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ABSTRACT

This report presents a study on the optimization of unmanned aerial vehicle (UAV)
trajectory using advanced reinforcement learning (RL) algorithms, specifically Deep
Q-Network (DQN), Double DQN (DDQN), and Proximal Policy Optimization (PPO).
The primary objective is to maximize the communication sum rate between the UAV
and ground users by formulating it into a Markov Decision Process (MDP).

The study introduces an innovative approach of action elimination to enhance
the learning efficiency of RL agents by preventing them from selecting actions that
do not contribute to the mission’s success. This method proved crucial in helping
agents achieve higher rewards and reach their destinations on time, thereby avoiding
unnecessary explorations. Additionally, the research explores the impact of different
reward functions on the learning dynamics and performance of the RL agents. It was
found that while DQN and DDQN are flexible with various reward structures, PPO
shows a marked preference for cumulative rewards, reflecting its design to capitalize
on long-term benefits.

A significant portion of the research was dedicated to hyperparameter tuning
within the PPO framework, where variables such as learning rates, clipping ratios,
and buffer sizes were meticulously adjusted to refine the learning process. This tuning
not only enhanced the performance of the PPO agent but also offered valuable insights
into the sensitivity of RL algorithms to their operational parameters.

However, the study acknowledges limitations, including the simplification of en-
vironmental factors and the two-dimensional trajectory optimization. Future work
is suggested to integrate more complex environmental models and consider three-
dimensional trajectory planning to address real-world applicability more effectively.

The findings from this study contribute to the growing body of knowledge in
UAV navigation and RL, providing a pathway for future research to build upon the

foundational results obtained.
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Chapter 1

Introduction

1.1 Study Background and Motivation

Recent advancements in Unmanned Aerial Vehicles (UAVs) have revolutionized vari-
ous sectors, enabling new capabilities from military applications to civil services [1, 2].
Particularly, UAV-mounted base stations (UAV-BS) have emerged as a versatile so-
lution to enhance wireless network coverage and manage network traffic, especially in
scenarios beyond 5G [3, 4]. These aerial platforms offer rapid deployment and cost-
effective network support in areas unreachable by traditional infrastructure, often
establishing direct line-of-sight communications that can support high data transmis-
sion rates [5].

However, integrating UAVs into cellular networks introduces several challenges,
such as ensuring reliable connectivity across different terrains and altitudes, managing
interference, optimizing handover strategies, and maintaining energy efficiency [6, 7,
8]. Moreover, effective navigation and path planning are critical due to the limited
battery capacities of UAVs.

Previous works have explored various aspects of UAV deployment. Al-Hourani et
al. (2014) [9] developed a probabilistic line-of-sight (LoS) channel model and opti-
mized UAV altitude to maximize ground coverage, necessitating prior environmental
knowledge. Mozaffari et al. (2016) [10] and Ono et al. (2016) [11] proposed lo-
cation optimizations limited to predetermined points, thereby restricting potential
performance gains.

In related work, researchers addressed imbalances in transmission rates between

RF and FSO links by designing UAV relay node trajectories that maximize data



throughput at the ground user terminal [12]. They categorized transmission schemes
into delay-limited and delay-tolerant types, proposing an iterative algorithm to achieve
locally optimal throughput solutions while considering atmospheric conditions, buffer
sizes, and delay requirements.

Despite these advances, many methods still rely on complex computations and pre-
defined environmental parameters. For example, Zeng (2021) [13] developed a novel
UAV navigation algorithm using Double Deep Q-Network (DDQN) with multi-step
learning to predict outage probabilities across various locations, aiming to minimize
the total mission completion time and expected communication outage time. How-
ever, these approaches often overlook the constraints imposed by UAV battery life,
which can limit their practical utility.

To optimize the trajectory of UAV, we have employed model-free reinforcement
learning (RL) algorithms, namely Deep Q-Network (DQN), DDQN, and Proximal
Policy Optimization (PPO). These algorithms enable the UAV to optimize its data
transmission strategy by dynamically navigating closer to target users, thereby es-
tablishing robust communication links. Moreover, this strategy ensures the UAV can
efficiently manage its power and return to its charging station before depleting its

battery.

1.2 Project Contributions and Findings

This project contributes to the field by focusing on optimal trajectory design and
transmit sum rate maximization. We have employed advanced RL approaches—specifically
DQN, DDQN, and PPO—to effectively address the complex challenges associated

with UAV navigation and communication:

e Markov Decision Process Formulation: We have formulated the UAV tra-
jectory optimization problem as the Markov Decision Process (MDP), concen-
trating on maximizing communication sum rates. This formulation allows for a
structured and systematic approach to decision-making under uncertainty, en-

hancing the strategic depth of UAV navigation and communication strategies.

e Action Elimination Efficacy: Our study demonstrates the effectiveness of
action elimination in refining the learning process. By enabling the UAV to
avoid inefficient paths, this approach significantly enhances overall performance,

ensuring more reliable and efficient mission outcomes.



e Comparative Analysis of Reward Functions: We have compared the ef-
ficacy of different reward functions across the employed RL algorithms. Our
findings indicate that while DQN and DDQN exhibit adaptability across various
reward configurations, PPO shows a distinct preference for cumulative rewards,
aligning closely with its algorithmic design which favors long-term benefit max-

imization.

e Hyperparameter Impact on PPO: The project has thoroughly investigated
the impact of various hyperparameters on the learning efficacy of PPO. Through
extensive experimentation, we provide a detailed guide that outlines the critical
hyperparameters influencing learning dynamics, offering invaluable insights for

future applications of RL in similar domains.

These advancements not only enhance the theoretical understanding of RL ap-
plication in UAV systems but also provide practical insights that can be leveraged
to improve real-world UAV operations. The successful implementation of these tech-
niques showcases the potential of RL to revolutionize the efficiency and effectiveness

of UAV-based communication networks.

1.3 Report Structure

The report is organized as follows to systematically present the research and validate

the claims made:

Chapter 1 Introduction—outlining the research background, challenges, and scope.

Chapter 2 System Model and Problem Formulation—detailing the technical setup

and theoretical models.
Chapter 3 Methodology—describing the RL algorithms and proposed solutions.

Chapter 4 Experiments and Analysis—presenting comparative studies on action

elimination and reward function efficacy.

Chapter 5 Results and Discussion—evaluating the outcomes and optimizing PPO

hyperparameters.

Chapter 6 Conclusions and Future Work—summarizing the research contributions

and suggesting directions for further investigation.



