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Abstract

This thesis addresses a key challenge in service robotics: enabling autonomous
mobile robots to navigate unpredictable environments with unexpected changes.
Effective generalization is essential for advancing robot autonomy, as robots must be
capable of handling unseen situations. Traditional approaches often focus on training
with numerous fixed scenarios, but this research demonstrates that improving gener-
alization through varied start and goal points can significantly improve adaptability.
The primary objective of this research is to develop a deep reinforcement learning
approach that enhances the generalization and transferability of mobile robot naviga-
tion in unseen environments. This is achieved by extending the Twin Delayed Deep
Deterministic Policy Gradient (TD3) algorithm. The proposed solution integrates
randomization at start and end points, and variable robot orientations to foster robust
exploration and adaptability. The research methodology integrates the Noetic ROS
framework with a skid-steered robot simulation in Gazebo and a custom OpenAl
Gym environment. Training is carried out using the TD3 algorithm with LiDAR
sensor data for decision-making. The model parameters are continuously updated on
the basis of interactions, and extensive randomization is introduced during training
to maximize generalization capabilities. The solution is tested in various custom
environments designed with diverse object configurations. Experimental results
demonstrate that the extended model significantly outperforms non-extended models
in navigating complex and unfamiliar environments. Key metrics such as success
rate, collision rate, and distance traveled reveal enhanced performance, with the
extended model achieving superior efficiency and adaptability compared to mod-
els trained in more constrained scenarios. The findings contribute to the field of
autonomous service robotics by providing a scalable approach to achieve robust
generalization. This research highlights that training with diverse start and goal
points, rather than simply increasing the number of static scenarios, is more effective

for improving adaptability and flexibility.
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Chapter 1

Introduction

1.1 Background

Autonomous robots, particularly service and skid-steered robots [1], are increasingly
utilized in diverse real-world applications due to their durability and versatility.
These systems are essential for safety and efficiency in transportation and service
applications, particularly in dynamic and unpredictable environments. Reinforce-
ment Learning (RL) [2], part of autonomous systems, has emerged as a powerful
tool to develop adaptive control policies for navigating complex environments. The
developments of Deep Reinforcement Learning (DRL) [3] have seen significant
advancements with recent methods like opac and DreamerV?2 (2023) [4] [5], show-
casing considerable progress in the ability of agents to learn complex behaviors.
However, the full integration of DRL into professional machine-learning tools is
still evolving. Despite this, several DRL methods have become widely adopted for
autonomous vehicle navigation, such as Twin Delayed Deep Deterministic Policy
Gradient (TD3) [6], Soft Actor-Critic (SAC) [7], and Proximal Policy Optimization
(PPO) [8]. These methods have shown significant improvements in handling the
challenges of real-time decision-making and are more compatible with modern data
science, machine learning, and analysis tools compared to older techniques like Deep
Q-Network (DQN) [9] and Deep Deterministic Policy Gradient (DDPG) [10]. A
crucial aspect of these systems is their ability to effectively navigate and interact
with complex and dynamic environments. Skid-steered robots, for example, are

frequently used in various robotic applications due to their versatility, robustness,
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and maneuverability. Developing efficient navigation policies for these autonomous
robots is a challenging task due to the variability of real-world conditions. The
research presented in this thesis focuses on evaluating the TD3 algorithm in the
context of autonomous robot navigation. While various DRL algorithms have been
developed—such as SAC, introduced by Haarnoja et al. [7], this work empha-
sizes a comparative analysis between TD3 and more recent approaches to assess
performance in complex environments. this work specifically investigates TD3 due
to its promising performance in continuous control tasks. As demonstrated in Ali
[11], both SAC and TD3 performed well in training autonomous navigation poli-
cies; however, TD3 proved more robust in terms of stability, time-efficiency, and
generalization to unseen environments, aligning with prior experience in evaluating

RL-based navigation models.

However, a direct comparison of their effectiveness in the specific domain of
skid-steered robot navigation remains underexplored. Both TD3 and SAC are
characterized by their robust exploration capabilities and adaptive learning, making
them ideal candidates for environments that include both static and dynamic obstacles.
the TD3 algorithm improves upon DDPG by addressing overestimation bias using
dual critic networks and delayed updates. TD3 has been shown to be effective in
enhancing the stability and robustness of learned policies in continuous control tasks.
SAC introduces entropy regularization to encourage exploration and avoid premature
convergence, making it particularly effective for navigating in unseen environments.
SAC has been integrated widely in RL frameworks for autonomous robots due to its
ability to achieve a balance between exploration and exploitation. In this context,
DRL algorithms act as decision-making agents, determining appropriate control
signals for navigation, which is critical for ensuring the robot can autonomously
handle diverse and unpredictable situations. The performance of these trained
policies is assessed based on several key metrics: success rate, collision rate, and
average time to complete a path. These metrics reflect the effectiveness of each RL

algorithm in navigating complex environments with minimal intervention.

1.2 Related Works

Recent DRL approaches for robot navigation differ mainly in training strategy,

environmental assumptions, and generalization mechanisms. This section reviews
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related work by grouping existing methods according to four key aspects: curriculum
learning, map-based versus mapless navigation, imitation learning integration, and
strategies for improving generalization through environment or goal variability.
These distinctions help clarify the position of the proposed method.

Several studies improve robot navigation using curriculum learning, where train-
ing starts with simple scenarios and gradually increases in difficulty. Chen et al. [12]
employed a Dueling Double DQN combined with curriculum learning, allowing
the robot to first learn in simple simulated environments before moving to more
complex real-world obstacle courses. Yu et al. [13] proposed PathRL, which uses
PPO and SAC to generate navigation paths directly, supported by curriculum learning
to accelerate training and improve transfer to real-world robots. Similarly, Taheri
et al. [14] introduced ResBlock PPO, where curriculum-style training, together
with changes in network structure and reward design, improved performance in
increasingly complex environments. In contrast, the proposed work does not rely
on staged training or predefined difficulty levels. Instead of gradually increasing
task complexity, generalization is encouraged by continuously exposing the robot
to diverse navigation conditions through randomized training configurations. This
strategy focuses on breaking behavioral bias and reducing dependence on specific
training patterns rather than guiding learning through curriculum stages.

A major line of research in DRL-based navigation distinguishes between map-
based and mapless approaches. Surmann et al. [15], initially proposed by Babaeizadeh
et al. [16], demonstrated effective mapless navigation using GA3C, relying on raw
sensor inputs such as LiDAR and RGB-D data to achieve successful real-world
deployment. Similarly, Xue et al. [17] focused on mapless navigation in crowded
environments, combining multiple sensors and socially aware reward design to
handle complex human-populated spaces. Oliveira et al. [18] further explored
mapless navigation by comparing several DRL algorithms and proposing a hybrid
imitation—reinforcement learning method, showing strong generalization in irregu-
lar environments without explicit global maps. In contrast, map-based approaches
explicitly leverage spatial representations to guide navigation. Chen et al. [12]
employed local occupancy maps together with curriculum learning to improve ro-
bustness and noise tolerance, while Yu et al. [13] generated full navigation paths
using learned planners that implicitly assume structured spatial information. The
proposed work follows a strictly mapless formulation and does not rely on explicit

global or local maps. Instead, navigation decisions are learned directly from sensor
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observations, with robustness encouraged through the same randomized training

strategy rather than map construction or map-dependent planning.

Some navigation approaches combine RL with imitation or supervised learning
to improve training stability and safety. Oliveira et al. [18] proposed a hybrid
method that integrates behavior cloning with TD3, allowing the agent to learn from
expert demonstrations before and during RL. This combination was shown to reduce
collisions and improve performance in complex environments, but it relies on the
availability of expert data and predefined demonstrations. Related ideas appear in
the work of Akmandor et al. [19, 20] and Roth et al. [21, 22], where hierarchical
structures and guided learning components are used together with PPO to improve
safety, interpretability, and real-time adaptability. These methods often benefit
from additional supervision, structured guidance, or explainable decision layers. In
contrast, the proposed work follows a pure RL approach. No imitation learning,
expert demonstrations, or supervised guidance are used during training. Instead, the
policy is learned entirely through interaction with the environment, with robustness
and generalization encouraged by environmental and task variability during training

rather than external expert knowledge.

Generalization in robot navigation is often addressed by training policies across
multiple static or semi-static environments with different layouts and obstacle con-
figurations. Cimurs et al. [23, 24] trained TD3 agents in dynamic and randomized
environments with varying obstacles and goals, showing effective transfer from sim-
ulation to real robots by combining global navigation with local obstacle avoidance.
However, their work relied on randomized goal selection without explicitly analyzing
the impact of start and goal randomization on learning efficiency and generalization.
Similarly, Xu et al. [25] evaluated several DRL algorithms across static and dynamic
environments, demonstrating that exposure to diverse environment layouts can im-
prove robustness, while also revealing limitations in complex scenarios. Anas et al.
[26] focused on crowded but predefined indoor environments, achieving high success
rates in simulation but facing challenges when real-world dynamics differed from
training conditions, and also trained a TD3-based model in an indoor scenario with
multiple obstacles, achieving a high success rate in simulation but facing deploy-
ment challenges due to manually controlled obstacle placement, As Akmandor et
al. [19, 20] incorporated randomized start and goal selection in PPO-based systems,
they focused on occupancy-based representations rather than explicitly analyzing the

impact of randomization. In contrast, the proposed work does not rely on a large set
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of different maps or predefined environments. Instead, generalization is promoted by
introducing systematic task variability within a limited set of environments during
training. This approach increases task diversity without increasing the number of
environments, forcing the policy to solve a wide range of navigation problems under
changing goals rather than memorizing fixed paths. As a result, generalization is
driven by goal variability and continuous exposure to new navigation situations,

rather than by switching between many static worlds.

1.3 Motivation

Recent advancements in DRL have transformed robot navigation, offering pow-
erful solutions for autonomous exploration in complex, real-world environments.
However, a key challenge still remains: enabling robots to generalize effectively in
unpredictable environments. This is especially important for practical applications,
where a robot must be able to adapt to sudden changes in its starting position, goal

location, or surrounding obstacles.

