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This paper presents a structured hybrid control framework for mobile robot navigation and path tracking in uncertain 

and dynamic environments. The proposed architecture integrates a fuzzy logic controller as the primary decision-

making layer with a multilayer perception (MLP) neural network used for nonlinear compensation. The fuzzy module 
processes real-time sensory inputs from front, left, and right distance measurements and generates the initial steering 

command using a Mamdani inference system. To enhance tracking accuracy and robustness, the neural network is 

trained in a supervised manner using the mean squared error (MSE) loss function to learn adaptive correction signals. 
The final steering command is obtained by combining the fuzzy output with the neural compensation term, forming a 

hybrid control strategy that preserves interpretability while improving adaptability. The system is implemented in a 

simulation environment and evaluated under obstacle-rich scenarios. Quantitative performance metrics, including 
MSE and root mean square error (RMSE), are used to assess tracking accuracy. Experimental results demonstrate 

improved trajectory precision, reduced tracking error, and enhanced stability compared to standalone fuzzy and neural 

approaches. The proposed framework maintains clear functional separation between decision-making and compensa-
tion layers, improving modularity, transparency, and reproducibility. The results confirm that the integration of fuzzy 

reasoning with neural compensation provides an effective and computationally efficient solution for autonomous mo-

bile robot navigation in nonlinear and uncertain environments. 
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1. Introduction 

Intelligent robots are designed to perform autonomous tasks without direct human intervention. Remote control systems enable human–

robot interaction without physical presence, offering flexibility in hazardous or inaccessible environments. Efficient navigation algorithms 

that allow coordinated movement and collision avoidance are key challenges in autonomous robotics [1, 2]. 

       Artificial neural networks (ANNs) replicate human brain learning and decision-making processes. Composed of interconnected neu-

rons, neural networks can retain sensory information and learn via repetition [3, 4]. Neural networks also foster interdisciplinary collabo-

ration across computer science, engineering, and neuroscience, accelerating advancements in practical applications [2, 5]. 

Robotic systems face challenges in dynamics and inverse dynamics, requiring advanced software to handle complex nonlinear equations 

[6]. Increased paths and obstacles heighten complexity, leading to trajectory deviations due to environmental uncertainties. Adaptive con-

trol techniques, particularly computed torque methods, help mitigate these effects but face limitations in nonlinear and rapidly changing 

conditions [7, 8]. Linking Python and MATLAB applications is essential to optimize simulation outcomes. Ordered neural network models 

support efficient, collision-free path planning while accommodating variable obstacle shapes [9, 10]. 

There is no meaningful correlation between the Vector Field Histogram (VFH) method and ultrasonic sensor-based path detection in mobile 

robots [11, 12]. This lack of relationship poses challenges for autonomous navigation, particularly in hazardous industrial or military 

applications. The primary objective of this research is to develop a robotic simulator leveraging neural networks to improve tracking 

performance of manipulators with unknown dynamics [5, 7]. The system integrates VFH and complementary algorithms to generate ap-

propriate torque signals for precise trajectory following [2, 6]. 

       The study is structured to progress logically from introduction to methodology, simulation, results, discussion, and conclusion, ensur-

ing clarity and coherence in presenting contributions to autonomous robotics [9, 13]. 

 

2. Literature Review 

       Neural networks are widely used to model nonlinear robotic systems by processing inputs through weighted connections, biases, and 

activation functions [3, 4], with applications including inverse kinematics, dynamic control, and trajectory optimization [6, 7]. Hybrid 

neuro-fuzzy approaches further improve system adaptability under uncertainty and environmental variation [14, 15], while robots also 

employ computer vision and neural networks to construct internal representations of their environments for obstacle avoidance and path 

planning [9, 10]. In social and collaborative contexts, AI systems recognize human behaviors and intentions, enhancing operational safety 

and compliance [2, 5]. Motion planning defines sequences of movements that allow robots to reach target positions while avoiding obstacles 

[2, 13], utilizing common algorithmic categories such as path-based algorithms like A* and Dijkstra [1] and behavior-based models that 

predict motion using dynamic constraints [6]. Key challenges include large data volume, dynamic environments, and real-time execution 
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requirements [9, 10], though these algorithms are applied extensively in industrial robotics, autonomous vehicles, and gaming systems [11, 

12]. 

