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1. Introduction 
Despite advancements in sensing and computing technology, autonomous driving systems such 

as mobile robots and autonomous cars have gained significant scholarly interest and are becoming 
more commercially viable [1]-[3]. Today, the mobile robot is an important component of social 
progress. They do dangerous and difficult activities for people, including search and rescue, help with 
epidemic exposed areas and search for distant planets. As a result, establishing the robot's course is a 
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 One of the difficulties facing robots is navigating in dynamic and unstable 
environments. Traditional algorithms often fail to plan paths in 
environments containing dynamic obstacles. Therefore, this study proposes 
a framework for deep learning in a grid-based environment containing 
static and dynamic obstacles. The research contribution is summarized in 
designing an equivalent function that encourages reaching the goal and 
reduces unnecessary movements. It also assesses the impact of altering 
obstacle velocities on navigation performance and compares the DQL and 
DWA approaches. A deep Q-network with two hidden layers is trained 
using a greedy policy. Simulated LiDAR sensor used for spatial perception. 
The model is tested in four simulated environments of increasing difficulty, 
incorporating both static and dynamic obstacles to mimic realistic 
conditions. The agent that operates by the approach DQL achieved a 
complete success rate of 100% in environments A, B, and C, and a 90% 
success rate in environment D, in contrast to the DWA, which recorded 
success rates of 100%, 90%, 70%, and 60% respectively. Furthermore, 
DQL demonstrated sustained high performance despite increases in 
obstacle speed, achieving success rates of 100%, 90%, 70%, and 40% as 
the speed escalated to six times that of the robot’s velocity. The results 
showed that the DQL approach outperformed in success rates and path 
efficiency and maintained stability in complex environments. In summary, 
the DQL framework proposed herein presents a robust and scalable 
approach for mobile robot navigation, clearly demonstrating significant 
advantages over conventional methodologies in intricate and unpredictable 
environments. 
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critical part of its design [4]. In an era of industry-wide intelligence, it is critical to apply an intelligent 
route-planning algorithm to the field of robot path planning [5]-[7]. 

One of the most difficult difficulties for mobile robots is self-navigation in dynamic and unstable 
environments. This differs from scenarios with permanent barriers, in which the robot is familiar with 
both the impediments and the surroundings. In dynamic environments, the mobile robot's experience 
is limited, and impediments shift in unforeseen ways [8]. 

Steering for mobile robots to avoid obstacles has been the subject of many published studies by 
scholars. In [9]-[11], mobile robots planned their routes using the Dynamic Window Approach 
(DWA) algorithm. Another research study employed the D* algorithm to determine the course of a 
mobile robot [12]. There are several prominent pathfinding methods for avoiding static obstacles, such 
as the Timed-Elastic-Bands (TEB), EBS-A*, A* algorithm, Dijkstra, Probabilistic Roadmap (PRM), 
Potential Field Method (PFM), RRT, genetic algorithm (GA), Ant Colony Optimization (ACO), and 
Bi-Population Particle Swarm Optimization (BPPSO) [13]-[23]. Traditional algorithms, such as the 
Dynamic Window Approach (DWA), face significant obstacles because they assume they can predict 
obstacle paths within a short time [24], which makes these methods that depend on deterministic or 
organized motion assumptions are inadequate in situations where barriers move randomly, and this 
assumption restricts their usefulness in such circumstances [25]. 

In terms of avoiding moving obstacles, deep reinforcement learning systems outperform classical 
algorithms [26]. Research on deep reinforcement learning algorithms used for dynamic obstacle 
avoidance in mobile robots has emerged as a critical area of inquiry due to the increasing demand for 
autonomous navigation in complex and unpredictable environments [27], [28].  

In recent years, there have been significant developments in reinforcement learning, which have 
contributed to radical changes in path planning and dynamic obstacle avoidance methods, enabling 
robots to avoid dynamic obstacles efficiently and without prior maps [29]-[31]. The scientific 
importance of this research is highlighted in the applications of industrial automation, service robots, 
and self-driving cars, where robots must navigate safely among humans and moving obstacles [32]-
[35]. This field has evolved from classical path planning approaches to deep reinforcement learning, 
including Deep Q-Networks (DQN), Double DQN, and Proximal Policy Optimization (PPO), 
resulting in more efficient, adaptive, and scalable solutions [36]-[38]. Deep neural networks possess 
the capability to formulate effective control strategies by utilizing sensor inputs, thereby enabling their 
adaptation to alterations in the environment without necessitating retraining [39], [40]. 