1.3.1 Research Gap

The core challenge in DRL-based robot navigation lies in enabling robots to gener-
alize effectively across diverse and dynamic scenarios. Despite numerous research
efforts, this challenge persists and poses a significant barrier to practical implementa-
tion. Most existing studies, including Xu et al.’s work, have achieved considerable
success in static and controlled simulation environments. However, the ability to
generalize effectively to environments with varying start and goal points remains
insufficient. In Xu et al.’s study on Robot Navigation Using DRL Under the Robot
Operating System (ROS), distributed rollouts and lightweight containerization (e.g.,
Singularity) were used to optimize resource utilization by running multiple models
simultaneously. However, this training strategy relied on a fixed goal point, which
limited the model’s ability to adapt to changing start—goal configurations in real-
world deployments. The low deployment success rate indicated that the model’s
generalization was biased towards static configurations, even when trained across nu-
merous world scenarios. This limitation is not exclusive to Xu et al. — other recent

studies also struggled with the challenge of generalization. For instance, Cimurs et
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al. achieved strong performance in simulation and structured real-world tests, but
their model showed reduced adaptability when confronted with manually controlled
and unforeseen obstacle changes during deployment. Similarly, Akmandor et al.
implemented a combination of global and local navigation strategies, which showed
promising results in simulation environments for obstacle avoidance. However, their
training did not include variability in start and goal configurations, which constrained
the robot’s robustness when operating in previously unseen environments. These
gaps highlight a broader challenge in DRL-based robot navigation: the difficulty
in achieving transferability from controlled training environments to unexpected,
previously unseen scenarios. Addressing this challenge requires new approaches
that emphasize adaptability to changing start and goal points as well as dynamic
obstacles, allowing robots to navigate complex, unpredictable settings with greater

reliability.

1.3.2 Proposed Contribution

To address these research gaps, this thesis extends the work of Xu et al. by enhancing
the exploration capabilities of the TD3 model. The proposed extension includes the
integration of randomly generated start and goal points, as well as varying robot
orientations during training. Additionally, the inclusion of dynamic objects that
appear and disappear at random intervals will help the robot adapt to unexpected
changes within its environment, thereby fostering greater robustness during real-
world navigation tasks. These modifications aim to improve the model’s learning
capacity by enabling the robot to explore a wider range of scenarios, significantly

increasing its adaptability to dynamic and unpredictable environments.

Furthermore, by leveraging Xu et al.’s distributed rollout framework, This study
bridges the gap between simulation-based training and the model’s transferability to
unexpected, previously unseen environments. The proposed enhancements ensure
that the robot is capable of learning in diverse and dynamic scenarios, ultimately
making it more robust when facing unexpected changes during real-world navigation
tasks. This contribution advances the state of the art in DRL-based robot navigation
by developing a more adaptable and scalable solution for real-world deployment,

improving both robustness and efficiency in autonomous mobile robots.
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1.4 Problem Statement

The objective of this research is to solve the navigation problem .7, where a mobile
robot must navigate from a starting position ZS = (Xy,Yp) to a goal position g =
(X»,Y,) in an environment E that contains obstacles O = 01,0, . ..,0,,, as illustrated

in Figure 1.1.

Environment scenario
E ( ) starting

location
D_s;_i(X"v Yy)

Goal location

D @n,)

R
optimize 6
to solve f (E,0) =P
collisions ¢ =1
timerst,,
Distance Threshold:
d, Sd, \E
obstacles 0 ={o; , 0, ,.... 05, ). The deep reinforcement learning

TD3 navigation problem T in the
Robot operating system framework
ROS

Fig. 1.1 Nlustration of the navigation problem statement, showing the starting location s,
goal location % and obstacles O.

The robot must find a feasible path that reaches the goal while optimizing several
key criteria. The optimization involves tuning the parameters of the navigation
algorithm 0 to achieve the following objectives:

* Maximize the success rate of reaching the goal position.

* Avoid collisions, enforcing a zero-collision constraint (C = 0).

» Stay within a predefined time limit 7 < T,,,«, ensuring that the navigation is
performed efficiently
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* Define goal achievement based on the Euclidean distance between the current
robot position and the goal position: the goal is considered reached if d; <
0.5m, where d; = | Z; — Z|| denotes the distance between the robot’s current

position ; and the goal position Z.

The goal is to maximize the success rate P(0) subject to collision and time

constraints, using a DRL algorithm. In particular, the TD3 algorithm.

The main components of the problem statement are summarized below:

* Starting Location: 75 = (X, Y))

* Goal Location: 7 = (X,,Yy)

* Current Robot Position: 7, = (x;,y;)

* Distance to Goal: d, = |7, — Zc||

* Obstacles: O = {01,02,...,0n}

* Optimize 6 to maximize P(60) subject to C =0 and T < Tux.
* Collision Constraint: C =0

¢ Time Constraint: 7 < Tax

¢ Goal Distance Threshold: d; < d, d; = 0.5m, where d; is the maximum
allowable distance.

This navigation problem .7 is addressed within the ROS framework, utilizing
a DRL approach to enhance the robot’s adaptability and robustness in dynamic
environments. The focus is on optimizing the TD3 algorithm to effectively navigate
through environments containing various obstacles, while also ensuring that the
robot can generalize to new, unseen scenarios by tuning the parameters 6 for the

given environment E.

The proposed solution involves using DRL in conjunction with ROS to handle
real-time sensor data, efficiently calculate actions, and optimize the robot’s path. By
integrating TD3 into the ROS system, the aim is to create a robust navigation model
that achieves high success rates while minimizing collisions and ensuring efficient

time management.
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1.5 Objectives

The primary objective of this thesis is to develop a DRL approach that significantly
enhances the transferability and generalization of mobile robot navigation across
dynamic and unfamiliar environments. Specifically, the focus is on extending the
TD3 model to address the key challenges of navigating unknown environments with

sudden changes, thereby improving the robot’s overall adaptability and robustness.

The specific objectives of this research are:

1. To enhance the TD3 model for improved transferability by implementing
randomized start and goal points and varying robot orientations during
training episodes. This involves modifying the input observations of the
TD3 model to include diverse initial conditions, thus allowing the robot to

effectively explore and navigate a wider range of scenarios.

2. To design and create custom training environments that integrate dynamic
elements and complex static layouts. The training environments consist
of 16 unique static scenarios with distinct designs, increased dimensions
(16m x 16m), and diverse object configurations. This allows for extensive
randomization of start and goal points, enhancing exploration and promoting

robust generalization across various obstacle setups.

3. To evaluate the performance of the enhanced TD3 model using a custom
evaluation metric along with a comprehensive set of existing metrics. The
custom evaluation metric considers penalties for collisions and deviations from
optimal performance. Specifically, if the robot collides, A penalty is applied to
the success score, and the score is also reduced for taking longer than the opti-
mal time. or exceeding the optimal distance (without surpassing the maximum
allowable distance or time). The maximum allowed number of collisions is set
to 3, after which the success score is significantly impacted. The evaluation
also includes transfer tests in unfamiliar and complex environments to assess

the model’s generalization capabilities.

4. To provide a detailed analysis of the model’s ability to generalize by
testing its deployment in novel simulated environments with complex
configurations. Although validation on physical robots is not the focus at this
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stage, the model’s performance in simulation indicates its potential for future

real-world deployment.

5. To contribute to the research community by sharing the complete im-
plementation, including source code and training environments, as an
open-source package on GitHub. This allows other researchers and practi-

tioners to reproduce the results and further build upon the proposed approach.

These objectives are designed to systematically address the identified research
gaps by enhancing the transferability and generalization of robot navigation models.
By introducing new training methods, dynamic obstacles, and comprehensive metrics,
this thesis aims to develop a more adaptable and scalable solution for wheeled
robot navigation in dynamic and complex environments. The goal is to bridge
the gap between simulation-based training and real-world applications, ultimately
contributing to the broader field of RL and autonomous robotics.

1.6 Summary of Contributions and Experimental Scope.

This thesis presents the results and impacts of two experimental studies aimed
at evaluating and improving the performance and generalization of TD3-based
navigation models in static environments, as detailed in Chapter 4. Experiment
1, presented in Section 4.2.5, demonstrated that introducing randomized start and
goal points during TD3 training significantly enhanced trajectory execution and
robust navigation. The extended TD3 model showed improved adaptability in
handling unpredictable goal locations and better generalization in previously unseen
environments compared to the non-extended model, which performed well only in
extremely narrow spaces but struggled with unpredictability. This helped reduce
existing gaps in prior work by directly evaluating the impact of randomization on
learning efficiency and generalization. Experiment 2, described in Section 4.3,
examined the integration of global path-planning strategies with the extended TD3
model, comparing TD3 with and without MoveBase. The results revealed that
TD3 without MoveBase achieved higher success rates and more efficient navigation,
while the integrated approach, although effective in reducing collisions, introduced
inefficiencies in route planning. These findings highlighted the limitations of global

strategies when combined with DRL and demonstrated that the extended TD3 model
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alone provided superior adaptability in unpredictable conditions. Collectively, both
experiments emphasize that structured training diversity and reliance on DRL alone
can significantly improve robustness, efficiency, and generalization in RL-based
navigation systems.

1.7 Thesis Structure

This thesis is organized into six chapters, each guiding the reader step by step through
the research journey. Chapter 1 introduces the topic clearly by presenting the motiva-
tion, the current research gaps, the specific objectives, contributions, and the problem
statement related to improving robot navigation using DRL—particularly the TD3
algorithm. Next, Chapter 2 dives deeper into the TD3 algorithm itself, clearly ex-
plaining its architecture, robustness, and optimization methods for effective training.
Chapter 3 then carefully outlines the methodology and simulation environment used
to train and evaluate the TD3-based navigation model, highlighting details such as
robot dynamics, randomized training environments, and monitoring techniques like
TensorBoard. Following this methodological foundation, Chapter 4 presents the
core experimental findings, thoroughly analyzing and comparing the performance
and generalization ability of the extended and non-extended TD3 models, as well
as examining how global path planning influences navigation efficiency. Finally,
Chapter 5 wraps up the thesis by summarizing the key findings and conclusions,
clearly demonstrating the effectiveness of training with randomized goals for better
generalization, and concludes by recommending important directions for future re-
search—including real-world experiments and integrating multiple training strategies

to achieve robust navigation systems.