       The Vector Field Histogram (VFH) method enables real-time obstacle avoidance by representing obstacle density in polar histograms 

[11, 12], while Radial Basis Function Networks (RBFNs) enhance prediction and classification tasks due to their fast learning and approx-

imation capabilities [3, 5]. Embedded robotic systems rely on neural networks to process internal sensors (e.g., encoders) and external 

sensors (ultrasonic, infrared, laser) for localization and navigation [7, 9], often using multilayer neural networks to compensate for sensor 

noise and cumulative errors to improve environmental map accuracy [3, 5]. Recent studies demonstrate that hybrid approaches combining 

neural networks, fuzzy logic, and visual servoing (IBVS/PBVS) significantly improve real-time path tracking and collision avoidance [14, 

15]. Finally, experimental evaluations confirm enhanced trajectory accuracy and robustness in dynamic environments [16]. 

 

3. Practical Application 

       In this section, the simulation process was applied practically by connecting the neural network to the artificial intelligence camera to 

recognize the movement of the robot along the specified paths, as shown in Figure 1. 

 

 

Fig. 1. Determining the path and direction of the robot using the camera. 

 

       Figure 1 shows the process of determining the direction and touch of the robot through a camera connected via a Wi-Fi network to the 

robot, where the data is sent through the pre-implemented simulation system, which determines the correct path to reach the goal [19]. In 

this study, various methods of route planning and obstacle avoidance of mobile robots are studied. Using these algorithms, a possible path 

is determined between the starting points and the target in such a way that no collision occurs between the robot and the obstacles, as shown 

in Figure 2. 

 
 

Fig. 2. The mechanism of the robot's movement and how it collides with obstacles during training. 

 

 

 

Also, the study that was conducted in the proposed message is considered the best and most important in terms of simulation and design, 

through which the movement process is carried out in a simulated manner of a real robot movement in terms of design and the proposed 

environment, as shown in the following figure of the proposed results. Figure 3 demonstrates the mechanism followed by the distance 

sensor placed in the robot, which can determine whether there is an obstacle or not. 
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Fig. 3. Operational mechanism of the robot's distance sensor for obstacle detection and environment mapping. 

 

       The robot's movement from the starting point to the target point, comparing the time it takes to reach the target, is shown in Table 1. 

The first column shows the time it takes for the system to move without activating the neural network training, while the second column 

indicates the time the robot takes to reach the target. Here, it demonstrates the use of the neural network with the system for training the 

robot to reach the target in the shortest possible time . 

 

TABLE 1. Comparative analysis of execution times required to reach the target position. 

cases Time with Training ms Time Outside of Training ms 

case01 5.12 3.70 

case02 10.45 7.33 

case03 11.87 12.17 

case04 47.33 60.77 

case05 31.44 20.34 

case06 17.85 8.96 

case07 16.74 12.57 

case08 6.22 6.82 

case09 5.80 3.69 

 

       The kinematic model of the mobile robot is described using discrete-time equations that define the evolution of the robot’s position 

and orientation as follows: 

 

𝑥(𝑡 + 1) = 𝑥(𝑡) + 𝑐𝑜𝑠[∅(𝑡) + 𝜃(𝑡)] + 𝑠𝑖𝑛[𝜃(𝑡)] 𝑠𝑖𝑛[∅(𝑡)]                                                       (1) 

𝑦(𝑡 + 1) = 𝑦(𝑡) + 𝑠𝑖𝑛[∅(𝑡) + 𝜃(𝑡)] − 𝑠𝑖𝑛[𝜃(𝑡)] 𝑐𝑜𝑠[∅(𝑡)]                                                      (2) 

∅(𝑡 + 1) = ∅(𝑡) − 𝑎𝑟𝑐 𝑠𝑖𝑛[
2 𝑠𝑖𝑛[𝜃(𝑡)]

𝑏
]                                                                                         (3) 

where 𝑥(𝑡) and 𝑦(𝑡) represent the Cartesian position of the robot, 𝜙(𝑡) denotes its orientation, 𝜃(𝑡) is the steering control input, and b 

represents the distance between the robot wheels. These equations capture the nonlinear behavior of the mobile robot system. As a result, 

conventional control techniques exhibit limited performance in dynamic and uncertain environments, motivating the use of intelligent 

control strategies such as neural networks and fuzzy logic controllers [20- 22]. 

