio 4, learning rate «, and exploration probability | 0.4, 0.4, and 0.2
£

State size Sy, and number of possible locations per DBS k | 5 and 2

DBSs’ possible locations see (3.29)

Convergence

In a Q-learning approach, if we take the average reward over N future cycles at each cycle
and observe it increasing, it indicates that the learning algorithm is effectively improving
its policy over time. An increasing average reward suggests that the agents optimize their
actions to maximize long-term benefits. This trend validates the proposed Q-learning scheme
by demonstrating convergence, as the agents consistently enhance their performance and
adapt to the environment more efficiently. Figure 3.12 shows the average reward averaged
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over 50 cycles in each cycle. We can observe that Q-learning starts to converge around
60,000 cycles. This indicates that the state space and reward function formulation enable
intelligent decisions for moving DBSs based on the state, such that the achieved performance,

indicated by the reward, increases as experience is accumulated.
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Figure 3.12 Average reward per cycle over 50 cycles obtained during training. The trend of
increase proves convergence towards higher-yielding actions.

The size of the Q-table, proportional to the state and action spaces, determines the
convergence speed. As more state-action pairs are defined, more sampling is required to
obtain the optimal Q value in (3.18). Even with M =4 and k = 2, the number of cycles
needed was large. This highlights the need for using an ANN as a function approximator in a
deep learning (DL) approach, allowing for further actions (e.g., different heights) and higher
DBSs count. Nevertheless, employing the tabular approach and observing convergence
confirms the sanity of the designed framework.

Link reliability, fairness, and rewards

The author simulated 100 episodes, each with 3525 seconds of testing (235 cycles x15
seconds) with & = 0. Figure 3.13 shows the achieved reward, total link reliability, and total
fairness score per cycle averaged across episodes for different GNs counts. The proposed
algorithm substantially outperforms benchmark methods in terms of fairness and reward.
The fixed deployment performs similarly to the Q-learning method in terms of reliability
since the DBSs are always placed to maximize distances and minimize interference, leading
to increased link reliability. The alternating solution improves fairness compared to the

fixed deployment, as DBSs change positions and transmit higher power to different user
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subsets at different times. However, the intelligent planning of movement using multi-agent
Q-learning achieves superior fairness compared to both alternating and fixed schemes. The
results indicate that increasing the number of GNs does not significantly affect the outcomes,

demonstrating the scalability of the proposed framework.
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Figure 3.13 Measured QoS values per testing cycle averaged across 100 episodes for different
numbers of GNs, U. The approach is independent of U and scales well with an increasing
number of GNs. The proposed scheme outperforms the two benchmark solutions in terms
of reward and fairness. The fixed benchmark solution yields similar reliability results since
DBSs do not come near to each other, but performs worse in terms of fairness.

Aerodynamic energy consumption

Figure 3.14 shows the total aerodynamic energy consumed across all cycles averaged across
100 episodes. The alternating solution yields the lowest consumption, forcing DBSs to
change locations at each cycle. The fixed benchmark solution results in the highest power
consumption, with an increase of 107% compared to the alternating case. The proposed
solution performs in between, with a 65% increase relative to the alternating scenario and a
20% decrease compared to the fixed solution. Again, changing the number of GNs does not

affect the performance in terms of energy.
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Figure 3.14 Total energy consumption during 235 cycles, averaged across 100 episodes.
The fixed solutions, with DBSs hovering in one spot, consume the most energy, while the
alternating solution consumes the least. The proposed RL algorithm falls in between, showing
that intelligent movement of DBSs can also result in power savings.

Mean SINR per episode

For each GN, the mean received SINR value is obtained during each episode, averaged over
all measurements taken every 7, within the 235 simulated Tepoch cycles. Thatis, 235x 100X U
mean SINR values are obtained for each plot. Figure 3.15 shows the CDF of these mean
values. We observe that naive movement of DBSs degrades the received SINR due to
increased interference. Conversely, intelligent movement decisions perform slightly better
than those in fixed scenarios, which incur the least interference. This indicates that after the
learning process, DBSs are positioned to minimize interference, even without knowledge of
GNis locations, relying only on measurement history. Again, performance is stable across
even as the number of GNs increases.

FDMA achieved throughput

In accordance with the scope defined in Section 1.5.1, the author has so far neglected the
actual allocation of frequency resources to the GNs and focused only on the measured SINR,
assuming fixed allocated channels as described in Section 2.2.1. However, to study the effects
on load balancing of cells compared to benchmark schemes, additional results are presented.
Assuming GNs are associated with the nearest DBS, and at each measurement instance (nf;),
the 20 MHz bandwidth of DBS j is divided by the number of its served users to obtain the
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Figure 3.15 CDF plots of mean GN SINR across the simulation period averaged over the 100
simulated episodes. The alternating solutions perform the worst due to increased interference.

corresponding B, settings. Then, the throughput of each GN is calculated using (2.8), (2.10),
and (2.11). The boxplots in Figure 3.16 illustrate these throughput values.

The first row shows the distribution of measured throughput values for all users. On
average, the proposed solution provides higher throughput values. The fixed case, despite
similar mean SINR values (see Figure 3.15), results in lower mean throughput values,
indicating reduced efficiency in resource usage, and gain when moving cells. The second and
third rows show the minimum and maximum throughput values observed by a GN within the
entire episode. As the number of users increases, all three methods exhibit similar minimum
throughput values. However, the maximum throughput achieved by the proposed algorithm
outperforms both benchmark schemes for the highest number of GNs (300) and shows similar
performance otherwise. This is expected, as the algorithm aims for fairness of coverage,

ensuring that all GNs receive good coverage periodically.
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Figure 3.16 Boxplots of throughput values. The first row is based on all measured throughput
values for all users, the second row is based on the minimum measured throughput value
throughout each episode, and the final row is based on the maximum throughput value
throughout each episode. The dashed black line marks the metric mean value of the Q-
learning approach. In most cases, the proposed mechanism outperforms the benchmark
schemes.

3.4 Placement with Beamforming to Service Vehicular Users

in Streets

The 5G New Radio (NR) specification, starting with its 16th 3GPP release, has introduced a
dedicated NR-V2X air-interface that enables vehicles communication with other vehicles or
infrastructure endpoints such as roadside units or cloud endpoints like application servers.
This provides the technological foundation upon which the research community is now
building mechanisms for reliable cooperative driving, real-time traffic optimization, and fully
autonomous cars [72].

The reliability of these networks is crucial. Failure to deliver packets might result in a
missing collision warning. Moreover, high reliability can enable autonomous driving and
boost traffic efficiency. Solutions should be designed for cases where more channels might
be needed. For example, some areas might suffer from bandwidth congestion due to high
traffic density or limited bandwidth availability. These concerns are amplified by the high



3.4 Placement with Beamforming to Service Vehicular Users in Streets 63

demand imposed by vehicular services such as shared sensing, which transmits camera feeds,
high-definition mapping, or software updates.

Again, to boost reliability, DBSs can be deployed in such scenarios or in emergency
situations where infrastructure is lacking. This section targets the problem of mapping the
reliability of DBSs deployment into a measurable metric that can be used to evaluate a
deployment’s performance. The targeted metric is the access probability, which quantifies
the chance of a vehicular user to get serviced by the coverage provided by DBSs, given the
density of vehicles in an area.

The work presented below builds upon the analysis in [73], where an expression for the
access probability was derived for vehicles moving in a straight line under a given beam. In
this thesis, a slightly modified model is proposed, which yields more accurate results, as
presented below.

3.4.1 System Model

An illustration of the considered model is shown in Figure 3.17, where a DBS provides
coverage to vehicular users within a portion of a lane via a directional beam. Vehicles are
assumed to be distributed with a one-dimensional PPP, characterized by the probability mass
function (PMF):

Bk ok
k!

where k denotes the number of vehicles, with mean k = A,L;,. Here, L;, is the beam-covered

pi(k) = (3.32)

lane length, and A, is the vehicle density. The beam’s width is proportional to the azimuth
beamwidth angle ¢, and its length is similarly proportional to the elevation beamwidth
angle 6.

Following the simplified model in [73], the beamforming gain is given by:

Gy (¢p.0p) = ﬂ, (3.33)
@, X0,
indicating that narrower beams yield higher gain.
Considering the downlink direction, the received power at a vehicular user is expressed
in dB as:
Pr = Pr+G,+Gy(¢p,0p) - L}, (3.34)

[dB]

p 18 the

where Pr is the transmit power, G, is the gain of the transmitting antenna, and L
path loss defined as:

L)1 =FSPL+s, (3.35)
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Figure 3.17 Illustration of a general scenario where a DBS provides coverage to vehicular
users via a directional beam. The beam is characterized by its width, denoted by the
beamwidth azimuth angle ¢, and its length, which is proportional to the beamwidth elevation
angle 6.

with FSPL being the free-space path loss (see 2.5) and s a log-normal shadowing sample.
Assuming a minimum received power threshold P, . , the outage probability is given by:

1 P, —P,
pout:P(Pr+S<Prmm): 1——-erfc( — )a (336)
2 V2 - oy
where o is the standard deviation of the log-normal shadowing distribution, and erfc(-) is
the complementary error function.

In addition to meeting the minimum power requirement P, each vehicle must be

Tmin?
allocated sufficient bandwidth to meet its throughput demand. Assuming equal bandwidth
allocation among vehicles within the same beam, the maximum number of supported vehicles

is:
By
= B

where By is the total bandwidth, and B}, is the bandwidth required to satisfy the minimum

Ko (3.37)

throughput, assuming the user is served at P, = P, .. While this simplification ignores power

Tmin*
variations between users that would vary the bandwidth assignment in optimal scenarios, it

nevertheless enables a closed-form expression for the access probability, as described below.
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3.4.2 Old Access Probability Model

In [73], the probability of a user achieving successful connectivity under a given beam is

expressed as:
Pgld = (1 - pout) (1 - Po_ld) > (338)

res

where P, 1s defined in (3.36), and P%lsd denotes the probability of insufficient resources to
serve all covered users, computed in [73] as:

old_ N\ ke
Poi= D, (3.39)
k=[Ko] '

where &, is the average number of vehicles within the beam that satisfy the power thresh-
old P, . . This is obtained as kp = (1- nglitd) k, using a representative outage probability

evaluated for a vehicle positioned at the beam midpoint.

3.4.3 Novel Access Probability Model

Below is a more accurate access probability model, building on the earlier formulation. It
incorporates modifications that improve the accuracy of simulation results.

First, the author considers how to compute the probability of having n users with sufficient
received power out of k total users. This will be used in the calculation of the new access
probability described below. Given an average outage probability P oy (the new model uses
average instead of midpoint value), the probability of having n covered users is given by the
binomial distribution:

Poov(n| k) = (: ) (1= Pou)" P (3.40)

Next, assume there are k > Ky users. Insufficient resources occur only if more than Ky
of them are covered, i.e., have sufficient P, . . If we condition on a particular vehicle being
covered and seek the probability that it cannot be served due to limited resources, then this

probability can be obtained as:

k
PEY(K) = > Peov(n=11k=1). (3.41)

res
n= |_K0+1J

This represents the probability of insufficient resources when k users are present, given that
the considered vehicle under question is already covered and therefore excluded from the

combinations.
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To obtain the overall probability of lack of resources, a sum over all possible values of k
is obtained, using (3.32) and (3.41):

(o)

PN = N prlk) PR (k). (3.42)
k=|_K0+1J

Finally, a vehicle successfully accesses the network if it receives sufficient power and
resources. The overall access probability is then given by:

PR = 1= P — Py, (3.43)

res

Note that, unlike the earlier model, which relied on P™out as a single representative
estimate, the proposed model uses the average value Py, obtained by sampling Pyy; at
successive points along the entire beam and averaging the results.

3.4.4 DBS Placement and Beam-Footprint Association

Using the access probability model developed above, we evaluate, for every candidate
DBS site i and every beam footprint location j, the access probability £4(i,j). A link
(i,) is considered feasible if (i) a LOS path exists between site i and footprint j, and (ii)
Pa(i,]) = PAmin, Where P min is a design threshold that enforces a minimum reliability
level. Let
o = 1, if LOS holds and P4 (i, j) = PA.min> (3.44)
0, otherwise,
and define the candidate DBS location set 7 (indexed by i) and the set of beam footprints J
(indexed by j). Each active DBS can simultaneously serve at most Nyeams footprints.
We select which sites to activate and how to associate footprints through the binary

decision variables
yi€{0,1} (iel), x;;€10,1} (iel,jed), (3.45)

where y; = 1 if site i is activated, and x;; = 1 if footprint j is assigned to site i.
Furthermore, we define a MILP which seeks the minimum number of active DBSs that (i)

cover all footprints and (ii) respect the per-DBS beam capacity, while discarding infeasible
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links:

min >y, (3.46)

{xij.yi} Y
s.t. Zx,,- =1, ViedJ (C1)

iel
Z Xij < NbeamSayi, Viel (Cz)

jeg
> xi 2y, Viel (C3)

e
xij €{0.1}, yi € {0, 1}, VieIVjeJd. (C5)

where (C1) assigns each footprint to exactly one active site, ensuring full coverage; (C2)
enforces the per-site beam limit; (C3) prevents opening an idle site; and (C4) forbids as-
sociations without LOS or with 4 below the threshold. Problem (3.46) is a capacitated
facility-location/assignment MILP where opening a facility has unit cost.

This formulation leverages the reliability metric to make deployment decisions. By
thresholding P4 into a;;, the model admits only associations that meet the target reliability,
and then selects the smallest set of DBSs capable of serving all footprints under beam-
capacity constraints. The outcome is (i) a subset of activated sites {i : y; = 1} and (ii) a

feasible association plan {x;; = 1} suitable for subsequent scheduling.

3.5 Simulations and Discussion

3.5.1 Old vs. New Access Probability Model

To obtain the results below, a single beam was simulated based on its location and that of
the serving DBS. Vehicles were generated by sampling their inter-arrival times from an
exponential distribution with the appropriate rate, yielding the required density k. At each
simulation time step t;, the channel to each vehicle was sampled according to the model
described in (3.34). The number of vehicles receiving sufficient power then determined their
success in obtaining access to the network, as described earlier. The simulation parameters
are listed in Table 3.2.

Firstly, we show the gain in terms of accuracy when the steps-average estimate of outage

probability, oy, is used instead of the mid-point estimate, pmid ysed in [73]. Figure 3.18

out °
shows the results obtained from two different simulation scenarios, with each having the DBS
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Table 3.2 Simulation Parameters

| Parameter | Value |
Beam length L, 146.8 m
Shadowing standard deviation o 4
Required minimum received power —52 dBm
Maximum number of supported vehicles K 5.4
Transmission power Pr 5 dBm
Carrier frequency f, 27.5 GHz
Poisson density A4, 0.6

placed at different instances along the street axis. Clearly, obtaining an step-averaged estimate
yields more accurate results, while the mid point estimate fails to include the variations in
outage probability due to the path loss across changes across the street.
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Figure 3.18 P o Tesults in far more accurate results in comparison with pmidoyt.

Then, Figure 3.19 compares the old and novel models in terms of accuracy. In this case,
both models use the step-averaged ﬁ)ut. As shown, the novel model yields results much
closer to the simulation measurements, showing higher accuracy than the model in [73].

3.5.2 Case Study: Selecting Beam-Footprint Associations in Bologna

We solve the proposed MILP for given a;; and P4 (i, j) and compare it against a greedy
baseline. The quantities a;; and P4 (i, j) resemble values obtained from randomly placing
candidate DBS sites in Bologna, selecting the main streets, partitioning them into equal-

length footprints, and, using the novel access probability model, thus computing P4 (i, )
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Figure 3.19 Comparison of the two access probability models and measured results.

and the feasibility mask a;;. For calculation of LOS feasbility, a similar approach to that
described in Chapter 5 can be utilized.

