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Abstract: Aiming at the problems of low search efficiency of A* algorithm in traditional path planning, many redundant points, 
and inability to avoid unknown obstacles in real-time in complex environments, this paper proposes a path planning algorithm 
based on A* combined with Dynamic Window Approach (DWA) algorithm. First, the evaluation function of the traditional A* 
algorithm and the expansion strategy of sub-nodes are improved to improve the safety and search efficiency of the global path. 
Then the redundant nodes in the global path are processed to reduce the number of turning points and improve the smoothness 
of the global path. to improve the instability and energy consumption of the robot during travel; finally, based on the global path 
planning, the DWA algorithm is introduced to perform path planning in the local unknown environment. The local path planning 
is completed by retaining the key path turning points as intermediate path guidance. Real-time obstacle avoidance. Through 
simulation experiments, the effectiveness and feasibility of the fusion algorithm are verified. 
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1. Introduction 
With the rapid growth of artificial intelligence and the 

expansion of the robot industry, robots are widely utilized in 
manufacturing, medical, logistics, and various other fields[1]. 
Path planning is a crucial prerequisite for robots to execute 
tasks[2], and its measurement index is based on the evaluation 
standard between the starting point and the target point to plan 
an optimal and collision-free path in the shortest time[3]. 
Current path planning algorithms can be categorized into 
global static path planning with a known environment and 
local path planning with unknown environment information. 
Commonly used algorithms in global path planning include 
the A* algorithm [4], artificial intelligence algorithm [5], 
Dijkstra algorithm [6], etc. Planning algorithms in local path 
planning include the artificial potential field method [7], 
dynamic window method (DWA) [8], time elastic band (TEB) 
[9], etc. 

The A* algorithm is widely employed in path planning due 
to its high search efficiency and ease of implementation. 
However, the traditional A* algorithm has shortcomings such 
as many vertices, susceptibility to contact with the edges of 
obstacles, and uneven paths. Despite DWA's proficiency in 
avoiding obstacles in unknown environments, it faces 
challenges in complex environments since it is solely guided 
by the final goal, making it prone to local optimality and 
leading to failures in local path planning. 

In response to these challenges, this paper proposes a path 
planning algorithm that integrates the improved A* with the 
DWA algorithm. It enhances and optimizes the traditional A* 
algorithm, introducing environmental factors to refine the 
heuristic function. This allows decisions based on obstacle 
density, dynamic adjustment of the degree, constrained 
selection of sub-nodes, avoidance of oblique crossing of 
obstacles, elimination of redundant points, reduction of path 
turns, and introduction of a safety factor to enhance the path 
safety distance. The approach completes global path planning 
and optimizes it. Building upon this, local path planning is 
conducted based on potential unknown static obstacles and 

dynamic obstacles. Key nodes in global path planning are 
chosen as a guide for the local path, and an evaluation 
function with global information is constructed to achieve the 
fusion of the two algorithms. This results in an enhancement 
of the completeness, security, and real-time nature of the path. 

2. Establishment of Environmental 
Model 

The prerequisite for robot path planning is to select an 
appropriate environment model. Currently, commonly used 
modeling methods include grid method, topology method and 
geometric method, because the grid method has the 
characteristics of easy implementation, simple programming 
and consistency in the construction of environmental models. 
Features. Therefore, this article uses the grid method to 
construct an environmental model. The environmental space 
is divided into grids of the same size. According to the 
environmental information, each grid is represented by blank 
(representing the drivable area) and black (representing the 
obstacle area). The grid map is shown in Figure 1. 

 
Figure 1. Grid map 

3. A* Algorithm Improvements 

3.1. Traditional A* Algorithm 
The A* algorithm is a classic heuristic search algorithm 

that combines Dijkstra and breadth-first traversal algorithms. 
It searches for nodes from the starting point, selects a node 
with the smallest evaluation function value as the starting 
point of the next search node, and continues to move toward 
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the target point. Finally, the shortest distance is found from 
the starting point to the target point in the global path. Its core 
functions are: 

( ) ( ) ( )f n g n h n            (1) 
In the formula, n represents the current node, represents the 

total cost value from the starting point to the target point, 
represents the actual cost value from the starting point to the 
current node, represents the estimated cost value from node n 
to the target point. Among them, Manhattan distance, 
Euclidean distance and Chebyshev distance are commonly 
used as heuristic function. This paper selects Euclidean 
distance as the heuristic function of , and its expression is: 

2 2( ) ( ) ( )x x y yh n G S G S              (2) 

Among them, ( , )n nX X , ( , )x yG G   is the current node 
coordinates and target point coordinates. 

3.2. Heuristic Function Improvement 
In the traditional A* algorithm, since h(n) plays a key role, 

in the early stage of path search, appropriately adjusting the 
weight of h(n) will help reduce the waste of search resources 
and achieve path optimization. First, the obstacle rate K is 
expressed according to the number of obstacles in the grid 
map environment: 

1 1( ) ( )
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             (3) 

In the formula, A is the number of obstacles from the 
starting point to the target point, b is the coordinate of the 
starting point, and the obstacle rate K is introduced into the 
core function, and its expression is: 
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        (4) 

Dynamically adjust according to the obstacle rate in the 
map environment to balance the two functions. 