Chapter 2

System Model and Problem

Formulation

2.1 System Model

Our model includes a UAV-assisted wireless network depicted in Figure 2.1, wherein
a UAV serves as a mobile base station (BS) to cater to a group of K terrestrial users.
The UAV maintains a constant altitude H during its flight duration 7. We utilize a
Cartesian coordinate system where the position of each user k, belonging to the set
K#21,...,K, is denoted as w;, = (z,yx)” and is part of R?*!. Initially, these user
locations are not known to the UAV. The UAV’s mission is to travel from its initial
location to a designated final destination, strategically optimizing data transmission
by moving closer to key users within specified time constraints.

The starting and ending horizontal positions of the UAV are defined as q; =
(z7,y7)T and qr = (zp,yr)? respectively. To model the UAV’s flight, we break down
the total flight time 7" into N equal intervals, each lasting §, = ]ZV, assuming that d;
is small enough to consider the UAV’s position nearly constant within each interval.
During each interval, the UAV may remain stationary or travel at a consistent velocity
V' in one of four cardinal directions. The UAV’s horizontal position at the start of
each interval n is given by q, = (z,,y.)" € R>*!, where n € N2 1,...,N. The

movement of the UAV over time is described by:

q: =45, ddqnN+1 = 9qF, (2-1)

qni+1 = Qn+V5tVn7 n = 1,...,N7 (22)
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Figure 2.1: An illustration of downlink data transmission in a UAV-assisted wireless
network with multiple users

where v,, € (1,0)7, (=1,0)7, (0, 1)T, (0, —1)T, (0,0)” indicates the direction of the
UAV’s movement during each time slot n. This movement pattern defines the UAV’s
trajectory.

Channel gains are crucial for assessing the quality of communication between the
UAV and each ground user. The actual distance, which accounts for both horizontal

displacement and altitude, is expressed as:

i = VWi — aul? + H?, (2.3)

Following the free-space path loss model[14], the channel gain hj, between the

UAV and a ground user k at a particular time slot n is thus modeled by:

Blinear
b =T (2.4)
where 3" represents the basic gain of the communication channel under ideal
conditions.

We adopt Frequency Division Multiple Access (FDMA)[15] in this work. In
FDMA, the total available bandwidth is equally divided among multiple users, allow-
ing each to transmit simultaneously without interference within their designated fre-
quency bands. Accordingly, the system bandwidth B is equitably distributed among

all K users, providing each with an equal slice of the bandwidth. This allocation is



mathematically represented as:

Blk) = — (2.5)

where B(k) denotes the bandwidth allocated to the k-th user.

The Signal-to-Noise Ratio (SNR) for each user at each time slot is calculated as:

o Plinear : hk,n

where Pijear 1S the transmit power in Watts, and N, is the noise power spectral
density. Applying Shannon’s theorem[16], the achievable rate for each user k at time
slot n is given by:

Ry, = B(k) -logy(1 + SNRy ), (2.7)

and the cumulative sum rate at each time slot is:

K
Rsum,n = Z Rk,n- (28)
k=1

This dynamic multi-user scenario, where the UAV’s trajectory impacts the sum
rate calculation, illustrates the need for real-time path adjustments to maximize com-

munication rates.

2.2 Problem Formulation

In this project, our goal is to maximize the cumulative data rate by optimizing the
trajectory of the UAV, which is determined by the directional choices v, for each
time slot.

We define the set of all possible directions as V' = {v,,Vn}, and set up our



optimization problem as follows:

(P1): max P,
v

N
where P, = E Rsum n,
n=1

subject to d1 = 41, dn+1 = gF,
Qnt1 = dn + Alvy,, Vn,
v, € {(1,0)",(-1,0)",(0,1)", (0, -1)",(0,0)"}, Vn,
(2.9)
where At = V§; represents the displacement of the UAV in each time slot. Be-
cause problem (P1) is non-convex and all optimization variables are linked, solving
it with typical optimization techniques presents substantial challenges[17]. Further-
more, because the UAV can only move in five discrete directions, (P1) is a mixed-
integer non-convex optimization problem that is difficult to solve. The computational
demands of a brute-force solution become unfeasible as the number of time slots in-
creases exponentially, even if perfect knowledge of the channel state is assumed. We
use a model-free reinforcement learning (RL) strategy to overcome these constraints,
allowing the UAV to intelligently plan its fly path based on real-time input on signal
strengths received.

It is important to convert a given problem into a Markov Decision Process (MDP),
where an agent learns the optimal actions by interacting directly with the environ-
ment, in order to solve a real-world problem such as (P1) using an RL method. The
position and flying direction of the UAV at time slot n determine its position at time
slot n + 1. As a result, (P1) can be viewed as a discrete-time MDP in which the
UAV assumes the role of an agent that gains the ability to maximize the total rate
by setting its trajectory. This is accomplished by transforming problem (P1) into a
MDP (S, A, R) in the manner described below:

e S state space: We use UAV’s current position on the horizontal plane, rep-
resented by q,, and the current time step, n. These elements form the state
space S, ensuring the UAV remains close to its destination as the flight time
concludes. The state at any time n is thus defined as s, = {q,,n} € S with
a dimension of 3, combining spatial and temporal data to guide the UAV’s

trajectory planning.



e A action space: At each time step n, the UAV must select an optimal flight
path to maximize the sum rate. Its possible flying directions—Ileft, right, up,

down, and hover—constitute the action space A, represented by v,,.

e P state transition: The flying direction chosen in the present state determines

the deterministic state transition, which leads to the next state.

e R Reward: In order to maximize the total rate and arrive at the destination
by the end of the flight period, we should create a suitable reward. The reward
obtained after carrying out the action a,, in state s,, and changing to state s, 1
is therefore defined as

Rsum,n

R(sn,an) = 10 (2.10)

Initially, our evaluation of rewards was based on the reduction in the distance
between the UAV’s current position s,, and its subsequent position s, 1, rel-
ative to the final destination. If the UAV moved closer to the destination, it
received a positive reward. However, the implementation of action elimination,
which considers the distance to the destination and the required time using
the Manhattan distance[18] between q,, and qr, calculated as manh(q,,qr) =

|z, — xp| + |yn — yr|, determined the number of steps needed for the UAV to

manh(qn,9r)
Vo

selected to guarantee timely arrival at the destination, thereby removing the

reach the final location by { —‘ . This measure ensures that actions are

need for specific rewards for on-time arrival and distance reduction.

The decision to normalize Rqy,, by dividing by 10 aims to smooth the learning
process by scaling the reward magnitude. Furthermore, the MDP formulation
corresponds to episodic tasks since each episode ends when the UAV reaches the

terminal state, i.e., qr, or when the maximum number of time steps is reached.