With these developments, robots face a problem in avoiding moving obstacles efficiently and 
reliably due to the inability to predict the movement of obstacles and the limitations of sensor data, 
and limited generalization to real-world scenarios [41]-[45]. Studies have revealed a knowledge gap 
in developing algorithms that balance navigation efficiency and safety in real-world environments 
[46]-[50]. Moreover, there is a conflict of opinion about the best reinforcement learning algorithms 
and the best reward function design. Some advocate value-based methods such as DQN, while others 
support  policy gradient methods such as TD3, SAC and DDPG for continuous control [51]-[54]. 
These gaps possess numerous implications, encompassing suboptimal navigational efficacy, 
heightened probability of collisions, and challenges associated with the transition to practical, real-
world implementations [55], [56]. 

The principal scholarly contribution of the present investigation is the formulation of a navigation 
framework predicated on Deep Q-Learning (DQL) for a mobile robot agent functioning within a grid-
based environment characterized by the presence of both static and dynamic obstacles. The proposed 
approach introduces a tailored reward function for efficient convergence, discouraging collisions and 
unproductive actions, and a systematic evaluation under varying obstacle speeds. The work also 
includes a comparison between DQL with the Dynamic Window Approach (DWA) algorithm and 
demonstrates the efficiency of each approach in terms of the success rate and number of steps required 
to reach the goal The simulation integrates both immobile and dynamically relocating impediments, 
through this, more realistic and increasingly difficult situations are generated. Furthermore, the 
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emulated LiDAR sensing facilitates spatial cognition, allowing for judicious decision-making 
predicated on the immediate environment. These augmentations synergistically enhance the agent’s 
capacity to function proficiently in unpredictable and changing conditions. 

In the present investigation, Deep Q-Learning (DQL) is chosen as the principal algorithm owing 
to its comparative straightforwardness and its extensive utilization as a foundational benchmark in the 
domain of reinforcement learning research. Although more sophisticated algorithms such as Proximal 
Policy Optimization (PPO), Soft Actor-Critic (SAC), or Twin Delayed Deep Deterministic Policy 
Gradient (TD3) could also be implemented, DQL offers a lucid and interpretable basis for examining 
the effects of reward architecture, environmental dynamics, and the intricacies of obstacles. This 
renders it particularly advantageous for establishing a foundational reference that can be further 
developed in subsequent endeavors toward more advanced methodologies in deep reinforcement 
learning. 

2. Methodology 
        In this section, the process of training a mobile robot to perform a navigation task in a 15x15 
grid simulation environment with static and dynamic obstacles using DQL is outlined. A Custom 
reward function is employed to direct the mobile robot to its objective by avoiding unnecessary 
movement to facilitate effective training. Moreover, thanks to the four-directional LiDAR readings, 
the robot can observe its surroundings without prior knowledge. An ε-greedy policy is employed for 
the balance of exploration and exploitation, and a two-layer fully connected neural network trained 
the robot. 

2.1. Environment Setup 

The mobile robot is trained in a (15×15) grid environment. The robot's initial position in each 
episode is (0,0), and its goal position is (14,14). The environment contains static obstacles and 
dynamic obstacles that move randomly in four directions (right, left, up, down). The training episode 
ends when the mobile robot reaches the goal, collides with a static or dynamic obstacle, or moves 200 
steps without reaching the target. 

2.2. State Representation 

The state (𝑆) is an 8-dimensional vector defined as follows: 

	 𝑆 = %
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normalized robot and goal position, 𝐿* ∈ [0, 1] is normalized LiDAR reading in direction 𝑖 (front, 
back, right, left) where 𝐿* =

+#
,
, 𝑑* is the number of cells to the nearest obstacle, and R is the LIDAR 

range (3 cells). 

2.3. Action Space 

The robot has four discrete actions 𝑎 ∈ {0,1,2,3} that map to the movement directions: 

	 𝑎 = :

0 → (1,0)				  Move right
1 → (−1,0)				  Move left 
2 → (0,1)				  Move up 
3 → (0,−1)				 Move down

 (2) 

2.4. Reward Function and Euclidean Distance 

2.4.1. Reward Function 
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In contrast to traditional reward functions that reward a robot only when it reaches a goal, this 
function is designed to motivate the robot to accomplish the goal and limit useless movements by 
imposing a penalty on movements that cause the robot to move away from the goal. In return, it 
provides a small reward when it approaches the goal and severe penalties for collisions, making the 
mobile robot more efficient at avoiding obstacles. The reward function is delineated as follows: 

	 𝑟 =

⎩
⎪
⎨

⎪
⎧
+10.0				 If the robot reaches the goal 
−5.0				  If the robot hits a dynamic obstacle or moves out of bounds 
+0.2				  If the robot moves closer to the goal 
−0.2				  If the robot moves farther from the goal 
−0.1				  If the distance to the goal remains the same 

 (3) 

2.4.2.Euclidean Distance 
 To assess if the robot has moved closer or farther from the target, the Euclidean distance between 

the current robot location and the goal is determined before and after the movement. The Euclidean 
distance is defined as follows: 

 𝜕 = FG𝑥! − 𝑥"H
$ − G𝑦! − 𝑦"H

$ (4) 

Where (𝜕) is the robot's Euclidean distance from the target. 

