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Abstract

As the intelligent transformation of manufacturing accelerates, Unmanned Aerial Vehicles
are increasingly being deployed for workshop operations, making efficient obstacle avoid-
ance path planning a critical requirement. This paper introduces a parameter-optimized
path planning method for the Unmanned Aerial Vehicle, termed the Artificial Potential
Field A* algorithm, which enhances the standard A* approach through the integration of an
artificial potential field and a variable step size strategy. The variable step size mechanism
allows dynamic adjustment of the search step size, while potential field values from the
artificial potential field are embedded into the cost function to improve planning accuracy.
Key parameters of the hybrid algorithm are subsequently optimized using response surface
methodology, with a regression model built to analyze parameter interactions and deter-
mine the optimal configuration. Simulation results across multiple performance indicators
confirm that the proposed Artificial Potential Field A* algorithm delivers superior outcomes
in path length, attitude angle variation, and flight altitude stability. This approach provides
an effective solution for enhancing Unmanned Aerial Vehicle operational efficiency in
production workshops.

Keywords: unmanned aerial vehicle path planning; artificial potential field A* algorithm;
parameter optimization; regression prediction model; obstacle avoidance path

1. Introduction
Unmanned aerial vehicles (UAVs), recognized for their robust interoperability, superb

maneuverability, and high degree of autonomy, play a pivotal role in the new industrial
revolution [1,2]. To build intelligent workshops, reduce labor costs, and optimize manage-
ment models, many enterprises are gradually adopting the new mode of safety inspection
and emergency response using UAVs. The primary objective of the UAV path planning
in workshop environments is to identify the most efficient route to a target destination,
whilst guaranteeing flight safety and successful obstacle avoidance [3]. However, the dense
and cluttered nature of factory floors presents significant challenges, as many existing
path planning algorithms struggle to balance computational efficiency, path quality, and
robustness against local minima. This gap motivates the development of more sophisticated
and optimized hybrid solutions.
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To address these challenges, this paper proposes a parameter-optimized path plan-
ning method termed the Artificial Potential Field A* (APFA*) algorithm. Our approach
enhances the standard A* algorithm through a novel hybrid strategy that integrates the
obstacle-repelling capability of the artificial potential field (APF) method into the A* cost
function and employs a dynamic variable step size (VSS) strategy to improve search effi-
ciency. Moving beyond conventional empirical tuning, we systematically optimize the key
parameters of this hybrid algorithm using response surface methodology (RSM), thereby
ensuring its performance is maximized in a principled manner.

The main contributions of this work are threefold. First, we develop the novel APFA*
algorithm, which effectively combines the global pathfinding strength of A* with the
local smoothness and obstacle avoidance features of the artificial potential field. Second,
we pioneer the application of response surface methodology to scientifically optimize
the hybrid algorithm’s parameters, analyzing their interactions to identify a superior
configuration. Third, we provide comprehensive validation through simulations that
demonstrate the algorithm’s superiority across multiple performance indicators, including
path length, attitude angle variation, and flight altitude stability. This study operates under
the assumptions of a known static environment map and the absence of dynamic obstacles
or strong aerodynamic disturbances. A recognized limitation is the potential decrease in
computational efficiency within exceptionally dense obstacle fields, which highlights a
direction for future work on algorithmic lightweighting.

The remainder of the paper is structured as follows: Following this introduction,
a dedicated literature review and analysis of related research is provided in Section 2.
Section 3 formulates the problem and specifies the constraints. Section 4 introduces the
improved APFA* algorithm. Section 5 discusses parameter optimization for the proposed
algorithm, including analysis of variance and interaction effects. Section 6 presents simu-
lation and experimental results. Finally, Section 7 concludes the paper and highlights the
main contributions.

2. Related Research
Path planning for UAVs has been approached with a variety of methods, each with

distinct strengths and weaknesses. Commonly employed methods for UAV path planning
include genetic algorithms (GA) [4,5], the artificial potential field (APF) approach [6,7],
particle swarm optimization (PSO) [8,9], the A* algorithm [10], and rapidly exploring
random trees (RRT) [11]. The APF algorithm offers high flexibility and the ability to
generate smooth paths [12]. The A* algorithm is characterized by its high search efficiency
and strong environmental adaptability [13]. However, the APF algorithm is susceptible to
convergence in local minima. Meanwhile, the A* algorithm is computationally intensive
and may exhibit significant resource consumption, particularly when the target point is
unreachable [14,15].

In response to these limitations, researchers have developed numerous enhanced meth-
ods. To address challenges in threatening and complex terrains, Liu et al. [16] proposed a
hybrid A*-artificial potential field method with spatio-temporal grid optimization, which ef-
fectively enhances threat avoidance efficiency and global path adaptability. Dong et al. [17]
tackled the computationally intensive obstacle density calculations in complex terrain
by proposing a Voronoi-A* fusion algorithm. This algorithm integrates rapid trajectory
generation based on Voronoi vertices with A* supplementary expansion for enhanced
performance. For navigation in intricate three-dimensional spaces, Jayarajan et al. [18]
combined a robust artificial bee colony (ABC) algorithm with a flexible rapidly exploring
random tree star (RRT*), enabling optimal trajectory planning for UAVs. Similarly, aiming
to enhance safety and smoothness in cluttered urban environments with multiple obstacles,
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Wang et al. [19] developed a composite improved algorithm that integrates the advantages
of jellyfish search and particle swarm optimization.

Beyond these environmental challenges, significant advances have been made in
specific complex missions: Krishnan [20] proposed a collision avoidance algorithm based
on particle swarm optimization (PSO-CA), which identifies new waypoints for modifying
the dynamic trajectory of UAVs. Zeng et al. [21] introduced a parallel vectorized differential
evolution-based multi-objective jellyfish search (PVDE-MOJS), which enhances the path
planning performance of multi-UAV coordination in forest firefighting missions through a
comprehensive cost function considering path length, threat avoidance, altitude constraints,
path smoothness, and wind effects. Liu et al. [22] proposed an enhanced global dynamic
evolutionary snowmelt optimizer (GDSAO) to address global optimization and UAV path
planning in three-dimensional spaces.

