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ABSTRACT: 
 
Autonomous mobile robot navigation in dynamic environments has been studied widely because of 
the increasing necessity for safe and efficient movement in complex settings such as warehouses, 
hospitals, transport terminals, and public spaces. Even though classical navigation approaches have 
shown stronger performance in controlled static environments, real-world continuous applications 
require repeated replanning, map updates, and simplified assumptions about obstacle position and 
dynamics. These requirements often limit the application of classical approaches in complex scenarios. 
Therefore, deep reinforcement learning is progressively adopted as a promising approach for 
navigation tasks requiring continuous control and adaptation to changing environments. 
 
In this thesis, deep reinforcement learning-based mobile robot navigation in dynamic environments 
has been analyzed and improved with a focus on safety, stability, task completion, and generalization. 
The research problem is aligned with the difficulty of learning reliable navigation policies, mainly in 
dynamic environments, where the performance can be reduced due to sparse rewards, unsafe 
exploration, and limited transferability to unseen settings. The study has been rooted in reinforcement 
learning theory, the Markov decision processes, continuous control, and safety-aware reward design 
function. Notably, DDPG, TD3, and SAC have been used as proposed algorithms for continuous control. 

 
Using structured navigation environments, a simulation-based experimental framework has been 
developed. The baseline DDPG has first been evaluated and conducted both qualitative and 
quantitative analysis on its failure behavior. After this, an iterative reward refinement was performed 
to improve collision avoidance, goal reaching, and motion stability. Later, algorithmic enhancement 
was performed, where TD3 and SAC were compared under controlled static and dynamic settings, and 
SAC was selected for curriculum-based training because of its generalization behavior. Finally, a 
curriculum-based training has been implemented with progressive complex environments followed 
by three generalization assessments, including zero-shot evaluation, warm-up fine-tuning, and OOD 
stress sweep. 
 
The results show that the improved model is more stable and has effective navigation behavior. The 
curriculum-trained policy achieved consistent task completions and has shown reasonable 
transferability to unseen environments, although performance degrades in more difficult out-of-
distribution cases. Overall, the study has demonstrated that a combination of reward engineering, 
stable learning, and curriculum-based training can improve safe navigation in dynamic environments. 

 
 
KEYWORDS: deep reinforcement learning, mobile robot navigation, dynamic environments, 
curriculum learning, SAC, TD3, generalization 
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1 Introduction 

 1.1 Background 

In a real-world dynamic environment like warehouses, hospitals, public stores, transportation 

terminals, and urban sidewalks, the implementation of autonomous mobile robots is 

increasing currently. This demands the need for optimized decision-making while maintaining 

the balance between safety and efficiency in a complex environment (Rudenko et al., 2020). 

Also, collisions are unacceptable considering the comfort and safety of the pedestrians. 

Hence, there exists a challenge in mobile robotics for designing a socially acceptable, safe, 

efficient, and robust navigation system.  

 

Traditional navigation methods include Simultaneous Localization and Mapping (SLAM) and 

classical planners such as A*, Dijkstra, Artificial Potential Field (APF), Rapidly-exploring 

Random Tree (RRT), and Dynamic Window Approach (DWA) for mapping, localization, path 

planning, and obstacle avoidance. These methods perform well in static, well-known 

environments but fail to adapt to dynamic scenarios (Zeng et al., 2021). This happens because 

navigation in dynamic scenarios depends on recurrently updated maps, constant replanning, 

and handling of dynamic obstacles. In most of the systems, dynamic objects like pedestrians 

and other moving objects are considered static, or an oversimplified assumption of their 

movement often leads to dangerous decisions in a complex environment.  

 

These constraints encourage exploring the learning-based approaches as they can connect the 

sensor inputs, varying environments, and safety measures. Deep Reinforcement Learning 

(DRL) combines deep learning with reinforcement learning, where the robot learns by 

interacting with the environment (Lillicrap et al., 2016). With the integration of deep neural 

networks, DRL has been deployed in navigation systems for obstacle avoidance, indoor, and 

social navigation, as DRL can estimate policies and value functions in high-dimensional state 

spaces.  
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For discrete actions, value-based algorithms like DQN, Double DQN, and Dueling DQN, and 

other variants deployed the first end-to-end navigation policies. Similarly, for continuous 

control, commonly used for real robots, actor-critic methods like Deep Deterministic Policy 

Gradient (DDPG), Asynchronous Advantage Actor-Critic (A3C), Proximal Policy Optimization 

(PPO), Soft Actor-Critic (SAC), and Twin Delayed DDPG (TD3) are used for yielding smooth 

linear and angular velocities (Schulman et al., 2017; Haarnoja et al., 2018; Fujimoto et al., 

2018). Regardless of optimistic results, DRL-based navigation still lacks generalization, sim-to-

real gaps, partial observability, and sparse rewards when transferring from simulations to 

complex real-world environments. These limitations are critical for mobile robot navigation in 

crowded and dynamic environments.  

 

In addition, most of the surveys reviewed found that many of the DRL methods are simulated 

in idealized conditions about the sensor noise, obstacle movement, and positions, and 

evaluated in simplified environments. Simultaneously, they emphasize the open challenges of 

DRL methods, such as safe behavior in highly crowded environments, sim-to-real transfer 

robustness, multi-sensor fusion, and managing multi-robot coordination (Zhu et al., 2025; Le 

et al., 2024). Therefore, there is a strong agreement that analyzing and improving the safety 

and generalization of DRL-based mobile robot navigation in dynamic environments is a key 

research area.  

 

Safe Reinforcement Learning (SRL) emerged explicitly addressing safety, where safety 

objectives are separated from performance objectives (Zhou et al., 2023). Conflict-Averse Safe 

Reinforcement Learning (CASRL) was introduced recently, where it decomposes tasks into sub-

tasks, goal reaching, and collision avoidance. This considerably improves safety in dynamic 

crowded environments and can be implemented in real robots as it includes reliable safety 

critics and conflict-averse gradient manipulation. 

 

This thesis focuses on analyzing deep reinforcement learning methods for safe and efficient 

mobile robot navigation in dynamic environments. Also, analyzes how the integration of 

safety-critical measures into continuous-control algorithms, such as DDPG, SAC, and TD3, 

allows safe and efficient mobile robot navigation, contributing to the development of DRL-

based navigation systems. 
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1.2 Problem Statement  

The navigation methods have been efficient in controlled settings and known environments. 

But they face many challenges when exposed to an unknown environment, which reduces 

their efficiency in real-world robotics deployments. Compared to static environments, 

learning in dynamic environments with time-dependent obstacles will lead to: 

• Higher collision rate 

• Lower success rate  

• Higher training instability  

• Policy that circles the obstacles rather than progressing 

• Poor generalization to unseen environments 

 

These limitations occur due to: 

• Sparse rewards: Sparse and delayed rewards lead to slow convergence. 

• Instability: Variability in the reward signal is introduced by dynamic obstacles, causing 

an instability in learning. 

• Reactive reward design: Agents will learn and make unsafe decisions as the collision 

penalties are applied only after collisions. 

• Limited generalization: Policies often fail to adapt to new layouts or different dynamics 

other than their trained environment. 

 

 

Formally, the navigation problem can be developed as a Markov Decision Process (MDP) 

(Sutton & Barto, 2018) defined by the tuple:  

    𝑀 = (𝑆, 𝐴, 𝑃, 𝑅, 𝛾) 

where: 

• 𝑆 represents the state space (robot position, velocity, relative obstacle distance, etc.), 

• 𝐴 represents the continuous action space (e.g., angular and linear velocities), 

• 𝑃 represents the state-transition dynamics, 

• 𝑅 is the reward function with 𝑟𝑡 = 𝑅(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1), 

• 𝛾 𝜖(0,1) is the discount factor. 
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The primary objective is to learn an optimal policy 𝜋(𝑎|𝑠) that maximizes the expected 

cumulative reward: 

    

     𝐽(𝜋) = 𝐸 [∑ 𝛾𝑡𝑇

𝑡=0
𝑟𝑡] 

 

Problem definition: Given this MDP structure, the main goal is to design a reward-aware and 

safe navigation learning framework that the learned policy will achieve higher success rates, 

lower collision rates, and robust behavior in dynamic environments.  

 

Research Problem: The standard DDPG struggles to learn a policy that is reliable in dynamic 

environments due to insufficient reward design and a deficiency of dedicated safety 

awareness and obstacle avoidance mechanisms. Therefore, the learned policies often fail to 

balance efficiency and safety in the presence of non-static obstacles. 

 

1.3 Research Questions 

This thesis is guided by the following research questions: 

1. What behavioral patterns can be observed in the failed navigation policy during 

training and evaluation? 

2. How does safety-aware reward shaping improve high-collision navigation, instability, 

and goal-reaching performance? 

3. What is the effectiveness of the curriculum-based training across increasing 

environmental complexity? 

4. How does the navigation performance of the trained policy change and generalize 

across different unseen environments without retraining? 

 

1.4 Research objectives 

This thesis aims to analyze and improve deep reinforcement learning-based mobile robot 

navigation in dynamic environments by implementing iterative safe reward designs, behavior 

failure analysis, and evaluating robustness across more complex, unseen scenarios. 

The objectives of this thesis are: 
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1. To analyze the behavioral failure patterns of standard DDPG in a simple environment 

2. To design and implement a safety-aware reward function to improve stability, wall 

collision avoidance, and goal-reaching behavior. 

3. To implement a curriculum-based training with increasing environmental complexity. 

4. To conduct a generalization assessment of the trained policy in unseen environments 

without retraining. 

 

1.5 Contributions 

The key contributions of this thesis are as follows: 

• Behavioral failure analysis: In contrast to existing literature that focuses mainly on 

quantitative metrics like success and collision rates, this work conducts a qualitative 

behavioral failure analysis by tracing agent trajectories and recording failure 

interactions. This helps to identify the unsafe, inefficient policy patterns that lead to 

unstable, unreliable navigation. 

• Safety-aware reward design: This work focuses on a systematic iteration of safety-

aware reward shaping. Multiple reward variants are designed and evaluated for their 

influence on success rate, collision rate, collision avoidance, and task completion. This 

helps to address the failure behaviors, such as higher collisions, freezing behavior, and 

unsafe and goal-irrelevant navigation. 

• Systematic curriculum-based validation: Apart from single-environment training, this 

thesis focused on a systematic, curriculum-based evaluation framework across six 

controlled complexity stages. This systematic progression helps assess policy 

performance and robustness as spatial complexity and dynamic obstacle density 

increase. Moreover, a generalization assessment by testing the agent in separate, 

unseen environments without retraining evaluates both zero-shot and warm-up 

generalization, providing a reliable assessment of the policy’s adaptability in real-

world scenarios. 
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 2 Literature Review 

This chapter systematically reviews the evolution of the autonomous mobile robot navigation 

from classical navigation approaches, deep reinforcement learning (DRL), and safety-aware 

navigation methods. The review clearly demonstrates the gaps that motivate this thesis: (1) a 

lack of behavioural failure analysis, (2) the importance of reward functions in improving the 

performance, and (3) the absence of evaluation across different environment levels. 

 2.1 Classical Navigation Method 

Autonomous mobile robot navigation in dynamic environments is a significant research area 

in robotics and artificial intelligence. The traditional navigation approach includes 

simultaneous localization and mapping (SLAM), path planning, and local obstacle avoidance 

with the classical planners such as A*, Dijkstra, Rapidly-exploring Random Tree (RRT), Artificial 

Potential Field (APF), and Dynamic Window Approach (DWA). These systems perform well in 

static, well-known environments but struggle in dynamic environments, which require 

repeated planning, map updates, grid-resolution trade-offs, and accumulated errors in the 

perception-navigation stack (Zeng et al., 2021; Le et al., 2024). 

 

The global path planning algorithms, like A* or Dijkstra, compute the shortest path towards 

the goal, while local planners deal with obstacle handling and smoother navigation in static 

environments. These algorithms work on discrete maps and are optimal under appropriate 

assumptions. The researchers later integrated real-time dynamic methods as the environment 

complexity increased, and these classical methods struggled with performance and 

robustness across dynamic environments with moving obstacles or multiple agents (Everett 

et al., 2021).  

