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Abstract” Aiming at global path planning of mobile robot in unknown environment and how to 

avoid random dynamic and static obstacles in unknown environment, A path planning algorithm 

combining improved A* algorithm and optimized dynamic window method is proposed. The A* 

algorithm has a more comprehensive global path planning ability, and has a good computational 

speed, but also is currently the most widely used algorithm for global path planning. But the 

traditional A* algorithm also has many drawbacks, low search efficiency in complex environments, 

the existence of a large number of redundant nodes, the path is not smooth and other problems. 

Therefore, this paper proposes an improved A* algorithm first, which reduces the search direction, 

removes redundant turning points and covariance nodes, and obtains a smooth optimal planning 

path after Bessel curve optimization; secondly, it is optimized for the single motion state of the 

dynamic window method, and the safety distance is set to cope with obstacles that have a similar 

motion state to the robot, and the improved A* algorithm is integrated with the optimized dynamic 

window method, so as to meet the global planning The improved A* algorithm is integrated with the 

optimized dynamic window method, so as to realize obstacle avoidance in the face of random 

obstacles at the local position while satisfying the optimal curve in the global planning path. After 

simulation experiments with the traditional A* algorithm in several groups of different environments, 

the experimental results are obtained, the improved A* algorithm has obvious advantages in global 

path planning, the computation time is reduced by 40%, the search nodes are reduced by 50%, and 

the cost of global path search is reduced by 75%, and the fusion with the optimized dynamic window 

method can solve the local obstacle avoidance problem very well. 

Keywords: mobile robot; Path planning; Dynamic obstacles; A* algorithm; Dynamic window 

approach 

 

1. Introduction 

The key to achieving intelligent mobile robots lies in path planning and random obstacle 

avoidance techniques, which are essential for enabling autonomous navigation7. Mobile robots must 

navigate through a variety of unpredictable obstacles while planning the most efficient path from the 

starting point to the destination. In real-world scenarios, they encounter both static and dynamic 

obstacles with varying speeds, adding complexity to the environment. Therefore, effective path 

planning should not only focus on selecting the best route but also incorporate the ability to avoid 

random obstacles. 

There are a variety of traditional path planning algorithms that have achieved significant results 

in different environments. Commonly used global path planning algorithms include graph-based 

search algorithms, sampling-based algorithms and intelligent algorithms2. The A* algorithm is 

particularly noted for its comprehensive global path planning capabilities and good computational 

speed, making it the most widely used algorithm for global path planning at present. Utilizing 

sensors to gather local environmental data while mobile robots are operating allows real-time 
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dynamic obstacle avoidance through local path planning. The Artificial Potential Field approach and 

the Dynamic Window Approach are two typical local path planning algorithms[3]. 

Traditional A* algorithms have several drawbacks, including low search efficiency in complex 

environments, the presence of numerous redundant nodes, and the generation of uneven paths. Xu 

et al. [4] advocated replacing octal neighborhoods with unobstructed rectangular limitations and 

exploring the map in two directions, from the beginning and target points, respectively. Lai et al.[5] 

used second-order Bezier curves to optimize path length and curvature, increasing the robot’s safety 

coefficients while additionally adjusting the search neighborhood. Cheng et al.[6] incorporated 

Morphin’s technique for increased efficacy, developed a key node culling strategy to remove 

unnecessary nodes, and created a more appropriate heuristic function. The incorporation of these 

enhancement techniques shows considerable potential for improving the performance and 

practicality of path planning algorithms. However, challenges remain, such as inadequate path 

smoothing and insufficient search efficiency in complex road conditions. Robots can navigate 

complex areas with impressive efficiency when they are equipped with the dynamic window 

approach, which allows them to avoid obstacles at random while advancing. It finds wide 

applications in obstacle avoidance in unknown environments. However, the dynamic window 

approach has a disadvantage: due to the relies on a single motion state, it might become imprisoned 

in local optima. Furthermore, several modification strategies have been proposed to improve the 

evaluation function[7]. 