1.8 Notation and Definitions

Below is a list of the mathematical symbols and terms used in the (Section 1.4) :

Ps = (Xo,Yp) Starting position of the robot.
Y6 = (Xn,Y,) Goal position in the environment.

O ={01,02,...,0,} Setof static obstacles in the environment.
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E The environment in which navigation occurs.
0 Parameters of the policy or navigation model.

f(E,0) Function mapping environment and policy parameters to a success proba-
bility.

P Probability of successfully reaching the goal.

C Total number of collisions.

T Time taken to complete the navigation task.

Tmax Maximum allowable time for reaching the goal.

d; Distance from the robot’s current position to the goal.

d; Distance threshold below which the goal is considered reached.



Chapter 2

TD3 Robustness and Background

2.1 TD3 Robustness Overview

The TD3, introduced by Fujimoto et al. [6], was selected for this research due to its
effectiveness in handling continuous action spaces and improving policy stability.
TD3 addresses overestimation bias by employing dual Critic networks and enhances
learning stability through delayed policy updates. Additionally, TD3 incorporates
exploration noise via the Ornstein-Uhlenbeck process to encourage comprehensive

exploration of the action space during training.

Empirical evaluations on various benchmark environments from OpenAl Gym
demonstrate TD3’s superiority over earlier methods, such as DDPG, particularly
regarding sample efficiency and exploration capabilities [25]. TD3’s robustness and
consistent performance in dynamic path-planning tasks further highlight its suitabil-
ity for complex real-world applications [27]. Moreover, recent studies, including
Ali (2024), confirm TD3’s robustness, emphasizing its stability, time-efficiency,
and ability to generalize to unseen environments, aligning well with the practical
objectives of this research.

This chapter focuses specifically on TD3, detailing its architecture, core mecha-

nisms, and its role in ensuring efficient and robust policy learning.
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2.2 TD3 Architecture and Principles

TD3 consists of a policy network (actor), two critic networks, and corresponding
target networks. These components collectively enhance policy optimization by
leveraging multiple Q-value estimates. TD3 follows an actor—critic architecture in
which the actor network selects actions to maximize the expected return, while the
critic networks evaluate the quality of these actions through Q-value estimation. To
reduce overestimation bias caused by function approximation errors, TD3 employs
two critic networks and computes target values using the minimum of their Q-value
estimates. Policy updates are intentionally delayed by updating the actor network
less frequently than the critics. In addition, the overall structure of TD3 is illustrated
in Figure 2.1.

transition
(S @, 1 Staa) Environment
Adtion at feedback

Target

PO"CV : Target Q-
Critic Qgy

Q-
Network
Critic Qg,

Q- Target Q-
value

Network calculations
Critic Qg, Targety v)

Fig. 2.1 TD3 algorithm architecture illustrating the connections between the policy network
(actor), the twin critic networks, and the target networks.
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2.3 Policy Network Updates

The policy network update in TD3 follows the deterministic policy gradient theorem,
aiming to maximize the expected return. The mathematical formulation of this

optimization is provided in Equation 2.1:

J(9) =Egpr [Q7 (5,74 (5))] (2.1)

The policy gradient is computed based on the gradient of the Q-value func-
tion with respect to the action and the gradient of the policy function itself. The

corresponding formulation is given in Equation 2.2:

Vo (9) =Espr [ a0 (s,a)| :%(S)VW%(S)] (2.2)

To refine the policy network parameters, TD3 updates them using a mini-batch

learning approach. The parameter update rule is provided in Equation 2.3:

=

o0+ Z [ aQo, (si,a; |a =15 (51 V¢7L’¢(S,) 2.3)

2.4 Q-Network Updates

TD3 mitigates overestimation bias in Q-learning by utilizing two Q-networks, each
providing an independent estimate of the state-action value. The use of clipped
double Q-learning ensures that the minimum of the two Q-values is used for policy

evaluation, reducing upward bias in Q-value estimation.

The target Q-value computation is detailed in Equation 2.4:

y=r+ymin(Qg(s',a), Qg (s',)) (2.4)
While the Q-network update mechanism is formulated in Equations 2.5 and 2.6:

1Y 2
6, argnémﬁ Z (yj — Qp, (sj,aj)) (2.5)
1 j:1
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1 N

6, +— argml N Z — Qo ( sj,aj))2 (2.6)

2.4.1 Actor Target Network Update

The actor target network, denoted as 7y, is a delayed copy of the actor network and is
used to generate stable action targets for the critic updates. The actor target network
changes gradually over time, ensuring that the target actions used in critic updates
remain consistent and stable. This stability is critical for reducing the variance in the

Q-value targets.

At initialization, the actor target network parameters are set equal to those of the
actor network:

0 — ¢. (2.7)

During learning, the actor target network is used to compute the target action
for the next state, which is required for calculating the target Q-value in the critic
update:

a=rny(s')+e, &n~clip(A(0,6),—c,c). (2.8)

The Gaussian noise term € is added to the target action to regularize the critic
update and to ensure smoother and more stable target Q-value estimation during
training. The actor target network parameters are subsequently updated using a soft

update mechanism that slowly tracks the actor network:
O 10+ (1-1)¢". (2.9)

By updating the actor target network more slowly than the actor network, TD3
ensures smooth policy evolution and more reliable critic target estimation.

2.4.2 Overestimation Bias and Mitigation Approaches

In standard Q-learning, overestimation bias occurs due to function approximation
errors when selecting the maximum Q-value. This leads to an overestimation of the

Q-function, which results in learning a suboptimal policy. To mitigate this, Double
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Q-learning introduces two independent Q-value estimators, and TD3 further refines

this technique by computing the minimum Q-value between two estimators.

The TD3 approach improves upon Double Q-learning by incorporating a delayed
policy update strategy, preventing premature policy updates based on biased Q-

values.

2.4.3 TD3 Algorithm Q-Network Updates

The TD3 algorithm maintains two Q-networks along with their target networks.
During training, a mini-batch of transitions is sampled from the replay buffer, and the
target action is computed using the target policy network with noise regularization.

The formulation for this process is presented in Equation 2.4.

TD3 updates the Q-networks by minimizing the mean squared error between
the estimated Q-values and the target Q-values. The optimization formulation is
provided in Equations 2.5 and 2.6.

2.5 Target Networks Updates

To stabilize learning, TD3 employs target networks that provide slowly varying
targets for critic updates. At initialization, the target networks are set equal to their

corresponding online networks:

9{ — 91, Gé — 92. (2.10)

During training, the target critic networks are updated using a soft update mecha-

nism based on an exponential moving average:

0/ « 16, + (1—1)6!, ic{1,2}. 2.11)

1

This slow update strategy ensures smooth evolution of the target Q-values and

improves the stability of critic learning.
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2.6 Conclusion

TD3 represents a significant improvement in DRL by effectively mitigating over-
estimation bias while ensuring stable policy optimization. Its architecture, policy
updates, Q-network updates, and target network mechanisms contribute to its success

in continuous control tasks.

This chapter provides a conceptual overview of TD3, focusing on its robustness
and optimization mechanisms. The following chapters will discuss its integration
with ROS-based robotic systems and evaluate its performance in realistic simulation
environments.

2.7 'TD3 Notation and Parameters

Below is a list of the mathematical symbols and terms used throughout this chapter:

o Learning rate of the policy network.

Y Discount factor in reinforcement learning.

T Target network soft update rate in TD3.

N Mini-batch size for training updates.

r Immediate reward at each transition.

p* State distribution under policy 7.

¢ Parameters of the policy (actor) network.

¢’ Parameters of the target policy network.

61,6, Parameters of the twin Q-networks (critics).
6/,6; Parameters of the target Q-networks.
Qg,,Qp, Q-functions representing value estimators in TD3.

Q"f , Q% Target Q-functions used for bootstrapping.
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7y Policy function parameterized by ¢.

my Target policy function parameterized by 0’

J(¢) Expected return under policy 7.

V4J(¢) Gradient of the expected return with respect to the policy parameters.
V.0 (s,a) ]a:% ) Gradient of Q-value w.r.t. action.

Ve (s) Gradient of the policy function with respect to ¢.

y Target Q-value calculated for the critic update.

a Noisy action computed using the target policy with added noise.

€ Gaussian noise added to the target action.

A (0,6) Zero-mean Gaussian noise with standard deviation G.

clip(.#(0,6),—c,c) Clipped noise for bounded action smoothing.



Chapter 3

Research Methodology and
Simulation Framework

The research methodology presented in this chapter is built upon a comprehensive
simulation infrastructure, which integrates a Singularity container [28], the ROS
Noetic framework, the Jackal robot model, and a specifically designed OpenAl
Gym environment. These core components collaborate closely with DRL, which is
implemented using PyTorch version 1.10.1, developed by the PyTorch Foundation
under the Linux Foundation [29], forming a robust setup for training the robot on

navigation tasks.

All simulations are carried out within the Gazebo simulator, specifically using
the customized MotionControlContinuousLaser environment tailored for the Jackal
robot. This environment provides the robot with a continuous action space defined by
linear and angular velocities, allowing for fluid and precise movements. Additionally,
the environment processes sensory data collected via LiDAR sensors, which form
part of the observation space accessible to the reinforcement learning agent. By
incorporating real-time sensor processing with continuous motion control, this setup
creates a realistic and challenging environment suitable for evaluating and training
advanced DRL algorithms. Training data generated through interactive simulation
sessions are saved locally within a replay buffer, from which random sampling
is conducted during the iterative training phases. Continuous updates of model
parameters and policy improvements occur iteratively until the model achieves

convergence.
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The computational setup facilitating the extensive training sessions relies on
an AMD Ryzen 9 3900X CPU (12 cores and 24 threads), an NVIDIA GeForce
GTX 1660 Ti GPU, and 32 GB of RAM. Despite the availability of GPU hardware,
the entire training process utilized only CPU resources, simultaneously running six
training models within the Singularity container. The complete training process
lasted approximately five days.

3.1 Jackal Robot Dynamics and Sensors

The Jackal robot is equipped with two principal sensors, each directly interfaced
with the DRL algorithm and the robot’s control framework:

* Laser Sensor: This LiDAR sensor scans the robot’s surroundings to detect and
measure distances to obstacles, generating a detailed 720-dimensional laser
scan. The scan data directly feed into the DRL algorithm, playing a crucial
role in the robot’s obstacle avoidance and path selection strategies. Within
the Gazebo simulator, the sensor accurately simulates real-world operational

characteristics, ensuring robust training in complex navigation scenarios.

