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Featured Application 

This work is applicable to AGV navigation in dynamic industrial environments, providing an 

efficient real-time path planning solution with enhanced obstacle avoidance capability. 

Abstract 

The A* algorithm is widely used in path planning for Automated Guided Vehicles (AGVs), but it 

lacks real-time obstacle avoidance capability. To address this limitation, this paper proposes a hybrid 

path planning algorithm that integrates an improved A* algorithm with the Dynamic Window 

Approach (DWA). First, a global key-point extraction strategy is introduced: redundant and turning 

points are removed using Bresenham’s line algorithm to enhance path smoothness and continuity, 

while child nodes at the current position are redefined to improve search efficiency. Second, to 

strengthen obstacle avoidance in complex environments, the turning points along the global path are 

designated as sub-targets for DWA, enabling path segmentation and local dynamic planning. This 

hierarchical integration allows the system to react in real time to random obstacles. Simulation results 

show that, compared to the traditional A* algorithm, the proposed hybrid algorithm reduces 

planning time by 24.19%, the number of inflection points by 40.00%, and path length by 1.49%. In 

environments with random obstacles, the hybrid approach generates smoother trajectories and 

significantly enhances local obstacle avoidance and overall path planning safety. 

Keywords: A* algorithm; dynamic window approach; global key points; redefining child nodes; 

bresenham's line algorithm 

 

0. Introduction 

Path planning for Automated Guided Vehicles (AGV) is a research hotspot in the mobile robot 

field [1]. To cater to diverse market demands and practical application scenarios, AGV typically 

employ a combined global and local path planning strategy for accurate navigation and obstacle 

avoidance [2]. Global path planning algorithms, such as the A* [3], Dijkstra [4], genetic [5], and ant 

colony algorithms [6], generate effective paths from start to target points. Local path planning 

algorithms, including the Dynamic Window Approach (DWA) [7], artificial potential field method 

[8], Rapidly-exploring Random Tree (RRT) [9], and deep learning [10], enable AGVs to adapt to 

complex and dynamic environments. 

The A* algorithm is favored in global path planning for its high computational efficiency and 

short path length. However, the traditional A* algorithm often generates paths with excessive 

redundant points and inflection points, resulting in a large computational load, long planning time, 

and insufficient path smoothness. To mitigate these issues, Yu et al. [11] adjusted the A* cost function 

by introducing weight parameters, reducing inflection points and enhancing path smoothness to 

some extent. Zhang et al. [12] modeled the spatial environment using the grid method, expanded the 
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A* algorithm's search directions from 8 to 12, increased the number of search directions and child 

nodes, and completed path planning. Zhao et al. [13] effectively reduced redundant inflection points 

and improved search and planning efficiency through targeted sampling of map features. 

Nevertheless, the A* algorithm's obstacle avoidance capability in dynamic and complex 

environments remains challenged by random obstacle collisions. 

Regarding local path planning, DWA is widely adopted for its simple model and good obstacle 

avoidance performance. However, it suffers from a single motion state and a tendency to become 

trapped in local optima. To overcome these limitations, Wei et al. [14] proposed a fusion scheme 

combining the ant colony algorithm with DWA. This scheme plans a globally optimal path using the 

ant colony algorithm and uses the path's inflection points as target points in the DWA process for 

local obstacle avoidance. However, this method still faces issues such as a large number of inflection 

points and insufficient path smoothness. 

Therefore, this paper proposes a hybrid path planning algorithm that integrates an improved A* 

algorithm with the Dynamic Window Approach (DWA) to enhance obstacle avoidance in complex 

environments. First, to address the limitations of the traditional A* algorithm—such as redundant 

waypoints, low search efficiency, and insufficient path smoothness—a global key-point extraction 

strategy is introduced based on obstacle distribution. Bresenham’s line algorithm is applied to 

optimize child node selection during path searching, thereby reducing unnecessary node expansions 

and improving computational efficiency. Second, in complex environments, key inflection points 

along the global path are designated as sub-targets for DWA, enabling segmented local planning and 

real-time dynamic obstacle avoidance. This hierarchical integration leverages the global optimality 

of the improved A* algorithm and the local adaptability of DWA, achieving a balance between path 

optimality and navigation safety. The proposed hybrid algorithm effectively avoids random 

obstacles, generates smoother trajectories, and enhances the overall efficiency and safety of AGV 

navigation. 