Chapter 3

Adopted Algorithms and

Proposed Solutions

We have turned to a model-free RL strategy, deploying algorithms, i.e., DQN,
DDQN, and PPO. These algorithms enable the UAV to adjust its trajectory
dynamically based on immediate feedback on signal strengths. This real-time
adaptation occurs without the need for a predefined model, allowing for greater

flexibility in response to changing conditions.

We have developed an approach that refines the learning mechanism. By re-
ducing the action space and adjusting the reward signals, we can boost the
efficiency and effectiveness of our RL algorithms. These modifications not only
make the decision-making process more straightforward but also speed up the

UAV’s ability to adapt and optimize its route through complex environments.

3.1 Adopted Algorithms

3.1.1 Value-based Reinforcement Learning: DQN

DQN is a robust method in reinforcement learning that blends deep learning
techniques with traditional Q-learning[19]. This combination enables agents to
navigate and adapt strategies within complex environments effectively. At its
core, DQN uses state representation, where it transforms the current environ-

ment state into a numerical format, such as processed features. It employs a
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convolutional neural network (CNN), designed to take these state inputs and

output Q values for each possible action.

h a

[ Environment

4 (Sn+1,7)

Qfs;, a;, 9)

M* (s;, a;, 1;, Sia1)

Random
Store (s, a, I, S;,.1)

sampling

Figure 3.1: DQN algorithm with experience replay operational flow chart

Figure 3.1 illustrates the operational flow of the DQN algorithm incorporat-
ing an experience replay mechanism, which is pivotal in modern reinforcement
learning frameworks. At the beginning of learning, the critic Q-function is ini-

tialized as Q(s, a; ¢), with random parameters ¢.

For each training timestep:

1. For the current state s, select an action a using an e-greedy policy:

random action with probability e,
a= (3.1)
arg max, Q(s,, a; ¢) with probability 1 — e.
2. Execute action a, observe the reward r and the next state s,;.

3. Store the transition (s,,a,r, s,4+1) in the replay memory buffer.

4. Sample a random mini-batch of M transitions (s;,a;,r;, S;+1) from the

experience buffer.
5. For each sampled transition:

— If s;41 is a terminal state, set the value function target:

Y =T (3-2)
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— Otherwise, set the target using:

Yi = 1 + ymax Q(si41, ait1; P) (3.3)

Qi1

6. Update the critic parameters ¢ by minimizing the loss L over all sampled

experiences:

1 & )
L= m;(yi—Q(Suai;ﬁb)) (3.4)

7. Periodically update the critic network parameters ¢.

8. Adjust € according to its decay rate to reduce the exploration over time.

The algorithm efficiently balances exploration (via e-greedy action selection) and
exploitation (by updating the Q-network based on sampled experiences).The use
of an experience replay buffer mitigates the correlations between consecutive

learning updates.

3.1.2 Value-based Reinforcement Learning: DDQN

As highlighted in [20], DQN is typically structured for offline batch learning and
is less adept at handling continuous online learning scenarios. The Q-learning
update within DQN tends to overestimate action values, which can skew the
accuracy of the policies it learns[21]. This overestimation stems from using
the max operator to both choose and evaluate actions, resulting in potentially
inflated value estimates, thereby introducing noise and inconsistency into the

learning process.

The DDQN improves upon the standard DQN by using two sets of weights:
one for the current policy (main network) and one for the target policy (target
network). This division helps to mitigate the risk of overestimating action
values. While the main network may still produce higher QQ-value estimates,

the target network offers a more conservative appraisal for updates.

Figure 3.2 illustrates the operational flow of the DDQN algorithm incorporating
an experience replay mechanism. Both the main network and the target network
start with identical parameters, ¢, ensuring ¢; = ¢. This setup helps avoid

initial bias due to divergent behaviors between the networks.
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Figure 3.2: DDQN algorithm with experience replay operational flow chart

For each training timestep:
1. Steps 1-4 are similar to DQN, actions are selected using an epsilon-greedy
policy based on the Q-values predicted by the main network.

2. When the next state s;,1 is non-terminal, the value function target for the
DDQN update is given by:

Yi = i +7Q(Si41,arg max Q(Siy1,a;0); br) (3.5)

Here, the action a that maximizes the Q-value at state s;y; is chosen
using the current parameters ¢, but the value is estimated using the target

network parameters ¢.

3. Critic Parameters: The loss L is minimized across all sampled experiences,

where: u
1
L= BYi Zzl (yi — Q(si,ai3 9))° (3.6)

4. Target Network Update: Periodically update the target network weights

¢ to align with the main network ¢.

5. Adjust the exploration probability ¢ based on a decay schedule to enhance

learning efficiency.
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3.1.3 Policy-Based Reinforcement Learning: PPO

PPO is a policy gradient method and can be used for environments with either
discrete or continuous action spaces[22]. It trains a stochastic policy in an on-
policy way. Also, it utilizes the actor critic method. The theoretical category of
PPO is illustrated in Figure 3.3, which demonstrates the classification of RL.

Figure 3.3: The classification of RL

PPO employs two principal networks:

1. Actor Network: With parameters 6, the actor outputs the probabil-
ity distribution of actions given the current state. This network decides
on actions by analyzing the state, producing probabilities for potential
actions, and facilitating decision-making that accounts for environmental

conditions.

2. Critic Network: With parameters ¢, the critic evaluates the input state
s and returns the corresponding expectation of the discounted long-term
reward. This estimation helps predict the benefits of actions from given

states, providing a standard for minimizing variance in predictions.
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Figure 3.4: PPO algorithm training process flow

During the training process shown in Figure 3.4, PPO interacts with the envi-
ronment through the current policy to collect data. The agent computes the
probability of taking each action in the action space using 7(als; ) and selects
an action a based on this probability distribution. Actions are executed in the

environment to observe the resulting next states, rewards, and terminal flags.

The key steps in the PPO training loop are as follows:

1. Data Collection: For each episode, data is collected for a batch of steps
from t = t;, to t; + N — 1. The return G; and the value estimates are
computed using:

Gy = Ry + 7Gyyq (3.7)

If s;,+n is not a terminal state, include the value of the next state, esti-

mated by the critic network Vj, in the discounted future reward:
Gt = Ri +vVy(st.4n)- (3.8)
2. Advantage Calculation: The advantage function D, is calculated as:
D, = Gt — Vy(sy). (3.9)

3. Mini-batch Sampling: A mini-batch of size M is sampled from the
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collected data. Each sample contains an experience tuple (s;, a;, Ry, Siv1)

along with the computed return and advantage.

