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Abstract: The primary challenge in robotic navigation lies in enabling robots to adapt effectively to new,
unseen environments. Addressing this gap, this paper enhances the Twin Delayed Deep Deterministic
Policy Gradient (TD3) model’s adaptability by introducing randomized start and goal points. This
approach aims to overcome the limitations of fixed goal points used in prior research, allowing the
robot to navigate more effectively through unpredictable scenarios. This proposed extension was
evaluated in unseen environments to validate the enhanced adaptability and performance of the TD3
model. The experimental results highlight improved flexibility and robustness in the robot’s navigation
capabilities, demonstrating the model’s ability to generalize effectively to unseen environments. In
addition, In addition, this paper presents a streamlined overview of the TD3 algorithm, focusing on its
core mechanisms and improvements, to clarify its application in achieving enhanced adaptability and
performance.

Keywords: reinforcement learning; TD3; SAC; Jackal robot; robust navigation; transferability

1. Introduction

Reinforcement learning (RL) has become a powerful tool in developing adaptive control policies
for autonomous robots navigating complex environments [1]. As autonomous systems, particularly
mobile robots, are deployed in dynamic and unpredictable real-world settings, robust navigation
strategies are crucial. This challenge is especially relevant for skid-steered robots, widely known for
their durability and versatility in various robotic applications [2]. Despite their potential, enabling
these robots to navigate efficiently and safely through diverse and unseen environments remains a
significant research challenge.

The choice of RL algorithm is critical in developing navigation policies that are both efficient
and adaptable [3]. Twin Delayed Deep Deterministic Policy Gradient (TD3), introduced by Fujimoto
et al. at NeurlIPS [4], is a state-of-the-art RL algorithm designed to address overestimation bias and
improve policy stability in continuous control tasks. TD3 improves upon earlier methods, such as
Deep Deterministic Policy Gradient (DDPG) [5], through dual critic networks and delayed updates to
the policy, which help mitigate overestimation errors and improve the stability of learned policies. Ad-
ditionally, TD3 leverages a noise signal to promote effective exploration of the action space, preventing
premature convergence to suboptimal solutions. Anas et al. [6,7] used TD3 to train and test navigation
in a 2m x 2m indoor space with 14 obstacles, achieving a 100% success rate in simulation, though they
encountered challenges in real-world deployment involving manually controlled obstacles. This work
introduced Collision Probability (CP) as a metric for perceived risk, providing an additional layer
of risk assessment in navigation tasks.In a different approach, Cimurs et al. [8,9] deployed TD3 in
environments where obstacles were placed randomly at the start of each episode. By combining global
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navigation for waypoint selection with local TD3-based navigation, Cimurs et al. achieved effective
goal-reaching and obstacle avoidance. Their method demonstrated the strength of integrating global
navigation strategies with local reinforcement learning-based navigation, showcasing TD3’s versatility
in adapting to diverse and dynamic environments.

Recent Deep Reinforcement Learning (DRL) methods[10], such as DreamerV2 [11], and Multi-
view Prompting (MvP) [12], have demonstrated significant advancements. Methods like TD3, Soft
Actor-Critic (SAC) [13], and Proximal Policy Optimization (PPO) [14] have gained wide adoption
for their compatibility with various data science and machine learning tools. For example, Roth
et al. [15,16] successfully deployed PPO in real-world scenarios, showcasing its ability to integrate
Explainable AI (XAI) techniques, while Akmandor et al. [17,18] demonstrated PPO’s effectiveness in
progressively more complex dynamic environments. Similarly, my previous work [19] compared TD3
and SAC, highlighting TD3’s superior consistency and stability in navigating unseen environments.
Roth et al. [15,16] also used PPO for real-world deployment with the Clearpath Jackal robot in
environments similar to those used in simulation, adjusted for real-world conditions. This work
uniquely integrated Explainable Al (XAI) techniques by transforming DRL policies into decision trees,
enhancing the interpretability and modifiability of navigation decisions, which is especially useful for
real-world deployment scenarios. Older techniques, such as DQN [20], and DDPG, have seen reduced
usage due to the superior performance of newer methods like TD3. Empirical results from benchmarks,
such as the OpenAl Gym environments, demonstrate that TD3 outperforms several contemporary
algorithms, including DDPG, in various control tasks [1].

Recent works, including those by Xu et al. [1] and Akmandor et al. [17], have applied RL
algorithms in various environments, demonstrating both their potential and their current limitations.
These limitations, along with our approach to address them, are discussed further in Section 2.