1. Basic Environment 

1.1. Map Environment Model 

The path planning for Automated Guided Vehicles (AGV) aims to devise a safe and efficient 

navigation path within a known or detectable environment. This process must consider various 

constraints, such as obstacle layout, feasible region definition, and the physical limitations of AGVs 

[15]. To achieve effective path planning, it is crucial to abstract and model the actual environment 

into a format that can be processed by computers. 

The grid method, an intuitive and easily understandable approach for environment modeling, 

divides the environment into regular grid cells. This method allows for the rapid generation of path 

planning results and ensures a relatively smooth path [16]. Specifically, environmental information 

from the world coordinate system 𝑥𝑂𝑦 of the mobile robot's operational area is mapped onto a grid 

map. Let the size of a square grid cell be m, the angular resolution of the grid map be u, and the 

maximum values on the x and y axes be 𝑥𝑚𝑎𝑥 and 𝑦𝑚𝑎𝑥, respectively. Then, the number of rows 𝑁𝑟 

and columns 𝑁𝑐  in the grid can be calculated as 𝑁𝑟 = 𝑥𝑚𝑎𝑥/𝑚  and 𝑁𝑐 = 𝑦𝑚𝑎𝑥/𝑚 . If the robot's 

position in the world coordinate system is (𝑥, 𝑦) and its heading angle is θ, its state in the grid 

environment can be expressed as: 

𝑟 = 𝑟𝑜𝑢𝑛𝑑(𝑥/𝑚)，  

𝑐 = 𝑟𝑜𝑢𝑛𝑑(𝑦/𝑚)， (1) 

𝑎 = 𝑟𝑜𝑢𝑛𝑑(𝜃 𝑢⁄ )。  

where "round" represents the rounding operation; (𝑟, 𝑐)  indicates the row and column of the 

grid center; and a denotes the orientation within the grid map. Consequently, the state parameters of 

node pi can be represented as (𝑟𝑖 , 𝑐𝑖 , 𝑎𝑖). 
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Furthermore, to simplify calculations and enhance efficiency, obstacle expansion processing is 

carried out during the modeling process. The expansion distance is set equal to the circumscribed - 

circle radius of the AGV, which improves the reliability of local obstacle avoidance. As shown in 

Figure 1, black grid cells represent impassable obstacle areas; white grid cells denote freely passable 

obstacle - free areas; and gray grid cells signify impassable random obstacles. 

 

Figure 1. Grid Map. 

1.2. Search Range 

The traditional A* algorithm builds on the Dijkstra algorithm by introducing an estimated cost. 

It calculates the total cost of a node, denoted as 𝐹(𝑛), as the sum of the actual cost 𝐺(𝑛) and the 

estimated cost 𝐻(𝑛) to the target node, as shown in Equation (1): 

𝐹(𝑛) = 𝐺(𝑛) + 𝐻(𝑛) (1) 

Here, 𝐻(𝑛) represents the distance from the current node to the target node, ignoring obstacles, 

while 𝐺(𝑛) is the cumulative actual movement value from the start node to the current node. As a 

node approaches the end node, 𝐻(𝑛) decreases and 𝐺(𝑛) increases, bringing 𝐹(𝑛) closer to the true 

value. This results in fewer expanded nodes and faster computation. Conversely, when obstacles lie 

between the node and the end node, the estimated 𝐻(𝑛) is smaller than the true value, leading to 

more expanded nodes. In terms of cost - function design, the Euclidean distance and Manhattan 

distance are employed to measure the actual cost 𝐺(𝑛)  (Equation 2) and the estimated 

cost 𝐻(𝑛) (Equation 3), respectively: 

𝐺(𝑛) = √(𝑥𝑛 − 𝑥𝑛−1)2 + (𝑦𝑛 − 𝑦𝑛−1)2 + 𝐺(𝑛 − 1) (2) 

𝐻(𝑛) = |𝑥𝑛 − 𝑥𝑇| + |𝑦𝑛 − 𝑦𝑇| (3) 

where 𝐺(𝑛 − 1) is the actual cost of the current parent node; (𝑥𝑛−1, 𝑦𝑛−1) is the current parent 

node; (𝑥𝑛 , 𝑦𝑛) is the next node; and (𝑥𝑡 , 𝑦𝑡) is the target node. 

