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Abstract

Deploying unmanned aerial vehicles (UAVs) as aerial base stations (BSs) in order to
assist terrestrial connectivity, has drawn significant attention in recent years. UAV-BSs can
take over quickly as service providers during natural disasters and many other emergency
situations when ground BSs fail in an unanticipated manner. UAV-BSs can also provide
cost-effective Internet connection to users who are out of infrastructure. UAV-BSs benefit
from their mobility nature that enables them to change their 3D locations if the demand
of ground users changes. In order to effectively make use of the mobility of UAV-BSs in a
dynamic network and maximize the performance, the 3D location of UAV-BSs should be
continuously optimized. However, solving the location optimization problem of UAV-BSs
is NP-hard with no optimal solution in polynomial time for which near optimal solutions
have to be exploited. Besides the conventional solutions, i.e. heuristic solutions, machine
learning (ML), specifically reinforcement learning (RL), has emerged as a promising solu-
tion for tackling the positioning problem of UAV-BSs. The common practice for optimizing
the 3D location of UAV-BSs using RL algorithms is assuming fixed location of ground users
(i.e., UEs) in addition to defining discrete and limited action space for the agent of RL.

In this thesis, we focus on improving the location optimization of UAV-BSs in two ways:
1-Taking into account the mobility of users in the design of RL algorithm, 2-Extending
the action space of RL to a continuous action space so that the UAV-BS agent can flexibly
change its location by any distance (limited by the maximum speed of UAV-BS).

Three types of RL algorithms, i.e. Q-learning (QL), deep Q-learning (DQL) and actor-
critic deep Q-learning (ACDQL) have been employed in this thesis to step-by-step improve
the performance results of a UAV-assisted cellular network. QL is the first type of RL
algorithm we use for the autonomous movement of the UAV-BS in the presence of mobile
users. As a solution to the limitations of QL, we next propose a DQL-based strategy for
the location optimization of the UAV-BS which largely improves the performance results
of the network compared to the QL-based model. Third, we propose an ACDQL-based
solution for autonomously moving the UAV-BS in a continuous action space wherein the
performance results significantly outperforms both QL and DQL strategies.
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Chapter 1

Introduction

Uncrewed aerial vehicles (UAVs), also known as drones1, are a type of aircraft that can
fly without an on-board pilot [87]. UAVs can be autonomously controlled by an on-board
unit or they can be controlled manually from the ground [64]. Due to their low cost,
high-mobility and hovering capabilities, UAVs are desirable in many civilian applications
[31]. For instance, in smart cities, the objective is to provide efficient infrastructure and
the provision of continuous services at reduced costs. In such settings, UAVs can play a
critical role in delivering various digital services to the users [57]. It is forecast that in
the near future millions of drones will be deployed in everyday services to perform a wide
range of activities [59]. There are a number of application domains that can be served
by UAVs as the last mile service providers. These domains include but are not limited
to search and rescue, construction and infrastructure inspection, precision agriculture,
delivery of goods, real-time monitoring of road traffic, surveillance, relaying information
between long-distance nodes, and providing wireless coverage [72, 56, 42, 48, 28]. Figure
1.1 illustrates the domains in which UAVs can be deployed as the main service provider.

Delivering wireless coverage through UAVs is considered to be one of the most essential
factors of future smart cities [16] which is the focus of this thesis. UAV-mounted base
stations (UAV-BSs), also called drone-BSs, can provide rapid and cost-effective wireless
connectivity for cellular networks [17]. Furthermore, with autonomous decision capability,
UAV-BSs can fly autonomously by embedded/built-in microprocessors or distant auto-
mated control without human intervention [32].

UAV-BSs are utilized in various contexts to fulfill the connection demands when ter-

1As the focus of this thesis is scoped to drone-assisted communications, we hereby use the terms UAV
and drone interchangeably.
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Figure 1.1: General use cases of UAVs

restrial BSs fall short to provide the connectivity to all users [58]. In case of a temporary
ground BS failure, UAV-BSs can quickly hover in the sky in order to prevent users from
staying disconnected [30]. In natural disasters and emergency situations where ground
BSs are destroyed or overloaded, and rescue teams and citizens do not have access to the
Internet, UAV-BSs can be rapidly deployed in the air to provide connectivity [53]. UAV-
BSs can also be deployed to locations that have become over-crowded due to an expected
event, such as a concert or sport competition, or due to an unexpected event, such as an
accident, where the density of connected devices grows above the capacity of the available
terrestrial BSs to satisfy their Internet connectivity needs [96, 37]. Furthermore, in rural
areas where there is no infrastructure to bring Internet connectivity to users, UAV-BSs can
be deployed with low cost to let devices connect to the Internet [96]. Figure 1.2 depicts
several use cases when UAV-BSs can provide Internet connectivity to ground users. Indeed,
the implementation of terrestrial BSs is a large investment in terms of time and cost which
is not always feasible when the demand is urgent, unexpected and/or temporary. In such
situations, assisting the cellular networks via UAV-BSs could be a great potential solution.
Moreover, UAV-BSs are predicted to be largely exploited in 5G and beyond where a dense
network of access points is needed to have ultra reliable low latency connections [34]. In 5G
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Figure 1.2: Illustration of the use cases for UAV-BSs

wireless networks, picocell access points can also be deployed inside the coverage of macro-
cells in hotspots of user activity [6]. However, deploying picocells is a time consuming and
laborious process that involves training of the personnel and configuration of the access
points one by one. An alternative to deploying picocells is the deployment of UAV-BSs
in the air in order to complement the existing macrocell infrastructure [34]. According to
[23], the deployment of UAV-BSs brings several benefits compared to fixed picocells:

1. Performance improvement: Mobility of UAV-BSs enables rapid deployment and
positioning around the user equipment (UE) where additional cells are required to
meet the demand. Furthermore, since UAV-BSs are placed in high altitude above
the earth surface, they are likely to provide line-of-sight (LoS) to UEs which results
in higher service quality.

2. Reduction of deployment cost: UAV-BSs do not require to be setup like the
traditional BSs but only need to be launched to hover over the target area. Service
provision while UAV-BSs are hovering is mostly automated and is managed by a cen-
tral control unit. In light of these, it can be suggested that UAV-BSs are envisioned

3



to require significantly lower capital expenditures.

3. Low service overhead: A typical use case of UAV-BSs is a rapidly occurring exces-
sive demand for Internet connectivity. To cope with rapid demands, an advantage of
UAV-BSs over picocells is that, fixed picocells would remain underutilized as hotspots
move across different locations. In contrast, UAV-BSs can adapt their position ac-
cording to the varying demand profiles so to serve users in the new hotspots.

1.1 Practical use cases for aerial base stations

There are several practical usecases where UAV-BSs have been exploited in various projects
driven by the industry. In this section, we present a review of four projects that aim at
different aspects of UAV-BSs with some overlapping interests.

Facebook’s Aquila: Aquila drone, a solar-powered UAV, was developed by Facebook
to provide Internet access to the residents in rural areas and/or economically depressed
regions. As reported by Facebook, despite the fact that Internet access is an inseparable
aspect of urban life, approximately 50 percent of the world population is deprived of
connectivity. Indeed, the primary reason for this gap is the high capital and operational
costs of laying out and maintaining the infrastructure in those regions, and these roadblocks
include but are not limited to land rights, equipment, microwave and fiber. Thus, the
traditional business model for connectivity is costly for the operators if they were to bring
Internet connectivity to very few potential subscribers in deprived regions. These facts
form the basis for Facebook’s Aquila project such that the UAV-BSs are deployed to bring
affordable Internet connection over a 50 km radius for 90 days to those regions with poor
or no connectivity [54]. Although Facebook’s Aquila project was halted in 2018 after one of
the aircraft’s wings was crushed at the time of landing, the concept of bringing connectivity
to remote areas via aircrafts has continued [43]. In fact, there are other stakeholders such
as Airbus that stepped up to develop high altitude platform stations (HAPS) to reach
similar goals as the Aquila project [70].

AT&T’s Flying COW: Motivated after the hurricane Maria in Puerto Rico that
devastated the northeastern Carribean in 2017 including the collapse of the telecommuni-
cation infrastructure, flying cell of wings (COW) is a new technology introduced by AT&T.
Flying COW aims at sustaining wireless coverage during natural disasters and big events
through drones. A Flying COW drone is designed to deliver wireless coverage to an area
of up to 40 square miles in the case of emergency situations [69]. Given a few remaining
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cell towers that would be immediately overwhelmed by residents asking for aid, a flying
drone is proposed to provide additional network coverage in the aftermath of tornadoes,
hurricanes or other disasters to reconnect first responders and residents [66].

SoftBank’s Drone Wireless Relay system: SoftBank has been working with Tokyo
Institute of Technology since 2019 to conduct research on drone-based wireless relay sys-
tems [63]. The drone uses a wired power feed and rises to an altitude of 100 meters to
cover an area with a radius of 10km [1]. SoftBank’s drone aims to provide connectivity
when an outage occurs after natural disasters to save and redirect people towards rescue
points. As the SoftBank’s drone move in the sky after the disaster, mobile phones can
receive signals from a drone, which can determine their locations.

Alphabet and HAPSMobile’s HAWK30: HAWK30 is a collaborative project be-
tween HAPSMobile and Alphabet’s Loon. The goal of the project is to foster the use of
solar-powered high altitude drones in the stratosphere in order to deliver connectivity to
more regions and more people worldwide. HAWK30 project investigates the use of aerial
drones in 5G, which is supposed to transform wireless communications by providing an
ultra dense network of access points [80].

Table 1.1 summarizes these use cases by comparing them in terms of objectives.

Table 1.1: Practical use cases for aerial base stations

Project Organization Objective Reference

Aquila Facebook Providing Internet access to remote areas
with no infrastructure

[54]

Flying COW AT&T Providing wireless coverage during natural
disasters and big events

[69, 66]

Drone Wireless Relay System SoftBank Providing wireless coverage after natural dis-
asters to save people who seek help

[63, 1]

HAWK30 HAPSMobile and Alphabet Providing an ultra dense network for 5G and
beyond

[80]
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1.2 Challenges in the implementation of aerial base

stations

Despite many benefits and usecases listed in previous sections, due to the air positioning of
UAV-BSs, their mobility and autonomous nature and high altitude, UAV-BSs pose several
major challenges. Below are some of the key challenges for UAVs as flying BSs:

1. Channel modeling: Due to different air section characteristics, air-to-ground/ground-
to-air communication differs from ground communications [101]. In particular, any
movement or vibration by UAVs might affect the channel characteristics, which could
result in poor network performance. Therefore, current communication models which
are used for ground-based communications are not applicable for air-to-ground con-
nections [101, 33, 3]. In fact, the UAV-to-ground channels are highly dependent on
the type and altitude of UAV, the elevation angle and the propagation environment.
Therefore, an accurate channel modeling, specifically designed for air-to-ground com-
munication, is required so to plan, design and evaluate aerial networks effectively.

2. Optimal 3D placement: Placing UAV-BSs in optimal locations in the sky (i.e.,
3D positioning) and moving them towards the locations with the highest demand is
amongst the most challenging concerns about UAV-BSs [98, 60]. Unlike ground BSs
that may remain underutilized when UE hotspots change, mobile UAV-BSs can pro-
vide rapid connectivity when a need occurs. UAV-BSs are capable of re-positioning
themselves in order to move towards the locations where the demand is high. How-
ever, the optimization of the best position of UAV-BSs so as to maximize the network
performance is an NP-hard problem with no optimal solution in polynomial time [74].
So, non-deterministic algorithms should be used to estimate the near optimal solution
which is the focus of this thesis.

3. Path planning: Path planning is another challenge for UAV-BSs. As stated in
[2, 61], the aim of path planning is to find the optimal, shortest and collision-free
path for UAVs to reach their destination. As the energy and flight time of UAVs are
limited, an effective path planning algorithm is expected to find the best path for
UAVs to serve maximum possible number of users in a limited amount of flight time
[12].
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4. Operational altitude: Higher altitudes of a UAV-BS lead to a higher chance of
LoS connectivity for ground users which consequently arises higher service quality
[60, 97]. This means the higher altitude of UAVs introduces the higher probability
of LoS due to diminishing reflection and shadowing [45]. On the other hand, gradual
increase in the altitude of a drone-BS results in a drop in path loss first followed by
an increase. The reason of this phenomenon is that the probability of no-line-of-sight
(NLoS) in low altitudes is much higher than LoS due to the reflection where the path
loss of a NLoS is much higher than LoS [38]. However, the path loss also depends on
the distance between the transmitter and receiver [38]. Therefore, beyond a specific
altitude, the impact of distance outweighs the other factors and results in higher
path loss. Considering that both LoS and path loss have significant impact on the
quality of user connectivity, a trade-off between LoS connectivity and path loss needs
to be addressed by adjusting the altitude of UAVs, which has been tackled by several
studies [53, 100, 73, 92].

5. Energy limitation: UAVs operate on rechargeable batteries that limit their flight
duration before being recharged [24]. In addition to the conventional energy consump-
tion for communication-related functions, such as communication circuits and signal
transmission, UAVs consume excessive power for mobility support [95]. Therefore,
advanced charging technologies should be utilized alongside energy efficient protocols
and planning in order to prolong the battery lifetime of UAVs so that their operation
(flight) time can be extended.

6. Security and privacy: As in all other digital systems, security is considered as one
of the most crucial concerns for UAV-assisted communications. For UAV-assisted
wireless networks, due to the autonomous nature of UAVs and the broadcasting
characteristic of the wireless medium, security is even a more momentous problem
[46]. According to [93], when launching cyber-attacks, adversaries target the radio
links of UAVs which carry information such as data requested by UEs, control signals
or global positioning system (GPS) signals that are used for navigation. A compro-
mised UAV-BS poses risks to its subscribers (i.e., served users) since users served by
a compromised UAV-BS are likely to lose their cellular connection.
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1.3 Motivation

Out of the challenges reviewed above, one of the key challenges for UAV-BSs is the optimal
placement of drones which is the focus of this thesis. The position of UAV-BSs directly
affects the coverage of the area of interest and how well the quality of service (QoS)
requirements of users are met. Also, in 5G and beyond where users’ delay is a critical
performance indicator of the cellular networks, the service delay experienced by users can
be reduced by continuously moving UAV-BSs towards the locations where user density
and the Internet demand are higher [104]. Therefore, finding the best possible location of
UAV-BSs and how they move in the air in order to improve the performance of network
should be precisely investigated. However, finding the optimal 3D placement of UAV-BSs
is an NP-hard problem [74, 82], thus, no optimal solution exists in polynomial time [10].
Thus, UAV-BSs should be optimally placed through algorithms that output results at
some feasibility levels. In one hand, conventional methods, i.e. heuristic solutions, have
been used by various researchers to solve the placement optimization problem of UAV-
BSs. But, conventional methods are not suitable for dynamic environments where network
topology continuously changes. Conventional algorithms have to rerun repeatedly after
even a minimal change occurs in the network [40] in order to adopt with new topology
which will result in large computation overhead. Artificial intelligence (AI) and machine
learning (ML) techniques on the other hand, can be used in dynamic environments for
discovering the best location of UAV-BSs in the air. AI-based methodologies are capable
of automatically getting adopted to the minor changes of the environment after a proper
training is performed. Amongst all type of ML algorithms, reinforcement learning (RL) and
deep reinforcement learning (DRL) are suitable for network-related optimization problems
where no data or prior knowledge of the environment is available. The intelligent agent
of RL or DRL starts in an unknown environment and takes some actions by trial and
error and receives some reward or penalty for each of the actions it performs. The agent
gradually learns how to interact with the environment in order to maximize the reward
and achieve some specified goals.

