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Abstract
Intelligent mobile robots operate in environments characterized by various uncertainties, necessitating effective navigation strategies to accomplish tasks such as path tracking and obstacle avoidance. This research employs a omni drive mobile robot to autonomously reach predefined targets in diverse scenarios within static and dynamic environments. The study evaluates two distinct controllers, a fuzzy logic controller and a neural network controller, employed to guide the mobile robot safely towards its destination while mitigating collision risks with obstacles. These controllers regulate the mobile robot linear and angular velocities, ensuring adaptive navigation in real-time. Experimental results underscore the efficacy and adaptability of each controller, particularly in addressing uncertainty challenges inherent in mobile robot navigation. Through systematic evaluation and comparison, insights are gained into the relative performance and suitability of fuzzy logic and neural network controllers in enhancing mobile robot autonomy and robustness. This research contributes to advancing the understanding of navigation techniques in mobile robotics, facilitating the development of more efficient and reliable autonomous systems for real-world applications.
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1. Introduction
In contemporary society, robots have become integral components of our daily lives. With their mobility, robots have found widespread applications across various sectors, including healthcare, hospitality, entertainment, package delivery, space exploration, and military operations. The advent of mobile robots has significantly contributed to human progress and emerged as one of the rapidly advancing areas of scientific inquiry. These robots have demonstrated remarkable efficacy in augmenting and even replacing human efforts across numerous tasks, showcasing their potential for high-performance applications [1]. Ensuring obstacle avoidance is a critical functionality in mobile robots, allowing them to navigate to their destination without colliding with obstacles. This requires endowing them with decision-making abilities to autonomously plan their paths and respond to potential hazards that could impede their progress. However, achieving this solely through classical control methods becomes increasingly challenging when operating in unknown environments, necessitating the adoption of intelligent control techniques [1]. Additionally, certain intelligent control methodologies struggle to effectively manage the considerable uncertainties inherent in sensor readings, actuator responses, and environmental conditions [2]. Type-two fuzzy logic controller (FLC) was utilized to develop a resilient controller, implemented in C# [6]. The assessment of obstacle avoidance through simulation demonstrated that this algorithm yielded the shortest path compared to others. Chiu and Santiago [7] employed an period Type-2 FLC in conjunction with a PID controller designed for independent obstacle evasion and tracking along walls autonomously, utilizing nine sonar sensors amid environmental uncertainties. The outcomes affirmed the robustness of their method in navigating unknown environments and maintaining stable wall following. In a study comparing Type one and Type two fuzzy logic controllers for robot obstacle avoidance, using twelve IR sensors [8], it was found that both controllers exhibited similar behavior in most scenarios. However, under escalating uncertainties, the type two FLC outperformed in terms of precision and speed. Reference [9] employed a type two FLC as a controller for a mobile robot. In conjunction with orientation angle measurements, three sensors are utilized, positioned on the left, front, and right sides were utilized to guide the controller's response for linear and angular velocities, aiding in the robot's tracking and positioning within unfamiliar surroundings. The findings demonstrated the controller's adeptness in executing smooth maneuvers, effectively adjusting acceleration and braking when altering direction towards the target. Furthermore, a type two FLC and optical flow (OF) method were combined for obstacle avoidance, leveraging image processing and video capture from the robot's camera to extract environmental cues [10]. The simulation results underscored the effectiveness of type two FLC in obstacle avoidance. In Reference [11], both type one fuzzy logic and interval type two fuzzy logic controllers were developed and implemented for a swarm robot system. three distance sensors, and one X-Bee communication module. Experimental simulation results demonstrated the effectiveness of type two fuzzy logic, which models complex problems, outperformed Type one FL. 
Ruqayah et al. [12] investigated the performance of the Adaptive FLC efficacy in navigating through unstructured surroundings. Meanwhile, Guo et al. [13] formulated a FLC based stepwise optimal path planning approach for spherical mobile robots to navigate through unfamiliar and unstructured environments. Kumar et al. [14] presented a hybrid fuzzy-regression analysis strategy crafted to enable the smooth and obstacle-free mobility of multiple humanoid robots across intricate terrains, effectively tackling diverse and challenging scenarios.
In contrast, Rath et al. [15] spearheaded the development of intelligent fuzzy methodologies specifically designed to ensure the smooth or uninterrupted and effective traversal of humanoid robots through environments abundant with obstacles. In a complementary vein, Muni et al. [16] introduced an effective motion planning approach for legged robots suitable for static and dynamic terrains, harnessing the capabilities of Sugeno fuzzy analysis. Al-Dahhan et al. [17] introduced a method utilizing two FL controllers to navigate through straightforward-shaped obstacles. Additionally, Pham et al. However, in [18], the focus shifts to planning the shortest and safest path in a static environment with obstacles of different shapes using the A* algorithm. Although the path generated by A* ensures safety with ample distance from obstacles, it can lead to sharp corners hindering smooth turns for the robot. In [19] and [20], Fuzzy Logic Controllers (FLCs) are deployed to determine the safest and shortest path and navigate through unknown environments containing static and dynamic obstacles. However, the robots used in these studies possess constraints, particularly in maneuverability due to limitations in rotation angles. Researchers have addressed this issue by incorporating non-holonomic robots in their work, as seen in [20] and [21] propose a neuro-fuzzy logic approach integrated with a safe boundary algorithm for navigating non-holonomic robots safely. [21] and [22] introduce FL methods for planning a path, employing the non-holonomic robot.
The work by [23] combines swarm optimization with FL to improve navigation performance for non-holonomic robots. This approach focuses on controlling trajectory and minimizing travel time to reach predefined targets. With advancements in autonomous systems and robotics, numerous researchers continue to explore innovative techniques and methodologies to enhance navigation capabilities in mobile robotics [24]. In contemporary times, Neural Networks (NN) have become widely employed in various areas like artificial intelligence (AI) and machine learning (ML) [25]. Unlike traditional path planning approaches, neural network algorithms excel in Improving the accuracy and effectiveness of pathfinding in complex and dynamic environments through learning and optimization processes. Their superiority lies in their ability to extract crucial information from diverse Incorporating inputs such as environmental maps, sensor data, robot status, and task requirements, and other multidimensional data. Via deep learning and training, neural networks autonomously recognize and understand this information, seamlessly integrating it into the path planning process in order to yield more intelligent and adaptable outcomes [26].
However, it’s essential to recognize that NN also has limitations, particularly when navigating through unstructured and complex environments. Despite this, specific types of robots can leverage NN to gain insights into optimal paths within such intricate terrains [27]. For example, Chen and Zhao [28] Proposed a motion planning methodology utilizing Radial Basis Function (RBF) neural networks, guiding Automated Guided Vehicles (AGVs) To extract navigable areas from perceptual grid maps in unstructured environments, resulting in flexible, smooth, and safe paths that can adapt to different road configurations.
The literature review highlights the existing control techniques employed for obstacle avoidance. This study enhances the current literature by developing a straightforward control algorithm capable of guiding mobile robot safely and collision-free to its predetermined destination point.
The structure of this article is as follows: Section 2 presents the methods and materials. Section 3 outlines the results, and Section 4 provides the conclusion.