The greedy baseline works as follows. It orders footprints in ascending order by the
number of feasible serving sites (the count of i with a;; = 1) and iteratively assigns those
with the fewest options first. At each step, it prefers beams from already activated DBS
locations to avoid underutilization. If none are available, it activates a new DBS. The process
continues until all footprints are covered, while enforcing that no DBS serves more than
Npeams footprints. Experiments are conducted for Npeams € {5,6,7,8,9,10,11} and DBS
heights of 70m and 80m. The reliability threshold is P4 min = 0.5. The MILP is solved using
CPLEX on Python.

The first results in Figure 3.20 compare the number of active DBSs achieved by the MILP
vs. the greedy approach. Note that changing the height of the DBSs seems to not change the
results, and clearly, the MILP approach is superior in terms of reducing the number of active
DBSs.

The second set of results in Figure 3.21 compares the minimum access probability
achieved by the MILP with that of the greedy approach. Although the outcomes are very
similar, the greedy method appears to slightly outperform the MILP in most cases, with

differences not exceeding 0.001.
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Figure 3.20 Greedy vs. MILP approach for activating beams. Employing the MILP reduces

the number of active DBSs.
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Figure 3.21 Greedy vs. MILP approach for activating beams. The minimum access prob-
ability results are similar, with small improvement observed when employing the greedy

approach.

3.6 Conclusion

In this chapter, the problem of fronthaul-aware placement of DBSs is approached under two
different scenarios: first, assuming knowledge of the exact coordinates of GNs; and second,

assuming no knowledge of GNs locations. For the first case, a novel clustering method, SINR-

EM, is introduced, which accounts for varying transmission power settings and interference
among DBSs, using a modified EM framework guided by SINR-based similarity metrics.
Simulation results confirmed its superiority over traditional clustering methods, particularly
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in reducing interference and improving user link quality and thus the energy efficiency of the
system. For the second case, the author addressed the placement problem by proposing a
multi-agent Q-learning framework. This model-free approach enables DBSs to learn optimal
placement policies based on historical channel measurements and fairness-aware quality of
service (QOS) metrics. The simulation results demonstrated improved system fairness and
energy efficiency compared to benchmark methods, while maintaining scalability with user
density.

Finally, the chapter presented a mathematical model for mapping the estimated access
probability of vehicular users served by a beam from the DBS. Building on the work in
[73], the model introduces corrections and a mathematical reformulation. Simulation results
confirm its superior accuracy compared to the earlier approach. The author also formulated an
MILP showing how the model can be utilized to select DBS deployment and beam-footprint
associations, while minimizing the number of active DBSs.

All solutions in this chapter focus solely on the fronthaul link and neglect backhaul
provisioning. Alternatively, in the next chapter, drones are placed while considering backhaul

links optimization aspects only.






Chapter 4
Optimizing Transmission Power

In this chapter, a transmission power control scheme for multiple DBSs deployment is pre-
sented. Using an adapted Monte Carlo tree search (MCTS) algorithm [74], the transmission
power settings are determined for the deployed DBSs. Using this scheme, the number of
required DBSs can also be determined, as some transmission power settings can be set to
zero, thereby removing the DBS from the network.

The algorithm considers energy efficiency and link reliability metrics defined in (2.16)
and (3.3.7). The problem is formulated as a game tree where each node represents a different
combination of transmission power settings. The tree is solved using an adapted MCTS
approach [74], which iteratively builds a search tree, performs random simulations, and
updates the tree with outcomes to balance exploration and exploitation, refining optimal
moves. MCTS is a type of RL algorithm [70]. The author simulates the performance
of this algorithm when combined with the SINR-EM placement algorithm presented in
Section 3.2. The performance is also compared with another algorithm that has received
considerable attention in the literature. This algorithm employs particle swarm optimization
algorithm (PSO) to determine the 3D locations of the DBSs. In contrast, the proposed MCTS
scheme optimizes only the 2D locations and transmission power. Therefore, the author
provides a performance comparison between optimizing the heights (PSO) and optimizing
the transmission power (MCTS).

The contributions in this chapter were published in:

1. Janji, S. & Kliks, A. Drone Base Stations Transmission Power Control and Local-
ization. In: Mobile and Ubiquitous Systems: Computing, Networking and Services,
LNICS, vol. 492, Springer, pp. 356-377, 2023. https://link.springer.com/10.1007/
978-3-031-34776-4_19
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74 Optimizing Transmission Power

4.1 Related Work

In [75], the authors addressed the simultaneous wireless information and power transfer
(SWIPT) problem, aiming to minimize the energy consumption of a single DBS while
satisfying user data rate requirements. The problem is decoupled into optimizing the DBS’s
transmission power and position, and the SWIPT time and power splitting ratios. The
iterative optimization process achieves significant energy savings and maintains user QoS.
The centroid method, combined with gradient descent, is used to reduce problem complexity
and solve for decision variables. For a sensor network assisted by a single DBS sharing the
spectrum with all sensors, [76] addresses interference management by optimizing transmit
power and DBS trajectory to maximize sum throughput. The problem is divided into transmit
power control and trajectory planning, using difference of convex functions programming
and successive convex approximation to find suboptimal solutions. In [77], the authors aim
to maximize the secrecy rate by jointly optimizing UAV trajectory and transmission power
in the presence of eavesdroppers. The problem is formulated as a non-convex optimization
and solved using alternating optimization. [78] focuses on optimizing UAV positioning and
transmission power to enhance communication reliability and throughput. The problem is
approached by decoupling UAV positioning and power control into separate tasks, employing
heuristic and optimization techniques for iterative improvement. These works consider
a single DBS scenario only and do not address the complexity arising from interference

between multiple deployed DBSs and how to control their power accordingly.

4.2 Monte-Carlo Tree Search MCTS

In its simplest form, MCTS incrementally builds an asymmetric tree where each node defines
a unique decision at a given state. At each iteration, the algorithm begins at the root node
and progresses to a specific node through a series of selections that conform to a certain
policy, which balances between exploration of new states and exploitation of previous results.
Next, the selected node is expanded by adding a child node to the tree. Starting from this
child node, a simulation (or playout) is run until a terminal state is reached. In the context
of games, this can be a win or loss. Finally, the result is back-propagated from the terminal

state through its ancestors to the root node by updating the states of those nodes [74].
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4.3 Transmission Power MCTS (TP-MCTS)

An adapted MCTS algorithm is proposed to determine each DBS transmission power.
The algorithm is denoted as transmission power Monte Carlo tree search (TP-MCTS).
In TP-MCTS each node is uniquely defined by a set of transmission power settings for
all DBSs. Starting from an initial setting of maximum power for all DBSs (i.e., Pr =
[PTl = Pmax, .-, Py, = Pmax]) a root node is defined. A child node is created by decreasing
the transmission power of one DBS by a predefined step of Py (e.g., P = [Pmax> Pmax —
Pp, ..., Pmax]). For each selected node, SINR-EM is performed given the specified trans-
mission powers, and two figures of merit are obtained as a result: the first is the number of
served users, Npoge, given by (2.14); and the second is the achieved energy efficiency, {hode,
given by (2.16). Both are used to obtain the score (reward) of each node. Let Ny, = ®U be
the minimum required number of served users achieving an SINR value greater than or equal
to I'i, where @ is the desired percentage of served users (or link reliability). Then, the score
of each node in the i-th iteration is obtained as

L A P

S =) L @)

D+ % otherwise.

If Ny, is achieved, then the score would also include a value proportional to the achieved
energy efficiency, independently of the assigned bandwidth, to search for solutions that
further optimize the system’s energy efficiency, since the score guides the tree search as will
be explained later below.

Figures 4.1a to 4.1d illustrate an example of TP-MCTS for four iterations. Each node is
defined by the set of specified transmission powers below it, and its state contains the score
and number of visits. Note that the number of visits is incremented only when a child of
that node is visited through it, not when it is selected. For the sake of demonstration, it is
assumed that the root node initially has a score of 0.6 obtained from the deployment results
of SINR-EM with the initial maximum transmission power settings. The algorithm proceeds

as follows:

* Iteration 1: The child node that reduces the transmission power of the first drone is
selected (the selection criterion will be presented later). After performing SINR-EM, a
result of 0.65 is achieved, which is higher than the node’s sole ancestor (i.e., the root)

score, so a win has occurred and the result is back-propagated upwards.

* Iteration 2: The root node score is updated with the resulting win from its child. When

a win occurs, all of the winning node ancestors’ scores are updated after receiving
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the score (see (4.1)) achieved by the winning child. The new scores are calculated

according to the cumulative average

. sC =8
A i)+( win') l)), (4.2)

node node V(i)node +1

where V(i)node 1s the visits count and vaini) is the winning child node’s score. The next
selected node reduces the transmission power of DBS M and results in a score lower
than its highest ancestor score (the root in this case) and therefore a loss occurs. The

score is not back-propagated in the case of loss.

Iteration 3: The child node with the reduced transmission power for the first DBS is
selected again. Given that this node was selected before then, it is not considered a win
and therefore the algorithm continues. That is, a win or loss occurs only when a node
is selected for the first time. Next, a further child node is created by again reducing the
transmission power of the first drone (j = 1), and SINR-EM results in a score of 0.65.
Since this score is equal to the highest ancestor score (0.65 belonging to the parent in
this case), then again no win or loss occurs. Finally, another child node is selected,
which reduces the transmission power of the second drone (j = 2), and the obtained
score is 0.7, which is higher than 0.65, and therefore a win has occurred, and the result
is back propagated. The optimal state (shaded) is the one that has so far achieved the

highest score during creation.

Iteration 4: Assuming that the losing node of the second iteration is selected again,
we observe that no loss occurs. Next, a further child node is created by an additional
decrease of the last DBS power (j = M), and the achieved score is 0.58. Although the
score is higher than its parent node, a loss occurs because the highest ancestor score
is 0.644, belonging to the root node, which is higher than the score achieved by this
child.

In TP-MCTS the selection, expansion, and simulation steps of the standard MCTS are

lumped together, and at each iteration, the algorithm progresses by selecting child nodes until

reaching a terminal node which is selected for the first time such that it terminates with a win

or loss if the achieved score of the considered node is higher or lower respectively than the

highest score in the traversed nodes. The score is back-propagated only in the case of win.
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(c) Second win after reducing Pr, (d) Second loss after reducing Pr,, again

Figure 4.1 MCTS example. Note how the ancestor scores are updated after each iteration.

4.3.1 Selection Criterion

To select the next node, the scores of all possible child nodes are considered, while the
missing scores of the nodes that are not yet created are substituted by the parent score (i.e.,
current). The selected child node is the one with the maximum upper confidence bound score
(UCB) value given by [79]

In(visitsparent)

UCBehita = Schita + Ke\/ (4.3)

Visitsepiza+1
where K, is an arbitrary constant controlling the level of exploration.
Algorithm 3 shows the object-oriented programming (OOP) pseudocode for TP-MCTS,
which is implemented recursively. Each node is an object (line 7) which can be simulated
by invoking the SIMULATE method (line 12). Each child receives its ancestor’s highest
score to check for a win or loss after performing SINR-EM with the given transmission
power Pr and set of users U. Starting with the root node, and for a given number of max
iterations (iterationmy,y), the SIMULATE method is invoked. On the first call to each node’s
SIMULATE method, the score is obtained after performing SINR-EM and it is compared to
the global highest score to keep track of the optimal simulated state (line 16). Then, each
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possible child of the current node is instantiated by decreasing the transmission power of a
uniquely selected drone, and the score of each child is initialized to the parent’s achieved
score as mentioned previously. Then, the achieved score is compared to the highest ancestor
score, Sqancestor, Which is the highest score between the nodes on the path from the parent of
the current node to the root. In the case of a win (line 26), the achieved score is returned; in
the case of a loss 0 is returned. If it is not the first simulation of the node or no win or loss
occurred, the algorithm proceeds by selecting a child of the current node according to the
UCB policy (see (4.3)) and invoking its SIMULATE method. Whenever a positive score
resulting from a win is back-propagated from the child simulation, the parent node updates

its score according to (4.2).

4.3.2 Time-based Updates

Assuming that DBSs are deployed to serve non-stationary users, the mobility of drones can be
utilized to adapt to the movement of users and periodically update the locations of DBSs so
that the overall performance of the system is improved. Instead of initializing the TP-MCTS
tree at each update interval and performing a substantial number of iterations to approach the
optimal solution, we can make use of the experience embedded in the current tree structure.
To proceed further, the following assumption is made: after a duration of fypgdate, the new
optimal solution lies in the vicinity of the previously found solution. That is if #ypdace 18
small enough relative to the speed of movement of users, then the existing branches weights
(scores) can still be utilized to guide the search to the next optimal solution, and last winning
node can possibly serve as a good starting point for the next search. Accordingly, after each
tupdate, the simulated attribute of each node is reset so that when a previously simulated
node is selected, SINR-EM will be performed again for the current users’ distribution and the
node’s score is updated accordingly. The visits count is also reset for all nodes. Furthermore,
consider that the previously winning node is given by nodey;,, then after simulating this
node and the root node again, the achieved scores are compared to select the node with the
highest score as the current root to search from. This is called best root selection (BRS) (see
Algorithm 4).

4.4 Simulations and discussion

To test TP-MCTS performance, two different simulation scenarios with different settings and

baseline methods are considered:
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1. Scenario 1: Through extensive simulations, the results achieved by TP-MCTS are com-
pared to the results of a popular PSO-based solution mentioned in [80] for uniformly

distributed users.

2. Scenario 2: Using the RWP [32], TP-MCTS is simulated against the baseline settings
in which DBSs are randomly distributed. On the other hand, TP-MCTS updates the
location of drones every fypdate S€conds in accordance with subsection 4.3.2.
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Algorithm 3 Transmission Power Monte Carlo Tree Search.
Input: U, M, Pyax, Pa,

Output: Pr, p=[p, pts,... ]
1: root « NODE([Pmax, --» Pmax] »0)

2t Sy <0

3: Ppest < [Pmaxs -+» Pmax]

4: for iteration < iteration,,,, do
5 root.SIMULATE(O, U)

6: end for

7: object NODE(P7, Sparent)

8 visits «— 0

9 simulated < false

10: childs «— { }

11: S — Sparent

12: function SIMULATE(S 4,.cest0r» U)

13: if simulated = false then

14: perform SINR-EM (see Algorithm 1).

15: S = obtain node score according to (4.1).