 

Similarly, some models emerged later that adapt within highly crowded environments, such 

as behaviour-based and social force models. But they require higher parameter tuning and 

were limited to adapt in higher-level social awareness or among multiple interactive agents 

(Godoy et al., 2016). Another planner that is more applicable for continuous navigation 

includes the Rapidly exploring Random Tree (RRT) and RRT*. These methods work in complex 
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spaces but still struggle in a densely populated environment with obstacles having 

unpredictable trajectories (Xiao et al., 2022) 

 

Despite their practical value, classical planners struggle in unknown, unstructured, and 

dynamic environments. This motivates the need for DRL approaches that learn navigation 

policies from sensor data and reduce the reliance on predefined maps and decision-making 

rules (Zeng et al., 2021; Zhu et al., 2025) 

 

2.2 Reinforcement Learning Foundations 

Reinforcement Learning (RL) is a type of machine learning where the agent learns through 

interacting with the environment through a trial-and-error approach, and gets scalar feedback 

known as rewards or penalties (Sutton & Barto, 2018). The RL framework typically consists of 

an agent that observes a state, interacts with the environment, receives scalar feedback as 

reward for an optimal action or penalty for a non-optimal action, and updates the policy to 

maximise the cumulative reward.  

 

In RL, policies are learned rather than predefined rules, which enhances the adaptability of RL 

to cope with uncertain inputs. The DRL methods are commonly divided into value-based 

methods and policy-based methods or actor-critic methods (Zhu & Zhang, 2021). Value-based 

methods such as Deep Q-Network (DQN), Double DQN, Dueling DQN, and Dueling Double 

DQN (D3QN) learn value functions and select actions using an argmax rule over the learned 

Q-values. These methods are applicable for discrete action spaces, but they are weaker for 

continuous action spaces (Zhu & Zhang, 2021). While the policy-based and actor-critic 

methods, such as Asynchronous Advantage Actor-Critic (A3C), Deep Deterministic Policy 

Gradient (DDPG), Twin Delayed DDPG (TD3), Proximal Policy Optimization (PPO), and Soft 

Actor-Critic (SAC), focus on decision-making (Le et al., 2024; Zhu et al., 2025).  

 

To enhance learning in high-dimensional spaces, deep neural networks are integrated into 

reinforcement learning. Methods like DQN achieve human-level performance in Atari games, 

where a deep convolutional neural network estimated the value functions from pixel-level 

inputs (Mnih et al., 2016). Despite its effectiveness, the dependence on a discrete action space 
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limited its performance and application in continuous control tasks. Lillicrap et al. (2016) 

introduced a baseline algorithm for continuous control, Deep Deterministic Policy Gradient 

(DDPG). DDPG is an actor-critic, model-free algorithm that can learn policies in a continuous 

action space. 

 

Pure RL has issues like slow convergence, low sample efficiency, and instability. Some studies 

focused on stabilizing the RL through policy optimization techniques (Schulman et al., 2017), 

entropy regularization (Haarnoja et al., 2018), and addressing function approximation errors 

(Fujimoto et al., 2018). Methods like Proximal Policy Optimization (PPO), Asynchronous 

Advantage Actor-Critic (A3C), Soft Actor-Critic (SAC), and Twin Delayed DDPG (TD3) also 

contributed to the field of robot navigation, are adapted to complex environments, and 

therefore become central to the DRL-based navigation. 

 

 2.3 Deep Reinforcement Learning for Continuous Control 

Deep Reinforcement Learning (DRL) is an extension of RL where deep neural networks are 

integrated to estimate the policy and value functions for continuous action spaces (Lillicrap et 

al., 2016). The navigation performance in DRL is strongly influenced by the core components 

of the MDP framework, such as the state representation, the action space, and the reward 

design. The state representation may include sensor-level states (LiDAR ranges, RGB 

observations, or depth images) or agent-level states (positions, velocities, and relative 

distances). The action space can be discrete or continuous velocity commands, and the reward 

function is often designed with a balance between goal reaching and safety measures.  (Zhu 

& Zhang, 2021; Le et al., 2024).  

 

The deterministic policy gradient provides the theoretical basis for actor-critic methods, 

enabling optimization of parameterized policies in continuous action spaces. The 

deterministic policies are suitable for high-dimensional continuous control problems as they 

reduce the variance in gradient estimates by integrating over the state distribution (Sutton & 

Barto, 2018). Also, the vision-based approaches conducted by Levine et al. (2016) have proven 

that the convolutional neural networks could learn visuomotor policies from raw pixel 

observations and map to motor commands without handcrafted features. Asynchronous 
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variants accelerated the training by applying a change in the traditional robotics pipeline and 

considered planning, perception, and control in parallel (Mnih et al., 2016). 

 

However, continuous control remains challenging as they include non-stationary targets, due 

to bootstrapping-based updates. Additionally, overestimation bias caused by the function 

approximation errors, and finally, dead policy issues caused by suboptimal deterministic 

actions by the agent due to inefficient exploration or critic inaccuracies. In robotic settings, 

where the agent processes high-dimensional sensory inputs through LiDAR or camera images, 

these challenges escalated, as they are under conditions like environmental uncertainty and 

partial observability. This shows the necessity of algorithmic enhancements to achieve reliable 

and robust performance which are discussed in the following section. 

 

 2.4 DDPG, TD3, SAC and PPO 

Lillicrap et al. (2016) introduced a baseline algorithm for continuous control, Deep 

Deterministic Policy Gradient (DDPG). DDPG is an actor-critic, model-free algorithm that can 

learn policies in a continuous action space. It utilizes replay buffers, ensuring sample efficiency 

and target networks for training stability.  Therefore, DDPG is applicable in cases where 

smooth linear and angular velocities are required, like in mobile robot navigation (Lillicrap et 

al., 2016).  

 

To illustrate the capability of deep reinforcement learning in continuous action spaces, DDPG 

was shown to solve more than 20 simulated physics tasks (Lillicrap et al., 2016). But the 

method has many limitations, such as overestimation bias, hyperparameter sensitivity, 

exploration noise sensitivity, and reward design dependency. These constraints are significant 

as they can cause performance degradation (Lillicrap et al., 2016; Zhu et al., 2025). 

These weaknesses are addressed by Fujimoto et al. (2018) with Twin Delayed DDPG (TD3). 

The method introduced three changes:  

• Clipped Double-Q learning: to mitigate the overestimation, used a minimum of two 

critics  

• Delayed policy updates: to stabilize the training, the actor is updated less frequently 
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• Target policy smoothing: for better exploration and to increase the robustness by 

adding noise. 

Thus, TD3 becomes a robust baseline for robotic tasks, as these mechanisms significantly 

improved the performance on MuJoCo benchmarks.  

 

Soft Actor-Critic (SAC) is another continuous control algorithm that improved the efficiency of 

off-policy methods through entropy regularization. This encourages exploration and makes 

SAC more effective in sparse-reward settings (Haarnoja et al., 2018). It adds stochasticity to 

the policy objective. It outperforms TD3 in sample efficiency and convergent performance in 

continuous control. Also, its stochastic actor is good for navigation in uncertain environments, 

as the exploration encourages collision avoidance. 

 

 In contrast, Proximal Policy Optimisation (PPO) adopts an on-policy method, prioritizes 

monotonic improvement and stable updates through clipped optimization by preventing 

destructive policy updates (Schulman et al., 2017).  PPO is popular in robotics due to its 

simplicity and reliability. It balances the stability with strong results in locomotion and 

manipulation tasks. 

Table 1. Summary of DDPG, PPO, TD3, and SAC for mobile robot navigation. 

 

Overall, these algorithms form the algorithmic core for DRL navigation. The deterministic off-

policy methods, DDPG and TD3, and the stochastic off-policy method, SAC, provide efficiency 

and control, while the stochastic on-policy method, PPO, provides robustness and stability. 

Their application to robot control, especially in dynamic environments, is explored next. 

 

Algorithm Sample Efficiency Stability Performance in 
Sparse Rewards 

Standard Role 

DDPG Medium Low Poor Baseline continuous 
control 

PPO Low-Medium Very high Medium Stable on-policy 
control 

TD3 Medium-High High Medium Robust baseline for 
robots 

SAC Medium-High High Excellent Sample-efficient, 
stochastic 
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2.5 DRL-Based Robot Navigation 

Deep Reinforcement Learning has renewed mobile robot navigation by enabling end-to-end 

policies that map raw sensor inputs (LiDAR, RGB images, and depth) directly to continuous 

velocity commands, avoiding explicit mapping or planning (Tai et al., 2017).  

 

A primary task for DRL- based navigation includes local obstacle avoidance without explicit 

maps, where the robot relies on sensor-level perception states and reaches its goal by avoiding 

the obstacles, mostly in a simplified environment (Zhu & Zhang, 2021; Le et al., 2024). On 

average, most implementations use high-dimensional state space (LiDAR or depth image 

data), continuous or discrete actions, and dense reward shaping for efficient and safe 

navigation. Also, many studies implement domain randomization or expert trajectories to 

improve learning and transferability (Zhu & Zhang, 2021; Shakerimov et al., 2023). 

 

Indoor navigation tasks include evaluating the performance of the robot in rooms, corridors, 

or maze-like layouts. While visual navigation methods utilize RGB inputs, recurrent networks 

are used to address partial observability. These methods are successful in simulation where 

the robot must reach a goal based on the perception inputs (Le et al., 2024; Zhu et al., 2025). 

Generalization has improved with the vision-based and off-policy variants. Gandhi et al. (2017) 

demonstrated learning from failure, enabling policy acquisition for drone navigation through 

crash-tolerant exploration. The comprehensive survey, like Zhu et al. (2025) has confirmed the 

DRL’s dominance in mapless environments, even though the performance degrades in highly 

dynamic crowds without explicit safety constraints. 

 

Multi-Robot Navigation and Multi-Agent Reinforcement Learning (MARL) is an integration of 

multiple autonomous systems for navigation within a shared environment. Compared to the 

traditional methods, MARL helps robots to learn together and make decisions in a complex 

environment with other robots and obstacles. These methods are extremely applicable for 

robots within a shared space (Zhu et al., 2025). But extra challenges are introduced by MARL, 

such as training instability and scalability issues with the increase of agents. Besides, most 

studies still assume simplified settings rather than crowd-rich environments for 
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experimentation (Zhu et al., 2025; Le et al., 2024). This demonstrates the importance of 

reward engineering in DRL navigation as it is vulnerable to unsafe exploration. 

 

2.6 Safety-Aware Reward Design 

Reward shaping is demanded by DRL navigation for safe navigation with collision-free 

behaviour while maximising task completion (Miranda et al., 2024). Traditional sparse rewards 

lead to inefficient learning, while shaped rewards that include potential-based functions, 

yielding shaped rewards, preserve policy invariance (Chahoud et al., 2025). To improve 

performance in unknown environments, dense reward shaping is effective as it improves the 

learning stability, along with obstacle avoidance, goal progress, and control efficiency. But 

reward shaping alone does not improve the generalization, as most training is performed in 

narrow environmental distributions. Therefore, a clear need of environment diversity should 

be considered while training to achieve more robust navigation (Miranda et al., 2024; Le et 

al., 2024). 

 

As mentioned, one of the major limitations in navigation tasks includes unguaranteed safety 

from standard DRL-based navigation, as they only promise higher expected return. This is 

unacceptable in a socially dynamic environment. Safe Reinforcement Learning (SRL) addresses 

this problem by introducing explicit safety constraints through reward designs, cost functions, 

or safety critics (Zhou et al., 2023). Their approach has surpassed the success rate of vanilla 

DDPG by 40% among moving agents. Miranda et al. (2024) improved the generalization by 

combining curiosity rewards with safety terms that enable zero-shot transfer across unseen 

environments. 