Liu et al.[8] optimize the trajectory evaluation function of the DWA algorithm to make the local 

path planned by the DWA algorithm smoother and more coherent, extract the key nodes from the 

global path, and guide the DWA algorithm to carry out the local path planning and dynamic obstacle 

avoidance, so that the local path is closer to the global path. Xu et al.[9] formulate a cost function 

based on real-world environmental information that can provide positive reinforcement when 

turning in the face of an obstacle, introduce a new evaluation function, and mitigate the problem of 

local optimization that may occur in complex situations. However, the challenge of single state of 

motion still persists. When facing obstacles with similar trajectories and speeds as its own, the robot 

often chooses to make a large-angle turn and change direction at the maximum speed, which 

increases the safety hazard of robot operation10. 

For the purpose to address the enduring problems that have not been resolved by specialists and 

researchers in the past, this work suggests a fusion algorithm for effective and secure path planning. 

The traditional A* algorithm is first enhanced to minimize the search neighborhood and optimize the 

heuristic function in order to lower search expenses11. Next, the path curve is optimized by removing 

co-linear nodes and redundant turning points. Additionally, a safe distance is established to mitigate 

the issue of single motion state in the dynamic window method. The proposed approach allows 

dynamic obstacle avoidance within the scope of global path planning by combining the regional 

obstacle avoidance strengths of the dynamic window method with the global planning capabilities 

of the A* algorithm12. 

2. A* Algorithm 

2.1. Traditional A* Algorithm 

The traditional A* algorithm is a widely used heuristic algorithm for path planning. It combines 

the strengths of existing algorithms such as Dijkstra and BFS, while addressing their limitations. The 

algorithm incorporates a heuristic function to estimate the overall cost of each path. The traditional 

A* algorithm calculates the cost value as follows: 

                                      nhngnf                      (1) 

In the formula, the actual cost from the start point to the current node is displayed by g(n), the 

forecast cost from the current node to the target point is indicated by h(n), and the expected total cost 

from the start point to the end point is represented by f(n). 
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In this study,  we use the Euclidean distance to denote the actual surrogate value and the 

Chebyshev distance to denote the predicted surrogate value, which are computed as follows: 

     221

2

21 yyxxng 
                          (2) 

              1313 ,max yyxxnh                           (3)         

In the formula, (x1 , y1) represents the co-ordinates of the start point, (x2, y2) represents the co-

ordinates of the current node n, and (x3 , y3) represents the co-ordinates of the target point.  

2.2. Improvement of the A* Algorithm 

2.2.1. Selection of Search Neighborhoods 

The conventional A* algorithm conducts searches and selects from the 8-neighborhood grid 

range around a node. However, the constraints imposed by the target point’s direction result in 

unnecessary search ranges within the 8-neighborhood grid, leading to significant computational time 

and speed wastage. This study presents an approach to optimize the selection of search locations 

within the 8-neighborhood search direction, with the goal to enhance search efficiency and reducing 

the anticipated generation value. 

As illustrated in Figure 1, the traditional A* algorithm searches in all 8 neighboring directions of 

each parent node. This approach can lead to unnecessary operations on nodes that do not contribute 

to the optimal path, thereby reducing search efficiency. To solve the problem of search inefficiency, 

this investigation provides an algorithm for dynamically allocating search direction based on the real-

time target position. By minimizing operations on irrelevant nodes, this method aims to enhance the 

overall search efficiency. 

 

Figure 1. Eight-Neighborhood Search Methods. 

The direction 2 and the angle α show how the line connecting the current and goal sites is 

oriented. The association between the direction of selection and the α value is summed up in Table 1. 

Table 1. Correspondence table between clamp angle α and selection direction. 

α Direction of reservations Direction of Abandonment 

[337.5°,360°)∪[0°,22.5°) 12356 478 

[22.5°,67.5°) 23567 148 

[67.5°,112.5°) 23467 158 

[112.5°,157.5°) 34678 125 

 [157.5°,202.5°) 13478 256 

 [202.5°,247.5°) 14578 236 

 [247.5°,292.5°) 12458 367 

 [292.5°,337.5°) 12568 347 
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The previously mentioned steps improvements to the search neighborhood can significantly 

reduce the number of node searches while increasing calculation speed, thereby enhancing path 

organizing computational efficiency. By reducing the scope of the search, the computational time is 

also significantly decreased. 