Beyond algorithmic innovation, a critical and growing research focus lies in the
practical deployment of UAV path planning in real-world industrial operations. The
transition from a theoretically sound path to a reliably executable mission in a cost-effective
manner involves challenges such as seamless integration with existing factory management
systems, operational safety under resource constraints, and total cost of ownership [23].
Recent review articles highlight that the reliability of hybrid algorithms is often the decisive
factor for their managerial adoption, moving beyond pure technical metrics to encompass
stability in daily operations [24]. This perspective underscores that the value of a path
planning algorithm is ultimately judged by its robustness and operational efficiency in a
production environment.

Despite these advancements, a significant methodological gap persists, particularly
for complex factory floors. While hybrid methods that combine techniques like A* and
APF show great promise, their performance is highly sensitive to parameter settings. Many
studies still rely on empirical tuning, which limits robustness and generalizability across
diverse scenarios [25]. Therefore, the core research challenge lies not merely in creating
another hybrid structure but in establishing a principled optimization framework that
ensures these algorithms achieve reliable, high-performance, and managerially viable path
planning in demanding industrial settings. This gap defines the focus of the present work.

3. Problem Statement
UAV path planning constitutes a highly constrained, multi-objective optimization

problem aiming to identify the optimal obstacle-avoidance path among all feasible trajec-
tories. In practice, outdoor UAV flights are affected by environmental conditions such as
terrain, wind, and weather [26]. This study focuses on path optimization for the UAV flying
at constant speed within enclosed factory environments, where aerodynamic effects are
considered negligible. The following constraints are considered during flight:

(1) Path length constraint

Path length significantly impacts maneuverability and directly determines running
time. The total path length L(x) is calculated as follows:

L(x) =

I

∑
i=1

J

∑
j=1

xijdij (1)

dij =
√
(xj − xi)

2 + (yj − yi)
2 + (hj − hi)

2 (2)

xij =

{
1, UAV from i to j

0, otherwise
(3)
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where I and J represent the number of waypoints, xij be the binary decision variable
indicating whether the UAV flies from point i to point j, and dij denote the straight-line
distance between point i and point j. The coordinates of each point are defined as (xi, yi, hi)

and (xj, yj, hj) for point i and point j, respectively.

(2) Obstacle safety distance constraint

To ensure safe navigation, the UAV must maintain a minimum distance from obstacles
during flight. The concept of risk points is introduced to evaluate proximity threats. The
obstacle safety distance D(x) is defined as follows:

D(x) =
∑I

i=1 ∑J
j=1 ∑O

o=1 xijdio

Nrisk
(4)

where dio represents the Euclidean distance from waypoint i to obstacle o, computed
as follows:

dio =
√
(xi − xo)

2 + (yi − yo)
2 + (hi − ho)

2 (5)

Here, O denotes the total number of obstacles, Nrisk refers to the number of path
points entering the danger zone around any obstacle, and (xo, yo, ho) indicates the spatial
coordinates of obstacle o.

(3) Energy consumption constraint

This constraint ensures that the UAV operates with minimal energy expenditure
throughout the mission. Energy consumption is primarily influenced by turning angles
and the total flight path length. The corresponding expressions are provided below:

E(x) =
∑I

i=1 ∑J
j=1 ∑O

o=1 xijdioθij

∑I
i=1 ∑J

j=1 dij
(6)

θij = arctan

[
yj − yi

xj − xi

]
∗ 180

Pi
(7)

where θij represents the steering angle required for the UAV to maneuver from point i to
point j.

(4) Maximum turning angle constraint

To prevent circuitous routing and frequent sharp turns, the heading change in the
UAV at each node is constrained. Assume the maximum allowable turning angle (change
in heading) at node i is ϕmax, which is typically set to less than 90◦ to ensure kinematically
feasible and smooth transitions. This constraint is expressed using the direction vectors of
the incoming and outgoing path segments:

cos (ϕmax) ≤
→
a i·

→
a j

∥ →
a i ∥ ·∥ →

a j ∥
(8)

→
a i = (xi − xi−1, yi − yi−1)

T (9)

→
a j = (xi+1 − xi, yi+1 − yi)

T (10)

where
→
a i is the vector direction of the path segment entering node i,

→
a j is the vector

direction of the path segment exiting node i, ∥ →
a i ∥ and ∥ →

a j ∥ are the magnitudes of
these vectors.
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(5) Flight height constraints

To ensure both flight safety and operational effectiveness, the UAV’s flight altitude
must be constrained within a specific range. Flying at too low an altitude increases the
risk of collision with ground obstacles or machinery, while flying too high can reduce the
accuracy of onboard sensors for inspection tasks.

Let H(x) denote the planned flight altitude at position X = (x,y). The altitude constraint
is as follows:

Hmin ≤ H(x) ≤ Hmax (11)

where Hmin and Hmax are the minimum and maximum allowable altitudes, respectively.
Furthermore, to avoid collisions, the flight altitude must always be above the safe

height of any underlying equipment. Let M be the total number of devices in the workshop.
For a given device m (m = 1, 2, . . ., M), first define the required safe clearance at position
X as:

Hm
req(X) =

{
Hm

safe, if X ∈ Ωm

0, otherwise
(12)

where Hm
safe is the safe height for device m, Ωm is the vertical projection area of device m

on the flight plane.
The overall collision avoidance constraint for the UAV at position X is then formulated

by taking the maximum required clearance across all devices:

H(x) ≥ max
m=1,2,...,M

Hm
req(X) (13)

This guarantees that the UAV preserves a safe vertical distance from all equipment it
passes over.

(6) Maximum pitch angle constraint

To ensure flight stability, the maximum pitch angle θmax must not be exceeded during
climbs or descents. This constraint is as follows:

tan (θmax) ≥
|hj − hi|

∥ →
ai ∥

(14)

θmax= arctan

{
|hj − hi|

∥ →
a i ∥

}
(15)

If θij > θmax, raise the height of point i such that

hi = hj− ∥ →
a i ∥ ·tan (θmax) (16)

If θij ≤ θmax, raise the height of point j such that

hj = hi− ∥ →
a i ∥ ·tan (θmax) (17)

The optimization of UAV flight paths involves inherent trade-offs among different
performance constraints. To synthesize a balanced overall solution, a weighted sum
approach is adopted using the following coefficients for each of the six constraints:

S(x) = γL · L(x) + γD · D(x) + γE · 1
E(x)

+ γϕ ·ϕ2
max + γH · H(x) + γθ · θ2

max (18)
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where γL,γD,γE,γϕ,γH and γθ are the weighting coefficients for path length, obstacle
safety distance, energy consumption, maximum turn angle, flight height, and maximum
pitch angle, respectively.