2.4.3.Distance Difference 
The change in distance (Δ𝜕) is used to evaluate the reward value: 

 𝛥𝜕 =  𝜕-.+ −  𝜕/01 (5) 

Where 𝜕-.+ is the distance to the goal before taking action and 𝜕/01 is the distance to the goal after 
taking action. 

Interpretation: 

• If 𝛥𝜕>0: The robot is getting closer → +0.2 
• If 𝛥𝜕<0: The robot is moving away → −0.2 
• If 𝛥𝜕=0: No improvement → −0.1 

2.5. Q-Network Architecture 

Contrary to (DQL) models, which have simple networks, we used a deep Q-Network (DQN) with 
two hidden layers (128-64) fully connected, which gives the model a higher ability to learn complex 
patterns. The Deep Q-Network (DQN) used has the following structure in Fig. 1. 

• Input layer: 8 neurons representing the robot's state, which includes normalized positions of the 
robot and goal, along with Lidar sensor readings. 

• Hidden layers: It contains two layers, 128 and 64 neurons, connected in series, and both use the 
RELU activation function. 

• Output layer: 4 neurons corresponding to the Q-values of the four possible actions (up, down, 
left, right), using a linear activation function. 

• Optimizer and loss function: The Adam optimizer is used to train the network with a learning 
rate of 0.001, and the loss function is mean squared error (MSE). 
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Fig. 1. Structure of the neural network model 

2.6. Training Procedure 

Training is performed over N=3000 episodes, with each episode limited to a maximum of T=200 
steps. At each step, the agent selects an action using the ε-greedy policy: 

Start with 𝜀= 0.99, decay by 0.995 per episode, down to 0.01 to become like this: 

 𝜀 = maxG𝜀min, 𝜀∗𝜀decayH (6) 

At each step, the agent selects an action using:	

 	𝑎 = O
 If rand () < 𝜀				 random action 
 otherwise 				  arg  max;𝑄(𝑠, 𝑎; Ѳ)

	 (7) 

Where 𝑄(𝑠, 𝑎; Ѳ) is the estimated Q-value for taking action 𝑎 in state 𝑠, representing the expected 
cumulative future reward and Ѳ is denotes the trainable parameters (weights and biases) of the Q-
network. 

Transitions are stored in a replay memory. 

A mini-batch is sampled to update the Q-values using the Bellman equation: 

 target = O It terminal state 				𝑟
 otherwise 				 𝑟 + 𝛾 ⋅  max;$𝑄(𝑆<, 𝑎<; Ѳ)

 (8) 

Where 𝑟 is the instantaneous reward obtained while doing action 𝑎 in state 𝑠, 𝛾 is the discount factor 
(0.95), which controls the significance of future rewards, 𝑆< is The next state reached after taking 
action 𝑎, 𝑎< is all possible actions that can be taken in the next state 𝑆<, max;$𝑄(𝑆<, 𝑎<): The maximum 
predicted Q-value for the next state 𝑆< across all 𝑎< possible actions and "terminal state": Refers to a 
state in which the episode ends, such as reaching the goal or colliding with an obstacle. 
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The Q-network is updated by minimizing the mean squared error between the target value and the 
current prediction, using the following loss function: 

 𝐿(𝜃) = (target− 𝑄(𝑠, 𝑎; 𝜃))$ (9) 

In Fig. 2, the sequence of operations performed by the DQL algorithm is shown. 

 

 
Fig. 2. Flowchart of the deep Q-learning algorithm 

2.6.1.Computational Settings 
The training parameters are meticulously chosen to guarantee stable convergence during the 

learning process. The replay memory is configured to accommodate 2000 experiences, with a 
minibatch size of 32 drawn at each iteration of the update. The Q-network underwent training utilizing 
the Adam optimizer, which is implemented with a learning rate of 0.001 and mean squared error 
(MSE) as the loss function. The discount factor γ is maintained at a constant value of 0.95 in order to 
effectively balance the trade-off between immediate and future rewards. 