Regarding the node - expansion mechanism, the traditional A* algorithm uses an 8 - 

neighborhood expansion strategy, as depicted in Figure 2. In a 2D grid map, it generates 8 adjacent 

nodes of the current node as candidate child nodes. The obstacle - detection module filters out nodes 

located on obstacles (e.g., nodes 3 and 6 in the illustration), and the remaining valid nodes (1, 2, 4, 5, 

7, 8) become the child nodes of the current node. 
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Figure 2. Child Nodes of the Traditional A* Algorithm. 

The algorithm execution process, illustrated in Figure 3, adopts a priority-queue-driven iterative 

optimization mechanism. Initially, the start node is added to the OPEN list. In each iteration, the node 

with the smallest F(n) value is selected for expansion. Child nodes are generated, and their cost 

functions are calculated. When a child node is the target node, the optimal path is constructed by 

backtracking through parent - node pointers. If the target node is not found even after the OPEN list 

is exhausted, it is concluded that there is no feasible path. This process achieves a progressive optimal 

path search through dynamic sorting of cost functions. 

 

Figure 3. Pathfinding Flow of the Traditional A* Algorithm. 

2. Improved A* Algorithm 

2.1. Extraction of Global Key Points  

To enhance path - search efficiency by reducing redundant and inflection points, we select the 

corner points of expanded obstacles as key points. Take the obstacle shown in Figure 4(a) as an 

example. First, based on the obstacle's position information, we mark the adjacent diagonal nodes as 

blue points, as depicted in Figure 4(b). Then, we represent the obstacle's position and its adjacent 

positions in the other four directions with gray grids, as shown in Figure 4(c). Finally, we remove the 

blue points within the gray grids. The remaining green points, as illustrated in Figure 4(d), are the 

required key points. 
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(a) (b) 

  

(c) (d) 

Figure 4. Example Diagram of Key Point Extraction: (a) Example obstacle; (b) Diagonal positions; (c) Up, down, 

left, right, and the obstacle itself; (d) Key points. 

Using this approach, the calibrated green points in a 25×25 grid map act as the global key points, 

as shown in Figure 5. 

 

Figure 5. Extraction of Global Key Points. 

2.2. Redefinition of Child Nodes 

We use Bresenham's line algorithm [17] to screen out the key nodes that the current node can 

directly reach without traversing obstacle areas. As shown in Figure 6, the red dashed arrows point 

to the key nodes at extreme positions, while the blue solid arrows indicate the directly - reachable 
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key nodes. After excluding the key nodes at extreme positions, we define the key nodes pointed to 

by the blue arrows as the child nodes of the current node. 

 

Figure 6. Child Nodes of the Current Point. 

2.3. Implementation of the Algorithm 

Figure 7 shows the decision - making flow of the improved A* algorithm. The specific 

implementation steps are as follows: First, extract the global key points. Second, redefine the child 

nodes of the current node. Finally, in the loop process, use the A* algorithm's evaluation function to 

iteratively select the node with the smallest total cost 𝐹(𝑛) as the parent node. Then, check for the 

existence of child nodes and determine whether the target point appears. If the target point appears, 

pathfinding is successful. If there are no available child nodes for selection and the target point does 

not appear, pathfinding fails. 

 

Figure 7. Decision-Making Flow of the Improved A* Algorithm. 

3. Integration with the Dynamic Window Approach (DWA) 

The Dynamic Window Approach (DWA) constructs a motion model and utilizes an evaluation 

function to evaluate and select the optimal path trajectory. 

3.1. Motion Model 

Assume that within the time interval 𝛥𝑡, the Automated Guided Vehicle (AGV) moves at a 

constant linear velocity v and angular velocity 𝜔. The linear velocity 𝑣 of the AGV is decomposed 

into two components: 𝑣𝑥 (along the forward direction) and 𝑣𝑦 (for steering). Let the AGV's position 

on the map at time 𝑡 be (𝑥𝑡 , 𝑦𝑡) and its heading angle be 𝜃𝑡. At time (𝑡 + 1), its position changes 

to (𝑥𝑡+1, 𝑦𝑡+1) and its heading angle becomes 𝜃𝑡+1. The AGV's motion models at time 𝑡 and (𝑡 +

1) are shown in Figure 8. 
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Figure 8. AGV kinematic model. 