16: if S > S,,4, then

17: Smax < S

18: Pyoss — Pr

19: end if

20: fori — 1,M do

21 P10 — Pr

22: P iai < Ploiai = Pa

23: childs < {childs, NODE(Pz,,,,.S)}

24: end for

25: simulated «— true

26: if S > S,.cesr0r then return S > win occurred
27: else if S < Sy,ce5r0r then return 0 > loss occurred
28: end if

29: end if

30: visits «— visits+1

31: child « child with highest UCB value obtained according to (4.3)

32: result « child SIMULATE(max{S, Sparen }, U)

33: if result > 0 then update score according to (4.2) > update if win
34: end if

35: return result

36: end function

37: end object
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Algorithm 4 TP-MCTS with best root selection.
Input: U, M, Ppax, Pa,
Output: Pr, p= [, fy, .., ]
1: Perform TP-MCTS as defined in Algorithm 3.
2: Atevery t = Ntypdaee .t. N € {1,2,3..}

3: Set visits < 0, simulated < false for all nodes.
4: nodeyin < the node with highest score so far.
5: root.SIMULATE(O, U)
6: nodein.SIMULATE(O, U)
7: if nodey;,.score > root.score then
8: for iteration < iterationmax do
9: node.in.SIMULATE(O, U)
10: end for
11: else
12: for iteration < iteration,,,, do
13: root.SIMULATE(O, U)
14: end for
15: end if

In both cases, the author discusses the results and deduces insights into the trade-off
between different deployment parameters such as transmission power settings, users’ quality
of service, number of DBSs, and the achieved energy efficiency. Also, in both cases, given
the required rate, R, for users and the expected capacity of DBS, Cgs = Bp X ysg where ysg
is the assumed system average spectral efficiency, the maximum number of users per DBS
can be obtained as

@| (4.4)

Umax = \\ R

4.4.1 Scenario 1 (PSO)

Description

In PSO, a number of particles is generated, whereas each particle entails a randomly generated
set of parameters. In the case of the proposed DBS allocation algorithm in [80], each particle
specifies a set of randomly generated 3D locations of DBSs. The particles converge with
random speeds towards the most promising global (across all particles) and local (per
individual particle history) solutions that minimize a given utility function. The chosen

solutions are updated whenever a better one is found. Through the use of three different
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utility functions, the problem of 3D allocation of DBSs is tackled by minimizing the first
utility function until a specified value is achieved, and then minimizing the second utility
function and so on until the third utility function achieves a value less than a given threshold.
Initially, the number of required drones and drone capacity are estimated based on the
assumption of a given system spectral efficiency, similarly to what is described above. Then,
the three utility functions optimize for three objectives, successively; the first objective aims
to preserve the capacity constraint of each DBS given the density of users in each sub-area.
The second objective aims to achieve the required link reliability while preserving the first
objective. Finally, the third utility function tries to improve the system’s average spectral
efficiency until it reaches the value used in the aforementioned assumption while preserving
the first two objectives, and the algorithm finishes. At each iteration i and after finding
the optimal global solution for the current objective (i.e., chosen from all positions that
all particles tried), and the optimal local solution for each particle (i.e., the position that
minimized the utility function for the individual particle), the velocity of each particle is
obtained as

yitl = ¢PSOV(i)+c1¢P1’SO+(W( i) -w4)), 4.5)

local

i) = W) +cap50 + (Wg(lobal

i) and W

(s 3 . . . . (
where Vi) is velocity from the previous iteration, Wg local

lobal i) are the global and

local solutions respectively, and W(i) is the current particle position. Furthermore, ¢y, c2,

¢FS0, ¢550, and ¢P5O are the PSO arbitrary parameters.

Simulation Settings (PSO)

In this work, the results of the aforementioned PSO solution are compared to the proposed
TP-MCTS algorithm assuming an area of 1 km X 1 km with 500 users. Simulation is done
using different numbers of serving DBSs, beginning with the minimum number estimated by
dividing the total number of users by the maximum number of users per DBS obtained in
(4.4). Also, the SINR requirement of I'y, is varied. The maximum number of iterations is
limited to 7 = 200. Table 4.1 lists the simulation parameters. The PSO-related parameters are
listed in Table 4.1(c) using the same notations as in [80]. ¢ (also called the inertia weight) is
set as a linearly decreasing weight (LDW) [81] obtained as ¢ = ¢max — wi , Where [ is
the current iteration count, and ¢ and ¢, are randomly drawn uniformly from the specified

ranges.
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Table 4.1 (a) System parameters, (b) TP-MCTS parameters, (C) PSO parameters.
(@)

H Parameter Value H
Number of users U 500
Path loss parameters a, 3, nL.0s, and NLOS 9.61, 0.16, 1 dB, and 20 dB
Carrier frequency f. and drone bandwidth Bp 2 GHz and 20 MHz

Noise power 0

, required rate R, and spectral
efficiency ysg

Link reliability @ and SINR threshold F&B

-110 dBm, 1 Mbps, and 2 bps/Hz

0.95 and -2/ 0 dB

(b)
H Parameter Value H ©)
Softmax scale » and dropout 4 and 0.5 H Parameter ‘ Value H
SINR difference Sy, ®min> Pmax> C1, 0.9, 0.95,
Drone height /4 and exploration | 70 and 0.01 and ¢, 0.095, and
constant K, 0.15
Power step Px and maximum 100 mW and ¢1 and ¢ € 0.8 1.8]
power Pax 500 mW

Number of Served Users ()

Figure 4.2 shows the value of N per iteration achieved by each algorithm for different
numbers of serving DBSs, M, and two different conditions of I'y,. In Figure 4.2a, it can be
observed that for M = 14 and M = 15 the PSO solution was, on average, not able to provide
the required Ny, = 475 (indicated by the straight line). On the other hand, it appears that
clustering users using SINR-EM without power control did already satisfy the requirement,
and TP-MCTS changes the transmission power of DBSs in such a way that N is rather
decreased while optimizing for the achieved energy efficiency ¢ (see (4.1)). Additionally,
Figure 4.2b plots the results given F&B =0 dB. Evidently, the PSO algorithm was far from
finding a solution that satisfies the requirements, whereas TP-MCTS was able to find a
solution for M = 14, and SINR-EM had already satisfied the requirements in the cases of
M =15and M = 16.

Energy Efficiency (¢)

For FS]B = -2 dB, Figure 4.3a shows that TP-MCTS is able to substantially improve the
energy efficiency by around 575%. Furthermore, increasing the number of DBSs from
M =14 to M = 16 decreases the total required transmission power, which is expected when

cells are more dense. We observe that a higher number of DBSs initially results in degraded
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Figure 4.2 TP-MCTS vs. PSO by N. TP-MCTS always achieves the required I'y, and
substantially outperforms the PSO solution.

system performance in terms of £ but later improves further than the cases with less DBSs as

TP-MCTS optimizes the transmission powers.
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Figure 4.3 TP-MCTS vs. PSO by (.

Transmission Power (P7)

The average transmission power for all DBSs per iteration is plotted in Figure 4.4. For the

case when FdB

-2 dB, TP-MCTS seem to substantially decrease the transmission power
of all DBS to almost 100 mW. This improves the interference levels between DBSs as can

be deduced from previous plots. By examining the results when M = 16, we observe that
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after a substantial number of iterations the average power per DBS is below 100 mW. Since
Px =100 mW (see Table 4.1) this indicates that TP-MCTS results in completely turning off
a DBS by setting its transmission power to zero.
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Figure 4.4 Average transmission power per DBS. Increasing the number of DBSs allows less
transmission power per DBS.

4.4.2 Scenario 2 (RWP)
Simulation Settings

The author simulated the proposed TP-MCTS solution for a moving set of users generated
according to the RWP model [82] against the baseline scenario where DBSs are distributed
randomly. 200 moving users were considered in an area of 0.5 X 0.5 Km? that are served
using 5 or 6 DBSs. TP-MCTS is run every fypgaee = 5 seconds for 20 iterations (see 4.3.2).
1000 trials are run, and the duration of each simulation trial is 120 seconds (i.e., 120 seconds

of network functioning in real life). Table 4.2 lists the simulation parameters.

Number of Served Users (V)

Figure 4.5a shows the achieved N for 5 and 6 serving DBSs. The random approach achieves
a constant performance on average, whereas TP-MCTS performance seems to decay between
update intervals, and increases up to a maximum value after every update. TP-MCTS seems
to also preserve a steady performance, which means that the tree is indeed able to adapt to
the new users’ locations and find new solutions. Figure 4.5b shows the average achieved
{ for 5 and 6 serving DBSs along with using the random distribution approach versus TP-

MCTS. Clearly, when adding an extra DBS, the achieved energy efficiency decreases, but
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Table 4.2 (a) System parameters, (b) TP-MCTS parameters.

(a)
H Parameter ‘ Value H
Number of users U 200
Path loss parameters a, 3, 71.0s, and 7NLOS 9.61,0.16, 1 dB, and 20 dB
Carrier frequency f. and drone bandwidth Bp 2 GHz and 20 MHz
Noise power o, required rate R, and spectral -110 dBm, 1 Mbps, and 2
efficiency ysg bps/Hz
Link reliability @ and SINR threshold F&B 0.95 and 0 dB
(b)
H Parameter Value H
Softmax scale » and dropout SINR difference Sy, 4 and 0.5
Drone height 4 and exploration constant K, 70 and 0.01
Power step Px and maximum power Ppy,x 100 mW and 500 mW
tupdate and number of iterations 5 s and 20

in TP-MCTS it can be intelligently deployed to improve the performance of the system.
Figure 4.5¢ plots ¢ per second obtained using TP-MCTS with and without best root selection.
The improvement resulting from using BRS is evident. The lack of such improvement in the
case of no BRS is expected for a low iterations number of 20 since the tree search would

never reach deep states that sufficiently reduce the transmission powers of DBSs.
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Figure 4.5 Results for the second simulation scenario with time updates.

Collision avoidance

The author also measured the minimum distance that occurred between any DBSs during all
trials. Recall that setting Sy, to a small value reduces the overlap between clusters in SINR-
EM and thus increases the distance between DBSs (see Section 3.2.5). In the case of M =5,
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the minimum distance recorded was 119.5 m, whereas for M = 6 the minimum distance was
107 m (see Figure 4.6). An interesting remark in the context of collision between DBSs is
that TP-MCTS, if run indefinitely, will always avoid the state where two DBSs locations are
equal, whereas turning one off completely (i.e., reducing power to zero) would always give a
higher score (see (4.1)).

A ’\ minimum dill'/;;lfe =119.5m A /\

/

minimum distance = 107 m

Figure 4.6 Minimum distance between any two DBSs during simulation.

4.5 Conclusion

It was shown that TP-MCTS outperformed the other baseline methods in terms of link
reliability and energy efficiency. It was also shown that optimizing the transmission power
yielded higher performance metrics in comparison with the PSO approach, which optimizes
height. TP-MCTS is flexible and can optimize for whatever goals we set by defining the score
appropriately. For example, the score given by (4.1) can be modified to include the system
spectral efficiency instead of £, depending on the design requirements. Also, simulations
showed that TP-MCTS can remove redundant DBSs by setting their transmission power to
zero. Furthermore, the results proved that intelligent densification of cells can improve the
system performance if properly managed. Finally, the author showed that TP-MCTS can

utilize its tree history to guide the search towards more promising nodes.






Chapter 5

Backhaul-Aware DBS Placement

Chapter 3 addressed the problem of DBS placement by focusing solely on fronthaul-layer
optimization aspects, such as the locations of GNs, path loss performance, and related
parameters. In contrast, this chapter examines DBS placement from the perspective of
backhaul optimization. The author considers a scenario in which deployed DBSs must ensure
interconnectivity, either among themselves or with other network cells, via backhaul links,
thereby maintaining overall backhaul connectivity. This formulation is particularly relevant
in practical deployments where a group of UAVs operates as DRSs, providing backhaul links
between two endpoints (e.g., a base station and a temporary cell established at a hotspot
location).

What sets this backhaul interconnectivity problem apart from prior works on relay
placement is the mobility and altitude flexibility of UAVs, which allow DRSs to establish
LOS links with one another. Unlike terrestrial relays or fixed cells, DRSs are not restricted to
predefined deployment locations, enabling more adaptable and efficient network topologies.
This enables the use of directive channel technologies such as mmWave and FSO, which offer
higher throughput, lower power consumption, and enhanced security. Another novel aspect
that should be considered is the aerodynamic energy consumption of UAVs, which will limit
the deployment time of DRSs, and which can be mitigated by energy harvesting technologies
such as solar panels. This chapter addresses these novel aspects of relay deployment by
introducing a framework for determining the optimal locations of DRSs employing directive
transmission, while accounting for constraints related to the required backhaul data rate,
drone energy consumption and harvesting through solar panels, and LOS clearance in urban
environments with buildings acting as obstacles.

Some of the contributions in this chapter were published in:
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1. Janji, S. & Sroka, P. RIS-aided Multi-hop Backhauling for 5G/6G UAV-assisted Access
Points. Journal of Telecommunications and Information Technology, vol. 2, pp. 63—69,
Jun. 2023. https://jtit.pl/jtit/article/view/1190

2. Janji, S. & Sroka, P. Wykorzystanie Rekonfigurowalnych Inteligentnych Matryc An-
tenowych w tqczu Dosytowym Sieci 5G/6G Wykorzystujacej Bezzatogowe Statki Powi-
etrzne. Przeglad Telekomunikacyjny — Wiadomosci Telekomunikacyjne, vol. 1, pp. 87—
90, Aug. 2023. https://sigma-not.pl/publikacja-144743-2023-4.html

3. Janji, S., Samorzewski, A., and Kliks, A. Procedura Rozmieszczenia Mobilnych
Przekaznikow Dosytowych FSO Zasilanych 7z OZE. Przeglad Telekomunikacyjny
— Wiadomosci Telekomunikacyjne, vol. 1, pp. 290-293, Aug. 2022. https:
/Isigma-not.pl/publikacja-138994-2022-4.html

4. Janji, S., Samorzewski, A., Wasilewska, M. & Kliks, A. On the Placement and
Sustainability of Drone FSO Backhaul Relays. IEEE Wireless Communications Letters,
vol. 11, no. 8, pp. 1723-1727, 2022.

5.1 Related Work

Emerging cellular networks increasingly rely on small cells (SCs) as part of a densification
strategy aimed at meeting high data rate and low latency demands [83]. However, SCs require
robust backhaul connectivity to function effectively [84], and ensuring backhaul for mobile
SCs remains a significant technical challenge. In this context, FSO communication links
have demonstrated superior performance compared to RF links, offering higher data rates,
more compact and lightweight antenna designs, and improved security [85].

Recently, attention has turned to deploying FSO transceivers on UAVs. In [43], the
authors propose a statistical channel model for FSO communication between a ground
transceiver and one mounted on a UAV. In [86], multirotor-based air-to-air (A2A) FSO
communication is studied, showing that despite alignment challenges, commercial drones
can maintain reliable links. The work in [87] investigates a network of DBSs equipped with
FSO transceivers, where backhaul links are established via A2A FSO. Their results show
notable throughput improvements when FSO is used for both fronthaul and backhaul.

Similarly, [88] approximates the ergodic rate for an FSO link between a UAV relay and a
ground station, combining it with an RF-based ergodic sum rate to derive the relay’s total
capacity. In [89], UAVs serve as buffer-enabled FSO relays between static nodes, enhancing

outage performance. However, these works typically assume clear LOS paths at sufficiently
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high altitudes and do not address the placement challenges posed by urban obstacles. In
contrast, this work considers environments where obstacles are explicitly mapped and may
obstruct LOS paths, either due to building height or regulatory constraints that restrict UAV
flight altitudes.

DRSs may also need to fly at low altitudes to minimize interference when establishing RF
links with ground nodes, as suggested in [68]. Furthermore, existing works rarely account
for the energy limitations of UAVs.

Flight time is inherently constrained by onboard battery capacity. To improve energy
efficiency, some solutions optimize UAV trajectories, such as the work in [90], where a model
for propulsion energy is derived and used for trajectory optimization. Other approaches
explore renewable energy harvesting: [22] presents a UAV prototype equipped with solar
panels, while [24] addresses SNR outage minimization by jointly optimizing transmit power
and flight duration. In [47], trajectory and resource allocation are jointly optimized in the
presence of cloud cover, with UAVs adjusting altitude to maximize solar energy capture. An
energy-aware algorithm is proposed to adapt UAV flight based on aerodynamic consumption,
available energy, and users’ QOS demands.

However, this work considers that buildings may block both solar radiation and FSO
signals. As a result, DRSs should be placed to avoid both types of obstruction.

The problem of positioning solar-powered DRSs to maintain backhaul connectivity across
obstructed environments is addressed. First, Lee’s visibility graph algorithm [91] is employed
to determine feasible LOS paths between successive DRSs. Then, the algorithm is modified
to prioritize sunny locations over shadowed ones. The results show that, in the given scenario,
DRSs can be positioned in sunlit areas throughout daylight hours. By incorporating an energy
model, the performance gains achieved by using solar panels are demonstrated. These are
measured in terms of the reduced number of required recharging trips to maintain continuous

backhaul connectivity.