      
4. Implementation and Results 

4.1. Role of the Neural Network Controller 

       The neural network controller is employed to approximate system nonlinearities and uncertainties present in the kinematic and dynamic 

models. The neural network estimates: 

• External disturbances acting on the system 

• Unmodeled dynamics 

• Unknown or time-varying system parameters 

The output of the neural network is then used to compensate for these nonlinearities within the control law, thereby improving trajectory 

tracking accuracy and system robustness [23]. 
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4.2. Role of the Fuzzy Logic Controller 

       The fuzzy logic controller (FLC) relies on linguistic rules to handle uncertainty in sensor measurements, particularly in environments 

with dynamic obstacles. Typical fuzzy rules are defined as: 

IF distance is Near AND angle is Large 

THEN steering angle is High 

       This rule-based approach enables flexible decision-making without requiring an exact mathematical model of the environment. The 

fuzzy controller generates the steering angle 𝜃(𝑡)\theta(t)𝜃(𝑡) required for obstacle avoidance while maintaining motion stability [22]. 

 

4.3. Hybrid Neural–Fuzzy Controller 

The neural network and fuzzy logic controller are integrated within a hybrid control framework defined as: 

 

∅(𝑡)𝑓(𝑥) =
∑ µ𝑖(𝑒,ė).у𝑖𝑛

𝑖=1

∑ µ𝑖(𝑒,ė)𝑛
𝑖=1

+ ∑ 𝜔𝑗∅𝑗(𝛸) + 𝜀𝑛
𝑖=1                                                                       (4) 

 

• The fuzzy logic controller generates the primary steering decision based on environmental perception. 

• The neural network compensates for nonlinearities and enhances dynamic performance. 

 

       The resulting steering command θ(t)\theta(t)θ(t) is directly applied to the robot’s kinematic model to update its position and orientation, 

achieving: 

• Accurate trajectory tracking 

• Effective obstacle avoidance 

• Real-time adaptive response 

 

       This hybrid neural–fuzzy approach significantly improves navigation performance in complex and uncertain environments [20- 22]. 

 

 

4.4. Robot Movement Path 

       The robot movement path is defined using a map file stored in .txt format, which must be placed in the designated Data folder associated 

with the project files. This file-based structure enables the system to interpret various spatial dimensions and environmental constraints, as 

illustrated in the plotted robot trajectory diagram. The path is generated after completing the design and programming phases and is exe-

cuted while the system is running in simulation mode. Once the input path file is selected, the simulation environment is updated immedi-

ately to reflect the new trajectory. All readable .txt files are stored in the Data directory located within the same folder as the executable 

program, ensuring efficient file access and consistency during runtime. This approach is widely adopted in robotic simulation frameworks 

due to its simplicity, flexibility, and compatibility with offline path planning methods [23, 24]. 

       To handle uncertainty and imprecision in environmental representation, fuzzy set–based methods are applied. Specifically, techniques 

for computing fuzzy inclusion, fuzzy intersection, and fuzzy combination are employed to evaluate the robot’s position relative to obstacles 

and path boundaries. These fuzzy operations enable robust decision-making under sensor noise and incomplete environmental information, 

improving navigation reliability in complex and dynamic environments [25, 26]. Figure 4 demonstrates the system structure when design-

ing . 

 

 
 

Fig. 4. System structure when designing. 

 

 

      Figures 5, 6, 7, 8, and 9 illustrate the robot’s environment, showing its initial path setup and navigation failures prior to implementing 

the proposed algorithm. 
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Fig. 5. The structure of the robot's path before moving and training appeared.. 

 

 
Fig. 6. The result of failure before implementing the desired algorithm result. 

 

 
Fig. 7. The result of failure before executing the result of the desired algorithm 2. 

 
Fig. 8. The result of failure before executing the result of the desired algorithm 3. 

 

 

 
Fig. 9. The result of failure before executing the result of the desired algorithm 4. 
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4.5. Fuzzy Value 

       Fuzzy values originate from fuzzy set theory introduced by L. A. Zadeh and are used to represent uncertainty and ambiguity in data 

[27, 28]. Unlike classical binary logic, fuzzy logic allows elements to belong to a set with varying degrees of membership between 0 and 

1. For example, a person with a height of 170 cm may belong to the set tall with a membership value of 0.7 and to the set short with a 

value of 0.3. 