There are a number of studies in the literature that have employed RL and DRL, specif-
ically Q-learning (QL) and deep Q-learning (DQL), to solve the placement optimization
problem of UAV-BSs. However, these studies have two limitation:

1. The ground users are assumed to be fixed, i.e., they do not move. However, in prac-
tical scenarios, users locations change with time that impacts the model performance
significantly. Therefore, the state of the art leaves this gap for this thesis to bridge
by considering the users mobility in the deployment of UAV-BS placement based on
QL and DQL-based methodologies.
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2. The action space of the QL and DQL is discrete and contains a finite number of
actions, i.e. one unit towards or against the x, y or z coordinates. So, the UAV-BS
agent has to choose its best action from 5 or 7 different actions at each time step.
This limitation exists due to the fact that both QL and DQL are value-based RL
methods. In value-based RL algorithms, in the exploration phase, the value (quality)
of performing each existing action at each state should be evaluated in order to find
the best action. Since exploring an unlimited number of actions is not practical, the
action space in QL and DQL has to be limited to a finite number of actions, otherwise
the agent converges to a local minimum [9].

Considering the above limitations in the literature, this thesis aims for improving the
3D placement of UAV-BSs by employing three RL-based algorithms that add the below
extensions to the previous works about UAV-BSs’ deployment solutions:

1. Taking into consideration the mobility of users while deploying RL-based algorithms
for finding the optimal 3D location of UAV-BSs. This extension will prepare the
UAV-BSs’ deployment algorithms to be used in real scenarios where the users are
highly mobile and their distributions dynamically change.

2. Using a continuous actor-critic deep Q-learning (ACDQL) strategy to solve the lo-
cation optimization problem of UAV-BSs where the agent can choose its next action
from a continuous range (−k, k). The value of k is the maximum distance the UAV-
BS can move and it depends on the maximum speed of the UAV-BS. This extension
will enable the UAV-BSs to change their locations by any required distance without
limiting them to a few predefined actions.
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1.4 Contributions

After studying the state-of-the-art approaches about the placement optimization of UAV-
BSs and realizing their gaps and limitations, in this thesis we propose to use an advanced
type of RL, called continuous ACDQL, for autonomously moving the UAV-BS in the air in
order to maximize the performance of the network wherein the action space is continuous
and the mobility of users is taken into account.

Key contributions of this thesis can be summarized as follows:

• We propose a reward function for the RL algorithm based on which the agent of RL
receives some positive or negative rewards after choosing and performing each of the
actions during the training. The proposed reward function is a modified version of
the existing commonly-used reward function and it aims to keep the UAV-BS inside
the boundaries of the area of interest while it also intends to maximize the users’
data rate.

• We develop RL-based schemes for the dynamic positioning of UAV-BSs in the case of
users mobility. Unlike the previous works in the literature that assume fixed locations
for the ground users, in this thesis, the users mobility is taken into consideration
since it significantly impacts the performance results of the UAV-BSs placement
algorithms.

• We extend the action space of RL algorithm from discrete to continuous. Different
from the previous works in the literature where at each time step, the RL agent can
choose the best action from a limited set of predefined actions, in this thesis, we
propose to extend the action space to continuous. Therefore, at each time step, the
UAV-BS can move by any distance which is only limited by the maximum speed of
the UAV-BS.
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1.5 Research Methodology

In this thesis, we first review the literature to study the solutions already exist for opti-
mizing the location of a UAV-BS and we detect the gaps and missing parts of the existing
works. After reviewing the literature and finding the gaps, we propose an air-to-ground
channel model so that we can design a wireless communication system and calculate the
path loss that ground users experience while receiving data from a UAV-BS. The channel
modeling and path loss formulation will help us understand how the propagation environ-
ment weakens the wireless signals that reach the users from air. Next, we formulate our
optimization problem which aims to move the UAV-BS over a long time period T in a way
that the sum data rate of users over T would be maximized. Afterward, since the designed
optimization problem is NP-hard, in order to solve it, we propose three methodologies,
namely QL, DQL and ACDQL to find the near optimal location of the UAV-BS over the
time steps of T that will maximize the users’ sum data rate. After proposing our three
methodologies, we simulate a cellular network including the users and the UAV-BS. In the
simulation, we equip the UAV-BS with each of the proposed strategies and initially place
the UAV-BS in one of the corners of the area in the air. Using the proposed strategies, the
UAV-BS starts to learn its best movements with the aim of maximizing the sum data rate
of users.

1.6 Structure of the thesis

After giving an introduction to this thesis in Chapter 1, we review the state-of-the-art
about the placement optimization of UAV-BSs in Chapter 2. Section 2.1 explains the
state-of-the-art studies that have used legacy solution for the deployment optimization of
UAV-BSs, and Section 2.2 presents the existing AI-based methodologies in the literature
for the location optimization of UAV-BSs.

In Chapter 3, we propose a QL-based strategy for the placement optimization of UAV-
BSs in the air wherein the mobility information of users is not included as part of the
training. Section 3.2.1 presents the air-to-ground channel model that is used in this thesis
while in Section 3.2.2, we propose the optimization problem that this thesis aims to solve.
Next, we explain the basics of RL and QL and the available formulations in Section 3.3 after
which the proposed QL-based strategy is presented in Section 3.4. The simulation results
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of the proposed QL-based methodology are illustrated in Section 3.5 which is followed by
a conclusion to the chapter in Section 3.6.

Afterwards, in Chapter 4, we propose our DQL-based strategy for the placement opti-
mization of UAV-BSs where users’ mobility information becomes part of training. We first
give an introduction to this chapter in Section 4.1, followed by explaining the preliminaries
of DQL in Section 4.2. Section 4.3 presents our DQL-based method for the deployment
of the UAV-BS. The simulation results of the proposed DQL-based strategy is given in
Section 4.4. We conclude this chapter in Section 4.5.

Our last strategy for the location optimization of UAV-BSs is proposed in Chapter 5
where mobility information of users is considered in training and the UAV-BS can choose
from continuous action space. We first introduce this chapter in Section 5.1 which is
followed by reviewing the basics of ACDQL in Section 5.2. Next, in Section 5.3, we
propose our ACDQL-based methodology for optimizing the deployment of the UAV-BSs.
We evaluate the performance results of the proposed ACDQL-based method in Section 5.4
after which the chapter in concluded in Section 5.5.

Finally, Chapter 6 summarizes the methodologies proposed in this thesis and discusses
the research directions and future studies that need to be addressed in a UAV-assisted
wireless network.
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Chapter 2

Related works

In order to find the optimal 3D location of UAV-BSs under the constraints of network
and user benefits, an optimization model needs to be formulated based on the network
requirements. As mentioned in the introduction chapter, the 3D location optimization
problem of UAV-BSs’ is an NP-hard problem with no optimal solution in polynomial time.
To tackle the NP-hardness and non-deterministic nature of this optimization problem, there
exist several methods in the literature. In one hand, conventional methods such as heuristic
ones have been utilized to approximate the best location of UAV-BSs. On the other hand,
due to the extensively increasing computational capabilities of processing hardware such as
CPUs and GPUs, the AI algorithms have recently been applied in aerial wireless networks
in order to solve the UAV-related optimization problems [5, 78]. AI methods that aim to
address optimal positioning of UAV-BSs can be classified under three main categories, i.e.,
supervised learning, unsupervised learning and reinforcement learning. Table 2.1 illustrates
a list of key state-of-the-art studies on optimal 3D positioning of UAV-BSs. Each study
employs one of the above-mentioned methods. We review both conventional and AI-based
solutions in this chapter.
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Table 2.1: An overview of the studies about the 3D placement of UAV-BS

Reference Author(s) Method Model Drones (#) Drones Altitude

[38] Kalantari et al. Conventional Heuristic Multiple Dynamic

[82] Wang et al. Conventional Heuristic Multiple Fixed

[71] Savkin et al. Conventional Heuristic Multiple Fixed

[14] Bor-Yaliniz et al. Conventional Heuristic Single Dynamic

[85] Wang et al. Conventional Heuristic Single Fixed

[26] Ghanavi et al. AI-based Q-Learning single Dynamic

[50] Liu et al. AI-based Q-Learning Multiple Dynamic

[40] Klain et al. AI-based Q-Learning Multiple Dynamic

[90] Wu et al. AI -based Deep Q-Learning Multiple Dynamic

[29] Guo et al. AI-based Deep Q-Learning Multiple Dynamic

[103] Zhong et al. AI-based Deep Q-Learning Multiple Fixed

[7] Almeida et al. AI-based Convolutional Neural Network Multiple Dynamic

2.1 Methodologies adopting legacy solutions for the

optimal placement of UAV-BSs

Heuristic methods have been exploited by various studies to solve the location optimiza-
tion problem of UAV-BSs. In this section, we review several of these studies that seem
promising for the deployment of aerial BSs.

Kalantari et al. propose a particle swarm optimization (PSO) meta-heuristic to find
the minimum number of UAV-BSs and their 3D placement in a given area with different
user densities [38]. Below, we introduce the PSO algorithm to elaborate on the use of PSO
for the 3D placement of UAV-BSs.
PSO is a stochastic optimization technique that simulates social behavior of animal swarms
such as birds and fish [81]. These swarms conform a cooperative way to find food (solu-
tion), and each member in the swarm keeps changing the search pattern according to its
own learning experience alongside the learning experience of the other members. This
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algorithm starts with a random set of candidate solutions and iteratively tries to improve
the candidate solutions with regards to a given measure of quality. The best experience
of each candidate as well as the best global experience of all candidates are recorded and
the next movement of the candidates is influenced by these items. On the basis of these
principles, Kalantari et al. [38] formulate a utility function as follows,

argmin
wi∈R3×1

Nsubarea∑
k=1

NBS∑
j=1

|NUBS
ρj,k −DkSk|, (2.1)

where NUBS
denotes the maximum number of users that a UAV-BS can serve, NBS is

the number of UAV-BS (randomly selected and will improved later), and Nsubarea is the
number of ground subareas with different user densities to be served. In the equation, Dk

and Sk are the user density and the area of k-th subarea, respectively. Furthermore, ρj,k
is defined as the ratio of the intersection area between j-th UAV-BS and k-th subarea to
the total covered area of j-th UAV-BS. Intuitively, ρj,k represents the percentage of the
mutually covered area by the j-th UAV-BS and k-th subarea. The 3D coordinate of the
i-th UAV-BS (wi ∈ R3×1) should keep changing for all UAV-BSs in order to minimize the
above optimization problem. It is worth to note that we hereby keep using the notation
of wi ∈ R3×1 or wi ∈ R2×1 in all of the optimization problems reviewed throughout this
survey as the 3D and 2D (when the UAV-BSs altitude is fixed) coordinates of UAV-BSs,
respectively.

The utility function shows the total number of uncovered users which should be mini-
mized. To apply PSO algorithm, a predefined number of initial solutions are generated, i.e.
3D locations of UAVs, and then these solutions are improved in such a way that the utility
function is minimized. Across all iterations, the solution which provides the minimum
utility is saved as the best global solution. Besides, the lowest utility of the other solutions
is stored as the best local. The solutions, i.e., the 3D locations, are updated iteratively
based on best global and best local until no further improvement is seen [38]. As another
aim is to minimize the number of UAV-BSs, after finding the best locations via PSO, the
number of UAV-BSs is minimized by removing the UAVs whose elimination do not affect
the quality of the network nor the utility value.

In another study [82], Wang et al. investigate how to optimally deploy multiple UAV-
BSs with the aim of minimizing the number of UAVs while maximizing their load balance.
In fact, considering the battery limitation of UAV-BSs, the variance of the number of
served UEs among UAV-BSs should be minimized in order to improve the fairness among
UAVs. Key assumption is that all UAVs fly at the same and fixed altitude. Thus, the
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optimization problem is formulated on the 2D coordinates of UAVs with the objective of
jointly optimizing the number of UAVs and their load balance, and the objective function
is formulated as

argmin
wi∈R2×1

H +
1

H

H∑
j=1

(
M∑
k=1

bhj,k −
∑H

j=1

∑M
k=1 b

h
j,k

H

)2

, (2.2)

where H is the number of UAV-BSs, M is the number of UEs and bhj,k is a binary variable
that indicates whether or not the k-th UE is associated with j-th BS. This optimization
problem is decomposed into two sub-problems. Initially, a centralized greedy search al-
gorithm obtains the minimum number of UAVs and their sub-optimal positions. This is
followed by a distributed motion algorithm to make each UAV autonomously find its op-
timal position in a continuous space. A closer glance at these algorithms is presented in
Fig. 2.1.

The greedy algorithm in [82] consists of five steps. 1) Sufficient number of candidate
UAV-BSs are initialized to cover all UEs in a constant predefined altitude. 2) A connection
graph is built between UAVs and UEs by calculating the signal-to-interference-plus-noise
ratio (SINR) between them. 3) Redundant connections such as one UE being associated
with more than one UAV, are deleted. 4) Idle UAVs with no connections are removed. 5)
The algorithm searches whether any other UAV-BS can be deleted if it re-associates all its
attached UEs to the neighboring UAV-BSs without violating the constraints. At the end
of Step-5, an approximation of the minimum number of UAVs are expected to cover all
UEs alongside their initial locations.

In the distributed motion algorithm to make UAVs autonomously find their best loca-
tions, each UAV models the demand for the optimal coverage as a virtual force field. It
is also assumed that all the UAVs can sense their surroundings through target recognition
sensors. The virtual force filed for each UAV-BS is a linear function of attractive and
repulsive force vectors, which is expressed as

F⃗ = F⃗a + f⃗a + F⃗r + F⃗obs, (2.3)

where F⃗a represents the attractive forces for connectivity, and it is defined to attract all
the UAVs towards the hotspots in the area of interest. This factor is calculated for each
UAV-BS based on the distance between the UAV and each hotspot. f⃗a stands for the
attractive forces toward UEs instead of F⃗a, which is toward the hotspots and its aim is
to locate UAVs more precisely in order to cover individual UEs when the distribution of
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Figure 2.1: The greedy and motion algorithms proposed in [82]

UEs is uneven around the hotspots. This factor is calculated for each UAV-BS based on
the distance between each UAV-UE pair. F⃗r denotes the repulsive forces to keep UAVs at
desirable distances. While the attractive forces push all the UAVs toward the hotspots,
the repulsive forces aim to keep the UAVs away from colliding with each other. The
vector F⃗r takes effect when the distance between two UAVs is less than a predefined value.
F⃗obs denotes the repulsive forces to avoid obstacles and its aim is to avoid UAVs hitting
the obstacles. F⃗obs will take effect when the distance between a UAV and an obstacle
is less than a predefined value, which can be detected by using sensors such as radars,
or the geographical information. This factor is calculated based on the distance between
each UAV and each obstacle. Considering the above factors, the overall resultant force,
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F⃗ , contributes to the optimal placement of UAVs with collision and obstacle avoidance.
Every UAV-BS follows the resultant force in (2.3) to move iteratively until the resultant
force on every node is zero. The steps of the proposed solution by Wang et al. is shown in
Fig. 2.1.

Savkin et al. [71] propose a greedy algorithm based on Voronoi cells, for finding the op-
timal location of UAV-BSs during some occasional events when existing traditional ground
BS may not be able to handle the excessive demand in the event. The number of UAV-BSs
is given in advance, and the aim is to minimize the average UAV-user distance in order
to reduce path loss while keeping the UAV-BSs connected to the ground BS. Savkin et al.
deploy all the UAV-BSs at the same altitude in one horizontal plane. By considering a con-
stant altitude, UAV-BSs’ coordinates are considered as the coordinates of a surface. Savkin
et al. also use a precomputed user probability density function that describes the proba-
bility density of users at a particular position at a given time during the occasional event.
Such density function is built based on the statistical data obtained from the experience
of the previous years.