* Velocity Sensor: This sensor records linear and angular velocity commands
issued by the DRL module. The sensor feedback verifies that the robot’s move-
ments align with the intended commands, helping maintain stable navigation
and detect any deviations that could affect overall performance.

3.1.1 Training and Evaluation Scenarios

In this research, the training methodology for the TD3 algorithm was significantly
enhanced through extensive modifications of the environmental configuration codes,
specifically aiming at boosting the adaptability and generalization of the robot
in diverse navigation tasks. This methodological improvement builds upon the
foundational studies previously conducted by Xu et al. [25, 30], which originally
focused on scenarios featuring fixed start and goal positions. Unlike the earlier work,
this research introduces notable adjustments such as randomizing the start and goal
locations, varying object placements, and diversifying the paths available to the robot.
These extensive changes, further described in Section 3.1.1, present the DRL model
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with numerous and unpredictable navigational conditions, thereby mitigating the risk

of the model memorizing fixed trajectories and becoming overly specialized.

Because the actor network is inherently reliant on real-time observations to
select suitable actions, these newly introduced randomized conditions compel it
to consistently generate optimal solutions dynamically, rather than falling back
on memorized shortcuts. Similarly, the critic networks, which estimate the Q-
values that inform the action selection, also benefit greatly from this enhanced
variety in the environment. They receive a broader, more representative set of
state-action pairs, thereby enhancing their accuracy in estimating Q-values across
different scenarios. By expanding the diversity of experiences available during
training, the TD3 model becomes more proficient in making optimal action choices,
increasing both its learning effectiveness and its capacity to generalize learned skills
to new situations. Ultimately, this comprehensive training approach aids the model
in uncovering the most effective strategies in complex and highly unpredictable

navigation environments.

The core contribution and primary advancement introduced by this research is
precisely the expansion of the training framework, achieved by integrating numerous
scenarios that feature randomized starting and goal positions. This randomization
markedly increases the complexity and variety of the training conditions, distinguish-
ing it significantly from the original scenarios characterized by fixed points. The
expanded scenario framework promotes improved exploratory behaviors, enhances
the robustness of the learned policies, and ensures greater adaptability in managing

uncertain or previously unseen paths.

To clearly illustrate and validate the effectiveness of this expanded training
methodology, the TensorBoard visualization tool was employed as a graphical in-
terface for continuous monitoring. This enabled tracking the convergence behavior
of the model, observing stability in the training progress, and assessing critical
performance metrics. Such real-time visualization provided detailed insights into the
algorithm’s learning trajectories, clearly demonstrating how the introduced random-

1zation impacts the robot’s navigational capabilities and generalization potential.

Further comprehensive details about the specific implementation of these envi-
ronmental adjustments, as well as the exact training configuration settings utilized,

can be found in [31].
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Static Box Environments

Initially, training was conducted within static box environments measuring 4.5m
x 4.5m, replicating conditions previously established in the work by Xu et al. and
Daffan et al. [25, 30]. These environments comprised stationary obstacles arranged
systematically, offering a controlled context for assessing navigation performance
under consistent conditions. The configuration of these environments is detailed in
Figure 3.1.

Fig. 3.1 Original Training Setup: Layout of four different Static Box Environments (4.5m x
4.5m) for training.

Custom Static Environments with Randomized Start and Goal Points

This research utilizes specially designed environments consisting of 16 distinct
scenarios, each characterized by unique configurations and varying positions of
obstacles, offering a wide spectrum of navigational challenges for the robot. Unlike
previous setups that employed relatively small 4.5m x 4.5m static box environments,
these custom-designed environments have been significantly enlarged to dimensions
of 16m x 16m. This increase in spatial dimensions allows for substantial flexibility,
enabling extensive randomization of the start and goal points during each training
episode. By providing a larger and more open navigational area, these environments
significantly enhance the robot’s ability to explore diverse pathways and interactions,
thereby improving its generalization capabilities when encountering unfamiliar
obstacles and path configurations. Each scenario within this set of environments
was explicitly crafted to present distinct layouts, varying degrees of navigational
complexity, and diverse arrangements of static obstacles, all intended to reinforce
the robot’s robustness, adaptability, and effectiveness when navigating complex,
real-world-like conditions.
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The scenarios developed for this research incorporate two specific types of static
objects: boxes and cylinders, each with their own well-defined dimensions and
functional purposes within the environment. Box-shaped obstacles consistently
maintain uniform dimensions of 1 meter in length, width, and height, and they
serve as standard impediments strategically placed throughout the navigation area to
introduce variability into the environment layouts. Cylindrical obstacles, however,
vary more significantly in dimensions, with five clearly defined types: Cylinder
1, measuring 0.14 meters in radius and 1 meter in height; Cylinder 2, measuring
0.22 meters in radius and 1 meter in height; Cylinder 3, measuring 0.30 meters in
radius and 2.19 meters in height; Cylinder 4, measuring 0.13 meters in radius and 1
meter in height; and Cylinder 5, measuring 0.30 meters in radius and 2.19 meters in
height. Cylinder 5, specifically, is used not only within the navigation area but also
for constructing the outer boundary walls of each environment. All these obstacles
remain static and fully collidable, meaning that any contact or collision involving
the robot during its navigation task is recorded and included in the performance
evaluation metrics. The deliberate distribution of these obstacles across the 16
custom scenarios ensures a rich variety of obstacle densities, path complexity, and
navigational routes, intentionally challenging the robot and consequently enhancing

its ability to generalize across varying environmental contexts.

To ensure a consistent level of navigational challenge and feasibility, both the
start and goal positions within these environments are randomly generated according
to clearly defined validation criteria. The randomization methodology is constrained
such that the distance between any randomly generated start and goal point must be
at least 8 meters but not exceed 11 meters. This restriction ensures that the generated
scenarios provide an adequately balanced level of complexity and navigational
difficulty. Additionally, both start and goal points are required to maintain a safe
margin of at least 1.7 meters from any obstacle. This criterion prevents the robot
from initiating its navigation in areas too close to obstacles or generating unreachable
targets. Points failing to meet these requirements are discarded, prompting the system

to repeatedly generate new random points until valid coordinates are identified.

Furthermore, the initial orientation (heading) of the robot is randomized at the
start of every navigational attempt. This randomization occurs concurrently with
the selection of new start and goal points. By doing so, the robot is consistently
exposed to varied initial directions and paths, thus enhancing its adaptability and

improving its competence in handling unpredictable or novel navigation challenges.



3.2 Graphical Monitoring of Training Process 25

This systematic randomization procedure is implemented not only at the initiation of
each new navigation episode but also following any unsuccessful attempt, thereby
ensuring each navigational task commences with newly randomized parameters,

maintaining freshness and variability.

The identical randomization and validation process described above is consis-
tently employed during the evaluation phases as well, ensuring that both the extended
and baseline (non-extended) models undergo testing under identical and previously
unseen environmental conditions. Representative examples of these custom-designed

environments are illustrated clearly in Figure 3.2.
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Fig. 3.2 Layout of the four different 16m x 16m custom static environments for training.

3.2 Graphical Monitoring of Training Process

To ensure thorough monitoring of the training process and effectively track the
performance metrics, TensorBoard was adopted. This tool provided continuous
tracking of key indicators such as the success rate and collision frequency throughout
the training duration. The training activities were comprehensively documented
through event logs generated during model execution, as detailed explicitly in [31].
By utilizing these logs, it became possible to visualize the evolution of critical
performance measures, specifically the success and collision rates, as the training
progressed. These visual representations are demonstrated clearly in Figures 3.3 and
3.4. These figures highlight precisely how the implementation of randomized start
and goal points affected the robot’s learning progression. The graphical monitoring
thus provided an effective and detailed assessment of the training dynamics, enabling

clear observation of model convergence and overall stability during training.
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Fig. 3.3 Success rates over training steps for the extended model (blue) and the non-extended
model (orange), obtained from a single training run using a fixed random seed (Seed 14). The
curves illustrate qualitative learning trends rather than statistical averages across multiple
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Fig. 3.4 Collision rates over training steps for the extended model (blue) and the non-extended
model (orange), obtained from a single training run using a fixed random seed (Seed 14).
The curves are reported to illustrate training behavior trends rather than confidence intervals
over multiple seeds.
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3.3 TD3 Training Framework

3.3.1 Training Architecture
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Fig. 3.5 Block diagram of the expanded TD3 training methodology with randomized start
and goal points.

3.3.2 Training Process Flowchart

The TD3 training protocol commences with environment initialization and data
acquisition via robot sensors. The actor network selects actions according to the
policy, which are subsequently evaluated by the critic networks, generating Q-values.
The robot executes the chosen actions, records environmental feedback, and logs
experiences in a replay buffer. The training cycle continues iteratively, updating both
the actor and critic networks until convergence. Finally, the trained model is deployed
for practical use, as depicted in the detailed flowchart provided in Figure 3.6.
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Fig. 3.6 Flowchart of the TD3 training process.



Chapter 4

Experimental Results and Analysis

4.1 Experimental Comparison of TD3 Models

The objective of this experiment is to evaluate the performance of an improved TD3
model, trained using 16 specifically designed static environments as described in
Chapter 3, against a baseline model developed by Xu et al. [30], which was trained
on 300 static environments from their original experimental configuration. Through
this comparative analysis, the study investigates how variations in environmental

diversity and training approaches influence overall performance outcomes.

4.1.1 Training and Evaluation Metrics

To systematically evaluate the extended TD3 model, an extensive range of per-
formance metrics was implemented, providing detailed insights into the model’s
navigation performance within previously unseen environments. These metrics
include:

* Success Rate: Defined as the proportion of episodes in which the robot
successfully reaches its goal without collisions.

* Collision Rate: Defined as the proportion of episodes during which the robot
collides with obstacles.
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» Episode Length: The average number of steps taken by the robot to complete

each navigation task.

* Average Return: The cumulative rewards collected by the robot during each
episode, averaged across all episodes, serve as a measure of the learning

efficacy.