2.4.2. Optimization Heuristic Function 

The design of the heuristic function is essential to the A* algorithm’s functioning, since it has a 

direct influence on both the efficiency of the search process and the quality of the pathways produced, 

eventually deciding the algorithm’s overall performance13. Optimal search efficiency is achieved 

only when the predicted cost matches the actual cost. To balance search efficiency and route quality, 

use a dynamic adjustment mechanism for the heuristic function. This entails constantly updating the 

heuristic estimates using real-time data obtained throughout the search process, allowing the 

algorithm to adapt to various phases and conditions. 

Let the coordinates of the current point be denoted as (x1,y1), the coordinates of the target point 

as (x2,y2), the distance between the current point and the target point as r, and the distance between 

the start point and the target point as R. In the initial state, the current point is far from the target 

point. At this stage, the search space is extensive and there are numerous search nodes. As the current 

point gradually approaches the target point, the predicted surrogate value changes. To prevent the 

algorithm from getting trapped in a locally optimal solution and failing to find the target point, it is 

crucial to reduce the weight of the predicted cost function at the appropriate time 

In different environments, the weight of the heuristic function h(n) is influenced by the 

introduction of the obstacle occupancy ratio P. When there are fewer obstacles, the occupancy weight 

should be appropriately decreased. Let’s suppose that the number of obstacles in a localized region 

is represented by B, and the total number of grids is denoted by A. The total number of grids, denoted 

by A, can be expressed as follows. 

     2121 11 yyabsxxabsA                         (4) 

The percentage of obstacles in the localized region created by the current node and the target 

node inside the current area is represented by the obstacle share P. 

A

B
P                                       (5) 

The improved heuristic function is： 

                                 nhP
R

r
ngnf 








 lg1                            (6) 

When the robot is at the starting point, the distance weighting factor tends to be 1. As 

pathfinding progresses, this factor gradually decreases and approaches 2 when the robot is near the 

target point. According to the characteristics of the logarithmic function, the logarithmic attenuation 

factor is initially quite large but gradually decreases as pathfinding proceeds. The heuristic function 

is dynamically adjusted using both the distance decay factor and the logarithmic decay factor. In the 

early stages, the heuristic function has a larger influence to reduce the number of nodes searched. 

Nearer to the target point, the search range is expanded to ensure the optimality of the path. 

2.4.3. Optimization of path curves 

Traditional A* algorithms often encounter redundant nodes during the path planning process, 

which can negatively impact the normal operation of mobile robots by reducing search efficiency14. 

These redundant nodes typically include co-linear nodes and unnecessary inflection points. 

Delete the co-linear nodes. Assuming that there are any three nodes A(x1,y1)B(x2,y2)C(x3,y3) in the 

path, B is a node in the middle of AC, the slope of the line where node AB is located and the slope of 

the line where node BC is located can be expressed as: 
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K1 and K2 represent the slopes of the two lines AB and BC, respectively. When the slopes of the 

two lines equalize and the node ABC is mutually exclusive, and B is a covariant node; the redundant 

covariant node B can be deleted. As shown in Figure 2, nodes 1, 2, 3, 4, nodes 4, 5, 6, and nodes 6, 7, 

and 8 in the figure all conform to the three-point ABC relationship described above, and nodes 2, 3, 

5, and 7 are redundant nodes. According to the traditional algorithm, the planning path is in the order 

of node numbering. The revised method removes co-linear nodes, resulting in the actual planning 

path of nodes 1468. This is the removal of redundant co-linear nodes, as described in the preceding 

principle. 

 

Figure 2. Common Line Node Deletion Schematic. 

(2) Eliminate duplicate turning spots. The classic A* algorithm has more turning points, and the 

path is zigzag and discontinuous, resulting in discontinuity in the robot’s real traveling path and a 

lengthier moving path. As a result, preserving the key turning locations in the path while removing 

the superfluous turning points can significantly minimize the path’s turning length and shorten the 

search time, hence increasing efficiency15. Nodes 1 and 5 serve as the start and end points in the 

planned path and nodes 2, 3 and 4 are the inflection points set in the path planned by the traditional 

algorithm. The black square in the figure is the known obstacle and the black thick solid line is the 

path obtained from the traditional algorithm planning, which successfully avoids the obstacle and 

reaches the end point. 

During path optimization, it is found that removing turning point 2 and following the route 13 

directly reduces the path length, and the paths 2,4 and 3,5 are eliminated due to the presence of 

obstacles. Thus following the route 1,4,5 after removing turning points 2 and 3 at the same time is 

optimal, which reduces the path length and traveling time to a large extent. 