In this study, appropriate weight coefficients are determined through analysis of
weight sensitivity across the six single-objective functions. The resulting coefficients are:
γL = 0.6,γD = 0.3,γE = 0.1,γϕ = 0.5,γH = 0.5,γθ = 0.2. Consequently, the UAV
path planning challenge can be expressed as the following constrained multi-objective
optimization problem:

minS(x) = 0.6L(x) + 0.3D(x) +
0.1

E(x)
+ 0.5ϕ2

max + 0.5H(x) + 0.2θ2
max (19)

4. Algorithm Design
The objective of UAV path planning is to generate a smooth and collision-free route of

the shortest possible length from the start point to the target within complex environments.
The selection of the algorithm critically influences the timeliness and safety of the planned
trajectory. To overcome the limitations of both the artificial potential field method and
the A* algorithm in three-dimensional path planning, this study proposes a novel hybrid
approach, designated the APFA* algorithm.

4.1. Artificial Potential Field Method

The APF algorithm is a common algorithm for path planning and navigation. Its basic
idea is to construct a repulsive potential field around obstacles and an attractive potential
field around the target point [27]. This potential energy difference consequently guides the
UAV to move in the direction of the potential field’s negative gradient.

The strength of the attractive potential field in the APF algorithm is primarily a
function of the distance from the UAV to the target. The potential energy affecting the
UAV increases as this distance grows larger and decreases as it becomes smaller [28]. The
attractive potential field function Uatt(q) is defined as follows:

Uatt(q) =
1
2

kattd2(q, qgoal) (20)

where katt is the attractive potential field coefficient, q and qgoal represent the coordinates
of the UAV and the target point, respectively. The Euclidean distance separating them
is represented by d(q, qgoal). The resulting attractive force Fatt is derived as the negative
gradient of this potential field with respect to the UAV’s position:

Fatt = −∇Uatt(q) = −1
2

katt·∇d2(q, qgoal) = −katt(q − qgoal) (21)

The repulsive potential field Ureq(q) is mainly related to the distance between the
UAV and the obstacle, and its mathematical expression is as follows:

Ureq(q) =

 1
2 kreq

{
1

d(q,qobs)
− 1

do

}2
, d(q, qobs) ≤ do

0, d(q, qobs) > do

(22)

where kreq is the repulsive potential field coefficient, qobs is the position of the obstacle,
d(q, qobs) is the distance between the UAV and the obstacle, and do is the maximum
influence distance of the obstacle. When the UAV enters the influence range of the obstacle,
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the closer distance between them, the greater the effect of the repulsive potential field. The
repulsive value Freq is the negative gradient of the repulsive potential field:

Freq = −∇Ureq(q) =

kreq

{
1

d(q,qobs)
− 1

do

}
∇d(q,qobs)

d2(q,qobs)
, d(q, qobs) ≤ do

0, d(q, qobs) > do

(23)

The attractive and repulsive potential fields are superimposed to form the total artificial
potential field U(q) = Uatt(q) +Ureq(q). The resultant force F(q) acting on the UAV is the
negative gradient of this total potential field:

F(q) = Fatt +

n

∑
i=1

Freq = −∇Uatt(q)−
n

∑
i=1

∇Ureq(q) (24)

4.2. A* Algorithm

The A* algorithm operates by progressively examining nodes in the state space, start-
ing from the initial node and moving to its neighbors. Each expanded node is evaluated
using a cost function, and the node with the minimum total cost is selected for further
expansion. This process repeats iteratively until the goal node is reached, upon which the
search concludes [29].

The cost function in the A* algorithm is expressed as follows:

f(n) = g(n) + h(n) (25)

where f(n) denotes the total estimated cost of the path passing through node n, g(n)
represents the actual cost from the start node to n, and h(n) is the estimated cost from n
to the goal. The effectiveness of the heuristic function h(n) significantly affects the search
efficiency of the algorithm.

In this study, the Euclidean distance is adopted to compute the heuristic function h(n),
owing to its computational simplicity and its capability to generate paths with smoother
turns in typical path planning scenarios. It is defined as follows:

h(n) =
√
(nx − gx)

2 + (ny − gy)
2 (26)

where (nx, ny) is the coordinate of the current node, (gx, gy) is the coordinate of the
target point.

The A* algorithm performs UAV path search through the following key steps:
Step 1: Initialization. Create Open and Closed lists. Place the start node into the Open

list with its initial cost value, and initialize the Closed list as empty.
Step 2: Termination Check. If the Open list is empty, the algorithm terminates without

a solution. Otherwise, proceed.
Step 3: Node Expansion. Select the node with the smallest f-value from the Open list

and move it to the Closed list. For each traversable neighbor of this node:

(1) If it is already in the Closed list, skip further processing.
(2) Otherwise, compute its tentative g-value.
(3) If the neighbor is not in the Open list, or the new g-value is lower than the existing

one, update its g-, h-, and f-values, set the current node as its parent, and add or
update it in the Open list.

Step 4: Goal Check. Repeat Step 3 until the target node is moved into the Closed list,
indicating a successful pathfinding process.
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Step 5: Path Reconstruction. Trace backward from the target node to the start node
using parent pointers, and reverse the obtained sequence to form the final optimal path.

The A* algorithm flowchart for UAV path search is shown in Figure 1.

Start

Place the starting point into the Open list

Initialize the parameters, create an 
Open list and a Close list

Whether the Open 
list is an empty list?

Traverse surrounding nodes and 
calculate their cost values

Move the node with the smallest cost  
value from the Open list to the Close list

Whether the adjacent 
nodes are passable?