4. Critic Update: The parameters of the critic network are updated by

minimizing the loss across the sampled mini-batch:

M
1 2
Lcritic - W ;(yz - V¢(SZ)> ; (310)

where y; is the sampled return.

5. Actor Update: The actor parameters are updated by minimizing the

clipped surrogate objective:
M
Luctor(8) = — S " min (13(6) - D, clip(ri(6), 1 — €, 14¢) - D), (3.11)
actor M v 1 19 plri ) ) 1) .

where:

- r;(0) = % is the ratio of the new policy probability to the old

policy probability for taking action A; in state .S;.

— D, is the advantage estimate at the i-th step.

— € is a hyperparameter defining the clipping range to limit the ratio
ri(0), keeping the policy updates within reasonable bounds to ensure

stable training.

Repeat these steps until the environment returns a terminal state or a predefined
number of steps are completed. This structured approach helps in stabilizing

the learning updates and improving the efficiency of the policy optimization.

3.2 Action Elimination

In our framework, we optimize UAV navigation by incorporating action elimi-
nation strategies into the reinforcement learning models DQN and PPO. This
technique is crucial for ensuring that the UAV does not select actions that would

lead it to unreachable destinations within the allotted time frame.

During the action elimination process, we evaluate the validity of each proposed

action by comparing the time required to execute the action against the time
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remaining for the operation. Specifically:

if trequirea < tieft, then append the action to the state’s valid actions. (3.12)

DQN and DDQN Implementation: The Q-values are updated based on the
Bellman equation during the training process, where we incorporate checks
to ensure that only valid actions, those that the UAV can execute within the
remaining time, are considered. This reduction in the action space simplifies the
decision-making process, enabling more efficient learning and faster convergence

to optimal policies.

PPO Implementation: In PPO, policy optimization is more directly influenced
by the action elimination strategy. During each epoch of training, the policy
network suggests actions based on the current state, and the feasibility of each
action is evaluated via (3.12). Actions that are deemed unfeasible—those that
do not allow the UAV to reach its destination within the available time—are
filtered out, and their probabilities are adjusted to zero in the action distribu-
tion. This selective consideration of actions ensures that the policy gradient
updates focus only on viable actions. Furthermore, the advantage calculation
in PPO, which helps in estimating how much better an action is compared to

the average, is crucial for emphasizing efficient routes and maneuvers.

This structure encourages the UAV to prioritize routes and actions that are not
just locally optimal but also globally beneficial, ensuring it remains on track
to reach its destination efficiently. The integration of action elimination thus
plays a pivotal role in enhancing the operational efficiency of UAVs in dynamic
environments, allowing these models to adapt more effectively to the constraints

imposed by the mission timeline.
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Chapter 4

Experiments

4.1 Experimental Validation

To validate the efficacy of our proposed solution, we have designed two sets of

comparisons:

4.1.1 Comparison Set 1: Effectiveness of Action Elimi-

nation in UAV Navigation

In our experimental setup, we addressed the challenge of redundant or invalid
actions by implementing an ’Action Elimination’ strategy. This method was
designed to exclude actions that would prevent the UAV from reaching its des-
tination within the available time, thus refining the decision-making process
and enhancing the efficiency of learning. By eliminating these suboptimal ac-
tions, we expected the UAV to focus on more viable paths, improving both its

performance and learning speed.

4.1.2 Comparison Set 2: Evaluating Reward Function
Efficacy in DQN, DDQN, and PPO

The first reward function, focused on cumulative gains, rewards agents based
on the aggregated success across all actions, promoting strategies that optimize

long-term benefits. The second function, based on incremental improvements,
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rewards agents for positive changes between consecutive actions, encouraging

responsiveness and immediate adaptations to the environment.

By applying these reward functions across different reinforcement learning ar-
chitectures, we aim to uncover nuanced insights into how each algorithm adapts
to and is potentially optimized by different motivational frameworks. The find-
ings from these experiments are expected to shed light on the suitability of each
RL approach for various operational contexts, guided by the effectiveness of the

reward strategies employed.

4.2 DQN and DDQN Implementation Details

Step 1: Environment Construction A 300x300 grid environment is con-
structed where the agent’s task is to navigate efficiently while maximizing the
total sum rate. The users’ locations are generated randomly. Environment and
UAV Settings are displayed in Table 4.1. We made the total flying duration
larger than the time required (60 seconds), which encouraged agent to explore

more in the learning phase.

Parameter Value

Path Loss Exponent 2
UAV Height (m) 100
Number of Users 10
Transmit Power (dBm) 45
System Bandwidth (Hz) 109
Noise Spectral Density (dBm/Hz) | -135
Reference Channel Gain (dB) -60
Maximum Speed (m/s) 10

Time Slot Length (s) 1
Total Flying Duration (s) 80

Table 4.1: UAV and Environment Settings

Step 2: Memory Buffer Construction Experience Replay is a technique
in reinforcement learning that allows an agent to learn from a batch of past
experiences. Each experience, encapsulating the agent’s current state, action,

reward, and subsequent state, is stored in a memory buffer. This technique
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memorize(self, state, action, reward, done, new_state,
"ut Save an experience to memory, optionally with its TD-Error

experience (state, action, reward, done, new_state)

self.count self.buffer_size:
self.buffer.append(experience)
self.count

self.buffer.popleft()
self.buffer.append(experience)

Figure 4.1: Memory buffer construction in DDQN python codes

helps the agent to recall and learn from these experiences, improving learning

efficiency and stability.

Step 3: Target Network Construction The neural network is fundamental
in learning the action-value function in DQN and DDQN. The structure of the
network varies slightly as showed in Figure 4.2 depending on whether a standard
or dueling architecture is employed.

network(self, dueling):
""" Byild Deep Q-Network

inp = Input((self.state_dim[@],))

x = Dense(64, activation='relu')(inp)
X Dense(64, activation='relu')(x)

(dueling):

Dense(self.action_dim , activation='Tlinear')(x)
Lambda( i: K.expand_dims(i[:, @], ) ifr, 1:] K.mean(
i[:, 1:]1, keepdims ), output_shape=(self.action_dim,))(x)

Dense(self.action_dim, activation='linear')(x)
Model(inp, x)

Figure 4.2: DQN and DDQN network construction

The standard DQN consists of the following layers:
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— Input Layer: This creates an input layer that accepts states of dimension

3.

— Hidden Layers: Two dense layers with 64 units each and ReLLU activation

functions. These layers learn to extract features from the input state.

— Output Layer: This is a standard DQN output layer, directly estimating

Q-values for each action.