These studies, while advancing DRL-based navigation, exhibit common limitations, particularly
in the ability of models to adapt effectively to completely unseen environments. The reliance on fixed
start and goal points or controlled environments restricts the robot’s capacity to generalize across
different navigation scenarios, which remains a key challenge in RL-based robotics.

The primary contribution of this work lies in extending the TD3 algorithm to improve general-
ization in robot navigation. Traditional RL-based models tend to excel in environments similar to
those used during training but often struggle in unfamiliar settings. To address this, our approach
introduces randomized start and goal points during training. By varying these points on each path,
the robot is exposed to different navigation scenarios, enabling it to handle unseen environments
more effectively. This allows the robot to develop more flexible and adaptive navigation strategies.
By enhancing the robot’s ability to navigate in unseen environments, this research aims to bridge the
gap between simulation-based training and real-world deployment and overcome the generalization
challenges identified in previous studies.

The rest of this paper is arranged as follows, Section 3 provides a background of the TD3 algorithm
and key concepts related to its robustness in robot navigation tasks. Section 2 discusses the research
gaps and motivation for extending existing work, particularly focusing on the limitations of current
end-to-end deep reinforcement learning (DRL) deployments. Section 4 outlines the methodology and
experimental setup used to assess the extended TD3 model’s performance. Section 5 outlines the
experimental design and the evaluation metrics used to compare the performance of the two TD3
models. Section 6 presents the training results and comparative analysis of our extended TD3 model
with non-extended setups. Finally, Section 7 evaluates the model’s ability to generalize across unseen
environments, and Section 8 concludes the paper with key findings and recommendations for future
work in DRL-based robot navigation.

2. Research Gaps and Motivation for Extending Existing Work

Despite recent advancements in deep reinforcement learning (DRL) for robot navigation, signifi-
cant challenges remain. Many approaches, though effective in scenarios similar to those used during
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training or previously encountered, struggle to generalize to diverse and unseen environments. A
common issue is the reliance on fixed start and goal points during training, which limits adaptability
and reduces the ability to address unexpected scenarios.

Xu et al. [1,21,22] explored this problem by applying TD3, DDPG, and SAC in both static and
dynamic environments. Their extensive work involved 300 static environments, each consisting of
4.5m x 4.5m fields with obstacles placed on three edges of a square [21]. They also tested dynamic-
box environments, which featured larger 13.5m x 13.5m fields with randomly moving obstacles of
varying shapes, sizes, and velocities. Additionally, Xu et al. evaluated dynamic-wall environments
composed of 4.5m x 4.5m fields with parallel walls that moved in opposite directions at various
random locations. These scenarios required long-term decision-making to successfully navigate
moving obstacles. While they achieved success rates between 60-74%, the highest performance was
observed in static environments, and their fixed start and goal configurations hindered adaptability.
The strength of their approach lay in the use of distributed training pipelines, which significantly
reduced training time by running multiple model instances in parallel, thus optimizing the use of
computational resources such as CPUs and GPUs.

Similarly, Akmandor et al. [17,18] employed hierarchical training using PPO. They designed a
progressive approach from simple to more complex static and dynamic obstacle environments. By
integrating heuristic global navigation with PPO-based local navigation, Akmandor et al. demonstrated
the robot’s ability to effectively learn strategies such as overtaking oncoming agents and avoiding
cross-path agents, which improved success rates in dynamic conditions. However, like other studies,
their approach did not fully explore variability in start and goal points, limiting robust generalization.

These limitations are not unique to the works of Xu et al. and Akmandor et al. Many researchers
have developed DRL models that excel in training environments but fail to adapt well to unseen
settings. Cimurs et al. [8,9] achieved impressive simulation results but faced challenges in real-world
deployment involving manually controlled obstacles, further highlighting the gap between simulation
and practical application.

To address these research gaps, this work extends Xu et al.’s approach by enhancing the explo-
ration capabilities of the TD3 model. The proposed extension introduces randomly generated start
and goal points, as mentioned in the Introduction and described in detail in Section 4.1, 4.2.2. This ran-
domization allows the robot to experience diverse navigation scenarios during training, significantly
improving its adaptability and robustness in unseen environments.

Building on Xu et al.’s distributed rollout framework, this study aims to bridge the gap between
simulation-based training and real-world applications by addressing the limitations robots encounter
when navigating in environments that differ significantly from their training scenarios. The proposed
enhancements focus on improving the robot’s ability to adapt to unseen navigation challenges, ensuring
greater generalization and robustness in untested conditions.