 

Notably, Conflict-Averse Safe Reinforcement Learning (CASRL) was especially designed for 

pedestrian-rich navigation. CASRL breaks down the navigation task into a goal-reaching critic 

and a collision avoidance safety critic with separate policy gradients. This significantly 

improves the navigation performance in dynamic environments (Zhou et al., 2023). CASRL is 

important as it demonstrates that safety-aware navigation is achievable in dynamic 

environments. Also, it shows that rather than terminal collision penalties, the safety can be 

explicitly treated as a learning objective. Despite improvements, hand-crafted reward shaping 
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remains fragile, especially in unseen environments. This motivates the need for 

human/crowd-aware navigation. 

 

2.7 Dynamic and Social Navigation 

Dynamic environments are considered one of the major challenges in mobile robot 

navigation, as the agent should adapt to moving obstacles and environmental variations. 

These scenarios demand real-time decision-making under uncertainty. This scenario becomes 

more complex when the agent is deployed in a crowded environment where the agent must 

avoid collisions by predicting human actions while maintaining human comfort and safety 

(Rudenko et al., 2020). 

 

In deep reinforcement learning approaches, it learns policies directly from interacting with 

the environment and does not entirely depend on predefined rules, making it attractive in 

these settings. Everett et al. (2018) demonstrated the applicability of DRL for motion planning 

in dynamic environments with other decision-making agents, where the robot must predict 

the actions of other agents and make decisions adaptable to them. This is an important step 

in a crowded setting with humans or other agents. In parallel, a safe reinforcement learning 

approach for autonomous navigation in dynamic environments is proposed by Zeng et al. 

(2021), highlighting safety constraints and collision avoidance during learning and 

deployment.  

 

Another concern in social navigation is that the robot must understand the positions of other 

obstacles and how they are likely to move. This reveals the importance of trajectory prediction 

and crowd modelling in DRL-based navigation systems. Godoy et al. (2016) focused on human-

aware navigation policies for socially acceptable behaviour, while the role of human motion 

prediction to enable greater interaction-aware planning was highlighted by Rudenko et al. 

(2020). This showcases the importance of reward design in such settings, as the agent must 

learn to choose safe and socially acceptable behaviour rather than fast actions. 
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Another challenge for safe navigation arises in multi-robot and dense crowd systems, because 

an agent’s actions affect the future behaviour of other agents. CrowdMove, a mapless multi-

robot navigation framework, was introduced to address these difficulties (Fan et al., 2018). It 

learns decentralized behaviour from experience. This direction was extended by Le et al. 

(2024) by studying the multi-robot navigation with DRL. It demonstrated the effectiveness of 

collaborative learning and communication-aware policies in improving the stability.  

 

Overall, the research on social and dynamic navigation revealed that successful robot motion 

in crowded dynamic environments requires more than obstacle avoidance. It requires 

prediction, safety awareness, and socially compliant behaviour. DRL is promising in mobile 

robot navigation, but its success heavily depends on safety-aware reward shaping, training 

diversity, and reliable sim-to-real transfer.  

 

2.8 Sim-to-real transfer challenges 

One of the major challenges in DRL navigation is the transferability problem. The policies are 

trained in a simulation with limited setup, and a significant performance degradation can be 

seen when it is implemented in real time, where it faces different dynamics in sensor noise, 

hardware constraints, and environmental changes. In case of dynamic scenarios, this gap can 

lead to unsafe collisions due to errors in perception or control systems (Peng et al., 2018). 

 

Methods like domain randomization, domain adaptation, curriculum learning, and 

uncertainty modelling are explored to improve the robustness and reduce the sim-to-real gap, 

but they do not fully mitigate the problem, as the environment is unpredictable in real-time. 

Peng et al. (2018) demonstrated that domain randomization can support the effective transfer 

of robotic control task policies, as it trains the policy on different possible environment 

variations. 

 

In domain adaptation, the variance between the simulation and reality is explicitly reduced by 

aligning feature distributions or adjusting policy behaviour after deployment. Combining the 

domain randomization and domain adaptation demonstrated that the two methods can 
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balance to improve the transfer efficiency (Shakerimov et al., 2023). Since it can be applied 

without retraining, the adaptation will help the policy to adjust to different floor settings, 

obstacle shapes, or action delays. This is useful in navigation tasks because small variations in 

sensor input or robot motion can cause significant performance degradation.   

 

Another method is curriculum learning, which introduces the complexity gradually. Sigal et al. 

(2024) introduced the curriculum learning for robot navigation, initially from simple scenarios 

to more complex ones. This caused a significant improvement in stabilized training and 

generalization. The sim-to-real transfer challenges in dynamic navigation is further discussed 

in Chukwurah et al. (2024), revealing that the problem is not only due to the visual variations 

but also about the environmental interaction dynamics, reward sensitivity, and timing issues. 

Another approach is uncertainty-aware methods. Kahn et al. (2018) showed the importance 

of considering uncertainty in improving robustness in robot navigation to avoid presuming 

decisions in unfamiliar environments. In modern robotics, these methods are combined with 

simulation platforms like ROS2, Gazebo, or PyBullet to build a testing pipeline before real-

world deployment (Macenski et al., 2022).  

 

Overall, sim-to-real transfer is one of the major barriers in DRL-based mobile robot navigation. 

Approaches like domain randomization, domain adaptation, curriculum learning, and 

uncertainty modelling help to reduce the sim to real gap but not fully eliminate it. Therefore, 

robust transfer in dynamic environments is still an active research problem, where all 

interaction patterns are difficult to model in simulation. 

 
 

2.9 Research Gaps and Summary 

Gap 1: Lack of Behavioural Failure Analysis 

A major limitation in the existing literature is that most studies evaluate the DRL navigation 

performance using only quantitative analysis rather than qualitative analysis. They focus on 

success rate, collision rate, and other quantitative metrics. These metrics are useful, but they 

do not explain why a policy fails or reveal the recurrent failure patterns. 
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Table 2. Overview of selected navigation methods, environment, and evaluation criteria. 

 

Study Environment type Metrics used Behavioural 

analysis 

Tai et al. (2017) Static + real-world Success rate Limited 

Everett et al. (2018, 2021) Crowd/dynamic Collision 
avoidance, success 

Limited 

Xie et al. (2021) Dynamic crowds Safety, success Limited 

Kahn et al. (2018) Real-world Uncertainty, safety Limited 

Fan et al. (2018) Multi-robot crowd Success, efficiency Limited 

This work Static + dynamic Success rate, 
collision rate, path 
length, average 
reward 

Included 

 

For safety-critical navigation, the absence of failure analysis is complicated because it will 

prevent the researchers from identifying behavioural patterns that lead to unsafe actions. This 

thesis addresses that gap by conducting a failure behaviour analysis along with quantitative 

metrics. 

 

Gap2: Limited Systematic Analysis of Safety-aware reward design 

Another main issue in the literature is the reactive reward designs that penalize collision only 

after physical contact occurs. In most cases of DRL navigation systems, the reward is 

dominated by the goal distance and a large negative terminal penalty for collisions. This 

reward design is simple, but it does not provide any safety feedback, therefore leading to 

sparse gradients, slow learning, and unsafe collision-based explorations. Several studies 

demonstrated the importance of proactive reward shaping in improving safety and 

convergence by rewarding safe proximity, smoother motion, or obstacle-awareness (Zhou et 

al., 2023; Miranda et al., 2024). This thesis incorporates systematic reward designing along 

with proximity-based penalties and smoothness incentives to support more stable continuous 

control learning.  

 



26 
 

 

 

 

Gap3: Absence of systematic analysis across different settings 

Finally, in the current DRL navigation literature, policy evaluation is conducted in single, 

isolated environments rather than across various controlled complexity levels. This limits the 

analysis of the policy's robustness and generalization. For example, Tai et al. (2017) evaluated 

in a static maze, while Everett et al. (2018) used a fixed number of agent crowds. This makes 

it difficult to analyze the performance and robustness of the trained agent as the environment 

complexity evolves. 

 

This thesis addresses this gap by implementing a curriculum-learning framework that 

systematically increases the difficulty of navigation tasks on each level during training. The 

curriculum consists of six stages: 

• Stage 1: 10×10 m arena, 1 dynamic obstacle, and 2 static obstacles. 

• Stage 2: 20×20 m arena, 2 dynamic obstacles, and 2 static obstacles. 

• Stage 3: 30×30 m arena, 3 dynamic obstacles, and 2 static obstacles.  

• Stage 4: 40×40 m arena, 3 dynamic obstacles, and 3 static obstacles. 

• Stage 5: 50×50 m arena, 4 dynamic obstacles, and 3 static obstacles. 

• Stage 6: 50x50 m arena, 5 dynamic obstacles, and 4 static obstacles. 

This progressive approach allows the policy to learn basic obstacle avoidance and robust 

navigation skills as the number of obstacles and spatial complexity increase.  

 

Additionally, after the curriculum training, the policy is evaluated under unseen environments 

without retraining, enabling a generalization on zero-shot, warm-up fine-tuning, and out-of-

distribution (OOD) stress sweep assessment modes. 
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3 Methodology 

Figure 1. Methodology Flowchart of the research process. 

 

3.1 Baseline Methodology  

3.1.1 Simulation environment 

A baseline reinforcement learning (RL) framework was developed to evaluate the 

performance of a standard model-free, continuous-control navigation in a constrained robotic 

environment. The simulation is implemented using PyBullet, following a Gymnasium-

compatible interface. The environment consists of a spherical robot initialized at position (1,1) 

navigating in a bounded 5 x 5 m 2D arena bounded by four static walls and a fixed target at (4, 

4). 

 

The robot’s action space was continuous, consisting of linear velocity and angular velocity in 

𝑥 and 𝑦 directions, where each action lies in the range (-1,1): 

𝑎𝑡 = [𝑓𝑥, 𝑓𝑦] 



28 
 

 

The observation space consists of 24-ray LiDAR distance measurements, the robot’s 2D 

position and velocity, yielding a 28-dimensional state representation. This produced a 

continuous state representation, providing perception for collision avoidance and motion 

information. The custom environment developed in this thesis is referred to as “SphereNav”. 

 

Figure 2.  SphereNav simulation environment.  

 

3.1.2 Reward structure 

A non-safety-aware reference scenario is established initially for the baseline reward function. 

For each step, the agent receives a reward: 

𝑟𝑡 = −0.1 ⋅ 𝑑𝑡 

where 𝑑𝑡 is the distance from the robot to the goal at time 𝑡. 

Besides, the episode terminates: 

• If the robot reaches the goal (𝑑𝑡 < 0.3), a reward of +100 is added for reaching the 

goal.  

• If the robot collides with the wall, a penalty of -100 is applied. 

Also, the episode is truncated after a maximum of 500 steps. This setup creates a simple 

baseline without curriculum learning, guidance, or safety-aware reward design. 
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3.1.3 Training setup 

Deep Deterministic Policy Gradient (DDPG), a model-free, off-policy, actor-critic algorithm for 

continuous control, is used for training the baseline agent. The policy is trained for 50,000 

total timesteps, where each episode is limited to a maximum of 500 steps. A learning rate of 

1x10-3 was considered. Also, to encourage exploration, a Gaussian action noise with a standard 

deviation (𝜎) of 0.1 is added. This configuration is developed as a standard baseline where 

later modifications and improvements could be compared. 

 

3.1.4 Behavioural Evaluation Protocol 

The learning behaviour of the agent is evaluated across 100 independent episodes. The 

evaluation metrics used included success rate, collision rate, average episode return, and 

average episode length. 

 

In addition, to observe the learning dynamics over time, the TensorBoard logs, including the 

mean episode reward and mean episode length, were analysed. Also, the qualitative 

behavioural analysis was performed by tracing agent trajectories and recording the failure 

behaviour via interaction recording. 

 

3.2 Safety-Aware Reward Design  

3.2.1 Overview 

This section demonstrates the methodology for Gap 2, focusing on improving the 

performance of the Deep Deterministic Policy Gradient (DDPG) algorithm. The primary goal is 

to address the limitations observed in the baseline model in Gap 1, particularly the instability, 

poor convergence, goal-irrelevant behaviour, and high collision navigation.  