Calculate the minimum cost 
value of adjacent nodes and 

place it in the Close list

Yes No

Add to the 
Open list

Whether the target point 
is in the close list？

No

Yes

Yes

No

Adjust the 
starting point

End  
Figure 1. Flow chart of the A* algorithm.

4.3. APFA* Algorithm

Both the APF and A* algorithms demonstrate effective performance in solving path
optimization problems, yet they exhibit inherent limitations. For instance, the APF al-
gorithm is prone to local minima, potentially rendering the target unreachable. The A*
algorithm generates paths with curvature discontinuities, excessive redundant points, and
insufficient smoothness.

Addressing these challenges, the proposed APFA* algorithm incorporates two primary
enhancements: an adaptive search step size and the integration of the APF-based potential
field gradient into the A* cost function. The synthesized method enables planning of
smooth, collision-free paths in complex workshop environments.
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4.3.1. Dynamic Adjustment of the Search Step Size

When expanding search paths using a fixed step size, the traditional A* algorithm
often fails to accurately identify tangent points, which are critical waypoints that allow the
path to smoothly skirt obstacles within its perceptual range. This shortcoming can result
in suboptimal, jagged, or unnecessarily long trajectories. To overcome this limitation, we
introduce a dynamic step size adjustment mechanism. This approach enhances spatial
adaptability by allowing the search process to respond in real-time to environmental com-
plexity, significantly improving node placement accuracy near obstacles while maintaining
high computational efficiency.

As illustrated in Figure 2, the Variable Step Size (VSS) strategy is built upon three core
operational mechanisms:

Calculate the density of obstacles 
within the perception range ρ

Reduce step 
size L=Lsmall

Search for the next point with step L

Start

Increase step 
size L=Llarge

Employ intermediate 
step size L=Lmid

Ensure L≥Lmin Ensure L≤Lmax L remains constant

End

ρ > ρhigh ρ < ρlow ρlow ≤ ρ ≤ ρhigh

Obstacle Concentration ρ?

Initialize the search step size L

 
Figure 2. Flowchart of the Variable Step Size (VSS) model.

(1) Step Initialization:

An initial baseline step size is established based on the map resolution and the opera-
tional requirements of the UAV. This value is chosen to offer a balance between exploration
speed and path precision at the start of the planning process.

(2) Environmental Adaptation:

The algorithm continuously assesses the local surroundings of the current node by
evaluating the concentration of obstacles within a predefined sensing radius.

In open areas with few obstacles, the algorithm applies an enlarged step size to
accelerate exploration and reduce the number of expanded nodes, thereby improving
planning speed. In confined or cluttered spaces with many obstacles, it switches to a
reduced step size. This allows for finer maneuvering and more precise navigation around
obstacles, increasing the likelihood of detecting optimal tangent points.
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(3) Dynamic Reconfiguration:

The step size is not just switched between two values but is continuously adjusted
based on the local obstacle concentration. In areas with a moderate number of obstacles,
the step size is set to an intermediate value that balances exploration efficiency with
navigation precision. This smooth transition ensures stable and adaptive behavior in
varied environments.

This methodology simultaneously optimizes trajectory accuracy and planning speed.
By behaving like a cautious pilot who slows down in complex areas and speeds up in open
spaces, the algorithm generates paths that are both shorter and smoother. This capability,
while respecting real-time computational constraints, makes it particularly suitable for
mission-critical UAV operations in complex and dynamic environments.

4.3.2. Potential Field-Enhanced Cost Function Optimization

Following dynamic step size adjustment, the A* algorithm is integrated with the Artificial
Potential Field framework. The core fusion strategy comprises three sequential operations:

(1) Path Cost Calculation: Compute the movement cost g(n) from start to current node n.
(2) Potential Field Integration: Embed APF’s gradient vector into the cost function.
(3) Heuristic Balancing: Weighted synthesis of travel cost and Euclidean heuristic.

The potential field values are incorporated into the cost function with the expression:

h(n) = −∇Uatt(n)−
n

∑
i=1

∇Ureq(n) (27)

This integration is formally expressed as follows:

f(n) = ω1g(n) +ω2h(n)
1√

(nx − gx)
2 + (ny − gy)

2
(28)

where ω1 denotes the weight coefficient for the actual path cost g(n), and ω2 represents
the weight coefficient for the heuristic cost h(n). By modulating ω1 and ω2, the algorithm
balances collision avoidance robustness and pathfinding efficiency.

To quantitatively determine the optimal weights for ω1 and ω2, several distinct
strategy sets are selected for experimental evaluation. By systematically assessing the
influence of varying weight values on both path length and runtime, suitable combinations
of weight coefficients are identified, with key results summarized as follows.

As illustrated in Figure 3, the configuration ω1 = 0.4 and ω2 = 0.6 consistently achieves
the optimal trade-off between path quality and computational efficiency. This combi-
nation produces paths that deviate only minimally from the theoretical optimum while
simultaneously requiring the shortest computation time.

The potential field-enhanced cost function addresses two critical limitations: The APF
algorithm’s target unreachability due to local minima and the A algorithm’s trajectory
discontinuity from non-smooth curvature, which enhances the efficiency and success rate
of path optimization.
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Figure 3. Performance Comparison of Different Weight Combinations.

4.3.3. The Pseudo-Code of the APFA* Algorithm

The pseudo-code for UAV path planning based on the APFA* algorithm is shown
in Table 1.

Table 1. Pseudo-code of the APFA* algorithm.