2. Materials and Methods
The core focus of this paper lies in the application of fuzzy and neural controllers on mobile robots. Therefore, this section is dedicated to providing a comprehensive understanding of these main components, as outlined below: 

2.1 System Description for mobile robot
Omni robot depicted in Figure 1, is a mobile robot equipped with a drive system, interfaces, a learning system for training, sensors, and research and development capabilities.
[image: ]
Figure 1. Main shape of omni mobile robot platform.
This system includes a powerful controller (PID) that provides intelligent functionality and is equipped with numerous sensors. Additionally, it features a user-friendly electrical interface, enabling seamless integration of additional sensors or actuators. Notably, infrared (IR) sensors are key components, serving as primary tools for detecting nearby objects and navigating around obstacles. Especially beneficial indoors, IR sensors are adept at identifying walls, furniture, and other obstacles, offering essential information for autonomous functionality. As depicted in Figure 2, these sensors significantly improve the robot's awareness and maneuverability in diverse situations.
[image: An Intelligent Learning System Based on Robotino Mobile Robot Platform |  SpringerLink]
Figure 2. IR sensore in position
2.2 Type 2 Fuzzy logic controller’s design
This section focuses on the primary design considerations rather than delving into the intricacies of the type-2 Fuzzy Logic Controller (FLC) system. The focus is on addressing the fundamental design challenges. A type-2 FLC was developed after acquiring a deep understanding of the robot's dynamic system and its capability to accommodate a sophisticated algorithm aimed at guiding the mobile robot safely along its predetermined path.
2.2.1 Type 2 Fuzzy logic controllers for tracking a path.
Figure 3 illustrates the system block diagram. Initially, the robot receives the coordinates of a designated destination point. The current position of mobile robot is then acquired from Odometry compared to the desired values. These sensor readings are utilized to fine-tune the parameters of the Type-2 fuzzy logic system, ensuring that the robot maintains the necessary distance and to achieve the predefined objective.

