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Abstract

Traditional navigation methods work well in known, static environments but degrade in
real-world settings with dynamic and unpredictable obstacles. This paper presents Double
Deep Q-Network with A* guidance (DDQNA), a hybrid navigation algorithm that enables
an agent to traverse mazes containing static and dynamic obstacles while maintaining a low
probability of collision. DDQNA combines A* guidance with Double Deep Q-Network
(DDQN) learning using an e-greedy policy, and introduces a redesigned reward function
and an improved action-selection mechanism to better exploit A*'s directional cues during
training. We evaluate DDQNA in a custom Pygame simulation across 11 environments of
increasing difficulty. Experimental results show that DDQNA consistently outperforms
standard DDQN and other state-of-the-art reinforcement learning baselines, achieving
higher goal-reaching rates, fewer visited cells, shorter computation times, and higher
cumulative rewards. These results indicate that DDQNA provides both effective navigation
and computational efficiency in complex environments with static and dynamic obstacles.

Keywords: autonomous navigation; deep reinforcement learning; dynamic obstacle avoid-
ance; double deep g-networks.

1. Introduction

Autonomous vehicles (AVs) are at the forefront of technological innovation, signif-
icantly impacting our daily lives and reshaping various industries. Their remarkable
advancements not only usher in profound changes in transportation but also transform
business processes across sectors such as logistics, agriculture, emergency response, and
national security. Equipped with sophisticated sensors and navigation systems, AVs en-
hance operational safety and efficiency. However, the successful and secure movement of
these vehicles relies heavily on the effective functioning of these systems, including sensors,
actuators, and the underlying decision-making algorithms.

Challenges such as weak or absent GPS signals and difficulties in location determi-
nation can introduce substantial risks to AV operations. To navigate these complexities,
autonomous vehicles must be capable of making real-time, self-guided decisions based on
dynamic environmental data.

Machine learning, particularly reinforcement learning (RL), is a powerful tool that
equips AVs with the ability to learn from their surroundings and adapt swiftly to changing
conditions. The integration of deep learning with RL has further advanced these capabilities,
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enabling exceptional performance in critical tasks like object detection [1] and semantic
segmentation [2]. These advancements are crucial for AVs to accurately interpret and
interact with their environment.

Our research contributes to this evolving field by developing an RL-based framework
for an autonomous agent designed to navigate through a maze filled with both dynamic
and static obstacles. In contrast to traditional navigation in static environments, dynamic
environments include obstacles whose positions may change during navigation. Such
dynamic obstacles create a non-stationary environment in which previously safe paths may
become invalid, requiring the navigation system to continuously adapt its decisions. This
work highlights the potential of these technologies in real-world applications, particularly
focusing on the challenge of optimizing paths to targets while effectively maneuvering
around obstacles in dynamic environments.

The main contributions of this paper can be summarized as follows:

* A novel probabilistic integration of A* guidance into the DDQN action selection
via an epsilon-greedy policy enables the agent to dynamically choose between optimal
deterministic actions and learned actions during runtime decision-making.

*  An experimentally optimized reward function specifically designed to improve
navigation performance in complex, dynamic, and randomly generated environments.

e Extensive validation across eleven randomly generated dynamic environments
demonstrates statistically significant improvements over standalone DDQN, PPO, and
A2C algorithms.

* A modular simulation framework that allows for reproducible experiments and
benchmarking of hybrid reinforcement learning and classical planning algorithms.

This paper is organized as follows. A review of the relevant literature is introduced in
Section 2. The definition of the problem and the proposed approach are explained in detail
in Section 3. The experimental results are presented in Section 4, and finally, in Section 5, a
discussion of the findings and their implications is provided.

2. Review of Relevant Literature
2.1. The First Approaches and DQN

As autonomous vehicle (AV) technology continues to evolve, emphasis is placed not
only on developing advanced navigation and decision-making capabilities but also on
optimizing these systems for specific applications, including delivery [3], indoor navigation
for search and rescue operations [4,5], and warehouse management [6]. The integration
of Deep Q-Networks (DQN) and other artificial intelligence techniques is central to this
evolution, enabling AVs to learn from past experiences, adapt to new challenges, and carry
out a diverse array of tasks with increasing proficiency.

Despite its broad range of applications, DQN presents opportunities for enhancement
in real-world scenarios characterized by high dynamics and uncertainty. A primary chal-
lenge lies in the algorithm’s tendency to overestimate the values of actions, which can lead
to suboptimal policy decisions. This overestimation bias may result in significant ineffi-
ciencies, particularly in complex environments where precise decision-making is critical.
Moreover, deep Q-learning faces difficulties in managing real-world scenarios that involve
large state spaces and continuous action spaces, especially in the context of autonomous
driving [7].

2.2. Google DeepMind’s DDQN and its Applications

To address these challenges, Google DeepMind proposed the Double Deep Q Network
(DDQN) algorithm to solve the overestimation problem caused by the DQN algorithm
[8]. The DDQN selects the action of the agent that maximizes the Q-value, which is an
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estimate of the future reward of an action executed in a given state. This approach has been
employed in numerous studies, particularly in the field of autonomous vehicle movement,
demonstrating its versatility and effectiveness in various applications. For instance, Munoz
et al. [3] applied deep reinforcement learning for autonomous drone delivery, using
a DDOQN to determine the direction of movement from depth images. They created a
realistic environment in AirSim for safer drone flight, recording neural network weights
as checkpoints to improve training efficiency. Their work demonstrated the potential of
using deep Q-learning to enhance decision making in complex environments. Similarly,
Dorling et al. [9] validated a multirotor drone energy consumption model, which showed
that consumption varies linearly with payload and battery weight. Their findings led to an
improvement of more than 10% in drone delivery efficiency by optimizing battery weight.
In another study, Mnih et al. [10,11] developed a deep Q network and a deep learning
model for reinforcement learning (RL) in the Atari 2600 environment, achieving superior
performance compared to other RL approaches and human gamers. Their work, along with
Bellemare et al. [12], who discussed the Arcade Learning Environment (ALE) as a platform
to develop general Al technology, highlighted the challenges and potential of using deep
reinforcement learning in various applications. Kersandt et al. [13] examined drones
capable of detecting obstacles and following visual traffic rules, achieving results similar to
human performance in test flights. They suggested that improving the checkpoint strategy
could further enhance the outcomes. Chowdhury et al. [4] developed an Unmanned Aerial
Vehicle (UAV) model to perform indoor search and rescue missions without GPS, using
Received Signal Strength (RSS) in a Q-learning algorithm for better convergence speed and
trajectory accuracy. In [14], the authors proposed a dual-phase solution to DRL-related
problems, merging offline and online learning using transfer learning and fine-tuning. This
strategy involves training a neural network in a wide range of indoor environments and
then applying this experience through transfer learning when training a smaller segment of
the network in a similar, yet unfamiliar, testing environment. The network is divided into
sections that can be trained and those that cannot, with updates only made to the weights
of the trainable portion. This division is a compromise between achieving performance
goals (such as avoiding obstacles) and limiting the number of training computations. The
trainable section comprises the last few fully connected layers. Researchers used a collection
of eight distinct environments for the training phase and subsequently validated the results
using three unique environments for the testing process.

Reinforcement algorithms are based on the online learning paradigm. The agent gains
experience by interacting with the environment and then updates the current policy using
this experience. When discussing the autonomous movement of a vehicle, online interaction
is a challenging task in most cases due to security reasons. In this case, offline training
can be considered. Many commonly used reinforcement learning methods can learn from
off-policy data; however, such methods often cannot learn effectively from entirely offline
data without any additional on-policy interaction. The high-dimensional and expressive
function approximation generally leaves algorithms vulnerable to distribution changes
between training and test data sets [15]. To overcome this problem, policies are trained
with reinforcement learning in simulation and then transferred to the real world [16-18]

2.3. Obstacle Detection and Avoidance

Collectively addressing these challenges is essential; however, our current focus is on
the problem of obstacle detection and avoidance. These two aspects are critical for ensuring
the safe movement of autonomous vehicles (AVs). AVs must accurately recognize and
navigate around obstacles in their path to prevent collisions and guarantee safe operation.
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Achieving this requires sophisticated sensor systems and complex algorithms capable of
real-time processing.

Machine learning, particularly deep learning, has increasingly been employed to
enhance obstacle detection algorithms, enabling agents to learn from past experiences and
make improved predictions for future encounters. Obstacle detection primarily involves the
application of sensors and image processing techniques aimed at accurately identifying and
locating obstacles in the AV’s trajectory. This process heavily relies on a variety of sensors,
including cameras, LiDAR, and radar, which gather data about the AV’s surroundings. The
raw data collected from these sensors is then processed using advanced image processing
algorithms to differentiate between obstacles and free space. At this stage, machine learning
techniques, such as convolutional neural networks (CNNSs), are often utilized to enhance
the accuracy and reliability of obstacle detection [19,20].

On the other hand, obstacle avoidance entails making appropriate algorithmic deci-
sions once obstacles have been detected. After an obstacle is identified and its position
relative to the autonomous vehicle (AV) is established, the AV must determine how to
adjust its path to circumvent the obstacle. This process typically involves complex path
planning and control algorithms that take into account the current speed, direction, and
maneuverability of the AV, as well as the size and location of the detected obstacle.

Reinforcement learning and other artificial intelligence techniques are frequently
employed to optimize these decision-making processes, enabling AVs to learn from past
experiences and refine their avoidance strategies over time.