3. Background
3.1. TD3 Architecture and Principles

The architecture of TD3 consists of several key components as defined by Scott Fujimoto et al. [4]:
the actor network, two critic networks, and their corresponding target networks (see Figure 1). The
following is a detailed explanation of each component:

*  Policy Network (Actor Network): The actor network, denoted as 714, is responsible for selecting
actions given the current state. It approximates the policy function and is parameterized by ¢.
The actor network outputs the action that the agent should take in a given state to maximize the
expected return.

*  Critic Networks (Qp, and Qg,): TD3 employs two critic networks, Qp, and Qy,, to estimate the Q-
values for state-action pairs (s, a). Each network outputs a scalar value that represents the expected
return for a specific state-action pair. The use of two critics helps to reduce overestimation bias,
which can occur when function approximation is used in reinforcement learning. By employing
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double Q-learning, TD3 ensures more accurate value estimates, enhancing the stability of policy
updates.

®  Critic Target Networks: The critic target networks, Q"i and Q%, are delayed versions of the
primary critic networks and are updated at a slower rate. These target networks provide stable
Q-value targets for the critic updates, which helps to reduce variance and prevents divergence
during training. By maintaining more conservative Q-value estimates, the critic target networks
further mitigate the overestimation bias found in reinforcement learning models.

*  Actor Target Network: The actor target network, 71,/, is a delayed copy of the actor network and
is essential for generating stable action targets for the critic updates. The actor target network
changes gradually over time, ensuring that the target actions used in critic updates are consistent
and stable. This stability is critical for reducing the variance in the Q-value targets provided by
the critic target networks, leading to more reliable and stable training of the critics. The actor
target network’s slow updates help in maintaining a steady learning process and improve the
overall performance of the TD3 algorithm by preventing rapid and unstable policy changes.
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Figure 1. TD3 algorithm architecture illustrating the connections between the policy network (actor), the twin
critic networks, and the target networks.

3.2. TD3 Networks and Updates

The TD3 algorithm integrates actor and critic networks, each paired with corresponding target
networks, to achieve stable and efficient policy updates. The actor network (774) determines actions
that maximize the expected return J(¢), and its parameters are updated based on the computed policy
gradientV](¢). This gradient combines the Q-value gradient (V,Qy, (s, )) from the primary critic
and the policy gradient (V74 (s)).

The critic networks (Qp, and Qp,) evaluate the expected returns for state-action pairs and minimize
overestimation bias by employing Clipped Double Q-learning. They calculate a target value y =
r+y min(Qei (s, a), Qp, (s',d@)), where & = 71y (s") + €, and € represents added noise for regularization.
The critic parameters 0] and 0, are optimized by minimizing the mean squared error between predicted
Q-values and y.

To ensure stable training, the target networks (7, Qgi, Qp;) are updated via a soft update
mechanism. Their parameters gradually approach the current networks’ parameters through 6/ <
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70; + (1 — 7)0; for the critics and ¢’ < T¢ + (1 — 7)¢’ for the actor. This mechanism reduces variance
and stabilizes policy updates by ensuring reliable Q-value and action targets during training.

Symbol Definitions

* 7y Actor network responsible for selecting actions.
* Qg Qp,: Critic networks estimating Q-values for state-action pairs.
* 7y, Qg Qo Target networks providing stable targets for updates.

e  J(¢): Expected return, optimized by the actor network.

¢ r: Immediate reward received after taking an action.

e v: Discount factor for future rewards.

*  i: Noise-regularized action used in target Q-value calculation.
¢ 7: Soft update rate for target network parameters.

*  ¢: Regularization noise added to target actions.

e 01,0,: Parameters of the primary critic networks.

*  ¢: Parameters of the actor network.

4. Methodology and Experimental Setup

The research methodology operates within a Singularity container, integrating the Noetic ROS
system framework with a simulation of the Jackal robot and a custom OpenAI Gym environment. These
components work together with deep reinforcement learning (DRL), initialized using the PyTorch
library, to train the robot for navigation tasks.

All simulations are conducted in the Gazebo simulator, specifically within a custom motion control
environment, called the MotionControlContinuousLaser environment. This environment is designed
for the Jackal robot and provides a continuous action space consisting of linear and angular velocities,
enabling smooth robot movement. It also processes the 720-dimensional laser scan data, incorporating
it into the observation space, allowing the agent to access essential sensory information for decision-
making. By integrating both motion control and laser scan data processing, the environment offers a
challenging scenario for evaluating reinforcement learning algorithms in a realistic context.

The training data is collected through interactions in the simulated environments and saved
locally. The data is stored in a replay buffer, allowing randomized sampling during the training
process. The model’s parameters are updated continuously, and new policies are saved locally until
the model converges.