In order to find the optimal location of UAV-BSs, Savkin et al. formulate the optimiza-
tion problem that minimizes the average UAV-user distance as follows,

argmin
wi∈R2×1

∫ ∫
u

d2min(x, y)f(x, y)dxdy, (2.4)

where wi represents i-th coordinates, (x, y) is a particular point in users region, dmin(x, y) is
the Euclidean distance from point (x, y) to the nearest UAV-BS, and f(x, y) is the weighted
user probability density formulated as

f(x, y) = r(x, y)ρ(x, y), (2.5)

where ρ(x, y) is the user probability density function, and r(x, y) is the data rate require-
ment of the users at point (x, y).

In order to solve the above NP-hard optimization problem, Savkin et al. assume that
UAV-BSs can only be deployed at some finite points of the region. In the proposed recursive
solution, the UAV-BSs are initially placed at some initial points, based on which the
Voronoi diagram is constructed.

Voronoi diagram of a set of n seeds in a space M , partitions M into n regions (cells),
one region per seed, such that for each seed, the corresponding region contains all the
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points of M that are closer to that seed, than to any other seed [41]. Figure 2.2 is an
illustration of Voronoi diagram with the partitioned cells.

Figure 2.2: Voronoi cells with the UAV-BS over their coverage areas

Taking into account the Voronoi diagram model, in the proposed algorithm in [71], after
initialization of the location of UAV-BSs, i.e., the seeds, the Voronoi cells are constructed
and the area of interest is partitioned into different Voronoi cells. Afterwards, the centers
of Voronoi cells are calculated and considered as the new best locations of UAV-BSs. This
algorithm will run recursively until the change in the quality of coverage in two consecutive
steps is lower than a predefined threshold. The last centers calculated by the algorithm
are considered to be the best location of UAV-BSs that have the lowest packet loss and
the best coverage.

In another study in [14], Bor-Yaliniz et al. formulated a single UAV-BS placement
problem as a 3D placement optimization problem with the objective of maximizing the
revenue of the network which is proportional to the number of users covered by the UAV-
BSs as a mixed integer non-linear programming (MINLP) problem. The probability of
having LoS for a user depends on the altitude of the Drone-BS and the horizontal distance
between the user and the Drone-BS. Moreover, for a specific user, the QoS is measured
based on the received path loss which is calculated based on the probability of LoS and
the 3D Euclidean distance between the user and UAV-BS. The user is served if the QoS is
above a predefined threshold.

MINLP problems are optimization problems that have both integer and non-integer
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Table 2.2: Optimization objectives used by conventional methodologies for the 3D place-
ment of UAV-BS

Reference Author(s) Optimization Objectives

[38] Kalantari et al. Minimizing the total number of uncovered users

[82] Wang et al. Minimizing the number of UAV-BSs and maximizing their load balance

[71] Savkin et al. Minimizing the average UAV-user distance

[14] Bor-Yaliniz et al. Maximizing the number of served users

[85] Wang et al. Maximizing the average throughput and the successful transmission proba-
bility

variables. Besides, MINLP problems have nonlinear functions in their objective function
and/or in their constraints [55]. MINLP problems form a class of very challenging opti-
mization problems that are not solvable for certain inputs [44]. If MINLP problems are
forced to contain only linear functions, or restrict them to have no integer values, they can
be transformed into NP-hard problems, and interior point optimizer methods are among
the state-of-the-art approximators for MINLP problems [13, 79, 21].

In another work [85], Wang et al. propose a traffic-aware adaptive deployment algorithm
in order to fulfill the instantaneous traffic demands of users when the UAV-BS is unaware
of the precise locations of the UEs and only has information about the number of ground
UEs in each sector. In Wang et al.’s solution, two sectors are assumed on the cell of interest
on the ground and there exist two steps: 1-the UAV-BSs first observes the number of UEs
in each sector and moves based on a simple majority-vote rule, that is UAV-BS moves a
certain distance towards the sector with the maximum number of UEs. So, at the end of
step 1, the UAV-BS is placed inside the selected sector S1. 2-The authors then continue
optimizing the displacement distance of the UAV-BS by further balancing between the two
sectors to maximize the average throughput and the successful transmission probability of
the network. Wang et al. numerically study the optimal value for the UAV-BS displacement
via root-finding algorithms, and they finally achieve the below rules:
For maximizing the network average throughput, if the average traffic load in a cell is very
small, that happens when the user density is small, the UAV-BS should move towards the
center of the sector chosen in step 1. However, if the user density is high in the cell of
interest, it means that there are still many users in the other sectors and the UAV-BS’s
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displacement should be minimal to maximize the average throughput. So, the UAV-BS
stays close to the boundary of S1 and S2. Otherwise, if the aim is to maximize the network
successful transmission probability, the following rules are obtained: If the coverage radius
of the UAV-BS is not large enough to cover the whole sector S1, the optimal strategy for
the UAV-BS is to keep its coverage within S1. If the coverage radius of the UAV-BS is
larger than S1, it means that the UAV-BS is capable of not only covering the users inside
S1, but it can also cover some users of another cluster. In this case, the UAV-BS moves
towards another cluster, but still inside S1.

In all the proposed conventional solutions for the 3D deployment of UAV-BSs, although
the designed optimization problems are NP-hard and not solvable directly, the way they
are designed is of critical importance since they are used for measuring how well a solution
performs in comparison to the previous solutions with the aim of gradually improving the
solution. Table 2.2 reports the optimization objectives of the conventional-based method-
ologies reviewed in this section.
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2.2 Methodologies adopting AI-based solutions for op-

timal placement of UAV-BSs

While heuristic solutions search for the best possible solution among a set of available
solutions depending on the used algorithms, for most of the real-world applications about
UAV-assisted cellular networks, the system needs to continuously interact with the en-
vironment as the environmental conditions continuously vary and accordingly the set of
possible solutions change. Therefore, the heuristic algorithms need to run recurrently in
order to adjust with the varying environmental conditions and the new sets of solutions
[40]. Thus, the computational overhead of heuristics algorithms dramatically increase as
the environmental conditions vary. However, by employing AI and ML methods in dynamic
environments, after the model is trained properly, it could adapt the solution for minor
changes in the environment without the need to re-run [26]. Since AI-based methodologies
do not need to run repeatedly to adapt to dynamic topology, they lead to lower complexity
compared to heuristic models and increase the throughput of the network [83].

We now discuss the state-of-the-art studies about the 3D placement of UAV-BSs that
have utilized the following AI methods: RL, specifically QL, and DRL, specifically DQL.
These are the most popular methods that are used in the 3D placement optimization of
UAV-BSs. This is due to the fact that RL and DRL are suitable for the unknown dynamic
environments where there is not enough prior knowledge of the environment beforehand
and no labeled data is needed in order to train the models. It is worth to note that there are
very few studies that apply supervised and unsupervised learning as a potential solution to
the 3D positioning of UAV-BSs. For instance, the study in [7] employs a CNN for optimal
3D positioning of UAV-BSs, as it will be discussed later. This section reviews the state of
the art location optimization techniques for UAV-BSs based on the AI algorithms.

Ghanavi et al. in [26] consider a network of users and terrestrial BSs where the is aim to
maximize the overall QoS of the network by adding a single UAV-BS to the system. To do
so, QL is empowered in order to find the optimal 3D placement of the new UAV-BS based
on the past experiences. The requirement is that the aggregated QoS in the entire network
must be above a predefined threshold, QoSth, otherwise the QoS is not acceptable.The
objective function of the optimization model introduced by Ghanavi et al. is expressed as

argmax
wi∈R3×1

P∑
j=1

K∑
i=1

RijAij, (2.6)

where wi is a representation of the 3-D coordinates, K is the number of users and P is
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the number of BSs, either terrestrial or aerial. Aij is a binary variable and indicated whether
user i is assigned to j-th BS. The objective function, Rij denotes the throughput of user
i which is served by j-th BS, and calculated based on SINR. Thus, the objective function
aims to obtain the optimal position of UAV-BS such that the aggregated throughput of
users is maximized.

When a single UAV-BS is used as the agent in RL, the goal can be achieved by maxi-
mizing the cumulative reward that the UAV-BS receives. If the QoS becomes lower than
a certain threshold, UAV-BS needs to change its position. In the proposed RL-based so-
lution by Ghanavi et al., the state space includes all positions in which the UAV-BS can
be located in three dimensions, and the action space is limited to 6 actions. The system
receives deterministic rewards based on the action of the UAV-BS in each state. The re-
ward in the t-th time interval is defined as formulated in (2.7). As seen in the equation
if the current movement of UAV-BS (the agent’s action) leads to a better QoS compared
to the previous QoS, the UAV-BS is deemed to obtain a positive reward. Otherwise, the
reward value is negative, which means that the UAV-BS are penalized. According to the
QL rules, the UAV-BS attempts to choose the best actions based on the current Q-values,
and it gradually updates the Q-table based on the obtained reward. Eventually, at the end
of the learning phase, the UAV-BS gradually learns how to maximize the QoS and take
optimal decisions when network topology changes, as follows,

rt = QoSt −QoSt−1. (2.7)

While in the previous study [26] a single UAV-BS was considered in the network, Liu
et al. in [50] study multiple UAV-BSs in their system model and propose an RL-based
algorithm to obtain the optimal location of UAV-BSs. Liu et al. initially use the GAK-
means algorithm and partition the ground area into N clusters where each cluster contains
a set of Kn users. GAK-means is a combination of the genetic and K-means algorithms
in order to tackle the limitation of K-means clustering algorithm. In fact, K-means is
prone to being significantly affected by input noise and it can often be attracted to local
optimum. However, GAK-means algorithm combines the capacity of genetic operators
– where it examines different solutions of the search space – with the advantages of the
K-means algorithm thorough which it can obtain global optimum clustering results [35].
First step is to partition the ground users using GAK-means algorithm to K clusters such
that the users in a cluster have minimum sum Euclidean distance. These clusters are
used to initially deploy K UAV-BSs in random 3D locations. This approach makes use of
mean opinion score (MOS) as the measure of the user quality of experience (QoE) which
is calculated based on the amount of delay users experience until they receive their entire
requested data. Thus, the higher the MOS, the better the service satisfaction. The aim
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of Liu et al. is to maximize the MOS of ground users by finding the best positioning of
UAV-BSs at each time step. Therefore, the objective of the optimization is formulated as

argmax
wi∈R3×1

N∑
n=1

Kn∑
kn=1

MOSk,n(rkn), (2.8)

where N is the number of clusters, Kn is the set of users that belongs to cluster n and
rkn is the achievable data rate of user kn.

A QL algorithm is developed in order to address the above optimization problem [50].
For state representation of each UAV-BS (the agents), (xUAV , yUAV , hUAV ) which are the
3D coordinates of the UAV-BS are used. Besides, the action space is limited to 7 actions,
corresponding to moving 1 unit toward each of the x, y, z coordinates: (1, 0, 0), (−1, 0, 0),
(0, 1, 0), (0,−1, 0), (0, 0, 1), (0, 0,−1), or no movement (0, 0, 0). At each timestep (state),
each UAV-BS chooses the best action based on its current Q table after which the state of
the agent changes and the agent receives a reward determined by the sum MOS of ground
users. The proposed reward function is defined as shown in (2.9), in which each UAV-BS
attempts to maximize it by choosing the best possible actions as follows,

rt =


1 if MOSnew > MOSold

−0.1 if MOSnew = MOSold

−1 if MOSnew < MOSold

. (2.9)

With the use of RL, each of the UAV-BSs attempts to maximize their cumulative
rewards, which leads to maximizing the MOS that is the purpose of the network.

In another study [40], Klaine et al. propose a QL-based location optimization method
for UAV-BS during emergency situations when a natural disaster completely destroys the
cellular network infrastructure while original backhaul of the previous network is still acces-
sible. The proposed QL-based model aims to find the best positions of multiple UAV-BSs
with the aim of maximizing the number of served users. Each of the UAV-BSs are consid-
ered as an agent in the QL model with a separate Q-table. The state space, action space
and reward function that Klaine et al. introduce for their model are defined as below:

State space: Defined as the 3D location of the UAV-BS at each time step, where the
state space is divided into a grid such that the total number of states becomes finite.

Action space: Each UAV can take seven possible actions, i.e., 1 unit up, down, left, right,
forward, backward, and no movement.
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Reward function: Since the goal is to maximize the number of served users, the reward
is defined as the total number of served user in the current state.

In the solution by Klaine et al. [40], the UAVs are initially positioned at random
locations. Afterwards, each UAV-BS starts to explore the environment and updates its
Q-table to detect the best actions in each state with the aim of obtaining the maximum
reward which leads to maximizing the number of served users. The UAV-BSs continuously
change their positions to receive more rewards until one of the following stop criteria is
met:

− The UAV-BSs have taken actions for the maximum number of iterations based on a
predefined number.

− The value of the reward has not improved for a certain number of iterations based on a
predefined number.

− The UAV-BS has used all of its resource blocks.

In another study, Wu et al. employ a DQL algorithm to find the optimal placement
of UAV-BS while users mobility is also considered [90]. In fact, by using DQL, Wu et al.
solve the dimensional problem of Q-table which happens in dynamic environments. User
distribution is considered as a part of the state so that the model can be well adapted
to different user distributions. In order to find the optimal location of UAV-BSs, the
optimization goal is set to maximizing the average spectral efficiency of each UAV-BS
which is defined as the average spectral efficiency of all of its served users. The spectral
efficiency of i-th user, served by j-th UAV-BS, is calculated based on the received SINR of
the user. Thus, the optimization objective that aims to move each UAV-BS towards the
location that has the largest average spectral efficiency Φj, is formulated as

argmax
wi∈R3×1

1

n

n∑
i=1

Φ(i, j)Ai,j, (2.10)

where Ai,j indicates whether user i is assigned to j-th UAV-BS, and wi’s are the 3D
location of the UAV-BSs which can vary within predefined limits (xmin, xmax), (ymin, ymax),
(hmin, hmax). Furthermore, Φ(i, j) is the spectral efficiency of user i served by the j-th
UAV-BS.

The proposed DQN by Wu et al. consists of a CNN and a QL algorithm where the
state space, action space and reward function are defined as follows,
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Figure 2.3: Taxonomy of algorithms used in the literature for the location optimization of
UAV-BSs

State space: (x, y, z, us, u1x′
, u1y′

, u2x′
, u2y′

,
. . . , u80x′

, u80y′
), where x, y, z are the 3D coordinates of UAV-BS, us is the number of users

in the environment, and uix′
and uiy′

are the 2D locations of ground users.

Action space: {0, 1, 2, 3, 4, 5, 6}, which corresponds to moving 1 unit in the positive
or negative direction of z-axis, x-axis and y-axis or maintaining the current position of the
UAV-BS.

Reward function: is defined as the average spectral efficiency of the UAV-BS. So if
the action taken by the UAV-BS leads to a high average spectral efficiency, the UAV-BSs
receives a high reward which translates to high spectral efficiency.