A review of the relevant literature indicates that reinforcement learning (RL) tech-
niques are commonly used for obstacle avoidance problems. Choi et al. [21] proposed a
framework for collision avoidance in reinforcement learning, wherein mobile robot agents
learned to efficiently navigate around dynamically moving obstacles while reaching tar-
get points. Additionally, they integrated the A* path planning algorithm to enhance the
algorithm’s pathfinding capabilities. An enhanced Q-learning algorithm that incorporates
priority weights was introduced in [22] to address the challenges of dynamic obstacle
avoidance path planning. However, in this paper, the word dynamic does not refer to the
existence of a dynamically moving obstacle but to the random generation of the starting
point, obstacles, and destination point in the agent travel process. These studies [23,24]
demonstrate that autonomous mobile robots can be used effectively to avoid obstacles
using Q-learning. The first study considers dynamic obstacle navigation, while the second
demonstrates the effectiveness of Q learning in path planning and dynamic obstacle navi-
gation through extensive hyperparameter tuning and iterative simulations. In addition to
Q-learning, many reinforcement learning approaches have been commonly employed in
obstacle avoidance and path planning challenges. In another paper [25], a reinforcement
learning-based approach is proposed for safe and efficient drone navigation in static envi-
ronments using a minimal set of low-cost sensors. The effectiveness of two autonomous
navigation algorithms, PPO and A2C, is investigated and compared to the pathfinding
performance of the A* algorithm. Tabakis and Dasygenis [26] employed the Double Deep
Q-Network (DDQN) and Deep Deterministic Policy Gradient (DDPG) algorithms for path
planning in both static and dynamic environments. Their findings indicate that DDQN is
more effective in static environments, whereas DDPG excels in dynamic environments due
to its adaptability. In [27], a novel reward mechanism is proposed utilizing Deep Q Learning
(DRL) to enhance collision avoidance, enabling the robot to stop when faster-moving ob-
jects approach and resume once they pass. The Advantage Actor-Critic (A2C) algorithm is
also one of the policy-based reinforcement learning methods utilized for dynamic obstacle
avoidance problems in dynamic and complex environments. Zhou et al. [28] proposed an
A2C model enhanced with an attention mechanism and prioritized experience replay for

https:/ /doi.org/10.3390/app1010000

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178


https://doi.org/10.3390/app1010000

Version March 17, 2026 submitted to Appl. Sci. 5 of 32

mobile robots operating in crowded and dynamic indoor environments. This structure not
only accelerated the learning process but also significantly improved obstacle avoidance
performance by achieving high success rates. Similarly, Zhai [29] introduced a cooperative
obstacle avoidance approach based on A2C in a connected vehicles environment. Their
model enables vehicles to collectively share environmental information and avoid obstacles,
resulting in a substantial reduction in collision rates compared to traditional individual
vehicle approaches. In addition, hybrid strategies combining A2C with other optimization
methods are frequently employed to enhance performance. For instance, Xing [30] devel-
oped a hybrid path planner by integrating the Seeker Optimization Algorithm (SOA) with
A2C to accomplish both global and local planning tasks. This structure exhibited superior
performance compared to conventional ROS-based planners, offering shorter paths and
faster response times, particularly in dynamic environments. Sinha [31], demonstrated that
by integrating A2C with quantum computing under the "Nav-Q" framework, autonomous
vehicles could achieve more stable and safer navigation in dynamic urban settings. It was
reported that Nav-Q converged faster and achieved higher cumulative rewards compared
to classical A2C. Finally, Almazrouei [32] conducted a comprehensive survey evaluating
the performance of A2C and other reinforcement learning methods for dynamic obstacle
avoidance in autonomous ground vehicles. Their study highlighted A2C’s advantages,
particularly in continuous control problems, while also discussing challenges such as train-
ing difficulties and sim-to-real transfer issues. Another policy-based RL approach used
in dynamic obstacle avoidance problems is the PPO algorithm. The PPO algorithm is
preferred because it provides more stable and secure policy updates. In a literature review
by Wu et al. [33], the increasing use of PPO in autonomous driving behavior planning and
its performance advantages were examined in detail. To further improve performance, RL
algorithms are often combined with additional techniques. Bilban and Inan [34] proposed
a new structure called LFPPO by improving the classical PPO algorithm with a Lévy-flight
based exploration strategy. This method enabled autonomous ground vehicles to perform
safer and more stable navigation in real traffic conditions. In the experiments conducted
in the CARLA simulation environment, LFPPO achieved much fewer collisions (1% vs.
19%) compared to the standard PPO with a 99% success rate. Nie et al. [35], with the
method they developed for automatic guided vehicles (AGV), increased both the stability
and overall performance of the learning process by combining sample editing and adaptive
learning rate strategies with PPO. This hybrid structure enabled safe and collision-free route
generation, especially in dynamic environments. Tang et al. [36] developed a PPO-based
scene-specific training method for a land robot that avoids moving obstacles in unknown
environments while also tracking targets. The PPO algorithm successfully performed both
safe and target-oriented maneuvers by evaluating instantaneous information from the envi-
ronment. The study showed how effectively PPO can be used in dynamic environments
without prior map knowledge.

2.4. The Role of Traditional Methods

In addition to reinforcement learning methods, efforts to adapt traditional path-
planning algorithms to dynamic and uncertain environments have increased with the
need for real-time decision-making in autonomous systems. In this context, Maw et al.
[37] proposed an improved anytime navigation algorithm called iADA*, which takes into
account uncertainties in the real world and environmental changes. Compared to the
classical ADA* algorithm, iADA* provides solutions that are 257% faster in partially known
and unknown dynamic environments. With its real-time replanning capability, it enables
rapid adaptation to dynamic conditions by generating collision-free and time-efficient
paths. Similarly, the CBS-D* algorithm proposed by Jin et al. [38] extends the D* Lite
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framework through a conflict-based strategy, allowing autonomous mobile robots to avoid
collisions in unknown and continuously changing environments. By incorporating novel
components such as third-order neighborhood scanning and wait and circuity strategies,
CBS-D* achieves a 31% higher success rate compared to the traditional D* Lite algorithm.
Yu and Wang [39] introduced a time-dependent multiobstacle avoidance algorithm (TD-
MOA) designed in accordance with international regulations to prevent collisions at sea
(COLREG). By integrating the D* Lite algorithm into a spatio-temporal risk model, this
method produces safe and rule-compliant paths in environments with both dynamic and
static obstacles. The simulation results confirmed the effectiveness of the method and its
performance in real time. Although CBS-D* and iADA* introduce significant improve-
ments over classical path planning methods such as A*, Anytime A* and D* Lite by
integrating conflict-based reasoning and anytime incremental search to enhance adaptabil-
ity in dynamic environments, they remain fundamentally rule-based algorithms. Their
reliance on predefined heuristics and deterministic strategies provides advantages such as
reduced computational overhead and rapid decision-making in resource-constrained or
time-sensitive scenarios. However, these approaches exhibit limited generalization capabil-
ities and lack the ability to learn from experience. In contrast, reinforcement learning (RL)
methods can autonomously develop adaptive navigation policies by interacting with the
environment, enabling agents to process high-dimensional sensor data, predict obstacle
behaviors, and refine decision-making through trial and error. Consequently, although
traditional path planning algorithms designed to adapt to dynamic and uncertain environ-
ments are effective in replanning and quickly responding to changes, their scalability and
robustness may be limited in highly unpredictable or complex scenarios, where learning-
based approaches often provide superior performance. iADA-RL, an extended version of
the iADA algorithm proposed by Maw et al. [40], integrates deep reinforcement learning
to improve adaptability, combining a global graph-based planner with a local planner
based on RL. This approach offers real-time path generation and replanning capabilities in
dynamic environments, particularly for unmanned aerial vehicles (UAVs).

In addition to avoiding obstacles, it is essential to expand the current approach by
incorporating complementary strategies to ensure the most effective and direct path to the
target. For this purpose, the A* algorithm is one of the most commonly used path-planning
algorithms in the literature [41-44]. The A* algorithm efficiently finds the shortest path
between two points using a heuristic-based search. By integrating A* with reinforcement
learning, the hybrid model combines the strengths of both approaches: A* provides precise
path planning, ensuring the quick identification of the shortest viable route, while rein-
forcement learning offers the flexibility to adapt to changing conditions in real time [25].
Also, a hybrid approach enhances time performance [43—45], as the algorithm can plan
paths more quickly by adapting the weight coefficients of the heuristic function, a crucial
factor in real-time navigation. The combination ensures optimal path planning, as it uses
state-action and reward functions to guide the algorithm toward the most efficient paths.
Additionally, the hybrid approach is capable of handling dynamic environments effectively,
making it well-suited for real-world applications where conditions can change rapidly.
These developments illustrate how autonomous navigation research has evolved from static
path planning toward adaptive navigation strategies designed for dynamic environments.
In particular, real-time replanning algorithms, reactive obstacle avoidance methods, and
learning-based approaches have become key technologies for handling moving obstacles
and environmental uncertainty.
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2.5. Our Final Analysis

Upon examination of the studies conducted, we believe that highlighting a few points
would be beneficial to facilitate significant development and improvement. Approaches
based solely on reinforcement learning can face limitations in real-time path planning and
navigation efficiency, especially in dynamic environments where quick decision-making
is crucial. Determining the optimal path in the presence of dynamic obstacles can be
computationally costly. Additionally, studies that use reinforcement learning and compare
its performance with path-planning algorithms generally conduct their analyzes in static
environments. There are relatively few studies where the environment is dynamic or
includes a dynamically moving obstacle. Furthermore, the number of environments used
for training is limited. Creating different environments in 3D simulation platforms comes
with a high time cost. In addition, there is no universally accepted performance metric
for evaluating the performance of algorithms, which makes comparing them challenging.
In these studies, the performance of the algorithms was evaluated only based on their
alignment with the specified objectives. Even the most advanced simulation environments
fail to model the real world. Encoding the chaos and uncertainty contained in the world is
quite challenging, which limits the application of theory to practice.

Table 1 presents a comparative analysis that clarifies the differences between classical
path planning algorithms and reinforcement learning (RL) methods. The table contrasts
their fundamental properties concerning environmental knowledge, learning capability,
dynamic adaptation, stability, and responsiveness to path changes.

Table 1. Comparison of Path Planning and RL Algorithms in Terms of Environment Knowledge,
Learning Capability, and Adaptability

Algorithm Method Type Env. Knowledge Learning Dynamic Adaptation  Stability Path Change Response

A* Deterministic Planning v X X Deterministic Restarts from beginning

Anytime A*  Deterministic Planning v X X Improves over time Restarts from beginning

D* Lite Replanning X X v Deterministic Replans from current position

PPO Reinforcement Learning (RL) X v v High Policy-based replanning

A2C Reinforcement Learning (RL) X v v Moderate (may fluctuate)  Policy-based replanning

DDQN Reinforcement Learning (RL) X v X Low (inconsistent) Learns slowly

DDQNA Hybrid (Planning + RL) X v v High Adaptive via planning and learning

Classical algorithms such as A*, Anytime A*, and D* Lite are rule-based and deter-
ministic. While they provide reliable and predictable behavior, they generally require
complete or partial prior knowledge of the environment and offer limited flexibility in
highly dynamic settings, as they lack intrinsic learning capabilities.