* Time-Averaged Number of Steps: The mean number of steps the robot
requires to complete an episode, giving insight into the efficiency of its naviga-

tion approach.

* Total Distance Traveled: Recorded during the testing phase, this metric
measures the cumulative distance covered by the robot per episode in me-
ters, providing an additional evaluation of the efficiency of its path-planning
strategy.

4.1.2 Baseline Comparison in Static Environments

To fairly evaluate the effectiveness of the proposed training strategy—particularly
the randomized selection of starting and goal positions—a baseline comparison was
performed in a simulated static environment setting, specifically considering only
DRL-based navigation strategies for consistency. Cimurs et al. [23] performed
several simulation evaluations, but only their static environment results were used
here, employing TD3 with a global navigation strategy (GDAE) as a baseline for
comparison. Likewise, Akmandor et al. [19] evaluated methods across static and dy-
namic scenarios, but their static environment outcomes were exclusively included to
maintain fairness. Two models (Tentabot FC and Tentabot IDCNN FC, both trained
via PPO without global strategies) from Akmandor et al. were averaged into a single
metric for clarity. The proposed TD3 approach with a global strategy was assessed
within a maze-like static scenario characterized by long walls, thereby allowing
direct comparison to other DRL methodologies tested within static environments,
thereby allowing direct comparison to other DRL methodologies tested within static

environments (Table 4.1).
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Table 4.1 Comparison of Simulation Results in Static Environments. Bold values indicate
better performance for the corresponding metric.

Author Method Used Obstacle Type & Difficulty Success Rate (%)  Time (s)

Distance (m)

Static environment with

Cimurs et al. [23] TD3 (With Global Strategy) smooth walls and 100 88.03
multiple local optima
Static environment

Akmandor et al. [19]  PPO (Without Global Strategy) . 55
with distinct structured obstacles

Maze-like stati
Proposed Method TD3 (With Global Strategy) aze-like statie 80.0 16.36
environment with long walls

41.42

22.87

According to results reported by Cimurs et al. [23], TD3 with a global strategy
achieved a 100% success rate in structured static scenarios, underscoring its effective-
ness, although at the expense of increased travel time. Conversely, the PPO approach
used by Akmandor et al. [19], without a global guidance strategy, reached only 55%
success, emphasizing limitations of local-only navigation strategies. The method
proposed in this study, employing TD3 with a global navigation strategy, attained an
80% success rate within a notably more complex maze-like static environment and
demonstrated superior navigation efficiency with significantly reduced completion

time and path length compared to the approach by Cimurs et al.

4.2 Experiment 1: Performance Evaluation of the Ex-
tended and Non-Extended Models

This section presents a comparative assessment of the extended model (shown in
blue in the plots) versus the non-extended model (shown in orange in the plots). The

focus is on key metrics such as success rate, collision rate, and average return.

4.2.1 Reward Calculation and Success Rate Comparison

The reward function employed in this study follows the formulation presented by Xu
et al. [25, 30]. It is composed of a slack reward, a progress reward, a collision penalty,
a success reward, and a failure penalty. This formulation ensures an appropriate
balance between progress toward the goal, avoidance of collisions, and successful
goal completion. Given that the primary objective here is to enhance the model’s
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capacity for generalization by randomizing both start and goal positions, the existing

reward function design was retained without modification.

At each timestep in an episode, the immediate reward is computed based on
several contributing factors. The total reward for a single episode is then defined as

the sum of these step-wise rewards, as indicated in equation (4.1).

R= Z (_0' 1+ (goal_reward ~pr0gress) —1.0- 1collision +20.0- lsuccess —10.0- 1failure)
“4.1)

where:

* Slack reward: A penalty of —0.1 is applied at every timestep.

* Progress reward: A reward of +1.0 is granted for every meter moved closer
to the goal.

* Collision penalty: A penalty of —1.0 is applied in the event of a collision.

* Success reward: A reward of +20.0 is given upon successful arrival at the
goal.

* Failure penalty: A penalty of —10.0 is imposed if the episode concludes
unsuccessfully.

When multiple episodes are considered, the overall cumulative reward is the
total of all episode-level rewards within the current buffer. For instance, for a buffer
containing up to 300 episodes, the total cumulative reward can be expressed as (4.2):

Riotal = REpisode 1+ REpisode 2+t REpisode 300 4.2)

Thus, each episode’s overall reward (summed over its steps) contributes to this
total. As new episodes are added and older ones removed, the cumulative reward
reflects up to the most recent 300 episodes. Higher cumulative rewards correlate
with stronger overall performance, characterized by higher success rates and more

effective navigation.

Figure 3.3 illustrates that the extended model reached a 95% success rate and

converged prior to 2 million training steps, whereas the non-extended model attained



4.2 Experiment 1: Performance Evaluation of the Extended and Non-Extended
Models 33

roughly 70% success only after 3 million steps. These findings indicate that the
extended model not only learns more quickly but also operates more efficiently, a

result attributed to the randomization in start and goal positions.

4.2.2 Collision Rate Analysis

As depicted in Figure 3.4, the extended model eventually settled at a collision
rate of approximately 4%, whereas the non-extended model ended at around 24%.
Both models showed early-stage improvements, but after 3.5 million steps, the non-
extended model’s collision rate began to climb again, possibly signaling overtraining.

By contrast, the extended model maintained a steady decline in collision frequency.

4.2.3 Training Efficiency and Convergence

The extended model not only reached its peak performance more quickly but also
demonstrated superior efficiency in learning, requiring fewer steps to converge. Ran-
domly varying the start and goal positions allowed the extended model to encounter
a wider range of scenarios, which in turn led to higher success rates. Conversely, the
non-extended model—trained with consistent start and goal positions—improved
at a slower rate and achieved a lower final success ratio. Furthermore, some of the
training environments for the non-extended model were extremely narrow, which

may have restricted the robot’s potential for a higher success rate.

4.2.4 Transfer to Test Environments Using TD3 and Global Path
Planning

To assess how well the extended model generalized, a set of transfer tests was carried
out through the Competition Package [32]. Originally created by previous inves-
tigators for testing purposes, this package was used in its existing form, without
alterations or extensions, during the study. However, for the sake of evaluation,
the Race World environment [33]—which was not included by default—was inte-
grated into the package. Race World features a maze-like setup with extensive wall
segments, creating a demanding setting for navigation. Both the extended model

and the non-extended model were validated within this augmented environment.
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All methodological improvements were confined to the training phase in a separate
package, while the Competition Package itself (with the added Race World) served
as a neutral testing ground to gauge the models’ ability to operate effectively in
intricate environments.

During these tests, the MoveBase package [34] was used to produce a global path,
whereas the principal navigation remained driven by TD3. Specifically, MoveBase
generated a global route from the starting point to the target, serving as a reference
path. Concurrently, the TD3-based controller handled local decision-making in
real time for obstacle avoidance and general movement. This integrated approach
provided broad guidance through global path planning, while the TD3 controller’s
flexibility enabled instantaneous adjustments to challenging local conditions. It
is noteworthy that the MoveBase global planner in this study relied exclusively
on odometry and real-time LiDAR data, devoid of any preloaded map or global
localization. This underscores the local adaptation capacity of the DRL-based
controller in uncharted environments.

Evaluation Results

Tables 4.2 and 4.3 display the respective outcomes for the extended and non-extended
models, presenting data such as total travel distance, collision frequency, and success
indicators for each of the ten test paths. The paths used in these experiments
are illustrated in Figure 4.1. Consistently, the extended model delivered superior
performance: it attained higher success rates with fewer collisions and frequently
matched near-optimal path lengths. In contrast, the non-extended model struggled
on more complicated routes, often failing to complete the path or incurring heavier
collision penalties.
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Table 4.2 Evaluation results for the extended model. Bold entries highlight superior per-
formance relative to the non-extended model on distance, collisions, goal reached, and
time.

Path Distance (m) Collisions Goal Reached Time (s)

Path 1 18.72 0 Yes 9.77
Path 2 47.16 1 Yes 31.66
Path 3 13.81 0 Yes 8.28
Path 4 26.41 4 No 21.79
Path 5 15.51 0 Yes 9.26
Path 6 8.12 0 Yes 4.19
Path 7 15.04 3 Yes 9.87
Path 8 37.74 0 No 35.49
Path 9 15.66 1 Yes 9.98
Path 10 30.54 0 Yes 23.33

Table 4.3 Evaluation results for the non-extended model. Bold entries denote superior
performance compared with the extended model for distance, collisions, goal reached, and
time.

Path Distance (m) Collisions Goal Reached Time (s)

Path 1 33.53 4 No 33.79
Path 2 41.97 0 No 80.00
Path 3 10.65 4 No 14.88
Path 4 39.40 3 No 67.59
Path 5 32.09 0 Yes 42.20
Path 6 8.12 0 Yes 4.24
Path 7 15.22 3 Yes 9.55
Path 8 37.75 0 No 39.67
Path 9 44.95 0 No 56.42
Path 10 58.16 1 No 68.19
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Analysis of Results

Success Rate and Distance Traveled: In terms of both success rate and distance
traveled, the extended model outperformed the non-extended model. For example, on
Path 1, the extended model navigated 18.72 m without collisions, yielding a perfect
(100%) success metric. The non-extended model, however, failed on this path,
traveling 33.53 m with four collisions and registering a 0% success outcome. This
underscores the extended model’s ability to adhere more closely to an optimal route,
highlighting robust generalization and effective navigation decisions. Meanwhile,

the non-extended model faced considerable hurdles in unfamiliar scenarios.

Collision Rate and Penalties: Across nearly all paths, the extended model
showed notably fewer collisions—often zero—while the non-extended model recorded
multiple collisions more frequently. On Path 4, for instance, the extended model
failed the task after four collisions, leading to 0% success, while the non-extended
model also failed, with three collisions and an even more substantial distance penalty.
By contrast, whenever the extended model entirely avoided collisions on other
paths, it routinely reached 100% success, highlighting strong collision avoidance

and well-optimized navigation.

Time and Distance Efficiency: In every path, the extended model showed
faster completion and covered shorter routes overall. Path 5 serves as an illustrative
example: the extended model finished in 9.26 s, covering 15.51 m, whereas the non-
extended model took 42.20 s to traverse 32.09 m, which deviated more significantly
from an optimal path. These contrasts underscore the extended model’s precision in
real-time navigation decisions and its capacity to finish tasks expediently without

veering off the ideal trajectory.