In the work reviewed above [90], the QoS of users is not taken into account as it is
assumed that all users have the same QoS requirements. However, in real-world scenarios,
QoS requirements of users may vary depending on various factors. For example, when a
disaster happens, rescue team available in the disaster area needs a higher QoS, compared
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to other users.Therefore, it is worth to consider various QoS levels while designing an aerial
BS-assisted system. With this in mind, Guo et al. modify the optimization model in [90]
in order to consider multiple QoS levels for users [29]. It is assumed that each user has
one of K different QoS requirements, which is measured based on the received SINR. The
optimization objective is set to maximizing the spectral efficiency of the whole system,
which is the average spectral efficiency of all users, obtained via SINR. Consequently, the
goal of the DQN algorithm is to move the UAV-BS towards the location that has the largest
average spectral efficiency. Considering that K different QoS levels have been taken into
account, the optimization objective in [29], is modified as follows:

argmax
wi∈R3×1

1

nm

K∑
k=1

NU∑
i=1

NBS∑
j=1

Φ(uik, j)Iuik
, (2.11)

where K is the number of different QoS levels, NU is the total number of users, and NBS

is the number of required UAV-BS (calculated based on the total number of users and the
maximum capacity of each UAV-BS). Iuik

is a binary variable to indicate whether user i
requires QoS level k. Additionally, Φ(uik , j) denotes the average spectral efficiency of user
i, with QoS level k, served by UAV-BS j. wi’s which are the 3D coordinates of UAV-BSs
should be optimized at each time step in order to maximize the overall spectral efficiency
in the network.

In order to solve the above NP-hard optimization problem, Guo et al. propose a DQL
algorithm where the state space is defined as follows [90],

State space: (x, y, z, uikx , uiky), where x, y, z are the 3D coordinates of the UAV-BS, and
uikx and uiky are the 2D coordinates of user i with QoS level k requirement.

Action space and reward function are defined the same as [90].

In another study by Zhong et al., in [103] a DQL algorithm is utilized in order to
provide the maximum sum data rate to ground users. The optimization problem aims to
achieve the following objective function,

argmax
wi∈R2×1

P∑
i=1

Ci(t), (2.12)

which aims to maximize the sum data rate of users at each time step t where P is the
number of users, and Ci is the data rate of user i, which is calculated based on the received
SINR of the user.
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In the method reviewed above, a random walk mobility is chosen as the mobility of
users where users move in all directions uniformly. When users move at each time step,
the UAVs take action to improve the network coverage. Therefore, the objective of the Q
network is to observe the locations of both users and UAVs at each time step and derive the
action-value function of each UAV-BS. The state space, action space and reward function
that Zhong et al. introduce in [103] are defined as follows,

State space: (xuav, yuav), which is the 2D location of UAV-BSs, since the altitude of UAVs
is assumed to be constant.

Action space: {(1,0), (-1,0), (0,1), (0,-1), (0,0)}, which means UAV-BS can turn right,
left, move forward, backward or stay still.

Reward function: The reward function is designed in such a way that it gradually
improves the sum data rate of the users: If the action taken by UAV-BS improves the
previous sum data rate, the UAV-BS is rewarded by 1 whereas a move towards the direction
which decreases the sum data rate penalizes the UAV-BS by -1. Heading towards the
locations which have no effect on the sum data rate also penalizes the UAV by -0.2 that
helps to prevent UAVs to move ineffectively. Based on these, the reward function is defined
as follows

rt =


1 if sum rates increase

−0.2 if sum rates remain the same

−1 if sum rates decrease

. (2.13)

Apart from the studies reviewed earlier, Almeida et al. aim to estimate the QoS of
aerial wireless networks using a CNN-based QoS estimator [7], which can then be used in
heuristic models or other AI-based models to estimate the network QoS, and frequently
assess the quality of the network in order to find the optimal placement of UAV-BSs. For
example, the QoS estimator can be used for the location optimization of UAV-BSs as a
part of the RL algorithm to calculate the reward function. Almeida et al. consider the
UAV-BS position, user positions and their traffic demand as the input of the proposed CNN
model where the CNN learns to estimate the expected QoS corresponding to the input. In
order to feed the topology into the CNN model, the ground area is subdivided into smaller
fixed-sized zones representing all users on that geographic area. Almeida et al. present
two matrices to be fed into the CNN model: The former represents the Euclidean distance
of the corresponding zone to the closest UAV-BS whereas the latter contains the average
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data rate of users that are present in that zone. The corresponding QoS of each input
in the training dataset is calculated by the used simulator and considered as the labels.
By training the proposed CNN, the parameters of the network, including the filters and
weights are gradually learned to be used for predicting the QoS in the future unforeseen
network scenarios.

In order to optimize the location of UAV-BSs, all the proposed algorithms first build
an optimization problem with a specific objective. As mentioned earlier, these optimiza-
tion algorithms are all NP-hard with no optimal solution in polynomial time. It was also
explained that RL is one of the effective solutions which can obtain a near optimal solution
and has lower complexity compared to the conventional methods. The optimization prob-
lems proposed in these solutions are of utmost importance because they affect the design
of reward functions. Like in heuristic methodologies in which the optimization problems
are used for measuring how well a solution is compared to previous solutions, in RL-based
solutions, the reward functions are designed according to the optimization problems to
help determine how well an action is and to gradually learn the environment.

Table 2.3 reports the optimization objectives of the RL-based methodologies reviewed in

Table 2.3: Optimization objectives and reward functions used by RL-based methodologies
for the 3D placement of UAV-BS

Reference Author(s) Optimization Objectives Proposed Reward Function

[26] Ghanavi et al. Maximizing the users QoS (throughput) which is calculated
based on SINR

QoSnew −QoSold

[50] Liu et al. Maximizing the users QoE which is calculated based on the
received delay


1 if MOSnew > MOSold

−0.1 if MOSnew = MOSold

−1 if MOSnew < MOSold

[40] Klain et al. Maximizing the number of served users The total number of served user in cur-
rent state

[90] Wu et al. Maximizing the average spectral efficiency of each UAV
which is calculated based on received SINR of its user (same
QoS is considered fro all users)

The average spectral efficiency of the
UAV-BS at current state

[29] Guo et al. Maximizing the average spectral efficiency of each UAV
which is calculated based on received SINR of its user (dif-
ferent QoS requirements are considered for users)

The average spectral efficiency of the
UAV-BS at current state

[103] Zhong et al. Maximizing the sum data rate of ground users


1 if sum rates increase

−0.2 if sum rates remain the same

−1 if sum rates decrease
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this section along with the reward functions proposed in those solutions. This table shows
that the reward functions of RL-based solutions are designed according to the optimization
objectives of proposed optimization problems that are specific to the UAV-BS use cases
and scenarios.

As reviewed in this chapter, there are a number of works that have studied the problem
of optimizing the location of UAV-BSs in the air. Amongst all types of solutions we ex-
plained, heuristic methods are not suitable for dynamic environments because they have to
re-run repeatedly for every minor change in the network. AI-based methodologies on the
other hand, are appropriate for dynamic environments since during the training, they learn
how to adopt to the minor changes of the environment with no need to re-run. However,
the state-of-the-art AI-based solutions neglect the mobility of users while proposing the de-
ployment algorithms although users mobility significantly impacts the performance results
of the proposed algorithms. Moreover, as seen throughput this chapter, the action space of
RL-based algorithms used by the state-of-the-art is limited to a few actions, i.e. maximum
5 or 7 actions. Therefore, UAV-BSs have to choose their actions from very few number of
actions at each time step. Thus, in the next chapters of this thesis, we aim to cover the
above two mentioned gaps in the literature by considering the users mobility as well as
extending the action space of RL to continuous. Our continuation to the state-of-the-art
is developed step-by-step as follows:

• A QL-based positioning strategy is first proposed that uses a modified version of
the existing commonly-used reward function. This reward function aims to keep the
UAV-BS inside the boundaries of the area of interest while it also intends to maximize
the users’ data rate. The proposed QL-based model has discrete state and action
spaces and due to the limitations of QL, does not include the mobility information
of users in the process of learning the environment.

• As an extension to the limitations of the proposed QL-based model, a DQL-based
strategy is proposed to involve users’ mobility information when we train the UAV-BS
agent. The state space expansion from discrete to continuous improves the system
performance to a great degree. The action space, however, is still discrete in the
proposed DQL-based model because DQL is a value-based RL algorithm wherein
having unlimited number of actions is infeasible.

• For further improving the performance, a continuous ACDQL-based algorithm is
proposed. In the proposed ACDQL, a combination of two functions, i.e. a value-based
function and a policy-based function, is used in order to have a continuous action
space from which the UAV-BS can choose its movements at each time step. Our
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simulation results show that changing the action space from discrete to continuous
improves the network performance remarkably.
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Chapter 3

Q-learning-based deployment of
UAV-BSs

3.1 Introduction

In this chapter, a QL-based strategy is proposed for solving the location optimization
problem of UAV-BSs. As mentioned in Chapter 1, one of the main contributions of this
thesis is proposing a new reward function for the RL-based agent of UAV-BSs which
is a modified version of a reward function previously used in the literature by several
researchers. The goal of our reward function is to maximize the data rate of ground
users while keeping the UAV-BS inside the predefined boundaries. We propose this newly-
designed reward function in this chapter while it will be exploited in the next chapters as
well. After proposing our reward function, we propose a QL-based algorithm that uses the
designed reward function for maximizing the data rate of ground users. The proposed QL-
based methodology considers the mobility of ground users which is another contribution
of this thesis since the majority of previous works assume fixed locations for the users.
Our simulation results show that the performance of the proposed model outperforms
the random-based movement of the UAV-BS in terms of users data rate, packet loss and
transmission delay. However, the results of the QL-based strategy is worse than another
baseline in which the the UAV-BS moves in accordance with the mobility pattern of users.
In fact, since we define the mobility pattern of ground users for the simulation, we set the
exact mobility model for the UAV-BS as well, to see how the performance results improve
if the UAV-BS can adjust its positions according to the movement pattern of users.
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3.2 System model

Before proposing our RL-based strategies, namely QL in this chapter, and DQL and
ACDQL-based methodologies in the next chapters, we should first investigate on how a
UAV-enabled wireless system is modeled so that we can use it in our proposed models and
later in our simulation. In other words, we should study how the wireless signals weaken
in an air-to-ground (A2G) communication system, how to calculate the path loss, how the
users’ data rate is calculated, etc. Therefore, this section explains the channel model we
define for this thesis along with the channel modeling and the problem formulation.

Our system model is illustrated in Fig. 3.1. This thesis considers a scenario where the
ground BS is failed and a UAV-BS is supposed to provide downlink Internet connectivity
to users on the ground. The area where the users are located is a D ×D km2 area where
the initial locations of users are randomly selected over the entire area. At initial step, the
UAV-BS positions randomly in the air at the fixed altitude h. There is n number of users
in our model and the 2D coordinates of each ground user i is denoted as (xi, yi), while
(xuav, yuav, huav) is the 3D coordinates of the UAV-BS. The environment under the study
is assumed to be an urban environment where there are both LoS and NLoS connections.
The users are mobile and their mobility model follows the Gauss-Markov mobility model.
In Gauss-Markov mobility model, an initial random speed and direction is assigned to
each user. The speed and direction of users change at specified intervals of time where at
time interval t the speed and direction is calculated on the basis of the speed and direc-
tion at time interval t−1 [15]. Table. 3.1 presents all the notations in our proposed system.

The UAV-BS is considred as an RL agent and equipped with an RL-based algorithm. At
each time step t, the UAV-BS selects its best movement on x and y coordinates separately
with the aim of maximizing the users data rate.

3.2.1 Channel model

Due to the different characteristics of air section, A2G channels are different from the
channels established on the ground. The communication channel between the UAV-BS
in altitude huav and UEs on the ground is modeled with path loss which depends on the
probability of LoS and that of NLoS between UEs and the UAV-BS.
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Table 3.1: Table of notations used in our proposed system model

Parameter
Definition

D ×D dimension of the area (m)
huav UAV-BS’s altitude (m)
N number of users
(xi, yi) 2D coordinates of i-th user
(xuav, yuav, huav) 3D coordinates of UAV-BS
k maximum speed of UAV-BS (mps)
(a, b) environment type variables
θi elevation angle between i-th user and UAV-BS
Pi(LoS) probability of LoS between i-th user and UAV-BS
Pi(NLoS) probability of NLoS between i-th user and UAV-BS
ri horizontal distance between i-th user and UAV-BS (m)
fc carrier frequency (Hz)
c speed of light(mps)
δLoS, δNLoS additional environmental path loss for LoS and NLoS (dB)
Ri downlink data rate of i-th user
pti transmission power from the UAV-BS to i-th user (dBm)
pri received power from the UAV-BS to i-th user (dBm)
puav total transmission power of UAV-BS (dBm)
B total bandwidth of UAV-BS (bit)
γi SNR received from UAV-BS to i-th user (dB)
σ noise power (dBm)
Gi power gain from UAV-BS to i-th user (dB)
gtxi transmitting antenna gain from UAV-BS to i-th user (dB)
grxi receiving antenna gain from UAV-BS to i-th user (dB)
d0 far field reference distance (m)

Since UAV-BSs are deployed in 3D space above the ground, there is a high probability
of establishing LoS connections with ground users. The probability of LoS between the
UAV-BS in altitude huav and i-th ground user can be formulated as [4]

Pi(LoS) =
1

1 + a exp(−b[θi − a])
, (3.1)
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Figure 3.1: System model (all users are mobile)

where a and b are set according to the environment type (rural, urban or dense urban) and
they represent the ratio of built-up land area to the total land area, and the mean number
of buildings per unit area, respectively. θi is the elevation angle between the UAV-BS and
i-th user and is calculated by

θi = arctan(huav/ri), (3.2)

where ri is the horizontal distance between the i-th user and the UAV-BS which is obtained
as

ri =
√
(xuav − xi)2 + (yuav − yi)2. (3.3)

The path loss associated with LoS connections is calculated as [4]

Li(LoS) = 20 log(
4πfcri

c
) + δLoS, (3.4)
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where fc is the carrier frequency, c is the speed of light and δLoS is the additional environment-
dependant path loss for LoS connections.

Due to the existence of obstacles in the environment such as tall buildings, trees, etc,
especially in urban and dense urban environments, some signals from the UAV-BS reach
the users through NLoS links. The probability of NLoS between the UAV-BS and i-th user
is given as [4]

Pi(NLoS) = 1− Pi(LoS). (3.5)

And the path loss connected with NLoS connections is obtained as [4]

Li(NLoS) = 20 log(
4πfcri

c
) + δNLoS, (3.6)

where δNLoS is the additional environment-dependant path loss associated with NLoS con-
nections.

Finally, the average path loss from the UAV-BS to the i-th user is written as

Li(avg) = Pi(LoS) × Li(LoS) + Pi(NLoS) × Li(NLoS). (3.7)

3.2.2 Optimization problem formulation

As reviewed in Section 3.2.1, the path loss of the connections established between UAV-BS
in the air and the ground users depends on the probability of LoS and NLoS which is
impacted by the 3D location of UAV-BS. Since the users are mobile and their distribution
changes over time, the UAV-BS should continuously change its location and move towards
the locations that maximize the system throughput, where the system throughput is defined
as the achieved data rate of ground users. Therefore, our objective in this thesis is to move
the UAV-BS in a path that maximizes the users’ sum data rate over time steps t of time
period T , that can be written as

argmax
xuav,yuav,huav

T∑
t=1

N∑
i=1

Ri(t), (3.8)

36



s.t.

N∑
i=1

pti = puav, (3.9)

0 ≤ xuav ≤ xmax,

0 ≤ yuav ≤ ymax.
(3.10)

where the constraint in Eq. 3.9 guarantees that the total allocated power from the UAV-
BS to the users cannot exceed the transmission power of the UAV-BS which is denoted
by puav. Also, the constraints in Eq. 3.10 assure that the UAV-BS cannot fly out of the
predefined boundaries.

