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Abstract This paper presents a mobile robot path planning algorithm that combines an improved A’
algorithm with the DWA algorithm. The proposed method integrates the global optimality of the A
algorithm with the dynamic obstacle avoidance capability of the DWA algorithm. First, the improved A"
algorithm uses obstacle density information to adaptively adjust the cost function in segments, which
enhances search efficiency. Second, based on the global path, a DWA evaluation function incorporating
key point information is constructed. Key points are then used as intermediate targets for the DWA
algorithm to plan the local path, achieving both global optimality and dynamic obstacle avoidance.

Finally, simulation experiments verify the effectiveness and feasibility of the proposed algorithm.

Key Words : Mobile Robot, Path Planning, Improved A* Algorithm, DWA Algorithm, Algorithm Integration

2 % E =EoAE A" A" ¢S DWA €SS Gt o5 28 AR AY 1SS A3 At
H gneEe A g5 A9 42 3} 528y DWA €ueE] 54 AojE 3 582 2ty WA
ARE A" 1B ME AolE Ur HJHE wQ5te] TR H| G 58 AeHor 2AFo =N AN G
A S, A9 AE2E 7|We R F2 XY JHE uygdt DWA ¢12E ¥t g8 T4, £
M S BRHo= HHse] DWA 1 ES Hedozn A 425 At ol 53 A9 A= 7
skel B4 Aol & I1 752 FA Aottt vAge R AlEFold AYS B Ajtd A= AE daEE9
a4 Ad 7HsA4e ASsHT

"WAIKAE 212l (minfam@mokwon.ac.kr)
22 20253 03¥ 10¢ ™A 20254 048 04 AARAZ Y 2025E 04€ 12

it}



128 AM=QEN8=e=EX M11¥ X235, 2025

1. Introduction

Path planning is one of the key performance
indicators for mobile robots. It refers to the
robot's ability to autonomously plan an optimal
path from the start to the target while avoiding
all obstacles. Path planning can be divided into
two main categories based on the robot’s task
requirements: global path planning and local
path planning [1-7].

Global path planning is based on static environmental
information and relies on a high-precision map
to plan a smooth, collision-free optimal path
between the start and target points. Common
global path planning algorithms include the
Dijkstra algorithm [8], the A" algorithm [9,10], the
RRT* algorithm [11,12],
algorithm  [13].

and the ant colony

However, traditional global
planning methods rely on detailed environmental
data and cannot handle dynamic obstacle
avoidance for unknown obstacles.

Local path planning uses onboard sensors,
such as cameras and LiDAR, to perceive the
surrounding environment in real time. Based on
the global the detected

distribution of both fixed and moving obstacles,

path outline and

it plans a safe local path. Common local path
algorithms include the artificial
potential field method [14] and the DWA
algorithm [15-17]. Due to the lack of global

information and limited dynamic correction

planning

capability, local planning may result in
suboptimal paths or even fail to reach the target
in complex environments.

In summary, to effectively combine global and
local path planning enabling the robot to
generate a smooth, collision-free global path
while dynamically adjusting the path according
to the of unknown

real-time distribution

paper
algorithm that fuses an improved A" algorithm

obstacles this proposes a navigation
with the DWA algorithm. The main innovations

of the proposed method are as follows:

A. Integrate environmental information to
optimize the cost function of the traditional A"
enhanced by

algorithm. The efficiency is

adaptively adjusting the heuristic weight in
stages.

B. Optimize global path planning using a key
point selection strategy. This approach eliminates
redundant collinear nodes and unnecessary
turning points, retaining only the essential nodes
to improve path effectiveness.

C. Construct an evaluation function based on
key point information and apply it to the DWA
algorithm. This ensures that the local path
global

resulting in a smoother path with real-time

planning follows the path outline,

obstacle avoidance capability.

2. Improved A" Algorithm

2.1 Principles of the Traditional A" algorithm

The A" (A-Star) algorithm is a heuristic search

algorithm wused to solve the shortest path
problem in static environments, with its core

based on the cost function:
F(n) = G(n)+Hn) 0

Here, F(n) denotes the estimated total cost from
the start point to the target through node #.
G(n) represents the actual cost from the start
point to node %, and H(n) is the heuristic
function that estimates the cost from node 7 to
the target.

During the execution of the algorithm, two
lists are maintained: an open list and a closed
list. The open list stores nodes that are to be
processed, while the closed list stores nodes that
have already been processed. The algorithm's
flow is as follows:

A. Add the starting node to the open list and

mark it as visited.
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B. Enter the iterative search phase by selecting
the node with the smallest #(n) value from the
open list for expansion.