 

Figure 3. Schematic diagram of redundant turning point deletion. 
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2.3. Trajectory Circularization Process 

The traditional A* algorithm obtains a path with a lot of turning points, which can wear out the 

tires of the robot and is not suitable for long time use with the robot. Thus the trajectory has to be 

smoothed to fit the robot’s operation16. Four path control nodes A, B, C, and D are obtained in the 

third-order Bussel curve, denotes the angle between node AB and the line where node BC is located, 

and denotes the angle between node BC and the line where node CD is located, and the equations of 

the third-order Bessel curve when is an acute angle are shown below:  

       









10

13131 3233

t

DtttCtBtAtQ
                  (8)     

When the path angle is obtuse, as shown in Figure 4, the result of optimizing the robot’s 

trajectory points E, G, and O. This trajectory consists of two identical third-order Bezier curves and 

the lines EG and OG, which get the curvature continuity, and the distance between E and O is found 

to be: 

                     
 




2

max

4

3

2

2

cos

sin

54

4

kc

c
dk 







 
                            (9)      

In the formula, 21cc  are constants, 
2

1
,

6

4

1

2
3 





c

c
c , kmax is the maximum distance from 

any point on the curve to A or G. 

 

Figure 4. Trajectory circularization processing schematic. 

3. Dynamic Window Approach 

3.1. Motion Modelling of Mobile Robots 

A well-liked approach for route planning, the dynamic window approach, models a robot’s 

movement at various rotational velocities and speeds in order to determine the optimal path for it. 

Before applying the dynamic window approach, the robot’s parameters must be recorded and the 

kinematic modeling must be completed17. Assuming that the mobile robot carries out a uniform 

linear motion during t time, this motion model can be expressed as: 

 















tttT

tyty

tytx

VtVyY

VtVxX







cossin

sincos

                         (10) 

yx, denote the coordinate position of the robot,  denotes the robot’s facing angle, ,v denote 

the robot’s linear and angular velocities. 

According to the motion model, we can simulate the motion of the robot under different 

velocities and angular velocities. This allows us to balance the advantages and disadvantages of each 

simulated path and ultimately select the optimal path for the robot’s navigation. By employing the 

ɑ        

β 

A                B                     

D

C  

E                       F                

P 

λ    

θ 

O

Q
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dynamic window technique to select the best path within a given range of linear and rotational 

velocities, the robot may travel safely and effectively18. 

3.2. Velocity Sampling 

The mobile robot operates within the constraints of its hardware and working environment. The 

maximum and minimum speeds at which it can operate can be expressed as follows: 

                               maxminmaxmin ,,,   vvvvVm                      (11) 

During the path planning process, the robot’s acceleration and deceleration are controlled, 

thereby limiting the actual velocity changes. The maximum and minimum velocity range can be 

expressed as: 

                      
   

 








tt

tvvtvvvv
V

acbc

acbc

d




,

,,
                        (12) 

cv  and c represent the current velocity, and denote the maximum acceleration, and signify 

the maximum deceleration. 

The speed range parameters can be configured according to the specific mobile robot and 

application requirements. During path planning, the robot’s speed is adjusted within this range to 

meet both safety and efficiency requirements. The robot travels on the intended path while adhering 

to the speed limitations by setting the minimum and maximum speed limits correctly. This keeps the 

robot moving within a restricted speed range. 

A mobile robot must slow down to zero speed before it reaches an impediment in order to 

guarantee its safety while in operation. This restriction can be expressed in the following way: 

                           

    

  











2

1

2

1

,2

,2,

b

b

vdis

vvdisvv




                            (13) 

 ,vdis  indicates the distance of the robot from the obstacle. 

3.3. Similar Day Clustering Results 

The optimum speed group is chosen from the sampled speed data groups for local route 

planning, resulting in the final optimal path trajectory. This trajectory seeks to reach the target spot 

as smoothly as possible while properly avoiding obstacles in the lowest amount of time19. The 

evaluation function guiding this selection process is: 

                         ,,,, vvvdisvhvG                   (14) 

In this context,  ,vh  represents the robot’s azimuth and is used to calculate the angular 

deviation;   ,vv denotes the velocity of the robot; and  ,vdis  describes the distance between 

the robot’s current position and each point, calculating the distance from the target point. The three 

parameters ,   and   are weighting coefficients, while   is the smoothing coefficient. 