In contrast, RL-based methods such as PPO and A2C learn policies from interaction,
enabling greater adaptability to changing conditions; however, though their stability is
sensitive to training quality and hyperparameter choices. DDQN also possesses learning
capabilities, but when used in isolation, it may struggle to maintain consistent performance
and adaptability in more complex tasks.

The proposed hybrid method, DDQNA, combines the strengths of classical plan-
ning with learning-based adaptation. By leveraging both deterministic planning and
experience-driven policy refinement, DDQNA achieves competitive performance in com-
plex, unpredictable environments without requiring prior knowledge of the environment.

2.6. Our Proposal

By proposing a hybrid algorithm that combines the Double Deep Q Network and the
A* algorithm for autonomous agent navigation, our work aims to address the mentioned
shortcomings. In addition, the proposed approach not only leverages the robustness of
DDON in decision making but also integrates the efficiency of A* in finding the shortest
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path, offering a comprehensive solution to autonomous navigation in complex environ-
ments with static and dynamic obstacles. Although A* and DDQN are well-established
methods when applied independently, the integration proposed in this study, to the best
of our knowledge, has not been addressed in prior research. Specifically, it incorporates
several novel components that distinguish it from existing approaches:

* A hybrid integration mechanism in which A* and DDQN are combined via a proba-
bilistic epsilon-greedy policy during runtime action selection. Unlike previous hybrid
approaches, our method dynamically selects between optimal A*-guided actions and
learned DDON actions at each decision step.

¢ In addition to hybrid action selection, we propose an experimentally optimized
reward function that penalizes repeated cell visits, proximity to dynamic obstacles,
and inefficient trajectories while rewarding shorter paths to the goal.

* To support a more comprehensive evaluation, we tested the proposed method in
eleven randomly generated environments rather than in a limited set of predefined
scenarios. This setup offers several advantages:

- When the results are analyzed in detail, it can be observed that reinforcement
learning algorithms do not consistently succeed in all environments. Relying on
only a few environments risks focusing on favorable scenarios and introducing
bias. We specifically mitigated this by using a broader evaluation.

—  The combination of dynamic obstacles and the requirement to reach the goal
via the shortest possible path represents a significant challenge. The presence
of a dynamically moving obstacle increases the problem complexity consider-
ably, as evidenced by the lower success rates of baseline RL algorithms in our
experiments.

- We would also like to emphasize that generating the environments sequentially
and randomly is an unbiased method to test algorithm robustness. The positions
of obstacles and goals are not manually selected to facilitate the task but are
generated completely randomly by being executed sequentially.

3. Materials and Methods

Problem Definition: As illustrated in Figure 1, our objective is to enable our autonomous
vehicle (AV) to reach the red target point from the green starting point via the shortest path
without colliding with any static or dynamic obstacles. In this study, a dynamic obstacle
refers to an obstacle whose position changes during the navigation process, creating a
time-varying environment that may invalidate previously planned paths. The environment
is randomly generated. The autonomous vehicle (AV) does not have prior knowledge about
the environment, such as obstacle locations or the maze structure. The agent only observes
its current location and learns to navigate through interaction with the environment by
receiving reward signals based on its actions. Although the environment itself has full
knowledge of the map for purposes such as reference path planning or performance
evaluation, the agent makes decisions based only on its local observations. We note that the
environment refers to the simulation system that controls the agent’s movement, rewards,
and episode progression. Additionally, the obstacles are of fixed size and are not larger
than the AV itself. Furthermore, the agent moves with a constant step size throughout the
grid, which corresponds to a fixed velocity in this discrete environment.

Since we aim for the agent (AV) to reach the target via the shortest path, we incorpo-
rated the widely used A* algorithm into our methodology. The A* algorithm is typically an
effective path planning algorithm for static environments, as it relies on a pre-known, fixed
representation of the map or environment for planning the path. However, in a dynamic
environment where obstacles may change positions over time or new obstacles may appear,
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Figure 1. The red arrow indicates a diagonal move the agent cannot perform; the green arrow shows
the feasible path. The agent is not larger than obstacles. If an obstacle lies orthogonally adjacent to
the agent, it cannot move diagonally.

the effectiveness of the A* algorithm can diminish. This is because the algorithm, once the
path is planned, cannot update its path or respond immediately to dynamic changes. For
this reason, in our experiments, we did not rely solely on the A* algorithm. To analyze the
contribution of the A* algorithm to our objective, we compared the performance of the
DDQNA (our hybrid approach) with the standard DDQN algorithm and other commonly
used reinforcement learning methods.

3.1. Environment

OpenAl Gym [46], DeepMind Lab [47], Mujoco (Multi-Joint dynamics with contact)
[48], CoppeliaSim [49], and AirSim [50] are just a few of the numerous simulation en-
vironments available for RL experimentation, each offering a unique set of challenges
and opportunities for agent development. These environments offer photorealistic and
complex 3D settings, enabling the testing of Reinforcement Learning (RL) algorithms under
conditions that closely approximate real-world scenarios. As a result, various challenging
scenarios and environments can be explored to enhance the capabilities of RL agents. To
alleviate the computational burden associated with 3D simulation environments, we use
the Pygame library [51], which is more suitable for simpler 2D simulations. We designed an
environment with a starting point and a target point, containing a single dynamic obstacle
and capable of being randomly regenerated. This approach allows us to automatically
generate as many problem-specific environments as desired without the need for additional
design. The key differences between the designed environment and the existing simulations
[46-50] are summarized below.

¢ Random environments are automatically generated.

*  The dimensions of the environment can be adjusted as desired.

¢ Dynamic obstacles can be added.

¢  The 2D simulation reduces the system requirements and facilitates the testing of
various scenarios to challenge and improve the capabilities of RL agents.

The illustrated example demonstrates a 10x10 maze comprising a starting point (green),
a destination point (red), and a dynamically moving obstacle (yellow). The agent is termi-
nated after colliding with walls or obstacles. The primary goal is not only to arrive at the
destination in the shortest possible time but also to navigate effectively through the envi-
ronment, minimizing the number of steps taken. Beyond simply reaching the destination,
our objectives include minimizing repeat visits to cells and finding the most direct path to
the target. To ensure that the starting and destination points in the randomly generated
maze are far apart, we use the Euclidean metric to strategically set their locations. The
agent’s possession of eight distinct actions logically leads to the selection of the Euclidean
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X

(a) Environment 1 (b) Environment 2 (c) Environment 3 (d) Environment 4

x

x
|
[

X

(g) Environment 7

(e) Environment 5 (f) Environment 6 (h) Environment 8

Figure 2. Randomly generated environments ordered left to right. Each panel shows a 10 x 10 maze
with a start (green), goal (red), one dynamically moving obstacle (yellow), and the agent (white cross).
The obstacle moves randomly during the episode; the position shown is a snapshot.

metric; otherwise, the Manhattan metric would be more suitable. Examples of randomly
generated environments are given in Figure 2.

3.2. Action

The simulation agent is designed to perform eight distinct actions, as shown in Figure 3.
The agent’s movements encompass rightward, leftward, forward, backward, and diagonal
directions, providing a comprehensive range of motion.

NT A
==
A A

Due to the structure of the environment and the placement of obstacles, the agent’s

Figure 3. Actions of the agent.

diagonal movement is restricted under certain conditions. Specifically, if there is an obstacle
directly at a 90-degree angle to the agent, it cannot move diagonally. As seen in Figure 1, to
move to the bottom-left cell, the agent must first move left and then down. Additionally,
the agent can never enter cell number 1 because of this restriction. This constraint ensures
that the agent navigates around obstacles by first moving horizontally or vertically before
attempting a diagonal move.

3.3. Reward

In Reinforcement Learning (RL) algorithms, the reward function represents feedback
that an agent receives from its environment as a consequence of its actions. Based on
this feedback, the agent strives to optimize its policy, which is a set of rules that dictate
which action it will select in any given situation. Positive rewards signal to the agent that
it has executed a proper action, encouraging it to repeat such actions. Negative rewards,
on the other hand, indicate that the agent should avoid certain actions. Currently, our
goal is to enable the agent to reach its target with minimal effort, without colliding with
obstacles. Given our preference for the agent taking fewer steps towards the target, we
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have attributed a cost to each step. For every step that does not result in reaching the
target, encountering obstacles, or increasing the distance from the target, the agent receives
a negative reward. When the target is reached or the agent gets closer to it, the agent
receives a positive reward. As we have observed the positive impact of improving the
reward mechanism on performance, we continue to enhance the reward function based on
experimental results. The final reward function that we have selected is given below.

—100 obstacle collision, episode ends

+100 target reached, episode ends

-5 per movement action a

R(s,a) = ' _ 1)
+10 if a decreases target distance
—20 if a decreases obstacle distance

—20 x n revisiting a cell the nth time

This reward mechanism is designed to encourage the agent to reach the target through
the shortest path without hitting obstacles. The agent gains rewards as it approaches
the target, but it should avoid getting close to obstacles, taking unnecessary steps, and
repeatedly visiting the same cells. This balanced approach ensures that the agent progresses
effectively while avoiding risky situations. The reward function significantly impacts the
learning process and the resultant performance of an RL algorithm. A properly defined
reward function helps the agent learn more rapidly and efficiently, enabling it to achieve
superior results.

3.4. Epsilon Greedy Strategy

The epsilon-greedy strategy is a popular method used in reinforcement learning to
balance exploration and exploitation. In this approach, the agent primarily selects actions
that it believes will yield the highest reward (exploitation). However, with a probability of
epsilon (), the agent chooses a random action instead (exploration). This allows the agent
to discover new strategies and potentially better actions that it might not have considered
otherwise [52].