The computational requirements for this training were supported by an AMD Ryzen 9 3900X
CPU (12 cores, 24 threads), an NVIDIA GeForce GTX 1660 Ti GPU, and 32 GB of RAM. However, only
the CPU was utilized for the training process, while the GPU remained unused. The training relied
entirely on the available CPU cores, running six models concurrently within a Singularity container.
The training process took approximately five days to complete.

4.1. Jackal Robot Dynamics and Sensors

The Jackal robot is equipped with two primary sensors directly connected to the Deep reinforce-
ment learning (DRL) algorithm and the robot’s control system:

e Laser Sensor: The LiDAR sensor provides essential data for navigation by scanning the envi-
ronment and detecting obstacles. It generates a 720-dimensional laser scan, which is directly
used by the DRL algorithm to inform the robot’s decision-making process. This data enables the
robot to avoid collisions and select efficient paths to reach its goal. In the Gazebo simulation,
the LiDAR sensor replicates real-world sensor dynamics, ensuring that the robot can adapt to
complex environments during training.

®  Velocity Sensor: The velocity sensor monitors the robot’s movement by tracking the linear and
angular velocities issued by the DRL node. These commands control the robot’s speed, ensuring
that the actual movement matches the intended commands. This feedback helps maintain
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stable movement and highlights any deviations, such as low velocity, that may affect navigation
performance.

4.2. Training and Evaluation Scenarios

The robot was trained and evaluated in static box environments and larger custom environments
with randomized start and goal points.

4.2.1. Static Box Environments

In line with previous work [22], the static box environment measuring 4.5m x 4.5m was used for
training. This environment consists of stationary obstacles arranged in various patterns, providing a
controlled setting to assess the robot’s navigation performance under static conditions. Figure 2 shows
the layout of the static box environment as originally used in Xu’s study [21].

4.2.2. Custom Static Environments with Randomized Start and Goal Points

These custom environments consist of 16 unique scenarios, each with distinct designs and varying
object positions, creating a diverse range of challenges for the robot. Unlike the original 4.5m x 4.5m
static boxes, which limited flexibility due to their small size, these environments are expanded to
16m x 16m, providing wide space for randomization of start and goal points in each episode. This
increased area facilitates better exploration and ensures more robust generalization by exposing the
robot to a wider variety of paths and obstacles. Each scenario is specifically tailored with unique
layouts, different difficulty levels, and diverse obstacle configurations, all designed to enhance the
robot’s adaptability, robustness, and overall navigation performance in complex settings.

The navigation scenarios consist of two types of static objects: boxes and cylinders, each with
unique dimensions and purposes. Box objects have a fixed dimension of 1m (length) x Im (width) x
1m (height) and are used as obstacles within the navigation area to add variety to the layouts. Cylinder
objects come in five distinct dimensions: Cylinder 1 (radius: 0.14m, height: 1m), Cylinder 2 (radius:
0.22m, height: 1m), Cylinder 3 (radius: 0.30m, height: 2.19m), Cylinder 4 (radius: 0.13m, height: 1m),
and Cylinder 5 (radius: 0.30m, height: 2.19m). The border walls of each scenario are constructed using
Cylinder 5, which is also utilized as an obstacle inside the navigation area to further diversify the
layouts. All objects are static but fully collidable, and any collision with the robot during navigation is
registered in the evaluation metrics. The objects are distributed strategically within the 16 scenarios,
ensuring a variety of paths, densities, and obstacle arrangements, designed to challenge the robot and
enhance its generalization capabilities.

In these environments, the start and goal points are generated randomly and validated based on
specific criteria to ensure feasibility. The randomization process ensures that the distance between the
start and goal points is at least 8 meters and no more than 11 meters, providing a balanced level of
challenge. Additionally, both points are required to maintain a 1.7-meter margin from obstacles to
avoid invalid zones, preventing overlaps or unreachable paths. The process uses a random function to
generate these points, followed by a validation check. If the points do not meet the criteria, new points
are generated until valid positions are found.

The robot’s orientation (phase) is randomized at the beginning of each new path, similar to
the randomization of start and goal points. This ensures variability in the robot’s starting direction,
enhancing its adaptability and ability to handle diverse scenarios. Randomization is applied at the
start of each new path and after failures, ensuring a fresh start with newly randomized parameters.

The same randomization and validation process is applied during testing, ensuring consistency
across extended and non-extended models in identical unseen environments. Figure 3 illustrates
several examples of these custom environments.
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Figure 2. Original Training Setup: Layout of four different Static Box Environments (4.5m x 4.5m) for training.