5.2 Problem Formulation

A dense urban environment is considered with a MBS located at Ly = (xp,yy) and a
designated hotspot at Ly = (xg,yg), as shown in Figure 5.1. Hotspot locations may be
derived from user positions estimated via UE localization methods such as observed time
difference of arrival [92] or GPS data. Alternatively, historical patterns and deep learning
models may be used to predict them, as demonstrated in [93].

To enhance spectral efficiency and overall throughput, a dedicated DBS is deployed at

the hotspot, with its backhaul connection to the MBS established via a set of solar-powered
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DRSs using FSO links. Each link in the multi-hop chain must maintain unobstructed LOS.
Figure 5.1 illustrates a scenario in which the link between the MBS and the first DRS is
obstructed, while the link to the hotspot remains clear.

The case where DRSs are equipped with PV panels is also considered, thus generating
energy when exposed to sunlight. Energy consumption and harvesting are modeled using the
equations presented in Chapter 2: (2.29) for propulsion energy and (2.32) for solar power
production.

The objective is to find a communication path from Lj; to Ly that avoids all obstacles
in the set of buildings illustrated in Figure 5.1. Given that the shortest unobstructed path in
an environment with obstacles consists of straight line segments connecting the source to
the destination via a (possibly empty) sequence of obstacle vertices [94], the problem can
be formulated as a visibility graph problem [91]. In this formulation, the input graph G,
represents the set of geometric primitives (e.g., convex polygons defined by their vertices
and connecting edges), and the output is a visibility graph G,, which includes all edges
connecting pairs of vertices in G, that are unobstructed—that is, pairs between which a
direct, obstacle-free LOS path exists. The final solution is obtained by applying a shortest
path algorithm (e.g., Dijkstra’s algorithm) to G, thereby identifying the optimal locations
where DRSs should be deployed to maintain backhaul connectivity. In this work, Lee’s

algorithm is employed as described in [91] due to its conceptual simplicity and computational

efficiency.
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Figure 5.1 Illustration of the proposed scenario: high-rise buildings with MBS and hotspot
destination. FSO links shuld have clear LOS.
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5.3 Proposed DRS Placement Algorithm Without Solar

Awareness

Given a map of the obstacles, a graph G,(V,, E,) is extracted, which contains all the vertices
V, and edges E, that define the buildings (i.e., building corners and building edges in the top
view, respectively). The two points defining the start and end locations given by Ly, and Ly,
respectively, are added to the set of vertices, V,,, so that their visibility tree is also computed.
Then, Lee’s algorithm is applied for each v; € V, to obtain the complete visibility graph G,
as follows [95]:

1. Initialize a horizontal scan line, s, starting from the center vertex ¢ = v; and pointing

rightwards.

2. Sort all other vertices {v; € V,, \ v;} in ascending order according to the angle 6;
between § and ¢V (i.e., by rotating 5 counter-clockwise) and store them in a data
structure A.

3. In another data structure, E, sort all the edges that intersect § in ascending order
according to their distance from c, along with the distance magnitude. Clearly, the first

edge is the only one that ¢ can see.

4. Rotate 5 to every vertex v; in the order of 6; in A; at every vertex, check each edge
that v; belongs to, and either add or remove this edge from E, depending on whether s

would intersect it at the next rotation step.

5. At every rotation step, check whether the distance to v; is less than the distance to the
closest edge in Ej; if so, then v; is visible and it is added to the visibility tree of v;,

otherwise it is not.
After obtaining G, (V,,E,), each edge E; = {v;,v;} is assigned a cost given by

d(vi,v;)
=7y

dmax

1, 5.1

where d(v;,v;) is the Euclidean distance between the two endpoints, and dpax is a normaliz-
ing factor that limits the distance cost to the interval [0, 1] and can be set to the maximum
distance between any two points in the considered area. The cost is defined this way to
prioritize minimizing the number of hops (i.e., number of DRSs), with distance acting as
a secondary optimization criterion. The added value of 1 ensures that each chosen edge

contributes to the hop count. Note that to ensure sufficient FSO rate, we merely need to
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ensure that no edge is selected with a distance larger than dp,x, which is obtained based on
a certain rate requirement using 2.26. A rate-aware approach is used in Section 5.5 below.
Finally, Dijkstra’s algorithm is applied on G, using the edge costs defined in (5.1) to find the

shortest communication path.

5.4 Proposed Solar-Powered DRSs Placement

To improve energy efficiency, the author of this thesis considers solar-powered DRSs and
addresses the problem of their placement in a sunny environment with shadows cast by
buildings. The objective is to leverage the energy harvesting capability to prolong the
deployment duration of DRSs and reduce the number of trips required by each DRS to return

to its base for battery recharging.

5.4.1 Sunny Points Search

Since the DRSs should be placed in sunny locations, the first step is to identify the set of
candidate points that are exposed to sunlight at a given hour of the day (i.e., not shadowed
by any building). A natural starting point that guides the search for the shortest path is the
set of building vertices V,, used in the previous section. Given the sun altitude and azimuth
angles, @solar and ¢go1ar, and the set of obstacles defined by G, (V,,, E, ), we can test whether a

given point falls within any shadow cast by a building in the direction —¢gojar, With a shadow
hg—h

ta-n(l:;/sola.r) ’

To find the set of sunny points V, the following steps are performed for every vertex

length of where hg and h are the heights of the building and the UAYV, respectively.
vi = (x;,y;) € V,. Let vl = (x],y}) denote a point in the interior of the polygon to which
v; belongs, such that v} is equidistant from the two edges connected to v;, with a dis-
tance of Dt (see Figure 5.2). Around each v;, a grid of test points is generated which is
denoted by Vr = {(x;,y;) | x; =x; +nDr, y; = y;+nDr, forn=1,2,..,Cr, and (x;,y;) ¢
{90, (%L, yi), (xi, 7). (xi, i) }}. The shift is subtracted along the x-axis when xr < x/,
and added otherwise; the same logic applies along the y-axis. The parameters C7 and Dy
define the number of test points and their spacing, respectively. An example is illustrated in
Figure 5.2. The initial point is discarded if it falls within a building. Points that lie exactly on
building edges are also excluded to account for small structural features such as balconies or
signage that could obstruct sunlight. These test points are examined sequentially, beginning
with those closest to the building. If a sunny point is found, it is added to V; and the search

terminates for that vertex.
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Figure 5.2 Test points grid for finding sunny spots for Cy = 4.

5.4.2 DRS Placement in Sunny Spots Algorithm

With the set of sunny locations V; identified, Lee’s algorithm, which was introduced in the
previous section, is applied using an updated set of vertices defined as V' =V, UV U{Ly, Ly }.
This allows visibility trees to be computed for the newly added points in V. After obtaining
the visibility graph, Dijkstra’s algorithm is run with a modified cost function for each edge
Ey ={vi,v;} defined as:

d(vi,v;)

dnn:
D — max
d(vi,vj)

max

+1, ifv; eV,
(5.2)

+100, otherwise.
The cost function in (5.2) penalizes the selection of shadowed spots by assigning them a
significantly higher hop penalty (i.e., 100). This encourages the algorithm to favor sunny

locations whenever possible.

5.4.3 Simulations and Discussion

The simulations considered a location in Madrid, Spain, to compute solar irradiation data over
a 24-hour period. The environment model used is shown in Figure 5.1, where a backhaul link
is provided to the drone serving users at the hotspot location Lg. The simulation parameters
are listed in Table 5.1.

Placement of DRSs

Figure 5.3 shows the placement of DRSs along with the shadowed areas at six different times
of the day, including the night when solar energy is unavailable. The algorithm successfully
identifies paths consisting entirely of sunny points during daylight hours, avoiding any
shadowed segments. A noteworthy observation is that between 7 am and 7 pm, only two

hops are needed to cover a total distance of 617 m, whereas at night, three hops are required
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Table 5.1 Simulation Parameters

[ Parameter \ Value |
Longitude 3.70427144 °W
Latitude 40.41872533 °N
UAV hovering height (/) 20m
Mean solar irradiation outside the atmosphere (Iy) | 1353 W/m? [48]
Efficiency of solar cell (rpy) 0.2
Area covered by solar panels (Spy) 1 m? [47]
UAV mass (m) 4 kg [47]
Rotor disk area (Ap) 0.7854 m”
UAV battery capacity 222 Wh [47]
FSOs backhaul power consumption (Pgso) 200 mW [87]
Distance cost normalization factor (dmax) 700 m
Grid width for test points (Cr) 5
Grid spacing between test points (D7) 7m

to span a shorter distance of 490 m. This highlights that selecting obstacle vertices for
pathfinding, while efficient in distance, may not always minimize the number of hops. Future
work could explore alternative point selection strategies prioritizing hop count reduction and
search efficiency, possibly leveraging precomputed sun maps.

Sustainability

Figure 5.4a and Figure 5.4b show the number of new DRSs arrivals and returns from the
deployment center per hour, respectively. Arrivals and returns can occur either for battery
recharging or because a DRSs becomes newly required or redundant (e.g., note the extra
arrival at 18:00 in Figure 5.4a corresponding to the additional DRSs in Figure 5.3¢). Both
figures compare cases with and without the use of renewable energy sources. It is evident
that using solar panels significantly reduces the number of required trips during daylight
hours when sunlight is available.

Over a full 24-hour period, 115 DRSs trips are required without PV panels, while only
about 74 trips are needed with PV panels—a reduction of approximately 35%. This translates
to a battery recharge energy savings of (% - %) X 222 Wh = 4440 Wh. Additionally,
depending on the distance between the deployment center and the DRSs, the energy saved

on return flights can also be substantial in large-scale scenarios.
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Figure 5.3 DRS placements at different hours of the day.
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Figure 5.4 Required number of DRSs trips to and from the charging station.

5.5 Proposed RIS-Aware DRS Placement

The role that RISs play in emerging networks and their advantages were highlighted in
Section 2.4. In this section, their role in providing virtual LOS backhaul links between cells
(including DRSs deployed in urban areas as explained above) is studied. The previously
proposed algorithm is extended to account for the presence of RISs, which increases the
connectivity achievable in an urban area by extending the visibility of endpoints as shown
below.

In [96], the authors propose an energy-efficient aerial backhaul architecture that leverages
a RIS mounted on a high-altitude platform. The system aims to establish reliable backhaul
connectivity to UAVs-BSs operating in urban environments, particularly where terrestrial
backhaul links may be obstructed. The study focuses on optimizing the placement of the
aerial RIS, partitioning of the antenna array, and tuning the phase shifts of individual elements
to maximize energy efficiency and ensure consistent connectivity. Similarly, [97] investigates

a scenario in which multiple UAV-mounted RIS units are deployed to extend mmWave
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coverage across a network of hotspots in environments prone to signal blockage. The authors
formulate a centralized budget-constrained multi-player multi-armed bandit (BCMP-MAB)
framework to govern the distribution and selection of hotspots by UAVs, aiming to maximize
system throughput while conserving UAV battery life and avoiding coverage overlap. Both
works avoid addressing urban obstacles by assuming sufficient operating altitude, and neither
considers a hybrid architecture combining RIS and DRSs.

5.5.1 Problem Formulation

A slightly modified formulation is adopted here to investigate the practicality and advantages
of deploying RISs for interconnecting relay cells. Specifically, it is assumed that at most
M DRSs can be deployed to establish backhaul connectivity between two endpoints in an
urban scenario modeled after Plac Ratajskiego in Poznan, Poland, using building layout
data obtained from OSM [34]. An MBS is placed at the center of the area, as illustrated
in Figure 5.5. The objective is to connect the MBS to various endpoints in the area (e.g.,
the hotspot represented by the green circle). For the purpose of analysis, in the simulation
section, the vertices of buildings are treated as candidate hotspot locations to which backhaul
paths should be established (see, for example, Figure 5.6 and Figure 5.7). These vertices are

also assumed to be candidate locations for DRS deployment.

e DRS —— mmWave link lgr
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Figure 5.5 A building map of Plac Ratajskiego in Poznan, Poland, obtained from OSM [34],
with an MBS placed at the center.

To analyze the impact of path loss more directly, the mmWave path loss model given
by (2.20) is employed for the links between DRSs in this part of the study. This model results
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in higher attenuation and lower throughput compared to FSO. For modeling the virtual links
established via a RIS, the model presented in (2.28) is used.

In contrast to the previous section, the required throughput that each backhaul link must
maintain is accounted for through defining the minimum constraint Cyj,. The throughput of
the i-th backhaul link is computed based on the corresponding path loss using the modified

Shannon formula [98]:

B eff PTX
_ e
C = n B 10g2 1+ W (5.3)

where 7% is the throughput efficiency of the system (i.e., the ratio of data bits to the total
number of transmitted bits), B¢ft is the effective bandwidth, PTX is the transmission power
of the backhaul transceivers, o2 is the noise power at the backhaul receivers, and L;inear 1S
the path loss in linear scale—computed either from (2.20) for direct links or from (2.28) for
RIS-assisted links. Thus, given the constraint Cyy;,, only links that satisfy

Cl' > Cmin (54)

are eligible to be used for establishing a backhaul connectivity path.

5.5.2 DRS Placement with RIS-Based Virtual LOS Links

To account for the presence of RISs installed in the area, the previously introduced algorithm
is modified as follows. After constructing the visibility graph (i.e., using Lee’s algorithm)
for the set of vertices defined by the endpoints, building vertices, and, if applicable, sunny
vertices for the solar-aware scenario, the edge cost function is updated before applying a
shortest path algorithm. The edge cost, previously defined in (5.2), is now modified as:

L9 4+ P ifdirect edge and Cegge > Crnin

direct
Degge = { L& + P if RIS edge and Ceqge > Cpin (5.5)
) otherwise
where ngect is computed using (2.20), LdRI%S is given by (2.28), P is a fixed hop penalty to

promote paths with fewer relays, and oo is a sufficiently large value representing that the edge
does not satisfy the minimum rate requirement and should therefore be avoided whenever
possible.
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5.5.3 Simulations and Discussion

In the simulations, two scenarios are compared: the case where there are no RISs, and
the case where two RISs are installed in a square at marked locations, as will be shown
below. These RISs provide virtual LOS paths between any two points that are visible to the
RIS within the obstacles, the channel through the RIS also includes a beamforming gain as
previously mentioned. These points belong to the set of feasible DRS locations obtained

from the buildings’ corners. Table 5.2 lists the simulation parameters assumed.

Table 5.2 Simulation parameters.

| Parameter | Value |
Transmission power PTX 100 mW
RIS beamforming gain g ¢ 20 dB
Noise power o> —131 dBm
Throughput efficiency n 0.82
Effective bandwidth B! 18.72 MHz
Minimum throughput Cp,in 210 Mbps

The first set of results, shown in Figure 5.6, presents the required number of DRS hops
to provide backhaul connectivity from the MBS to each point in the considered set. In this
scenario, the author assumes that Cyj, =210 Mbps and no RISs are installed. For comparison,
Figure 5.7 shows the results when two RISs are placed at predefined positions within the
area. The deployment of RISs clearly improves the reachability of the MBS to more distant
endpoints and reduces the number of required hops to reach previously connected locations
(compare with Figure 5.6).

Next, the achievable throughput is evaluated at each point in the map, and the results
are compared across different scenarios. Figure 5.8 presents heatmaps that illustrate the
distribution of achievable rates in the considered area. To compute the throughput at any
point, the selected backhaul path is identified, and the minimum rate among all hops along
that path is obtained as the maximum achievable rate at the destination.

Figure 5.8 demonstrates the performance improvement in terms of both reachability and
throughput when only a single RIS is added to the system. These gains stem from creating
new virtual LOS paths and the increased signal strength due to the beamforming gain of
the RIS. Interestingly, while adding more RISs enhances the throughput in regions near the
square, it can reduce the throughput in more distant areas on the right side of the map. This

suggests that the introduction of new shorter paths with fewer hops can sometimes lead
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Figure 5.6 Required number of DRS hops to reach each point, indicated by the color and
shape of the markers. Results correspond to the case with no RIS deployment.
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Figure 5.7 Required number of DRS hops to reach each point when two RISs are deployed at
the marked locations.

to reduced end-to-end throughput if one of the new hops has significantly lower capacity
compared to the previously optimal path.
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Figure 5.8 Heatmaps illustrating the achievable rate distribution across the map. Left: no
RISs deployed. Middle: one RIS installed. Right: two RISs installed at the positions shown
in Figure 5.7.

