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Navigation of the mobile robot in dynamic environments is a significant 

challenge for researchers due to the uncertainty and rapid changes in obstacle 

movement. This study proposes a framework for navigating a mobile robot 

using a deep Q-learning (DQL) algorithm in environments containing both 

static and dynamic obstacles. The research contribution lies in integrating 

diagonal motion to enhance manoeuvrability and improve decision-making 

under dynamic conditions. This paper compares the model with the basic 

motions model (front, back, right, left). The comparison is conducted across 

four environments of varying difficulty in terms of the density of obstacles. 

The model is trained by 3000 episodes using a Deep Q-Network (DQN) with 

two fully connected hidden layers consisting of 128 and 64 neurons, 

respectively, employing a greedy policy and utilizes a LiDAR simulator for 

spatial perception. Both models achieved a 100% success rate in reaching the 

target without collision in environments A and B, and 90% in environments 

C and D. However, the proposed approach succeeded in reducing the average 

number of steps required to reach the goal in all four environments, 

shortening the path by 10% to 20%. This reduces the time and energy 

required to reach the goal, which is a significant and crucial advantage in real-

world environments. Even when tested at obstacle speeds up to six times the 

robot's speed, it demonstrated superiority compared to the other model. The 

model showed very good performance even with noise on the LiDAR 

reading. In short, the proposed model offers a robust and scalable approach 

to mobile robot navigation in real-world environments. 
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1. INTRODUCTION 

Even with processing technology advancements, Mobile robots continue to attract the interest of 

researchers and are becoming increasingly economically viable [1]-[3]. Navigating crowded spaces is crucial 

for practical applications such as warehouse automation and service robots, as well as self-driving cars and 

mobile robots [4]-[6].  

In an age characterized by artificial intelligence, it has become essential to develop intelligent algorithms 

for planning robot routes [7]-[9]. However, the latter is resource-intensive on perception, planning and control 

systems for a variety of reasons, such as partial observability of the environment; unpredictability in motion of 

dynamic obstacles; computational constraints that real-time processors experience; vehicle dynamics 

preservation and generation of collision-free trajectories [10]-[12]. 

Several studies have addressed the guidance of mobile robots to avoid obstacles. In [13]-[15], these 

studies suggested a Dynamic Window Approach (DWA) algorithm for robot path planning. In another study, 

the D* algorithm is used to determine the path of the mobile robot [16]. Many studies have used prominent 

algorithms in path planning, such as the Timed-Elastic-Bands (TEB), EBS-A*, A* algorithm, Probabilistic 

Roadmap (PRM) [17]-[21].  

When it comes to avoiding moving obstacles, deep reinforcement learning systems outperformed 

traditional algorithms [22][23]. Research into deep reinforcement learning algorithms used for dynamic 

obstacle avoidance in mobile robots has arisen as a crucial topic of investigation due to the rising demand for 

autonomous navigation in complex and unexpected situations [24][25]. 

Modern research in RL-based mobile robot navigation ranges from various algorithms and architectural 

improvements, considering the peculiarities of moving obstacle avoidance. The performance of the RL 

algorithm is determined to a large extent and varies among methods in dependence on sensor modality, 

environmental complexity, and task requirements [26]. This includes the Deep Q-Networks (DQN), Double 

DQN, and Proximal Policy Optimization (PPO) algorithms, resulting in more effective, flexible, and scalable 

systems [27]-[32]. Deep neural networks are capable of developing efficient control methods using sensor 

inputs, allowing them to adapt to changes in the environment without the need for retraining [33][34]. 

With such advances, the challenge of avoiding moving obstacles is still faced by robots when they cannot 

predict the obstacle motion and get limitations on sensor information as well as limited generalization to real 

situations [35]-[37]. Research revealed a knowledge gap of theoretical studies in developing algorithms capable 

of optimize both navigation performance and safety for real-life cases [38]-[42]. In addition, the best 

reinforcement learning algorithms and reward function design is an ongoing debate. Some advocate value-

based methods, such as DQN, and others choose policy gradient methods for continuous control, like DDPG, 

SAC and TD3 [43]-[48]. Such knowledge gaps have several consequences that are related to the poorer 

navigational performance, heightened crash risk and problems associated with transitioning designs to realistic 

application [49][50]. 