In the dueling architecture variant, the network has an additional branch that

separately estimates the state value and the advantages for each action:

— Input and Hidden Layers: Same as in the standard architecture.
— Dense Layer: The first dense layer outputs action values.
— Lambda Layer: The Lambda layer separates these into two parts:

« The state value V(s), which is the first output.

« The advantage values A(s, a) for each action, which are the remaining
outputs.

« Combination Formula: The Q-value for each action is computed using

the formula:
Q(s,a) = V(s) + (A(s,a) — mean(A(s,a))) (4.1)

This formula adjusts the advantage values by subtracting their mean,
effectively normalizing them around zero and stabilizing the training

process by reducing the variance of the advantage estimates.

Step 4: Main Network Construction In DDQN, the main network de-
termines the optimal action with the highest Q-value for a given state. The

architecture of the main network mirrors that of the target network.
Step 5: Agent Construction and Training
The training hyperparameters are displayed in Table 4.2.

In the DDQN framework, we instantiated a single agent with two neural net-
works: the main network, which is used for the ongoing learning and action
selection, and the target network, which helps stabilize the updates by provid-

ing a more constant approximation of the Q-values. The agent trains using
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Parameter Value
Replay Memory Size 20000
Batch Size 256
Target Update Frequency 80
Learning Rate le-3
Maximum Episodes 2000
Epsilon Start Value 1.0
Minimum Epsilon 0.01
Epsilon Decay Rate 0.995

Table 4.2: DQN and DDQN training hyperparameters

batches of experiences stored in the replay buffer shown in Figure 4.3. But in
DQN, there is only one network, which is used for action selection and evalua-

tion shown in Figure 4.3 second condition.

The target network’s weights are updated periodically to match those of the
main network every few episodes shown in Figure 4.4, rather than continuously
after every single step. This setup mitigates the risk of large updates that could

destabilize the learning process.

4.3 PPO Implementation Details

PPO is implemented using a structured approach, involving key components
such as memory for storing experiences, actor and critic networks, and training

protocols.

Step 1: Environment Construction This step is same to the DQN and
DDQN implementation, where the agent interacts with an environment designed

for training reinforcement learning algorithms.

Step 2: Memory Construction In PPO, memory plays a critical role by stor-
ing trajectories, which encompass sequences of states, actions, rewards, values,
and log probabilities. This mechanism enables the agent to learn from extensive
past experiences. Unlike in DQN or DDQNs, where experience replay randomly
samples disjointed experiences from a buffer, PPO’s memory is specifically de-
signed for on-policy learning. This means that PPO continuously updates its
policy using data collected from the policy currently in use, thus requiring the

storage of complete trajectories to effectively compute advantage estimates and
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train_agent(self, batch_size)

""" Train Q-network on batch sampled from the buffer

nun

self.buffer.sample_batch(ba

i range(s.shape|
old_q qli, alill

st_action]

q_targ[i, nex t_action]

self.buffer.update(idx[i], abs(old_g qli, alill))
nt.fit(s, q)

f.epsilon self.epsilon_decay

Figure 4.3: DQN and DDQN Q value calculation

update the policy in a coherent manner. These trajectories provide the context
needed for calculating the rewards-to-go and the advantages, which are essential
for the temporal credit assignment in complex environments where actions have
long-term consequences. This structured approach to memory usage helps align
the learning process directly with the current policy’s performance, promoting

more stable and consistent policy improvement.
Step 3: Build Actor and Critic Network

The Actor Network determines the actions to take given the current state.
Additionally, we implemented it using an optimizer Adam, known for its ef-
fectiveness across various scenarios by adjusting the learning rate dynamically
for each weight. This network outputs a probability distribution over possible

actions.

Actor Network Construction: As illustrated in Figure 4.5, the architecture



23

Figure 4.4: DQN and DDQN training process

begins with the construction of an input layer. This input layer serves as the
foundation for building two subsequent hidden layers, with the final output size
corresponding to the number of possible actions. The outputs are logits for each
action. Logits, representing the natural logarithm of the probabilities output by
the actor network, enhance numerical stability by transforming the multiplica-
tion of probabilities into a summation of log probabilities. This transformation

simplifies computations and increases stability.

Critic Network Architecture The critic network shares the same input struc-
ture as the actor, processing inputs through a similarly constructed hidden layer
configuration. However, it diverges in its final layer, which consists of a single
output unit designed to provide a scalar estimate of the state’s value. This
setup enables the critic to assess the potential long-term rewards from each

state, guiding the training process of the actor network.

Optimizers
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observation_input keras.Input(
shape=(observation_dimensions,), dtype="float32")

logits mlp(observation_input, list(hidden_sizes) [num_actions])
actor keras.Model(inputs=observation_input, outputs=Llogits)

value = tf.squeeze(
mlp(observation_input, list(hidden_sizes) [1]1), axis=1)
critic keras.Model(inputs=observation_input, outputs=value)

policy optimizer keras.optimizers.Adam(learning_rate=policy_learning_rate)
value_optimizer keras.optimizers.Adam(
learning_rate=value_function_learning_rate)

Figure 4.5: Actor-Critic network construction

— Policy Optimizer: Utilizes the Adam optimizer with a specified policy

learning rate, facilitating efficient learning updates for the actor network.

— Value Function Optimizer: Also employs the Adam optimizer, but
tailored with a value function learning rate, ensuring the critic network

effectively converges to accurate value estimations.

Step 4: Train Network and Update The PPO algorithm employs a training
procedure that includes both the actor and critic networks. This method is
structured to refine the agent’s strategy by utilizing the advantages calculated
based on the difference between the estimated value functions and the actual

returns.

— Terminal State Evaluation: At the end of each episode or batch of inter-
actions, check if the final state is a terminal state. If it is, the expected
future reward is zero. If not, use the critic network to estimate the future
reward from the current state. This evaluation influences the computation

of the returns for each state-action pair in the trajectory.

— Reward Backpropagation: Process the rewards stored in the buffer in re-
verse order to compute the discounted returns efficiently. This backprop-

agation adjusts each reward with the knowledge of subsequent rewards,
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thereby calculating the total expected return from each state onwards till

the end of the episode.

— Critic Network Training: Train the critic using the states and their corre-
sponding computed discounted returns shown in Figure 4.6. The objective
is to minimize the mean squared error between the predicted value from
the critic network and the actual computed returns. This step refines the

critic’s accuracy in valuing different states under the current policy.