[image: ]
Figure 3. A block diagram for path tracking control employing type-2 fuzzy logic.
Where:
The System Block Diagram outlines the process of guiding mobile robot using Type-2 Fuzzy Control. Xd and Yd represent the desired values for the X and Y coordinates' positions, while Xa and Ya represent the position’s values for mobile robot. The errors represented by Xe and Ye, are computed by subtracting the actual coordinates from the desired coordinates using a comparator. The parameter R represents the calculated resultant distance needed for the path, as determined by Equation (1). The instantaneous resultant distance (R) acts as an input variable for the Type-2 fuzzy logic controller.
	[image: ]
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2.2.2 The Type-2 fuzzy logic controller block consists of three primary processing stages as follow.
· Fuzzification Process: As it's challenging to ascertain the exhaustiveness of fuzzy rules tailored to specific applications, a set of three FLC rules was employed according to the requirements. Through numerous iterations aiming to determine optimal fuzzy sets and intervals for variables (R), the R fuzzifier was established with three sets distributed across a range of (0–1000) cm. This range encapsulates the spectrum of uncertainty for (R), depicted in figure 4.
[image: ]
Figure 4. illustrates the resultant Type-2 Fuzzy Sets.
· Defuzzification Process: The crisp output value is determined through Mamdani's method. For linear velocity Vx, three actions—"Off," "Medium," and "Fast"—are employed, corresponding to speeds ranging from 0 to 400 mm/s. These selections were made to ensure ample time for the robot to respond to detected obstacles while maintaining smooth movement as seen in figure 5.
[image: ]
Figure 5. Vx velocity
· Fuzzy Production Rules: From the fuzzification process, three fuzzy production rules were derived and are presented in Table 1.



Table 1. Type-2 Fuzzy production rules
	    Rule
	Vx

	If R is Off
	Off

	If R is Near
	Medum

	If R is Far
	Fast



2.3 Multi-layer perceptron neural network
MLP-NN possesses the ability to delineate intricate decision boundaries, attributed to the nonlinear characteristics within its nodes [29]. The depicted MLP-NN structure comprises distinct layers:
- Input Layer: Acquires external data for processing within the network.
- Hidden Layer: Processes information from the input layer, directly connected to both the input and output layers.
- Output Layer: This signifies the finalization of the MLP architecture, as it receives processed data and produces output signals.
During the learning process, the generalized delta rule algorithm is employed, summarized as follows:
1. Initialization (Step 1): Starting weights (W1, W2...We) and thresholds with small values guarantees the stability of learning.
2. Presentation (Step 2): Presentation of desired output (DK) and inputs (X1, X2... Xn).
3. Output Determination (Step 3): Utilization of equation (2) to determine the actual output.
This iterative process facilitates weight adjustments, aiming to minimize discrepancies between actual and desired outputs, thus leading to the convergence of the network towards an optimal solution.
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4. Step 4: Update the weights according to equation (5):
In this context:
- η: represents a positive learning rate fraction, which is less than 1.
- dk: denotes the desired output.
- θk: signifies the internal threshold of the node.