Step Description

1 procedure APFA*

2 Define the starting point N(start) and the target point N(end), create an Open list and a Close list, place the
starting point N(start) into the Open list with an initial cost of zero

3 while Open list is not empty do
4 Select the node N(i) with the smallest evaluation value f(n) from the Open list
5 if N(i) = N(end) then
6 return “The path has been found”
7 else
8 Place node N(i) into the Close list
9 if The child node N(j) of node N(i) is not in the Close list or an obstacle then

10 Calculate its cost value f[n(j)] = 0.4g[n(j)] + 0.6 h[n(j)]√
(nx−gx)

2+(ny−gy)
2

11 if Node N(j) is in the Open list and its cost value f[n(j)]is less than f[n(i)] then
12 Add node N(j) to the Open list and set it as the parent node, then continue the search
13 end if
14 if N(end) in the Close list then
15 Search completed
16 end if
17 end if
18 end if
19 end while
20 return “Path finding failed”

5. Optimization of Key Parameters of the APFA* Algorithm
Analyzing the parameters of the APFA* algorithm, it is found that the attractive gain

coefficient katt plays a pivotal role in determining the smoothness of the UAV’s path. As
it increases, the path becomes smoother, facilitating quicker arrival at the target point.
However, an excessively large gravitational coefficient can lead to the UAV navigating too
closely to obstacles, posing a risk of collision. The repulsion coefficient kreq, on the other
hand, governs the UAV’s oscillation during flight. A smaller repulsion coefficient results
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in milder oscillations and a smoother path, but a coefficient that is too small can cause
the UAV to become trapped in local minima, hindering its ability to find the optimal path.
Simultaneously, the repulsion coefficient kreq is affected by the effective range of obstacles
d0. An increase in the value of d0 leads to a corresponding enhancement in the impact of
the repulsion field. Additionally, the search step size l0 that changes dynamically with the
environment can improve the accuracy of path search and the speed of planning.

5.1. Optimizing Parameters by the Response Surface Method

The Response Surface Method (RSM) is a statistical technique. Its core principle is
to build a simple empirical model (e.g., a low-order polynomial) that approximates the
relationship between multiple input variables and one or more output responses. This
model is then used to navigate the factor space efficiently to find optimal parameter
settings [30,31]. RSM offers the advantages of requiring fewer experimental runs, shorter
experimental cycles, and high accuracy of regression prediction models. It is commonly
used to optimize process parameters and analyze factor interactions in engineering and
scientific research.

A second-order model is essential for optimization as it can capture the curvature
in the true response surface [32], including interaction effects between factors, which is
necessary for locating a maximum, minimum, or saddle point. The general form of the
second-order response surface model is as follows:

f(x) = µ0 +

n

∑
a=1

µaxa +

n

∑
a=1

n

∑
b≥1

µabµaxa + ε (29)

where xa is the a-th component of the n-dimensional independent variable x, µ0,µa,µab are
the parameters that constitute the column vector µ, and ε is the error.

This study adopts a Central Composite Design (CCD) to structure the experimental
scheme, as it efficiently fits quadratic models with a minimal number of experimental runs.
The rotatability of this design ensures a uniform distribution of prediction variance throughout
the experimental domain, thus enhancing the reliability of coefficient estimation.

The parameter optimization of the APFA* algorithm using Response Surface Method-
ology (RSM) involves five key steps:

Step 1: Select four critical parameters as optimization factors and three performance
metrics as response variables. A four-factor, three-level coded matrix is constructed using
Central Composite Design (CCD) to generate the experimental protocol.

Step 2: Conduct experiments based on the design, perform nonlinear fitting, and
establish a multivariate quadratic regression model for variance analysis.

Step 3: Using the regression model, visually analyze the influence of factor interactions
on response indicators to identify significant combinations [33].

Step 4: Apply numerical optimization to determine the improved algorithm’s key
parameters and compute system response values.

Step 5: Check whether accuracy meets requirements. If satisfied, output the optimal
parameter combination; otherwise, reselect experimental factors and levels.

The response surface methodology optimizes APFA* algorithm parameters for UAV
path planning, as illustrated in Figure 4.
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Figure 4. Workflow for RSM-based parameter optimization [33].

5.2. Experimental Protocol Design

In this section, the gravitational coefficient katt, repulsive coefficient kreq, search step
length l0, and obstacle effective distance d0 are chosen as optimization variables, while
path length L and running time T serve as responses for building the regression prediction
model. Tables 2 and 3 present the experimental factors with their corresponding levels and
the detailed design matrix, respectively.

Table 2. Factors and the levels of experiment of APFA* algorithm parameters.

Experimental Factors
Factors Levels

−1 0 1

A—katt 10 30 50
B—kreq 6 18 30

C—l0/m 0.2 0.7 1.2
D—d0/m 2 3 4

Table 3. Levels of experimental design.

Numbers A B C D Numbers A B C D

1 50 6 1.2 4 16 10 30 0.2 2
2 30 18 0.7 3 17 30 18 0.7 2
3 10 30 0.2 4 18 50 6 0.2 2
4 50 30 1.2 2 19 10 30 1.2 2
5 10 6 0.2 4 20 50 30 0.2 4
6 30 30 0.7 3 21 30 18 0.7 3
7 50 6 0.2 4 22 30 18 0.7 3
8 50 30 0.2 2 23 50 18 0.7 3
9 30 18 0.7 3 24 10 18 0.7 3

10 50 30 1.2 4 25 30 18 0.2 3
11 10 30 1.2 4 26 30 18 0.7 3
12 10 6 1.2 4 27 30 18 0.7 3
13 10 6 0.2 2 28 30 6 0.7 3
14 30 18 0.7 4 29 30 18 1.2 3
15 10 6 1.2 2 30 50 6 1.2 2



Machines 2025, 13, 967 14 of 25

5.3. Analysis of Variance and Regression Model

An analysis of variance (ANOVA) is performed to evaluate the statistical significance
of the response surface regression models, with key outcomes summarized in Table 4 [34].
The results show that the overall models are highly significant, with F-values of 18.59 and
7.66 for the two responses, and p-values below 0.0001. The lack-of-fit F-values are 3.57 and
3.50, indicating that the lack-of-fit is not statistically significant compared to pure error. The
corresponding p-values for lack-of-fit are 0.0863 and 0.087 (p > 0.05), suggesting that the
observed lack-of-fit can be attributed to random noise, and the models exhibit a satisfactory
fit with no evidence of misfitting.

Table 4. ANOVA for the response surface quadratic model.