@tf.function
train_value_function{observation_buffer, return_buffer):
tf.GradientTape() tape:
value_loss tf.reduce_mean(
(return_buffer critic(observation_buffer)) )
value_grads tape.gradient(value_loss, critic.trainable_variables)
value_optimizer.apply_gradients(

zip(va ads, critic.trainable_variables))

value_loss

Figure 4.6: PPO critic network value function training

— Actor Network Adjustment: Update the actor network weights to optimize
the policy. This involves maximizing the expected return by adjusting the
policy towards actions that have historically led to higher advantages. The
advantage function, computed as the difference between the discounted re-
wards and the value estimates from the critic, guides this update. Actions
leading to rewards higher than what the critic predicted are encouraged.
The frequency of training the policy network often differs from that of the
value function.This is because each update to the policy network can signif-
icantly impact the behavior of the agent, and frequent, drastic changes can
lead to instability in learning. But more frequent updates in value function
can help it quickly adapt to changes in the environment dynamics or in

the policy itself.
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range(train_policy_iterations):

kl, policy loss = train_policy(

observation_buffer, action_buffer, logprobability_buffer, advantage_buffer

target_KkL:

epo_policy_loss.append{policy_1loss)

range(train_value_iterations):
value_loss train_value_function(
observation_buffer, return_buffer)

epo_value_loss.append(value_loss)

Figure 4.7: PPO actor and critic network updates
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Chapter 5

Evaluation, Analysis and

Comparisons

5.1 Comparison Set 1 Results: Effectiveness of

Action Elimination

Without Action Elimination: Initially, the UAV often failed to reach the des-
tination, frequently opting for less effective paths. This was observed through
detailed trajectory and action probability analyses (Figures 5.1 and 5.2). The
inefficacy in navigation underscored the need for a strategy to restrict non-viable

choices.

With Action Elimination: Upon integrating the Action Elimination strategy,
there was a noticeable improvement. The UAV could consistently reaching its
destination within the time constraint and converge to a higher reward (Figure

5.3 and 5.4), marking a clear enhancement over its prior performance.
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5.2 Comparison Set 2 Results: Evaluating Re-
ward Function Efficacy in DQN, DDQN, and

PPO

This study explores the impact of two distinct reward functions—cumulative

sum rate and difference of sum rate — on the performance of DQN, DDQN,

and PPO algorithms. The objective is to discern how these reward structures

influence the learning curves, policy stability, and convergence rates of these

models.
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5.2.1 Results with Cumulative Sum Rate

DQN and DDQN: Utilizing the cumulative sum rate, DQN and DDQN
demonstrated an average sum rate of 8.50 and 8.51 (Figure 5.6 - 5.8), respec-
tively, showcasing effective long-term reward accumulation. The convergence
for episode rewards was observed at approximately 68, although with notable

oscillations in the learning curve (Figure 5.5).

PPO: The PPO algorithm aligned well with the cumulative sum rate, achieving
a stable learning trajectory shown in policy loss and value loss iteration(Figure
5.11 and 5.12), with a sum rate of 8.5 and converging episode rewards around 67
(Figure 5.9 - 5.10). This reward function supports PPO’s focus on maximizing

expected returns through stable policy updates.

Cumulative Reward over Episodes
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5.2.2 Results with Difference of Sum Rate

DQN and DDQN: When implementing the difference of sum rate, both al-

gorithms adjusted better to incremental reward changes, maintaining a more

consistent sum rate of approximately 8.516 with less fluctuation. This setup

fostered a more responsive approach to environmental dynamics, albeit with a

lower episode reward.

PPO: Contrarily, PPO experienced challenges with this reward structure. The

emphasis on immediate rewards led to higher variance in policy updates and a

less stable learning curve, culminating in a lower sum rate of 8.2. The frequent

minor adjustments introduced significant noise, complicating the policy and

value loss landscapes.
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Cumulative Reward over Episodes

13 FH =T = '
: : 1.3325500954038313, Sum Rate: 8.51648133767891
12 .3313759278903854, Sum Rate: 8.516751922162879
.3313759278903854, Sum Rate: 8.517331383537728
11 isode: : 1.3325590954038313, Sum Rate: 8.51698000752763
.3308911255320064, Sum Rate: 8.516783202397402
1o : : 1.3325590954038313, Sum Rate: 8.517041953306329

.3325590954038313, Sum Rate: 8.516690623071757

.3308911255320064, Sum Rate: 8.51697534822992
.3325590954038313, Sum Rate: 8.51698708828598
.3293030383829931, Sum Rate: 8.517177753567035

Cumulative Reward

07 i : : 1.3313759278903854, Sum Rate: 8.516911981833914
i .3293030383829931, Sum Rate: 8.516443776830037

06 — Cumulative Reward i H : 1.3293030383829931, Sum Rate: 8.515472185468894
4 250 500 750 1000 1250 1500 1750 2000 i : » 1 1.329772174483268, Sum Rate: 8.516503487817916
Episode 8 1 1.3325590954038313, Sum Rate: 8.51651029607127

Figure 5.13: DQN agent cumulative Figure 5.14: DQN agent output
reward over episodes with the second screenshot with the second reward
reward function function

Episode: : 1.329772174483268, Sum Rate: 8.51449112210134

Cumulative Reward over Episodes Episode: : 1.3325590954038313, Sum Rate: 8.51424102341895

Episode: : 1.3313759278903854, Sum Rate .51702709904767
i J " o T 1 Episode: : 1.3313759278903854, Sum Rate 515617906652711
12 Episode: : 1.3325590954038313, Sum Rate .513524931152494
Episode: : 1.3325590954038313, Sum Rate .51644218883232
10 Episode: : 1.3313759278903854, Sum Rate .516136243196577
T Episode: : 1.3277512593304825, Sum Rate .516426053581778
508 Episode: : 1.3325590954038313, Sum Rate .516883355850743
[ Episode: : 1.3313759278903854, Sum Rate .51709203212022
1506 Episode: : 1.3325590954038313, Sum Rate .516213120131592
£ Episode: : 1.3270128847831915, Sum Rate .516588039073103
< Episode: .3313759278903854, Sum Rate .516972485993346
L Episode: e .3308911255320064, Sum Rate .51602719247633
Episode: : 1.3308911255320064, Sum Rate: 8.516288353560622

02 Episode: : 1.329772174483268, Sum Rate: 8.516708335741589
— Cumulative Reward Episode: : 1.3325590954038313, Sum Rate: 8.516411946949077
S L 0 0 000 130 10 150 2000 Episode: : 1.3325590954038313, Sum Rate: 8.516394768002117

Episode Episode: : 1.3270128847831915, Sum Rate: 8.516617185905492

Figure 5.15: DDQN agent cumulative Figure 5.16: DDQN agent output

reward over episodes with the second screenshot with the second reward
reward function function
PPO Avg Sum Rate over Episodes PPO Policy Loss Over Epoch

— sum Rate per Step — Folicy Loss Over Epoch

Sum Rate
Policy Loss

0.00 J‘
il ,._I.l d

-0.02 -

4 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000
Episode Episode

Figure 5.17: PPO agent sum rate over Figure 5.18: PPO agent policy loss
episodes with the second reward func- over episodes with the second reward

tion function

5.2.3 Discussion and Conclusions

Our experiments highlight the importance of choosing the right reward function
for different types of reinforcement learning algorithms. We found that DQN
and DDQN perform well with both types of reward functions we tested, showing
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a slight preference depending on whether the algorithm needs to prioritize sta-
bility or responsiveness. On the other hand, PPO showed a clear preference for
rewards that accumulate over time, which fits well with its focus on long-term

improvements.

