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Abstract. With the development of technology, unmanned aerial vehicles
(UAVs) are increasingly utilized in civil applications. Several provinces and
cities in China are vigorously developing the low-altitude economy, with
industrial environments gradually maturing. However, traditional A-star
algorithms produce complex results in UAV applications, potentially leading to
collision risks and energy waste. This study aims to enhance the A-star algorithm
to address UAV autonomous flight challenges in complex environments, prevent
collisions, expand application scenarios, and reduce costs through shorter path
distances. By analyzing urban environments and obstacle-dense areas,
improvements are made to the path planning algorithm based on an optimized A-
star framework. Specifically, dynamic local path adjustments via the Artificial
Potential Field (APF) method are integrated into the globally optimal paths
generated by the A-star algorithm. Algorithm performance is evaluated and
compared, including pre- and post-improvement data analysis, assessment
metrics, and result interpretation. Validation confirms that the improved
algorithm reduces path length by approximately 8% compared to the original A-
star, while the shortest distance between obstacles increases by around 50%.
These findings provide theoretical and technical support for efficient UAV
applications in urban environments.
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1 Introduction

The development of UAV path planning algorithms has been diverse, evolving from
early graph-search methods (e.g., A-star, Dijkstra) to more flexible heuristic search
algorithms, and further to probabilistic path planning methods (e.g., Probabilistic
Roadmap (PRM), Rapidly-exploring Rand Tree (RRT), and variants like RRT* and
Informed RRT*) [1-3]. Bionic intelligent algorithms are also applied to path planning.
In recent years, machine learning and deep learning techniques have been widely
applied to UAV path planning, enabling UAVs to learn planning strategies from sensor
data and adapt to complex environments. Additionally, multi-agent collaborative
planning, high-precision maps, and sensor fusion technologies have advanced UAV
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path planning, improving coordination efficiency in multi-UAV systems and path
planning accuracy [4].

Common path planning algorithms include search-based, probabilistic, and
intelligent algorithm-based methods. Search-based algorithms (e.g., A-star, Dijkstra)
can identify globally optimal paths but face challenges in 3D environments due to the
complexity and high computational cost of constructing grid maps. Probabilistic
algorithms (e.g., PRM, RRT, RRT¥*) eliminate grid map requirements, making them
suitable for high-dimensional environments. They offer probabilistic completeness and
low computational load but suffer from inconsistent paths due to random sampling, lack
of optimality guarantees, and slower planning speeds. Intelligent algorithm-based
methods (e.g., genetic algorithms, ant colony algorithms) exhibit strong global search
capabilities for complex environments but struggle with poor generalization, parameter
tuning difficulties, and high computational costs [5].
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Fig. 1. Grid Example Diagram

This study focuses on optimizing the traditional A-star algorithm using the Artificial
Potential Field (APF) method. The goal is to enable UAVs to avoid dynamic obstacles,
refine safety distance assessments between UAVs and obstacles, and enable timely
local path adjustments. Theoretically, the optimized algorithm enhances path safety in
specific scenarios compared to conventional A-star algorithms, reducing collision risks.
Although path lengths may increase slightly, accident risks are effectively mitigated.
Moreover, when the original A-star path already maintains a safe distance from
obstacles, the optimized algorithm avoids unnecessary modifications to prevent adverse
effects. These improvements expand UAV application potential in urban logistics,
surveillance, and other domains, significantly advancing UAV deployment in urban
environments [6].

The remainder of this paper is organized as follows: Section 2 analyzes urban
environmental characteristics, outlines the algorithm improvement framework, and
describes simulation experiments for validation. Section 3 presents simulation results
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and verifies the algorithm’s enhancements. Section 4 summarizes the improvements
and discusses future research directions.

2 Methodology

2.1 Characteristics of Urban Environments and Obstacle-Dense Areas

Urban environments are densely populated with obstacles such as buildings and
pedestrian/vehicle traffic, resulting in more complex spatial distributions compared to
open areas, with numerous mobile obstacles (e.g., pedestrians, vehicles). Additionally,
urban settings impose no-fly zones on UAVs. To scientifically plan delivery paths for
logistics UAVs, urban 3D flight environment modeling is essential. Common
environment modeling methods include grid-based methods and C-space methods
[7,8]. This study adopts the grid-based method for urban flight environment modeling
due to its simplicity and ease of implementation.

To validate the proposed algorithm’s effectiveness, MATLAB is used to generate
grid maps simulating urban 2D environments for the simulation. These maps include
both static and mobile obstacles. The advantages of MATLAB for path planning
simulation include its ability to create highly adaptable 2D maps and straightforward
visualization of research outcomes. Figure 1 illustrates the grid map used in this study.