Mathematically, the action selection can be described as:

. random action with probability €
action =

(2)
optimal action with probability 1 — e

Additionally, epsilon is often decreased over time to allow the agent to exploit more
as it learns. This can be expressed as:

€ = max(€end, € X edecay) @3)

If the agent chooses not to explore (i.e., when a random number is greater than €), it
then decides how to exploit. If an optimal action (i.e., a recommended action from A*) is
provided, the agent selects that action with a fixed probability of 0.5. Otherwise (i.e., with
the remaining 50% chance), the agent chooses the action predicted by the DDQN model. By
gradually decreasing the value of epsilon over time, the agent can shift from exploring the

environment to exploiting the knowledge it has gained, thereby optimizing its performance.

This approach helps the agent balance the need to explore new possibilities with the goal
of maximizing rewards based on what it has learned.

The epsilon-greedy part ensures that the agent sometimes explores by picking random
actions. When not exploring, there is a 50% chance that the agent will follow the path
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recommended by the A* algorithm. The remaining 50% of the time, the agent will use the
DDQN model to select the optimal action. Furthermore, the 50% probability of choosing
between A and DDQN* after deciding not to explore is independent of the epsilon-greedy
strategy. This selection mechanism ensures that the agent balances between model-based
pathfinding and the learned policy to improve navigation performance.

3.5. Network Architecture

The network structure consists of four fully connected layers interconnected by Leaky
ReLU and dropout activation functions [53]. This architecture was chosen due to the
benefits provided by these activation functions and techniques. Leaky ReLU helps mitigate
the vanishing gradient problem by allowing a small, non-zero gradient when the unit is not
active, facilitating faster and more stable training of deep networks. Dropout, on the other
hand, is a regularization technique that prevents overfitting by randomly dropping units
during training, thereby improving the generalization of the model. Generally, in DDQN,
it is expected that a Q-value output is produced for every action, and thus no activation
function is utilized in the output layer. Here, the input layer is set to 2 because the DDQN
agent receives a two-dimensional state input from the environment, corresponding to the
agent’s current position (x,y) on the 2D grid. The output layer is set to 8 to represent the
eight possible actions available to the agent, as illustrated in Figure 4. The agent uses Adam
as the optimization algorithm and Mean Squared Error (MSE) as the loss function [53]. Adam
is an optimization algorithm that adapts the learning rate, facilitating quick and efficient
learning. The MSE measures the discrepancy between the Q-values estimated by the agent
and the target Q-values.

\ 4 A
Fully Connected Layer 1 Fully Connected Layer 2
Input Layer 256 neurons . 56 neurons
) Leaky ReLU Leaky ReLU
Dropout (p=0.5) Dropout (p=0.5)
T
|
v A \4 A
Fully Connected Layer 3 Fully Connected Layer 4
128 neurons > 64 neurons > Outptzé)l_ayer
Leaky ReLU Leaky ReLU

Figure 4. Network architectures of DDQN and DDQNA.

3.6. Double Deep Q-Network (DDQN) Algorithm

Double Deep Q-Networks (Double DQN) is an improved reinforcement learning
method that reduces the overestimation bias found in standard Deep Q-Networks (DQN).
In DQN, a neural network that predicts the value of performing a particular action in a
given state, called the Q network, approximates the Q-value function. However, because
this paradigm relies on a single network for both action selection and evaluation, it is
prone to overestimating Q-values. Double DON improves this by introducing a dual-
network architecture. It retains the original Q-network for action selection, but it employs a
secondary network, termed the target network, for action evaluation. While the original
Q-network is still responsible for selecting the best action to perform in the next state, the
target network is used to calculate the Q-value of that action. This decoupling reduces the
bias of overestimation, leading to more stable learning [8,54].

YboublepoN = Riy1 +7Q <5t+1, arg max Q(S¢41,a;61), 9f>r (4)
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where Yp,uplepon denotes the updated target Q-value, Ry 1 is the reward for the next state,
7 represents the discount factor, and Q is the Q-value function. The function Q(S;41,4; 6;)
determines the action a2 that maximizes the Q-value in the subsequent state S; 1, with 0; as
the parameters of the current Q-network, and 6, as those of the target network [55]. This
strategic separation of action selection and evaluation through the target network mitigates
overestimation bias and fosters more reliable learning outcomes.

3.7. A*and DDQNA Algorithm

The A* algorithm is a path-finding and graph traversal algorithm renowned for its
efficiency and accuracy in determining the shortest path between two points. It combines
features of Dijkstra’s algorithm and Best-First Search, making it optimal and complete [56].
The heuristic aspect of A* estimates the cost of reaching the goal from a node, guiding the
search in a direction that is likely to lead to the shortest path.

In this study, we propose the DDQNA algorithm, which combines A* with Double
Deep Q-Network (DDQN) to guide an autonomous agent through a maze environment.
The purpose is to enable the A* algorithm to guide the agent during training, with the aim
of helping the agent find the shortest path to the target. The effectiveness of the algorithm
in this context lies in its ability to calculate the most efficient route, considering various
constraints and obstacles within the maze. Unlike the algorithm proposed in [41], our
mechanism integrates the A* algorithm with the epsilon greedy strategy for action selection,
and it selects the action recommended by the A* algorithm with a probability of 50%,
regardless of any learning rate. This approach allows for random action selection based on
the epsilon greedy strategy to promote exploration while also utilizing the neural network
to identify actions with the highest expected reward for exploitation. This combination
enhances the learning efficiency and performance of agents in complex environments
by blending the stochastic nature of the epsilon greedy strategy with the precision of
A*'s pathfinding capabilities. The only difference between the DDQN algorithm with the
improved reward mechanism and the DDQNA algorithm is that the DDQNA algorithm
benefits from the guidance of the A* algorithm. The pseudocode for the DDQNA algorithm
is given in Algorithm 1.

3.8. Theoretical Formulation of the Action Selection Policy

The proposed DDQNA algorithm utilizes a hybrid decision-making strategy that
combines model-based A* path guidance with model-free learning via Double Deep Q-
Networks (DDQN). This strategy is embedded within an e-greedy exploration framework.

Let 77(s) denote the action-selection policy at state s. The policy can be formalized as a
probabilistic mixture of two sub-policies:

random action with probability e,
m(s) = ¢ 7wax(s) with probability (1 —e€) - p, )
ppoN (s) = argmax,; Q(s,a;60) with probability (1 —¢€) - (1 —p),

where € is the exploration probability and p € [0, 1] is the fixed probability of selecting the
A* action when exploiting.

In our implementation, we set p = 0.5 to ensure equal contribution from both sub-
policies during the exploitation phase. This symmetric setup encourages both structured
search (via A*) and adaptive learning (via DDQN) without biasing the learning trajectory
prematurely.
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Algorithm 1 DDQNA Algorithm: Hybrid Action Selection with A* and DDQN

1: Initialize maze environment and DDQNA agent

2: Initialize neural network parameters 6, target network 6~ < 0

3: Set hyperparameters: €, ¢, update frequency, number of episodes, learning rate
4: for each environment E in training set do

5 for each episode e = 1to N do

6 Initialize state sq

7: for each time step ¢ do

8 Sample random number r € [0, 1]

9: if r < € then > Exploration
10: Choose random action a; € A
11: else > Exploitation via hybrid strategy
12: Sample ' € [0,1]
13: if ¥’ < p then
14: a <— 1ax(s¢) > Use A* path guidance
15: else
16: a; < argmax, Q(st, a;0) > Use DDQN policy
17: end if
18: end if
19: Execute action a;, observe reward r; and next state s;1
20: Store transition (s¢, at, 1¢, S¢+1) in replay buffer D
21: Sample mini-batch from D and update 6 using:

ye=ri+7-Q (sH_l,arg mjx Q(sH_l,a’;G);G_)

L(6) = (yt — Q(st,a1;0))

22: if step mod target_update_frequency == 0 then
23: Update target network: 0~ < 6

24: end if

25: if episode terminates then

26: break

27: end if

28: end for

29: Decay exploration rate: € <— max(€end, € * €decay)
30: end for

31: end for

3.9. Ablation Study and Effect of the A* Weight Parameter p 534

To assess the impact of the A* weighting parameter p, which defines the probability of s
selecting the A* action during exploitation, we conducted a comparative evaluation across s
eight test environments with p = 0.25, p = 0.50, and p = 0.75. 537

The results indicate that while increasing the A* weight to 75% occasionally yields s
high success in specific environments (e.g., Environment 6), it also produces pronounced s
instability, as evidenced by 0% success rates in Environments 2, 5, and 7. Consequently, the s«
standard deviation of success with p = 0.75 is approximately 42.5%, the highest among all  sa
configurations. 542

By contrast, the 50%-50% hybrid configuration yields the highest mean success rate s
(85.4%) and the lowest variance (Std 3.6%), demonstrating both robust performance and s
consistency across diverse maze topologies. 545

Table 2 summarizes the per-environment success rates, while Table 3 aggregates the s
means and standard deviations across environments. 547

A closer examination of Table 2 shows that excessive reliance on the A* guidance (p s
= 0.75) leads to inconsistent performance across environments. Although the algorithm s
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Table 2. Per-environment reached goal (%) for different p values.

Environment p =025 p =0.50 p =075
1 82.0 84.0 78.0
2 81.0 92.0 0.0
3 0.0 83.0 76.0
4 90.0 86.0 81.0
5 86.0 87.0 0.0
6 82.0 81.0 100.0
7 79.0 88.0 0.0
8 85.0 82.0 87.0

occasionally achieves very high success rates (e.g., Environment 6), it completely fails in
several environments where dynamic obstacles significantly alter the optimal path. This
behavior indicates that over-dependence on deterministic planning limits the agent’s ability
to adapt through learning. Conversely, when the A* guidance probability is reduced
(p = 0.25), the algorithm relies predominantly on learned policies. While this improves
adaptability, the agent sometimes lacks sufficient structured guidance, leading to inefficient
exploration and occasional failures. The balanced configuration (p = 0.5) provides the most
stable performance by combining the strengths of both mechanisms. As shown in Table 3,
it achieves the highest mean success rate and the lowest variance across environments.

Table 3. Mean and standard deviation of success rates (%) over all environments.

Metric p=025 p =0.50 p=0.75
Reached Goal Mean 73.1 85.3 52.7
Reached Goal Std ~29.7 ~3.6 ~42.6

Interestingly, the 25% A* configuration shows moderate average success but also
significant inconsistency, including a complete failure to reach the goal in Environment 3.