Generalization and Adaptability: The extended model’s robust generalization
to unencountered scenarios was evident in its successful traversal of paths deemed
highly challenging, maintaining few collisions and limiting travel distance (see
Tables 4.2 and 4.3). Figures 4.2 and 4.3, depicting representative runs on Path
1 and Path 2, visually illustrate the difference: the extended model followed a
smooth, efficient route, whereas the non-extended model’s path exhibited significant
diversions and demonstrated difficulty adapting to the environment.

Challenges with Complex Goal Configurations: The non-extended model

encountered substantial difficulties in paths that were not straightforward or required
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more nuanced turns, suggesting a deficit in its capacity to handle tricky layouts.
Because it was trained on static start and goal points, the non-extended model mostly
gained proficiency in simpler navigation tasks. This shortcoming became obvious
with routes featuring multiple turns and lengthy walls (for example, Path 2 or Path
8). On Path 2, the extended model finished successfully with a 57.60% success rate
and did not time out, while the non-extended model traveled 41.97 m and timed out
before reaching the goal.

The extended model’s capacity to handle more convoluted end goals is attributed
to its training protocol, which randomized start and goal positions. This broadened
exploration of possible configurations and bolstered adaptability to unfamiliar set-
tings, leading to higher completion rates and fewer penalties. Additional navigation
demonstrations can be viewed at [35].

Fig. 4.1 The environment and the ten start—goal pairs used during evaluation. The depicted
lines simply illustrate how each start point corresponds to its goal for both extended and
non-extended models. They are not the actual routes followed in practice. Each model
generated distinct navigation trajectories based on its trained policy.
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4.2.5 Performance Evaluation of the Extended and Non-Extended
Models

In real-world navigation tasks, assessing robot performance requires more than
a simple binary outcome of success or failure. To more accurately represent the
robot’s behavior, a customized navigation performance scoring metric is introduced
in this study. Unlike conventional binary evaluation methods, this score assigns a
percentage value ranging from 0% to 100%, enabling a more refined assessment of
navigation quality. The metric is designed to evaluate a robot’s overall navigation
performance based on three essential criteria: total distance traveled, time required
to complete the task, and the number of collisions encountered.

This performance score enables partial credit in scenarios where the robot suc-
cessfully reaches the goal but does so with certain inefficiencies—such as taking a
longer path or experiencing minor collisions. Such graded assessment is particularly
valuable in real-world contexts, where some level of deviation or minor impact is tol-
erable. By integrating these performance aspects, the proposed metric offers a more
realistic evaluation of the robot’s navigation strategy, highlighting its adaptability,

efficiency, and safety.

The scoring process begins with an initial perfect score of 100%, from which
penalties are subtracted depending on deviations in performance. The overall naviga-
tion performance score is defined in Equation (4.3):

Score = 100 — total_penalty 4.3)

The total penalty applied to the score, denoted as total_penalty, is the sum of

three individual penalty components, as shown in Equation (4.4):

total_penalty = P; + P, + P. 4.4)

In the implementation, each penalty is applied only when its corresponding
threshold is exceeded; otherwise, the penalty is set to zero. This conditional eval-
uation prevents negative penalties and ensures that the final navigation score is
bounded within [0, 100]. The constants used in the penalty formulation are chosen
to keep the navigation score simple, balanced, and easy to interpret. The maximum
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possible penalty is 100%, which is divided approximately equally among the three
evaluation criteria: distance traveled, navigation time, and collisions. For this rea-
son, the distance and time penalties are each limited to a maximum of 33%. The
collision penalty is defined as 11% per collision and is limited to a maximum of
three collisions, which also results in a maximum collision penalty of 33%. The
time threshold of 40 s is selected as a nominal reference duration, corresponding
to half of the maximum allowed navigation time, beyond which slower navigation

performance is progressively penalized.

The maximum allowed distance (max_allowed_distance) is defined as four times
the optimal distance and represents an upper bound beyond which navigation is
considered inefficient or unsuccessful. The actual navigation time (actual_time) is
measured from the moment the robot starts moving until it reaches the goal or a
termination condition is triggered. The reference time of 40 s is a design choice
corresponding to half of the maximum allowed navigation duration of 80 s used in
the experiments and serves as a nominal completion time for penalizing delayed

navigation behavior.

Each of the components—distance penalty P;, time penalty P, and collision

penalty P.—is calculated as follows:

Distance Penalty (P;): This penalty is imposed when the robot’s traveled path
exceeds twice the optimal path length. The excess distance is scaled in proportion
to the allowable maximum, and the resulting penalty is capped at a maximum of
33%. The mathematical expression used to compute this component is provided in
Equation (4.5):

path_length — 2 x optimal_distance

P; = max (O, ) x 33 4.5)

max_allowed_distance — 2 x optimal_distance

In this context, the value of max_allowed_distance is defined as four times the
optimal distance. Any penalty computed above 33% is clipped to this maximum
value.
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Time Penalty (F;): This component penalizes navigation attempts that exceed
a duration of 40 seconds. The longer the robot takes beyond this threshold, the
higher the penalty—up to a maximum of 33%. The calculation is formalized in
Equation (4.6):

tual_time — 40
P, = max [ 0, ZU0E % 33 (4.6)
40
As with the distance penalty, if the calculated time penalty surpasses 33%, it is

capped at that value.

Collision Penalty (P.): This penalty is applied according to the number of col-
lisions incurred during the navigation task. A fixed penalty of 11% is applied per
collision, with the total capped at three collisions—resulting in a maximum penalty

of 33%. The formula used to determine this value is provided in Equation (4.7):

P. = collision_count x 11 “4.7)

If the computed penalty exceeds 33%, it is limited accordingly. It is important to
note that a score of 0% is automatically assigned in any of the following conditions:
if the robot fails to reach the goal, if the distance traveled exceeds four times the
optimal path length, or if more than three collisions occur.

Tables 4.4 and 4.5 summarize the calculated navigation scores for both the
extended and non-extended models. The extended model consistently yielded higher
scores, reflecting its superior ability to navigate efficiently, with minimal collisions

and better adaptability to the environment.
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Table 4.4 Navigation Performance Assessment Metric Scores for the Extended Model.

Path Metric (%) Description

Path 1 100.00 No collisions; completed within maximum allowed dis-
tance

Path 2 57.60 One collision; exceeded optimal path length

Path 3 100.00 No collisions; followed optimal path

Path 4 0.00 Four collisions; surpassed maximum distance allowed

Path 5 100.00 No collisions; completed within optimal range

Path 6 100.00 No collisions; optimal path followed

Path 7 67.00 Three collisions; slight distance exceedance

Path 8 0.00 Navigation failed; exceeded maximum allowed distance

Path 9 70.00 One collision; slight performance penalty

Path 10 98.33 No collisions; minor deviation in path distance

Table 4.5 Navigation Performance Assessment Metric Scores for the Non-Extended Model.

Path Metric (%) Description

Path 1 0.00 Four collisions; maximum distance exceeded
Path 2 0.00 Timeout; did not complete within allowed limits
Path 3 0.00 Four collisions; navigation failed

Path 4 0.00 Three collisions; exceeded distance threshold
Path 5 85.77 No collisions; slight penalties for time and distance
Path 6 100.00 No collisions; followed optimal trajectory

Path 7 10.00 Three collisions; resulted in major penalty

Path & 0.00 Maximum distance exceeded; navigation failed
Path 9 0.00 Timeout; exceeded allowed distance

Path 10 0.00 One collision; distance exceeded threshold
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These quantitative results are further supported by the qualitative visualizations
shown in Figures 4.2, 4.2a, 4.2b, 4.3, 4.3a, and 4.3b. These figures compare the
navigation paths taken by both models on Paths 1 and 2 using RViz. They clearly
illustrate the extended model’s advantage—displaying smoother trajectories, fewer
deviations, and better collision avoidance—while the non-extended model demon-

strates significant navigation inefficiencies and higher collision rates.

)

£

(a) Extended Model (b) Non-Extended Model

Fig. 4.2 Comparison of paths taken by both models on Path 1, as described in Tables 4.4
and 4.5. Trajectories are shown in red. The extended model (left) demonstrates efficient
navigation with no collisions. The non-extended model (right) exhibits significant deviations
and fails to reach the goal due to excessive collisions. Visualizations are for analysis only
and were not used by the MoveBase or DRL system for navigation.
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(a) Extended Model (b) Non-Extended Model

Fig. 4.3 Path 2 navigation comparison using RViz. The extended model (left) shows smooth,
collision-free navigation with successful goal completion. The non-extended model (right)
deviates significantly, fails to reach the goal, and experiences a timeout. Apparent overlaps
with walls in RViz are due to rendering artifacts and do not represent real collisions. Maps
shown are for visualization only and were not used during navigation.

4.3 Experiment 2: Evaluation of Extended Model
with and without Global Path Planning

Building upon the same extended model described in the previous experiment (Sec-
tion 4.2.5), this second experiment evaluates the model’s performance when inte-
grated with MoveBase, as opposed to using only the extended model on its own.
Key performance indicators—including execution time, distance traveled, collisions,
and an overall navigation score—are measured. Both approaches are tested in the
same environment shown in Figure 4.1, maintaining consistency with the earlier

experimental setup.

In this experiment, MoveBase was used without a map, as the objective was to
evaluate navigation without prior environment knowledge. The global planner was
based on the default MoveBase configuration using the NavfnROS planner, together
with the standard local planner. All planner and costmap parameters were kept at

their default values, and no manual tuning was performed.
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The scoring approach remains based on the 0%—100% metric established in prior
work [36], which reflects both efficiency and safety by considering the distance
covered, time taken, and the number of collisions. Below are the revised scoring

parameters for the current experiment.

Updated Scoring Parameters for the Current Experiment

* Success Definition: A trial is deemed successful if the robot reaches the goal
while remaining within six times the optimal distance, with no more than three

collisions, and in under 100 seconds.

* Distance Penalty Threshold: Travel distances beyond three times the optimal

path incur a distance penalty.