 

Several behavioral failures, such as freezing policies, higher collisions, unstable exploration, 

and aggressive goal-reaching, were shown in early reward design experiments. These 

limitations motivated the expansion of the safety-aware reward system that balances goal 

progression, stable exploration, and safe navigation behavior.  
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3.2.2 Refined Safety-Aware Reward Design 

To address the higher goal-crashing behavior and unstable exploration during preliminary 

experiments, implement a capped progress reward along with dense multi-component 

shaping and proportional safety penalties to enable long, safe exploration with precise 

termination. 

 

Reward function: 

𝑟𝑡 =  𝑟𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 + 𝑟𝑔𝑜𝑎𝑙 + 𝑟𝑎𝑙𝑖𝑔𝑛 − 𝑟𝑎𝑐𝑡𝑖𝑜𝑛+𝑟𝑠𝑎𝑓𝑒𝑡𝑦 +  𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 

where: 

• 𝑟𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 = 20.0 * clip (𝛥𝑑goal, 0, 0.5), capped sparse progress 

• 𝑟𝑔𝑜𝑎𝑙 =
1

𝑑𝑔𝑜𝑎𝑙+1
, dense goal shaping 

• 𝑟𝑎𝑙𝑖𝑔𝑛 = 3.0 ∗ 𝑐𝑙𝑖𝑝(𝑣𝑒𝑐{𝑣}𝑡 ∗ {𝑔}, −0.5, 1.0), velocity-goal alignment 

• 𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 0. 0005|𝑎𝑡|2, minimal action regularization 

• 𝑟𝑠𝑎𝑓𝑒𝑡𝑦 = {
−5.0 · (0.6 − min(𝑙𝑖𝑑𝑎𝑟𝑡)), min(𝑙𝑖𝑑𝑎𝑟𝑡) < 0.6 

0,                               otherwise 
  

• 𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 = {

+100,                 ⅆgoal < 0.45

−15.0,                     collision
−5.0,                    t ≥ 1000 

  

 

Implementation and parameter tuning: The observation space extended to 31 dimensions, 

including 24-ray lidar, relative goal position, robot position, robot velocity, and goal distance. 

Improved the starting position distribution p₀ ∼ U[0.8,1.8] ² and max steps to 1000. Robot 

downsized to r=0.25m, and the arena inset to 4.8m to provide natural safety margins.  

 

3.2.3 Final Reward Design with TD3 and SAC 

The previous versions clearly justified the overestimation and inefficient exploration of the 

DDPG algorithm. The limitations observed during preliminary experiments motivated the 

algorithm advancement from DDPG to TD3 (Twin Delayed DDPG) and SAC (Soft Actor-Critic).  

TD3 eliminates the overestimation through clipped double Q-learning and delayed policy 

updates. While SAC integrates entropy regularization for exploration. For fair comparison, the 

same environmental setup, reward design, and hyperparameters are used. 



31 
 

 

Reward design: 

𝑟𝑡 =  𝑟𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 + 𝑟𝑡𝑖𝑚𝑒 + 𝑟𝑐𝑜𝑛𝑡𝑟𝑜𝑙 + 𝑟𝑠𝑎𝑓𝑒𝑡𝑦+𝑟𝑔𝑜𝑎𝑙−𝑠ℎ𝑎𝑝𝑒 +  𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 

where: 

• 𝑟𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 = 8.0(𝑑𝑡−1 − 𝑑𝑡), is the progress reward toward the goal 

• 𝑟𝑡𝑖𝑚𝑒 =  −0.02, is the per-step time penalty 

• 𝑟𝑐𝑜𝑛𝑡𝑟𝑜𝑙 =  −0.01‖𝑎𝑡‖2, is the action regularization 

• 𝑟𝑠𝑎𝑓𝑒𝑡𝑦 = {−4.0 · (
0.55−𝑚𝑖𝑛(𝑙𝑖𝑑𝑎𝑟𝑡)

0.55
)

2
,           min(𝑙𝑖𝑑𝑎𝑟𝑡) < 0.55

0,                               otherwise
  

• 𝑟𝑔𝑜𝑎𝑙−𝑠ℎ𝑎𝑝𝑒 = 0.3(1 − 𝑡𝑎𝑛ℎ(𝑑𝑡)), is the long-range pull to the goal. 

• 𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙={

+150,                 ⅆgoal < 0.45 (success)

−120,                    collision
0,                               otherwise 

   

Implementation: The arena size is 6m x 6m with a 0.2 m safety margin. The observation space 

is 31 dimensions, including 24-ray LIDAR, relative goal position, robot position, robot velocity, 

and goal distance. The action 𝑣𝑥,𝑣𝑦 ∈ [−1,1] is scaled x 4.0 internally. Both algorithms, TD3 

and SAC, are used for training. 

 

Parameter tuning 

The parameter tuning for both algorithms is shown in Table 3. 

Table 3. Parameter tuning values for TD3 and SAC 

 

 

 

 

 

 

 

 

 

 

 

Hyperparameter TD3 SAC 

Learning Rate 3e-4 3e-4 

Buffer Size 1,000,000 1,000,000 

Batch Size 128 256 

Policy Network ReLU ReLU 

Discount factor (𝛾) 0.99 0.99 

Soft update (𝜏) 0.005 0.005 

TD3 policy delay 2 - 

SAC entropy - “auto” 
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3.3 Algorithm Selection and Pre-Curriculum Evaluation  

3.3.1 Controlled training 

This section demonstrates the methodology for selecting the reinforcement learning 

algorithm prior to introducing curriculum training. Comparing the performance evaluation of 

Twin Delayed DDPG(TD3) and Soft Actor-Critic (SAC) under controlled settings. 

 

The earlier experiments in the were performed in a simplified navigation setting, with random 

starting positions and a fixed target. For the goal-reaching task, both algorithms achieved 

100% success and 0% collisions, but without obstacles. These conditions motivated this 

comparative evaluation. 

 

To differentiate their robustness, a challenging environmental evaluation was required. 

Therefore, two environments with static obstacles and dynamic obstacles were introduced. 

The objective of this evaluation is to select an algorithm for curriculum learning. 

 

The reward function used in this stage was changed compared to the earlier reward function 

to support navigation under an environment containing obstacles. This revised reward 

structure helped for stable exploration, smooth navigation behavior, collision avoidance, and 

task completion with safe termination in both static and dynamic environments. 

3.3.2 Simulation environment 

To evaluate robustness under obstacle-aware navigation, two controlled environments were 

created using PyBullet: 

Static Obstacle Environment 

• Arena size 10 x 10 m 

• Four boundary walls 

• Two fixed static obstacles 

• Spherical robot agent of radius 0.25m 

• Fixed goal position at (7.8, 7.8) 

The observation space was 31 dimensions, including 24-ray LiDAR, relative goal position, robot 

velocity, robot position, and goal distance. 
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Dynamic Obstacle Environment 

• Identical environment as static but extended by adding time-dependent obstacle 

motion. 

• Stochastic angular velocity updates (ω ∈ [0.35, 0.95]) 

• Non-stationary environment dynamics 

(a) Static environment with 2 obstacles                                   (b) Dynamic environment with 2 obstacles                    

Figure 3. Static and dynamic environment with two obstacles 

 

Reward function design 

The reward design is same for both static and dynamic environment across SAC and TD3. 

Reward design: 

𝑟𝑡 =  12.0(𝛥𝑑goal) − 0.015 − 0.01‖𝑎𝑡‖2 + 𝑟𝑠𝑎𝑓𝑒𝑡𝑦 + 𝑟𝑎𝑙𝑖𝑔𝑛 + 𝑟𝑠𝑙𝑜𝑤 +  𝑟𝑠𝑡𝑎𝑙𝑙 +  𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 

where: 

• 12.0(𝛥𝑑goal) is strong progress shaping 

• −0.015 is a per-step time penalty to encourage faster completion 

• −0.01‖𝑎𝑡‖2 is action regularization 

• 𝑟𝑠𝑎𝑓𝑒𝑡𝑦 = {−8.0 · (
0.9−ⅆmin

0.9
)

2
, ⅆmin < 0.9

0,                               otherwise
   

• 𝑟𝑎𝑙𝑖𝑔𝑛 = +0.2(𝑣𝑡 ⋅ 𝑔̂𝑡) where: 

• 𝑣𝑡 is the normalized robot velocity 

• 𝑔̂𝑡 is the normalized goal direction 
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• +0.2 is the velocity-goal alignment bonus 

• 𝑟𝑠𝑙𝑜𝑤 = {
−0.04 · speeⅆ · (1.1 − min(𝑙𝑖𝑑𝑎𝑟𝑡)), ⅆmin < 1.1

0,                               otherwise 
 

• 𝑟𝑠𝑡𝑎𝑙𝑙 = {
−0.01,           step ⅆistance < 0.004

0,                               otherwise
  

• 𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 = {

+200,                 ⅆgoal < 0.55

−180,                      collision
0,                               otherwise 

 

 

Implementation: Both algorithms are trained using identical environmental dynamics, 

observation space, and reward function to ensure a fair comparison under controlled settings. 

 

Parameter tuning: The parameter tuning for both algorithms is given in Table 4. 

Table 4. Hyperparameters for TD3 and SAC in Controlled Setting 

Hyperparameter TD3 SAC 

Learning Rate 3e-4 3e-4 

Buffer Size 1e6 1e6 

Batch Size 128 256 

Policy Network ReLU ReLU 

Discount factor (𝛾) 0.99 0.99 

Soft update (𝜏) 0.005 0.005 

TD3 policy delay 2 - 

SAC entropy - “auto” 

 

3.3.3 Unseen Environment Testing 

The previous experiments were conducted under controlled settings where there exists a risk 

that the agent learns memorization rather than navigation methods. This limitation is 

addressed by performing an additional evaluation to test the generalization performance of 

both TD3 and SAC in unseen environments without pretraining. 

 

To ensure that the agent cannot depend on memorized trajectories, four unseen scenarios 

were created to introduce distributional shifts: 
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• UA: Increased the number of static obstacles from 2 to 4. 

• UB: Increased the scale of the arena from 10 x 10 m to 15 x 15 m. 

• UC: Increased the velocity of dynamic obstacles (ω × 2). 

• UD: Shifted the obstacle positions from the training layout. 

(a) UA: Increased obstacle density          (b) UB: Larger environment scale  

(c) UC: Faster dynamic obstacles          (d) UD: Shifted obstacle positions 

   Figure 4. Four unseen environments for algorithm selection 

 

3.4 Curriculum Training 

3.4.1 Overview 

This section implements a 6-stage curriculum training with systematic progression of complex 

environments, including obstacles, arena size, and agent speed. To ensure mastery before 

advancing to the next stage, stage-gated progression is also enabled. 

 

The reward function used prioritized transferable navigation behavior rather than 

environment-specific optimization. As the environmental complexity progressively increases 

during the curriculum-learning stage, there exists a need for further refinement of the reward 

function. Because the trained policy must balance safety, stability, exploration, and goal-

reaching simultaneously.  
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3.4.2 Curriculum Stages and Environments 

For efficient learning, a stage-based curriculum framework is implemented that gradually 

increases the complexity level. All six predefined stages share the environment developed in 

PyBullet with: 

• Observation space: 31 dimensions (24-ray LiDAR + relative goal position (x, y) + robot 

velocity (x, y) + goal direction (x, y) + goal distance). 

• Randomized starting positions for each episode  

• Fixed goal position 

• Action space: [-1, 1]2 normalized forces 

• Dynamics:  

• Spherical robot with radius r=0.25 m 

• Static boxes 

• Dynamic cylinders  

 

The training is divided into six stages, where each stage increases the complexity based on: 

• Number of static obstacles 

• Number of dynamic obstacles 

• Dynamic obstacle velocity 

• Arena size 

In Stage 6, exactly 50% of dynamic obstacles use orbital motion. In Stages 1–5, all dynamic 

obstacles use sinusoidal motion. 