The relationships among the AGV's displacement, linear velocity, angular velocity, and angle 

are presented in Equation (4): 

{

𝑥𝑡+1 = 𝑥𝑡 + 𝑣𝑥∆𝑡𝑐𝑜𝑠𝜃𝑡 − 𝑣𝑦∆𝑡𝑠𝑖𝑛𝜃𝑡

𝑦𝑡+1 = 𝑦𝑡 + 𝑣𝑥∆𝑡𝑠𝑖𝑛𝜃𝑡 + 𝑣𝑦∆𝑡𝑐𝑜𝑠𝜃𝑡

𝜃𝑡+1 = 𝜃𝑡 + 𝜔∆𝑡

 (4) 

3.2. Velocity Sampling 

Velocity sampling should consider the AGV's velocity limits, its performance, and the safe 

braking distance. 

3.2.1. AGV Velocity Limits 

As shown in Equation (5), to ensure the controllability and safety of the AGV's movement, the 

linear velocity 𝑣 and angular velocity 𝜔 are restricted within specific ranges: 

𝑣𝑚 = {
(𝑣, 𝜔)|𝑣 ∈ [𝑣𝑚𝑖𝑛 , 𝑣𝑚𝑎𝑥],

𝜔 ∈ [𝜔𝑚𝑖𝑛 , 𝜔𝑚𝑎𝑥]
} (5) 

where 𝑣𝑚𝑎𝑥  is the maximum linear velocity, 𝑣𝑚𝑖𝑛 is the minimum linear velocity, 𝜔𝑚𝑎𝑥  is the 

maximum angular velocity, and 𝜔𝑚𝑖𝑛  is the minimum angular velocity. 

3.2.2. AGV Performance Constraints 

The motor's performance determines the AGV's acceleration and deceleration capabilities. As 

shown in Equation (6), at any given time 𝑡, the maximum linear acceleration 𝑣𝑎, maximum linear 

deceleration 𝑣𝑏, maximum angular acceleration 𝜔𝑎, and maximum angular deceleration 𝜔𝑏 of the 

motor of the motor limit the changes in the AGV's linear velocity 𝑣𝑡 and angular velocity 𝜔𝑡: 

𝑣𝑑 = {
(𝑣, 𝜔)|𝑣 ∈ [𝑣𝑡 − 𝑣𝑏∆𝑡, 𝑣𝑡 + 𝑣𝑎∆𝑡],

𝜔 ∈ [𝜔𝑡 − 𝜔𝑏∆𝑡, 𝜔𝑡 + 𝜔𝑎∆𝑡]
} (6) 

3.2.3. Safe Braking Distance Constraints 

When moving with the maximum linear deceleration 𝑣𝑏, to ensure that the AGV can stop before 

colliding with the nearest obstacle on its current trajectory, the AGV's linear velocity 𝑣 and angular 

velocity 𝜔 must satisfy the conditions in Equation (7): 

𝑣𝑎 = {
(𝑣, 𝜔)|𝑣 ≤ √2𝑑𝑖𝑠𝑡(𝑣, 𝜔)𝑣𝑏，

𝜔 ≤ √2𝑑𝑖𝑠𝑡(𝑣, 𝜔)𝜔𝑏

} (7) 

where 𝑑𝑖𝑠𝑡(𝑣, 𝜔) represents the distance from the AGV to the nearest obstacle on the trajectory. 
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3.3. Evaluation Function 

Based on the AGV's kinematic model, preset velocity range, and obstacle distribution, the 

evaluation function uses Equation (8) to evaluate each possible trajectory and selects the trajectory 

with the highest score to guide the AGV's movement: 

𝐺(𝑣, 𝜔) = 𝜎 [
𝛼 · ℎ𝑒𝑎𝑑(𝑣, 𝜔) + 𝛽 · 𝑑𝑖𝑠𝑡(𝑣, 𝜔)

+𝛾 · 𝑣𝑒𝑙(𝑣, 𝜔)
] (8) 

where ℎ𝑒𝑎𝑑(𝑣, 𝜔) is the angle between the predicted trajectory and the target point; 𝜎 is the 

smoothing coefficient; 𝛼, 𝛽, and 𝛾 are weighting coefficients. 