Source
Path Length ANOVA Running Time ANOVA

df Sum of Squares F-Value p-Value df Sum of Squares F-Value p-Value

Model 14 535.84 18.59 <0.0001 10 1197.23 7.66 <0.0001
A 1 116.03 56.35 <0.0001 1 55.41 3.55 0.0751
B 1 105.61 51.29 <0.0001 1 10.43 0.67 0.424
C 1 188.18 91.39 <0.0001 1 789.9 50.57 <0.0001
D 1 14.58 7.08 0.0178 1 40.74 2.61 0.1228

AC 1 35.4 17.19 0.0009 1 116.53 7.46 0.0133
AD 1 2.4 1.17 0.2971 1 126.45 8.09 0.0104
BC 1 35.4 17.19 0.0009 1 2.50 × 10−3 1.60 × 10−4 0.99

Lack of fit 10 27.09 3.57 0.0863 14 269.3 3.5 0.087
Pure error 5 3.79 5 27.5
Cor total 29 566.73 29 1494.02

In Table 4, the boldfaced values in the ‘p-value’ columns highlight the terms that
are statistically significant, facilitating the identification of key factors influencing the
response models. For the path length model, main factors A, B, and C are highly signifi-
cant (p < 0.0001), while factor D and the interaction terms AC and BC are also significant
(p < 0.05). In the running time model, factor C is highly significant, and the interaction
terms AC and AD reached significance.

Using Design-Expert software (version 13.0, Stat-Ease Inc., Minneapolis, MN, USA;
https://www.statease.com/ (accessed on 25 August 2025)) [35], multivariate quadratic re-
gression models for the two response indicators are developed through regression analysis.
Non-significant model terms (p > 0.05) are excluded via stepwise elimination, yielding the
following final equations:

L = 45.745 − 0.132A + 0.264B + 3.455C − 7.384D − 2.240 × 10−3AB − 0.149AC − 0.019AD + 0.248BC
+0.032BD + 0.375CD + 3.467 × 10−3A2 − 7.383 × 10−3B2 + 1.347C2 + 1.337D2 (30)

T = 35.062 − 0.137A + 0.129B − 16.433C − 8.062D − 4.688 × 10−4AB − 0.270AC + 0.141AD
−2.083 × 10−3BC − 0.017BD + 3.773CD

(31)

Further analysis of the indicators for the two regression models is presented in Table 5.
The Predicted R-squared (Pred.R2) for path length is relatively consistent with the Adjusted
R-squared (Adj.R2), indicating high prediction accuracy of its regression model. However,
the Predicted R-squared for runtime (0.1537) shows limited predictive capability for new
data and is not as close to the Adjusted R-squared as expected, which may be due to
stochastic computational noise, unmodeled system variability, or the presence of outliers.
Despite this, the runtime model retains value for identifying significant factors and trends
within the experimental design space. Additionally, Adequate Precision measures the
signal-to-noise ratio, with values of 18.777 and 10.077 for the two models (both above 4),
indicating that both models have sufficient signal to navigate the design space. Future

https://www.statease.com/
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work will focus on improving the predictive robustness of the runtime model through
increased replication or incorporation of additional factors.

Table 5. Quality of fit of the response regression models.

Model Pred.R2 Adj.R2 Adeq.Precision

Path length/m 0.6322 0.8946 18.777
Running time/s 0.1537 0.6968 10.077

Figure 5 presents the normal probability plots of residuals. These plots show that
the residuals for both models closely follow a straight line without significant deviation,
confirming a normal error distribution. Figure 6 displays the plots of residuals versus
actual values. All residuals fall within the acceptable range of [−3, 3], demonstrating the
validity of the experimental model.

  
(a) (b) 

Figure 5. Normal probability plot of the residuals (a) path residuals and (b) time residuals.
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Figure 6. The residuals and run plots (a) Path residuals vs. Run; (b) Time residuals vs. Run.

5.4. Effect of Parameter Interactions

Based on the prediction model in Table 4, we analyzed the impact of two-factor
interactions on response metrics. For path length, interactions AC and BC showed the
strongest effects (both with the value of 0.0009). For runtime, AC and AD are most
influential (pAC = 0.0133, pAD = 0.0104). Detailed response surface plots are provided in
Figures 7 and 8.

Figure 7a displays the response surface illustrating the interaction between the gravi-
tational coefficient (A) and step length (C) on path length. At fixed A = 10, increasing C
from 0.2 m to 1.2 m increased path length by 23%. At fixed C = 1.2 m, increasing A from 10
to 50 decreased path length by 15%. This suggests that step length has a greater impact on
path length than the gravitational coefficient. Path length decreased rapidly then stabilized
as A increased and C decreased, with minima at extreme values.
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Figure 7. Response surface diagram of parameter interaction on the path length (a) Correlation
between gravitational coefficient and step length; (b) Correlation between repulsion coefficient and
step length.
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Figure 8. Response surface diagram of parameter interaction on the running time (a) Correlation
between gravitational coefficient and step length; (b) Correlation between gravitational coefficient
and Obstacle influence distance.

Figure 7b demonstrates the effect of the repulsion coefficient (B) and step length (C)
on the path length. At fixed B = 30, increasing C from 0.2 m to 1.2 m increased path length
by 9%. At fixed C = 1.2 m, increasing B from 6 to 30 increased path length by 8%. This
indicates that both factors have a similar impact on path length. As both step length and
repulsion coefficient decrease, the path length gradually diminishes. This is due to the fact
that excessively large values for these two factors can render the target unreachable during
the path searching process.

Figure 8a displays the response surface of the interaction between the gravitational co-
efficient (A) and step length (C) on the running time. When A is 50, increasing C from 0.2 m
to 1.2 m results in an 84% reduction in runtime. Fixing C at 0.2 m and increasing A from
10 to 50, the runtime increases by 73%. This indicates that step length significantly affects
runtime, with longer steps decreasing the runtime. This is attributed to the acceleration of
the path search speed with larger steps, which results in less search time.

Figure 8b depicts the impact of the gravitational coefficient (A) and obstacle safety
distance (D) on time. When A is 10, increasing D from 2 m to 4 m results in a 62%
decrease in running time. When D is fixed at 4 m and A is increased from 10 to 50, the
running time increases by 180%. Their effects are asynchronous, with the impact of obstacle
safety distance being particularly significant. Obstacle safety distance primarily affects the
repulsive force coefficient; larger distances result in larger repulsive fields. Meanwhile, the
minimum running time occurs when the gravitational coefficient is at its smallest.