5. Iterate through steps 2, 3, and 4 until the task is completed, either by achieving the desired stopping criterion of a half-square error or by reaching the specified number of iterations.
2.3.1 Avoiding obstacles through Neural Networks.
As it’s clear in figure 6, designing a multi-layer perceptron Neural Network (NN) utilizing the backpropagation algorithm to attain linear velocity (Vy) and angular velocity (ω) entails the following topology:
- Input Layer: Consists of 2 nodes, serving as inputs to the controller.
- Hidden Layer: Comprises 5 nodes.
- Output Layer: Contains 2 nodes, providing output velocity to the mobile robot in the X direction (Vy) and angular velocity (ω).
[image: ]
Figure 6. General shape for multi-layer perceptron neural network
The NN receives two inputs. The first input from IR sensors as (voltage) to move the robot away to left or right according to the position of the obstacle. The second input aims to attain the necessary rotation for the mobile robot to face the goal. Once this angle is achieved, the robot can proceed directly towards the goal. The calculation of the required angle is determined using equation (4). The output data is transmitted directly to the hidden layers for further processing.
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In this scenario:
- Δx = (Xd - Xa) indicates the intended position of the mobile robot in the environment, whereas Δy = (Yd - Ya) represents the current position. The resulting R signifies the distance between these positions.
- Equation three provides the necessary rotation for the robot to align with its predetermined target.
- In the second section of the NN, a topology comprising 7 nodes is trained over 600 iterations, ensuring accurate data transmission to the output nodes for executing the necessary actions based on the mobile robot's instantaneous position.
- The last part of the NN controller comprises the output layers, with a topology where each output node controls the angular velocity. Figure 7 illustrates the overall structure of the NN. 
[image: ]
Figure 7. Designing MLP-NN for obstacle avoidance

2.3.2 Avoiding obstacles through Neural Networks.
This section describes the development of a multi-layer perceptron Neural Network using the backpropagation algorithm to achieve linear velocity in the Y direction (Vy).The NN is characterized by the following specifications:

- Input Layer: Comprising 4 nodes, serving as inputs to the controller.
- Hidden Layer: Consisting of 8 nodes.
- Output Layer: With 2 nodes, it offers output velocity to the mobile robot in the Y direction. The entire network architecture is shown in Figure 8.
[image: ]
Figure 8. Overall system block diagram for mobile robot’s navigation.





3. Results

This section presents three distinct real-time experiments. The first experiment assesses the algorithm's effectiveness in directing the robot from its initial position to the designated goal location in an environment free of obstacles. Here, only the neural network (NN) and Type-2 Fuzzy Logic Controller (FLC) for orientation control and Vx movement are employed to navigate the robot in real-time. In contrast, the second and third experiments evaluate the combined performance of both NNs and Type-2 FLC safe navigation, guiding the robot while maneuvering around dynamic obstacles along its path. All experiments demonstrate successful navigation, ensuring the robot's safe movement and achievement of the goal.

3.1. A non-obstacle environment
In Figure 9, a scenario with an obstacle-free environment was utilized to assess the controllers. The starting point is (0, 0), and the target location is (3000 mm, 2500 mm). Initially, The robot rotates until it reaches θe; when θe reaches zero, it signifies that the robot is oriented towards its goal and can move straight towards it. In Figure 10, the black line along the x-axis represents the samples utilized during motion, whereas the red line along the y-axis illustrates their positions. Subsequently, it starts moving forward towards the goal. These data are gathered from the odometry of the mobile robot. 
[image: ]
Figure 9 illustrates free obstacles map.
The response times in both the X and Y directions are depicted in Figure 10, utilizing 1400 samples. An initial delay is observed, attributed to the time the mobile robot requires to adjust its orientation. During the transient response, a minor variation in position is noticeable due to slight disparities in motor synchronization. However, minimal steady-state error is observed by the conclusion of the experiment.
[image: ]
Figure 10 depicts the movement of a mobile robot.