These observations confirm that excessive reliance on A* planning can compromise
adaptability and prevent the agent from learning effective policies in environments with
dynamic obstacles or unpredictable configurations. Conversely, insufficient guidance
reduces efficiency and reliability.

Opverall, the ablation results validate the choice of p = 0.5 as the most balanced config-
uration, offering both high success rates and low variance across all tested environments.
This balance supports better generalization and robust navigation performance.

3.10. Computational Complexity Analysis of the DDQNA Algorithm

The computational complexity of the proposed DDQNA training procedure can be
expressed in terms of the following parameters: the number of episodes ¢, the maximum
number of steps per episode s, the batch size b used for training, the number of neurons
per layer in the Q-network f, and the number of cells in the maze n = w X h.

Each training step consists of several components. First, A* path planning is performed
to compute an optimal action, which requires O(nlogn) time in a grid environment.
Next, a forward pass through the Q-network evaluates the action values, incurring O( f?)
computational cost. The current transition is appended to the replay buffer in constant time.
If enough samples are available, a minibatch gradient update is applied, requiring O(b - f?)
operations. Finally, the environment state, including agent position, reward computation,
and obstacle dynamics, is updated in constant time.

Summing these components, the per-step time complexity would be:

O(nlogn+ f>+b- f?).
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Since each episode consists of up to s steps, the per-episode time complexity grows propor-
tionally to s. Therefore, over all training episodes, the total time complexity is:

Ofe-s-(nlogn+b-f?)).

In practice, the neural network computations are highly parallelizable on modern GPUs,
and A* search remains efficient for grids of moderate size.

Regarding memory requirements, the space complexity is determined by four com-
ponents: the weights of the main and target Q-networks, the replay buffer, the visited cell
dictionary, and the maze representation itself. Each network requires O( f2) space to store
weights. The replay buffer stores up to m transitions in O(m) memory. Tracking cell visit
counts and maintaining the maze matrix each require O(n) storage. Thus, the overall space
complexity is:

O(f*+m+n),

which is moderate and suitable for conventional hardware configurations. Table 4 summa-
rizes the time and space complexity of the main computational components involved in
the training process.

Table 4. Summary of time and space complexity components.

Component Time Complexity Space Complexity
A* Path Planning O(nlogn) O(n)
Forward Pass O(f?) o(f?)
Replay Buffer Update (1) O(m)
Training Step O(b-f?) O(m)
Environment Update o0(1) O(n)

Total Training O(e-s-(nlogn+b-f2)) O(f?> +m+n)

The results indicate that the dominant computational cost arises from the neural
network training step, which scales with the batch size and the size of the network. The
additional overhead introduced by the A* planner is relatively moderate and scales with
O(n log n), which remains efficient for grid-based environments.

This analysis suggests that the hybrid approach does not introduce prohibitive com-
putational costs compared to standard deep reinforcement learning algorithms. Instead,
it provides structured guidance with manageable computational overhead, making the
approach suitable for real-time navigation scenarios with moderate environment sizes. As
a result, the proposed hybrid approach, which combines A* search with deep Q-learning,
achieves scalable performance in dynamic navigation tasks without imposing prohibitive
computational or memory demands.

3.11. Evaluation Complexity

During the test phase, the algorithm executes the learned policy without performing
any parameter updates. At each step of a test episode, the pre-trained Q-network selects
an action by computing a forward pass through the network. In this phase, neither replay
buffer sampling nor gradient backpropagation is required.

Specifically, the computational cost per step consists of two main components. First,
the forward pass incurs a time complexity proportional to O(f?), where f denotes the
number of neurons per layer in the network. Second, updating the state of the environment,
including the movement of the agent, the calculation of rewards, and the motion of the
obstacle, requires constant time O(1). When visualization is enabled through the PyGame
interface, additional rendering operations introduce a further cost of O(n), where n repre-
sents the total number of grid cells. In particular, this rendering overhead is independent
of the decision-making process.
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Accordingly, the per-step time complexity during evaluation is given by:
O(f*+n).

Since each evaluation episode comprises up to s steps, the total time complexity per episode
scales proportionally as follows:

O(s- (f>+n)).

Regarding memory requirements, evaluation retains only the pre-trained Q-network
parameters and the environment state. This results in a space complexity of:

O(f*+n).

Opverall, this analysis demonstrates that the computational demands of evaluation are
substantially lower than those of training. Consequently, the approach remains efficient
and well-suited for repeated testing and large-scale benchmarking scenarios.

4. Results

In this section, we evaluate the performance and effectiveness of the proposed ap-
proach during both the training and testing phases across a range of environments. All
experiments were conducted under consistent conditions on a computer equipped with an
Intel Core i7 2.4 GHz processor, 32 GB of RAM, and an Nvidia GeForce RTX 4050 GPU.

In this paper, we compare our proposed hybrid method (DDQNA), which integrates
classical path planning with a reinforcement learning method, with standard RL baselines,
including A2C, PPO, and DDQN. The selected baselines represent different families of deep
reinforcement learning methods, including value-based and actor—critic approaches, which
are widely adopted in autonomous navigation research. Since the proposed DDQNA frame-
work is designed as a reinforcement learning-based decision-making strategy, evaluating
it against other RL algorithms enables a more appropriate assessment of improvements
in learning stability, convergence behavior, and navigation success rate. Classical naviga-
tion algorithms such as A*, D*, and D* Lite follow deterministic planning paradigms that
typically rely on known environment representations and explicit path computation. In
contrast, reinforcement learning methods focus on learning navigation policies through
interaction with the environment. Because these two paradigms address different aspects of
the navigation problem and operate under different assumptions, comparing DDQNA with
other RL baselines provides a clearer evaluation of its learning-driven navigation capabili-
ties. This selection ensures that the evaluation covers representative reinforcement learning
paradigms and allows the proposed hybrid framework to be assessed against widely used
learning-based navigation strategies under consistent experimental conditions. To ensure a
fair and controlled comparison, all algorithms were trained under identical experimental
conditions, including the same environments, reward structure, training episodes, and
evaluation metrics. The hyperparameters were selected based on commonly adopted
configurations reported in reinforcement learning literature and were kept consistent across
algorithms. In addition to the algorithmic structure, we specifically investigate the effect
of the reward function on agent performance. To this end, the baseline DDQN, A2C, and
PPO algorithms were implemented in their standard forms using a conventional reward
structure that penalizes undesirable actions and rewards goal-directed behavior. A reward
of +100 was assigned for encouraged actions, while a penalty of -100 was applied for unde-
sired behaviors. To better evaluate the contribution of the proposed reward mechanism, we
also applied the reward function defined in Equation 1 to the standard DDQN algorithm.
This modified version is referred to as DDQN* throughout the experiments. Except for the
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change in reward formulation, all training and testing conditions, including environment
configurations, hyperparameters, and computational settings, were kept identical in all
algorithms to ensure a fair and controlled comparison.

4.1. Training Process

The training process primarily consists of a loop that runs over a specified number
of training environments, each of which consists of 2000 episodes. For each training
environment, a new environment is initialized, and the agent’s current environment is
set to this new environment. The epsilon value, which controls the trade-off between
exploration and exploitation, is initially set to the starting value (1.0). For each episode
within the current environment, the environment is reset, and the agent performs actions
until the episode ends. These actions are selected based on the current state and the epsilon
value. At each step, the agent trains by updating its Q-network based on the state, action
taken, reward received, next state, and whether the episode has ended. The epsilon value
decays at the end of each episode to slowly shift the balance from exploration towards
exploitation as the agent learns more about the environment. At a certain frequency, the
target Q-network used for calculating the target Q-values is updated with the weights of
the online Q-network that is actively learning. Once all episodes of the current environment
are completed, the weights of the trained agent are saved. Table 5 concisely summarizes
the key hyperparameters used in the algorithms, along with their respective values and
brief descriptions.

Table 5. Simulation and hyperparameter settings for the algorithms.

Hyperparameter Description Value
width Width of the maze environment. 10
height Height of the maze environment. 10
num_train_environments Total number of different training environments to use. 11
num_episodes_per_environment Number of episodes to run in each training environment. 2000
max_steps_per_episode Maximum number of steps allowed in each episode. 1000
epsilon_start Initial value of epsilon for the epsilon-greedy policy. 1.0
epsilon_end Final value of epsilon after decay. 0.01
epsilon_decay Factor by which epsilon is decayed after each episode. 0.9977
gamma (DDQNAgent) Discount factor for future rewards in the Q-learning algorithm. 0.99
update_frequency (DDQNAgent)  Frequency of updating the target model in the DDQNA agent. 10

A significant enhancement in the training phase is the integration of the A* algorithm,
which serves as a guide for the agent, providing insights on the shortest path to the goal
during each episode. This strategic guidance is pivotal, especially in the initial phases
of training, augmenting the agent’s capacity to navigate the maze efficiently while still
allowing for exploratory behavior as dictated by the epsilon greedy policy.

In the maze environment, we aim for the agent to reach the destination with the
minimum number of steps without colliding with any static or dynamic obstacles. The
reward function, elaborated in detail in Section 3.3, was designed to align with this objective.
Consequently, when evaluating the results of the experiment, we incorporate metrics
relevant to our goal. To assess the agent’s performance over 2000 training episodes, we
considered several key metrics: the percentage of episodes in which the agent successfully
reached the goal, the average number of steps taken, the average computation time, the
total reward, and the number of distinct cells visited. The optimal result for the agent would
be to reach the goal directly via the shortest possible route. However, there are instances in
which the agent may visit a particular cell several times before reaching the goal. As long
as the agent avoids obstacles and successfully reaches the goal, this behavior can also be
deemed successful. The training results for Environments 1-8 can be reviewed in Table 6.
A detailed analysis of table reveals several important performance patterns. First, the
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DDQNA algorithm consistently achieves the highest percentages of reaching goals in almost
all environments. This result indicates that the integration of A* guidance significantly
accelerates the learning process by providing structured direction information during
the early stages of training. Second, the average step count of DDQNA is substantially
lower than that of the baseline algorithms in most environments. This suggests that
the hybrid framework not only reaches the goal more frequently but also learns more
efficient navigation policies that approximate the shortest paths. Third, although DDQNA
introduces additional computational overhead compared to standard DDQN due to the A*
planning component, the overall computation time remains significantly lower than that
of PPO and DDQN. This shows that the proposed hybrid approach achieves a favorable
balance between navigation efficiency and computational cost.