3.4. Hybird Algorithm 

The improved A* algorithm is integrated with the Dynamic Window Approach (DWA) to 

achieve a globally optimal path while preserving DWA’s capability for local obstacle avoidance. Key 

inflection points along the global path are used as sub-targets for DWA, enabling segmented local 

planning. This integration allows the hybrid algorithm to balance global optimality with real-time 

adaptability, as illustrated in Figure 9. 

 

Figure 9. Flowchart of the hybrid algorithm. 

4. Simulation Experiments 

To verify the effectiveness of the proposed algorithm, a 25×25 grid map was established for 

validation. The environmental configuration of the simulation experiments is as follows: Windows 

11 operating system, NVIDIA GeForce RTX 4060 Laptop GPU, Intel(R) Core(TM) i7-14700HX 2.10 

GHz processor, and MATLAB R2023b simulation software. 

4.1. Global Path Planning 

The improved A* algorithm's planned global path is presented in Figure 10(c). For performance 

evaluation, we compared this path with those generated by the traditional A* algorithm (Figure 10(a)) 

and the method described in Reference [18] (Figure 10(b)). 
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(a) (b) 

 

 

(c)  

Figure 10. Comparison of Global Paths Among Several A* Algorithms: (a) Traditional A* Algorithm; (b) 

Reference[18]; (c) Improved A* Algorithm. 

To intuitively assess the performance of different A* algorithms, we selected planning time (s), 

the number of inflection points, and path length (m) as reference indicators, as shown in Table 1. 

Table 1. Comparison of Several A* Algorithms. 

Indicator Traditional A* Reference [18] This Paper 

Planning Time/𝑠 0.1827 0.1623 0.1385 

Inflection Points 5 4 3 

Path Length/𝑚 32.20 31.24 31.72 

1 Tables may have a footer. 

Comparative experiments show that the improved algorithm proposed in this paper has 

significant advantages over the traditional A* algorithm. Specifically, it reduces the planning time by 

24.19%, decreases the number of inflection points in the path by 40.00%, and shortens the path length 

by 1.49%. When compared with the algorithm in Reference [18], although our algorithm's path length 

increases slightly (by 1.53%), it reduces the number of inflection points by 25.00% and the planning 

time by 14.66%. Overall, our algorithm performs better in path - planning efficiency, generating paths 

with fewer inflection points and thus smoother trajectories. 
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4.2. Local Path Planning 

To better handle complex and dynamic practical scenarios, this study introduces a strategy that 

integrates the A* algorithm with the Dynamic Window Approach (DWA). First, the A* algorithm is 

employed to plan a globally optimal path. Then, the inflection points on this global path are 

designated as target points for the DWA local - path planning process, achieving local path planning. 

Table 2 details the attributes of the AGV, while Table 3 provides the initial settings of the DWA. 

Table 2. AGV Own Attributes. 

Parameter Value 

Max Linear Velocity 𝑣max/(m/s) 1.0 

Max Angular Velocity 𝜔max/(°/s)  20.0 

Linear Acceleration 𝑣̇/(m/s2) 0.2 

Angular Acceleration 𝜔̇/(°/s2) 50.0 

Linear Velocity Resolution 𝑑𝑣/(m/s) 0.01 

Angular Velocity Resolution 𝑑𝜔/(°/s) 1.0 

Table 3. Initial Attributes of the Dynamic Window Approach (DWA). 

Parameter Value 

Heading Angle Evaluation Coefficient (𝛼) 0.05 

Obstacle Distance Evaluation Coefficient (𝛽) 0.2 

Velocity Magnitude Evaluation Coefficient (𝛾) 0.1 

Smoothness Evaluation Coefficient (𝜎) 3.0 

Sampling Time/s 0.1 

Distance Threshold/m 0.5 

 

Figure 11 illustrates the paths generated by different algorithms. Subfigures (a), (c), and (e) show 

the trajectories produced by the traditional A* algorithm, the method from Reference [18], and the 

proposed hybrid algorithm, respectively, in an obstacle-free environment. Subfigures (b), (d), and (f) 

depict the corresponding paths in an environment with random obstacles. 

  

(a) (b) 
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(c) (d) 

  
(e) (f) 

Figure 11. Path Comparison of the Hybrid Algorithm. 

To intuitively compare the performance of different path planning algorithms, planning time (s) 

and path length (m) were selected as evaluation metrics, as summarized in Table 11. 

Table 4. Comparison of A*–DWA Hybrid Path Planning Algorithms. 