Machines 2025, 13, 967 17 of 25

6. Simulation Analysis and Experimental Verification
6.1. Optimal Performance Comparison

The key parameters of the APFA* algorithm are optimized using the numerical module
in Design-Expert software (version 13.0). The optimization aimed to minimize both the
planned path length and the runtime. Other baseline parameters for the algorithm are set
according to the values provided in Table 6.

Table 6. Description of APFA* algorithm parameters.

Parameters Symbol Numerical Value

The gravitational coefficient katt 30
The repulsion coefficient kreq 10

Step length/s l0 0.2
Obstacle safety distance/s d0 3

Weight coefficient of actual cost ω1 0.4
Weight coefficient of estimated cost ω2 0.6

Maximum pitch angle/rad θmax π/4
Maximum yaw angle/rad ϕmax π/4

Maximum flight altitude/m hmax 13.75

This section conducts a comparative simulation of the APF, A*, and APFA* algorithms
for obstacle avoidance in a workshop setting. The start and goal points are set at (1, 2, 2) m
and (19, 28, 9) m, respectively. Algorithm performance is assessed based on three metrics:
path quality, computational time, and number of path nodes. Path quality reflects the
planning capability of the algorithm, whereas computational time and node count indicate
its search efficiency.

Table 7 summarizes the simulation outcomes of the three algorithms in terms of path
length, runtime, and number of nodes. To determine whether the observed differences are
statistically significant, a one-way analysis of variance (ANOVA) is performed for each
metric, with the results provided in Table 8.

Table 7. Comparison of Simulation Results.

Algorithms Path Length/m Running Time/s The Number of Path Nodes

APF algorithm 42.0 10.31 84
A* algorithm 36.2 7.75 27

APFA* algorithm 35.8 5.64 179

Table 8. ANOVA results for algorithm performance comparison.

Performance Metric ANOVA p-Value Comparison Mean Difference p-Value (Tukey HSD) Significant?

Path Length (m) <0.0001
APFA* vs. APF −6.2 <0.01 Yes
APFA* vs. A* −0.4 0.754 No

A* vs. APF −5.8 <0.01 Yes

Running Time (s) <0.0001
APFA* vs. APF −4.67 <0.01 Yes
APFA* vs. A* −2.11 <0.01 Yes

A* vs. APF −2.56 <0.01 Yes

Number of Path Nodes <0.0001
APFA* vs. APF 95 <0.01 Yes
APFA* vs. A* 152 <0.01 Yes

A* vs. APF −57 <0.01 Yes

The results confirm that the differences among the algorithms are statistically signifi-
cant (p < 0.0001) for all three metrics. Furthermore, post hoc Tukey’s Honestly Significant
Difference (HSD) tests revealed that compared to the APF algorithm, the proposed APFA*
algorithm achieves a statistically significant reduction in path length (p < 0.01). Addition-
ally, it significantly reduces running time compared to both the APF and A* algorithms
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(p < 0.01). Although the APFA* algorithm generates more path nodes, this is a deliberate
trade-off to obtain smoother and more feasible paths, which ultimately contributes to the
reduction in overall running time.

Figure 9 shows 3D path planning outcomes. All algorithms generated collision-free
paths, though with distinct route characteristics.

Figure 9. Simulation results of three algorithms for path planning.

Further analyzing the paths simulated by the APF algorithm, as depicted in Figure 10,
the path length generated by the APF algorithm in the workshop is 42.0 m, significantly
longer than the results obtained by the other two algorithms. This suggests that the algo-
rithm consumes excessive resources and slows down the search process, (with a runtime
of 10.31 s), while the number of path nodes it expands is moderate, (84). Additionally, the
planned path becomes excessively long due to the overpowering influence of the obstacles’
repulsive potential field. Furthermore, situations may arise where the attractive and repul-
sive forces are balanced in magnitude but opposite in direction. This equilibrium can cause
the UAV to oscillate locally, resulting in route instability.

 
(a) (b) 

Figure 10. The artificial potential field path planning (a) Optimal flight path; (b) Overhead path.

Figure 11 displays the path planned by the conventional A* algorithm. As summarized
in Table 7, this path has a length of 36.2 m—a result that is competitive with the APFA*
algorithm. The planning process is completed in 7.75 s, exploring a relatively low number of
27 nodes. As seen in Figure 11, the path exhibits discontinuous curvature and is composed
of three segments connected at two inflection points. Although the path length is relatively
short, the path also includes redundant nodes, leading to larger attitude angle changes for
the UAV and reduced stability. Additionally, since the A* algorithm does not incorporate
restrictions on flight altitude, the planned path sometimes approaches obstacles too closely,
thereby violating the safety guidelines for UAV flight in workshop environments.
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(a) (b) 

Figure 11. The A* algorithm path planning (a) Optimal flight path; (b) Overhead path.

The simulation outcomes of the proposed APFA* algorithm are presented in Figure 12.
As indicated in Table 7, the algorithm achieves a path length of 35.8 m and a computation
time of 5.64 s—representing a 14.8% reduction compared to the APF method and a 1.1%
improvement over the A* algorithm. Although the number of expanded nodes amounts to
179, the method maintains high search efficiency within a short execution time. As depicted
in Figure 12, the integration of the attractive and repulsive fields of the APF algorithm into
the cost function of the A* algorithm not only prevents UAV oscillation but also enables
swift expansion of search nodes while efficiently avoiding obstacles. Furthermore, the
path planned by the APFA* algorithm meets the performance constraints and eliminates
the need for additional smoothing processing. Comparing the simulation results of the
three algorithms, the APFA* algorithm demonstrates superior performance in terms of
global planning ability and search efficiency, which indicates the feasibility of the algorithm.

 
(a) (b) 

Figure 12. The APFA* algorithm path planning (a) Optimal flight path; (b) Overhead path.

6.2. Attitude Angle Change Comparison

The attitude angle variation in the UAV during flight greatly affects its stability. There-
fore, this paper analyzes and compares the attitude angle variation in the UAV along routes
planned by various algorithms. Figures 13 and 14 present the yaw angle and pitch angle
variations achieved by the three algorithms.