* Time Penalty Threshold: Any navigation lasting longer than 50 seconds

incurs a time-based penalty.

* Collision Penalty: Each collision deducts 11% from the final score, up to
three collisions (33% total).

* Failure Conditions: The run is considered unsuccessful if it exceeds six times
the optimal distance, experiences more than three collisions, or goes beyond
100 seconds.

Tables and figures in the upcoming sections highlight the results under these
updated guidelines.
4.3.1 Navigation Performance in the Environment from Figure 4.1

This subsection contrasts how the same extended model, with and without MoveBase,
navigates the environment depicted in Figure 4.1. The most recent outcomes are
summarized in Tables 4.6, 4.7, and 4.8.

Results Without MoveBase

As presented in Table 4.6, the extended model, operating independently of MoveBase,

achieves a 100% navigation score on the majority of paths. The one exception is
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Path 2, scoring 87.99% due to a longer-than-optimal trajectory. Path 4 ends with
0% because it struggles to navigate around a wall situated directly behind the goal.
Averaging across all runs, the navigation metric is about 88.799%, reflecting shorter

distances and quicker travel times overall.

On Path 4, the robot repeatedly attempts to circumvent the wall but surpasses the
59.09-meter threshold without colliding, thus failing to reach the goal. This behavior
arises because the extended model was never trained with an obstacle arrangement
completely blocking the goal location. Consequently, the model fails to correctly
interpret whether to route on the left or the right side of the wall.

From these data, one can infer that in relatively simple settings, the extended
model alone performs effectively. However, in more intricate layouts (e.g., contin-
uous walls or maze-like structures), its capacity to chart a path without a global

planner can be constrained.

Table 4.6 Navigation Results Without MoveBase.

Path Time (s) Distance (m) Collisions Metric (%) Reason for Score

1 11.168 19.7273 0 100.00 Clear path, no collisions.

2 32.313 49.4413 0 87.99 Longer route than opti-
mal.

3 12.501 15.4900 0 100.00 Short, direct route.

4 21.520 30.3458 4 0.00 Path estimation error be-
hind a wall.

5 7.521 13.8702 0 100.00 Optimal route with no
collisions.

6 4.349 8.3963 0 100.00 Short, efficient path.

7 8.596 15.5965 0 100.00 Clear navigation path.

8 8.524 16.6024 0 100.00 Smooth route without ob-
stacles.

9 9.607 15.9270 0 100.00 Direct and efficient route.

10 24.174 30.0191 0 100.00 Longer route but success-

ful navigation.
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Results With MoveBase

Table 4.7 reports navigation outcomes for the extended model enhanced by Move-
Base. Except for Path 2—where the score is 76.87% due to a more meandering
path—and Path 4—ending in 0% from the same behind-the-wall issue—the robot
achieves a 100% metric on all other paths. The average navigation score stands at
roughly 87.687%. The inclusion of global waypoints leads to marginally longer
distances and times in certain instances. Sample performance illustrations can be

seen in [35].

Table 4.7 Navigation Results with MoveBase.

Path Time (s) Distance (m) Collisions Metric (%) Reason for Score

1 10.804 19.0100 0 100.00 Clear, efficient route.

2 37.610 61.6545 0 76.87 Longer route due to way-
point adjustments.

3 8.886 14.6418 0 100.00 Short and optimal path.

4 50.478 59.1000 0 0.00 Failed path estimation be-
hind a wall.

5 8.831 15.1413 0 100.00 Efficient route without
collisions.

6 4.339 8.3672 0 100.00 Short, smooth path.

7 12.364 17.5683 0 100.00 Clear route with no inter-
ference.

8 8.478 16.4355 0 100.00 Efficient and obstacle-
free route.

9 7.023 13.2094 0 100.00 Straight and clear path.

10 15.656 23.4948 0 100.00 Longer but successful
route.

Summary and Comparison

Table 4.8 provides a concise comparison of these two modes. Running only the

extended model (i.e., without MoveBase) generally reduces travel times and total
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distances, although collisions do occur in isolated cases. On the other hand, integrat-
ing MoveBase eliminates collisions almost entirely, but tends to lengthen routes and

operating time.

Table 4.8 Summary Comparison of Navigation Metrics (Mean + SD).

Metric Without MoveBase With MoveBase Analysis
(Mean + SD) (Mean + SD)
Average Time (s) 14.03 +£8.94 16.45+15.16 Slightly  longer

with  MoveBase
due to waypoint
adjustments.

Average Distance (m) 21.54+11.97 24.86+19.13 Longer with Move-
Base due to global

path adjustments.

Average Collisions 0.40+1.26 0.00£0.00 No collisions with
MoveBase.
Average Navigation Metric (%) 88.80+31.25 87.69+20.41 Slightly ~ higher

without MoveBase
due to direct paths.

4.3.2 Selected Paths for Detailed Analysis

In order to better understand the navigation dynamics, Paths 2, 4, and 5 were
examined using RViz visualization. Figures 4.4, 4.5, and 4.6 illustrate performance
with and without MoveBase.

4.3.3 Paths 2, 4, and 5: In-Depth Comparison

Focusing on the same three paths, Figures 4.4, 4.5, and 4.6 show that both approaches
succeed on Path 2, though MoveBase yields a 76.87% score due to a roundabout

route. Without MoveBase, the robot obtains 87.99%, reflecting a more direct course.

Regarding Path 4, neither setup succeeds, as the continuous wall behind the goal
was not part of the model’s training data. MoveBase causes the robot to traverse a
significant distance before reaching the limit, while the standalone extended model

collides several times over a shorter distance, still failing to reach the goal.
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(a) With MoveBase - Path 2. The robot
reached the goal but traveled a longer
route due to waypoint adjustments from
the global planner.

Start Point

(b) Without MoveBase - Path 2. The
robot reached the goal with a shorter,
more direct path, indicating efficient nav-
igation without waypoint adjustments.

Fig. 4.4 Comparison of Path 2 trajectories with (a) and without (b) MoveBase. With
MoveBase, the robot followed a longer path due to waypoint adjustments. Without MoveBase,
it navigated efficiently using a shorter route.

Finally, Path 5 is completed successfully under both approaches, with each
run reporting minimal or no collisions. Although MoveBase introduces a slightly
extended path, both runs finish with a 100% navigation score. Collectively, these
observations confirm that MoveBase increases path length and duration in certain
situations, whereas the extended model alone is sufficient for less complex routes.

4.4 Threats to Validity and Sim-to-Real Considera-

tions

All experiments in this thesis were conducted entirely in ROS/Gazebo simulation,
which introduces limitations for real-world transfer. The standard Clearpath Jackal
model provided in the official ROS Noetic documentation was used without modifica-
tion, with default physics parameters All training and evaluation environments were
fully static, consisting of fixed layouts with no dynamic obstacles. LiDAR resolution
and range were fixed across all experiments, no explicit sensor noise was injected,
Odometry was obtained from simulation ground truth, which is noise-free and more
accurate than real robot odometry. As a result, the learned policies were trained and
evaluated under idealized sensing conditions and do not capture real-world noise,
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Goal Point

(a) With MoveBase - Path 4. The robot
navigates around the wall but fails to
reach the goal.

Goal Point

(b) Without MoveBase - Path 4. The
robot gets trapped, looping without
progress.

Fig. 4.5 Comparison of Path 4 trajectories with (a) and without (b) MoveBase. Both
approaches fail to resolve the obstruction, demonstrating a shared limitation in navigating
around long walls.

Goal Point

Start Point

(b) Without MoveBase - Path 5. The
robot also navigates efficiently without
collisions, following a smooth route.

(a) With MoveBase - Path 5. The robot
completes the route without collisions,
following an efficient trajectory.

Fig. 4.6 Comparison of Path 5 trajectories with (a) and without (b) MoveBase. Both
approaches demonstrate efficient navigation without collisions, indicating that MoveBase
did not provide additional benefits for this path.

drift, or sensing imperfections, which represents a threat to validity when considering
real-world transfer.
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4.5 Notation and Definitions

Below is a list of the mathematical symbols and terms used throughout this chapter:

o Learning rate of the policy network.

Y Discount factor in reinforcement learning.
T Target network soft update rate in TD3.
N Mini-batch size for training updates.

r Immediate reward at each transition.

P, Distance-based penalty.

P, Time-based penalty.

P, Collision-based penalty.

R Total episode reward.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

Core Contributions and Findings:

This thesis demonstrates that training a DRL-based navigation policy with ran-
domized start and goal positions significantly improves generalization to unseen
environments compared to fixed-goal training. The extended TD3-based model
showed higher adaptability and robustness in diverse and unpredictable scenarios,
while the fixed-goal model showed strong performance only in narrowly constrained
environments. Furthermore, integrating a global planner (MoveBase) with the DRL
policy reduced collision occurrences but did not lead to improved overall navigation
performance, with the purely DRL-based approach achieving superior success rates
in most test environments. These results highlight the importance of training diversity

over dependence on global planning for robust autonomous navigation.

This work presents a detailed study on enhancing robot navigation through DRL,
aiming to enhance the robot’s capability to adapt and effectively navigate through
unfamiliar environments. Two closely related experiments were conducted. The
second experiment aimed to evaluate the impact of applying a global planning
strategy to DRL by using the same enhanced model trained in the first experiment.
Both experiments relied on an improved DRL model developed within the scope of
this thesis.
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In the initial experiment, two distinct training methods were compared to un-
derstand which approach allowed robots to better generalize their navigation skills.
One approach involved fixed start and goal points (the non-extended model), while
the other utilized randomized start and goal points (the extended model). Through
careful observation and analysis, a clear outcome was identified: training with di-
verse, randomly placed start and goal points greatly improved the robot’s ability to
handle new and previously unseen environments. The extended model demonstrated
strong adaptability to unexpected scenarios, highlighting its robustness. In contrast,
the non-extended model was particularly effective at navigating extremely narrow
spaces due to its specialized and focused training; however, it struggled considerably
when faced with unpredictably placed goals, even in simpler setups. These results
indicate that each model possesses distinct strengths that can potentially complement

one another.