Ri is the data transmission rate between the UAV-BS and i-th user that can be calcu-
lated as [91]

Ri =
B

N
log2(1 + γi), (3.11)

where B is the total bandwidth of the UAV-BS which is equally allocated to the users. γi
is the signal-to-noise ratio (SNR) of the signal received from the UAV-BS to i-th user and
can be expressed as [91, 8]

γi =
pri Gi

σ2
, (3.12)

where pri is the received power from the UAV-BS to the i-th user which is calculated by
pri = pti−Li(avg). In order to have a guaranteed quality of service for the user, it is assumed
that Li(avg) does not exceed the transmission power pti. Moreover, σ is the noise power and
Gi is the power gain from the UAV-BS to the i-th user that can be calculated as [91]

Gi =
gtxi grxi ( c

fc
)2

16π2( di
d0
)2

, (3.13)

where gtxi and grxi are transmitting and receiving antenna gains from the UAV-BS to the
i-th user. d0 is a far field reference distance while di is the distance between the i-th user
and UAV-BS which is calculated as

di =
√

h2
uav + (xuav − xi)2 + (yuav − yi)2 (3.14)
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The proposed objective function in 3.8 which aims to maximize the users’ sum data rate
over long run T is a mixed integer non-linear programming (MINLP) formulation since it
is an optimization problem with both integer and continuous variables. In [20, 18], it is
proven that MINLP problems are NP-hard with no solution in polynomial time. Therefore,
in order to solve this NP-hard problem that maximizes the sum data rate of ground users
in a UAV-assisted cellular network, we will present three solutions, i.e. QL, DQL and
ACDQL-based models, in the next three chapters.

Now that we have defined our objective function in 3.8 and we have determined our
channel model, in this chapter, we present a QL-based model in order to resolve the
presented objective function. The proposed objective function and the channel model will
be used in the next chapters as well, i.e. Chapter 4 and Chapter 5, where two more
advanced solutions, i.e. DQL and ACDQL-based models are proposed in order to optimize
the location of UAV-BSs.

3.3 Preliminaries for Q-learning

3.3.1 Reinforcement learning

RL is a field of ML in which an agent attempts to learn how to behave in an environment
when its only feedback from the environment is a scholar reward signal [89]. The goal of
the agent is to perform a set of actions that lead to receiving maximum reward signals in
a long run. The elements of RL can be formalized using Markov decision process (MDP)
which consists of states (s), actions (a) , transitions between the states and the reward
function. A system is said to be Markovian if the result of an action does not depend on
the previous actions and states, but only depends on the current state which is formulated
as [89]

P (st+1|st, at, st−1, at−1, ...) = P (st+1|st, at). (3.15)

Indeed, according to 3.15, in the random environment of RL, the current state captures
the information of the previous states and has enough information to make decision. There
are two more definitions which are used in RL, i.e., policy and value. A policy determines
which action should be taken in each state and the value of a state, also known as cost
of the state, is the cumulative reward that is expected when starting from that state until
reaching the target. The goal of RL is to find the best policy which receives the most
reward [75]. However, in RL, the impacts of actions are not immediately understood and
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they can be much delayed until reaching the target state [89]. According to the Bellman
equation, in order to calculate the cost of a state, a discounted value function is defined as
[67]

V (st) = argmax
at

(r(st, at) + γV ∗(s′t+1)), (3.16)

where r(s, a) is the immediate reward the agent receives by performing action a that moves
the agent to state s′, and V ∗(s′) is the optimal cost of the state s′. In the same equation, γ is
the discount factor to quantify the importance of future rewards and it is a number between
zero and one. If the discount factor is zero, the agent only learns to choose the actions
with immediate rewards and neglects the future rewards. However, if the discount factor is
one, the summation in Eq. 3.16 could be infinite and the algorithm does not convergence.
Therefore, discount factor is a parameter that needs to be carefully selected according to
the environment. The agent takes random actions and explore random states by trial and
error and gradually updates the value of states. However, as MDP is a stochastic process,
Bellman equation is adopted as below to include the environment randomness [67]:

V (st) = argmax
at

{
R(st, at) + γ

∑
s′

P (st, at, s
′
t+1)V

∗(s′t+1)

}
, (3.17)

where P (s, a, s′) is the probability of moving from state s to state s′ by performing action
a. Figure 3.2 illustrates RL and how the agent and environment interact with each other.
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Figure 3.2: Reinforcement learning

3.3.2 Q-learning

QL is a model-free RL which tries to learn based on the consequences of actions without
any need to build the domain map beforehand [86]. In QL, rather than analyzing the value
of states, the quality of an action in a state is evaluated. Indeed, instead of calculating v(s),
Q(s, a) is evaluated, which means the expected discounted reward for executing action a
in state s [86]. So, the Bellman equation, used for RL, is adjusted as below to obtain Q
function [65]:

Q(st, at) = R(st, at) + γ argmax
a′t+1

Q(s′t+1, a
′
t+1), (3.18)

where Q(s′, a′) is the Q value of the destination state after performing action a′.

At each timestep, the Q-values are stored and updated in a table called Q-table in
which the columns are the actions and the rows are the states. Fig. 3.3 depicts how in
QL, the states and actions are mapped to Q-values through a Q table.

Considering that the environment is random, the Q-value associated with state s and
action a might be different from the previous Q-values. Therefore, temporal difference
(TD) is introduced in QL in order to present the difference between the new predicted
Q-value Qt(s, a) and the old one Qt−1(s, a). Accordingly, TD is formulated as below [52],
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Figure 3.3: Q-learning

TD(s, a) = R(s, a) + γ argmax
a′

Q(s′, a′)−Qt−1(s, a). (3.19)

Taking into account the impact of TD in Q-values, the Q function is modified as below:

Qt(s, a) = Qt−1(s, a) + αTDt(a, s), (3.20)

where α is the learning rate. Considering the two formulations above (i.e., TD and Q
functions), the final Q function is derived as

Qt(s, a) = Qt−1(s, a) + α(R(s, a)

+ γ argmax
a′

Q(s′, a′)−Qt−1(s, a)). (3.21)

The agent at each step attempts to choose the action with maximum expected Q-values.
After choosing an action, the state of environment changes and the agent receives a reward
that updates the Q-table. This process continues and will cause the agent to gradually
learn the environment and reach its target.

Moreover, the agent can stick with the experience it has gained so far in order to
choose the best actions at each step, which is known as the exploitation strategy [99].
However, exploitation strategy seems not always viable especially when the agent has not
explored the environment sufficiently and does not have enough experience. So, the agent
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Figure 3.4: UAV-BS deployment with QL

can follow the exploration strategy where it tries to experience something new without
being committed to using old experience with the assumption of other promising solutions
will be found [25]. One of the renown strategies that combine exploitation and exploration
in Q-learning is the ϵ-greedy strategy in which the agent occasionally pursues random
exploration with the probability of ϵ while it exploits the optimal action most of the time
with the probability of 1− ϵ [77].

3.4 The proposed QL-based deployment of UAV-BSs

In this section, we propose a QL-based strategy that takes into account the real-time loca-
tion of the UAV-BS in the sky, in order to find the next optimal location of the UAV-BS
with the aim of maximizing the sum data rate of users. In our proposed QL-based algo-
rithm, the UAV-BS is considered as the agent of QL whose aim is to maximize the Q-values
associated with each pair of state and action Q(s, a). The agent follows exploration and
exploitation strategies to learn the environment. At each time step t, following upon a
transition (st, at, rt, s

′
t+1), the Q-table is updated according to the equation 3.21 until the
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Q-values converge. Fig. 3.4 illustrates our QL-based strategy with an emphasis on the
interaction between the UAV-BS agent and the environment so as to update the Q-table
and choose the best actions. The system model in the proposed QL-based strategy follows
what proposed in Section 3.2 and Fig. 3.1.

As we presented in our system model, in Section 3.2.2, on the one hand, the system
objective is to maximize the sum data rate of all users. On the other hand, QL aims
to maximize the cumulative reward that the agent receives after choosing the actions
over a long run. That being said, the reward function, used by our proposed QL-based

Algorithm 1 QL-based optimal placement of UAV-BSs

for each episode do
initialize users randomly
initialize UAV-BS in one of the 3D corners with altitude h
for each time t step in episode do

observe st = (xuav, yuav)

at =

{
random number with the probability of ϵ

argmax(Q[st]) with the probability of 1− ϵ

Move UAV-BS according to the chosen action at
observe new state s′t+1 = (x′

uav, y
′
uav)

for every user n do
calculate Rn

end for

rt =


− if xb(t) ̸∈ [0, xmax] or yb(t) ̸∈ [0, ymax]

1 if
∑N

n=1 Rn(t) increases

−1 if
∑N

n=1 Rn(t) decreases

−0.2 if
∑N

n=1 Rn(t) does not change

Qt(s, a) = Qt−1(s, a) + α(rt + γmaxQt+1(s
′)−Qt−1(s, a))

if ϵ ≥ epsilon min then ϵ = ϵ × epsilon decay

else ϵ = epsilon min
end if

end for
end for
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methodology, must be designed to maximize the sum data rate of all users over a long run.

In the proposed QL-based strategy, the agent, state space, action space and reward
function are described as follows:

Agent: The UAV-BS in the air is considered as the QL agent.

State Space: In QL, the number of states should be limited in order to keep the Q-
table effective and practical [36]. Since the proposed environment is large with many users,
the state space can only include the position of UAV-BS which is expressed as follows:

st = (xuav(t), yuav(t))

where xuav and yuav can only take discrete values {1, 2, ...,maxx index} and {1, 2, ...,maxy index}
accordingly.

Action Space: The proposed action space, from which the UAV-BS chooses action at
each time step, consists of five different action codes, i.e. 0, 1, 2, 3, 4. These action codes
correspond to moving towards the positive direction of x axis, the negative direction of x
axis, the positive direction of y axis, the negative direction of y axis and stay in the same
coordinates with no movement, accordingly. The distance that UAV-BS moves at each
time step towards or against the x and y axis depends on the speed of UAV-BS. Thus, a
UAV-BS at a speed of g m/s, moves g meters at each time interval if the chosen action is
not 4.

at = {0, 1, 2, 3, 4}

Reward Function: As the objective is to maximize the sum data rates of users, the
reward function in our model is formulated as follows where xuav(t) and yuav(t) are the x
and y coordinates of the UAV-BS at time step t.

rt =



− if xuav(t) ̸∈ [0, xmax] or yuav(t) ̸∈ [0, ymax]

1 if
∑N

i=1Ri(t) increases

−1 if
∑N

i=1Ri(t) decreases

−0.2 if
∑N

i=1Ri(t) does not change

, (3.22)
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According to our proposed reward function –which is a modified version of that in [103]–
if the UAV-BS moves outside of the area of interest, a significantly low reward (- ) is given
to the agent. Otherwise, if the action taken by the UAV-BS at time t improves the total
data rate of users, the agent receives a positive reward of +1. In contrast, if the action
makes the total users’ data rate drop, the agent gets a negative reward of -1. Moreover, if
the current action makes no difference in the data rate, a negative reward of -0.2 is given to
the agent in order to prevent the UAV-BS from doing unnecessary movements that wastes
its limited energy.

The steps of the proposed QL for 3D placement of an UAV-BS are illustrated in Algo-
rithm 1.

3.5 Simulation Results

In our simulation, to comply with the related work, we consider a square area of 1 × 1 km2

[50][51] where 50 users are randomly distributed on the ground. As the majority of works
considered a fixed altitude for the UAV-BS, in this thesis also, the UAV-BS flies at the fixed
altitude of 100m [49, 94] and is initially positioned in random horizontal coordinates above
the ground. However, the simulation can be easily performed with a flexible altitude where
we only need to add the altitude of the UAV-BS to our state space. Nevertheless, since the
aim of this thesis is to evaluate the impact of users’ mobility and continuous action space,
the altitude of the UAV-BS is assumed fixed for all the three proposed methodologies and
we still can evaluate our contributions and compare the performance results of the proposed
models. The users move according to the Gauss-Markov mobility model where their speed
varies between 2 m/s and 8 m/s. The maximum speed of the UAV-BS is set to 6 m/s that
determines the maximum distance the UAV-BS can moves towards or against the x and
y coordinates at each time step. Other parameters related to our simulation environment
are listed in Table 3.2 which are selected according to [90, 91]. We run our simulation for
600 episodes where the initial positions of users and the UAV-BS change at the beginning
of each episode. Each episode of the simulation consists of 200 time steps (T = 200s).

In order to compare the results of our proposed QL-based methodology with baselines,
we consider below two conventional algorithms for moving the UAV-BS:

1. Random Action: In this algorithm, the UAV-BS’s action is randomly chosen in
each time step. Thus, the UAV-BS moves in random directions to cover users on
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Table 3.2: Environmental parameters of the simulation (based on [90, 91])

Parameter
Value

urban environmental variable a 11.95
urban environmental variable b 0.136
carrier frequency fc 2GHz
additional LoS environmental path loss δLoS 2.09
additional NLoS environmental path loss δNLoS 3.75
UAV-BS maximum transmit power puav 24dBm
UAV-BS Bandwidth B 20MHz
transmitting antenna gain gtxi 1
receiving antenna gain grxi 1
noise power σ2 −90dBm
far field reference distance d0 1
altitude of UAV-BS huav 100m

different locations on the ground.

2. Gauss Markov mobility model: In this model, the same mobility model we use
for UEs is adopted as the mobility model of UAV-BS. Therefore, in this baseline, the
UEs and UAV-BS follow identical mobility models with the same parameters, e.g.
direction and speed.

To test the optimality of the solution, we first compare the achieved sum data rate of
users under the proposed QL-based strategy with the sum data rate obtained from the two
baselines. In order to do so, the sum data rate of users is recorded in each episode which
is defined as the summation of the data rates of all users in different time steps of that
episode.

Fig. 3.5a compares the cumulative data rate of users under the different methodologies.
As opposed to the random movement of the UAV-BS, the proposed QL-based method can
successfully improve the data rate of users by selecting the best action to be taken by the
UAV-BS at each time step until it converges after around 250 episodes. After 250 episodes,
this proposed model cannot further improves the data rate. However, by looking at the
data rate results obtained from Gauss-Markov-based model, we realize that the QL model
has not reached the maximum achievable data rate. In other words, if the UAV-BS moves
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the same way as UEs move (which is one of the final aims of the RL-based agent), we can
reach the sum data rate of around 43Mbps. Although the non-intelligent Gauss-Markov
model faces many fluctuations in the performance results during the simulation, but it
shows that the QL-based methodology has not maximized the sum data rate. We also
compare the performance results of the proposed QL-based model with the two baseline
in terms of users’ average delay and users’ average packet loss.
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(a) Accumulated data rate of users in the proposed QL-based model vs. the two baselines

(b) Average transmission delay of users in the proposed QL-based model vs. the two baselines

(c) Average packet loss of users in the proposed QL-based model vs. the two baselines

Figure 3.5: Network performance comparison under the two baselines and the proposed
QL-based UAV-BS placement

48



By comparing the results of the QL model and the random model, as illustrated in Fig
3.5b and Fig 3.5c, we can see that the QL-enabled UAV-BS algorithm gradually learns how
to change its locations to decrease the average delay and the average packet loss of users
starting from episode 1 to episode 600 where is converges after around 250 episodes. Similar
to the Fig. 3.5a, the non-intelligent Gauss-Markov-based baseline has achieved lower delay
and lower packet loss compared to the QL model although with many fluctuation.