3.4. Normalization process 

To avoid a biased representation of any specific evaluation metric in the overall evaluation 

function, it is essential to generalize the terms of the evaluation function prior to optimization. 

Additionally, prior to optimization, the terms of the evaluation function need to be normalized. 

Regardless of variations in the initial scales or magnitudes of each component, this normalizing 

technique guarantees that each one contributes proportionately to the overall evaluation20. 
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The trajectory that needs to be assessed first in Equations is the one corresponding to the current, 

while n represents the trajectory inside the dynamic window. 

3.5. Optimization of the Dynamic Window Method 

The traditional dynamic window method demonstrates effective obstacle avoidance capabilities 

in scenarios with known static obstacles. However, in situations where the path is cluttered with 

numerous obstacles, including both dynamic and static ones of unknown characteristics, the 

conventional algorithm’s limitations become apparent. These drawbacks include poor flexibility, 

longer obstacle avoidance paths, and significant turning angles, ultimately hindering the robot from 

reaching its intended destination21. 

3.5.1. Setting of Safety Distances 

The traditional dynamic window method, which handles a relatively limited range of motion 

states, often struggles with significant deviations from the original planned path when encountering 

dynamic obstacles moving at various speeds. This results in excessive movement distances and large 

turning angles. By adjusting the path points to account for the safety distance between the robot and 

the obstacles, we can ensure the robot’s safety while optimizing the path. 

When the robot encounters an obstacle moving in the opposite direction, as illustrated in Figure 

5A, and the distance between the robot and the moving obstacle is less than the safe distance d, while 

the angle between the obstacle’s direction of motion and the robot’s planned path exceeds 45, the 

robot must wait until the dynamic obstacle clears the planned path before proceeding. During this 

waiting period, the robot will maintain a minimum distance of d from the moving obstacle in front 

of it. 

When a robot hits an obstacle while traveling, the traditional algorithm normally proposes that 

it reverse course to avoid it. In actuality, the robot moves at a very slow pace, making it challenging 

to help it make the direction change. In certain situations, it can be wiser to follow the moving 

obstruction.  

As illustrated in Figure 5B, the robot will stay on its current path, decrease its maximum speed, and make 
sure that it is at least d away from the moving obstacle when the distance between it and the robot is less than 
d and the angle β between the obstacle’s direction of movement and the robot’s planned path is less than 15°. 
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Figure 5. Safety Distance Setting Schematic. 

4. Fusion Algorithm 

Taking into account the strengths and weaknesses of the two algorithms discussed in the 

previous section, we have decided to integrate the improved A* algorithm with the optimized 

dynamic window method. Although the enhanced A* algorithm is still a conventional global path 

planning technique, it is unable to satisfy complex environments’ dynamic obstacle avoidance needs. 

Real-time path planning for obstacle avoidance tasks in complicated environments is made possible 

by the dynamic windowing method. Nevertheless, when faced with multiple obstacles, it frequently 

becomes stuck in local optima and is unable to find the end goal location. We have chosen to combine 

the enhanced A* algorithm with the optimized dynamic window approach, taking into consideration 

the positive and negative aspects of the two methods covered in the preceding section. This fusion 

aims to design an evaluation function system that leverages global environmental information for 

comprehensive path planning. 

The flowchart below illustrates the proposed fusion algorithm. 

 

Figure 6. Flowchart of the fusion algorithm. 
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5. Simulation Experiment Verification 

5.1. Simulation Verification of Improved A* Algorithm 

To evaluate the performance improvements of the enhanced algorithm, several simulation 

experiments will be conducted in various environments. Figure A and Figure D show the traditional 

A* algorithm, Figure B and Figure E show the improved A* algorithm. Figure C and F show the 

improved A* algorithm from literature 22 and will be compared to the improvements22. The shaded 

area is the pathfinding search cost of the different algorithms. 

        

                   A                                               B 

 

C 
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D                                              E 

 

F 

Figure 7. Comparison of traditional A* and improved A* algorithms in different environments. 