T
]
m ]

| |

Figure 3. Layout of the four different 16m x 16m custom static environments for training.

5. Experimental Comparison of TD3 Models

The goal of this experiment is to compare the performance of our improved TD3 model, trained
using 16 custom static environments defined in the previous section (Section 4), with the baseline
model trained by Xu et al. [22] on 300 static environments from the original setup. By contrasting these
two models, we aim to determine the impact of environment diversity and training methodology on
overall performance.

5.1. Training and Evaluation Metrics

For the evaluation of our improved TD3 model, a comprehensive set of performance metrics will
be used to provide a thorough analysis of the model’s behavior in unseen environments. The key
metrics include:

*  Success Rate: The percentage of episodes where the robot successfully reaches the goal without
collisions.

e Collision Rate: The percentage of episodes where the robot collides with obstacles.

* Episode Length: The average duration (in terms of steps) taken by the robot to complete a task.

*  Average Return: The cumulative reward earned by the robot over an episode, averaged over all
episodes, to evaluate the learning efficiency of the algorithm.

e  Time-Averaged Number of Steps: The average number of steps the robot takes to complete each
episode, providing insight into the efficiency of the navigation strategy.

¢  Total Distance Traveled: This metric, calculated during the test phase, measures the total distance
(in meters) the robot travels to complete a path. It provides an additional layer of analysis by
assessing the efficiency of the robot’s movements in terms of path length.

6. Training Results and Comparison

This section compares the performance of the extended model (blue plot) and the non-extended
model (orange plot), focusing on success rate, collision rate, and average return.
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6.1. Reward Calculation and Success Rate Comparison

At each step within an episode, the reward is calculated using a combination of different factors.
The reward at each step is:

r=—-01+ (goal—reward ’ progress) — 1.0 Teonision + 20.0 - Tsuccess — 10.0 - Tgaiiyre 1

Where:

e  Slack reward: —0.1 per step.

*  Progress reward: +1.0 per meter closer to the goal.

e  Collision penalty: —1.0 per collision.

*  Success reward: 4-20.0 for reaching the goal.

e  Failure penalty: —10.0 if the episode ends unsuccessfully.

The total reward for one episode is the sum of all step rewards:
R = 2(70.1 + (goal_reward - progress) — 1.0 - 1opision + 20.0 - Tsuccess — 10.0 - 1gaiiure) ()

The total cumulative reward across multiple episodes is the sum of the cumulative rewards from
all episodes currently in the buffer. If you are considering a buffer that holds up to 300 episodes, the
total cumulative reward is:

Riotal = REpisode 1+ REpisode 2+t REpisode 300 ®3)

This means each episode contributes its cumulative reward (the sum of its step rewards) to
the overall total. When new episodes are added and old ones are removed, the total cumulative
reward reflects the most recent set of up to 300 episodes. The rewards ultimately reflect the model’s
performance, as higher cumulative rewards align with increased success rates and more efficient
navigation.

As shown in Figure 4, the extended model achieved a success rate of 95%, converging before 2
million steps, while the non-extended model reached 70% after 3 million steps. This indicates the
extended model’s faster learning speed and higher efficiency due to the randomization of start and
goal points.
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0 500k M 1.5M 2M 2.5M 3M 3.5M 4aM

Success Rate (%):Percentage of Successful Outcomes

Training Steps (Time): Training Steps Over Time
Figure 4. Success rate comparison between the extended model (blue) and the non-extended model (orange)
across training steps.
6.2. Collision Rate Analysis

Figure 5 shows that the extended model had a final collision rate of 4%, compared to 24% for the
non-extended model. Both models saw improvements early in training, but the non-extended model’s
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collision rate increased again after 3.5 million steps, suggesting overtraining. The extended model
maintained a more consistent collision reduction.
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Figure 5. Collision rate comparison between the extended model (blue) and the non-extended model (orange)
across training steps.

6.3. Training Efficiency and Convergence

The extended model demonstrated faster convergence and learning efficiency, reaching optimal
performance with fewer training steps. The randomization of start and goal points enabled the
extended model to explore more diverse environments, resulting in higher success rates. In contrast,
the non-extended model, which was trained with fixed start and goal points, showed slower progress
and lower success rates. Additionally, some of the environments used by the non-extended model

were extremely narrow, which may have limited the robot’s ability to achieve a higher success rate.