Hybrid Algorithm Planning Time/s Path Length /m 

Obstacle-Free Env. 

Traditional 14.65 33.19 

Reference [18] 12.70 31.92 

This Paper 11.90 33.07 

With Random Obstacles 

Traditional 20.21 33.92 

Reference [18] 18.92 32.70 

This Paper 12.76 33.70 

 

For the proposed hybrid algorithm, in an obstacle-free environment, the planning time is 

reduced by 18.77% and the path length by 0.36% compared to the traditional A* algorithm. When 

compared with the method in Reference [18], planning time decreases by 6.30%, while path length 

increases by 3.60%. In an environment with random obstacles, the hybrid algorithm reduces planning 

time by 36.86% and path length by 0.65% relative to the traditional A* algorithm, and achieves a 

32.56% reduction in planning time at the cost of a 3.06% increase in path length compared to the 

method in [18]. 
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 Figure 12 shows the changes in heading angle, linear velocity, and angular velocity. Sub - 

figures (a), (c), and (e) present these changes in an obstacle - free envirment, while sub - figures (b), 

(d), and (f) show them in an environment with random obstacles. 

  

(a) (b) 

  

(c) (d) 

  
(e) (f) 

Figure 12. Variations of Heading Angle, Linear Velocity, and Angular Velocity. 

Changes in heading angle, linear velocity, and angular velocity are crucial physical quantities 

for describing AGV movement. The variances of these quantities are key parameters for measuring 

AGV motion stability: a smaller variance indicates a smaller range of motion - state variation and 

more stable movement. Table 5 compares the variances of heading angle, linear velocity, and angular 

velocity. 
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Table 5. Variance of Each Motion Parameter. 

Hybrid Algorithm 

Variance 

Variations of Heading 

Angle 
Linear Velocity 

Angular 

Velocity 

Obstacle-Free 

Env. 

Traditional 0.3147 0.0165 0.0135 

Reference [18] 0.2463 0.0146 0.0103 

This Paper 0.3110 0.0119 0.0149 

With Random 

Obstacles 

Traditional 0.3999 0.0290 0.0176 

Reference [18] 0.3494 0.0300 0.0156 

This Paper 0.3502 0.0118 0.0176 

 

From Table 5, in an obstacle-free environment, the proposed hybrid algorithm reduces the linear 

velocity variance by 27.88% and the heading angle variance by 1.18% compared to the traditional 

hybrid algorithm, while increasing the angular velocity variance by 10.37%. When compared with 

the method in Reference [18], it reduces linear velocity variance by 18.49%, but increases heading 

angle variance by 26.27% and angular velocity variance by 44.66%. In an environment with random 

obstacles, the algorithm reduces linear velocity variance by 59.31% and heading angle variance by 

12.43% relative to the traditional A* algorithm, with angular velocity variance remaining nearly 

unchanged. Compared to [18], it reduces linear velocity variance by 60.67%, maintains heading angle 

variance at a similar level, and increases angular velocity variance by 12.82%. Overall, the proposed 

hybrid algorithm effectively avoids random obstacles, generates smoother trajectories, and 

demonstrates excellent motion stability. 

5. Conclusions 

To address the challenge of real-time obstacle avoidance in global path planning for automated 

guided vehicles (AGVs), this paper proposes a hybrid path planning algorithm that integrates an 

improved A* algorithm with the Dynamic Window Approach (DWA), leveraging the 

complementary strengths of both methods. The main contributions are as follows: 

(1) By analyzing the principles of A*, key waypoints are extracted from the global path, and child 

nodes are redefined using Bresenham’s line algorithm. This significantly reduces the number of 

nodes to be evaluated during search, improving computational efficiency and generating smoother 

trajectories. 

(2) The proposed hybrid algorithm achieves lower variances in heading angle, linear velocity, 

and angular velocity—both in obstacle-free and dynamic environments—resulting in smoother and 

more stable AGV motion. 

(3) Simulation results demonstrate that the algorithm effectively avoids random obstacles, 

enhancing navigation safety in complex environments. 

In summary, the improved hybrid approach enables more efficient and reliable path planning, 

greatly reducing the difficulty of trajectory tracking. Future work will focus on path planning and 

coordination strategies for mobile robots in dynamic obstacle scenarios, aiming to advance their 

practical deployment. 
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