Analysis of DQN and DDQN: DQN and DDQN are designed to find the
best action values, or Q-values, for each state-action pair. These values help
the algorithm decide which action to take. The networks are trained to predict

the total future rewards for each action, considering the current state.

1. Cumulative Sum Rate Reward (Rgsuym): This reward structure encour-
ages the agent to maximize the total rewards collected during an episode,
aligning with the goal of DQN and DDQN to learn reliable long-term re-
ward predictions. However, it might not always consider necessary short-

term sacrifices for gaining better positions in the future.

2. Differential Sum Rate Reward (Raif xsum): This approach focuses on
the changes in rewards from one state to the next, encouraging the agent
to constantly seek improvements. This can lead to a more dynamic policy
but might also make the agent’s performance more variable, especially in

unpredictable environments.

Analysis of PPO: Unlike DQN and DDQN, PPO updates its policy based
on direct calculations of expected returns rather than Q-values. It adjusts the
policy to favor actions that seem to offer better returns, based on calculated

advantages.

1. Cumulative Sum Rate Reward (Rysum): Using a total sum rate as the
reward gives PPO a strong and consistent signal that matches its strategy
of maximizing returns over the long term. This helps PPO evaluate actions

more effectively based on their potential future benefits.

2. Differential Sum Rate Reward (Rgifsum): Focusing on immediate
rewards from one state to the next can help make PPQO’s policy more
responsive. However, the frequent minor changes in reward can introduce

noise, making policy updates less stable and harder to manage.

Analysis of DQN Versus DDQN:
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1. Convergence Speed: DQN can sometimes converge faster than DDQN
in simpler environments where the overestimation of Q-values does not
severely mislead the learning process. DDQN often converges slower than
DQN because it addresses the overestimation bias by decoupling the se-
lection of the action from the evaluation of its value. This additional step
can lead to more cautious updates, thereby requiring more iterations to

converge to an optimal policy.

2. Stability: DDQN tends to be more stable than DQN. It reduces the over-
estimation bias by using two networks: one to choose the best action and
another to evaluate the action’s value. This separation helps in providing
a more accurate estimate of the Q-values, which generally leads to more
stable and reliable learning outcomes. The learning updates in DDQN are
less prone to the fluctuations caused by overestimated Q-values, which are

common in DQN.

In conclusion, our results show that the choice of reward function significantly
affects how well different reinforcement learning algorithms perform. Matching
the reward function with the algorithm’s design and learning objectives is crucial

for achieving the best results.

5.3 Optimization of PPO Hyperparameters

PPO’s performance is highly sensitive to its hyperparameter settings, such as
the clipping range, learning rate, and methods for estimating advantages. Incor-
rect configurations can destabilize the policy, leading to erratic behavior. Con-
versely, while DQN and DDQN are also sensitive to their respective settings,
such as learning rate and target network update frequency, they generally offer
more forgiveness due to their more gradual update mechanisms. This section
delves into the fine-tuning of PPO’s hyperparameters to elucidate their impact

on learning outcomes.

5.3.1 Training Policy Iterations

Increasing the number of policy training iterations generally enhances the sum

rate but also introduces more fluctuation in learning outcomes. Starting from
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a baseline configuration as detailed below, we modified the number of training

policy iterations to observe its impact.

Table 5.1: Hyperparameters Before Optimization

Hyperparameter Value
Steps per Epoch 80
Epochs 4000
Clip Ratio 0.2
Policy Learning Rate 3 x 107
Value Function Learning Rate 1 x 1073
Train Policy Iterations 3

Train Value Iterations 3

Target KL 0.01
Buffer Size 80
Activation Function tanh

Figures representing various training policy iterations are presented to illustrate

the trade-offs between higher total rewards and increased fluctuations.
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Given the observed trends, a setting of five training policy iterations was selected
for continued training due to its balance between performance improvement and
stability.

5.3.2 Activation Functions

The choice of activation function significantly impacts the ability of the network
to model the dynamics of the environment. While ReLLU offers benefits in certain
contexts, its linear behavior for positive values might oversimplify the learning
model. This oversimplification can lead to suboptimal generalization across

different states of the environment.

PPO Cumulative Reward over Episodes

—— Cumulative Reward

0 500 1000 1500 2000 2500 3000 3500 4000
Episode

Figure 5.23: Performance Impact of Switching to ReLU Activation

Our experiments showed that tanh activation led to more consistent and gen-
erally superior performance, suggesting its better suitability for capturing the

complexities involved in our specific environment.

5.3.3 Buffer Size

In our initial setup, we set the Train Policy Iterations to 10, aligned with the
80 steps per episode, and began with a buffer size designed to match this scale.
As the experiments progressed, we incrementally expanded the buffer size to
explore its impact on the agent’s learning dynamics. Increasing the buffer size
demonstrated a tangible benefit in terms of convergence speed and stability

when training with consistent iterations.

A larger buffer size enriches the agent’s experience by introducing a wider array

of situations, thereby enhancing the diversity of the state-action pairs encoun-
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tered. This diversity is crucial for comprehensive learning in reinforcement
learning frameworks like PPO, which employ strategies such as experience re-
play. By storing a broader range of experiences, the agent gains access to a
more varied set of environmental dynamics, which helps mitigate the risk of
overfitting to recent patterns and reduces the correlation between consecutive

training instances.

The expanded buffer ensures that each update to the model is informed by a
broader context, enabling more effective generalization and smoother learning
curves. This approach not only aligns with the principles of efficient data uti-
lization in machine learning but also leverages the inherent strengths of PPO’s

learning mechanism.