The system is implemented in Python 3.12.7. The neural network is trained and built using the 
TensorFlow library, and the simulation environment is designed using the Matplotlib library. All 
operations are performed on a system provided with an Intel i7 CPU and 8GB of RAM. 

3. Results and Discussion 
This section reviews the analysis of model training data using the DQL algorithm, evaluates the 

trained model in four different difficulty environments, and compares the results with a model running 
with the DWA algorithm. The comparison focuses on two main criteria: the number of successes and 
the average steps taken to reach the goal in each of the four environments. The results are analyzed, 

 A  
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along with images of the environment and images of the performance of each model in each 
environment. The performance of the model is evaluated by increasing the obstacle speed. 

3.1. Training Analysis 

Training data from over 3,000 episodes is analyzed. Fig. 3 illustrates an analysis of the reward 
values throughout the entire training process. The moving average of the reward values is observed in 
Fig. 3a. It can be seen that the rewards started from negative values and then began to improve until 
they stabilized between 12.5 and 13.4, indicating the agent’s improvement during the progress of the 
training episodes. Statistics of reward values across all training episodes are depicted in Fig. 3b. 

 
Fig. 3. Reward performance analysis during training: (a) moving average of rewards and (b) histogram of 

rewards obtained  

As shown in Fig. 4, the agent’s success rate in reaching the goal increased. From Fig. 4a and Fig. 
4b, it is observed that the success rate from episodes 200-300 is 2%, while the success rate in the last 
100 episodes of training (2900-3000) reached a success rate of 94%. The success curve as it increases 
is illustrated in Fig. 4c. Statistics of the number of successes and failures over 3,000 training sessions 
are shown in Fig. 4d. The green figure represents the number of successes, and the red figure 
represents the number of failures to reach the goal. 

3.2. Experimental Environments 

Four (15×15) grid environments of varying difficulty are designed to assess the efficiency of the 
trained model. Each environment differed in the number of static and dynamic obstacles it contained. 
Fig. 5 illustrates the environments used in the test and the locations of the obstacles.      

3.3. Quantitative Comparison 

A comparison is made between the DQL algorithm and the DWA algorithm in the environments 
shown in Fig. 5, where each algorithm is tested in each environment 10 times, and the comparison is 
made on the basis of two main criteria: the number of successes and the average steps taken to reach 
the goal. The average steps is calculated by the sum of the number of steps in successful tests divided 
by the number of successful tests. Table 1 shows the test results. 

 

(a) (b) 
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Fig. 4. (a) Successes during episodes 200-300, (b) successes during episodes 2900-3000, (c) success rate of 

the agent during training episodes, and (d) histogram of successful and failed episodes 

3.4. Quantitative Analysis 

The experimental results in Table 1 provide a clear view of how the DQL algorithm performs 
compared to the traditional DWA approach across environments of increasing complexity. In the 
simpler environments A and B, both algorithms performed well in terms of success rate. The average 
number of steps for both methods in these settings is close, indicating that neither approach needed to 
make significant detours. However, the difference becomes more apparent in environments C and D. 
These maps introduced tighter passages and higher obstacle density, both static and dynamic. DWA 
performance degraded significantly: its success rate dropped to 70% and 60% in environments C and 
D, respectively. More notably, in Environment C, DWA required over 114 steps to complete the task 
in successful trials, indicating inefficient path planning and repeated detours. 

Table 1.  Comparative performance metrics for DQL and DWA in each test environment 

	
	
	
	
	

	
	

Environment DQL DWA 
Success rate Average Steps Success rate Average Steps 

Environment A 10/10 29.6 10/10 29.2 
Environment B 10/10 31.6 9/10 30.4 
Environment C 10/10 32.6 7/10 114.666 
Environment D 9/10 31.75 6/10 36.1 

(a) (b) 

(c) (d) 
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Fig. 5. Testing environments with varying levels of complexity 

In contrast, DQL maintained a near-perfect success rate and showed stable performance across 
all environments. The number of steps increased slightly in more complex maps, but remained within 
a narrow, consistent range (≈30–33 steps). This consistency suggests that DQL is able to generalize 
its learned navigation policy and make strategic decisions, even under dynamic and unpredictable 
conditions. There are a few main reasons why DQL performance has gotten better: it is trained on 
dynamic obstacles, it uses a state representation that includes LIDAR-simulated directional sensing, 
and its reward function encourages movement toward goals while punishing collisions or unnecessary 
wandering.  These factors let the agent guess how its actions might affect things beyond its immediate 
surroundings, which is different from DWA, which only looks at short-term predictions. 