The key academic contribution of this work is the solution to the robot Navigation problem in an 

environment with both static and dynamic obstacles using a Deep Q-Learning (DQL) within a guiding 

framework for a 15x15 grid environment, where obstacles move randomly, achieving improved navigation 

efficiency and a 10–20% reduction in path length through the use of diagonal motion actions The proposed 

method utilizes the custom reward function to promote fast convergence and avoid collisions and slow 

behaviors, whose effectiveness is tested in different obstacle speeds. The method for the mobile robot can move 

diagonally, so the agent can go in more directions to avoid moving obstacles and take a shorter path. In the 

course of our optimal Navigation decision process, the agent is able to sense its surroundings through simulated 

LiDAR sensing. Evaluate the model under different noise on the LiDAR reading. The research paper includes 

a comparison with the DQL algorithm for an agent that moves in the four basic steps to show the difference 

made by diagonal movement. The effectiveness of the proposed approach is evaluated using standard 

navigation performance metrics, including success rate and path efficiency. 

In this study, the Deep Learning Q (DQL) algorithm is used as it is considered a fundamental standard in 

the field of reinforcement learning research. Although more advanced algorithmsو such as Proximal Policy 

Optimization (PPO), Soft Actor-Critic (SAC), could be used, DQL provides a more interpretable and clearer 

basis for studying the effects of diagonal motion and environmental dynamics, making it a useful basic 

reference that can later be developed into more advanced algorithms. 

 

2. METHODS 

This section describes the training process of a mobile robot operating with the DQL algorithm to avoid 

static and moving obstacles in a 15×15 grid environment. A simulated LiDAR sensor is used to perceive its 
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surroundings. A custom reward function is designed to encourage the robot to avoid obstacles and reach the 

goal in the fewest possible steps. An ε-greedy policy is employed to balance exploration and exploitation. 

 

2.1. Environment Setup 

The agent is trained in a 15×15 grid environment containing randomly moving obstacles that are randomly 

repositioned in each episode. The robot's initial position is at (0,0) and the goal position is at (14,14). Each 

training episode ended when one of three conditions is met: colliding with an obstacle, reaching the allowed 

number of steps (200 steps), or successfully reaching the goal without any collision. 

 

2.2. State Representation 

The state (S) is a 10-dimensional vector defined as follows: 

 S = [
xr
G
,
yr
G
,
xg

G
,
yg

G
, L1, L2, L3, L4L5, L6] (1) 

Where (xr, yr) is robot’s current state (pose), (xg, yg) is goal position, G is grid size, (
xr

G
,
yr

G
,
xg

G
,
yg

G
) is normalized 

robot and goal position, Li is normalized LiDAR reading in direction i (front, back, right, left, diagonal right-

up, diagonal left-up), where  Li =
di

R
 , di is the number of cells to the nearest obstacle, and R is the LIDAR 

range (3 cells). 

 

2.3. Action space  

The robot has six discrete actions a∈{0,1,2,3,4,5} that map to the movement directions: 

 a =

{
 
 

 
 
0 → (0,1)     move front ↑

1 → (0,−1)     move back ↓

2 → (1,0)     move right →

3 → (−1,0)     move left ←

4 → (1,1)     move diagonal right-up ↗
5 → (−1,1)     move diagonal left-up ↖

 (2) 

Diagonal down actions are excluded to avoid backward motion and maintain goal-directed navigation 

efficiency. 

 

2.4. Reward Function and Euclidean Distance 

2.4.1. Reward Function 

As opposed to a typical reward function, which rewards a robot only when it arrives at the goal, this 

reward function is designed to encourage the agent to reach the goal in the shortest possible steps and to reduce 

wasteful movements by penalizing actions that take the agent further from the goal and rewarding actions that 

bring them closer. There is also a strict penalty for collisions, making the agent more efficient at avoiding 

obstacles and reaching the goal. The function of the reward is explained as follows: 

 r =

{
 
 

 
 
+10.0     If the robot reaches the goal 
−5.0     If the robot collides 
+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 establish if the robot has moved closer or further from the goal, the Euclidean distance between the 

Robot’s instantaneous position and the goal is calculated before and after the movement: 

 𝜕 = √(𝑥𝑟 − 𝑥𝑔)
2
+ (𝑦𝑟 − 𝑦𝑔)

2
 (4) 

 

2.4.3. Distance Difference 

The reward value is evaluated based on the change in distance (Δ∂): 
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 𝛥𝜕 =  𝜕𝑜𝑙𝑑  −  𝜕𝑛𝑒𝑤  (5) 

Where 𝜕𝑜𝑙𝑑  is the distance to the goal prior to taking action, 𝜕𝑛𝑒𝑤  is the distance from the goal after taking 

action. Interpretation: If Δ ∂> 0 is The robot is Approaching → +0.2, If Δ∂< 0 is The robot is distancing. → -

0.2, and If Δ ∂= 0 is No improvement → -0.1. 