From the figures, it is evident that the A* algorithm results in abrupt changes in the
attitude angle, owing to the lack of smoothness constraints in its path planning. In contrast,
the attitude angles obtained using the APF algorithm exhibit some degree of improvement.
However, multiple oscillations in its path still lead to significant fluctuations in the attitude
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angles. By comparison, the path generated by the APFA* algorithm demonstrates signifi-
cantly higher smoothness and fully satisfies the constraints on yaw and pitch angles. This
compliance with the stability requirements of the UAV during flight further underscores
the robustness of the APFA* algorithm.

 
Figure 13. Comparison of yaw angles.

Figure 14. Comparison of pitch angles.

6.3. Flight Altitude Comparison

Figure 15 compares the flight altitudes of routes planned by the three algorithms. It
can be seen that the highest point of the route planned by the APF algorithm is 12.984 m
(hmax = 13.75 m from Table 6), approaching the altitude limit and posing risks in actual
workshops. The route planned by the A* algorithm peaks at 9 m, effectively avoiding
obstacles, but its altitude is lower than the highest point of some obstacles, making it
susceptible to collisions during actual flight. In contrast, the route planned by the APFA*
algorithm peaks at 11.453 m, effectively avoiding obstacles while adhering to the UAV’s
maximum flight constraint, thereby achieving ideal results and further demonstrating the
algorithm’s reliability.
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Figure 15. Comparison of the maximum flight altitude.

6.4. Experimental Verification

To validate the APFA* algorithm, we selected several waypoints based on its planned
path. A total of twenty-five flight experiments are conducted, and the results are shown in
Table 9. The data indicates that the deviation between the actual flight distance of the UAV
and the path length planned by the APFA* algorithm (L = 35.8 m) did not exceed 5% in
any experiment, which is within a reasonable range. Additionally, no collisions occurred
during any of the flights.

Table 9. Experimental testing results.

Experimental Trials Flight Distance/m Flight Time/s Total Energy Consumption/J Collision or Not

1 36.4 5.8 741.4 0
2 35.2 5.0 638.4 0
3 36.1 6.2 949.8 0
4 35.8 6.0 811.4 0
5 35.5 5.7 731.6 0
6 36.8 7.2 945.6 0
7 34.5 5.3 675.2 0
8 35 6.5 835.1 0
9 36.2 7.5 978.3 0
10 34.2 5.8 745.8 0
11 36.5 6.8 882.7 0
12 35.7 5.5 710.4 0
13 34.8 6.3 815.9 0
14 37 7.8 995 0
15 34 5.1 655 0
16 35.9 6.9 895.2 0
17 36.7 7.4 962.1 0
18 34.7 5.9 765.3 0
19 35.3 6.4 825.6 0
20 36.9 7.6 985.5 0
21 34.3 5.4 690.1 0
22 35.6 6.1 795.4 0
23 36.3 7 910.8 0
24 34.9 6.2 805.7 0
25 36.6 7.3 952.4 0

The total energy consumption in Table 9 is calculated based on direct in-flight measure-
ments. An INA219 current/voltage sensor, mounted on the UAV, recorded instantaneous
voltage and current at a sampling rate of 10 Hz throughout each flight mission. The total
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energy consumption E (in Joules) is then computed by integrating the instantaneous power
over the total flight time t, as follows:

E =
∫ t

0
V(τ)·I(τ)dτ (32)

In practice, this is calculated from the discrete sensor readings as follows:

E ≈
n

∑
ξ=1

Vξ·Iξ·∆t (33)

where Vξ and Iξ are the voltage and current at sample ξ, and ∆t = 0.1 s is the sampling
interval. This method provides a direct measurement of the actual electrical energy consumed.

As illustrated in Figure 16, the UAV successfully avoids workshop obstacles and
arrives at the target position smoothly and safely across different waypoints from the
fourth experiment. These results provide further validation for the practical feasibility of
the APFA* algorithm.

  
(a) t = 1.5 s (b) t = 3 s 

  
(c) t = 4.5 s (d) t = 6 s 

Figure 16. Trajectory of UAV in the workshop.

7. Discussion
The simulation results demonstrate the superior performance of the proposed APFA*

algorithm across multiple metrics. This performance advantage can be attributed to the
synergistic design of the hybrid algorithm. The integration of the artificial potential field
value into the A* cost function effectively guides the global search, reducing unnecessary
expansions and mitigating the oscillation issues typical of pure APF methods. Furthermore,
the dynamic VSS strategy enhances search efficiency by adapting to environmental com-
plexity, allowing for rapid advancement in open areas and precise maneuvering in cluttered
spaces. This combination successfully addresses the key limitations of the individual A*
and APF algorithms.

When contextualized within existing literature, our findings highlight a significant
methodological advancement. While recent studies like [16,17] have also explored hybrid
A* models, our approach distinctively incorporates a systematic parameter optimization
framework using RSM. This moves beyond the empirical tuning common in many hy-
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brid algorithms, ensuring robust and repeatable performance. The ANOVA-validated
regression model not only identified the optimal parameter set but also quantified critical
parameter interactions, providing deeper insights into the algorithm’s behavior that are
often overlooked.

Despite the promising results, this study has limitations that outline clear directions
for future research. The current work assumes a known static environment, which does not
account for dynamic obstacles such as moving personnel or machinery. Therefore, a primary
open research question is the integration of real-time dynamic obstacle prediction and
reaction mechanisms into the APFA* framework. Additionally, extending the current single-
UAV planner to multi-UAV systems for coordinated tasks presents a critical and challenging
research direction. Future work will also focus on further algorithmic lightweighting for
extreme obstacle density and the implementation of the planned trajectories on physical
UAV platforms.

8. Conclusions
This study has introduced and validated the APFA* algorithm, a parameter-optimized

hybrid path planning method for UAV in complex workshop environments. The algo-
rithm’s core innovation lies in its effective fusion of A* and APF methods, augmented
by a dynamic step-size strategy and systematically optimized via RSM. Comprehensive
simulations confirm that the proposed algorithm achieves a superior balance of path length,
computational efficiency, and flight stability compared to conventional methods. This work
thus provides a robust and efficient solution for enhancing UAV autonomy and operational
safety in industrial applications.
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