3.3. Optimize Child Node Expansion Strategy 
The traditional A* algorithm uses 8 neighborhood 

expansion, as shown by the blue arrow in the parent-child 
node diagram in Figure 2: 

 
Figure 2. Parent-child node graph 

 
Figure 3. Child node expansion path 

 
According to the A* algorithm's rules for selecting child 

nodes, if the child node is an obstacle, it will cause the node 
to touch the edge of the obstacle or even cross the two 
obstacle vertices diagonally, as shown in L1 and L2 in Figure 
3. 

In order to improve the safety of unmanned boats and avoid 
the above risks, it is necessary to restrict the selection of child 
nodes. According to the relationship between the parent node 
and each child node in Figure 2, the positional relationship 
between the parent node and the child node is divided into 
three types: If it is a type 1 or 2 situation, the nodes adjacent 
to the obstacle will not be selected. If it is a type 3 obstacle, 
no constraint processing will be performed. After the above 
constraints, collisions with obstacles can be effectively 
avoided. The improved A* is shown as L3 in Figure 3. 

3.4. Redundant Node Handling 
In the traditional A* path planning, there are many collinear 

nodes and turning points, resulting in a non-optimal path that 
is not smooth. At the same time, under the influence of many 
such nodes, the robot will move according to the These 
redundant nodes constantly change directions, increasing 
instability and energy consumption during travel. The nodes 
are shown in Figure 4. 

 
(a)Traditional A* path planning node 

 
(b)Key point extraction 

 

(c)Path after removing redundant points  
Figure 4. Remove redundant points 

 
(1) Start from the starting point S and gradually search for 

the next node until the target point. If several nodes are on the 
same straight line and there are no obstacles directly on the 
straight line, then only the starting point and end point of the 
straight line will be retained, the nodes after screening are 
shown in Figure 4(b). 
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(2) Since in A* path planning, the robot is treated as a 
particle, the actual volume of the robot is ignored, and the safe 
distance 

stD  to prevent collision with the grid is quoted to 

form the optimal path, 2 2st gridD R  , where 
gridR  

represents each grid The side length of the grid. 
In Figure 4(b), a binary search is performed from the 

starting point to the target point on the path removing the 
intermediate nodes. If there are no obstacles, the original path 
is retained. When an obstacle is encountered, the last selected 
node is retained. And calculate the distance L from the center 
to the obstacle. By comparing L with the safe distance 

stD , if 

stL D  , keep the previous node, if 
stL D  , delete the 

previous node. The final path is shown in Figure 4(c). 
It can be seen that redundant points, path length, and 

number of turns are significantly reduced. 

4. DWA Path Planning Algorithm 
In the actual working environment, there are unknown 

static and dynamic obstacles. These factors will have an 
impact on the robot's path. Therefore, in order to achieve 
safety during the work process, this paper uses the dynamic 
window method to perform local planning after the global 
path planning is completed. Path planning in unknown 
environments. 

4.1. Robot Velocity Sampling 
In the actual movement of the robot, there will be a certain 

range of linear speed and angular speed due to the constraints 
of its own design and structure. mV  is the set between the 
minimum and maximum speed of the robot. The speed 
includes the linear speed and angular speed, expressed as 
( , )v m  , then mV  can be expressed as: 

 min max min max( , ) | [ , ], [ , ]mV v m v v v v v       (5) 

maneuverability constraints: 

 ' ' ' '( , ) | [ , ],[ , ]d c c c cV v m v v v t v v t t t              (6) 

braking distance constraint: 

( , ) | 2 ( , ) ], 2 ( , )aV v v dist v v dist v            (7) 

After integrating the above three constraints, we can obtain 
the sampling space Vr of all feasible speeds. In order to ensure 
the safety of the unmanned boat, its speed should satisfy all 
the above constraints. Therefore, Vr is the intersection of the 

above three sets, expressed as: 

r m d aV V V V                    (8)
 

4.2. Improved Trajectory Evaluation Function 
After determining the speed sampling space, multiple sets 

of feasible speed pairs can be discreted from it. After 
obtaining the estimated trajectories corresponding to multiple 
sets of speeds, it is necessary to use the evaluation function as 
a criterion to evaluate and select all trajectories, and finally 
select The speed corresponding to the optimal trajectory is 
used as the navigation speed of the next unit moment. In the 
traditional dynamic window method, the parameters 
considered in the evaluation function are azimuth, speed, and 
distance. 