Based on these observations, we selected a buffer size of 20,000, coupled with
tanh activation and reduced the Train Policy Iterations to 5 for continued op-
timization. This configuration balances the need for efficient learning with the

stability required to achieve consistent performance improvements.
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Figure 5.24: Performance with Buffer Figure 5.25: Performance with Buffer
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Figure 5.26: Performance with Buffer Figure 5.27: Performance with Buffer
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Figure 5.28: Performance with Buffer
Sizes = 20000

5.3.4 Learning Rates

Selecting the right learning rates is vital for achieving effective training out-
comes. Different learning rates for the policy and value networks can address
their unique requirements. Adjustments in learning rates should be informed

by the observed training performance and overall stability.
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Figure 5.29: Learning rate = 3e-4 Figure 5.30: Learning rate = le-4

As observed, a lower learning rate stabilizes the learning curve but tends to
delay convergence, while a higher learning rate accelerates convergence. The
learning rate of 3e-4 begins to show convergence around epoch 1200, whereas
the le-4 rate starts around epoch 2300. We opted for the 3e-4 rate, considering
the balance between speed and stability.

5.3.5 KL Divergence Target

The KL divergence target serves as a safeguard against overly large policy up-
dates, maintaining updates within a controlled range to prevent destabilizing

the training process and deteriorating the policy.

Commonly, KL divergence targets range from 0.01 to 0.1, depending on the
specifics of the environment and the sensitivity of the training process to policy
modifications. Our experiments show minimal differences in learning outcomes
between targets set at 0.01 and 0.1. Thus, we selected 0.1 to foster quicker

learning without compromising stability.
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Figure 5.31: KL Divergence Target = Figure 5.32: KL Divergence Target =
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Figure 5.33: KL Divergence Target = Figure 5.34: KL Divergence Target =

0.1 cumulative reward over episodes 0.1 policy loss over episodes

5.3.6 Clip Ratio

The clip-ratio helps to control the size of the policy updates, ensuring that the
changes are neither too large—to prevent destabilizing the training process—nor
too small—to allow significant learning progress. The typical starting value for
the clip-ratio in PPO is around 0.1 to 0.3. A common starting point is 0.2, which
is often used in benchmark implementations and has been found empirically
effective in many cases. If the agent’s performance is improving steadily without
large fluctuations in reward, the current clip-ratio is likely appropriate. If the
training shows high variance in performance or sudden drops in effectiveness,
consider lowering the clip-ratio to make policy updates more conservative. If
the learning seems too slow, or the policy improvements have plateaued, a slight

increase in the clip-ratio might be needed to allow for

A clip ratio within 0.1 - 0.3 appears to provide a balanced threshold that con-
strains the policy updates enough to maintain stability without stifling learning
progress. The reduced noise and faster convergence suggest that the updates

are being effectively regularized, promoting smoother adjustments to the policy.
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A higher clip ratio such as 1.0 offers a looser constraint on policy updates, which

can allow more significant changes to the policy during training. While this can

accelerate learning in some scenarios, it also increases the risk of introducing

volatility into the training process, as evidenced by the sporadic noise. The pulse

noise observed may indicate episodes where the larger permissible updates led

to substantial, yet potentially non-beneficial, shifts in policy.

The findings underscore the importance of carefully selecting the clip ratio in

PPO to balance between policy update freedom and necessary constraints to en-

sure training stability. The optimal range of 0.1 to 0.3 for the clip ratio provides

a prudent balance that enhances training effectiveness without compromising

stability, making it a recommended setting for similar training environments.

And we go with 0.2 in this paper.

PPO Policy Loss Over Epoch

Figure 5.35: Clip ratio = 0.0 policy

loss over episodes
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Figure 5.37: Clip ratio = 0.3 policy

loss over episodes

5.3.7 Conclusion
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Figure 5.36: Clip ratio = 0.2 policy

loss over episodes
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Figure 5.38: Clip ratio = 1 policy loss

over episodes

Through systematic experimentation and adjustment of PPO’s hyperparame-

ters, this study has highlighted the nuanced interplay between these parameters
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and the algorithm’s performance. The insights gained underscore the necessity
of tailored hyperparameter configurations to harness the full potential of ad-
vanced reinforcement learning algorithms like PPO. Besides, the hyperparame-

ters after fine-tuning are shown as below table.

Table 5.2: Final Hyperparameters After Optimization

Hyperparameter Value
Steps per Epoch 80
Epochs 4000
Clip Ratio 0.2
Policy Learning Rate 3x 1074
Value Function Learning Rate 1 x 1073
Train Policy Iterations 5t

Train Value Iterations 5

Target KL 0.1
Buffer Size 20000

Activation Function tanh
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Chapter 6

Conclusions

6.1 Conclusions

This chapter encapsulates the methodologies deployed, the findings uncovered,
and the advantages of the algorithms proposed throughout this research. Ad-
ditionally, it highlights our contributions and discusses the limitations inherent

in our approaches.

6.1.1 Summary and Contributions

— We formalized the problem by maximizing the sum rate through the joint
optimization of the UAV trajectory within the stipulated environment,
modeling it as a MDP.

— Demonstrated the efficacy of action elimination, which significantly en-
hanced learning outcomes by ensuring timely destination reach, higher

rewards, and avoiding suboptimal actions.

— Conducted comparative analyses of different reward functions within DQN,
DDQN, and PPO frameworks. It was observed that DQN and DDQN
exhibited robust performance across both reward structures, albeit with
nuances in their preference towards stability or responsiveness. Conversely,
PPO distinctly favored cumulative reward structures, aligning with its

strategy of prioritizing sustained long-term benefits.
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— Evaluated the stability and convergence speeds of DQN and DDQN under
identical environmental and reward conditions, revealing that DQN might
converge more swiftly in less complex settings where the overestimation
of Q-values is less detrimental. Meanwhile, DDQN’s updates, being less
susceptible to fluctuations from overestimated Q-values, offer a steadier

learning trajectory.

— Thoroughly fine-tuned hyperparameters within the PPO framework to de-
termine their impact on learning effectiveness, providing insights into op-

timal settings for future reinforcement learning projects.

6.1.2 Limitations and Future Work

Despite the accomplishments, this study encounters several limitations which

pave the way for future research:

— The absence of intricate environmental parameters led us to adopt a sim-
plified model using a fixed channel gain of fy = —60 dB. Future studies
should incorporate a more complex and realistic channel model to enhance

the applicability of the findings.

— The trajectory optimization was confined to the x and y coordinates based
on fixed flying height. Prospective research could integrate obstacle avoid-
ance and adapt to changes in UAV altitude, expanding the scope of tra-

jectory optimization.

This body of work lays foundational insights that could significantly benefit
the evolution of UAV navigation systems in increasingly complex scenarios,
underscoring the need for continuous advancements in algorithmic strategies

and model sophistication.
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