To address the challenge of long training times, retraining an already trained
model is suggested as a more efficient alternative to training from scratch. Although
this approach was not applied in the conducted experiments, it represents a promising
direction for reducing the time required to achieve high performance. The experi-
mental results showed that the extended model achieved higher success rates in a
shorter time compared to the non-extended model. However, this difference cannot
be fully attributed to the extended training strategy alone, as the environments used
for training the two models were substantially different. Therefore, future studies are
encouraged to evaluate the extended model in narrow and constrained environments

similar to those used for the non-extended model to enable a fair comparison.

As the study progressed, it became evident that evaluating the proposed model in
isolation was insufficient; performance also needed to be assessed relative to existing
approaches. This comparison was presented in detail in Chapter 4, specifically in
Subsection 4.1.2, where several DRL-based navigation methods were analyzed in
static environments. The analysis revealed clear performance differences across the
evaluated methods, particularly as environment complexity increased. The method
proposed in this thesis exhibited strong adaptability in more complex environments,
particularly those featuring long walls and maze-like layouts, where a balance
between navigation efficiency and success was achieved. These results emphasize
that the design of the training environment plays a critical role in determining the
generalization capability of DRL models. Comprehensive evaluation, therefore,

requires testing across a wide range of environmental configurations.
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In the second experiment, the effect of integrating MoveBase, a global path
planning strategy, with a DRL-based navigation system was evaluated. The initial
assumption was that MoveBase would enhance navigation performance by providing
reliable global paths through complex environments. Although a reduction in colli-
sion events was observed—consistent with previous findings reported by R. Ali et
al. [36]—no clear improvement in overall navigation performance was achieved. In
most scenarios, the DRL model operating without a global planner outperformed the
hybrid approach. The model demonstrated effective navigation without reliance on
prior maps or global planning, highlighting the flexibility of DRL-based navigation
when appropriately trained and its ability to cope with unpredictable or unfamiliar

environments.

Comparison with related studies revealed both similarities and differences that
help contextualize these findings. Akmandor et al. [19, 20], Roth et al. [21, 22], and
Anas et al. [26, 37] all report improved navigation performance and generalization
using DRL-based strategies, which is consistent with the results obtained in this
thesis. Similarly, Cimurs et al. [23, 24] showed that reliance on global planning
alone is insufficient for robust navigation, supporting the observed limitations of

purely global planning approaches.

The proposed DRL model, operating without reliance on global planning, demon-
strated strong adaptability across the conducted experiments. This adaptability can
be attributed to improvements introduced in earlier work [36], where the model
was trained using randomized start and goal positions. Although the model was not
explicitly trained with dynamic obstacles, it exhibited an inherent ability to avoid
moving objects, such as the moving Jackal robot used during evaluation. Neverthe-
less, a notable limitation was observed in scenarios involving long walls obstructing
the direct path to the goal. In such cases, the robot struggled to consistently select the
correct path around the obstacle, likely due to limited exposure to similar structures
during training. This highlights a key open challenge in DRL-based navigation: im-
proving the transfer of learned behaviors to structurally different and more complex

environments.

Both experiments were conducted using simulation environments provided by
ROS and Gazebo, offering controlled and reproducible testing conditions. However,
simulation environments cannot fully capture the complexity of real-world conditions,

including sensor noise, dynamic obstacles, and unmodeled environmental variations.
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Consequently, validating the proposed DRL models through real-world experiments

remains an essential step for confirming their robustness and practical applicability.

5.2 Recommendations for Future Work

Based on the findings and insights gained throughout this thesis, several important
recommendations can help guide future research in DRL-based robot navigation.
First, combining the strengths of both training approaches used in this work is
highly recommended. The extended model offered flexibility by using randomized
start and goal positions, while the non-extended model performed well in tight and
narrow spaces due to its specialized training. A future model that brings these
two approaches together can become more adaptable and capable of handling a
wide variety of navigation tasks. Second, instead of training new models from
scratch, it is recommended to retrain existing pre-trained models. This approach
can save time and reduce the effort needed to reach high performance, especially
when introducing new or more complex training environments. Third, future work
should focus on integrating both global and local navigation strategies. Using global
waypoint planning together with local DRL-based decision-making can lead to better
and more reliable navigation, especially in unfamiliar or dynamic environments.
It is also important to train navigation models in more challenging and diverse
environments. Including complex layouts such as maze-like paths, long continuous
walls, and narrow corridors will help improve the model’s ability to make good
decisions and adapt to unfamiliar situations. Future work should study how different
sources of variability, such as the magnitude of environment randomization, the
inclusion of dynamic obstacles, and changes in sensor resolution, contribute to
improved generalization performance. In addition, hybrid reward systems should be
considered. These systems can give the model feedback not only for reaching the
goal but also for following the planned path more accurately. This can improve the
model’s navigation precision and overall performance. It is also suggested to include
dynamic obstacles in the training process. Since the current model already showed
a natural ability to handle moving objects, training with such obstacles can further
improve its performance in real-world conditions. Finally, it is essential to test the
trained models outside of simulation. Future research should include real-world

experiments using physical robots in structured indoor areas. This type of testing



5.2 Recommendations for Future Work 55

will help evaluate how the model deals with challenges like sensor noise, unexpected
obstacles, and environmental changes—factors that cannot be fully simulated. In
addition, a sim-to-real evaluation plan should be considered, including controlled
tests on a physical robot (e.g., low speed in a single environment) and analysis of
practical risks such as sensor noise models, system latency, odometry drift, and
safety constraints. Any physical test would require extra safety tools—such a remote
emergency stop button, and software monitors—to keep the robot safe. Following
these recommendations can lead to the development of more powerful, adaptable, and

reliable DRL-based navigation systems, better prepared for real-world applications.
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Appendix A

List of Abbreviations

Table A.1 List of Abbreviations Used in the Thesis

Abbreviation Definition
Reinforcement Learning Algorithms
TD3 Twin Delayed Deep Deterministic Policy Gradient
PPO Proximal Policy Optimization
SAC Soft Actor-Critic
DDPG Deep Deterministic Policy Gradient
DQN Deep Q-Network
General Terms and Systems
RL Reinforcement Learning
DRL Deep Reinforcement Learning
ROS Robot Operating System
Architectures and Models
COA Crowds and Obstacles Avoidance with Deep Reinforcement Learning
GDAE Goal-Driven Autonomous Exploration
Tentabot FC Fully Connected Model in Tentabot Framework
Tentabot IDCNN FC 1D Convolutional Neural Network with FC Layers in Tentabot
OPAC Opportunistic Actor-Critic




Appendix B

Code, Software, and Experimental
Artifacts

This appendix provides consolidated access to all code repositories, software frame-
works, and experimental artifacts referenced in this thesis. The resources listed here
support reproducibility, transparency, and comparison with related works discussed

throughout the manuscript.

B.1 Proposed Method Implementation

The complete implementation of the proposed navigation framework, including

environment design, training setup, and evaluation scripts, is available at:

¢ Extended-ROS-Jackal-Environment (GitHub):
https://github.com/Romisaa- Ali/Extended-ROS-Jackal-Environment

This repository contains the custom simulation environments, randomized train-
ing configurations, and the integration of the DRL controller within the ROS naviga-
tion stack.


https://github.com/Romisaa-Ali/Extended-ROS-Jackal-Environment
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B.2 Containerized Training Environment

SingularityCE was used to containerize the training environment in order to run
multiple deep reinforcement learning models in parallel while maintaining isolated

and independent execution contexts.

The container setup followed the official SingularityCE documentation, accessi-
ble at:

* https://docs.sylabs.io/guides/latest/admin-guide/installation.html

B.3 Simulation and Robot Frameworks Used in This
Work

The simulation and robotic framework adopted in this study is based on the ROS
Jackal platform and its official Gazebo simulation tools. The following repositories

constitute the core environment used and extended in this work:

* ROS Jackal Navigation Environment (Daffan et al.):
https://github.com/Daffan/ros_jackal

* ROS Jackal Competition Environment (Daffan et al.):
https://github.com/Daffan/ros_jackal/tree/competition

* Clearpath Jackal Gazebo Simulation:
https://docs.clearpathrobotics.com/docs/ros 1 noetic/robots/outdoor_robots/jackal/

tutorials_jackal/#simulating-jackal

These frameworks provide the mobile robot model, sensor interfaces, and simu-
lation infrastructure that were directly used and extended to implement the proposed

navigation and training environments.


https://docs.sylabs.io/guides/latest/admin-guide/installation.html
https://github.com/Daffan/ros_jackal
https://github.com/Daffan/ros_jackal/tree/competition
https://docs.clearpathrobotics.com/docs/ros1noetic/robots/outdoor_robots/jackal/tutorials_jackal/#simulating-jackal
https://docs.clearpathrobotics.com/docs/ros1noetic/robots/outdoor_robots/jackal/tutorials_jackal/#simulating-jackal
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B.4 External Repositories Referenced for Context and

Comparison

In addition to the main simulation framework, several publicly available repositories
related to deep reinforcement learning-based robot navigation were consulted for

contextual understanding and comparison with recent studies:

* DRL Robot Navigation (Cimurs et al.):
https://github.com/reiniscimurs/DRL-robot-navigation

* Tentabot Navigation Framework (Akmandor et al.):
https://github.com/RIVeR-Lab/tentabot/tree/master

* Reinforcement Learning Navigation Benchmark (Xu et al.):
https://cs.gmu.edu/~xiao/Research/RLNavBenchmark/

* Jackal Crowd Navigation Environment (Roth et al.):
https://github.com/AMR-/JackalCrowdEnv

* Mobile Robot Navigation Comparison (Zerosansan):
https://github.com/zerosansan/td3_ddpg_sac_dqn_glearning_sarsa_mobile_robot_

navigation

These resources were referenced to understand common benchmarking practices,
problem formulations, and architectural trends in recent navigation studies. They

were not directly integrated into the experimental pipeline of this work.


https://github.com/reiniscimurs/DRL-robot-navigation
https://github.com/RIVeR-Lab/tentabot/tree/master
https://cs.gmu.edu/~xiao/Research/RLNavBenchmark/
https://github.com/AMR-/JackalCrowdEnv
https://github.com/zerosansan/td3_ddpg_sac_dqn_qlearning_sarsa_mobile_robot_navigation
https://github.com/zerosansan/td3_ddpg_sac_dqn_qlearning_sarsa_mobile_robot_navigation
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