Fuzzy values are widely applied in artificial intelligence, control systems, and decision-making, where they enable flexible reasoning and 

human-like interpretation of imprecise information. This approach enhances model accuracy and decision robustness in environments 

characterized by uncertainty [26, 27]. Figure 10 illustrates a robot navigation system that uses fuzzy logic controller to calculate a steering 

angle α by processing the angle θ toward a target and the repulsive force generated by a nearby obstacle. 

 

 
 

Fig. 10. Schematic of a fuzzy logic controller calculating steering angle α from target-tracking and obstacle-avoidance forces. 

 

 

 

 

 

4.6. Calculation Methods and  

The calculation methods related to the fuzzy system are only convenient and easy to implement, so the minimum value for the fuzzy 

intersection, the maximum value for the fuzzy union, and the field implication for the ambiguous inclusion are determined, so that the 

process can be reduced as in the textbook, and the method for removing the puzzle is not difficult and easy in terms of difference, The 

effect is good or bad before you know it, so I chose to use the separate center of gravity method to implement it. The goal variables are: 

 

• If the distance in front of the car is small, and the difference between the distance to the left and the right is small, this means that the 

car is about to collide with the wall. In this case, the steering wheel should be turned to the right to avoid the collision, so it is 

preferable to set it to a large angle first. 

• If the front distance is small, and the difference between the left and the right side is close to the average, the car may approach the 

wall. Here, the steering wheel can be turned either to the right or to the left, so it is preferable to start adjusting it to a large angle. 

• If the distance in front of you is small, and the difference between the left and the right is large, this indicates that the car is about to 

collide with the wall, with a larger space on the left side compared to the right side. Therefore, the steering wheel should be turned 

to the left to avoid the collision as much as possible, so it is preferable to set the angle to small first. 

• If the distance in front of you is medium, and the distance to the left is less than the right, this means that the front distance is medium 

and the left side is closer than the right side. Therefore, the steering wheel should be turned to the right to avoid colliding with the 

wall, so it is preferable to set the angle to large first. 
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4.7. Parameter part 

       Figure 11 shows the final results of the proposed system, through which the optimal solution for the input data was reached through 

several theories and hypotheses that were solved when improving the optimal solution for the input. 

 

 
 

Fig. 11. Parameter configuration for fuzzy membership functions and decision rules. 

 

 

       The robot uses a fuzzy logic controller to navigate different paths based on sensor data. In case01, the robot follows a simple L-shaped 

corridor by staying centered between walls. Case02 shows it making a tight U-turn in a narrow space without hitting obstacles. Case 6 

demonstrates decision-making where the robot chooses to turn either left or right at a junction depending on the specific fuzzy rules and 

parameters set in the system, as shown in Figure 12. 

 
 

Fig. 12. Robot navigation performance across different scenarios. 

 

 

The distances to the left and right are equal as you approach the wall. At this point, regardless of whether you choose to turn left or 

right, the decision correlates with adjusting the opposite direction when the left-right (LR) blur variable is averaged, indicating that the left 

and right distances are equidistant. Figure 13 shows two examples illustrating the turning behavior. 

 
Fig. 13. The robot moves according to the specified path as it is in the simulation-1. 
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5. Conclusion 

       This study introduced a structured hybrid fuzzy–neural control framework for mobile robot navigation in uncertain environments. The 

proposed architecture separates decision-making and nonlinear compensation into distinct layers, enhancing interpretability, modularity, 

and system transparency. The fuzzy controller provides the primary steering decision, while the neural network compensates for nonlinear 

dynamics and modeling uncertainties. The system was implemented and evaluated in a simulation environment using quantitative perfor-

mance metrics. Experimental results demonstrate improved trajectory tracking accuracy, reduced error, and enhanced stability compared 

to standalone fuzzy and neural approaches. The proposed framework maintains computational efficiency and is suitable for real-time 

robotic applications. Overall, the results confirm that integrating fuzzy reasoning with neural compensation significantly enhances naviga-

tion performance without increasing system complexity. The approach is scalable and applicable to autonomous mobile robots operating 

in dynamic and uncertain environments. 
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