As the aim of the QL algorithm is to maximize the cumulative reward the agent receives
in a long run, we next visualize the cumulative reward the QL agent gets by performing its
selected actions throughout the 600 episodes of training. Fig. 3.6 depicts this reward values
which is calculated according to the Eq. 3.22 in each episode. As seen in this figure, the
agent is able to step-by-step increase its received rewards throughout the training. The
reward value starts from around -150 and it converges to around 50 after 250 episodes.
However, the figure shows that there is a drop in the cumulative reward throughout the
training, meaning that the UAV-BS gets stuck in local optimum. This is due to the fact
that the state space of the proposed QL strategy is limited without taking into account the
dynamic of users. This is the reason why in the next chapter we try to extend our state
space to continuous.

Figure 3.6: Accumulated reward of the agent in the proposed model
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3.6 Conclusion

In this chapter, after proposing our system model, we have introduced a QL-based method-
ology in order to maximize the sum data rate of users. While the majority of the works
in the literature assume that the ground users are fixed, this chapter has investigated the
problem of UAV-BS deployment in the presence of mobile users. In our proposed QL
strategy, the state space is discrete and the location information of users is not included
in the state space. We have also designed a reward function that keeps the UAV-BS in-
side the boundaries of the investigated area while it also tries to maximize the sum data
rate of the users. The proposed QL-based model has been compared with two baselines,
one of which builds on a random mobility whereas the other one adopts a Gauss-Markov
mobility model for the UAV-BSs. The simulation results have shown that the QL-based
UAV-BS deployment model results in significantly better performance compared to the
random deployment of UAV-BS which is outperformed by the Gauss-Markov-based UAV-
BS deployment method. The reason is that the Gauss-Markov-based movement algorithm
has a prior knowledge of how to move UAV-BS to match with users mobility. Due to
the limitations of Q-table we have not been able to include the location information of
users in the proposed model. This is the reason why in the next section we will present a
DQL-based methodology in order to tackle this limitation of QL and involve the mobility
information of users in the training process of the UAV-BS.
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Chapter 4

Deep Q-learning-based deployment of
UAV-BSs

4.1 Introduction

In the previous chapter, we proposed a QL-based methodology for the location optimization
of UAV-BSs. The QL-based model used a Q-table which has to have a limited number of
states as its rows, and actions as its columns. In order to restrict the number of states,
we only considered the location information of the UAV-BS in our proposed state space,
hence not involving the position of users in the training process. Moreover, in order to
limit the number of actions that the UAV-BS can take, we defined our action space to
involve five discrete actions corresponding to one unit towards or against the x and y axes
plus no movement.
In this chapter, in order to tackle the limitations of Q-table, we propose a DQL-based
strategy for the deployment of the UAV-BS in the air. In the proposed DQL model, the
Q-table is replaced with a deep neural network (DNN) where the state of the environment
is fed to the DNN as input and the Q-values associated with each pair of the input state
and various actions are produced in the output of the DNN. By using a DNN instead of
the Q-table, we, in fact, tackle the limitation about the number of allowed states since
the DNN can receive an infinite number of states from a continuous state space as its
input. Therefore, we can include the location information of users in addition to that of
the UAV-BS in the state space of the DQL-based model. However, like in the QL model,
the DQL-based method contains five discrete actions since the Q-values associated with
each pair of state and action should be estimated by the DNN as the output. The proposed
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reward function in chapter 3 is used for the DQL model as well where the DQL-enabled
agent of the UAV-BS aims to maximize the reward values in a long run. Our simulation
results show that our proposed DQL-based model outperforms the QL-based methodology
that we proposed in Chapter 3. Moreover, the DQL method achieves the maximum data
rate results that the Gauss-Markov-based baseline, introduced in Section 3, can reach.
This means in our presented DQL-based strategy, the UAV-BS can autonomously adjust its
locations according to the mobility of ground users and maintain its maximum performance
even if the users move to different locations.

4.2 Preliminaries for deep Q-learning

QL is a promising solution which can efficiently obtain the optimal policy when the action
and state spaces are small. However, in many real-world environments, the action and state
spaces are very large due to which the amount of memory required to save and update
Q-table would dramatically increase and the available storage would become insufficient
[36]. Besides, the amount of time required to explore each state and obtain related Q-table
would be significantly high. As a result, the QL algorithm may not be able to achieve an
effective learning and find the optimal policy in large state-action environments [9].

An alternative approach to cope with the limitations of QL is DQL. In DQL, instead
of having a Q-table which consists of all possible states and actions, a deep Q-network
(DQN), which is a deep neural network (DNN) is used to estimate the Q-values, namely
Q(s, a) [105]. In fact, in DQN, the state is fed as the input, and the Q-values per action
are obtained in the output. Figure 4.1 shows how Q-table and DQN differ.

In order to train the DQN and learn the Q function, the algorithm of DQL requires
a training dataset with labels, also known as targets, to gradually learn the parameters,
minimize the cost function and improve the predictions. In order to create training dataset
and labels, DQL exploits two techniques called target network and experience replay (ER)
which are explained as follows.

• Target network
Looking into the TD equation expressed in Eq. 3.19, DQL considers y = R(s, a) +
γ argmaxa′ Q(s′, a′), containing the actual reward, as the actual target while the next
predicted value of the DNN is considered as the Q-value [52]. Therefore, the system
attempts to minimize the TD and makeQt(s, a) andQt+1(s, a), expressed in Eq. 3.20,
as close as possible to each other until they converge. In other words, the purpose of
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(a) Q-table

(b) Deep Q-Network

Figure 4.1: Q-table vs DQN

DQL is to minimize the difference between y and Q using gradient descent and back
propagation.

• Experience replay
ER is used by DQL in order to build a training set as soon as the agent starts to
explore the environment. ER stores all the transitions in the form of (st, at, rt, s

′
t+1)

in a cyclic buffer, called replay memory; thus, the replay memory contains a set of
previously observed data to be considered as the training set [52]. This mechanism
allows the DQN to be trained more efficiently by using both old and new experiences
and tackle the problem of having consecutive interdependent states that are alike.
For example, when a self-driving car is driving in a straight line, if there is no ER in
training phase, the network only considers a set of the current experience including
consecutive similar transitions that converge very quickly without having a chance
to learn the rest of the network [39]. However, with ER, the system can make use
of both past experience and the latest experience simultaneously for training, and
avoid an early wrong convergence.

The algorithmic flow of DQL is illustrated in Fig. 4.2 [90].
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Figure 4.2: Algorithm flow of Deep Q-learning

4.3 The proposed DQL-based deployment of UAV-

BSs

As mentioned, QL is applicable to the environments where the state and action spaces
are limited. Otherwise, the memory needed to save Q-table and the time required to
search the Q-table would significantly increase and make Q-learning ineffective under large
state/action spaces. Therefore, in this section of the thesis, a DQL approach is introduced
as an alternative RL-based approach to cope with the limitations of QL. Indeed, instead of
employing QL as an intelligent algorithm of placing the UAV-BS, a DQL-based algorithm
is adopted by considering the states of ground users as well as that of UAV-BS in the
sky as parts of state space. In the proposed DQL-based solution, the Q-table is replaced
with a DQN. At each time step t, the state information, containing the positions of users
and UAV-BS, is fed to the DQN as input. The DQN gradually learns the optimal output
(action) associated with each input state by trying to minimize the TD explained in Section
4.2. All the transitions in the form of (st, at, rt, s

′
t+1) are stored in the ER memory from

which batch files of various old and new transitions are used to update the DQN parameters
to learn the environment.

Indeed, in the proposed DQL, our aim is to minimize the TD loss(see Eq. 3.21) of the
quality of performing a specific action a in a state s and make Qt(s, a) and Qt+1(s, a) as
close as possible to each other until they converge. Fig. 4.3 illustrates the communication
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between the intelligent agent of the UAV-BS in the proposed DQL-based methodology and
the environment to learn the best actions associated with each state. The system model
in the proposed DQL-based strategy builds on the model in Fig. 3.1 and Section 3.2.

Figure 4.3: UAV-BS deployment with DQL

Unlike in the QL-based strategy, where we restrict the number of states to fit in the
Q-table, the DQL-based methodology considers the user locations as part of the state
information so that the model can adapt to user mobility more effectively. Based on this,
the state space of our DQL-based deployment model is defined as follows:

State space: (xuav(t), yuav(t), x1(t), y1(t), ..., xn(t), yn(t)) where xuav and yuav are the x
and y coordinates of the UAV-BS while xi and yi are the x and y coordinates of the i-th
user. Different from the proposed QL-based strategy in Chapter 3, in the DQL model, the
users and UAV-BS’s coordinates can get continuous values since there is no Q-table with
size limitation.

The action space and the reward function are defined the same as in the QL-based
UAV-BS positioning methodology which we re-express as follows.

Action Space: The proposed action space from which the UAV-BS chooses action at
each time step, consists of five different action codes, i.e. 0, 1, 2, 3, 4. These action codes
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correspond to moving towards the positive direction of x axis, the negative direction of x
axis, the positive direction of y axis, the negative direction of y axis and stay in the same
coordinates with no movement, accordingly. The distance that UAV-BS moves at each
time step towards or against the x and y axis depends on the speed of the UAV-BS. Thus,
a UAV-BS at a speed of g m/s, moves g meters at each time interval if the chosen action
is not 4.

Reward Function: As the objective is to maximize the data rates of users, the re-
ward function in our model is formulated as follows where xuav and yuav are the x and y
coordinates of the UAV-BS at time step t, and Ri(t) is the achieved data rate of i-th user
at time step t.

rt =



− if xuav(t) ̸∈ [0, xmax] or yuav(t) ̸∈ [0, ymax]

1 if
∑N

i=1Ri(t) increases

−1 if
∑N

i=1Ri(t) decreases

−0.2 if
∑N

i=1Ri(t) does not change

, (4.1)

The steps of the proposed DQL for 3D placement of an UAV-BS are summarized in
Algorithm 2.

4.4 Simulation Results

Similar to the simulation setting in chapter 3, a square area of 1 × 1 km2 with 50 users
who are randomly distributed is selected for the simulation of our proposed framework
in this chapter. The users follow Gauss-Markov mobility model with the speed between
2 m/s and 8 m/s. At each time step t, according to the proposed DQL-based strategy,
the UAV-BS checks its current location and the current location of the ground users and
predicts its best next movement among the five possible actions of the action space. Other
environmental parameters of our simulation are selected according to the Table 3.2. Re-
garding the simulation of the DQN in our proposed DQL-based strategy, we consider 102
neurons in the input layer of the DQN which correspond to the x an y coordinates of the
50 UEs and the UAV-BS, while five neurons corresponding to 5 actions are added to the
output layer. Moreover, after fine tuning the DQN, below parameters were selected for the
DQL model:
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Algorithm 2 DQL-based optimal placement of UAV-BS

Initialize the DQN with random weights
Initialize the ER memory
ϵ = 1
for each episode do

initialize users randomly
initialize UAV-BS in one of the 3D corners with altitude h
for each time t step in episode do

observe st = (xuav, yuav, xn1 , yn1 , xn2 , yn2 , ..., xnN
, ynN

)

at =

{
random number with the probability of ϵ

argmax(DQN.predict(st)) with the probability of 1− ϵ

Move UAV-BS according to the chosen action at
observe state st+1 =
(x′

uav, y
′
uav, x

′
n1
, y′n1

, x′
n2
, y′n2

, ..., x′
nN

, y′nN
)

for every user n do
calculate Rn

end for

rt =


− if xb(t) ̸∈ [0, xmax] or yb(t) ̸∈ [0, ymax]

1 if
∑N

n=1 Rn(t) increases

−1 if
∑N

n=1 Rn(t) decreases

−0.2 if
∑N

n=1 Rn(t) does not change

store (st, at, rt, st+1) in replay memory
randomly sample a batch of C samples (si, ai, ri, si+1) from the ER memory
Perform a gradient descent on Loss =
(ri + γmax DQN.predict(si+1)) - DQN.predict(si)

if ϵ ≥ epsilon min then ϵ = ϵ × epsilon decay

else ϵ = epsilon min
end if

end for
end for

Two hidden layers, each of which having 50 neurons, are considered as the hidden layers
of the DQN. The learning rate α is set to 0.01, while a discount factor γ of 0.95 is applied.
The parameters related to the DQN are presented in Table 4.1. These parameters are
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initially selected according to [84], and they have been slightly fine-tuned for our proposed
methodology. Moreover, the significantly negative reward that is given to the agent if
it goes outside of the boundaries is set to -5 which is big enough compared to the negative
reward of -1 the agent receives if the data rate of users drops by its movement. We run our
simulation for 600 episodes where each episode starts with a different distribution of users.
Each episode of the simulation consists of 200 time steps (T = 200s) where at each time
step the intelligent agent of the UAV-BS perceives the location information of the users
and that of the UAV-BS, and decides about the best movement of the UAV-BS so as to
maximize the users’ sum data rate.

In order to compare the results of our proposed DQL-based methodology with base-
lines, we consider an AI-based QL strategy that we proposed in Chapter 3 plus the two
conventional algorithms for moving the UAV-BS, i.e. random movement of the UAV-BS
and the Gauss-Markov-based movement of the UAV-BS. Therefore, the baselines for the
validation of our presented DQL model are defined as follows.

1. Random Action: For this baseline, at each time step, the UAV-BS randomly se-
lects its next movement from the five possible actions. So, the UAV-BS tries to cover
the entire area of interest by randomly moving in the sky.

2. Gauss-Markov-based mobility model: In this baseline, the mobility model of
the UAV-BS and users are the same. In fact, by defining this baseline, our aim is

Table 4.1: DQN parameters of the simulation in the proposed DQL-based methodology
(selected and fine-tuned based on [84])

Parameter Value

learning rate 0.01
discount factor a 0.95
epsilon decay b 0.995
minimum epsilon 0.1
replay memory buffer size 100000
batch size 128
episodes 600
time steps in each episode 200
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to see how the performance of the network improves if users and the UAV-BS follow
identical mobility models with the same parameters such as direction and speed.

3. QL-based mobility model In this baseline, at each time step, the UAV-BS selects
its best movement according to the proposed QL-based strategy in Chapter 3. The
state space in this baseline is discrete and does not include the location of users, and
the Q values associated with each pair of states and actions are stored in a Q-table.

We first validate the performance of our proposed DQL-based methodology in terms
of users sum data rate as maximizing the data rate of users is the main objective of this
solution. As illustrated in Fig. 4.4a, the DQL-based strategy has significantly outperformed
the baselines with regards to the users’ sum data rate. As depicted, the QL-based model,
wherein the state space is discrete and the location information of users at each time step
is not included in the state representation of the environment, is not able to increase the
users’ data rate more than 36Mbps. However, the proposed DQL-based method that adds
the location of users as part of the state space has successfully achieved the sum data rate of
more than 43Mbps which is a great performance improvement compared to the QL-based
model. By looking at the sum data rate of users in Gauss-Markov-based baseline in Fig.
4.4a, where the users and the UAV-BS follow the same mobility, we realize that the DQL-
based strategy has reached the maximum data rate we can achieve by moving the UAV-BS
in the direction of users. The DQL-based model even surpasses the Gauss-Markov model
by converging to the maximum data rate while the Gauss-Markov faces many fluctuation
during the simulation.