No voltage readings above 1.5 volts are detected by the infrared sensors, indicating a clear path ahead devoid of obstacles. This observation aligns with the expected performance of the infrared sensors, as detailed in Figure 11. To visually emphasize this threshold, a bold black line is drawn at the 1.5-volt mark, serving as a clear indicator of the sensor's response characteristic. This feature underscores the reliability of the sensors in accurately identifying the presence or absence of obstacles, contributing to the overall effectiveness of the robot's navigation system.
[image: ]
Figure 11. three IR sensors readings.
The following diagram in figure 12 illustrates that as robot initiates a turn toward the specified angle, all three motors operate in unison, propelling the robot in the same direction. Once the desired rotation angle is established, the mobile robot proceeds to advance toward the target destination. This forward movement is translated into counterclockwise rotation for the left motor, clockwise rotation for the right motor, and cessation of movement for the rear motor, aligning with the planned dynamic movements programmed into mobile robot.[image: ]
Figure 12 The motors’ speed of mobile robot.
3.2 A obstacle environment
In Figure 13, the operational arena surrounding the robot is deliberately populated with four distinct obstacles, each situated strategically around the robot's periphery. This setup serves as a real-world simulation, presenting the robot with dynamic challenges to navigate through within its workspace. The navigation process is meticulously orchestrated through a series of sequential movements guided by type-2 fuzzy control actions.
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Figure 13 illustrates a setting where obstacles obstruct robot’s path.
In Figure 14, the robot encounters four obstacles positioned on different sides within its real-time workspace. The fuzzy-2 control actions guide the robot through a series of steps: initially, it rotates until achieving the desired orientation (Step 1), followed by movement in both the X and Y directions (Step 2). Upon detecting an obstacle approximately 800 mm away, the robot shifts to the left (Step 3), then repeats Steps 1 and 2. Subsequently, encountering another obstacle at a similar distance prompts the robot to adjust to the right (Step 5). Same scenario repeated till the robot avoid all the obstacles.  In obstacle-free conditions, the robot readjusts its angle to proceed efficiently towards its target, maintaining a trajectory illustrated in Figure 14. This path is refined through 1100 samples, ensuring minimal steady-state error as it progresses toward the desired position.

[image: ]
Figure 14. Movement of the mobile robot on x-y axis.
Figure 15 displays the infrared (IR) sensor readings utilized for obstacle avoidance. Initially, the front sensor registers a voltage reading exceeding 1.5 V at a time response of 800, indicating the presence of an obstacle. Subsequently, as the robot maneuvers away from the obstacle, the sensor reading diminishes to less than 1 V, signaling the obstacle's avoidance. A similar sequence unfolds when the left sensor detects a second obstacle, prompting the robot to adjust its position accordingly. This pattern repeats with obstacles three and four, with the robot dynamically responding to each detected obstacle by modifying its trajectory to evade them. Ultimately, through a series of navigational adjustments guided by the IR sensor data, the robot successfully circumvents all obstacles, reorients itself towards the goal, and proceeds to reach its predetermined target destination.
[image: ]
Figure 15. IR sensor readings.
As previously described in Experiment One, the diagram depicts the robot as it begins to rotate towards the specified angle. During this rotation, all three motors collaborate, driving the robot in a unified direction. Once the desired rotation angle is achieved, the robot transitions into forward motion towards its target destination. This forward movement is achieved through counterclockwise rotation of the left motor, clockwise rotation of the right motor, and halting of movement for the rear motor. These coordinated motor actions correspond to the programmed dynamic movements of the robot, ensuring its smooth progression along the designated path.
[image: ]
Figure 16. The motors’ speed of mobile robot.

6. Conclusion 

A neural network coupled with a Type-2 FLC was introduced to identify and circumvent both stationary and moving obstacles, employing three infrared sensors. These sensors provided analog voltage data representing obstacle distances in centimeters, with a conversion scale of 1 V equating to 12 cm. The obstacle-avoidance neural network controller received voltage inputs from these sensors. A Type-2 FLC, comprising nine fuzzy rules, was specifically crafted to govern the mobile robot navigation. It received two inputs: the resultant obstacle distance. By judiciously regulating these inputs, the robot achieved controlled movement along its predefined path. The fuzzy algorithm regulated the linear velocity along the x-direction, while the neural network governed the angular velocity. The composite controller design effectively managed the avoidance of both static and dynamic obstacles. Real-time experiments were conducted across various scenarios to rigorously test the controllers' efficacy. Extracted data yielded meaningful insights, facilitating the evaluation of the proposed Type-2 fuzzy and neural network controllers' responses. Employed as high-level controllers in this study, the designed controllers demonstrated remarkable performance characterized by both speed and minimal steady-state error in avoiding static and dynamic obstacles. Experimental results underscored the efficacy of the controllers, affirming their utility in real-world scenarios. Moreover, the resultant hardware system exhibited flexibility and exhibited a commendable dynamic response, contributing to its overall accuracy and effectiveness in obstacle avoidance.
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