When evaluating the average results over 2000 episodes during the training process,
it is important to note that at the beginning of the training, the agent is just starting to
learn and is entirely unfamiliar with the environment. We emphasize this to highlight the
agent’s performance even when learning in an entirely new environment. To thoroughly
assess this, we provide detailed training results. Consequently, the training outcomes for
the proposed algorithm are noteworthy.

Table 6. Comparison of A2C, PPO, DDQN, DDQN* and DDQNA Algorithms’ training results for
8 environments. The percentage of visited cells, average step count, and computation time were
calculated by averaging over 2000 episodes. The reached goal percentage indicates the proportion of
episodes in which the agent successfully reached the goal out of the 2000 episodes. The improvement
column represents the ratio of DDQNA over DDQN*.

Env  Evaluation Metric A2C PPO DDQN DDQN* DDQNA Imp. Ratio
Visited Cells Percentage 2.86 17.01 13.25 13.44 17.56 1.31
1 Average Step Count 609.14 11297  333.31 127.91 55.29 2.31
Calculation Time (sec) 1.54 11.36 0.70 8.46 3.63 2.33
Reached Goal Percentage 0.00 60.90 6.60 4.12 55.17 13.39
Visited Cells Percentage 3.48 16.27 14.43 15.79 11.90 0.75
2 Average Step Count 250.54 103.08  167.15 102.57 20.66 4.96
Calculation Time (sec) 0.63 10.37 0.35 6.78 1.33 5.10
Reached Goal Percentage 0.00 52.15 42.60 35.28 80.80 2.29
Visited Cells Percentage 2.04 12.77 10.84 14.68 11.14 0.76
3 Average Step Count 204.07 56.09  236.80 44.29 20.84 213
Calculation Time (sec) 0.51 5.64 0.51 2.90 1.35 2.15
Reached Goal Percentage 0.00 71.10 28.50 70.81 75.95 1.07
Visited Cells Percentage 2.14 14.15 14.34 16.26 14.96 0.92
4 Average Step Count 312.23  50.85 173.86 52.63 24.77 212
Calculation Time (sec) 0.78 5.11 0.37 3.46 1.60 2.16
Reached Goal Percentage 0.05 73.55 38.20 57.48 77.80 1.35
Visited Cells Percentage 415 7.57 11.38 14.12 16.80 1.19
5 Average Step Count 14550 226.53  234.07 136.55 60.27 227
Calculation Time (sec) 0.36 22.78 0.49 9.04 3.97 2.28
Reached Goal Percentage 0.10 0.15 4.05 2.73 53.81 19.71
Visited Cells Percentage 2.07 12.25 10.39 10.01 11.33 1.13
6 Average Step Count 69.58 108.23  229.62 137.93 27.50 5.02
Calculation Time (sec) 0.18 10.88 0.48 9.13 1.79 5.10
Reached Goal Percentage 0.00 41.65 21.10 9.05 74.37 8.22
Visited Cells Percentage 2.16 16.84 11.66 13.24 13.50 1.02
7 Average Step Count 7651  62.84  207.57 67.85 28.40 2.39
Calculation Time (sec) 0.20 6.32 0.44 447 1.85 242
Reached Goal Percentage 0.10 67.80 23.70 48.67 77.75 1.60
Visited Cells Percentage 2.28 13.85 13.80 15.71 16.65 1.06
8 Average Step Count 255.88 181.32 22045 98.00 54.24 1.81
Calculation Time (sec) 0.68 18.24 0.46 6.47 3.56 1.82
Reached Goal Percentage 0.60 29.90 29.55 34.77 58.78 1.69
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4.2. Test Process

The testing process begins with loading pre-trained weights into the agent for those
environments. Each environment is tested 100 times consecutively, and the results are
averaged. The A* algorithm, which is utilized for guidance during the training process, is
not used during the testing phase. The agent interacts with the environment by choosing
actions based on the current state. Note that the epsilon value is set to 0.0 for testing, mean-
ing the agent will always exploit its learned knowledge and will not explore random actions.
The agent continues to interact with the environment until the episode ends. At each step,
the agent performs the chosen action, observes the reward, and the next state. After the
episode ends, the performance of the agent is evaluated. Test results for Environments
1-8 can be reviewed in Table 7. In all environments, DDQNA consistently demonstrates
better efficiency (lower step count and calculation time) and effectiveness (higher goal
achievement rate) compared to other algorithms. The DDQNA algorithm appears to be less
affected by changes in the environment, whereas the DDQN* algorithm exhibits significant
performance variations depending on the difficulty level of the environment. In the third
environment, characterized by the presence of a direct and unobstructed path from the
initial point to the goal, both algorithms are observed to perform at a similar level. The fifth
environment, characterized by a longer distance, more obstacles, and additional turning
points along the path from the start to the goal, poses significant challenges for A2C, PPO,
DDOQON and DDQN* algorithms. Although the DDQNA algorithm faced difficulties, its
performance remained at a relatively stable level. In contrast, other algorithms experi-
enced a substantial decrease in performance, indicating an increased sensitivity to complex
navigational challenges compared to the DDQNA.

The standard deviation of the goal achievement rate for the DDQN?* algorithm is ap-
proximately 38.59, while for the DDQNA algorithm it is significantly lower at approximately
3.39. In comparison, the standard deviations for the other algorithms are approximately 0.0
for A2C, 27.43 for PPO, and 16.84 for the standard DDQN algorithm. This large standard
deviation indicates that the performance of the A2C, PPO, DDQN and DDQN* algorithms
is highly variable across different environments, suggesting that its effectiveness is greatly
influenced by the specific characteristics or challenges of each environment. In contrast, the
low standard deviation of the DDQNA goal achievement rate underscores its resilience in
maintaining performance under difficult conditions, highlighting a potential advantage in
adaptability and robustness.

A comparative summary of the main characteristics of the algorithms is given in
Table 8. Despite moderate computational times, the A2C algorithm consistently fails
to reach the goal in all cases, showing poor exploration capabilities and limited learning
efficiency. However, PPO achieves high success rates in most environments, showing strong
policy optimization and generalization. However, the increase in computational time and
the variation in performance between environments highlight the challenges in terms of
real-time applicability and consistency. The standard DDQN algorithm, despite having the
fastest computational time, shows poor performance in terms of goal achievement. With
the integration of the proposed reward mechanism, the modified DDQN * algorithm shows
a significant improvement over DDQN, especially in environments 2, 3, and 7, but still
lacks consistent reliability.
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Table 7. Comparison of A2C, PPO, DDQN, DDOQN* and DDQNA Algorithms’ test results for 8
environments. The percentage of visited cells, average step count, and computation time were
calculated by averaging over 2000 episodes. The reached goal percentage indicates the proportion of
episodes in which the agent successfully reached the goal out of the 2000 episodes. The improvement
column represents the ratio of DDQNA over DDQN*.

Env  Evaluation Metric A2C PPO DDQN DDQN* DDQNA Imp. Ratio
Visited Cells Percentage 4.16 15.23 1.0 3.96 16.19 4.09
1 Average Step Count 11592  72.08  1000.0 164.03 19.52 8.4
Calculation Time (sec) 11.66 7.25 3.45 10.91 1.3 8.39
Reached Goal Percentage 0 64.0 0 0 84 -
Visited Cells Percentage 2.0 13.42 2.12 13.28 9.55 0.72
5 Average Step Count 23426  65.13 65.28 15.09 9.61 1.57
Calculation Time (sec) 23.55 6.55 0.02 1.0 0.64 1.56
Reached Goal Percentage 0 76.0 0 89 92 1.03
Visited Cells Percentage 2.0 12.09 1.22 16.48 7.37 0.45
3 Average Step Count 179.2 89.2 125.95 49.28 7.96 6.19
Calculation Time (sec) 18.02 8.97 0.04 3.28 0.53 6.19
Reached Goal Percentage 0 61.0 0 81 83 1.02
Visited Cells Percentage 2.0 12.46 9.89 14.98 13.11 0.88
4 Average Step Count 191.06  36.19  170.83 96.82 13.37 7.24
Calculation Time (sec) 19.21 3.64 0.06 6.44 0.89 7.24
Reached Goal Percentage 0 88.0 47 23 86 3.74
Visited Cells Percentage 4.0 5.13 2.59 2.83 14.37 5.08
5 Average Step Count 111.78 30041  446.13 107.63 17.16 6.27
Calculation Time (sec) 1124  30.21 0.15 7.15 1.14 6.27
Reached Goal Percentage 0 0 0 0 87 -
Visited Cells Percentage 2.0 12.1 171 2.31 10.46 4.53
6 Average Step Count 3948 3797 64.66 76.58 11.56 6.62
Calculation Time (sec) 3.97 3.82 0.02 5.09 0.77 6.61
Reached Goal Percentage 0 75.0 0 0 81 -
Visited Cells Percentage 2.0 13.65 5.25 12.08 12.05 1.0
v Average Step Count 7518  35.06  140.17 15.29 13.59 1.13
Calculation Time (sec) 7.56 3.52 0.05 1.02 0.9 1.13
Reached Goal Percentage 0 68.0 0 84 88 1.05
Visited Cells Percentage 2.0 13.69 3.82 17.03 13.53 0.79
3 Average Step Count 19458 5719  156.23 301.65 13.85 21.78
Calculation Time (sec) 19.57 5.75 0.05 20.06 0.92 21.8
Reached Goal Percentage 0 78.0 1 70 82 1.17

Table 8. Comparison of key characteristics across evaluated algorithms.

Algorithm  Goal Achievement Stability Computation Time Notable Characteristics

A2C Very Low Stable but Ineffective Medium Poor exploration, low success

PPO High (variable) Moderate (Inconsistent) High Strong learning, costly execution

DDON Very Low Inconsistent Very Low Fast but fails to learn effectively

DDQN* Moderate Moderate Medium Improved with reward design

DDQNA Very High Very Stable Very Low Best overall, hybrid planning-learning approach

The best overall performance is achieved by the proposed DDQNA algorithm, which
combines the strengths of classical A* planning with reinforcement learning. DDQNA
consistently achieves the highest goal achievement rates, the lowest average step counts,
and the shortest computational times in all environments. In addition, it exhibits the
lowest standard deviation in success rates, indicating robust and stable behavior. These
findings confirm that the integration of heuristic planning with learning-based adaptation
provides a significant advantage for autonomous navigation in dynamic environments
when supported by an enhanced reward structure.