We also compare the results of the proposed DQL-based model with regards to the
transmission delay and packet loss of users to see how these two metrics improve if the
UAV-BS’s moves intelligently in the sky with the use of proposed DQL algorithm. Fig. 4.4b
and 4.4c shows how the users average delay and average packet loss improve throughout
the 600 episodes of training under the proposed DQL-based strategy compared to the three
baselines. Regarding the users average delay, the proposed DQL-based model has reduced
the delay to 0.08s while the QL-based strategy has converged to the transmission delay of
0.15s after 250 episodes. Similarly, the proposed DQL-based algorithm has minimized the
users’ average packet loss ratio to 0.2 while the QL-based method converges to 0.4 for the
users’ average packet loss.
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(a) Accumulated data rate of users in the proposed DQL-based model vs. the three baselines

(b) Average transmission delay of users in the proposed DQL-based model vs. the three baselines

(c) Average packet loss of users in the proposed DQL-based model vs. the three baselines

Figure 4.4: Network performance comparison under the three baselines and the proposed
DQL-based UAV-BS placement
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Furthermore, we compare the cumulative reward the agent receives over an episode in
the proposed DQL-based model and the QL-based baseline. As Fig. 4.5 shows, the DQL-
based method surpasses the QL-based baseline in terms of the agent’s received rewards.
The sum of the rewards the DQL-based agent of the UAV-BS receives is around 200 after
600 episodes while the QL-based solution converges to around 0. This proves that the
target of the RL-based algorithm which is defined as maximizing the cumulative reward
of the agent over a long run, is much more effectively met in the DQL-based solution as
opposed to the QL-based methodology.

Figure 4.5: Comparison of the agent reward under the QL-based baseline and the proposed
DQL-based UAV-BS placement

We also illustrate the DQN’s loss value of the proposed DQL-based solution in Fig.
4.6. As mentioned earlier, in DQL, a DQN tries to minimize the TD loss using back
propagation and gradient descent until the Q values of various states and actions converge.
Fig. 4.6 depicts how this loss value decreases over the 600 episodes where it converges. This
decrease in TD loss value and its convergence is another evidence that the DQL algorithm
has successfully learned how to minimize the TD loss and predict the Q-values properly.
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Figure 4.6: The DQN’s loss in the proposed DQL-based UAV-BS placement

4.5 Conclusion

In this chapter of the thesis, we have proposed a DQL-based methodology for the placement
and movement of the UAV-BS in the sky with the aim of maximizing the users sum data
rate. While in the previous chapter we limited the number of states by not including
the location of users in the state representation of the environment, in this chapter, we
have presented a DQL-based algorithm in order to add the location information of users
to the state space. In fact, we have replaced the Q-table of the QL algorithm, presented
in Chapter 3, with a DQN in this chapter to overcome the limitation of QL that cannot
include unlimited number of states. The proposed DQN learns to predict the correct
Q-values associated with each pair of state and action by minimizing the TD loss. Our
simulation results have shown that the DQL-based method can notably increase the users
sum data rate compared to the QL-based solution and the other two conventional baselines.
With regards to the other two performance metrics, i.e. users average transmission delay
and users’ average packet loss also, the proposed DQL model has outperformed all the
baselines. Therefore, the DQL-based algorithm, wherein the location of users and UAV-
BS are both fed to the DQN to predict the best action at each time step, can much more
effectively deploy the UAV-BS in the air and increase the network performance. Similar to
the QL algorithm in the previous chapter, the DQL-based solution in this chapter uses a
discrete action space that contains five actions for moving the UAV-BS at each time step.
To extend the action space to continuous, we introduce continuous actor-critic RL, a more
advanced RL-based algorithm for UAV-BS placement, in the next chapter.
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Chapter 5

Actor-critic deep Q-learning-based
deployment of UAV-BSs

5.1 Introduction

In Chapter 3, we deployed a QL-based model for the placement and movement of the UAV-
BS in the air with the objective of maximizing the users sum data rate in a UAV-assisted
wireless network. While the state and action spaces were both discrete in the proposed
QL-based method, in Chapter 4, we presented a DQL-based UAV-BS deployment strategy
to extend the state space to continuous so that the location information of users can be
added to the state space. Extending the state space from discrete to continuous notably
improved our performance results. For further improving the network performance, in this
chapter, we expand the action space from discrete to continuous by proposing a continuous
actor-critic deep Q-learning (ACDQL) methodology for the deployment of UAV-BS in the
air. In the proposed ACDQL-based model, at each time step, the UAV-BS can choose its
next action from a continuous range (−k, k). The value of k is the maximum distance the
UAV-BS can move and it depends on the maximum speed of the UAV-BS. In fact, QL and
DQL are both value-based RL algorithms where the Q-values associated with each pair
of state and action should be calculated at each time step. Therefore, it is infeasible to
have an unlimited number of actions. The solution we propose to tackle this limitation and
have unlimited number of actions, is a continuous ACDQL algorithm that exploits a policy-
based function to estimate the best action from a continuous action space. The simulation
results of this chapter show that the proposed ACDQL-based solution outperforms all the
baselines, including QL and DQL-based models, in terms of users’ sum data rate, users’
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packet loss and users’ transmission delay. Moreover, the proposed ACDQL-based method
converges after around 30 episodes while the QL and DQL models converge after more than
200 episodes which seems a significant improvement for a UAV-assisted wireless network.

5.2 Preliminaries for actor-critic deep Q-learning

DQL is a powerful type of RL which is suitable for the environments that have large state
and action spaces [22] where Q-table is unable to efficiently store and search among a
large number of states and actions. However, there is one limitation for DQL: it requires
discrete action space, otherwise the training could be computationally very intensive and
not feasible to get converged [27]. Actor-critic deep Q-learning (ACDQL) methods, as
a solution to this limitation, can handle continuous action space by employing a policy
function in addition to the value function which is used in QL and DQL algorithms as well
[102].

As mentioned earlier in this thesis, in order to maximize the sum data rate of users, at
each time step t, the UAV-BS needs to perceive the state of the environment and decide
what movement is the best to take. Since deciding about the next location of the UAV-BS
depends on the current state of the environment, the problem of solving the 3D location
optimization of UAV-BS can be expressed as MDP explained in Section 3.3 which is solvable
by RL algorithms. MDP consists of four main elements (S,A, π,R) that should be defined
for an environment so that it can get solved with RL. As stated earlier, S is the state
space containing all possible states of the environment, A is the action space consisting of
all the actions the RL agent can take, and R stands for the reward function. π represents
the policy function which is the mapping from the states to a probability distribution over
various actions. The aim of RL is to find the optimal policy, πopt, that maps each state
to the action that leads to maximizing the long-term reward. RL algorithms are divided
into three groups where each group has a different approach for finding the optimal policy.
These three groups are described below.

• Critic-only methods: QL and DQL are both among the critic-only methods that
have no explicit function for the policy π. They, instead, use a state-action value
function Q for estimating the optimal policy. In fact, the optimal policy πopt is
approximated by performing an optimization strategy over the value function Q(s, a)
(see Eq. 3.18), which is expressed as

πopt(a) = argmax
a

Q(s, a) (5.1)
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This value function optimization is approximated by minimizing the TD loss like
what we performed in our proposed QL and DQL-based strategies, by making use
of a Q-table and a DQN, in Chapter 3 and 4, respectively. In both QL and DQL,
Q(s, a) should be calculated for all possible actions in a state before the algorithm
decides which action is the best to be taken in that state. This is the reason why
none of QL and DQL can support continuous action space.

Figure 5.1: Actor-critic deep Q-learning

• Actor-only methods: Actor-only methods uses a policy gradient approach to di-
rectly work with the policy to reach the optimal policy that maximizes the expected
reward over the time period T . The objective function can be formulated as [27]

J(πθ) = Eπθ
[
T−1∑
t=0

R(st, at)] (5.2)

where E(R(st, at)) is the expected long-term reward by performing action a in state
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s. The objective function J should be maximized by adjusting the policy parameter
θ that always maximize the reward. In order to update the policy parameter θ which
results in the maximized objective function, the gradient ascent rule is used. unlike
the critic-only methods, such as QL and DQL, actor-only methods allow the policy to
generate actions in the continuous action space. However, due to the highly variable
behavior of dynamic environments, actor-only methods suffer from the high variance
in the estimated policy gradient that results in a very slow learning [27].

• Actor-critic methods: Actor-critic algorithms consist of two parts, i.e. actor and
critic. The actor makes use of the policy gradient method to produce continuous
actions while the critic uses TD loss technique to evaluate the actions selected by the
actor [62]. In fact, the role of the critic is to tackle the large variance in the policy
gradient that exists in actor-only methods. Critic implements and optimizes Q(s, a)
by using TD loss over the last experiences in order to assess the effectiveness of the
selected actions by the actor. After selecting an action in a specific state, the critic
network criticizes the selected action which leads to modifying the policy so that the
actions with higher Q-values will be more frequently selected in the future and vice
versa.

ACDQL is a type of actor-critic methods where the actor and critic are implemented by
deep neural networks. Figure 5.1 is a high-level representation of actor and critic networks
in ACDQL. In this chapter, we propose an ACDQL-based strategy that makes use of actor
and critic networks for optimizing the deployment of UAV-BS in the air where the UAV-BS
can choose its movements from continuous action space. The details of this strategy are
explained in the next section.

5.3 The proposed ACDQL-based deployment algorithm

In this section of the thesis, our final strategy for improving the placement optimization of
the UAV-BS is presented that uses an ACDQL-based approach with an extended action
space from discrete to continuous. In our proposed continuous ACDQL-based methodol-
ogy, the four elements of the MDP, i.e. states, actions, rewards, and policy, denoted by
(S,A, π,R), are introduced as follows.

State space: Similar to the DQL-based model which was proposed in Chapter 4, the
state space in our proposed ACDQL-based methodology is formulated as the location of
the UAV-BS plus the locations of all ground users at each time step t which is written as
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st = (xuav(t), yuav(t), x1(t), y1(t), ..., xn(t), yn(t))

Action space: The action space of our continuous ACDQL-based model is defined
as the displacement of the UAV-BS at each time step t over the x and y axes which are
denoted by dxuav(t) and dyuav(t), respectively. The UAV-BS’s displacement along the x and
y coordinates at each time step can be any value in the continuous range of [−k, k] where k
is the maximum speed of the UAV-BS. So, the action space of our proposed methodology
is expressed as

at = (dxuav(t), d
y
uav(t))

Reward function: Since the objective of our proposed ACDQL-based model is to
maximize the sum data rate of users over the time period T , any movement of the UAV-
BS that increases the users’ sum data rate at time t, compared to that at time t − 1,
receives an immediate positive reward. In contrast, the agent is penalized if its movement
at time t leads to smaller sum data rate of users compared to time t − 1. Therefore, our
reward function is presented as

rt =


− if xuav(t) ̸∈ [0, xmax] or

yuav(t) ̸∈ [0, ymax]∑N
i=1Ri(t)−

∑N
i=1Ri(t− 1) otherwise

, (5.3)

where is a big negative reward the agent receives if it moves outside the boundaries and
it is defined for the UAV-BS agent to comply with the boundary constraint of our proposed
optimization problem in Eq. 3.10. It should be noted that, the proposed ACDQL strategy
uses a continuous action space where the displacement of the UAV-BS can be any value
in the range of [−k, k] and our aim is to learn the best value of this displacement at each
time step. Therefore, we need to differentiate between the reward that the agent receives
by selecting various values of this displacement. With that being said, we cannot use the
same reward function we proposed in the QL and DQL-based strategies as the received
reward of the agent was not variable there.

Policy function: The policy function in our proposed model should return the long-
term cumulative rewards the UAV-BS agent receives by performing action a in state s.
By deriving the policy function, the agent, at each time step, can choose the action that
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Figure 5.2: Proposed continuous actor-critic-based UAV-BS’s deployment

would result in maximizing the long-term cumulative rewards and consequently maximize
the users’ sum data rate. Therefore, in order to solve the location optimization of the
UAV-BS, we only need to implement a strategy to discover the optimal policy function.

Our proposed strategy for deriving the optimal policy function is based on a continuous
ACDQL algorithm that consists of two deep neural networks (DNNs), i.e. an actor DNN
and a critic DNN. The actor network receives the state of the environment as its input and
maps it to a probability distribution πθa(s), where θ

a is the weights of the actor’s DNN, to
predict what action is the best to be chosen. In other words, the actor network represents
our required policy function. The critic network, on the other hand, implements a value
function in the form of Q(s, a) that evaluates the quality of the action a chosen by the
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actor network in state s. Fig. 5.2 is an illustration of our proposed ACDQL-based UAV-BS
deployment algorithm. The system model again follows what proposed in Section 3.2 and
Fig. 3.1.

More details of the actor and critic networks in our proposed solution are explained as
follows.

Proposed actor network: The aim of the actor network is to obtain the optimal
policy function πθa that maximizes the long-term expected rewards. Thus, a policy gradient
method is used in the actor network to generate the optimal policy. The policy gradient
on the actor’s DNN can be calculated by [76]

∇θaJ(πθa) = E[
t−1∑
t=0

∇θa log(πθa(at|st))Q(st, at)] (5.4)

where Q(st, at) is the quality of performing action at in state st which is calculated by the
critic network.

Since our proposed UAV-BS’s deployment algorithm is designed for continuous action
space, the actor network uses Gaussian distribution, which is a well-known multi-parameter
distribution for a continuous random variables, in order to select the action. More specif-
ically, our proposed actor network outputs the mean (µ) and standard deviation (σ) of
the Gaussian distribution of each input state for selecting the optimal action. Thus, the
parameterized policy according to the Gaussian distribution can be formulated as [88]

πθa(at|st) =
1√
2πσ

exp(−(a− µ(s))2

2σ2
) (5.5)

The standard deviation of the Gaussian distribution in the actor network is usually
considered as a fixed value in the literature. However, in this thesis, we propose to gen-
erate the σ as one of the outputs of the actor’s DNN so that the agent can dynamically
balance between exploration and exploitation. By considering σ as one of the outputs of
the actor’s DNN, the agent can manage to explore more with larger values of σ, while more
exploitation happens with the smaller values of σ [19]. The value of σ gets close to zero
with the convergence of the UAV-BS’s deployment algorithm.
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Finally, the actor network uses the gradient ascent technique on the policy gradient,
shown in Eq. 5.4, in order to update its parameters and gradually converge to the optimal
policy. So, the actor network iteratively updates θa which is written as

∇θa = ∇θa + αalog(πθa(at|st))Q(st, at), (5.6)

where αa is the learning rate of the actor’s DNN.

Proposed critic network: The critic network which is supposed to validate the
quality of the action selected by the actor network, makes use of the Bellman equation to
evaluate the quality of performing action a in state s based on the expected discounted
reward which is formulated as [86]

Q(s, a) = r(s, a) + γ argmax
a′

Q(s′, a′), (5.7)

where s′ is the destination state after performing action a in state s, and γ is the discount
factor that quantifies the importance of the future rewards.

Considering our random environment and that the value of Q(s, a) changes over time,
temporal difference (TD) is introduced in the critic network to represent the difference
between the new predicted Qt(s, a) and the old Qt−1(s, a). TD can be expressed as [52]

TD(s, a) = r(s, a) + γ argmax
a′

Q(s′, a′)−Qt−1(s, a). (5.8)

By applying TD in Eq. 5.7, the value function Q is transformed to

Qt(s, a) = Qt−1(s, a) + αc(r(s, a)

+ γ argmax
a′

Q(s′, a′)−Qt−1(s, a)), (5.9)

where αc denotes the learning rate of the critic’s DNN.

Looking into Eq. 5.9, the DNN of the critic network tries to minimize the TD by
considering y = R(s, a) + γ argmaxa′ Q(s′, a′) as the network’s true labels, also know as
targets, while Qt(s, a) is counted as the predicted value of the network. Therefore, a
gradient descent technique is utilized in the critic network in order to minimize the TD
loss which is written as
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Figure 5.3: The flowchart of the proposed ACDQL-based algorithm for the optimal place-
ment of UAV-BS

L(θc) = E[(yt −Qt(s, a)|θc)2], (5.10)

where θc is the weights of the critic’s DNN.