5.6 Conclusion

This chapter investigated the problem of backhaul-aware DRS placement in urban environ-
ments, focusing on the establishment of high-throughput, energy-efficient, and LOS backhaul
connectivity. Unlike previous chapters, which concentrated solely on fronthaul optimization,
here the author focused only on backhaul-related aspects, along with practical constraints
related to energy consumption and environmental obstructions such as buildings.

The author introduced a visibility-graph-based framework for determining the optimal
placement of DRSs under both basic and solar-powered configurations. Extending Lee’s
visibility algorithm enabled the incorporation of shadowed areas and the prioritization of
sunny locations to improve energy sustainability. Simulation results demonstrated that this
solar-aware placement strategy can significantly reduce the number of required recharging
trips and extend UAV deployment time.

Furthermore, the use of RISs is integrated to augment the backhaul network with virtual
LOS paths. This hybrid approach, combining DRSs and RISs, was shown to improve
reachability and reduce the number of hops needed to connect distant nodes. The simulations
also highlighted a trade-off between minimizing the number of hops and maintaining high

throughput, depending on the placement and configuration of the RISs.






Chapter 6

DBS Placement with Joint Fronthaul and
Backhaul Awareness

Chapter 3 addressed the problem of DBS placement from a fronthaul perspective, considering
parameters such as GN locations, path loss performance, and interference from adjacent cells.
Then, in Chapter 5, the focus shifted to the backhaul layer, where it was examined how to
maintain connectivity between DRSs, a centralized MBS, and a hotspot location within urban
environments. This was done while accounting for constraints related to energy consumption
and harvesting, LOS clearance, and throughput requirements.

This chapter addresses both fronthaul and backhaul considerations jointly. Specifically,
a framework for placing DBSs is proposed such that each node simultaneously ensures
coverage for GNs under a minimum SNR constraint and satisfies a backhaul adjacency
constraint. The latter requires that each DBS has at least Ng neighboring DBSs within
backhaul communication range, enabling the formation of backhaul links for relaying user
data. This constraint is commonly known as a k-neighbors constraint.

Satisfying the Ng-neighbors requirement guarantees that the resulting backhaul network is
connected, which in turn enables the construction of valid backhaul routing paths. Increasing
Np not only enhances redundancy and reliability but also improves the flexibility of the
formed backhaul mesh. Once placement is complete, technologies such as FSO can be
employed to establish directed links between neighboring DBSs, enabling efficient routing of
user data to designated endpoints. This class of problems has real-world applicability, with
prominent examples including the Loon project [99], which used high-altitude balloons, and
the Free Basics initiative by Meta [100], which aimed to extend connectivity to underserved
regions using drones.

To solve the placement problem, HC algorithm is introduced based on a geometric

interpretation of the dissimilarity matrix. This agglomerative HC procedure clusters the
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GNs and determines the initial DBS placement, ensuring that each cluster center (i.e., DBS)
maintains at least Ng neighbors. A larger number of neighbors improves the robustness of
the backhaul network and leads to higher-quality solutions in the subsequent optimization
step.

Finally, the backhaul mesh topology design is addressed in Chapter 7, where the problem
of routing data across the selected set of DBSs is treated separately.

The contributions of this chapter have been submitted to the IEEE Internet of Things
Journal and are available as a preprint in the public repository: Janji, S., Wawrzyniak, P.,
Formanowicz, P. & Kliks, A. Integrating UAV-Enabled Base Stations in 3D Networks: QoS-
Aware Joint Fronthaul and Backhaul Design. arXiv preprint, 2024. https://arxiv.org/abs/2404.
17547

6.1 Related Work

Extensive research has been conducted on DBS placement and backhaul provisioning, as
surveyed in [1, 5, 10, 11]. Similar placement challenges arise in other domains such as sensor
network coverage [101] and wireless mesh networkss (WMNs) [102], where access points
must be positioned to provide user coverage while preserving multi-hop connectivity. The
focus in this chapter is specifically on works addressing the placement of multiple wireless
access nodes to ensure both user coverage and multi-hop backhaul connectivity. This problem

is tackled using a novel HC algorithm.

6.1.1 Single-Hop and Two-Hop Backhaul Strategies

DBSs are typically modeled using coverage disks in R?, each defined by a radius within
which GNs must fall to be considered served. Ensuring that every GN is covered by at
least one DBS corresponds to solving the GSC problem [63] as previously described in
Section 3.2.2. For example, [55] places DBSs incrementally along a spiral trajectory to cover
all GNs, aiming to minimize the total number of DBSs.

However, coverage alone is not sufficient—DBSs must also maintain backhaul connec-
tivity. In [103], DBSs connect directly to a MBS to meet backhaul demands, addressing
both placement and resource allocation. Similarly, [104] considers a system in which DBSs
are connected to a tethered balloon gateway, optimizing user associations, transmit powers,
backhaul allocation, and placement to maximize end-to-end throughput.

The approach proposed below generalizes these models by allowing multi-hop backhaul,

where DBSs forward each other’s traffic. This introduces additional constraints, as DBSs
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must be placed to cover GNs while maintaining connectivity for traffic relay. In [105] and
[106], a single relay DBS assists others in forwarding traffic. In the former, placement and
DBS-GN associations are alternately optimized, while the latter uses a GA for placement
after random initialization. In contrast, the model considered in this chapter allows each DBS

to serve GNs and simultaneously act as a relay.

6.1.2 Node Placement Under Connectivity and Coverage Constraints

Problems involving joint user coverage and node connectivity have also been studied in
WMNs [102, 107-110]. In [107], the deployment area is discretized into a grid, where each
grid point is a candidate location weighted by local GN density. Placement is initialized using
fixed patterns, and an evolutionary algorithm refines the solution based on a fitness function
that evaluates coverage and connectivity. Similarly, [108] employs a greedy heuristic to
select grid points that maximize the same fitness function.

In [110], candidate locations are ranked by profit (e.g., population density), and con-
straints are imposed such that some nodes are mandatory and require two disjoint paths to
a gateway. The objective is to maximize profit under a budget constraint on node count,
solved via a three-stage heuristic involving initial selection, linear programming, and greedy
graph expansion. These approaches, however, do not guarantee complete GN coverage. By
contrast, the proposed HC algorithm ensures that every GN lies within the coverage area of
at least one DBS.

Moreover, the HC method avoids grid-based restrictions. Instead, it clusters GNs that
are near to each other and places DBSs at the resulting cluster centroids. Clusters merge
hierarchically while satisfying both coverage and connectivity constraints, guided by a
geometric interpretation of the dissimilarity matrix. For connectivity, a k-neighbor constraint
is enforced: each DBS must have at least & neighboring DBSs or MBSs within backhaul
range. To the best of the author’s knowledge, this is the first use of HC to enforce both
adjacency (connectivity) and range (coverage) constraints through geometric dissimilarity
measures.

Similar placement problems also appear in sensor networks [101, 111, 112]. In [111],
artificial potential fields guide nodes until each maintains exactly k£ neighbors, optimizing
for area coverage rather than specific targets. However, this method has high computational
complexity [101].

In [112], the objective is to ensure that each sensor covers a specific target and remains
connected to a base station through a single neighbor. Connectivity is preserved by restrict-
ing node movement to maintain edges from a precomputed relative neighborhood graph.
Although effective, this algorithm operates iteratively, adjusting node positions based on con-
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nectivity checks, and is therefore computationally intensive and suitable only for small-scale
problems. Additionally, it enforces only a 1-neighbor constraint (k = 1), whereas the below
work supports general k-neighbor settings (defined by Np).

6.2 System Model

At any time instance, GNs follows the PCP distribution model introduced in Section 2.1.1.
Furthermore, there is a subset M of M deployed DBSs, selected from a larger set of available
DBSs denoted by A. The deployment is governed by the binary selection variable a(k)
defined as

1 if DBS & is deployed,
a(k) = 6.1)
0 otherwise

where k € {1,2,...,A}, and A = |A| is the cardinality of the candidate set, assumed to be
sufficiently large. The objective is to minimize the number of selected DBSs by minimizing
IM| =M = ¥ a(k). Additionally, as defined in Chapter 2, the set of all deployed DBSs
and MBSs is given by (2.19).

To characterize the channel between a GN and its serving DBS, the model from Sec-
tion 2.2.1 is adopted. Rather than maximizing the SINR, the goal is to ensure that each
GN achieves a minimum SNR, corresponding to a maximum path loss threshold. Let Lpax
denote the maximum permissible PL, determined by the transmission power and a predefined
SNR. As described in [38], this parameter enables the derivation of the maximum achievable
coverage radius Rp.x at a given DBS height. Initially, the coverage radius of each DBS,
denoted by Ra (), is set to R < Ry, corresponding to an initial height hg. As discussed
before in Section 3.2.6, the height of each DBS can then be individually optimized to either
reduce or extend Ra(j). A GN n is considered to be served by DBS j if it lies within the
corresponding coverage disk. This is expressed by the binary variable

1 if daa(j,n) < RA(J) Adaa(j,n) = H}indzd(j',n),

W' (j,n)= (6.2)

0 otherwise
where dyq(j,n) is the 2D distance as defined in (2.2). This ensures that each GN is associated
with at most one DBS, i.e., ?/[:1 W’'(j,n) <1 forall ne{l,...,U}. Note that shadowing,
fading, and interference are not considered in this study. The focus is solely on coverage
and backhaul throughput. For example, such effects can be handled through scheduling or

spectrum reuse among clusters via lower-altitude DBSs.
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6.3 Problem Formulation

Given the coverage disk radius of each DBS and a predefined minimum number of required
backhaul neighbors Ng, the placement problem is defined as follows: minimize the number
of deployed DBSs, ensure full coverage of all GNs, and satisfy the connectivity constraint
that each DBS must be within a distance dp,x of at least Ng other BSs. Increasing the value
of Np leads to denser backhaul connectivity, allowing greater flexibility for constructing
feasible backhaul routes, which is addressed later in Chapter 7.

The following indicator function is defined to represent potential backhaul links

1 ifd(i.]) < digs.
WSO, 1) = (1) < dma (6.3)
0 otherwise,

where d(i,1) is the Euclidean distance between BSs i and /.
The optimization problem is then formulated as

4]
min a(k (6.4a)
a(k), mj, b(i,l); ( )
M
st. Y W(inm=1, Vne{l,.. U}, (6.4b)
j=1
M+B
deg(vj)= > WO, /) > Ns, Vje{l,....M+B}, (6.4¢)
i=1
i#j

where W’(j,n) is the binary GN-to-DBS mapping variable defined in (6.2). The objec-
tive function (6.4a) seeks to minimize the total number of deployed DBSs. The first
constraint (6.4b) ensures that each GN is served by exactly one DBS, while the second
constraint (6.4c) guarantees that every DBS has at least Ng neighboring BSs within the
backhaul communication range dpx.-

Similarly to the reasoning in Section 3.2.2, if the backhaul range dp.x 1s relaxed to
infinity, the connectivity constraint becomes trivially satisfied, reducing the problem to a
pure GSC formulation. The addition of the Ng neighbor constraint generalizes the classical

GSC problem, and therefore, the overall problem remains NP-hard.
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6.4 Hierarchical Clustering (HC) for Selecting Number of
DBSs and Their Locations

As in Chapter 3, the assumption is that all DBSs are initially deployed at a common altitude
hg, which results in a uniform coverage radius Rg for all DBSs (see Section 3.2.6). At a later
stage, and once clustering is performed using the proposed HC algorithm, the altitude of each
DBS can be individually adjusted to improve the SNR of its associated GNs, as previously
detailed in Section 3.2.6.

Then, an agglomerative HC is utilized, which is a bottom-up method that starts with each
data point as an independent cluster and progressively merges them based on similarity or
distance metrics. This approach, with the proposed modifications, ensures the number of
neighbors constraint, N, as specified in (6.4c), and guarantees that the clustered GNs fall
within the coverage radius Ra () of the serving DBS. The unweighted pair group method
using centroids for agglomerative hierarchical clustering (UPGMC) [113] method is adapted
within the agglomerative HC framework to specify the quantity and positions of DBSs. These
adaptations introduce additional merging criteria to meet the defined constraints. Beginning
with the 2D location of each GN as a separate cluster, the algorithm then merges clusters
based on Euclidean distance until a single cluster is formed or a predetermined stopping
criterion is met. The clustering steps are registered in a linkage matrix, which saves the
clustering history. Then, using this matrix, any number of clusters can be selected for the
final results.

Firstly, a dissimilarity matrix of size U X U 1is initialized to capture the pairwise 2D
distances among all GNs, using the formula in (2.2). This same distance computation is also
applied between the centroids of any two clusters, C, and C,/, where a,a’ € {1,...,U}. The

symmetric dissimilarity matrix at iteration z, denoted D' (U), is given by:

0 d2d(152) d2d(1’U)
dr»q(2,1 0 o dryg(2,U
DO(U) = Zd(: ) : ) Zd(: ). 6.5)
dr(U,1) dy(U,2) --- 0

The entry D, in row a and column b refers to drq(a,b). At each iteration ¢, rather
than searching the full matrix, the algorithm evaluates a subset # of candidate entries. The
selection criteria for # are introduced later. The pair of clusters yielding the minimum value
from this subset:

t _ : t
D,,= pr’rqner;)Dp’q (6.6)
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are merged into a new cluster. The distances between this newly formed cluster and all others
are then recalculated, resulting in the updated dissimilarity matrix D™ (/). If Cy=CaUGCy
is the newly formed cluster, the updated distance to another cluster C; follows the UPGMC
method [113]:

ng np ngnp

d ,8)+ dry(b,s) — ——
ng+np 21(a,5) ng+np 2(b,5) (ng +np)?

dZd(q’s) = d2d(aab)’ (67)

where n, and n; are the respective cardinalities of C, and C;. This UPGMC update en-
sures the dissimilarity matrix reflects the squared Euclidean distances between cluster cen-
troids [113], which corresponds to DBS-to-DBS distances as used in (2.2).

In the modified UPGMC algorithm proposed by the author, a binary mask matrix D'is
computed using a function F: R""* — R"™*" where:

~ 1 if dyg(a,b) < dmax Na # b,
D!, =F(Dyy)= . e (6.8)
0 otherwise
Summing each column of D' gives a vector containing the number of cluster neighbors

within range:

U Ao
Za/=1 D la’
C’= ; : (6.9)
U $;oO
a’=1 DU,a’
Assuming DBSs are placed at cluster centers at iteration ¢, and that the remaining number

of clusters is U —t, then the following vector that yields the number of neighbors that each

cluster has can be obtained as:

U-t 2y U-t FSO ’
a=1,a'#1 Dl,a’ a=ta+1 W (1,a")
C'= : = : . (6.10)
U-t Al U-t FSO(77_ +
a’:l,a’;kU—tDU—t,a’ a’=l,a’+U~t w (U l,a )

Using (6.8) and (6.10), we can make sure that no cluster has less than Ng neighbors
as follows. Consider the following example: if C, is a cluster with only one neighbor, C,,
(meaning C. = 1) and Ny = 1, any clustering of C, may alter its central location. Merging
it with a different cluster than C. may relocate C, out of C,.’s vicinity, breaking the Np

condition. To avoid this, before merging clusters C, and Cj, it should be ensured that every
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non-zero element in the vector
v=(Di,0D,)0C, 6.11)

is higher than Ny, where o represents the Hadamard product and & signifies the binary OR

operation. Thus, the following condition must be satisfied:
VWieV,i#a,i#b:V;>0 = V;> Np. (6.12)

If not, the current pair is skipped, and the next pair satisfying (6.6) is considered. This
modification ensures each resulting cluster maintains at least Ng neighbors.