In Figures 5 and 6, the path navigated by the agent to reach the goal in a test episode
is illustrated for each environment. Test episodes in which the agent reached the goal
without collisions are visualized for the DDQN* and DDQNA algorithms. However, it
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should be noted that there were three episodes in which the DDQN* algorithm failed
to reach the goal. The relative stability observed for DDQNA in the figures reflects its
robustness in performance, which corroborates the statistical findings. Furthermore, the
significant difference between the total reward values obtained by the DDQN* and DDQNA
algorithms is seen in Tables 9 and 10.

(a) Environment 1 (b) Environment 2 c) Environment 3 (d) Environment 4

(e) Environment 5 (f) Environment 6 (g) Environment 7 (h) Environment 8

Figure 5. The images show the path (purple) navigated by the agent from the start (green) to the goal
(red). The path found by the DDQN* algorithm is compared with the shortest path (red). The shortest
path is calculated using the A* algorithm according to the current action rules without considering
the dynamic obstacle.

(d) Environment 4
x

(a) Environment 1 (b) Environment 2

(h) Environment 8

(e) Environment 5 (f) Environment 6 (g) Environment 7

Figure 6. The images show the path (purple) navigated by the agent from the start (green) to the
goal (red). The path found by the DDQNA algorithm is compared with the shortest path (red).
The shortest path is calculated using the A* algorithm according to the current action rules without
considering the dynamic obstacle.

The results clearly demonstrate that DDQNA significantly outperforms DDQN* across
all scenarios, achieving higher reward values. During the testing phase, improvements
in reward values reached or approached 100%, reflecting substantial gains in the agent’s
policy efficiency and overall performance. However, considering the goal achievement rate
in Environment 2 as shown in Table 7, it becomes evident that a substantial improvement
in the reward function does not always provide a comprehensive indication of algorithmic
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Table 9. Average of total reward values obtained after training DDQN* and DDQNA algorithms over
2000 episodes for each environment.

Environment DDQN* DDQNA Improvement (%)
1 -41564.46 -8287.95 80.06
2 -27386.35 -744.00 97.28
3 -8032.47 -1249.97 84.44
4 -7913.46 -933.82 88.20
5 -42828.64 -8922.66 79.17
6 -63962.71 -3208.42 94.98
7 -18677.85 -2294.12 87.72
8 -40112.40 -2289.68 94.29

performance. This highlights the importance of evaluating multiple performance metrics 7
to obtain a more reliable and robust assessment. 788

These findings indicate that the integration of A* guidance in the DDQNA algorithm 7
not only accelerates learning but also enhances policy stability and effectiveness during o
generalization. The performance gap between algorithms becomes more pronounced 7
in complex environments, highlighting the advantage of incorporating planning-based 2
approaches into reinforcement learning frameworks. 793

Table 10. Average of total reward values obtained after training DDQN* and DDQNA algorithms
over 100 episodes for each environment.

Environment DDQN* DDQNA Improvement (%)
1 -340570.55 -60.60 99.98
2 -58.65 40.95 169.82
3 -478389.00 21.60 100.00
4 -46191.90 9.35 100.02
5 -252324.95 -83.80 99.97
6 -238574.50 4.00 100.00
7 -495.85 -13.15 97.35
8 -1131682.05 -8.25 100.00
4.3. Scalability and Statistical Evaluation under Varying Maze Sizes and Obstacle Densities 704

To address the scalability concerns and assess the generalization ability of the proposed s
DDQNA algorithm, additional experiments were conducted across three maze sizes: 12 X 7
12,15 x 15, and 18 x 18. The corresponding environment configurations are illustrated in 77
Figure 7. Each size was evaluated under varying dynamic obstacle conditions—specifically 7
with 1, 2, and 3 moving obstacles. 799

For each configuration, the agent was tested in 100 episodes using fixed policies. a0
Statistical significance was evaluated using independent t-tests for continuous variables s
(e.g., steps, time, visited cells) and the chi-square test for categorical outcomes (e.g., goal s
success rates). Furthermore, mean + standard deviation and 95% confidence intervals (CI) o
were reported to provide a more robust understanding of variability and confidence in s
the results. Table 11 presents the statistical summary of DDQNA'’s performance across sos
these variations. The results include the percentage of visited cells, average step count, s
computation time, and goal success rate, each reported as mean + standard deviation s
and accompanied by a 95% confidence interval (CI). For goal success rates, Wilson score s
intervals were used. 809
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b) Environment 9 ¢) Environment 9

a) Environment 9

d) Environment 10 (e) Environment 10 (f) Environment 10

(g) Environment 11 (h) Environment 11 (i) Environment 11

Figure 7. Visualization of DDQNA navigation results under increasing dynamic obstacle density
across different maze sizes. Each row corresponds to a different maze dimension (12x12, 15x15, and
18x18), while columns compare 1, 2, and 3 dynamic obstacle configurations. The agent is marked
with a white cross, the goal in red, the start in green, static obstacles in blue, and dynamic obstacles
in yellow.

An analysis of Table 11 reveals that the DDQNA algorithm achieves higher goal
success rates in larger maze environments (15x15 and 18x18) compared to the smaller
12x12 maze, particularly in the presence of three dynamic obstacles. As the maze size in-
creases, the algorithm consistently delivers better performance than in 10x10-like scenarios,
highlighting the advantages of additional navigational flexibility. Notably, in the most
challenging case with three dynamic obstacles, the 18x18 maze yields significantly supe-
rior results, indicating that larger environments mitigate the impact of obstacle-induced
constraints more effectively.

The impact of increasing obstacle density on performance metrics is statistically an-
alyzed in Table 12. To test whether the increase from one to three dynamic obstacles
produces a genuine performance change, we compared per-episode metrics using two-
sided tests—Student’s -test for continuous variables and the x test for goal achievement
rates. A threshold of p < 0.05 was adopted for significance.

*  Environment 9 (12 x 12). The goal-reached rate dropped from 96% to 52% (p < 0.001),
and the visited-cell ratio decreased significantly (p < 0.001), confirming that additional
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Table 11. Statistical summary of DDQNA performance across varying maze sizes and obstacle

densities. Values are Mean + SD with 95% confidence intervals (CI); Goal success shows Wilson 95%

CL
Env  Obstacles Visited Cells (%) Average Steps Computational Time (s) Reached Goal (%)
1 7.83 +0.71 [7.69,7.97] 12.18 + 1.53 [11.88, 12.48] 0.81 +0.10 [0.79, 0.83] 96.0[90.2, 98.4]
9 2 7.76 £ 1.07 [7.54,7.97] 12.18 +2.28 [11.73, 12.63] 0.81 +0.15[0.78, 0.84] 90.0 [82.6, 94.5]
3 5.63 +£2.75[5.08, 6.17] 10.27 + 18.05 [6.69, 13.85] 0.68 +1.20 [0.44, 0.92] 52.0 [42.3, 61.5]
1 6.70 = 1.10 [6.48, 6.92] 17.62 + 6.41 [16.35, 18.89] 1.17 + 0.43 [1.08, 1.25] 94.0 [87.5,97.2]
10 2 6.76 + 0.83 [6.59, 6.92] 33.08 + 117.42 [9.78, 56.38] 2.20 +7.81[0.65, 3.75] 90.0 [82.6, 94.5]
3 7.51 +1.46[7.23,7.79] 43.88 + 19.15 [40.18, 47.58] 291 +0.74 [2.77,3.05] 83.0[74.9, 88.9]
1 6.57 + 0.98 [6.39, 6.76] 28.67 +9.02 [26.88, 30.46] 1.97 £ 0.59 [1.86, 2.08] 91.0[84.0, 95.2]
11 2 7.10 £ 1.20 [6.88, 7.32] 55.96 + 20.85 [51.79, 60.12] 3.72+1.21[3.47,3.97] 87.0[79.3,92.4]
3 8.07 £ 1.35[7.82, 8.32] 75.46 +22.13 [70.92, 80.01] 5.25 + 1.48 [4.96, 5.54] 82.0[73.7, 88.6]

Table 12. Comparison of 1 vs 3 dynamic obstacles for DDQNA algorithm across different maze

environments. Values are presented as Mean =+ SD. Statistical significance is evaluated using t-tests

for continuous variables and chi-square test for goal percentages.

Env  Evaluation Metric 1 Obstacle (Mean £+ 3 Obstacles (Mean + p-value
SD) SD)
Visited Cells (%) 7.83+0.71 5.63 £2.75 0.0000
9 Average Steps 1218 £1.53 10.27 £18.05 0.2941
Computational Time (s) 0.81+0.10 0.68 +1.20 0.2963
Reached Goal (%) 96.00 +1.96 52.00 £ 5.00 0.0000
Visited Cells (%) 6.70 +1.10 5.82 4+2.18 0.0004
10 Average Steps 17.62 + 6.41 43.88 £19.15 0.0000
Computational Time (s) 1.174+0.43 291+0.74 0.0000
Reached Goal (%) 94.00 +2.41 83.00 + 3.64 0.0130
Visited Cells (%) 6.57 +0.98 8.07+1.35 0.0000
1 Average Steps 28.67 £9.02 75.46 £22.13 0.0000
Computational Time (s) 1.97 +0.59 525+ 148 0.0000
Reached Goal (%) 91.00 +2.89 82.00 +3.79 0.0471

obstacles measurably hinder navigation efficiency. Differences in average steps and
computation time were not significant (p ~ 0.29), likely due to high variance caused
by a few difficult episodes.

Environment 10 (15 x 15). All four metrics showed statistically significant degradation
as the number of obstacles increased. Notably, the goal-reached rate fell from 94% to
83% (p = 0.013), and the mean step count more than doubled (p < 0.001), indicating
penalties in both safety and path length under higher obstacle density.

Environment 11 (18 x 18). The larger maze size amplified this trend: the success of
the goal decreased from 91% to 82% (p = 0.047), while the percentage of cells visited,
the mean steps, and the computation time increased significantly (p < 0.001).