In conclusion, the findings show that the suggested DQL method works, especially in situations 
when standard approaches do not work well.  Deep reinforcement learning is strong and flexible 
enough to handle real-world navigation challenges because it can keep high success rates, stable 
behaviour, and efficient paths even when things get tough. Fig. 6 illustrates the behaviour of the 
algorithms in each environment.  

The findings substantiate the practicality of the proposed methodology within authentic contexts 
necessitating instantaneous decision-making amidst fluctuating conditions. For instance, this 
framework could be utilized in autonomous robotic systems operating in intelligent warehouse 
environments or internal logistics networks within manufacturing facilities, where the positioning of 
impediments is in a state of constant flux due to the mobility of personnel or other robotic entities. 
Furthermore, the system could be applied in service-oriented robots functioning in medical institutions 
or retail establishments, which must navigate securely amidst individuals and moving apparatus. 
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The DQL model's ability to maintain stable performance in complex environments demonstrates 
its suitability for applications that require safe and rapid navigation without the need for a pre-map. 
However, its practical application requires additional developments, including handling sensor noise 
generated by real sensors and improving the time response to achieve real-time navigation. 

 
Fig. 6. Trajectories of DQL vs. DWA in multiple environments 

3.5. Model Limitations in High-Speed Obstacle Scenarios 

To discover the limits of the trained model, it is tested in a 15×15 grid environment with varying 
speeds of dynamic obstacles. The speed of the obstacles is doubled to 6 times faster than the mobile 
robot. The experimental results are presented in Table 2. The performance of the trained model when 
the obstacle speeds changed. When the obstacle speed is the same as the mobile robot speed, the 
success rate is 100%. The rate decreased to 90% when the obstacle speed is increased to twice the 
mobile robot speed. The performance of the mobile robot decreased significantly when the speed is 
increased to 3 times, until the success rate reached 70%. However, when the obstacle speed is 
increased to 4 times, a sharp drop in the success rate appears, becoming 40%. That is, most attempts 
failed to reach the target, and the success rate continued to decrease the more we doubled the speed, 
until it reached complete failure. When the obstacle speed is doubled to 6 times the mobile robot 
speed, the success rate becomes 0%.  

By analyzing the results above, the model maintained ideal performance even when the obstacle 
speed is doubled, and good performance when the obstacle speed is tripled. Performance degradation 
at higher obstacle speeds is attributed to the agent’s limited sensing horizon and the absence of 
predictive avoidance in the reward structure. Failures mainly occurred due to sudden collisions with 
fast-approaching obstacles. 
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Table 2.  Impact of obstacle speed on model success rate. 

Obstacle Speed Success 
1x mobile robot speed 10/10 
2x mobile robot speed 9/10 
3x mobile robot speed 7/10 
4x mobile robot speed 4/10 
5x mobile robot speed 2/10 
6x mobile robot speed 0/10 

 
The experiment opens the door for future enhancements, such as training under variable-speed 

conditions or using prediction-based modules to improve anticipation. It is important that the gradual 
change in performance emphasizes the realism of the assessment setup and exposes the agent's 
possible scalability to the distribution of the more complex real world. 

4. Conclusion and Future Work 
This study presented a navigation model for a mobile robot operating with theDeep Q-Learning 

(DQL) algorithm that navigates in a network environment containing fixed and moving obstacles. The 
research contributions are represented in three points: (i) designing an environment that combines 
fixed and moving obstacles, (ii) designing a dedicated reward function to encourage the robot to move 
towards the goal and reduce useless and unsafe movements, (iii) evaluating the model under variable 
obstacle speeds to assess its robustness. 

Test results show that the DQL approach outperforms the DWA approach. Specifically, DQL 
attained success rates of 100% across environments A–C and 90% in environment D, with stable 
performance averaging between 30 and 33 steps per trial. In juxtaposition, the success rate of DWA 
diminished to 70% in environment C and 60% in environment D, accompanied by a considerable 
increase in trajectory lengths (up to 114 steps). Moreover, during the obstacle speed stress assessment, 
the proposed system sustained elevated success rates at up to twice the obstacle speed, although a 
pronounced decline in performance was observed at greater speeds. 

Notwithstanding these encouraging findings, various constraints necessitate recognition. The 
existing configuration is predicated on a grid framework characterized by discrete actions, simplified 
LiDAR sensing, and the absence of sensor noise or kinematic limitations. Future work will address 
these limitations through four directions: develop the model using advanced algorithms such as PPO 
or SAC, integrate prediction modules to estimate the obstacle speed and trajectory, implement the 
approach in 3D platforms (e.g., Gazebo, ROS) to increase realism and conduct tests on real robots to 
evaluate robustness under realistic conditions. 
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