 

2.5. Q-Network Architecture 

Used a deep Q-Network (DQN) with two hidden layers (128-64), fully connected, which allows the model 

to learn complex patterns. The Deep Q-Network (DQN) used has the following structure in Figure 1. 

 

 
Figure 1. Structural design of the neural network 

 

2.6. Training Procedure 

Training is done over N=3000 episodes, The agent uses the ε-greedy policy to choose an action at each 

stage. Begin with ε= 0.99 and gradually decrease by 0.995 every episode until it reaches 0.01. 

 ε = max(εmin, ε∗εdecay ) (6) 

At each step, the agent chooses an action using: 

 𝑎 = {
 If rand () < 𝜀     random action 
 otherwise      arg  max𝑎𝑄(𝑠, 𝑎; Ѳ)

 (7) 

Where 𝑄(𝑠, 𝑎; Ѳ) is the evaluated Q-value for doing action a in state s, and denotes the expected 

cumulative future reward, Ѳ is refers to the trainable Variables (weights and biases) of the Q-network. 

Transitions are preserved in a replay memory. To update the Q-values, a mini-batch is sampled using the 

Bellman equation: 

 target = {
 It terminal state     r
 otherwise     r + γ ⋅  maxa′Q(S

′, a′; Ѳ)
 (8) 

Where 𝑟 is the immediate reward received while performing action 𝑎 in state 𝑠, 𝛾 is the discount factor 

(0.95) determines the relevance of future rewards, 𝑆′ is the next state reached after doing action a, 𝑎′ is all 

conceivable actions for the following state 𝑆′,  max𝑎′𝑄(𝑆
′, 𝑎′) is the highest anticipated Q-value for the 

following state 𝑆′among all 𝑎′ feasible actions, "terminal state" is denotes a condition in which the episode 

terminates, such as achieving the goal or colliding with an obstacle. The Q-network is updated by reducing the 

mean squared error between the goal value and the current forecast, using the following loss function: 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  399 

 Vol. 8, No. 2, April 2026, pp. 395-407 

 

 

Karam A. Al-Zubaidi (Improving Mobile Robot Navigation Using Deep Q-Learning with Diagonal Motion 

under Dynamic Obstacle Environments) 

 L(θ) = (target − Q(s, a; θ))2 (9) 

In Figure 2 depicts the DQL algorithm's sequence of operations. 

 

 
Figure 2. Structure of the Deep Q-Learning framework 
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2.6.1. Computational Settings 

The training parameters are carefully selected to ensure consistent convergence during the learning 

process. The replay memory is set up to hold 2000 experiences, with a minibatch size of 32 drawn at each 

update episode. The Adam optimizer is utilized to train the Q-network with a learning rate of 0.001 and an 

MSE loss function. The discount factor γ of 0.95 is used to weight present and future returns throughout 

training. The system is implemented with Python 3.12.7. Note that the neural network is implemented with 

the TensorFlow library, and the simulation environment is implemented with the use of the Matplotlib library. 

All computation is performed on a machine with an Intel i7 processor and 8GB RAM. All parameters, the 

reward function, and the size of the neural network, LiDAR range are chosen according to the specifications 

of the research paper [51], in order to ensure a fair comparison. 

 

3. RESULTS AND DISCUSSION 

Analysis of the model’s training data will be shown in this section. Testing the model on varying 

difficulty in four environments, and comparing it to a model that works with non-diagonal motion to show the 

discrepancies. The contrast will be based on two primary measures: the amount of Success and the average 

number of steps to success. Furthermore, the section presents the images of environments and paths of each 

model. 

 

3.1. Training Analysis 

Data from 3000 training sessions are analyzed. Figure 3 shows the reward values during the training 

period. Figure 3(a) represents the moving average of the reward values, which started with negative values and 

gradually improved. Figure 3(b) shows the statistics of the reward values during the training. 

 

 
[a] 

 
[b] 

Figure 3. Reward evaluation during training, [a] Moving average of rewards, [b] Reward distribution histogram 
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As illustrated in Figure 4, the increasing success rates during training are shown. Figure 4(a) and Figure 

4(b) show that from episodes 200 to 300, the model achieved one success, while by the end of episodes 2900-

3000, it had achieved 93 successes. Figure 4(c) represents the increasing success curve, while Figure 4(d) 

presents statistics on the number of successes and failures across 3000 training episodes, with green 

representing successes and red representing failures to achieve the goal. 