C. Calculate G(n) and F(n) for all neighboring
nodes of the current node:

a) If the adjacent node has not been visited,
add it to the open list.

b) If an adjacent node is already in the open
list but the path cost through the current node is
lower, update its G(n) and F(n) values.

D. Add the current node to the closed list.

E. Stop the search when the target node is
added to the open list, and reconstruct the
optimal path from the goal to the start by
backtracking through the parent nodes.

The efficiency and search performance of the
A* algorithm highly depend on the choice of the
H(n). When H(n) is
underestimated and smaller than the actual cost,

heuristic  function
the algorithm behaves similarly to breadth-first
search, expanding a large number of nodes and
Hn) s
overestimated and exceeds the actual cost, the

reducing search efficiency. When
algorithm behaves more like depth-first search,
making it prone to getting stuck in local optima
and deviating from the globally optimal path.
Common heuristic functions include:

A Manhattan Distance (suitable for four-directional
or eight-directional grid maps).

B. Euclidean Distance (suitable for continuous
spaces or environments without directional
constraints).

Theoretical completeness and optimality make
the A" algorithm one of the classic methods for
path planning. However, since its performance is
still significantly influenced by the heuristic
function, H(n) must be carefully designed for
achieve performance

specific scenarios to

optimization.

2.2 Improved A" algorithm

The previous analysis indicates that the

heuristic function H(n) plays a crucial role in

the A

efficiency and flexibility. However, due to the

algorithm, directly affecting search
diversity of real-world operating environments, a
single H(n) often fails to meet all requirements.
Therefore, by adjusting the weight of H(n) at
different stages, the A" algorithm can better
environments, thereby

adapt to various

improving overall performance and efficiency.

2.2.1 Heuristic Function Optimization

Considering the impact of H(n) on algorithm
performance, its weight should be adjusted based
on obstacle density in the map. In high-density
obstacle areas, lowering the weight of H(n)
helps prevent the algorithm from getting trapped
in local optima by placing more emphasis on the
G(n), global

optimality. Conversely, in low-density obstacle

actual  cost ensuring path
areas, increasing the weight of H(n) reduces
redundant searches and accelerates the search
process. Therefore, adaptively adjusting the
heuristic weight based on obstacle distribution
can enhance the robot’s path planning capability
under different environmental conditions.

To achieve this, this paper introduces a
criterion for determining the obstacle density of
the map. Suppose the total number of grid cells
in the rectangular area formed by the start and
target points is M, and the number of obstacle
grid cells within this area is &V, then the obstacle

density is expressed as:

P=N/M @)

Similarly, let S be the total number of grid
cells in the map and 7 be the total number of
obstacle grid cells. Then, the global obstacle

density is expressed as:

Q=1T/S ®)

By comparing the environmental obstacle

density P and the global obstacle density @, the
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area’s density can be assessed, and this result
can be incorporated into the cost function F(n).
Under different density conditions, the weight of
the heuristic function @ is adjusted to optimize
the cost function. The optimized cost function

can be expressed as:
Fn)=Gn)+wx Hn) 4

The dynamic adjustment rule for the weight »

is as follows:

a+B8x(Q/P), P> 15Q(Denseareas,w <1)
o=y +6x(P/Q), P< 0.5Q(Sparseareas,w>1)
1, Other
©)
Here, @,8,7 and 6 are constants used to dynamically
adjust the value of @ to an appropriate range.
In this study, a dynamic weight adjustment
strategy based on local obstacle density P and
density @ is proposed. To

global obstacle

distinguish the obstacle density in different
environments, two empirical thresholds 1.5€ and
0.5Q are introduced. Specifically, when the local
obstacle density P exceeds 1.56), it indicates a
dense obstacle region. To ensure that the actual
cost is adequately considered during the search
optimality, the

and maintain global path

heuristic weight for this region should be
reduced, resulting in @ <1. Conversely, when P
is lower than 0.5, the local environment is
relatively sparse, and increasing the heuristic
weight to make @ > 1 helps speed up the search
and reduce unnecessary node expansions. In
other cases, the heuristic weight is kept at the
default value, @ =1, to balance global optimality
and search efficiency.

This threshold setting is based on theoretical
analysis and preliminary experimental verification
of search behavior in different density
environments. While the specific values may vary

depending on the application scenario and map

resolution, this approach provides a reasonable
framework to adaptively adjust the heuristic
weight, enabling the algorithm to achieve a good
balance between path planning efficiency and

optimality across different environments.