To also guarantee that all GNs in a cluster fall within a coverage radius RY, the complete
linkage method for agglomerative hierarchical clustering (CL) HC update rule [113] can be

leveraged. The distance from another cluster Cy to the merged cluster C, = C, Uy, is

1
dra(q,s) = > (dad(a,s)+dry(b,s)+|dr(a,s) —dr(b,s)|). (6.13)

Applying this from D yields R’, where R! , is the maximum distance between any two
points from C, and Cj [113].

Theorem 1. If two clusters C, and Cp are merged at iteration t such that
0
R;’b <R,, (6.14)

then all GNs in the new cluster are guaranteed to lie within a distance of Rg from the resulting
DBS.

Proof. Let C. = C,UC} contain n. elements, and let the furthest pair be C. 4 and C, p, with
squared distance
R} = (xa—xp)*+ (ya—y1). (6.15)

Let the centroid be

Nne ne

Pe, = (%anlZy) (6.16)

i=1 ¢ i=1
where (x;,y;) are the coordinates of point i in C.. Then, the squared distance from any point
P to the centroid is

2 2
_ 1 & 1
d%d(P,P):(xp—n—in) +(yp—n—Zy,~) . (6.17)
¢ i=1 €
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Applying Jensen’s inequality to the convex function ¥(x) = (C —x)?, where C is any real

number, gives
ne

— 1
(P P) < — 3" ((xp =)+ (7= 30)?) (6.18)
¢ i=1
Since each term (x, —x)2+(y p— y:)? is bounded by Ri from (6.15), then the inequality
holds
day(P,P) < R3. (6.19)

O

Based on the theorem, merging any pair (C,,Cp) must meet both (6.12) and (6.14).

Therefore, the valid cluster merge candidates at iteration ¢ form the subset

P! = {(Ca,Cp) : (6.12) and (6.14) hold} . (6.20)

Algorithm 5 presents the step-by-step procedure of the proposed HC technique. In each
iteration ¢, two clusters are selected and merged into a single cluster. A linkage matrix of
dimensions U X 4 is used to keep track of the clustering history. In this matrix, the first
two entries of row ¢ record the indices of the clusters that were merged during iteration ¢.
The third entry stores the dissimilarity measure used to merge them, while the fourth entry
indicates the total number of GNs contained in the resulting cluster. This linkage matrix is

then used to reconstruct the hierarchical clustering structure.

6.4.1 Complexity of the Proposed Agglomerative HC Algorithm

= w candidate pairs to

At iteration ¢, there are U — ¢ clusters, resulting in up to (Uz_ ! )
evaluate. In the worst case, when P’ spans the entire matrix, the total number of comparisons
throughout the clustering process is

Sw-1y Gn\ U-DUU+
S[E)-gen

t=0 n=1

which leads to a worst-case computational complexity of O(U?). Since the computations of
210 ) I ﬁt, and R' are each O(U 2), they do not increase the overall asymptotic complexity.

However, an O (U?) algorithm may become intractable for large U. A commonly adopted
workaround is preclustering, which reduces U by merging nearby GNs using lightweight
methods such as grid-based spatial binning. This approach has O (U) complexity and can
drastically reduce the initial problem size without significantly losing spatial accuracy. Grid

resolution can be tuned to balance between computational efficiency and placement fidelity.
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Algorithm 5 DBSs Placement via Hierarchical Clustering

Input: GN locations u, Vn € {1,2,...,U}, backhaul range dp,,x, minimum neighbor count
Np
Output: Number of deployed DBSs M, and their positions m; Vj € {1,2,...,M}
1: Initialization: Start with U clusters centered at the GNs. Compute:

« DY(U) using (6.5)
e D using (6.8)
e (0 using (6.9)
+ PO using (6.20)
2: Initialize R® < D°
3: repeat
4: Select clusters C, and C;, from P’ that minimize (6.6)

Merge C, and C
Update dissimilarities: compute D**! via (6.7), and R™*! via (6.13)

5
6
7: Recompute D™, ¢! and P if necessary
8: until P’ =0

Alternatively, lower-complexity clustering algorithms such as K-means or density-based
spatial clustering of applications with noise data clustering algorithm (DBSCAN) (e.g., using
KD-Trees) can also be employed for preclustering. These techniques generate a smaller set of
input points for the hierarchical clustering process, improving runtime without compromising

backhaul placement quality.

6.5 Simulation and Discussions

In the simulation below, a 10 X 10 km rectangular coverage area is considered, and for each
simulation run, a new distribution of GNs based on the PCP model outlined in Section 2.1.1
is generated. In addition, the MBSs are located at the four corners of the area. The simulation
parameters are listed in Table 6.1.

6.5.1 Number of Required DBSs, Number of Backhaul Neighbors, and
GN-DBS Distance

To evaluate performance, the author simulated the proposed HC algorithm under varying
values of Ng and the initial disk radius Ra. Figure 6.1 shows the number of DBSs required to
meet the imposed constraints. This number corresponds to the resulting cluster count, U —¢,

once the subset 7 is exhausted at iteration ¢ (see Algorithm 5). It is evident that for smaller
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Table 6.1 Simulation Parameters

| Parameter | Value |
DBS height (hg), MBS height, MBS count (B) 60m,25m, 4
Environment variables (a, 3) 9.61, 0.16 [38]
Expected PL (7.0s, 7NLOs), carrier frequency (f;) 1 dB, 20 dB [38], 2 Ghz, 4
PCP cluster standard deviation, PCP cluster density 100, 107°
Number of GNs per cluster 2

values of dnax, the number of required DBSs increases non-linearly with Ng, reflecting the
expected trade-off between higher backhaul redundancy and the total number of deployed
nodes. However, as dpax Increases, the sensitivity to Ng decreases, making Ru (i.e., the
fronthaul coverage radius) the more dominant factor. This parameter can be controlled by
adjusting the altitude & of the DBSs, as shown in Section 3.2.6.

In Figure 6.2, the performance of the HC clustering method is compared with K-means
using K-means++ initialization [69]. The evaluation is conducted in terms of the number of
backhaul neighbors per DBS and the distances between GNs and their associated DBSs. To
isolate the effect of each constraint, the author set Rp = oo for neighbor count analysis and
dmax = oo for fronthaul distance analysis. While K-means is agnostic to such constraints, the
proposed HC method inherently incorporates them. Both algorithms use the same number of
DBSs, determined after convergence of the HC process.

The left panel of Figure 6.2 presents histograms of the number of backhaul neighbors
for various Np values with dpax = 1 km. At Ng = 2, HC satisfies the constraint for nearly all
clusters except for a few outliers with isolated GNs. Nevertheless, it consistently outperforms
K-means in maintaining neighbor requirements. The right panel shows the distribution of GN-
DBS distances. Although both methods yield similar distributions, K-means often produces
associations that exceed the allowed coverage radius, while HC maintains compliance with
RAa.

In summary, the proposed HC algorithm provides an effective and constraint-aware
approach for DBS placement, balancing backhaul connectivity and fronthaul coverage
without substantially increasing the number of deployed DBSs.

6.5.2 Height Optimization and Mobility Adaptation

As outlined in Section 3.2.6, the height of each DBS can be adjusted either to extend the
coverage radius to accommodate GNs that move beyond the initial boundary, or to reduce

the radius while maintaining coverage for all GNs, thereby minimizing overall path loss.
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Figure 6.1 Average minimum number of required DBSs for various backhaul distances dpax.,
under different Ng and R4 settings.
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Figure 6.2 Left: Histogram of backhaul neighbors per DBS across various Ng values. Right:
Histogram of GN-DBS distances under multiple Ra configurations. Comparison is made
between the proposed HC and K-means, both using the same number of clusters.
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Figure 6.3 illustrates the trade-off between height control, the number of required DBSs,
and the surplus coverage radius, which is defined as Ry,.x — Ra(j). This quantity represents
the distance between the farthest edge GN and the maximum achievable coverage radius.
Figure 6.4 presents the improvement in SNR when the DBS height is optimized to reduce
RA(j). In this evaluation, Ng = 1, diax = 3 km, and Ly,.x = 115 dB, with a noise power of
—147 dBm and a GN transmission power of 5 mW.

To generate Figure 6.3, different values of the initial height /¢, which determines the
initial coverage radius RO, along with the maximum allowable height /., are used. As
expected, smaller values of Ay and Rg result in a greater number of required DBSs, which
increases in an exponential-like behavior. This also increases the surplus coverage margin,
allowing more room for GN mobility. However, this increase seems to be near-linear.
Similarly, increasing hny,x expands the coverage margin and improves the system’s ability
to respond to GN mobility. Also illustrated is the importance of selecting the initial height
parameter hg where a low value of hyp = 50 m results in a substantially larger number of
drones (M = 190) in comparison to the case when Ay is increased beyond 140 m, where M

decreases to around 60.
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Figure 6.3 Left y-axis: average surplus coverage radius, defined as the mean distance between
the farthest edge GN and the maximum coverage boundary. Right y-axis: required number
of DBSs. Results are shown for different combinations of initial and maximum heights (/¢
and /max), and only for cases where hpmax > hyo.
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Figure 6.4 presents the results of the proposed height optimization strategy under two
different s,k constraints (50 m and 100 m). The plot shows the CDF of the SNR achieved
by all GNs across multiple simulation runs of the HC algorithm. As expected, applying the
height optimization technique improves the average SNR, as indicated by the vertical lines,

and minimum SNR. Furthermore, a wider height range enables higher improvements.
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Figure 6.4 CDF of the achieved SNR at GNs, with and without height optimization. ROA =
1000 km, Np =1, and dax = 3 km. The noise power is —147 dBm and transmission power to
each GN is 5 mW. Curves are shown for a fixed height of 60 m (solid black), an optimizable
height range of [10,50] m (dashed blue), and [10, 100] m (dash-dot red). The mean values
are also highlighted with vertical lines.

6.6 Conclusion

To solve this placement problem, the author of this thesis proposed a modified HC algorithm.
This algorithm clusters GNs using a dissimilarity matrix and merges clusters hierarchically
under two key conditions: the k-neighbors constraint and a disk radius constraint that
guarantees each GN lies within the coverage range of its serving DBS. Simulation results
confirm that the proposed method can meet both constraints without increasing the total
number of required DBSs when compared to conventional approaches such as K-means. It

was also demonstrated that initializing DBS heights allows us to manage the surplus coverage
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radius, enabling dynamic adaptation to GN mobility through height adjustment. Simulation
results revealed a tradeoff between surplus coverage and the number of required DBSs.

Furthermore, the asymptotic complexity of the proposed solution was analyzed and
outlined methods to reduce computational burden through preclustering techniques. The
output of this placement algorithm serves as an input for the subsequent backhaul mesh
network design phase.

The next chapter builds on this placement outcome and addresses the problem of backhaul
link selection and traffic routing, with the goal of ensuring end-to-end throughput guarantees
across the DBS network.






Chapter 7

Designing the Backhaul Network - Final
Joint Fronthaul and Backhaul
Framework

Regardless of the deployment scenario or system parameters, DBSs serving GNs must
establish backhaul connectivity to the core network. Unlike terrestrial base stations, DBSs
rely on wireless backhaul links that may utilize FSO communication [87], cmWave or
mmWave frequencies [114], or sub-6 GHz technologies. As outlined in [10], a DBS can
connect to a terrestrial MBS or a satellite for backhaul. Additionally, DBSs can form direct
wireless links with one another. A network consisting of interconnected DBSs, satellites,
and MBSs forms what is now referred to as a three-dimensional (3D) network [27]. In such
architectures, one or more MBSs or satellites that have direct access to the core network can
serve as gateways, enabling other DBSs to relay their data through multi-hop paths.

Figure 2.1 illustrates these various configurations and backhaul strategies. The resulting
topology, where nodes are interconnected through wireless links, forms what is known as a
wireless mesh network [115] or a wireless multi-hop network [13]. These architectures are
gaining relevance in modern communications, particularly due to their flexibility and scala-
bility. In such topologies, cells may be self-organizing, enabling the network to dynamically
reconfigure itself and reroute traffic to maintain connectivity in the face of failures or link
disruptions.

Constructing reliable backhaul links is essential to avoid performance degradation due to
bottlenecks in latency, throughput, or link reliability. In the context of airborne backhaul,

FSO and mmWave technologies present promising options [44]. Depending on atmospheric
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conditions and the operational altitude, FSO transceivers can sustain reliable links over
distances exceeding 10 km.

However, designing backhaul mesh networks composed of DBSs introduces new chal-
lenges. Due to their elevated altitudes, DBSs operating in the same region often maintain
LOS connectivity with one another, resulting in a dense graph of potential link pairs. The
variability of point-to-point channel quality, driven by mobility and environmental sensitivity,
complicates link reliability and topology stability. Furthermore, the mobility of DBSs may
cause topology shifts, requiring the dynamic formation and termination of links. Unlike
omnidirectional terrestrial base stations, establishing a backhaul link between two DBSs
requires precise transceiver alignment. This alignment process depends on location data and
is typically governed by a central controller, as is common in UAV and satellite networks [44].
Consequently, autonomous neighbor discovery—common in flying ad-hoc network (FANET)
or internet of things (IOT) networks—is generally not feasible. In addition, the size, weight,
and power constraints of UAVs limit the number of transceivers they can carry, thereby
restricting the number of simultaneous backhaul connections per node.

This distinctive network model introduces a novel optimization problem: selecting a
set of backhaul interconnections among a group of DBSs, subject to flow constraints and
link limitations. Each DBS must be assigned Ng outgoing connections, and the cumulative
downlink traffic generated by its associated GNs must be routed through the backhaul mesh
to the gateway nodes, following the principle of flow conservation. Moreover, network
robustness must be addressed by dimensioning the capacity margin available beyond the
expected traffic load.

An illustrative example of this backhaul configuration problem is shown in Figure 7.1,
where DBSs are placed across a region, and candidate backhaul links are indicated based on
a predefined maximum link distance. Each link is annotated with the estimated throughput
and aggregated load it must carry. The figure highlights two routing paths from different
DBSs to a nearby MBS: one successful path (in green) that satisfies throughput demands,
and one failed path (in red) where accumulated load exceeds the link capacity, resulting in
congestion just two hops from the gateway.

In this chapter, DNP is formally defined as a MILP problem, where the objective is to
identify a feasible backhaul configuration that satisfies both link degree and flow conservation
constraints while minimizing congestion. After proving the problem’s NP-hardness, a graph-
based GA is introduced to solve it efficiently. The algorithm increases the redundancy of
backhaul throughput and accommodates variable traffic distributions and link constraints.

Simulation results confirm the effectiveness of combining the HC-based placement strategy
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from the previous chapter with the proposed GA-based backhaul design, resulting in a
comprehensive and scalable framework for joint fronthaul and backhaul optimization.

The contributions of this chapter have been submitted to the IEEE Internet of Things
Journal and are available as a preprint in the public repository: Janji, S., Wawrzyniak, P.,
Formanowicz, P. & Kliks, A. Integrating UAV-Enabled Base Stations in 3D Networks: QoS-
Aware Joint Fronthaul and Backhaul Design. arXiv preprint, 2024. https://arxiv.org/abs/2404.
17547

7.1 Related Work

7.1.1 Backhaul Multi-Hop Mesh Topology Optimization

Following the placement of DBSs with method proposed in the previous chapter, the pro-
posed GA algorithm is employed to determine the backhaul connections, ensuring that the
cumulative throughput across the resulting multi-hop wireless mesh is successfully routed
toward MBSs gateways, as illustrated in Figure 7.1.