Figure 6. Illustration of the 10 start and corresponding goal points used for evaluation in the Gazebo simulation
GUL The paths shown are intended only to indicate the connection between each start and goal point pair for
both the extended and non-extended models; they do not represent the actual paths taken by the robot during
evaluation, as each model followed a different route based on its learned navigation strategy.
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7. Transfer to Test Environments Using TD3 and Global Path Planning

To evaluate the generalizability of the extended model, transfer tests were conducted using the
Competition Package [23]. This package, developed by previous researchers and specifically designed
for testing, was used in its original form without any modifications or extensions in this study. However,
the test environment, Race World [24], which was not included in the original package, was integrated
into it to facilitate evaluation. The Race World environment features a maze-like structure with long
walls, creating a challenging scenario for navigation. Both the extended model and the non-extended
model were evaluated in this integrated test environment. The contributions of this work are focused
entirely on the training phase, where improvements were made to the training setup within a separate
package.The Competition Package, enhanced with the integrated Race World environment, served as
a reliable benchmark for evaluating the models’ ability to generalize to complex scenarios.

In these tests, the move_base package [25] was utilized to provide a global path planning strategy,
while the main navigation was handled using the TD3 algorithm. The move_base package was responsi-
ble for generating a global path from the start to the goal, providing a reference path for the robot. The
TD3-based controller then followed this global path, adapting locally in real time to avoid obstacles
and navigate effectively. This hybrid strategy allowed the robot to utilize the global path for overall
guidance while leveraging the adaptability of the TD3-based navigation to handle local challenges.

7.1. Evaluation Results

Tables 1 and 2 present the evaluation results for the extended and non-extended models, respec-
tively. These tables provide key metrics, including the total distance traveled, the number of collisions,
and the success status for each of the 10 test paths. The test paths used for evaluation are detailed in
Figure 6. The results highlight the superior performance of the extended model, which consistently
achieved a higher success rate and fewer collisions compared to the non-extended model. Additionally,
the extended model demonstrated more efficient navigation by achieving closer-to-optimal distances
on most paths. In contrast, the non-extended model struggled significantly on certain complex paths,
often leading to failed navigation attempts or a higher number of collisions.

Table 1. Test Evaluation Results for the Extended Model. Bold values indicate better performance compared to
the Non-Extended Model for each metric (Distance, Collisions, Goal Reached, and Time).

Path Distance (m) Collisions Goal Reached Time (s)
Path 1 18.72 0 Yes 9.77
Path 2 47.16 1 Yes 31.66
Path 3 13.81 0 Yes 8.28
Path 4 26.41 4 No 21.79
Path 5 15.51 0 Yes 9.26
Path 6 8.12 0 Yes 4.19
Path 7 15.04 3 Yes 9.87
Path 8 37.74 0 No 35.49
Path 9 15.66 1 Yes 9.98

Path 10 30.54 0 Yes 23.33
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Table 2. Test Evaluation Results for the Non-Extended Model. Bold values indicate better performance compared
to the Extended Model for each metric (Distance, Collisions, Goal Reached, and Time).

Path Distance (m) Collisions Goal Reached Time (s)
Path 1 33.53 4 No 33.79
Path 2 41.97 0 No 80.00
Path 3 10.65 4 No 14.88
Path 4 39.40 3 No 67.59
Path 5 32.09 0 Yes 42.20
Path 6 8.12 0 Yes 424
Path 7 15.22 3 Yes 9.55
Path 8 37.75 0 No 39.67
Path 9 4495 0 No 56.42

Path 10 58.16 1 No 68.19

7.2. Analysis of Results

Success Rate and Distance Traveled: The extended model consistently outperformed the non-
extended model in terms of success rate and total distance traveled. For instance, in Path 1, the
extended model completed the navigation in 18.72 meters with no collisions, achieving a success
metric of 100%. In contrast, the non-extended model failed, covering a distance of 33.53 meters with 4
collisions, resulting in a navigation metric of 0%. This highlights the extended model’s ability to stay
closer to the optimal path, demonstrating superior generalization and efficient navigation without
deviations. The non-extended model, however, faced significant challenges adapting to these scenarios.

Collision Rate and Penalties: The extended model exhibited a considerably lower collision rate
across all paths, with either zero or minimal collisions, whereas the non-extended model encountered
multiple collisions in most paths. For example, in Path 4, the extended model recorded 4 collisions and
failed, achieving a metric of 0%, while the non-extended model also failed with 3 collisions and an
even higher distance penalty, resulting in similarly low performance metrics. In contrast, the extended
model achieved 100% on paths where collisions were avoided, showing superior collision avoidance
and efficient navigation.

Time and Distance Efficiency: The extended model demonstrated better time and distance
efficiency in all paths. For instance, in Path 5, the extended model completed the navigation in 9.26
seconds, covering 15.51 meters, while the non-extended model took 42.20 seconds, covering a less
optimal path of 32.09 meters. This efficiency showcases the extended model’s ability to make precise
navigation decisions in real time, completing tasks faster while adhering closely to the optimal route.