2.2.2 Key Point Selection Strategy

Traditional A" algorithms typically generate
path nodes at the center of each grid cell in a
grid map and then sequentially connect these
nodes to form a path. However, this method can
lead to paths containing redundant collinear nodes
and unnecessary turning points. If the path is
used directly for navigation, the robot will need
to make heading adjustments at each turning
point. These extra maneuvers can negatively
impact the robot's operational efficiency and
stability. In practical navigation, smoother paths
help reduce navigation errors, thereby assisting
the robot in completing tasks more precisely.

To optimize the path generated by the traditional
A" algorithm, this study proposes a key point
selection strategy. Through this strategy, the
global path planning is optimized by retaining
only the essential path nodes, thus improving the
efficiency of the path. The specific steps of the
key point selection strategy are as follows:

A. Turning Point Extraction: The area formed
by three consecutive points (k-1, k, k+1) in the
path is calculated. If the area is non-zero, then
k is considered a turning point; otherwise, k is
not a turning point. The extraction of turning
points starts from the path node closest to the
starting point and continues until k is the path
node closest to the target point, at which point
the extraction process ends. Both the start and
target points are also considered turning points.

B. Key Point Selection: Between adjacent
turning points (k-1, k, k+1), a line is drawn
connecting the non-adjacent points (k-1, k+1). If
the connecting line passes through an obstacle
area, k is considered a key point; otherwise, k is

a redundant point. The key point selection
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process starts from the turning point closest to
the starting point and continues until the turning
point closest to the target point is reached, at
which point the selection process ends.

Finally, through the key point selection
strategy, redundant points are eliminated, and
only the essential path nodes are retained. This
results in an optimized global path that includes
only the start point, key points, and the target

point.

3. Improved DWA Algorithm

The Dynamic Window Approach (DWA) is an
algorithm widely used in local path planning.
This algorithm generates local path planning by
combining information from global path planning
with the positions of unknown and moving obstacles,
then outputs velocity commands to guide the
robot's motion in a dynamic environment.

The principle of the DWA algorithm is to sample
multiple velocity sets in the velocity space (v,w)
with a certain resolution and simulate the motion
trajectories of these velocities over a specific
period. After obtaining the feasible trajectories,
they are evaluated using a cost function, and the
optimal trajectory is selected. The corresponding
(v,w) values are then used to drive the robot's
DWA

movement. The specific flow of the

algorithm is shown in figure 1.

3.1 Velocity Window Calculation

The velocity window (v,w) represents the
allowable velocity range for the robot. The
robot's velocity is constrained by its dynamics
and influenced by obstacles in the environment.
Based on the robot's current velocity and the
obstacle information detected by sensors, the
feasible ranges for linear velocity v and angular

velocity w are dynamically calculated.

s=v= Umax’ Wmin Sw= Whax (6)

Initialization
velocity sampling

Orbital simulation of
sampling velocity

Azimuth Obstacle distance Velocity
Evaluation Evaluation Evaluation

Selection of optimal
trajectories

Determine if the target
has been reached

[Fig. 1] DWA Algorithm Flowchart

3.2 Trajectory Prediction

Based on position control, for each velocity
pair (v,w) within the velocity window, the
robot's motion trajectory after a time interval is

calculated. The computation follows Equation

@.

X4 ar =%, FoXcos(0) x At

Yipar =y, toxsin(0) x At @)
0, ps =0+twx At

3.3 Evaluation Function of the DWA Algorithm

By evaluating multiple predicted trajectories, the
optimal local path is selected. This path should
and stable. The evaluation

be smooth, safe,

function is given as:

G(v,w) = a x Heading(v,w) + B x Dist(v,w) + 7 x Vel (v,w)

®

Where Heading(v,w) represents the angular deviation
between the predicted trajectory endpoint and
the target point, Dist(v,w) denotes the distance
between the trajectory and obstacles, and
Vel (v,w) is the current velocity. @,8,7 are weight

coefficients.
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3.4 Improved Dynamic Window Approach

Analysis of the above evaluation function
reveals that the DWA algorithm relies solely on a
single final target point for guidance. In
environments with numerous obstacles, this may
make it difficult to find a feasible path to the
target. To address this, intermediate target points
can be introduced to guide the DWA algorithm,
enabling segmented local path planning and
preventing navigation failures.