In [116], DBSs are deployed to support small cells (SCs), forming a mesh backhaul
network based on their initial positions. In this setting, the end-to-end backhaul capacity
of a path is constrained by its weakest link. A game-theoretic approach is used in which
each DBS autonomously selects its connections to optimize its backhaul throughput either
with neighboring DBSs or directly with gateway MBSs. The DBSs locations are iteratively
updated using a virtual force field model that incorporates attractive and repulsive forces.
Results indicate that forming multi-hop paths achieves higher throughput compared to direct
links.

In a similar study [117], the authors jointly optimize the placement, bandwidth, and
power allocation of a fixed number of DBSs to construct a backhaul mesh with a single
gateway node. The objective is to maximize the minimum throughput across all served GNs.
The problem is tackled using alternating optimization and successive convex programming.
However, neither [116] nor [117] guarantee minimum throughput values for individual GNs.

The work in [118] addresses a related scenario where UAVs provide connectivity to
mobile robots in urban environments with obstacles, forming a tree-structured backhaul
network rooted at an MBS. A game-theoretic algorithm is proposed to jointly optimize the
backhaul topology (to reduce delay and improve throughput) and the UAV-robot associations.
A virtual force field method is also used for collision avoidance and communication quality

enhancement. However, the approach assumes a single MBS and does not guarantee end-to-
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end connectivity to the core network. Furthermore, the number of backhaul connections per
DBS is unconstrained in all three works [116-118].

In [119], the authors explore mmWave communications in FANETs and employ a
generative adversarial network to optimize topology and select optimal communication
paths while limiting each UAV to two connections. However, the framework does not
consider the exact throughput requirements of GNs. A related study [120] focuses on
backhaul topology design in a WMN with directional antennas. Routers and gateways are
connected to maximize throughput satisfaction under load and distance constraints. A greedy
tree-building algorithm is used, prioritizing the minimization of the network’s maximum
edge load. However, this simplified greedy approach does not consider the capacity of the
selected edges, and minimizing the maximum edge load may not always be the optimal
strategy. For instance, a high-load router with a high-capacity link to the gateway may be a
better parent than a lower-load router with limited link capacity, yet the latter is chosen.

Similarly, [121] addresses DBS positioning to ensure full GN coverage while maintaining
connectivity to terrestrial base stations, either directly or via other DBSs. The proposed
method uses a low-complexity algorithm to select deployment sites from a fixed grid to
maximize coverage. However, it does not incorporate throughput constraints and only con-
siders the existence of a connection, not its quality or capacity. None of the aforementioned
studies [119-121] consider the accumulation of relayed traffic across the mesh.

In contrast, the proposed GA ensures flow conservation: each forwarding link in the
mesh must support both the local GN load and any relayed traffic from downstream DBSs,

as visualized in Figure 7.1.

7.1.2 Conservation of Flow in Wireless Multi-Hop Backhaul

The study in [122] investigates tethered DBS backhaul using LOS mmWave links. Candidate
deployment sites are predefined, and DBSs are allowed to relay traffic among themselves
and to terrestrial stations while simultaneously serving GNs. A graph of feasible links is
constructed, and for each GN, multiple shortest paths to the core are computed. Then, a
deep reinforcement learning model selects backhaul routes to handle the aggregated traffic.
However, the approach limits backhaul link selection to shortest paths, does not restrict the
number of connections per DBS, and relies on a fixed set of deployment sites—Ilimiting
flexibility.

In [109], the authors present a formulation that resembles the considered problem. The
objective is to deploy WMN access points and routers to cover all users and maintain backhaul
flow to a core network. Routers and gateways can communicate if within range, and clients

associate with access points within coverage. The system is modeled as a linear integer
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program, solved using CPLEX, and aims to minimize deployment cost. However, like prior
works, it does not limit the number of backhaul links per node and assumes a discrete set of
candidate locations. Also, due to the problem’s NP-hardness, exact backhaul optimization is
not scalable for large instances.

In summary, this research addresses the backhaul design of a DBS-based network to
serve GNs. Each DBS is limited to two full-duplex backhaul connections: one used for
both relaying its local data and receiving forwarded load from upstream nodes, and a second
for forwarding data to a downstream DBS. This design forms an acyclic wireless mesh,
enabling unidirectional, path-based data flow from the core to every GN. The proposed
approach guarantees flow conservation at each node and ensures that every link supports the
cumulative data demands from its downstream connections, thus maintaining reliable and
efficient network operation.

7.2 System Model

The model is an area in which MBSs and DBSs are deployed with determined locations. Each
MBS can serve as a gateway to the core network, and all DBSs should have a connectivity
path towards the core. For a given maximum backhaul distance constraint dy,x, the backhaul
throughput between any two BSs i and / is modeled using the FSO rate expression Rgso(i,/)
given in (2.27).

7.2.1 Backhaul Network as a Graph

The backhaul mesh network is modeled as a graph G = (V, &), where V represents the set of
all deployed BSs, and & = {{v;,v;} | vi,v; € V,i # j} denotes the set of all feasible wireless
links between them. Each link is weighted by the achievable FSO throughput computed
via (2.27). Each node j in the graph is tagged with the total traffic load from the GNs it
serves, calculated using

U
G(j)= D W (j,mR,, (7.1)
n=1

where R, is the fronthaul rate required by GN n.
Each DBS i forwards its aggregated traffic to a next-hop BS [, which can be either another
DBS or an MBS, indicated by the binary variable:
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Figure 7.1 Visualization of the backhaul optimization scenario with fixed DBS positions and
predefined GN traffic loads. Potential backhaul links are annotated with their corresponding
throughput capacities and carried loads. Each DBS is labeled with the total traffic load
from its associated cluster. Two example routing paths are highlighted: green links indicate
sufficient backhaul capacity, while red links denote congestion, annotated with the respective
cumulative traffic loads.

1 if BS [ is the forwarding hop for DBS i,
b(i,l) = (7.2)
0 otherwise
Note that this relationship is directional; b(i,/) = 1 does not imply b(l,i) = 1.
The corresponding flow variable f(7,/) represents the total traffic forwarded from DBS i
to BS [, which includes:
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1. The local traffic G (i) from GNs directly served by DBS i,

2. Any relayed traffic received from other DBSs & that use i as their forwarding hop.

Hence, the total flow from i to / is:

M
£@i,) =G() +Zf(k,i). (7.3)

i
Figure 7.1 illustrates an example of this backhaul mesh network with multiple DBSs, two
MBSs, and interconnections limited by a maximum distance constraint dp,x between any

two backhaul neighbors.

7.3 Problem Formulation

Beyond simply fulfilling the current backhaul requirements, it is also important to provision
surplus throughput along backhaul routes to accommodate future increases in GN traffic
demands. This leads to the following problem formulation: Given a set of BSs, V, with
known positions; the achievable backhaul throughput between each pair of BSs as Rpso(,1);
and the load G (j) associated with each GN cluster, the objective is to determine the backhaul
mesh topology by setting the binary decision variables b(i,!) introduced in (7.2). Considering
the secondary objective of maximizing throughput redundancy, the optimization problem is
defined as
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M | M+B M
max R(L,{b(Li) - i,)b(i,1) - G(1 7.4a
b(i’”;;(n);ﬂ)() (1) (7.42)
i"#1l i#l
M+B
s.t. Zb(i,l):l, Vie{l,...,M}, (7.4b)
i
M
Zb(i,l)sl, Vie{l,....M+B)}, (7.4¢)
(ol
M M+B
D FGED+G) = Y fULT), Vie{l,. ..M}, (7.4d)
ol [
FGi,0) <bG,DRG,D), Vile{l,...M+B},i#l, (7.4e)
M+B M M
2, D=3 G, (7.4D
I=M+1 i=1 j=1
i#l
M+B
Zb(i,l):o, Vie {M+1,...,M+B}. (7.4¢)

I=1
Objective (7.4a) aims to maximize the surplus (i.e., redundant) backhaul throughput
across the selected links. The constraints serve the following purposes:
* (7.4b): Ensures that each DBS is assigned exactly one forwarding hop.
* (7.4c): Guarantees that each BS can serve as a forwarding hop for at most one DBS,

which, when combined with (7.4b), limits each DBS to a maximum of two backhaul

connections and each MBS to only one.

* (7.4d): Enforces the flow conservation constraint, ensuring that the total data forwarded

by a DBS equals the sum of its own GNs load and any relayed load from other DBSs.

* (7.4e): Ensures that each selected backhaul link has sufficient capacity to carry the
total assigned load.

* (7.4f): Guarantees that the aggregate load from all DBSs is eventually delivered to the

MBSs, confirming that all backhaul paths terminate at gateway nodes.

* (7.4g): Specifies that MBSs do not have forwarding hops, reflecting their role as end
points in the backhaul paths.
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Solving this optimization determines the backhaul structure by defining B directed

sequences of BSs, represented as:

S={s',...,58%} (7.5)

Each §” denotes a multi-hop backhaul route comprising at least two BS indices:

S7={Sp. .Sl b (7.6)

where S € {1,...,M} is a DBS and S|1391’| e {M+1,...,M+B} is a MBS. Thus, each
valid sequence begins with a DBS and ends at an MBS, forming a complete backhaul route
to the core network.

This DNP can also be interpreted as a graph problem defined over the undirected graph
G = (V,8), with V = BU M as introduced in Section 7.2.1. Each node v; € M has a
corresponding load G (j), and each edge {i,/} € & is assigned a throughput weight Rpso(7,7).

The task is to identify a subgraph G = (Vs,Es) such that Vg =V and Eg C &, while
satisfying: - deg(v;) <2 for all v; € M, - deg(v;) < 1 forall v; € B.

Moreover, there must exist a set of vertex sequences S = {S L...,S8 } in G g such that: -
each node v; € Vs appears in at most one sequence, - each v; € M appears in exactly one
sequence.

Furthermore, for every sequence S” = (Sp ,Sé’ ). ..,Sf ) in S, the following must be
satisfied:

Sy,....8  eM, (7.7)
S/ € 8, (7.8)

and .
R(S'. S ) > Zl:G(S,f), Vie{l,...,l-1}, (7.9)

k=1

which corresponds to the flow constraint in (7.4e).
The DNP problem is computationally intractable, as established by the following theorem.

Theorem 2. The DNP is NP-hard.

Proof. To demonstrate the NP-hardness of the DNP, it is proven that its decision version is
NP-complete. A problem is NP-complete if (i) its solution can be verified in polynomial
time, and (ii) a known NP-complete problem can be transformed into it in polynomial time
[123]. This is achieved by reducing the well-known Hamiltonian path problem (HPP) to an
instance of the DNP.
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In the HPP, one is given an undirected graph G, = (Vj,, E;,) and must determine whether
there exists a path S, = (vi,v2,...,vy,|) that visits every vertex exactly once. To reduce this
to the considered problem, a DNP instance is constructed with graph G = (V,&), where
V=V,u{b}, M=V, B={b}, and E=E,U{{v,b} | v € V,}. Also, G(j) =1 for all
v; € M and define all link capacities R(i,[) = |V},].

If a solution to the HPP exists, then appending node b to the path yields a valid se-
quence S = (vi,va,..., V|v,|» b) in the DNP. Each link in this sequence supports the total
accumulated load G (i) without exceeding the capacity.

Conversely, any valid solution to the DNP must include a sequence ending in the gateway
node b, since B = {b}. This path, denoted St =(8?, ... ’Sll;/hl’ b), must traverse all nodes in
M exactly once. Removing b from this sequence yields a Hamiltonian path for G,.

This reduction proves that the decision version of the DNP is NP-complete, and thus, the
optimization version is NP-hard. [

Since the DNP is NP-hard, exact solutions are impractical for large instances. Therefore,
the solution is to adopt an approximate approach using a GA to efficiently converge to

near-optimal solutions.

7.4 Genetic Algorithm for Backhaul Optimization

A GA is considered, which is a class of metaheuristic algorithms well-suited for problems
with vast search spaces or nonlinear characteristics that hinder traditional methods. Potential
solutions are first encoded as chromosomes—data strings representing problem instances.
Each chromosome is evaluated by a fitness function, which serves as a quantitative indicator
of solution quality and guides the search toward promising regions of the solution space.

The GA employs three core operators inspired by natural genetic processes [124]:

1. Selection: Preferentially retains chromosomes with higher fitness, increasing the
likelihood of propagating beneficial traits.

2. Crossover: Combines segments from pairs of chromosomes, enabling offspring to

inherit features from both parents and fostering diversity.

3. Mutation: Introduces small random changes to chromosomes, enhancing diversity and

aiding escape from local optima.

The following sections detail the implementation of the GA. This includes how solutions
are encoded, the formulation of a custom fitness function tailored to the DNP, and the
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calibration of genetic operators. Additionally, the termination criteria and heuristics used to

enhance algorithm performance and robustness are outlined.

7.4.1 Representation

Each genome in the GA encodes concatenated backhaul paths as defined in earlier (similarly
to (7.5)). Some sequences may consist of only a single MBS, indicating an unused node.
Let DBSs be denoted by d; for j € {1,...,M} and MBSs by b; fori € {M+1,...,M +B}.
A sample genome may be S = {b7,dg,d|,ds,ds,bg,d>,ds, bg}, which corresponds to one
unused MBS (S1), and two active backhaul sequences: S?2 = {de,d1,dy,ds,bg} and S3 =
{d,,d3,bo}. Genomes are ordered such that by, p appears last.

7.4.2 Initial Population Generation

The initial population is constructed by permuting DBSs and inserting MBSs randomly:

1. DBS Permutations: Generate M! permutations of DBSs, representing all possible
visitation orders.

2. Random MBS Insertion: Insert B—1 MBSs into each permutation at random positions
between 0 and M, allowing duplicate insertions. The final MBS is fixed at the end.

This process yields M!x (M + 1)2-! total combinations. A subset of Nintial genomes is

sampled to form the initial population.

7.4.3 Mutation

Mutation swaps two distinct random elements in the genome, preserving uniqueness while
introducing diversity. Mutation frequency is tuned to balance exploration and solution
stability.

7.4.4 Crossover

Crossover combines genetic material from two parent genomes by exchanging backhaul
paths (ending at MBSs). To ensure validity, one parent is designated as the leader (whose
sequences remain unchanged), and the other as the follower. Any duplicate elements from
the follower are replaced by unused ones. Length discrepancies are resolved by adding or

removing elements to preserve structural integrity.
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7.4.5 Fitness

The fitness function steers evolution toward feasible, high-performing solutions. For each

link in genome S, residual capacity is computed as:
P(SE.Sh) =R(SESE) - D G, (7.10)
j=1
where S” is the r-th element in sequence p. A valid genome satisfies:

p'(S.8" )=0 Vrp. (7.11)

r+l

Two fitness functions are defined:

B |SP|-1
Fage($)= )" D 0/ (S.80). (7.12)
p=1 r=1
B |SP|-1
Froae(8) = Y min p’ (Sf,s,’;]) . (7.13)
2y £y A

Fhode ensures sufficient upstream capacity to support the load relayed through each node,
whereas Fegoe focuses on edge-wise residual capacity, favoring potentially strong crossover

candidates.

7.4.6 Evaluation of Fitness Functions

Final solutions are evaluated using Fjoqe With correctness enforced via (7.11). During
evolution, genomes may be selected using either fitness function. Three different penalty

mechanisms are tested for invalid solutions:
1. No penalty.
2. Subtract a fixed penalty from the fitness score.
3. Subtract the deficit in residual capacity (based on p’).
This yields six total configurations:

1. Edge Surplus Without Penalty (ENP): fitness function based on edge surplus without
penalty.
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2. Edge Surplus with Value Penalty (EVP): fitness function based on edge surplus with a

penalty value.

3. Edge Surplus with Edge Deficits Penalty (EEP): fitness function based on edge surplus

with a penalty corresponding to deficits on edge flows.

4. Node Surplus Without Penalty (NNP): fitness function based on node surplus without
penalty.

5. Node Surplus with Value Penalty (NVP): fitness function based on node surplus with a

penalty value.