Generalization and Adaptability: The extended model’s superior generalization capability to
navigate unseen environments was evident in its successful completion of complex paths with minimal
collisions and reduced distances, as shown in Tables 1 and 2. In figures 7 and 8§, the same paths taken
by both models in Path 1 and Path 2 highlight this distinction. The extended model’s trajectory is
smooth and efficient, whereas the non-extended model displayed significant deviations and struggled
to adapt to the scenario.

Challenges with Non-Straightforward Goals: The non-extended model showed significant
difficulty when the goal was not directly aligned with the start point, reflecting a limitation in its
ability to navigate complex paths. Trained with fixed start and goal points, the non-extended model
primarily learned straightforward navigation, which proved insufficient in the test environments
featuring complex turns and long walls (e.g., Paths 2 and 8). In Path 2, for example, the extended
model navigated efficiently with a success metric of 57.60%, completing the path without timing out,
whereas the non-extended model timed out after traveling an inefficient distance of 41.97 meters.

The extended model’s ability to navigate non-straightforward paths is attributed to its training
with randomized start and goal points, which fostered a broader exploration capability and adaptability
to unexpected environments, ultimately resulting in higher success rates and reduced penalties during
testing.
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7.3. Custom Navigation Performance Assessment Score Comparison

Evaluating navigation performance in real-world scenarios requires a metric that accounts for
more than binary success or failure. The proposed custom navigation performance score metric
better reflects real-world robot behavior by grading performance on a scale from 0% to 100%. This
metric evaluates the robot’s efficiency and safety in reaching its goal by considering three key factors:
distance traveled, time taken, and the number of collisions. Unlike traditional binary metrics that label
navigation attempts as either successful or failed, this score allows for partial successes, acknowledging
scenarios where the robot reaches the goal despite minor inefficiencies or collisions. Such graded
scoring is critical for realistic evaluations, as in practical applications, minor collisions or suboptimal
paths may still be acceptable. By integrating these penalties, the custom metric provides a more
nuanced evaluation of robot performance, reflecting real-world decision-making scenarios where
navigation is judged not only by reaching the goal but also by the efficiency and safety of the path
taken. This approach complements traditional success metrics by offering deeper insights into the
robot’s adaptability and robustness. Each test starts with a base score of 100%, with penalties applied
based on performance deviations:

Score = 100 — total_penalty

where
total_penalty = P; + P; + P. 4)

Each penalty term is defined as follows:

Distance Penalty (P;): Applied if the path length exceeds twice the optimal distance. The distance
penalty is proportional to the excess distance traveled over twice the optimal distance and is capped at
a maximum of 33%. The formula used is:

ath_length — 2 x optimal_distance

max_allowed_distance — 2 x optimal_distance

where max_allowed_distance is four times the optimal distance. If this calculated penalty exceeds
33%, it is capped at 33%.

Time Penalty (P;): Applied if the actual navigation time exceeds 40 seconds. This penalty increases
with time beyond 40 seconds and is capped at 33%. The calculation is:

P — <actual_’2(;ne — 40) 33 ©)

If this calculated penalty exceeds 33%, it is capped at 33%.

Collision Penalty (P;): Applied based on the number of collisions, with a penalty of 11% per
collision. This penalty is capped at a maximum of 3 collisions, leading to a maximum collision penalty
of 33%:

P, = collision_count x 11 (7)

If this calculated penalty exceeds 33%, it is capped at 33%.

In this scoring system, a score of 0% is assigned if the robot fails to reach the goal, exceeds four
times the optimal distance, or incurs more than 3 collisions. Tables 3 and 4 show that the extended
model consistently achieved higher scores, demonstrating more efficient navigation, fewer collisions,
and superior adaptability. This is further illustrated in Figures 7a,b and 8a,b, which compare the
trajectories of the extended and non-extended models for Paths 1 and 2 using RViz visualization.
The figures highlight how the extended model navigates more efficiently with fewer collisions and
smoother trajectories, while the non-extended model struggles with significant deviations and higher
collision rates during navigation.
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Table 3. Navigation Performance Assessment Metric Scores for the Extended Model.