The environmental progression with gradual scaling to ensure smooth transfer of learned 

policy across different complex environments is demonstrated in Table 5. 

 

Table 5. Progressive stages of curriculum training 

Stage Static 
obstacles 

Dynamic 
obstacles 

Arena size Dynamic 
speed 

Timesteps 

Stage 1 2 1 10 x 10 m 0.45 300k – 500k 

Stage 2 2 2 20 x 20 m 0.65 500k – 800k 

Stage 3 2 3 30 x 30 m 0.85 800k – 1.2M 
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Stage 4 3 3 40 x 40 m 1.00 1.2 – 1.8M 

Stage 5 3 4 50 x 50 m 1.20 1.5 – 2.5M 

Stage 6 4 5 50 x 50 m 1.40 1.8 – 3.0M 

 

 

(a) Stage 1: 1 dynamic + 2 static      (b) Stage 2: 2 dynamic + 2 static         (c) Stage 3: 3 dynamic + 2 static 

(d) Stage 4: 3 dynamic + 3 static       (e) Stage 5: 4 dynamic + 3 static         (f) Stage 6: 5 dynamic + 4 static 

    Figure 5. Stages in curriculum training (Stage 1-6) 

 

3.4.3 Reward function design 

To ensure a balance between safety and goal achievement, a reward function is designed. 

Reward design: 

𝑟𝑡 =  12.0(𝛥𝑑goal) − 0.015 − 0.01‖𝑎𝑡‖2 + 𝑟𝑠𝑎𝑓𝑒𝑡𝑦 + 𝑟𝑎𝑙𝑖𝑔𝑛 +  𝑟𝑠𝑙𝑜𝑤 + 𝑟𝑔𝑜𝑎𝑙−𝑠ℎ𝑎𝑝𝑒 + 𝑟𝑠𝑡𝑎𝑙𝑙

+  𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 

where: 

• 12.0(𝛥𝑑goal) is the progress reward towards the goal. 

• −0.015 is the per-step time penalty. 
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• −0.01‖𝑎𝑡‖2 is the action regularization. 

• 𝑟𝑠𝑎𝑓𝑒𝑡𝑦 = {−8.0 · (
0.9−ⅆmin

0.9
)

2

, ⅆmin < 0.9

0,                               otherwise
  

• 𝑟𝑎𝑙𝑖𝑔𝑛 = 0.2 (𝑣 ⋅ 𝑔̂), where: 

o 𝑣 = normalized velocity  

o  𝑔̂= normalized direction to goal 

• 𝑟𝑠𝑙𝑜𝑤 = {
−0.04 · ‖v‖ ·

1.1−ⅆmin

1⋅1
, ⅆmin < 1.1

0,                               otherwise 
   

• 𝑟𝑔𝑜𝑎𝑙−𝑠ℎ𝑎𝑝𝑒 = 0.25(1.0 − tanh(𝑑𝑡)), is the long-range goal attraction. 

• 𝑟𝑠𝑡𝑎𝑙𝑙 = {
−0.01,           step ⅆistance < 0.004

0,                               otherwise
  

• 𝑟𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 = {

+220,                 ⅆgoal < 55

−180,                    collision
0,                               otherwise 

 

 

3.4.4 Stage Transition and Gate Mechanism 

A performance-based gating mechanism is enabled between the transition of stages under 

the following conditions: 

• Success rate ≥ 0.75 

• Collision rate ≤ 0.15 

• Low variance in success rates  

• Low variance in episode rewards 

The evaluation is conducted over 100 episodes and advances to the next stage only when both 

performance and stability meet the criteria. This ensures consistent, stable policy behaviour 

along with performance improvements. 

 

3.4.5 Parameter tuning 

Table 6. Hyperparameter settings for curriculum training 

Parameter Value 

Learning rate 3e-4 
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Buffer size 1e6 

Batch size 256 

Discount factor (γ) 0.99 

Tau (𝜏) 0.005 

Network ReLU 

 

Depending on the difficulty level, each stage is trained with a predefined timestep budget 

ranging from 500k to 2.5M steps. For evaluation (100 episodes) and checkpointing, the 

training is periodically interrupted every 25,000 steps. Also, to enable recovery and 

reproducibility, model checkpoints and normalization statistics are saved at regular intervals. 

 

3.5 Generalization assessment 

A primary limitation of many DRL policies is their tendency to overfit to the training 

distribution. To evaluate the generalization capability of the trained reinforcement learning 

policy, a three-paradigm assignment protocol was implemented. It includes zero-shot transfer 

testing, warm-up adaptation, and out-of-distribution (OOD) stress testing. These paradigms 

examined robustness across five environmental dimensions: obstacle density, arena scale, 

dynamic speed, static obstacles, and motion patterns. 

Figure 6. Assessment methodology workflow 
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3.5.1 Zero-Shot Evaluation 

In zero-shot evaluation, the policy was tested directly across 11 unseen configurations that 

vary in obstacle density, dynamic speed, environment scale, motion patterns, and their 

combined stages. With a fixed base seed of 99, each configuration is evaluated over 100 

episodes. The curriculum training baseline Stage 5 (3 static, 5 dynamic, 50 x 50 m arena, speed 

= 1.20 m/s, sinusoidal motion) is used as a reference for all OOD deviations. 

 

Table 7. Zero-shot OOD evaluation configurations.  

ID Axis Static 
obstacles 

Dynamic 
obstacles 

Arena Speed Orbital 
fraction 

Description 

ZS-D1 Density 5 4 50 1.20 0.0 Higher static 
density 

ZS-D2 Density 3 7 50 1.20 0.0 Higher dynamic 
density 

ZS-D3 Density 5 6 50 1.20 0.0 Mixed high-
density 

ZS-S1 Speed 3 4 50 1.50 0.0 25% above 
training  

ZS-S2 Speed 3 4 50 2.00 0.0 67% above 
training 

ZS-A1 Arena 2 2 15 0.85 0.0 Unseen smaller 
arena 

ZS-A2 Arena 4 5 70 1.20 0.0 Unseen larger 
arena 

ZS-

M1 

Motion 3 4 50 1.20 1.0 Fully orbital 
(unseen motion) 

ZS-

M2 

Motion 3 4 50 1.20 0.5 Mixed 
orbital/sinusoidal 

ZS-H1 Combined 5 6 50 1.60 0.0 Density and 
speed combined 

ZS-H2 Combined 6 8 50 2.00 0.0 Extreme density 
and speed. 

 

These five generalization axes are selected to examine the robustness of the policy on distinct 

aspects. The density axis tests the performance of the policy when the obstacle count exceeds 

the training levels. The speed axis tests whether the policy’s safety margin remains sufficient 

at the training maximum, temporal generalization. The arena axis tests the spatial 

generalization across smaller (15 x 15 m) and larger (70 x 70 m) environments. The motion 
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pattern axis tests orbital motion, whereas Stages 1-5 train exclusively on sinusoidal motion. 

The combined axis increases multiple difficulties, mirroring conditions a deployed policy might 

encounter in real-world situations. 

 

          (a) High obstacle density     (b) Faster dynamic obstacles 

 

(c) Smaller unseen arena (15 x 15)     (d) Orbital Motion 

Figure 7. Zero-shot Assessment Environments 

 

 

3.5.2 Warm-Up Fine-Tuning 

To evaluate the adaptation capability of the policy, three hard configurations (WU-D: high 

dynamic density, WU-S: high speed, and WU-H: combined hard), warm-up fine-tuning is 

performed. The policy was first assessed with the zero-shot performance baseline, followed 

by a limited adaptation in the target environment for a fixed number of steps (10,000 gradient 
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steps) and re-evaluated across 100 episodes on a fresh set of seeds.  For each configuration, 

the delta success rate (Δ SR) and delta collision rate (Δ CR) are reported.  

 

3.5.3 OOD Stress Sweep 

To analyze robustness and identify performance degradation points, key environment 

parameters were varied systematically across five individual axes, where each axis is swept 

independently with other parameters at Stage 5 training values. 

 

Table 8. OOD stress sweep configurations 

Axis Sweep values Training 
values 

Fixed parameters 

Dynamic 
obstacles 

3, 5, 7, 9, 12 4 3 static, 50 x 50 m arena, 
speed 1.20 

Static 
obstacles 

3, 5, 7, 10 3 4 dynamic, 50 x 50 m arena, 
speed = 1.20 

Dynamic 
speed 

1.20, 1.50, 1.80, 
2.20, 3.00 

1.20 3 static, 4 dynamic, 50 x 50 m 
arena 

Arena size 10, 25, 50, 70, 
100 

50 3 static, 4 dynamic, speed = 
1.20 

Orbital 
fraction 

0.0, 0.25, 0.50, 
0.75, 1.00 

0.0 3 static, 4 dynamic, 50 x 50 m 
arena, speed = 1.20 

 

The variations included the number of dynamic obstacles from 3 to 12, the static obstacles 

from 3 to 10, the dynamic speed from 1.20 m/s to 3.00 m/s, the arena size from 10 m to 100, 

and the orbital fraction from 0% to 100%, transitioning from sinusoidal to fully orbital. Each 

stress configuration is evaluated for 50 episodes, resulting in 24 total stress configurations. 

 

3.5.4 Evaluation Metrics 

Across all three assessment modes, a uniform set of metrics is used. The main evaluation 

metrics are success rate, collision rate, timeout rate, average episode reward, and average 

path length. To provide accurate coverage, 95% Wilson score confidence intervals (CI) are used 

to report all binary proportions. These metrics provide quantitative outcomes along with 

navigation quality evidence. 
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The timeout metrics help to diagnose the freezing behaviour of the policy, i.e., a high timeout 

rate with low collision rate indicates that the policy has learned to avoid obstacles by being 

still rather than navigating.  

 

3.5.5 Experimental setup 

To ensure the validity of the generalization assessment, several experimental controls are 

applied. First, to prevent leakage of the evaluation episode configuration, all evaluation seeds 

with base seed = 99 are kept separate from all training seeds with base seed = 42. Second, 

action selection is fully deterministic (deterministic = True) for all evaluations to isolate policy 

performance from stochastic action effects. Third, the starting positions are sampled from the 

same bottom-left region as training, ensuring that performance is analyzed across OOD 

configurations with obstacle complexity rather than start-goal position geometry changes. 

 

 

Due to higher computational demands, selected experiments were trained using the GPU 

partition of the Puhti supercomputer provided by the CSC – IT Center for Science, Finland. 

Experiments were conducted in the local machine if service interruptions and longer queue 

delays occurred. Identical hyperparameters and code were used across both platforms to 

maintain consistency. 
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4 Results 

4.1 Behavioural Analysis 

4.1.1 Quantitative Performance 

The baseline DDPG agent exhibits clear failure across all evaluation metrics as shown in Table 

9. 

Table 9. Baseline DDPG performance metrics across 100 evaluation episodes. 

Metrics Baseline 

Success Rate  0.0% 

Collison Rate 100% 

Average Episode Length 50 steps 

Average Episode Reward -121.26 

 

(a)The path length remains constant at 50 steps. (b) 0% success rate (c) The mean reward around 
−121. 

Figure 8. Quantitative performance plots of the baseline DDPG agent  

 

Figure 8 represents the quantitative performance of the baseline over 100 episodes. The 

episode length remained constant at 50 steps corresponding to early termination. The 0% 

success rate confirms that the agent did not complete the task. The mean reward stabilized 

around -121, showing poor performance and a lack of meaningful exploration. 
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4.1.2 Learning Dynamics 

The TensorBoard logs show the failure behaviour of the agent, without a navigation objective. 

The mean episode length stabilizes at 50 steps throughout the training and is significantly 

below the maximum episode length of 500 steps. This shows that the agent fails to reach the 

goal, and the episode is terminated too early due to the agent’s collision with the bounding 

walls. Similarly, the mean episode reward varies and becomes consistent around a negative 

value of -121.26, showing a lack of meaningful learning.  

 
(a) Episode length stabilizes at 50 steps due to consistent collision termination. 