6. Node Surplus with Edge Deficits Penalty (NEP): fitness function based on node surplus

with a penalty corresponding to deficits on edge flows.

7.4.7 Algorithm

The proposed GA is summarized by the pseudocode in Algorithm 6. It iteratively evolves
a population of candidate backhaul configurations to identify the optimal or near-optimal
solution. Starting with a randomly generated initial population of genomes, the algorithm
evaluates each genome’s quality using a defined fitness function. The fittest individuals
are preferentially selected as parents for producing the next generation through crossover
and mutation. To maintain diversity and avoid premature convergence, a small number
of random mutations are introduced. Additionally, an elitism mechanism ensures that the
best-performing individuals are preserved between generations. The process repeats until the
stopping condition (e.g., maximum number of generations) is met. The best solution found is

then returned.

7.4.8 GA Complexity

The complexity of the GA is determined by the number of generations, population size,
and the cost of core operations. The fitness and mutation operations scale as O(M + B),
while crossover operations, which impose higher complexity because they require validation
and potential fixing to ensure the validity of instances, are at O((M + B)?). The overall

complexity is:

) (G~ (P(M+B) +Pym(M +B) +P)(C0(M+B)2+PXE)), (7.14)
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Algorithm 6 Genetic Algorithm for Backhaul Optimization

Input: Population size N, stop condition SC, mutation rate y)j, crossover rate yco, fitness
selection function Fg, fitness solution function Fj;
Output: Optimized solution
1: Generate initial population of Njpjtia individuals.

2: repeat

3: Evaluate fitness for each individual.
4: Store best solution by Fy.

5: Select parents based on Fg.

6: Apply crossover with rate yco.

7: Apply mutation with rate ynp.

8: Apply elitism by preserving top yg individuals.
9: until SC
10: Return best solution.

where G is generations, P is population size, and xm, ¥co, XE are mutation, Crossover,
and elitism rates respectively. Dominated by the crossover term, the complexity simplifies to
O((M+B)?).

7.5 Joint Backhaul and Fronthaul Framework

The overall framework, illustrated in Figure 7.2, integrates the HC and GA algorithms, along
with the height adaptation mechanism. For an initial height /¢, the HC algorithm determines
the DBS placements with the minimum required number of DBSs, and then the GA computes
the backhaul connectivity. If the GA fails, additional DBSs can be introduced by reversing
merges in the linkage matrix, thereby expanding the backhaul solution space. After finding a
feasible backhaul solution, the height of each DBS is optimized to reduce coverage radii and
improve SNR. Afterwards, if (3.13) is violated due to GN mobility, the framework adapts
in two ways: if the GN exits the current coverage radius but remains within the maximum
possible radius Rpax, the DBS height is adjusted to extend coverage. Otherwise, HC is
re-executed to recompute placement. Similarly, if (7.11) is violated due to load increase, GA

1s re-run to restore network flow conservation.

7.6 Simulations and Discussions

Following the simulation methodology described in Section 6.5, a rectangular coverage area
of size 10x10 km is considered. For each simulation run, a new spatial distribution of GNs is
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———)[ Run Algorithm 5 (HC) to determine DBS placement ]

Y

’—>[ Run Algorithm 6 (GA) to create backhaul network

Split cluster (linkage
trix) to add a DBS
maltix) to add a Check validity
Invalid of (7.11)? GN load change:
Yes (7.11) violated

Use (3.14) to determine DBS heights ]

GN mobility: Idle while both (7.11)
(3.13) violated and (3.13) are valid

Figure 7.2 Flowchart illustrating the joint fronthaul and backhaul optimization framework.

generated using the PCP outlined in Section 2.1.1. The MBSs are statically positioned at the
four corners of the area.

The simulations were implemented in Python. For solving the backhaul optimization
problem, PyGAD library [125] is utilized to implement the proposed GA. To tune the GA pa-
rameters, preliminary tests on 20,000 randomly generated problem instances were conducted.

Parameters were sampled from the following ranges:
* Maximum number of generations: 10-1000
* Initial population size: 10-1000
* Crossover rate (yco): 1%-99%
* Mutation rate (ym): 1%-99%

* Elitism rate (yg): 1%—99%
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* Parent selection method: random, rank, roulette wheel, steady-state, stochastic univer-
sal, tournament

 Stopping criterion (stagnant generations): 3—30

The final parameters were selected based on achieving a balance between convergence
speed and solution quality. Although the chosen configuration performed well for the
scenarios tested in this work, these parameters can be adjusted depending on the specific
problem scale and requirements. For instance, increasing the number of generations may
improve solution quality for large instances, while a higher mutation rate can enhance
population diversity and help escape local optima.

Table 7.1 summarizes the key simulation parameters used across all experiments. GN's
are generated using two PCP parameter sets: set (a) for fronthaul evaluation produces more
GNs than set (b) for backhaul evaluation.

Table 7.1 Simulation Parameters

| Parameter | Value |
DBS height (hg), MBS height, environment variables (a, §) | 60 m, 25 m, 9.61, 0.16
[38]

Expected path loss (171.0s, 7NLOs), carrier frequency (f.), GN
traffic load (R,,), number of MBSs (B)

1 dB, 20 dB [38], 2
GHz, 20 Mbps, 4

Beam waist radius (wq), weather attenuation coefficient (k),
FSO transmit power (Pgso)

0.25cm, 4.3x10* m™1,
50 mW [43]

Wavelength (1¢), lens radius (rg), photodetector responsivity
(7Fso), noise power (02)

1550 nm, 0.1 m, 0.5, -
60.1 dBm [43]

PCP cluster standard deviation, cluster density, number of
GNis per cluster

100, 107°, 20

GA parameters: max generations, initial population size,
crossover rate (yco), mutation rate (yn), elitism rate (yg),
parent selection, saturation stop threshold

400, 400, 0.3, 0.2, 0.1,
tournament, 20

7.6.1 Comparison of Different GA Settings

This section evaluates the performance of the proposed GA under various configurations
(i.e., combinations of fitness functions and penalty mechanisms) across a limited number
of iterations. The results are compared with a baseline random sampling approach that
exhaustively explores Nexact = 107 possible random solutions in the search space. To focus
solely on the backhaul optimization aspect, the access layer is neglected by setting Rg = oo,
and the number of MBSs is fixed to Ng = 2.
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Probability of Finding a Correct Solution

Figure 7.3 presents the probability of reaching a valid solution before the stopping condition,
plotted for different values of the DBS count M. For small values of M, all GA variants per-
form similarly to the random sampling baseline. However, as M increases, the performance
gap widens. Beyond 30 DBSs, differences between GA configurations become evident,
stabilizing around 40 with a 13% success rate gap between the best (NVP) and worst (NNP)
strategies.

Similarly, Figure 7.4 shows the probability of success across different backhaul distance
constraints dm,x. The most challenging cases occur for short distances (e.g., 2.0 km). Above
2.4 km, differences across GA variants diminish, and beyond 2.8 km, they converge. Notably,
the NVP strategy achieves the highest success rate for stringent distance constraints, whereas

the NNP and random sampling perform poorly.
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Figure 7.3 Probability of success vs. number of DBSs, M, for different GA configurations
and the baseline method. The NVP strategy yields the highest success rates for large M.

Quality of Achieved Correct Solutions

The quality of valid solutions is evaluated using the fitness metric Fy,oqe(S) defined in (7.13),

which captures the cumulative backhaul load surplus across nodes. This surplus represents
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Figure 7.4 Probability of success vs. backhaul distance dpax for different GA configurations
and the baseline method. NVP dominates under short backhaul distances.

the system’s resilience to increased traffic demands, which helps in avoiding additional DBS
deployment.

Figure 7.5 shows that the quality improves as M increases, with identical results across
algorithms for small values of M (up to 15). As the network size grows, GA variants diverge:
ENP outperforms others, while NVP yields the lowest throughput reserves. Similarly, in
Figure 7.6, the ENP variant produces the highest quality results under constrained dx,
while NVP lags behind.

The substantially higher success rate of the NVP fitness function arises from its strong
emphasis on locating feasible solutions. This stems from the fact that NVP favors surplus
at nodes (fitness functions with codes beginning with N, namely NNP, NEP, and NVP), in
contrast to edge-focused approaches (codes beginning with E, such as ENP, EEP, and EVP),
even though a solution’s validity ultimately depends on ensuring sufficient backhaul capacity
at each node. Moreover, the Value Penalty mechanism (codes ending in VP—i.e., EVP
and N'VP) applies a strict penalty that forces all incorrect solutions to yield negative values.
This contrasts with the Edge Penalty strategy (codes ending in EP—i.e., EEP and NEP),
where penalties may not consistently produce negative results, and the No Penalty setting
(codes ending in NP—i.e., ENP and NNP), which applies no penalty at all. These combined
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Figure 7.5 Total throughput surplus Fjo4.(S) vs. number of DBSs, M, for different GA
configurations and the baseline. ENP yields the highest quality for large M.

characteristics contribute to the high likelihood of discovering a feasible solution, although
potentially at the expense of bypassing paths that might yield more optimal results.

Conversely, the ENP (Edge No Penalty) fitness function evaluates solutions purely based
on surplus at the edge level and applies no penalty for invalid configurations. As reflected in
the results, this approach allows the exploration of less constrained regions of the solution
space, which may lead to lower overall success rates but enables the discovery of high-quality,
valid solutions, evidenced by greater node throughput surplus.

In summary, NVP is more suitable when the existence of a feasible solution is uncertain,
as it maximizes the probability of finding one. In contrast, ENP proves advantageous in well-
provisioned scenarios where, for example, there is high drone density, and where feasibility

is more likely, allowing the algorithm to emphasize performance optimization.

7.6.2 GA Success Probability: HC vs. K-means Placement

Figure 7.7 compares the performance of the proposed NVP version of the GA, following
placement determined either by K-means or by the HC algorithm under different Ny settings.
Since there is no way for K-means to conserve the coverage radius constraint, the author

set Rg = oco. The performance of both strategies is similar. With a relaxed d,x of 3.5 km,
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Figure 7.6 Total throughput surplus Fjoge(S) vs. dmax for different GA configurations and
the baseline. ENP shows best performance for constrained distances.

K-means seems to be performing slightly better at the smallest value of M, where it seems
that in some cases fewer MBSs are connected to the resulting graph when HC is applied.
On the other hand, for a more stringent dp,x of 2.5 km, two regions can be identified.
When 20 < M < 35, increasing the minimum number of required neighbors improves the
GA success probability, and HC outperforms K-means in all cases. As the solution space
grows larger with more DBSs, however, this improvement diminishes, and the GA’s success
probability decreases for the specified limited number of generations and initial population
size. In such cases, the number of GA generations or the starting population size should be

increased.

7.6.3 GA Execution Time

Figure 7.8 shows the average execution time per run. For the baseline random sampling
approach, results are reported only for M + B < 15 due to a time cap of 10 seconds per
instance. The trend line for GA exhibits a quadratic growth, consistent with the theoretical
complexity of O((M + B)?) derived in (7.14).
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Comparison is made between HC and K-means placement strategies.

7.7 Conclusion

This chapter presented a comprehensive framework for designing a joint fronthaul and
backhaul network architecture for DBS-assisted wireless networks. In this framework, and
leveraging their altitude, DBSs rely on multi-hop wireless links for backhaul connectivity
such as FSO. To address the resulting challenges in topology design, the DNP is formulated
as a constrained graph optimization problem and demonstrates its NP-hardness.

To solve the problem efficiently, a tailored GA is introduced that results in feasible
backhaul paths while maximizing throughput redundancy. This included a novel genome
representation and designed two custom fitness functions along with penalty strategies to
guide solution evolution. The proposed algorithm ensures flow conservation at every DBS
and adheres to connectivity constraints.

Simulation results demonstrated the effectiveness of the algorithm in identifying high-
quality solutions under diverse settings. The analysis showed that the NVP fitness configura-
tion yields the highest success probability, especially under strict constraints, while the ENP
variant consistently achieves the best throughput performance. The proposed GA scales well
with problem size, offering a computationally tractable method for complex backhaul mesh

design.
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Figure 7.8 Processing time vs. DBSs count M for different GA settings and the baseline
method. The quadratic complexity O ((M + B)?) is confirmed.

Furthermore, the author integrated the backhaul optimization into the full network frame-
work introduced in the previous chapter by coupling it with the HC-based DBS placement
strategy. The complete framework adapts to changes in user distribution or traffic load,

ensuring resilient and efficient end-to-end network connectivity.



Chapter 8
Conclusions

This thesis explored the design of next-generation wireless networks supported by DBSs,
which offer flexible, adaptive, and cost-effective connectivity solutions in diverse deployment
scenarios. By leveraging the unique spatial and mobility characteristics of UAVs, several
critical challenges related to their deployment and operation were addressed, focusing on
fronthaul and backhaul network design, energy constraints, and adaptive placement strategies.

The work began by reviewing the classification of UAVs, regulatory constraints, and tech-
nical challenges associated with DBS deployment. A clear research scope was established,
focusing on aspects unique to airborne networks, namely 3D placement, power control,
energy harvesting, and wireless backhaul provisioning.

Then the thesis introduced different simulation frameworks that enabled the modeling
of GN distribution and mobility, urban environments, wireless channels, and energy con-
sumption and harvesting aspects. These frameworks provide a guideline for studying such
networks and for future work targeting similar problems.

The core contributions of this thesis are organized into five algorithmic modules across

Chapters 3—7. These contributions can be summarized as follows:

* Fronthaul-only DBS placement: Two placement schemes were proposed—one
based on a novel SINR-guided EM clustering method for known GN locations, and
another leveraging a multi-agent Q-learning framework for placement in unknown
user distributions. Both solutions demonstrated improved coverage, energy efficiency,
and fairness. A height optimization technique is introduced, which improves the SNR
and can be used to extend the coverage radius when GNs leave the cell boundary.
Furthermore, an access probability metrics was derived to evaluate the performance of

a beamforming DBS which is covering vehicles under a single beam. This metric was
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also used within an MILP formulation to determine the placement of DBSs and their

beams footprints, while minimizing the number of active DBSs.

* Transmission power optimization: An MCTS-based (TP-MCTS) framework was
developed to optimize DBS transmission power settings. The method improved energy
efficiency and link reliability and could deactivate redundant drones by assigning zero

power.

* Backhaul-aware placement: A visibility-graph framework was proposed for LOS-
constrained DRSs deployment in urban environments to relay backhaul traffic. This

model is extended to incorporate solar energy harvesting and RIS-based vitrual links.

* Joint fronthaul-backhaul placement: An HC algorithm was formulated to jointly
satisfy GN coverage and mesh connectivity constraints, providing reliable coverage
while maintaining backhaul robustness through an Ng-neighbor constraint. It was also

shown how the placement can adapt to GNs through height optimization.

* Backhaul mesh topology design: The thesis introduced a tailored GA to solve the
DNP under mixed-integer linear constraints. The proposed algorithm ensures flow
conservation and maximizes redundant throughput across the mesh, and integrates with
the HC-based placement scheme to provide a comprehensive deplyment framework

for DBS-assisted networks.

The author demonstrated that intelligent Al-based optimization can transform DBSs into

resilient and autonomous 3D networks, thus confirming the thesis claim.

8.1 Future Work

Several extensions are possible based on this thesis. First, integrating time-domain scheduling
and frequency planning with spatial placement could further enhance performance. Second,
incorporating user mobility prediction into the placement algorithms could improve service
continuity. Third, the backhaul optimization frameworks can be extended to include further
aspects such as latency. Fourth, the comprehensive framework introduced in the final chapter
can be furtuer optimized by leveraging GA and HC historical records when adapting to
the dynamic changes of GNs throughput and locations, thus reducing the complexity by
avoiding the need for complete network recomputation. Finally, real-world field tests and
hardware-in-the-loop simulations will be essential for validating the practical applicability of

the proposed solutions.
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