( , ) ( , ) ( , ) ( , )G v w head v w vel v w dist v w         (9) 

Among them,  ,   and  are the weighted coefficients 

of three evaluation functions respectively, ( , )head v w   is 

the azimuth angle deviation between the direction trajectory 
of the current movement direction and the target point;

( , )vel v w  evaluates the current speed, and ( , )dist v w  is 

the distance between the current movement trajectory and the 
obstacle. Distance, analysis of the above evaluation function 
shows that there is only one final target as a guide in the 
azimuth angle. If there are too many obstacles in the 
environment, the path will fall into a local optimum, because 
this article adopts the key to improve A* global path planning. 
The turning point serves as a guide point to reach the target 
point. In addition, for unknown static and dynamic obstacles 
in the local environment, the distance function must be 
improved at this time to construct a new evaluation method 
that combines turning points and unknown obstacles. function, 
the new evaluation function is: 

( , ) ( , ) ( , )

               ( , ) _ ( , )
newG v w Chead v w vel v w

dist v w dist m v w

 
 

   

       (10)
 

In the formula: ( , )Chead v w is the azimuth angle deviation 

between the end point of the trajectory and the current key 
turning point. According to the sequence of turning points, it 
guides the robot to move to the final target point. 

5. Experimental Simulation 

5.1. Improved A* Algorithm Simulation 
Analysis 

   
(a) 20*20 map environment   (b) 30*30 map environment   (c) 45*45 map environment 

Figure 5. Comparison of path simulation in different map environments 
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In order to verify the accuracy and effectiveness of the 

global path planning algorithm of the improved A-star 
algorithm, this article constructed three different map 
environments of 20*20, 30*30, and 45*45 for simulation 
testing. The simulation experimental environment is 
MATLAB 2018b. The blue triangle represents the starting 
point, the green circle represents the target point, and the gray 
grid represents the searched grid during the path search 
process. The experimental results are shown in Figure 5, and 
the performance indicators of the algorithm are shown in 
Table 1. 

From the simulation results in Figure 5, it can be clearly 
seen that in each different grid map, the traditional A* 
algorithm has many turning points, and there are situations 
where it passes directly through the middle of the obstacle, or 
collides with the edge. during the search process, a large 
number of nodes were also expanded. In the improved A* 
algorithm, the path is smoother than the traditional A*, and at 
the same time, under the constraint of a safe distance, the risk 
of collision with obstacles is avoided. 

From the data in Table 1, we can see that in the 20*20 map, 
the path length and the number of turns are roughly the same, 
but in the path planning process, compared with the 
traditional A* algorithm, the improved A* reduces the 

number of nodes by 42.14%, and the path number is reduced 
by 42.14%. The security has also been improved. In the 30*30 
map environment, the number of nodes is reduced by 56.68%, 
and the number of time turns is reduced by 3 times. In the 
45*45 map environment, with the addition of the obstacle 
coefficient, the number of nodes is reduced. 65.16%, the 
number of turns is reduced by 8 times, the path is still safe at 
this time, and the length of the path is reduced by 3.1%, 
indicating that the improved A* algorithm still has good 
adaptability to complex maps. 

 
Table 1. Comparison of path planning simulation results under 

different map environments 

Map 
type 

Algorithm 
type 

Path 
length/m 

Number 
of 

nodes/node

Number 
of turns

20*20
Traditional A* 21.97 121 6

Improve A* 21.71 70 5

30*30
Traditional A* 38.11 277 8

Improve A* 37.27 120 5

45*45
Traditional A* 49.18 442 14

Improve A* 47.66 154 6

5.2. Simulation Experiment of the Fusion 
Algorithm 

 
Figure 6. Simulation of two fusion algorithms 

 

In order to verify the adaptability of the hybrid algorithm, 
a simulation experiment was conducted on a 20*20 map. 
There is one dynamic obstacle and two static obstacles in the 
map environment. The orange square represents the dynamic 
obstacle and the gray represents the static unknown obstacle. 
START represents the starting point, Goal represents the 
target point, and the dotted line represents the global path 
planning of improved A*. The paths of the two fusion 
algorithms are shown in Figure 6. 

In Figure 6a, in the traditional DWA algorithm, the final 

target point is regarded as a single target point. In an 
environment with many obstacles and dynamic obstacles, the 
final result is shown in Figure 6(b), falling into a local optimal, 
causing path planning to fail. 

In Figure 6b, the red ‘*’ in the global path represents the 
reserved path turning points. According to the order of turning 
points, the robot is guided to move to the final target point. 
By adding the guidance of key nodes, under the fusion 
algorithm in Figure 6d, the robot's path is effective. It avoids 
dynamic obstacles and static unknown obstacles, and avoids 
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falling into local optimality when avoiding dynamic obstacles. 
Moreover, compared with the global path, the path is 
smoother, completing path planning. 

6. Conclusion  
In order to solve the problem that in complex environments, 

the traditional global A* path planning algorithm has many 
search nodes, many redundant points, and cannot avoid 
dynamic obstacles, this paper proposes a path planning that 
improves A* combined with the DWA algorithm. By adding 
the DWA algorithm, And the turning point of the A* path is 
selected as the intermediate node of DWA to realize the fusion 
of algorithms on the basis of global optimality, so that the 
robot has the ability to avoid local static and dynamic 
obstacles in complex environments. Experimental results 
show that the improved fusion algorithm can effectively avoid 
local optima and collisions with static and dynamic obstacles. 
Reaching the end point safely proves the feasibility of the 
fusion algorithm in robot path planning. 
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