The calculated TD loss is then used to update θc. It should be noted that, the action
value that satisfies argmaxa′ Q(s′, a′) in Eq. 5.10 is determined by the actor network.

Moreover, an ER memory (see Section 4.2) is used in the proposed critic network
to store all the agent’s experience in the form of (st, at, rt, s

′
t+1). With utilizing the ER

memory, the critic network will be able to choose random batches of both old and new
experiences for training the DNN and minimizing the TD loss more effectively [52].

Flowchart 5.3 is the steps of our proposed continuous ACDQL-based strategy.

71



5.4 Simulation Results

The Simulation setting is the same as what we presented in Section 3.5. The area of inter-
est, where the users are located and move, is 1 × 1 km2. 50 users are randomly distributed
and move according to the Gauss-Markov mobility model and their speed is between 2
m/s and 8 m/s. At each time step t, the proposed continuous ACDQL-based algorithm
decides about the distance the UAV-BS should move along the x and y coordinates. The
maximum speed of the UAV-BS is 6 m/s. Therefore, the maximum distance the ACDQL
algorithm can select at each time step is 6 m along or against the x and y coordinates.
Table 3.2 lists the other environmental parameters of our simulation.
The actor’s DNN consists of an input layer of 102 neurons, corresponding to the x and y
coordinates of the UAV-BS and users at each time step, two hidden layers and an output
layer. The two hidden layers are fully-connected and each one has 256 neurons while the
output layer consists of four neurons corresponding to µx, σx, µy and σy. The activation
function for the hidden layers of the actor’s network is Relu function while Tanh activation
function is selected for the output layer. The Adam optimizer is used as the optimization
algorithm of the actor’s DNN with the learning rate of αa = 0.0001.
Similar to the actor network, the critic’s DNN consists of an input layer of 102 neurons,
where the state information of the UAV-BS and users is received, and two fully-connected
hidden layers that each one has 256 neurons. Since the critic network evaluates the qual-
ity of action a in state s, the first hidden layer of the critic’s DNN concatenate the state
received from the input layer and the action taken from the actor network and pass it
through the next layers. The output layer of the critics’ DNN consists of a single neuron
for outputting Q(s, a). Relu activation function is utilized in the hidden layers of the critic
network while the linear combination of the outputs in the last hidden layer forms the
Q-value of the output layer with no activation function in the output layer. The Adam
optimizer with the learning rate of αc = 003 is adopted in the critic network. Table 5.1 lists
the hyper parameters of the actor and critic DNNs in our simulation which are initially
selected according to [11] and then slightly fine-tuned for our proposed ACDQL-based
strategy.

The simulation is run for 600 episodes where each episode consists of 200 time steps
(T = 200s) and the initial position of users change at the beginning of each episode. At
each time step, the ACDQL-based algorithm selects what distance the UAV-BS should
move that will maximize the data rate of users.

We compare the performance result of our proposed ACDQL-based methodology with
four baselines described below:
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Table 5.1: DQN parameters of the simulation in the proposed ACDQL-based methodology

Parameter Value

actor’s learning rate αa 0.0001
critic’s learning rate αc 0.003
discount factor γ 0.99
replay memory buffer size 1000000
batch size 128
episode count 600
time steps in each episode 200

1. Random model: In this baseline model, at each time step t, the UAV-BS randomly
chooses a direction and a distance between [−k, k] to move.

2. Gauss-Markov model: As the second baseline for the movement of the UAV-BS,
we use the same mobility model that we employ for the movement of users with the
same speed, direction, etc. By selecting this baseline, we aim to see the network
performance if the movement pattern of the UAV-BS is matched with that of users.

3. QL-based model: In this model, the UAV-BS is equipped with a QL-based al-
gorithm, proposed in Chapter 3, to intelligently select the best movement of the
UAV-BS at each time step according to the QL strategy. A Q-table is used in this
model for storing the Q-values where the rows represent the states and columns are
the possible actions. The state and action space are both discrete and limited in
this model in order to have a practical and feasible Q-table. Taking into account the
maximum speed of the UAV-BS which is set to 6 m/s, the action space consists of
5 discrete actions for moving the UAV-BS six meters towards or against the x and y
axis at each time step.

4. DQL-based model: As the fourth baseline, a DQL-based strategy, proposed in
Chapter 4, is adopted for the movement of the UAV-BS at each time step. In this
baseline model, a DQN is exploited to map the state and action pairs to Q-values.
Since the Q-table is replaced with a DQN, in this baseline, the state space is con-
tinuous. The action space, however, is discrete and includes 5 actions similar to the
QL-based model.
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Since the objective of our proposed model is to move the UAV-BS towards the loca-
tions that maximize the users sum data rate, we first compare the performance result of
the proposed model with the four baselines in terms of users’ sum data rate. As depicted
in Fig. 5.4a, the proposed ACDQL-based methodology achieves a significantly higher sum
data rate compared to all the other baselines. More specifically, the ACDQL-based model
maximizes the users’ sum data to more than 45Mbps. This is while the proposed DQL-
based solution can not increase the data rate to more than 43Mbps, and the QL-based
methodology converges to 35Mbps. Moreover, the ACDQL-based method converges much
faster than the two other intelligent solutions, i.e. QL and DQL-based models. The con-
vergence for the proposed ACDQL-based model occurs after around 30 episodes while the
QL and DQL-based baselines converge after around 200 episodes.

In addition, we evaluate the performance of our proposed ACDQL model in terms of
users’ average transmission delay and users’ average packet loss. As illustrated in Fig.
5.4b and Fig. 5.4c, the proposed ACDQL-based model outperforms the four baselines with
regards to both transmission delay and packet loss. More precisely, according to Fig. 5.4b,
moving the UAV-BS in the sky according to the proposed ACDQL-based solution, mini-
mizes the users average delay to 0.04s while the DQL and QL-based strategies can decrease
the delay to 0.08s and 0.15s, respectively. Similarly, according to Fig. 5.4c, the ACDQL
algorithm optimizes the movement of the UAV-BS to reach the average users packet loss
ratio of 0.15, while the DQL and QL-based baselines can only decrease the average packet
loss to 0.2 and 0.4, respectively. Therefore, the continuous ACDQL-based model has been
able to autonomously move the UAV-BS towards the locations that not only maximizes
the users’ data rate, which is the main objective of the network, but also minimizes the
transmission delay and packet loss where the agent converges in less than 30 episodes which
is a significant improvement compared to QL and DQL strategies.
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(a) Accumulated data rate of users in the proposed ACDQL-based model vs. the four baselines

(b) Average transmission delay of users in the proposed ACDQL-based model vs. the four base-
lines

(c) Average packet loss of users in the proposed ACDQL-based model vs. the four baselines

Figure 5.4: Network performance comparison under the four baselines and the proposed
ACDQL-based UAV-BS placement 75



Figure 5.5: Accumulated reward of the agent in the proposed ACDQL-based model

As mentioned earlier, the main objective of any RL algorithm, including ACDQL, is
to maximize the cumulative reward the agent receives over a long run. We formulated the
reward function of the ACDQL-based method in Eq. 5.3 where the agent receives positive
reward if its last action improves the users’ data rate and vice versa. If the agent moves
outside the boundaries, the agent receives a negative reward of = −1000. Fig. 5.5
illustrates how the accumulated rewards the agent receives in each episode of the training
gradually increases until it converges.

Figure 5.6: Accumulated TD loss of the agent in the proposed ACDQL-based model

Regarding the loss value of the DQN in the proposed solution, as expressed in Eq. 5.10,
the critic’s network tries to minimize the TD loss by using the gradient descent technique
until the optimized policy function is derived and the Q values are converged. The decrease
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Figure 5.7: Users sum data rate comparison under the proposed QL, DQL, and ACDQL-
based strategies (Test Phase)

in TD loss is illustrated in Fig. 5.6 which is another indicator of how the agent succeeds
in effectively calculating the Q-values and estimating the best actions in various states.

Finally, we compare the test’s performance result of our ACDQL-based methodology
with the other two RL-based solutions, i.e. QL and DQL-based baselines. In order to do
so, we store the trained models of ACDQL, QL and DQL after 600 episodes of training.
The stored models are then used for 100 new episodes where each episode has a different
user distribution which differs from those available in the training phase. The saved models
determine the distance and direction the UAV-BS should move at each time step with no
further change in the saved models. Fig. 5.7 compares the accumulated users’ data rate
over 100 episodes of test. As depicted in the picture, the proposed continuous ACDQL-
based solution surpasses QL and DQL-based models wherein a discrete action space is
used.
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5.5 Conclusion

In this chapter of the thesis, we proposed our last strategy, i.e. a continuous ACDQL-
based strategy, for the location optimization of the UAV-BS. While the action space in the
previous proposed QL and DQL-based methodologies in Chapters 3 and 4 was discrete, in
this chapter, we extended our action space to continuous. In fact, QL and DQL are both
critic-only RL algorithms that are infeasible of having a continuous action space. Therefore,
in the proposed QL and DQL-based strategies, at each time step, the UAV-BS could only
choose from a few predefined actions to move. In order to overcome the limitation in the
number of allowed movements, in this chapter, we proposed to use a continuous ACDQL-
based method. ACDQL is an actor-critic RL method which consists of two networks, i.e.
actor network and critic network. The actor network is capable of generating actions in a
continuous action space while the critic network evaluates the action selected by the actor
network. Our simulation results have shown that the proposed continuous ACDQL-based
solution outperforms the previous solutions, i.e. QL and DQL-based methods in terms of
users’ sum data rate, users’ average delay and users’ average packet loss. Moreover, the
ACDQL-based model converges after only 30 episodes of training while the convergence of
the QL and DQL-based solutions occurs after more than 200 episodes.
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Chapter 6

Conclusion

Uncrewed aerial vehicle-mounted base stations (UAV-BSs) or widely known as drone base
stations, have recently gained increasing attention as a solution to provide Internet con-
nectivity to users. They can be deployed to support terrestrial BSs during an occasional
crowded event, in the case of a terrestrial BS failure, or during natural disasters. Fur-
thermore, they can be positioned in the sky of remote areas, where deploying terrestrial
BSs is not feasible, to provide the region with wireless Internet connection. Despite their
tremendous benefits, UAV-BSs pose some critical challenges, such as channel modeling,
optimal 3D placement, limited flight time, etc. In this thesis, we have focused on one
of the most important challenges of UAV-BSs, which is the 3D location optimization of
UAV-BSs. Solving the placement optimization problem of UAV-BSs has been addressed
by various researchers by utilizing either heuristics methods or recently by ML-based so-
lutions which are more suitable for dynamic networks. Among all type of ML algorithms,
reinforcement learning (RL), specifically Q-learning (QL) and deep Q-learning (DQL), are
considered as the most suitable methods for finding the best location of UAV-BSs and their
optimal movement in the air, which have been the focus of many studies in recent years.
However these studies have two limitations: 1-the users are located in fixed positions and
their mobility is not considered while the UAV-BSs’ location optimization algorithms are
developed or analyzed. 2-the action space of the QL/DQL algorithms are discrete which
means that the UAV-BS can only choose from a limited number of actions to move at each
time step.
Therefore, in this thesis, we have extended the state-of-the-art and improved the place-
ment optimization of UAV-BSs by considering the mobility of users while developing our
RL-based solutions. We have also extended the action space of RL from discrete to con-
tinuous so that the UAV-BS will not be limited to a few actions to move, but instead, it
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can move by any distance. In order to do so, we have first considered the Gauss-Markov
mobility model for users who are mobile in this thesis. Then, we have proposed our reward
function, which is used by RL algorithm, in a way that the ground users sum data rate
would be maximized. Afterward, in order to build our UAV-BS deployment algorithm
in the presence of mobile users, we have started by proposing a QL strategy wherein a
Q-table is used and the state and action spaces are both discrete and the aim is to max-
imize the cumulative received rewards. Next, we have improved the UAV-BS deployment
strategy by replacing the Q-table with a deep Q-network and proposing a DQL strategy
wherein the state space is extended from discrete to continuous. Further improvement
in the UAV-enabled wireless network has been done by proposing our last strategy, i.e.
continuous actor-critic deep Q-learning (ACDQL)-based deployment of UAV-BS. In the
continuous ACDQL-based solution, the action space, from which the UAV-BS can choose
its next movement at each time step, has been extended from discrete to continuous. Our
performance results have shown that the last proposed strategy, which is based on con-
tinuous ACDQL, significantly outperforms the proposed QL and DQL solutions as well as
the conventional baselines, in terms of users data rate, transmission delay and packet loss.
In terms of users sum data rate, the QL-based solution has reached around 36Mbps during
600 episodes of training. The DQL-based model has increased the sum data rate to around
43Mbps while the ACDQL has successfully converged to around 45Mbps. Regarding the
average delay of users, the continuous ACDQL has minimized the delay to 0.03s while the
DQL and QL-based strategies have reached 0.08s and 0.15s, respectively. With regards
to the users packet loss, the continuous ACDQL algorithm has successfully minimized
the packet loss ratio to 0.14, while the DQL and QL-based methods have reached 0.21
and 0.41, respectively. Another notable improvement of the ACDQL-based methodology
compared to the QL and DQL-based solutions is the convergence time of the ACDQL al-
gorithm. Thus, the proposed ACDQL-based methodology reduces the convergence time of
the UAV-BS placement optimization by 85 percent compared to the Q-learning and deep
Q-learning baselines which is a remarkable improvement
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6.1 Future Directions

Our suggested improvement directions on this thesis are described as follows.

• Energy-aware deployment of UAV-BSs As mentioned in Section 1.2, UAV-BSs
use rechargeable batteries that bring about limited operation time for them. In this
thesis, we have not considred this energy limitation when proposing our UAV-BSs
deployment algorithms. Considering that the energy limitation of the UAV-BSs is
a serious constraint in practical scenarios, deploying an energy-aware ACDQL-based
methodology for the placement optimization of UAV-BSs is a possible direction for
the future studies. In order to do so, the optimization problem we presented in
Section 3.2.2, needs to be extended as a joint optimization problem of data rate
maximization and energy consumption minimization. An energy consumption model
will be investigated and the state and action spaces will be extended accordingly.

• Extending the UAV-assisted wireless network from a single UAV-BS to
multiple UAV-BSs: In many practical scenarios, for example during the temporary
overcrowded events, a single UAV-BS might be insufficient for covering all the users.
In such scenarios, deploying multiple UAV-BSs in the air is required to fulfill the
Internet demand of users. Bringing multiple UAV-BSs to the scene, however, needs
a collision avoidance system to be deployed so that the UAV-BSs do not collide.
Therefore, extending this thesis from a single UAV-BS to multiple UAV-BSs would
be another direction for the future studies. In order to follow this direction, the
reward function needs to be extended in order to consider the distance between
UAV-BSs. In addition, the state and action spaces should be extended so that the
placement of multiple UAV-BSs can be jointly optimized.

• Vision-based deployment of UAV-BSs: In this thesis, we have assumed that the
location information of the users is available to the UAV-BS and can be used by the
intelligent agent inside the UAV-BS for the location optimization. However, in some
of the practical scenarios, the position information of users might be unavailable to
UAV-BSs. Therefore, deploying a convolutional neural network (CNN)-based algo-
rithm that enable UAV-BSs so sense their environment would be a promising future
direction. By deploying a CNN-based algorithm on the UAV-BS and equipping the
UAV with cameras and other necessary hardware, the UAV-BS can capture the posi-
tion of ground users, as well as all the obstacles and other UAV-BSs. The output of
the CNN algorithm, which is a representation of the environment, can then be fed as
the input state to the ACDQL-based algorithm to decide about the next movement
of the UAV-BS.
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