The following table shows the experimental results obtained after several repetitions of 

simulation experiments in the above two environments, and the following performance index 

parameters are compared: 

Table 2. Performance Analysis Comparison of Traditional A* Algorithm and Improved A* Algorithm. 

 
Planning 

time(/s) 

Angle of 

divergence(/°) 

Inflectio

n 

Planning 

node 

  Path 

length(/m) 

Figure A 0.179  585.022 13 282 47.355 

Figure B 0.104 123.203 6 140 41.399 

Figure C 0.142 240.175 6 172 45.113 

Figure D 0.366 790.255 14 546 76.965 

Figure E 0.218 190.358 8 270 69.286 

Figure F 0.244 486.355 10 312 74.847 
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It is evident from the above table’s comparison of several reference sets that the enhanced 

algorithm significantly reduces the path’s search range, greatly enhances its smoothness, and 

drastically reduces the excessive number of turning and planning nodes. It is clear from the search 

region shown by the shaded portion that the search cost has been much decreased, improving 

computing efficiency and avoiding the major drawback of the old methods’ inefficiency. The 

enhanced algorithm path is inherently silky smooth, which is more suitable for the robot’s operation 

and control. This fusion aims to design an evaluation function system that leverages global 

environmental information for comprehensive path planning23. 

5.2. Simulation Verification of DWA Algorithm Optimization 

The dynamic window parameter indicators were set as follows: maximum speed 5m/s, 

maximum angular velocity 20°/s, rotational speed resolution 1°/s, acceleration 0.2m/s, and rotational 

acceleration 50°/s. The parameters in the evaluation function were set as follows: =0.05, =0.2, and =0.2, 

and the prediction time period was 3.0s. The parameters in the evaluation function are set as follows: 

=0.05, =0.2, =0.2, and the prediction time period is 3.0s. 

In the Figure 8 below, the pink obstacles are static and the black obstacles are dynamic and will 

move in a certain direction without stopping. The cart starts at (0,0) and ends at (10,10). 

Step 1, black dynamic obstacles emerged in the direction of the car this time. Based on the DWA 

algorithm’s before optimization, the car chose a safe distance. The vehicle then came to a stop to wait 

for the impediments to move, looked at them at the next operational moment, calculated their speed, 

and identified the next movement path moment. 

Step 2, the car will now resume its intended course after entirely avoiding the dynamic 

impediments in front of it. 

Step 3, the car detects the movement of the dynamic obstacle below, and judges whether the 

distance between itself and the obstacle meets the safety distance, and whether it needs to reduce the 

speed and wait for the movement of the dynamic obstacle. 

Step 4, detected by the car, the car’s motion linear velocity, angular velocity and the initial 

distance from the car to meet the basic conditions of the passage, at this time the car successfully 

passed the obstacle bend. 

Step 5, the cart slows down when it detects the motion of a dynamic obstacle close to the target 

position.  

Step 6, after detecting a dynamic obstacle turning direction away from the cart, the cart moves 

to reach the target point. 

               

A. Step 1                                     B. Step 2 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 January 2025 doi:10.20944/preprints202501.0230.v1

https://doi.org/10.20944/preprints202501.0230.v1


 13 of 18 

 

              

C. Step 3                                     D. Step 4  

                             

                 E. Step 5                                     F. Step 6    

 

Figure 8. Optimization Simulation Verification of Dynamic Window Method. 

5.3. Simulation verification of the fusion algorithm 

After the fusion of the improved algorithm with the dynamic window method, new gray static 

obstacles and yellow dynamic obstacles are added on the basis of the original full map path planning. 

Then multiple sets of repeated simulation experiments are conducted to verify the feasibility of the 

fusion algorithm to cope with various complex environments, and the performance parameters 

obtained from the experimental results are analyzed. 

As shown in Figure 9, the improved A* algorithm is used for global path planning. When a new 

obstacle appears along the planned path, it poses a pathfinding challenge for the robot, preventing it 

from reaching the endpoint smoothly. 
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Figure 9. Optimization Simulation Verification of Dynamic Window Method. 