 

  
[a] [b] 

 
 

[c] [d] 

Figure 4. Analysis of agent success across training episodes: [a] Successes during episodes 200-300, [b] Successes 

during episodes 2900-3000, [c] Success rate curve, [d] Success–Failure histogram 

 

3.2. Experimental Environments 

Illustrates Figure 5, the environments used for testing. The 15×15 grid environments are designed to 

evaluate the two models and compare the performance of each model in each environment, where each 

environment contains fixed and moving obstacles with different distributions and numbers for each 

environment. The speed of the obstacle is equal to the speed of the robot. The difficulty of each environment 

varies, with increasing density of obstacles and narrow passages. The blue circle represents the robot, the red 

circles represent moving obstacles, the black squares represent stationary obstacles, and the green square 

represents the goal. 

 

3.3. Quantitative Comparison 

A comparison is made between a model operating with a DQL algorithm that moves diagonally in 

addition to the four basic movements and a model operating with a DQL algorithm that just moves with the 

four basic movements (front, back, right, left). The comparison is made by testing each algorithm ten times in 

each of the four environments shown in Figure 5. The comparison is based on two criteria: the number of 

successes (success is defined as reaching the goal within 200 steps and without collision) and the rate of steps 

taken to reach the goal. The rate of steps is calculated by dividing the sum of the steps in the successful tests 

by the number of successful tests. The test results are shown in Table 1. 
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Figure 5. Testing environments 

 
Table 1. Performance comparison between diagonal and non-diagonal DQL navigation 

Environment 

DQL 

with diagonal movement 

DQL 

without diagonal movement 

Success rate Average Steps Success rate Average Steps 

Environment A 10/10 24.6 10/10 29.1 

Environment B 10/10 26.9 10/10 29.4 
Environment C 9/10 27.4 9/10 31.1 

Environment D 9/10 26.8 9/10 34.2 

 

3.4. Quantitative Analysis 

The experimental findings presented in Table 1 compare the DQL algorithm with diagonal movement 

and another with only basic movements in four different difficulty environments. The results showed that both 

models have high success rates, indicating the algorithm's ability to create an efficient navigation path to reach 

the goal. However, the difference between the two models lies in the number of steps to reach the goal. 

Both models got 10/10 in environments A and B. The steps-per-model difference is clear; it can be seen 

how a model that allows diagonal movements has achieved lower step-rates to achieve the goal. Move (24.6 

and 26.9 steps) vs (29.1 and 29.4 steps). This is a consequence of the model's capability to minimize the literal 

length of a path, as its paths are more direct towards the goal, therefore not needing to perform as many turns 

and thus more efficient navigation occurs. 

In both environments C and D, where the two models' performance showed success rates of 9/10, the 

obstacle density has an equivalent effect on their avoidance ability. But the diagonal motion was still more 

efficient, as with the diagonal model it took (27.4 and 26.8) steps while with the model using only basic 

motions it required (31.1 and 34.2) steps to reach the goal. This goes to show the contrast: having the capability 

of moving diagonally shapes up smooth paths, and the agent can maneuver with greater ease. 

In general, the results demonstrates that diagonal motion tends to optimize pathfinding and stabilizes the 

tunings of the robot’s navigational behavior, particularly when encountering non-uniform obstacle 
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distributions. While the performance is comparable between the two approaches, the number of steps difference 

increases by 10%∼20%, which implies that diagonal movement would be better in minimizing the steps 

regardless of the given environments. This further supports our claim that allowing diagonal moves is a useful 

extension for deep learning navigation algorithms, especially when they are used on physical robots, where 

how the energy and time it takes to reach the goal matter. Figure 6 illustrates the behavior of the algorithms in 

each environment. The blue path represents the DQL algorithm with diagonal movement, and the red path 

represents the DQL algorithm without diagonal movement. 

 

  

  
Figure 6. Trajectories of DQL with and without Diagonal Motion Across Multiple Environments 

 

3.5. Performance Assessment Across Multiple Obstacle Velocities 

The model is tested in a 15×15 grid environment under varying obstacle speeds. The results are shown in 

Table 2. The results in Table 2 illustrate the effect of obstacle speed on the performance of a DQL with diagonal 

motion and a DQL without diagonal motion. At speeds 1× and 2×, the performance of the two models is 

converging. At speed 1×, both models achieved a success rate of 10/10, while the model without diagonal 

motion dropped to 9/10 at speed 2×. The model with diagonal motion maintained a perfect success rate of 

10/10. 

As the speed increases to 3× and 4×, the difference becomes clear. The diagonal movement model keeps 

its performance roughly the same (10/10 at 3× and 9/10 at 4×), compared to a drop in performance of the non-

diagonal movement model (7/10 at 3× and only 4/10 at 4×). This disparity corresponds to the fact that 

diagonal motion opens up quicker egress in which to escape moving obstacles before collision. 