 
(b) Episode reward (mean ± std) remains at approximately -121 throughout 50,000 timesteps  

Figure 9. Baseline DDPG training curves from TensorBoard logs.  

This proves that the baseline reward design and the exploration settings alone were 

insufficient for a stable learning policy in this environment. 
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For failure behavior analysis, the baseline model DDPG was intentionally designed as a 

lightweight reference model that was trained for only 500,00 time steps. Therefore, the 

behavioral analysis should be executed as suggestive characteristics of the baseline rather 

than final limitations of the DDPG algorithm. 

 

4.1.3 Behavioural Failure Modes 

Qualitative analysis of the agent’s learning behaviour shows several consistent learning 

patterns: 

• High-collision navigation: Consistent collision with the surroundings, the bounding 

walls, clearly indicates the lack of an obstacle avoidance strategy.  

• Early episode termination: Due to inefficient policy learning and poor exploration, 

most of the episodes are terminated before reaching the target position. 

• Goal-irrelevant navigation: No meaningful trajectories showing the agent’s movement 

towards the goal are produced; instead, unstable trajectories are generated. 

• High variant motion behaviour: The agent shows highly unstable movement 

behavioural patterns under sparse reward conditions 

These behaviours are consistent with the known limitations of the vanilla DDPG and are 

confirmed by simulation recordings, in which the agent fails due to frequent collisions and 

failure to reach the goal. The consistent wall collisions are documented in the supplementary 

video. Overall, the baseline DDPG agent fails to learn a stable, goal-oriented policy. This is due 

to the lack of a safety-aware reward system, a sparse reward structure, and a lack of 

curriculum learning. These findings clearly establish Gap 1: Lack of behavioural analysis and 

motivate the improvements explored in the following experiments. 

 

4.2 Safety-Aware Reward Design Evaluation 

The second experimental gap demonstrated the transition from complete failure DDPG model 

to partially competent navigation through reward shaping and safety integration. Earlier 

reward design experiments revealed unsafe and inefficient navigation under basic DDPG 

training. These limitations are addressed and improved through algorithm advancement from 
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DDPG to TD3 and SAC. This experiment achieved a perfect performance of 100% success rate 

and 0% collision rate.   

 

Table 10 compares the refined safety-aware DDPG baseline with the final TD3 and SAC-based 

safety-aware framework. 

 

Table 10. Algorithm Performance Comparison  

 

 

   

      Figure 10. Performance metrics for TD3 and SAC  

In the refined version, the evaluation results clearly demonstrate a behavioural paradox. A 

success rate of 50.5% is attained as the success condition is triggered when the agent reaches 

the predefined goal radius (0.3m). But the collision rate of 100% is due to the independent 

evaluation of the collision condition that triggered due to collisions with the wall, and on 

Version Algorithm SR CR Avg. Reward Path Length 

Refined safety- 
aware DDPG 
baseline 

DDPG 50.5% 100% -6262 861 steps 

Final Safety-
Aware 
Framework 

TD3 100% 0% 135.99 3.79 m 

Final Safety-
Aware 
Framework 

SAC 100% 0% 136.15 3.79 m 



48 
 

 

reaching the goal. As a result, it clearly demonstrated that the agent gained goal-reaching 

capability but failed in safe termination behavior due to aggressive goal reaching.  

 

Performance Analysis 

• Achieved safety by eliminating higher collision rates through clipped double Q-learning 

(TD3) and entropy regularization (SAC) that prevents DDPG’s Q-value overestimation 

during final goal approach. 

• Path length reduced from 861 steps to 3.79m (direct trajectories)  

• Identical performance across TD3 and SAC with (135.99 vs 136.15 reward)shows the 

algorithm equivalence, where either algorithm succeeds where DDPG struggled. 

 

4.3 Algorithm selection comparative analysis 

4.3.1 Controlled Training Results 

Static environment 

The performance metrics of both algorithms on static environment with 2 obstacles are given 

in Table 11. 

 

Table 11. Performance metrics on SAC and TD3 in static environment 

Metric SAC TD3 

Success Rate 100% 100% 

Collision Rate 0% 0% 

Average Reward 317.25 316.64 

Average Path Length 8.92 9.01 

 

Both the algorithms, TD3 and SAC achieved strong performance of 100% success and 0% 

collisions in static environment under controlled settings. Even though they achieved nearly 

identical rewards, SAC obtained a slightly higher average reward (317.25) and shorter path 

length (8.92m) compared to TD3.  
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Dynamic environment 

The performance metrics of both algorithms on dynamic environment with 2 obstacles are 

given in Table 12. 

Table 12. Performance metrics on SAC and TD3 in a dynamic environment 

Metric SAC TD3 

Success Rate 100% 100% 

Collision Rate 0% 0.01% 

Average Reward 338.85 320 

Average Path Length 9.47 9.17 

   

a) Performance metrics plot of SAC in static and dynamic environments 

b) Performance metrics plot of TD3 in static and dynamic environments 

       Figure 11. Evaluation metrics plot of SAC and TD3.  
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The performance gap between the two methods was slightly visible in a dynamic 

environment. Here, SAC achieved 100% success rate and 0% collisions, and TD3 shows a slight 

degradation of 0.01% collisions. 

 

4.3.2 Unseen Generalization Evaluation 

An unseen evaluation was conducted on a previously trained controlled model to determine 

the algorithm that is more suitable for curriculum learning. A generalization test on four 

environments was conducted. The results were demonstrated in Table 13. 

 

Table 13. Performance of SAC and TD3 in unseen evaluation 

 

         

SAC achieved a mean success rate of 0.6825, a mean collision rate of 0.3175, with an average 

reward of 190.77 across all unseen conditions. While TD3 shows a performance degradation 

with a mean success rate of 0.1975, a mean collision rate of 0.8025, and a negative average 

reward of -21.98. This clearly indicates that the SAC provides better performance in 

generalization than TD3 in the given limited scenarios. 

Since SAC demonstrated better transfer to larger arenas, dynamic speed changes, and shifted 

obstacle positions than TD3, SAC is selected for curriculum learning. 

 

Test scene SAC 

Success 

SAC 

Collision 

SAC 

Reward 

TD3 

Success 

TD3 

Collision 

TD3 

Reward 

UA 0% 100% -175.36 0.00 1.00 -170.25 

UB 100% 0% 402.52 0.00 1.00 -42.61 

UC 73% 27% 205.09 79% 21% 226.79 

UD 100% 0% 330.77 0% 100% -101.85 
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Figure 12. Evaluation metrics plot of SAC and TD3 across four unseen environments 

 

4.4 Curriculum training results 

The final evaluation results for all six curriculum stages are evaluated over 100 episodes. The 

key metrics used for performance evaluation were success rate, collision rate, average episode 

length, and average rewards. 

 

Table 14. Curriculum stage evaluation results 

Stage Static Dynamic Arena Spee
d 

SR CR Avg 
Length 

Avg 
Reward 

Std. 
Reward 

1 2 1 10 x 10 0.45 0.81 0.09 420.8 234.25 416.54 

2 2 2 20 x 20 0.65 0.98 0.02 205.4 475.19 66.25 

3 2 3 30 x 30 0.85 0.97 0.03 271.1 606.86 95.21 

4 3 3 40 x 40 1.00 0.99 0.01 335.0 752.34 74.76 

5 3 4 50 x 50 1.20 0.96 0.04 416.8 875.30 174.87 

6 4 5 50 x 50 1.40 0.97 0.03 409.8 879.08 137.62 
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From the metrics in Table 14, Stage 1 performs the worst compared to later stages despite a 

less complex environment. This happened as the agent had not developed an exploration 

strategy or stable navigation behavior yet, as the policy is expected to be in the initial self-

starting phase. Similarly, Stage 1 has a smaller training region (10 x 10 m) compared to other 

stages, which may have increased the collision rates. Since the agent operates with limited 

environmental knowledge and exploration space, this instability during the early stage is 

frequent in reinforcement learning problems. This was later mitigated when the training 

progressed through increasing environmental complexity and the agent gained knowledge in 

handling stability, obstacle avoidance, safe navigation, and task-completing behavior. 

 

4.4.1 Overall Curriculum Progression 

The curriculum trained policy successfully passed all stage gate criteria at all six stages, with 

all final gate decisions recorded as ‘advance’ and all stages marked ‘COMPLETE’. The metrics 

in Table 15 show the successful progression in training with increasing success rates at or 

above 96% for five of six stages and collision rates at or below 4%. The average episode 

rewards also increase from 234.25 in Stage 1 to 879.08 in Stage 6. This increase in reward 

shows that the reward function scales consistently with the environment complexity, 

providing strong evidence that the policy is improving in navigation. 

 

Also, the gate evaluation metrics align with the statistical analysis of final evaluation metrics 

across all stages. The selected success episodes are documented in supplementary videos. 

 

Table 15. Curriculum stage performance, including gate-stage metrics. 

Metrics Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 

SR 0.81 0.98 0.97 0.99 0.96 0.97 

Gate SR 0.87 0.99 0.98 0.98 0.97 0.98 

CR 0.09 0.02 0.03 0.01 0.04 0.03 

Gate CR 0.08 0.01 0.02 0.02 0.02 0.02 
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Figure 13. Curriculum stage progression: success rate and collision rate across Stages 1 – 6 with gate 
success overlaid as a secondary blue line. Error bars show ± standard deviation of gate evaluation 
history. 

 

4.4.2 Performance Analysis 

Regardless of Stage 1 being the simplest configuration in the curriculum, with only 2 static 

obstacles, 1 dynamic obstacle in a 10 x 10 m arena, and a dynamic speed of only 0.45m/s, it 

exhibits the lowest success rate (0.81) and highest collision rate (0.09) of all six stages. 

Similarly, the average episode length of Stage 1 (420.88 steps) is comparable to Stage 5 (416.8 

steps), which has more environment complexity in terms of arena size and obstacle count. 

Trajectory analysis suggested that the smaller arena (10 x 10 m) creates a tightly bounded 

navigation space. The starting positions x, y ∈ [0.6, 1.5] m place the agent very close to the 

wall boundaries.  The proximity penalty activates as the LiDAR immediately detects wall 

returns at close range. This creates a consistent negative shaping signal that obstructs goal-

relevant learning. Similarly, the episode length irregularity in Stage 1, despite the shorter 

navigation distance, clearly indicates the inefficient navigation of the agent. 
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Figure 14. Stage 1 performance analysis: comparison of average episode length across six stages and 
success rate, showcasing Stage 1’s disproportionality with long episodes in a smaller arena. The dashed 
line shows the expected episode length to the arena size ratio. 

 

Stages 2 through 6 show consistent sequential improvement across all key evaluation metrics. 

Stage 2 achieves a success rate of 0.98, indicating rapid policy stabilization following Stage 1. 

This clearly indicates that Stage 1’s difficulties are related to arena size rather than policy 

capability, as the arena expands to 20 x 20 m in Stage 2. Therefore, the agent can learn goal-

directed trajectories without consistent proximity penalties from wall returns.  

 

The most demanding training configurations are represented by Stages 4 and 5. Stage 4 

achieved the highest success rate (0.99) and collision rate of 0.01 despite the addition of a 

third static obstacle and dynamic speed of 1.00 m/s. Stage 5 achieved a success rate of 0.96, 

a collision rate of 0.04, and an average reward of 875.30.  

 

Stage 6 introduced orbital motion at 50% fraction along with a higher obstacle count, including 

5 dynamic and 4 static obstacles, a dynamic speed of 1.40 m/s, and achieved a success rate of 

0.97 and a collision rate of 0.03. These metrics show an improvement over Stage 5. 
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Figure 15. Dual-axis chart: average episode reward and average episode length (grey dashed) across 
curriculum stages 1- 6, showing sequential reward growth and Stage 1 irregularity.  