The fusion method adds three unknown gray static obstacles and three yellow dynamic 

obstacles in longitudinal motion, as Figure 10A illustrates. The robot then proceeds along its original 

intended path until the set random obstacles emerge. When the robot encounters the phased dynamic 

obstacles, it judges the positional relationship and maintains a safe distance, waits until the dynamic 

obstacles are far away from the planned route, and then re-moves according to the original planned 

route, and after encountering the static obstacles, it carries out random obstacle avoidance and then 

continues to move along the original planned route. 

As shown in Figure 10B, the fusion algorithm is used to add isotropic dynamic obstacles and 

unknown three static obstacles, and the robot will follow the route planned by the improved A* 

algorithm before the appearance of the set gray random obstacles. When the robot appears 

throughout isotropic dynamic obstacles, it evaluates the positional relationship and determines to 

follow the obstacles. After that, it reduces its speed and maintains a safe distance from the obstacles 

at all times. It then waits patiently until the impediments are out of the way of the robot’s path before 

continuing on the predetermined course. 

         

A  Opposite direction                              B  Same direction 

Figure 10. Simulation validation plot of the fusion algorithm facing dynamic obstacles in different directions. 
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Based on the simulation diagrams presented above, it is evident that by introducing random 

gray obstacles, altering the trajectory of the yellow dynamic obstacles, and adjusting the robot’s path, 

the algorithm successfully enables the robot to navigate around obstacles in accordance with the 

prescribed requirements. Ultimately, the robot reaches the target point, thereby validating the 

feasibility of the fusion algorithm outlined in this paper. 

Figure 11 compares the two sets of attitude angles and demonstrates that it is unacceptable to 

force the robot to reverse its direction of travel to avoid a dynamic barrier because of the setup’s 

restricted movement speed. Consequently, the robot chooses to follow the dynamic obstacle when it 

advances in the same direction as it and its angle of movement is less than 15. Otherwise, it maintains 

a safe distance from the obstacle. By lowering the amount of steering operations, this method 

frequently produces better results by reducing the likelihood of accidents. It also enables the robot to 

choose shorter paths and fewer nodes, which are closer to its actual motion curve. 

        

                    A                                              B 

Figure 11. Attitude Angle Chart Comparison. 

Figures 11 and 12 show how a robot may regularly change its orientation and velocity 

magnitude in a complex environment and still arrive at its destination with a rather smooth linear 

velocity. Thus, it realizes the path planning in complex environments and smoothly completes the 

random obstacle avoidance task. 

         

                A                                               B 
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Figure 12. Comparison chart of linear and angular speeds. 

6. Conclusions 

In this paper, we propose a proposed path planning algorithm that combines the improved A* 

algorithm and the optimized dynamic window method. The search direction of the A* algorithm is 

reduced, redundant turning points and co-linear nodes are deleted, and a smooth optimal planning 

path is obtained after the optimization of the Bessel curve; the dynamic window method is optimized 

for a single motion state, and the safety distance is set to cope with obstacles with similar motion 

states as the robot, and the improved A* algorithm is fused with the optimized dynamic window 

method, so as to achieve obstacle avoidance at local locations facing random obstacles under the 

condition of satisfying the optimal curves in the globally planned path. The improved A* algorithm 

is integrated with the optimized dynamic window method, so as to achieve obstacle avoidance in the 

face of random obstacles at local positions while satisfying the optimal curve in the global planning 

path. 

Compared with the traditional A* algorithm, the improved A* algorithm in this paper has a 

shortening improvement of about 3% in the path length, a significant reduction of about 40% in the 

operation length, and a reduction of about 50% in the search nodes and 75% in the search cost during 

the whole search process. As a result, the operational efficiency of the A* algorithm is greatly 

improved in the actual operation process. The number of turns, turning angle, and planning path 

curvature are all significantly reduced, illustrating that the modified A* method in the present 

investigation is productive. 

The improved A* algorithm fused with the optimized dynamic window method proposed in 

this paper has the ability to cope with random obstacles on the basis of the globally planned path, 

which meets the requirements of collision-free pathfinding for robots. Following experimental testing, 

we may infer that the fusion approach is useful in some situations and warrants further investigation 

and application. 

The research results in this paper can be applied to the path planning and random obstacle 

avoidance of mobile robots in complex environments, which has certain practical value. The 

subsequent research work can be based on the distribution of obstacles to adjust the proportionate 

weight of the heuristic function and evaluation function to adapt to the ability of path planning in 

different environments. 
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