At higher speed (5× – 6×), the difference matters. The diagonal moving model consistently fares well 

regardless of the complicated environments (8/10 at 5× and 6×), while the other model falls apart (2/10 at 5× 

and completely crumbles to 0/10 at 6×). This indicates that when the navigation task is performed with a 

dynamic environment at high speeds, the model completely fails without the use of diagonal motion because 

it becomes drastically constrained in directionality and thus loses effectiveness in maneuverability. 
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Taken together, the results demonstrates that the inclusion of diagonal motion greatly increases the 

model's maneuverability and improves its reaction to sudden changes in obstacle positions. This emphasizes 

the critical nature of multidirectional motion in real robotics environments. Especially where collisions with 

high-speed, unpredictable dynamic obstacles are common. In addition, the fact that the model outperforms 

against most obstacle speeds confirms its higher versatility and efficiency compared to a non-diagonal motion 

model. 

When obstacles move at high speeds, the environment changes more rapidly between successive 

observations, reducing the agent’s ability to react optimally within a discrete time step. These factors reflect 

real-world constraints such as limited reaction time and actuation delays, which inherently challenge 

autonomous navigation systems.  

 
Table 2. Impact of obstacle speed on the success of the model 

Obstacle Speed DQL with Diagonal Motion DQL without Diagonal Motion [51] 

1× mobile robot speed 10/10 10/10 

2× mobile robot speed 10/10 9/10 

3× mobile robot speed 10/10 7/10 
4× mobile robot speed 9/10 4/10 

5× mobile robot speed 8/10 2/10 

6× mobile robot speed 8/10 0/10 

 

3.6. Robustness Evaluation under Various LiDAR Noise Levels 

To evaluate the robustness of our proposed navigation algorithm, we experimented with the robot over a 

variety of LiDAR measurement noise conditions. To describe the model of noisy measurements is outlined as: 

 L̅i = Li + ϵi (10) 

 ϵi ∼ N(0, σ
2) (11) 

Where L̅i Reading LiDAR after noise, ϵi random Gaussian noise,  σ standard deviation of the noise. 

Evaluated the navigation success rate over 10 trials for different noise levels. Where the speed of the 

obstacle is equal to the speed of the robot. The results are summarized in Table 3. The efficacy of the algorithm 

is perfectly robust against noisy levels (σ≤0.1), achieving 100% success rate. Up to a noise level of 0.2, the 

model still performed with an accuracy of 80%. But the success rate drastically decreases as noise increases 

beyond 0.2. Elevated sensor noise degrades the reliability of LiDAR measurements, leading to partial or 

inaccurate perception of obstacle positions. This factor reflects real-world constraints such as sensor 

uncertainty. 

 
Table 3. Effect of LiDAR Measurement Noise on Navigation Success Rate 

Noisy Measurement Success 

0.0 10/10 

± 0.05 10/10 
± 0.1 10/10 

± 0.2 8/10 

± 0.3 3/10 
± 0.4 2/10 

± 0.5 0/10 

 

4. CONCLUSION AND FUTURE WORK 

In this paper, a model of a mobile robot using the Deep Q-Learning (DQL) algorithm was introduced to 

optimizing path length and improving maneuverability both for stationary and moving obstacles. The 

academic contribution of this study is identified from the follow several points: (i) support the diagonal 

movement; (ii) design the equivalent function which can make robot reach goal, at the same time reduce 

redundant motion to minimum; (iii) evaluate the model under different speed of obstacle; (iv) evaluate the 

model under different noise on the LiDAR reading. 

The results showed that the diagonal motion model outperformed the model that moved in four basic 

directions (forward, backward, right, left) without diagonal motion. Both models achieved the same success 

rates. The results also showed that the diagonal motion model required fewer steps to reach the goal, reducing 
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the path by 10% to 20% in various environments. This reduces the time and energy required to reach the goal, 

which is a significant and crucial advantage in real-world settings. 

However, when tested with multi-speed obstacles up to six times the robot's speed, the superiority of the 

model with diagonal motion became clearly evident, achieving a significantly 80% success rate at 6x speed 

versus 0%to the model without diagonal motion. The model showed very good performance even with noise 

on the LiDAR reading. 

It should be noted that the current results are obtained in a simulated 2D environment, which may not 

fully capture all real-world uncertainties and dynamics. Future work will focus on implementing the approach 

on 3D platforms (such as Gazebo and ROS) to improve realism and create the model using complex algorithms 

like PPO or SAC to handle continuous action spaces, and conduct experiments on actual robots to assess their 

resilience under realistic settings. 
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