 

4.5 Zero-Shot Generalization Results 

The evaluation metrics of zero-shot evaluation of the Stage-5 policy across eleven out-of-

distribution (OOD) configurations are reported in Table 16. The key metrics are success rate, 

collision rate, timeout rate, average reward, and average episode length. The evaluation is 

performed for over 100 episodes per configuration with seed = 99. Stage 5, with a success rate 

of 0.96 and a collision rate of 0.04, is used as the reference baseline.         

 

Table 16. Zero-shot generalization results 

Config Axis SR CI Low CI High CR Timeout 
rate 

Avg 
reward 

Avg 
length 

ZS-D1 Density 0.970 0.936 0.986 0.025 0.005 874.63 418.560 

ZS-D2 Density 0.975 0.943 0.989 0.025 0.000 886.55 411.235 

ZS-D3 Density 0.955 0.917 0.976 0.045 0.000 870.66 414.470 

ZS-S1 Speed 0.990 0.964 0.997 0.010 0.000 897.83 411.450 

ZS-S2 Speed 0.990 0.964 0.997 0.010 0.000 899.10 410.705 

ZS-A1 Arena 0.520 0.451 0.588 0.480 0.000 175.83 232.700 

ZS-A2 Arena 0.870 0.816 0.910 0.045 0.085 1133.06 757.340 

ZS-M1 Motion 0.970 0.936 0.986 0.030 0.000 881.30 406.080 
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ZS-M2 Motion 0.970 0.936 0.986 0.030 0.000 881.42 408.395 

ZS-H1 Combined 0.975 0.943 0.989 0.025 0.000 885.17 418.395 

ZS-H2 Combined 0.935 0.892 0.962 0.065 0.000 859.73 415.725 

 

4.5.1 Density axis 

The three density configurations (ZS-D1, ZS-D2, ZS-D3) achieve success rates of 0.970, 0.975, 

and 0.955, respectively. All the metrics are above the Stage 5 training baseline, with a success 

of 0.960. Similarly, ZS-D2 outperforms the baseline by 1.5 percentage points, achieving a 

success rate of 0.975, with a 95% Wilson CI [0.943, 0.989] indicating a statistically reliable 

improvement.  Whereas ZS-D3 with 5 static and 6 dynamic obstacles achieves a success rate 

of 0.955, slightly below the baseline but within the Wilson interval margin for 100 episodes. 

 

Overall, these results demonstrate that the LiDAR-based reactive avoidance mechanism 

improved the obstacle avoidance and helped to generalize well to increased obstacle count. 

The obstacle count does not qualitatively change the local observation structure as the policy 

is trained on the 24-ray LiDAR that encodes local proximity.  

 

4.5.2 Speed Axis 

Both the speed configurations, ZS-S1 at 1.50 m/s and ZS-S2 at 2.00 m/s, achieved a success 

rate of 0.990 and a collision rate of 0.010. The success rates matched the best curriculum 

performance examined in Stage 4 and are the highest among all zero-shot configurations. 

Similarly, the collision rates of 0.010 correspond to a 75% reduction in relation to the Stage-5 

baseline, with a collision rate of 0.040. 

 

From these patterns, it can be derived that the higher obstacle speed does not cause 

performance degradation. Therefore, it suggests that a policy trained at moderate dynamic 

speed can generalize to higher speeds (up to 1.67x the training speed in this study) in similar 

evaluated configurations. 
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4.5.3 Arena Scale Axis 

Most significant performance degradation in zero-shot assessment is revealed in the arena-

scale configurations. ZS-A1 with an arena size of 15 x 15 m (smaller arena) achieves a success 

rate of 0.520 and a collision rate of 0.480. This is the lowest success rate among all zero-shot 

configurations. The equivalent 95% Wilson interval [0.451, 0.588] is non-intersecting with 

other configurations’ confidence intervals, proving that this result is distinct from others. 

Similarly, ZS-A2 with an arena size of 70 x 70 m (larger arena) achieves a success rate of 0.870 

and a collision rate of 0.045. This configuration has a timeout rate of 0.085, which indicates 

that the policy struggles to reach the goal within the 1,800-step horizon in a larger arena. 

 

In ZS-A1 (15 x 15 m), the initial position is constrained to a region of only 0.81 m2 adjacent to 

the walls according to the methodological setup of x, y ∈ [0.6, 1.5] m. The failure occurs 

because the policy enters the smaller arena with the safety behaviors calibrated for a larger 

arena. But in ZS-A2 (70 x 70 m), the issue is different. The goal position is at approximately 

(56, 56) m and a starting position near (2, 2) m, equivalent to a path length of 76 m, which is 

longer than the Stage 5 arena of path length ≈65 m. Therefore, the policy avoided the 

obstacles but failed to complete the tasks within the allowed horizon (1800 steps), resulting 

in a timeout rate of 0.085. 

 

Figure 16. Zero-shot success rate with 95% Wilson CI per configurations 
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4.5.4 Motion Pattern Axis 

Both the motion pattern configurations, ZS-M1 with 100% orbital and ZS-M2 with 50% orbital, 

achieved a success rate of 0.970 and a collision rate of 0.030. These results mirror the strong 

performance observed in the density axis exceeding the baseline. Here, the 24-ray LiDAR 

representation encodes proximity such that the current distances drive the collision avoidance 

rather than future trajectory predictions. These results are in line with the Stage-6 curriculum 

results, as the introduction of 50% orbital motion does not cause performance degradation 

relative to Stage 5.  

 

4.5.5 Combined Hard Axis 

The combined configurations tested the interaction of the policy in increased obstacle density 

and speed. ZS-H1 with 5 static obstacles, 6 dynamic obstacles, and a dynamic speed of 1.60 

m/s attained a success rate of 0.975 and a collision rate of 0.025. ZS-H2 with 6 static obstacles, 

8 dynamic obstacles, and the highest dynamic speed of 2.00 m/s attained a success rate of 

0.935 and a collision rate of 0.065. Also, the 95% interval for ZS-H2 [0.892, 0.962], does not 

intersect with the upper bounds of speed and motion configurations (≈0.997), showing that 

the joint effect of extreme density and speed enforces a degradation. 

 

Figure 17. Heatmap of zero-shot success rates organized by axis group and configurations. 
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4.6 Warm-Up Fine-Tuning Results 

For each configuration, zero-shot is used as a baseline (seed = 99), and the post-finetuning 

uses seed = 2099 across three hard OOD configurations with a 10,000-step warm-up. The 

warm-up fine-tuning results are shown in Table 17. 

 

Table 17. Warm-up fine-tuning results. Δ SR and Δ CR indicate the change in success and collision rate 
after fine-tuning. 

Config Phase SR CR Average 
Reward 

Δ SR Δ CR 

WU-D Zero-shot 0.975 0.025 886.5 - - 

WU-D After warm-up 0.975 0.025 890.7 +0.000 +0.000 

WU-S Zero-shot 0.990 0.010 899.1 - - 

WU-S After warm-up 0.950 0.050 859.3 -0.040 +0.040 

WU-H Zero-shot 0.975 0.025 885.2 - - 

WU-H After warm-up 0.865 0.135 795.9 -0.110 +0.110 

 
 

4.6.1 WU-D: High Dynamic Density 

 
Fine-tuning the policy on the high dynamic density configuration WU-D with 7 dynamic 

obstacles for 10,000 steps produced minor changes as the success rate of 0.975 and collision 

rate of 0.025 remain unchanged. But there was a minor reward improvement from 886.5 to 

890.7. These results are reliable with the zero-shot assessment of ZS-D2 that already showed 

robust performance in this density. 

 

4.6.2 WU-S: High Speed 

The high-speed warm-up configurations show an obvious degradation as the success rate 

decreases from 0.990 to 0.950 and the collision rate increases from 0.010 to 0.050 after fine-

tuning for 10,000 steps, resulting in ΔSR = −0.040 and ΔCR = +0.040. These changes show that 

the previous robust performance is not preserved. Here, the fine-tuning does not provide 

additional robustness but interrupts an already reliable policy.  
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4.6.3 WU-H: Combined Hard 

The most significant warm-up effect is observed in WU-H, containing 5 static obstacles, 6 

dynamic obstacles, and a dynamic speed of 1.60 m/s. After fine-tuning, it shows a drop of 

success rate from 0.975 to 0.865, and the collision rate increased from 0.025 to 0.135, 

resulting in ΔSR = −0.110 and ΔCR = +0.110. This represents a significant degradation relative 

to the zero-shot baseline. 

 

In this setup, the 10,000 gradient steps appeared to be insufficient for a better adaptation to 

the harder combined distribution. The previous stable avoidance behavior was overwritten, 

but the updated variables did not converge to a better solution. Overall, these results suggest 

that a longer warm-up horizon or more advanced fine-tuning methods may be required for 

hard combined OOD configurations to obtain improvements. 

            Figure 18. Warm-up before/after comparison: Success rate and collision rate 

 

These results show performance degradation after warm-up fine-tuning in certain 

environments (WU-S, WU-H).  In WU-S, the performance drop occurred mainly due to the 

overfitting of the policy to the training examples used during fine-tuning, resulting in a 

reduction in the behavior performance produced by the zero-shot result. The performance 

drop in WU-H is one of the major drops in the warm-up experiment. Even though the 10,000 

gradient step is too short for the adaptation, it is sufficient to disturb the existing behavior 

that the model had learned. Therefore, resulting in the “catastrophic forgetting” phenomenon 

as the policy forgets some of the learned behavior upon learning new tasks as the policy enters 

an unstable middle stage (Kirkpatrick et al., 2017).  
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4.7 OOD Stress Sweep Results 

The stress sweep evaluated the Stage 5 policy across 24 configurations with five difficulty axes, 

and each varied independently. Table 18. Summarizes the stable region, performance cliff, and 

breakdown region for each axis. 

Table 18. OOD stress sweep summary by axis 

Axis Sweep range Stable region Cliff point Breakdown 

Dynamic obstacles 3 – 12 3 – 12 (all) None None 

Dynamic speed 1.20 – 3.00 m/s 1.20 – 1.80 2.20 m/s None 

Static obstacles 3 – 10 3 – 7 10 None 

Arena size 10 – 100 m 50 m only 25 m 10 m, 100m 

Orbital fraction 0 – 100% 0 – 25% 50% 75% 

 

4.7.1 Dynamic Obstacle Count 

The dynamic obstacle count sweep through ST-DYN-3 to ST-DYN-12 reveals no sudden 

performance drop. For the counts of 3, 5, 7, 9, and 12, the success rates are 0.980, 1.000, 

0.980, 1.000, and 1.000, respectively. The success rate with counts 5, 9, and 12 (1.000) shows 

the consistency with sampling noise at n=50 rather than systematic reliance on obstacle count. 

This demonstrated that the policy remains robust even at 12 dynamic obstacles, while the 

training maximum was 4 (Stage-5).  

               Figure 19. Stress Sweep: Dynamic obstacle count  
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4.7.2 Dynamic speed 

In the speed sweep through ST-SPD-1.20 to ST-SPD-3.00, the success rate remains 0.980 from 

1.20 to 1.80 m/s. Then the success rate slightly reduced to 0.960 at 2.20 m/s and returned 

to .0980 at 3.00 m/s. The Wilson CI [0.865, 0.989] of 2.20 m/s intersected with the confidence 

intervals at other speeds.  

               Figure 20. Stress Sweep: Dynamic speed  

 

4.7.3 Static Obstacle Count 

The static obstacle count sweep through ST-STA-3 to ST-STA-10 achieved a success rate of 

0.980 for 3 – 7 static obstacles and a reduced success rate of 0.960 at 10 static obstacles. The 

average episode length increased from 409.9 steps at 3 obstacles to 426.4 steps at 10 

obstacles. These results indicate that the agent takes a longer path but still completes the task. 

Also, the collision rate did not exceed 0.040, and no sharp performance threshold was 

observed. 