By incorporating the key points extracted from
the improved A" algorithm discussed earlier,
these key points serve as intermediate targets to
construct an evaluation function that integrates
key point information. This ensures that local
path planning follows the contour of the global
path. The optimized evaluation function is given
as:

G(v,w) = a x LHeading(v,w) +
B x Dist(v,w) +7 x Vel (v,w) +6x GHeading(v,w)

©)

Where LHeading(v,w) represents the angular
deviation between the endpoint of the current
trajectory and the current intermediate target
GHeading(v,w)

deviation between the endpoint of the current

point, denotes the angular
trajectory and the global target point, and ¢ is a
weight coefficient used to control the influence
of the global target on local planning.

In equation (9), the setting of the weight
coefficients directly affects the balance between
path smoothness, obstacle avoidance safety, and
global target orientation. In this paper, by fixing
the other parameters and adjusting each weight
one by one (with a step size of 0.1), the path
length, obstacle avoidance success rate, number
of turning points, and number of danger points
are recorded. Based on Pareto frontier analysis,
the parameter combination with the optimal
This

an obstacle avoidance

overall  performance is  selected.
combination achieves

success rate of 95.6% in the test scenario.

4. Integrated Path Planning Algorithm

The improved A" algorithm generates a
planned path that consists only of the start point,
key points, and the target point. However, it
cannot handle unknown obstacles that may
appear in the environment. On the other hand,
the DWA algorithm has excellent local obstacle
avoidance capabilities but relies solely on a
single final target point for guidance, making it
prone to getting stuck in local optima.

To address

integrates both algorithms by using the key

these limitations, this study
points extracted from the improved A" algorithm
as intermediate targets for the DWA algorithm.
The optimized evaluation function ensures that
local path planning follows the contour of the
globally planned path. By integrating these path
planning methods, the proposed approach
enables optimal global path planning while
incorporating real-time obstacle avoidance for
mobile robot navigation. The detailed algorithm

flow is illustrated in Figure 2.

= A

Grid Map, Parameter Initialization Robot at the starting point

I !

Velocity sampling to simulate
trajectories

Selection of the optimal path by
combining critical point

Select Nodes }

I

Calculate the optimised f(n) value
for the next node i
Moving the robot following th
global path profile

Update access nodes

Reaching the final
destination point

Key point selection strategy

Selection of keypoints as
intermediate target nodes for the
DWA algorithm

[Fig. 2] Flowchart of the Integrated Path Planning
Algorithm

A. Global Path Planning and Key Point Extraction:
The global path is planned using the improved A*

algorithm. The optimized cost function and key
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point selection strategy are employed to simplify
the global path. The improved path retains only
the necessary key nodes, the start point, and the
target point.

B. Key Point Guidance for Local Path Planning:
The extracted global path key points are used as
intermediate target points for the Dynamic
Window Approach (DWA) algorithm, guiding the
local path planning. This allows the robot to
approach the target points sequentially in
complex environments.

C. Velocity Sampling and Trajectory Simulation:
The DWA algorithm samples the robot's linear
velocity and angular velocity in the velocity
space. Using the robot's kinematic model, the
trajectories corresponding to each velocity pair
are simulated. These trajectories are then used
for subsequent path scoring and optimization.

D. Real-Time Collection and Processing of
Unknown Obstacles:

a) Static Obstacle Information Collection: Use
sensors such as LiDAR or cameras to collect
real-time information about the positions of
This data is then

transmitted to the DWA algorithm to update the

unknown static obstacles.

local environment.

b) Dynamic Obstacle Information Prediction:
Collect information about the current positions
and velocities of unknown dynamic obstacles,
and predict their motion trajectories. At each
time step, the obstacle position is updated based
on the predicted trajectory and time step, and
this information is passed to the DWA algorithm
to allow it to plan avoidance measures in
advance.

E. Trajectory Evaluation and Optimal Trajectory
Selection: Combine global path key point information
with real-time positions of unknown obstacles to
construct a trajectory evaluation function. All
sampled trajectories are scored, and the optimal
trajectory is selected. The corresponding velocity
commands are then generated to control the

robot’s movement toward the target point.

F. Execution of the Integrated Algorithm:
Under the
combining the improved A" algorithm with the
DWA algorithm, the mobile robot follows the

integrated navigation framework

global path contours, sequentially approaching
or reaching key points. Meanwhile, local path
planning via the DWA algorithm enables dynamic
and path adjustments,

obstacle avoidance

ultimately leading the robot to the target point.

5. Simulation Experiments

To verify the effectiveness of the proposed
algorithm, grid maps were built for simulation
experiments. The experimental environment
used a 16GB RAM, 64-bit WIN10 operating
system, and the platform was MATLAB 2023a.
The simulated map designs include three grid
map sizes: 15*15, 20*20, and 25*25. In these
maps, white cells represent traversable areas,
black cells represent obstacle areas, the starting
point is located in the upper-left corner, and the

goal point is located in the lower-right corner.