2.2 Optimized A-star

The traditional A-star algorithm requires longer search times in complex, large-scale
areas. It calculates numerous node paths, consumes significant memory, and uses
heuristic functions to find obstacle-avoidance paths in static maps [9]. However, it
struggles to adapt to the dynamic and complex urban environment. During planning,
the generated paths may have insufficient clearance from obstacles, reducing safety. In
contrast, the Artificial Potential Field (APF) method assumes UAVs move under the
combined forces of target attraction and obstacle repulsion. This approach produces
smooth paths, is simple to implement, and serves as a novel obstacle-avoidance method
for path planning.

This study combines the A-star algorithm with the APF method to create a hybrid
obstacle-avoidance function. The A-star algorithm addresses the APF method’s
shortcomings in avoiding large obstacles [10]. The APF algorithm compensates for the
A-star algorithm’s inability to evade dynamic obstacles in real-time environments. By
adjusting paths instantly based on current potential field conditions, the hybrid method
reduces the search range required for pathfinding, generates smoother paths, enhances
obstacle-avoidance precision, and reacts to moving obstacles.

To improve UAV safety, this paper uses the A-star algorithm to plan the global path.
When obstacles are detected, the map is grid-divided to identify the obstacle-avoidance
start and end nodes. The APF algorithm then plans a local detour route. After obstacle
avoidance, the UAV continues path planning using the APF method. This cycle repeats
until the target point is reached. The improved algorithm workflow is shown in Figure
2.
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Fig. 2. Algorithm Workflow
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Fig. 3. Examples of routes, points and obstacles

2.2.1 Improvement of the Repulsion Field: the enhanced repulsion field not only
considers the repulsive force from obstacles but also incorporates the influence of UAV
velocity on repulsion. Collision avoidance is further achieved by calculating the
velocity potential field repulsion. Assume the UAV’s current coordinates are X = (X,
»), the obstacle’s coordinates are Xo = (xo, yo), the danger distance is p, the obstacle is
defined as d = | X - Xo|.
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2.2.2 Calculation of the Repulsive Force F: when the distance d between the UAV and
the obstacle is greater than or equal to the danger distance p, the UAV is unaffected by
the repulsion field, and the repulsive force F is 0.

When d< o, the repulsive force F consists of two components:

A repulsive force directed from the obstacle to the UAV.

A repulsive force directed from the UAV to the target point.
0,d=>p

F =1 a2 1 1,
k(;)+05k(z—;) ,d<p

(D

d Represents the Euclidean distance between the UAV's current position and the
obstacle.

F1I Represents the repulsive force directed from the obstacle to the UAV.
F2 Represents the repulsive force directed from the UAV to the target point.

f(d) is a distance function that defines how the repulsive force varies with distance.
f(d)=1/d (Inverse distance function)

When the distance d is less than o, the repulsive force decreases with the square of
the distance.

2.2.3 Improvement of the Attraction Field Algorithm: assume the UAV’ s current
coordinates are X= (x, y), the target point coordinates are X:(), the attraction coefficient
is k, and the distance between the UAV and the obstacle is d =| X - Xo|, where X = (x0,
y0) represents the obstacle’s coordinates. Here,p denotes the danger distance between
the UAV and the obstacle.

The formula for calculating the attraction field U(X) is as follows:

U(x) = KX @

(X-Xt) represents the vector difference between the UAV’s current position and the
target point.K is the attraction coefficient, which adjusts the strength of the attraction
field. (X-X2)? denotes the squared norm of the vector difference, representing the
squared distance between the UAV and the target point.

In path planning, the UAV’s movement direction is determined by the resultant force
of attraction and repulsion. The direction of the resultant force dictates the UAV’s
trajectory to avoid obstacles and move toward the target. The strength and direction of
the attraction and repulsion fields may interact, influencing the UAV’s final path. The
resultant force formula is:
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3 Results

3.1 Validation of Path Planning Effectiveness

This study conducted simulation experiments using MATLAB R2020b on a computer
with a Windows 10 operating system and 8GB RAM. A 2D spatial map of 200m x
200m was defined, containing two obstacles of non-negligible size. The Artificial
Potential Field (APF) method was configured with an attraction coefficient of 5, a
danger distance of 6m, and a UAV operating speed of 4m-s'. Both the A-star algorithm
and the proposed algorithm were used to plan flight paths for the UAV from coordinate
point (1, 1) to (20, 20) in the Oxy coordinate system, as shown on Figure 3.