 

      Figure 21. Stress Sweep: Static obstacle count  
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4.7.4 Arena Size: Bimodal cliff 

The arena size sweep reveals the most significant performance cliff in the entire stress sweep 

assessment. The performance is optimal at training size, ST-SZ-50, with a success rate of 0.980, 

but degrades in both directions. The success rate drops from 0.980 to 0.180 at 10 x 10 m in 

ST-SZ-10 with a collision rate of 0.820. At 25 x 25 m in ST-SZ-25, the success rate recovers to 

0.700 with a collision rate of 0.280. Then, at a larger arena of 70 x 70 m in ST-SZ-70, attained 

a success rate of 0.860 with a timeout rate of 0.100, and in 100 x 100 m in ST-SZ-100 attained 

a success rate of 0.360 with a collision rate of 0.580 and a timeout rate of 0.060.  

 

The smaller arena failures are already identified in ZS-A1, confirming that the agent starts 

close to the walls, activating strong proximity penalties. But for larger arenas, the issue is 

different. As the curriculum trained agent was tuned for 50 m arenas, when exposed to larger 

arenas leads to long trajectories that increase the probability of obstacle collisions, thereby 

increasing the collision rate rather than timeout rates. Overall, the policy is effective for arena 

sizes of approximately 40 -70 m, and outside this range causes rapid performance 

degradation. 

 

           Figure 22. Stress Sweep: Arena size  
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4.7.5 Orbital Fraction 

The orbital fraction sweep reveals a fluctuating pattern. At 0% orbital (training distribution), 

the success rate is 0.980, improved to a success rate of 1.000 at 25% orbital, dropped to a 

success rate of 0.940 at 50% and 75% orbital, and returned to 1.000 at 100% orbital. The 

stabilization at 0.940 for mixed orbital fractions (50%, 75%) suggests that the diverse patterns 

introduce greater complexity than individual trajectories. A purely orbital environment 

produces a more spatially regular and predictable obstacle field than a mixed sinusoidal-

orbital environment. 

Figure 23. Stress Sweep: Orbital fraction 
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5 Discussion and Conclusion 

5.1 Discussion 

This thesis analyzed deep reinforcement learning for mobile robot navigation in dynamic 

environments, focusing on safety, stability, and generalization. The results clearly 

demonstrated that an efficient navigation policy depends on multiple factors, including 

reward design, training procedure, and the variation of evaluation environments, along with 

the learning algorithm. The experiments conducted revealed that a basic DDPG agent will 

produce high collision rates, goal-irrelevant navigation, and unstable behavior during 

evaluation. 

 

The failure behavior analysis of the baseline DDPG policy provided the importance of reward 

design in efficient navigation. Due to the insufficient reward function, the agent failed to learn 

goal-oriented motion and followed unsafe trajectories that led to higher collisions with the 

surrounding wall. The qualitative failure analysis helped to understand why the policy failed, 

along with providing quantitative metrics showing how often it failed. 

 

In comparison, the training duration is shorter for the initial DDPG baseline experiments. This 

is a limitation as navigation tasks require longer training episodes. But the purpose of this 

work was to conduct failure behavior analysis rather than improving DDPG performance while 

keeping DDPG as a lightweight reference model. 

 

The iterative reward function shaping experiments showed the need for balance while 

improving the reward design to improve navigation efficiency. The rewards helped in 

improving motion smoothness, obstacle avoidance, and goal progress, together with safer 

behavior. On the other hand, if the penalties were too strong, the policy would become less 

exploratory and overly conservative to avoid collisions by being confined in a position. This 

reduced the task efficiency and further proved the need to maintain the balance between 

safety and progression while designing the reward function in navigation. 

 

During the reward refinement experiments, it is noted that the agent learned goal-directed 

navigation but unsafe termination. It was observed that the agent regularly approached the 
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goal, but with excessive speed, resulting in collisions after entering the goal radius.  This 

indicates the need to include a quality and safe final approach along with goal completion for 

a successful navigation. This problem motivated the algorithm enhancement from DDPG to 

TD3 and SAC for a safer and controlled navigation policy. 

 

A significant liberal modification of reward design across refined version, final safety-aware 

reward design, algorithm selection, and curriculum training can be observed. It was necessary 

because the earlier reward structures focused on overcoming limitations like freezing 

behavior, goal-irrelevant navigation, and the later versions focused on obstacle avoidance, 

safer navigation, safe termination, and generalization across different complex environments.  

 

Comparison between TD3 and SAC showed that both algorithms are robust candidates for 

continuous control robot navigation. Even though both algorithms achieved high success rates 

and low collision rates in controlled static and dynamic environments, SAC provided better 

performance than TD3 in generalization tests in four unseen environments. This result 

provides an initial suggestion that SAC may adapt more to unseen environments due to its 

entropy-based exploration and stochastic policy formation.  

 

The generalization assessment highlights one of the main challenges in deep reinforcement 

learning for robotics: strong performance in training conditions does not guarantee 

performance in unseen situations. Even though the policy performed well in trained 

configurations, the performance degraded as the obstacle density, arena size, or motion 

dynamics were changed. This confirms the major problems in robot navigation: the sim-to-

real transfer and out-of-distribution generalization. In real-world robotic applications, the 

agent should be robust in both simulation and in varying environmental conditions. 

 

The curriculum learning framework improved the training process by introducing 

environmental complexities gradually. The agent was able to get introduced to obstacles and 

learn obstacle avoidance first, then adapt to larger arenas, dynamic obstacles, and varying 

dynamic speed and motion patterns. The progressive training can improve learning and policy 

competence. This is confirmed by the increasing trend in average reward along with increasing 
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success rates across stages. This clearly demonstrated the effectiveness of curriculum learning 

for complex navigation problems, including layered difficulty and dynamic interaction. 

 

It was observed that Stage 1 attained poor performance among other stages in curriculum 

learning, even in the simplest environment amid different environmental complexities. This 

suggested the influence of initial policy development and exploration stability on earlier 

performance.  Effective navigation performance across a complex environment progression 

will be enabled later once the essential navigation behavior has been learned by the agent. 

 

In parallel, the curriculum results also reveal that robustness is limited to unseen scenarios, 

i.e., the policy performed well in training stages, but generalization was weaker in unseen 

distributions. This demonstrated that the curriculum learning is not a complete solution for 

transferability issues, even though it improves the robustness.  

 

The warm-up fine-tuning was counterproductive at the 10-000 gradient steps, where 

performance was high at zero-shot, highlighting the need for threshold-triggered fine-tuning 

strategies. Therefore, while deploying a curriculum-trained policy in an unseen environment, 

fine-tuning should only be applied after considering the zero-shot performance. If the 

performance falls below a threshold, together with a larger gradient step budget, it may 

provide significant results surpassing the zero-shot baseline. 

 

A simplified 2D simulation model, where the robot was described as a spherical agent were 

used in this study for navigation experiments. This does not fully capture real-world robot 

characteristics, including kinematic constraints, actuator latency, wheel spin, sensor noise, 

environmental factors, and irregular localization. Even though the observed curves are useful 

in understanding reinforcement learning navigation, direct deployment to real-world 

applications remains limited without extra physical validation and sim-to-real adaptation 

techniques. 

 

Overall, the results confirm that safe and efficient mobile robot navigation in dynamic 

environments requires more than a strong reinforcement learning algorithm. For an efficient, 
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stable policy, it requires a carefully designed reward structure, stable training methods, and 

evaluation in multiple complex, unseen conditions. 

 

5.2 Conclusion 

The scope of this thesis is to analyze and improve deep reinforcement learning-based mobile 

robot navigation in dynamic environments. Initially started with baseline failure behavior 

analysis and showed that the standard DDPG without a proper reward structure is inefficient 

in reliable navigation even in a simple environment, resulting in goal-irrelevant navigation and 

unstable policy during training and evaluation.  

 

These limitations are addressed by introducing safety-aware reward shaping, later compared 

SAC and TD3 as strong alternatives. After the algorithm enhancement phase, SAC was selected 

for curriculum-based training as it achieved better performance than TD3 in the selected four 

unseen scenario assessments. But, since the number of unseen configurations was limited for 

the comparison, evaluation across larger and diverse OOD environments is necessary to draw 

a strong conclusion about the generalization dominance among the two algorithms. 

 

Curriculum-learning experiment demonstrated its effectiveness in helping an agent learn 

more stable and effective navigation behavior with a gradual increase in the complexity of the 

environment. The policy attained higher success rates, lower collision rates, and steadily 

improving reward values across all six stages. This confirmed that training the agent on 

progressive task complexities prepares the agent for more complex scenarios. 

 

The generalization assessment showed that the trained policy could transfer to unseen 

environments without retraining, although performance degrades in some difficult scenarios. 

This means that the proposed method improved the robustness, but full transferability and 

generalization to unseen environments remain unsolved. This work contributes both a 

practical training approach and understand the failure modes during generalization 

assessments. 
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To summarize, this thesis demonstrated that a combination of reward engineering, stable 

learning, and curriculum-based training can improve safe navigation in dynamic 

environments. Due to stronger generalization and stability across the limited number of 

environments used in this study, SAC proved to be a robust framework in navigation problems.  

 

5.3 Future Work  

The future work should extend the current grid-based simulation environment to more 

continuous, realistic navigation environments. The real-world navigation spaces are rarely 

regular, even though the current study used structured layouts like 10 x 10, 20 x 20, and larger 

arena scales. In terms of capturing the obstacle placement variability, motion, and free-space 

geometry encountered in real-world deployments, continuous environments will outperform 

regular structured environments. 

 

Controlled ablation studies that isolate the contribution of each reward component should be 

considered as future work. It should be included to study the impact of individual components 

on various factors like collision avoidance, smooth navigation, exploration stability, and 

generalization. This will provide a profound understanding of reward shaping and policy 

behavior relationship in efficient reinforcement learning navigation. 

 

Another important dimension is improving the generalization. Even though the SAC-based 

curriculum showed strong performance in training stages and good transferability to unseen 

environments, the performance still degraded in more difficult out-of-distribution 

environments. Future studies could therefore incorporate domain randomization, adaptation 

methods or multi-modal sensing for improving robustness. 

 

Also, the framework could be extended to multi-agent and human-aware socially compliant 

navigation scenarios, as they introduce additional safety challenges and additional 

coordination. Furthermore, integrating more robust sensory inputs like depth images or 

multimodal perception helps to improve obstacle understanding and safer decision-making 

during navigation. 
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Even though the simulation results provide a useful foundation, real-world deployment 

introduces sensor noise, actuation delays, and other practical constraints. Therefore, the 

future work should consider validation on real robotic hardware to ensure a stronger 

assessment of the method’s performance in terms of safety and applicability. 
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Appendices 

Appendix A: Code Repository and Supplementary Videos 

This appendix provides access to the full implementation code and supplementary video 

material that show the experimental results reported in this thesis. The repository contains 

environment configurations, training scripts, evaluation scripts, and visualizations. 

 

The supplementary videos include the failure behaviour episode, the combined curriculum 

stage results, and episodes for three generalization assessment modes. 

 

A.1 GitHub Repository 

Repository: https://github.com/SonasWilson/thesis-robot-navigation 

 

Repository contents: 

• Environment configuration and setup file 

• Training code for DDPG, TD3, and SAC 

• Curriculum training scripts 

• Generalization evaluation scripts 

• Plotting scripts 

 

A.2 Supplementary videos 

1. Failure behaviour (wall collision) video: https://youtu.be/stY_dH3zB6c 

2. Curriculum learning success navigation: https://youtu.be/96WW10VOvDY 

3. Generalization Test (Zero-Shot): 

https://youtube.com/shorts/5H5sKyhUbdk?feature=share 

4. Generalization Test (Warm-Up Fine-Tuning): https://youtube.com/shorts/_pe7-

k8CHos?feature=share 

5. Generalization Test (OOD Stress Sweep): https://youtu.be/fk9_Z5pCRbY 

https://github.com/SonasWilson/thesis-robot-navigation
https://youtu.be/stY_dH3zB6c
https://youtu.be/96WW10VOvDY
https://youtube.com/shorts/5H5sKyhUbdk?feature=share
https://youtube.com/shorts/_pe7-k8CHos?feature=share
https://youtube.com/shorts/_pe7-k8CHos?feature=share
https://youtu.be/fk9_Z5pCRbY