In general, the DDQNA algorithm remains robust, maintaining the success of > 82%

goals even in the most challenging scenario 18 x 18 maze. In conclusion, these statistical

tests confirm that obstacle density has a measurable and nonrandom impact on both path

efficiency and computation time.

4.4. Statistical Evaluation of Reward Shaping

This section presents a statistical comparison of standard DDQN and its reward-

shaped variant (DDQN?¥) to evaluate the isolated impact of the reward function design on
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navigation efficiency. The comparative results summarized in Table 13 demonstrate that the
DDQN* algorithm, which adopts a reward-shaping strategy while maintaining the same
architectural structure as standard DDQN, achieves statistically significant performance
gains across a range of dynamic environments. In particular, DDQN* consistently exhibits
better exploration, as reflected by significantly higher visited cell ratios in all test cases
(p < 0.001). Although step count and total reward outcomes vary with environmental
complexity, DDQN* yields substantial benefits in scenarios where the baseline DDQN fails
to reach the goal. These results indicate that the enhancements to the reward function
effectively encourage safer and more goal-directed behavior.

Table 13. Comparison of DDQN and DDQN* across Environments 1-8. Values are presented as
Mean =+ SD. Statistical significance was assessed using Welch’s t-test for continuous metrics and the
chi-square test for categorical outcome distributions. Bold p-values indicate statistical significance at
a = 0.05.

Env Metric DDQN DDQN* p-value
Visited Cells (%) 1.00 + 0.00 3.96 +£1.89 < 0.001
Step Count 10000.00 £ 0.00 164.03 +298.58 < 0.001
1 Total Reward —10000.00 + 0.00 —340570.55 + 1097449.98 0.0033
Calculation Time (s) 3.45+0.04 10.91 +19.87 < 0.001
End Reason Max steps (100) Hit obstacle (100) 1.000
Visited Cells (%) 212 £0.92 13.28 +2.52 < 0.001
Step Count 65.28 £100.41 15.09 +4.99 < 0.001
2 Total Reward —164.28 + 100.41 —58.65 +312.59 0.0017
Calculation Time (s) 0.02 £ 0.03 1.00 £0.33 < 0.001
End Reason Hit (100) Goal (89), Hit (11) 1.000
Visited Cells (%) 1.22+0.48 16.48 +4.64 < 0.001
Step Count 125.95 4+ 382.31 49.28 +217.51 0.083
3 Total Reward —224.95 + 382.31 —478389.00 + 4764219.39 0.318
Calculation Time (s) 0.04 £0.13 3.28 +14.47 0.028
End Reason Hit (100) Goal (81), Hit (19) 1.000
Visited Cells (%) 9.89 +£9.25 14.98 +9.21 < 0.001
Step Count 170.83 +447.82 96.82 + 146.57 0.119
4 Total Reward —175.83 +487.12 —46191.90 + 140763.23 0.0015
Calculation Time (s) 0.06 +0.15 6.44 +9.75 < 0.001
End Reason Hit (53), Goal (47) Hit (77), Goal (23) 0.533
Visited Cells (%) 2.59 £0.57 2.83+1.78 0.201
Step Count 446.13 £ 569.41 107.63 + 258.87 < 0.001
5 Total Reward —545.13 + 569.41 —252324.95 +911210.05 0.0068
Calculation Time (s) 0.15+0.19 715+17.21 < 0.001
End Reason Hit (100) Hit (100) 1.000
Visited Cells (%) 1.71+ 046 2.31+0.84 < 0.001
Step Count 64.66 £191.92 76.58 £ 237.25 0.697
6 Total Reward —163.66 + 191.92 —238574.50 + 1527199.24 0.122
Calculation Time (s) 0.02 £ 0.06 5.09 +15.78 0.0018
End Reason Hit (100) Hit (100) 1.000
Visited Cells (%) 5254 1.44 12.08 +3.13 < 0.001
Step Count 140.17 £+ 360.17 15.29 +7.81 0.0008
7 Total Reward —239.17 + 360.17 —495.85 + 4182.59 0.542
Calculation Time (s) 0.05+0.12 1.02+£0.52 < 0.001
End Reason Hit (100) Goal (84), Hit (16) 1.000
Visited Cells (%) 3.82£4.96 17.03+4.78 < 0.001
Step Count 156.23 + 398.96 301.65 £ 219.97 0.0017
8 Total Reward —253.23 + 399.65 —1131682.05 4+ 1748208.68 < 0.001
Calculation Time (s) 0.05+0.14 20.06 £+ 14.63 < 0.001
End Reason Hit (99), Goal (1) Goal (70), Hit (30) 0.661

Although the integration of richer reward signals leads to moderately increased
computation time, performance improvements justify this overhead. Furthermore, while
chi-square tests on categorical termination outcomes did not reach statistical significance
due to distributional imbalance, the marked increase in successful episodes under DDQN*
highlights the efficacy of reward-based guidance. In general, the findings validate that
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reward shaping alone, without architectural modification, can significantly enhance the
scalability and robustness of value-based reinforcement learning in dynamic navigation
tasks.

5. Discussion

The simulation results demonstrate that incorporating structured guidance into a
value-based reinforcement learning framework significantly improves learning stability,
convergence speed, and overall navigation performance (see Tables 6 and 11). Compared
to standalone RL baselines such as DDQN, PPO, and A2C, DDQNA achieved consistently
higher success rates across 11 randomly generated environments. This finding supports
the hypothesis that hybrid planning-learning approaches can overcome some of the funda-
mental limitations of purely learning-based methods, particularly in environments with
dynamically moving obstacles.

A key factor behind this performance improvement is the guided training mechanism.
During training, the A* algorithm provides structured action recommendations based
on the static map of the environment, reducing the need for random exploration. This
significantly accelerates learning and stabilizes convergence. Importantly, this guidance is
not used during the test phase; the agent relies solely on the learned policy. The agent’s
ability to navigate autonomously after training demonstrates that the guidance has been
internalized as a persistent policy rather than relying on external support during execution.
The ablation analysis further highlights the importance of maintaining a balance between
planning-based guidance and learning-driven exploration. Excessive reliance on A* guid-
ance leads to reduced policy generalization and instability, whereas insufficient guidance
slows learning and increases variance (see Table 2). The selected integration probability (p)
successfully mediates this trade-off, enabling the agent to exploit optimal trajectories while
still learning robust navigation strategies.

Reward design plays an important role in the observed performance gains. By ex-
plicitly penalizing repeated cell visits and inefficient movements, the proposed reward
structure effectively mitigates looping behaviors that commonly arise in navigation tasks.
While reward shaping alone improves baseline DDQN performance, the largest gains are
obtained when reward shaping is combined with the hybrid planning-learning architecture
(DDQNA) (see Table 7). These findings suggest that problem-specific reward design and
algorithmic structure are more effective when considered jointly rather than in isolation.
Another important aspect of this study is the comprehensive evaluation strategy adopted
to assess navigation performance. Rather than relying on a single success-based metric, the
proposed framework is evaluated using multiple complementary indicators, including goal-
reaching success, step count, visited cell ratio, and cumulative reward. This multi-metric
evaluation enables a more detailed analysis of efficiency and consistency, and measuring
repeated cell visits helps identify inefficient looping behaviors.

Despite these strengths, several factors must be considered when interpreting the
results in the context of real-world robotic deployment. First, the proposed framework
operates in a discrete action space with a limited set of motion primitives, whereas physical
robots typically require continuous control over velocity and orientation. Second, the
Pygame-based simulation environment abstracts away physical dynamics such as sensor
noise, friction, and actuation uncertainty. These abstractions may influence performance
when transferring the learned policies to real robotic platforms. As recently demonstrated
by Ahmic et al. [57], systematically randomizing physical parameters—such as vehicle
mass and tire-road friction—during the RL training process significantly enhances an
agent’s resilience against parametric uncertainties in continuous autonomous driving
tasks. It is essential to emphasize that the primary objective of this work is not merely to
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provide a ready-to-deploy controller but to demonstrate that the identified inefficiencies in
decision-making under dynamic uncertainty can be effectively mitigated.

Another important consideration is the reward structure and its scalability. As maze
dimensions increase, cumulative reward values also grow due to the longer trajectories
needed to reach the goal, underscoring the necessity of reward normalization in large-
scale environments. While the current formulation effectively shapes agent behavior,
future implementations should explore scale-invariant reward designs to ensure numerical
stability. Additionally, future work will focus on extending DDQNA to continuous control
settings and validating the framework in higher-fidelity simulators and physical platforms.

6. Conclusions

This paper introduced DDQNA, a hybrid navigation algorithm that integrates A* path
planning with Double Deep Q-Networks to enable autonomous agents to navigate envi-
ronments containing both static and dynamic obstacles. By improving the action selection
mechanism and redesigning the reward function, the proposed framework significantly
enhances path-planning efficiency and learning stability. The simulation results demon-
strated that DDQNA consistently outperformed baseline reinforcement learning methods,
achieving an average success rate of approximately 85% across 11 randomly generated
environments (see Table 7). These findings confirm that guided learning can effectively
accelerate convergence and improve generalization in dynamic navigation tasks. While the
current implementation is based on a 2D grid environment, the results provide a strong
foundation for future extensions toward more realistic, perception-driven, and physically
grounded navigation systems.

Future work will focus on:

¢ extending DDQNA to continuous action spaces to support finer motion control and
smoother trajectories.

* integrating perceptual inputs such as cameras, LiDAR, or depth data to improve
robustness under partial observability.

¢  validating the framework in higher-fidelity simulators and on physical robotic plat-
forms, with an emphasis on sensor noise, actuation uncertainty, and real-time con-
straints.
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AVs Autonomous Vehicles

A2C Advantage Actor Critic

ALE Arcade Learning Environment

COLREG Convention on the International Regulations for Preventing Collisions at Sea
DQN Deep Q Network

DQL Deep Q Learning

DDQOQN Double Deep Q Network

RL Reinforcement Learning

RSS Received Signal Strength

PPO Proximal Policy Optimization

TD-MOA  Time Dependent Multiobstacle Avoidance Algorithm
UAV Unmanned Aerial Vehicle
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