Path Metric (%) Description

Path 1 100.00 No COlllSl(?nS, within max
allowed distance

Path 2 57 60 1 F:olllslon, -exceeded optimal
distance with penalty

Path 3 100.00 No collisions, optimal path
followed

Path 4 0.00 4 C0111510n§, exceeded max
allowed distance

Path 5 100.00 No collisions, within optimal
range

Path 6 100.00 No collisions, optimal path
3 collisions, distance exceeded

Path 7 67.00 .
slightly

Path 8 0.00 E*ceeded max allowed
distance

Path 9 70.00 1 collision, slight penalty

Path 10 98.33 No collisions, distance

exceeded slightly

Table 4. Navigation Performance Assessment Metric Scores for the Non-Extended Model.

Path Metric (%) Description

4 collisions, exceeded max

Path 1 0.00 allowed distance

Path 2 0.00 Tl.meout, exceeded max
distance

Path 3 0.00 4 collisions, failed navigation
Exceeded max allowed

Path 4 0.00 distance with 3 collisions

Path 5 85.77 No cqlllslons, sl¥ght distance
and time penalties

Path 6 100.00 No collisions, optimal path
followed

Path 7 10.00 3 collisions, slight penalty

Path 8 0.00 E*ceeded max allowed
distance

Path 9 0.00 Exceeded max allowed
distance, timeout

Path 10 0.00 Exceeded max allowed

distance with 1 collision
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(a) Extended Model (Left) (b) Non-Extended Model (Right)

Figure 7. Path taken by both models (Extended on the left, Not Extended on the right) for Path 1, as defined
in Tables 1 and 2. The paths shown in both images are in red, illustrating the trajectory of the extended and
non-extended models during evaluation. The extended model on the left demonstrates a more efficient navigation,
while the non-extended model on the right shows significant deviations and exceeded the maximum allowed
collisions without reaching the goal.

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

Figure 8. Path taken by both models (Extended on the left, Not Extended on the right) for Path 2, as defined
in Tables 1 and 2. The paths shown in both images are in red, illustrating the trajectory of the extended and
non-extended models during evaluation. The extended model on the left demonstrates a more efficient navigation,
while the non-extended model on the right shows significant deviations and timed out before reaching the goal.
Note: The apparent overlap of the robot’s path with the walls in the RViz visualization seen in Figure (a) is a
rendering artifact and does not represent any actual collisions during the robot’s navigation.

8. Conclusions and Recommendations

Our evaluation of both extended and non-extended environments reveals a significant research
gap in robot navigation using deep reinforcement learning (DRL). While models tend to perform well
in familiar environments, they often struggle to generalize to unseen environments, highlighting the
need to improve the adaptability and robustness of DRL-based navigation systems.
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The key insight from this study is that robust generalization is better achieved by training with
varied and dynamic start and goal points rather than increasing the number of training scenarios,
as done in the non-extended model. This diversity allows the robot to adapt more effectively to
unforeseen environments, a perspective not often emphasized in recent studies.

In terms of performance, the non-extended model demonstrates an advantage in navigating
extremely narrow environments, likely due to specific training for such conditions. However, it
struggles with unpredictable goal points, even in simpler environments. In contrast, the extended
model, which emphasizes start and goal diversity, adapts well to unpredictable navigation tasks but
may face challenges in extremely narrow environments. This highlights the complementary strengths
of both approaches.

To address the concern regarding training time, retraining a pre-trained model instead of training
from scratch can significantly reduce the time required to achieve convergence. Additionally, as shown
in Figure 4, the extended model achieved a higher success rate in a shorter time compared to the
non-extended model. However, this difference in time efficiency cannot be solely attributed to the
superiority of the extended model, as the training environments and setups for the two models were
fundamentally different. The non-extended model faced environments with extremely narrow objects,
which may have hindered its ability to achieve higher success rates. In contrast, the extended model
focused on improving generalization through randomized goal positions, prioritizing adaptability to
unseen environments. Future experiments could involve training the extended model in scenarios with
extremely narrow objects, similar to those encountered by the non-extended model, to conclusively
evaluate its time efficiency under such conditions. However, this may require reducing the variety
of randomization to effectively incorporate narrow and extremely narrow objects while maintaining
valid zones for random start and goal points.

Regarding real-world applications, this study’s experiments were conducted in a simulated
environment using ROS, which provides real-time simulation to closely approximate real-world
conditions. However, challenges such as sensor noise, dynamic environment changes, and computing
resource constraints must be carefully managed during the deployment phase. While simulation in
ROS helps bridge the gap between training and deployment.

We recommend that future work combines the strengths of both models. Training should include
diverse start and goal points, as in this extension, while also incorporating narrow and extremely
narrow environments to enhance performance in highly constrained spaces. As previously mentioned,
Additionally, retraining a pre-trained model can reduce training time, providing a practical approach
to address the additional training time that may be needed when integrating these elements.
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