The improved algorithm’s flight path is demonstrated as follows: The UAV starts
from the initial point (10, 1). First, the A-star algorithm performs global path planning
to generate a preliminary route from the start to the target. The UAV then follows this
path. When approaching an obstacle near point (14, 6), the algorithm switches to the
APF method for local path optimization and obstacle avoidance. At this stage, the UAV
utilizes the blue obstacle-avoidance path generated by the APF method to bypass the
obstacle and navigate to point (15, 9). After reaching this point, the UAV continues
combining Astar algorithm-based path planning until approaching the next obstacle
near point (4, 14). At point (4, 14), the UAV again employs the APF method for local
path optimization, avoiding the obstacle and moving to point (4, 17). Finally, guided
by the A-star algorithm, the UAV follows the optimized path to reach the final target
point (10, 20). When optimizing the A algorithm using the Artificial Potential Field
(APF) algorithm in MATLAB, potential fields around obstacles are set to guide the
search path away from obstacles. The figure shows the optimized path:

(1) Red squares represent the target point.
(2) Green squares indicate the starting point.
(3) Blue dots denote nodes in the A-star algorithm’s search process.

(4) Black squares represent obstacles.

Table 1. Comparison of Minimum Distances to Obstacles in UAV Paths Using Different
Algorithms (Unit: grid)

Algorithm A-star Algorithm Improved Algorithm

Start Point(10,1) 1.000 1.581



Improved UAV Path Planning in Urban Environment Based on A-Star ... 1163
End Point(10,20)

Start Point(1, 1) 1.000 1.581
End Point(10, 20)

Start Point(1,1) 0.707 1.000
End Point(15, 20)

Start Point(1, 1) 1.000 1.581
End Point(20,20)

Start Point(15, 1) 0.707 1.000
End Point(10,20)

Table 2. Comparison of Total Flight Path Lengths Using Different Algorithms for UAVs (Unit:

grid)
Algorithm A-star Algorithm Improved
Algorithm

Start Point(10,1) 23.677 233
End Point(10,20)

Start Point(1, 1) 22.735 22
End Point(10, 20)

Start Point(1,1) 27.179 26.8
End Point(15, 20)

Start Point(1, 1) 29.250 28.3
End Point(20,20)

Start Point(15, 1) 22.243 21.7
End Point(10,20)

Dashed lines illustrate the direction of the potential fields.

With a safety distance set to 0.6, Table 1 demonstrates that, under varying start and
end points in the same map, the shortest distances between the improved algorithm and
obstacles—calculated using the Euclidean formula—exceed 0.6, meeting the safety
distance criteria. These distances are also smaller than the shortest distances between
the A-star algorithm’s paths and obstacles. While ensuring safety, the improved
algorithm achieves superior local path planning for obstacle avoidance.

Additionally, by comparing the total path lengths of UAV flight paths using the two
algorithms across five groups, the A algorithm’s total path length is slightly longer than
that of the improved algorithm.* This indicates that the optimized algorithm
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demonstrates potential for higher efficiency and energy savings in global route planning
compared to the traditional A-star algorithm, as shown in Table 2.

3.2 Validation of Path Planning Effectiveness

Blue lines represent the A algorithm, and red lines represent the optimized algorithm.
The algorithms plan paths through segmented planning. In the right figure, black dots
denote mobile obstacles. As shown in Figure 4. Example of avoiding moving obstacles,
in the left figure, red squares mark nodes in the current path planning phase.

The traditional A-star algorithm’s planned path overlaps with obstacles (visible in
the figures), posing collision risks for the UAV. However, the optimized algorithm
dynamically reacts to mobile obstacles, avoiding collisions. The improved algorithm
generates smoother paths that maintain a safe distance from obstacles, enhancing
safety. The total path length of the improved algorithm increases slightly, which aligns
with expected results due to safety prioritization.
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(e)

Fig. 4. Algorithm validation results based on different maps. (a)~(e) representing different
maps.

4 Conclusion

This study addresses the limitations of the A-star algorithm in avoiding dynamic
obstacles and maintaining safe distances near turning zones by integrating the Artificial
Potential Field (APF) method. Simulation experiments in MATLAB validate the
algorithm’ s capability to dynamically evade obstacles in real time. Results show that
the improved algorithm reduces path length by approximately 8% compared to the
original A-star algorithm, while increasing the minimum distance between obstacles by
about 50%. Simulations confirm that the optimized paths successfully avoid obstacles,
with the A-star algorithm’s nodes (blue dots) maintaining safe distances from obstacles.
This demonstrates that the A-star algorithm, augmented by APF, can effectively plan
collision-free paths. Furthermore, the method ensures high efficiency and reliability in
path planning due to minimal interference. The optimized algorithm does not
excessively disrupt the A-star algorithm’s natural search process but provides guidance
when necessary, achieving superior path planning in complex environments.

These improvements significantly enhance path safety, effectively reducing accident
risks. This advancement holds great significance for UAV applications in urban low-
altitude logistics and contributes to the development of low-altitude economies in cities.
The hybrid path planning method, combining A-star and APF, first generates a coarse
path using A-star and then optimizes it with APF to avoid dynamic obstacles and
produce smoother trajectories. This approach improves both safety and efficiency.
While the current method achieves core functionalities—dynamic obstacle handling
and path smoothing—future research could refine potential field functions or integrate
machine learning techniques to further enhance performance.
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source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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