5.1 Simulation Comparison Experiment of
Improved A" Algorithm

In the 15*15, 20*20, and 2525 grid map
environments, simulation experiments were conducted
using both the traditional A" algorithm and the
improved A" algorithm in MATLAB. Figure 3
shows a comparison of the paths planned by the
traditional A" algorithm and the improved A’
algorithm. Table 1 presents a comparison of the

performance data for the two algorithms.

15*15 Grid Map
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25*25 Grid Map

[Fig. 3] Comparison of Path Planning Between
Traditional A" Algorithm and Improved A’
Algorithm

{Table 1) Performance Comparison Between Traditional
A" Algorithm and Improved A" Algorithm

Path length breaking point danger point

Improve [Traditional| Improve [Traditional|Improve|Traditional

that the improved A" algorithm is capable of

planning a safer and more optimal path.

5.2 Integrated Algorithm Dynamic Obstacle
Avoidance Simulation Results

To verify the dynamic obstacle avoidance capability
of the proposed method, an environment with
both unknown dynamic and static obstacles is
constructed. Unknown static and dynamic
obstacles are added to 15*15, 20*20, and 25%25
map environments. The simulation results show
the paths planned by the improved A" algorithm
and the actual traveling paths of the fusion
algorithm. The simulation results are shown in

Figure 4.

In the simple terrain simulated with a 15*15
map size, although the traditional A" algorithm
plans a shorter path, it results in unsafe paths
that cross obstacle diagonals. The improved A’
algorithm avoids crossing obstacle diagonals, ensuring
path safety. At the same time, it significantly
outperforms the traditional A" algorithm in terms
of the number of turns and the smoothness of
the path. In more complex terrains simulated
with 20"20 and 25™25 map sizes,

planned by the improved A" algorithm is superior

the path

to the traditional A" algorithm in terms of safety,
the number of turns, and path length.

The results of the simulation experiments show
that, under different environmental conditions,
the proposed improved A" algorithm performs
better than the traditional A" algorithm in terms
of path length, path safety, the number of turns
in the path, and path smoothness. This indicates

15415 MAP 18.8283 | 18.1421 5 7 0 5
15415 MAP 26,5173 | 26.0406 | 4 1 0 7
D5%25 MAP 35.1453 | 36.7990 | 8 10 0 7 2020 Grid Map

25*25 Grid Map

[Fig. 4] Dynamic Obstacle Avoidance Fusion
Algorithm for Path Planning

In the figure, the solid line represents the
actual robot path, the dashed line represents the
path planned by the improved A" algorithm,
small squares represent unknown moving
obstacles and their movement paths, and large
squares represent unknown fixed obstacles. From
Figure 4, it can be observed that in all three map
sizes, the fusion algorithm can guide the robot
from the starting point to the goal point
according to the key points generated by the
improved A" algorithm. During the journey, it

successfully avoids both unknown dynamic and
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static obstacles.

The simulation results demonstrate that by
constructing a combined key point-based
evaluation function, each key point serves as an
intermediate target for the DWA algorithm,
thereby enabling the planning of local paths
based on the global path. In the simulated
environment, the fusion path planning algorithm
achieves both global path optimization and

dynamic obstacle avoidance for mobile robots.

6. Conclusion

This paper proposes a mobile robot path
planning algorithm based on the integration of
the improved A" algorithm and the DWA algorithm,
of global

optimization and dynamic obstacle avoidance

to meet the requirements path
during the path planning process. The algorithm
incorporates environmental information to optimize
the cost function of the traditional A™ algorithm,
allowing the cost function to adaptively adjust in
segments based on the robot's position. A key
point selection strategy is also used to remove
redundant points and retain necessary path
nodes. Simulation results show that the improved
A" algorithm effectively enhances the search
efficiency and path effectiveness, resulting in a
global path consisting solely of key points.
Moreover, an evaluation function combining key
point information is constructed, using key
points as intermediate goal points for the DWA
algorithm. Under the guidance of the global
path, local path planning is performed to
improve path smoothness while avoiding static
obstacles in the

and dynamic unknown

environment. MATLAB simulation experiments
validate that the proposed fusion navigation
algorithm achieves global path optimization and
dynamic obstacle avoidance for mobile robots,
demonstrating practical feasibility.

Since mobile robot navigation must adapt to

various scenarios, how to set the thresholds for
the improved A" algorithm and balance the weight
coefficients in the DWA algorithm for different

scenarios is an issue that requires careful

consideration and further in-depth research in

the future.
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