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Abstract: Path planning remains a pivotal metric for evaluating unmanned aerial vehicles
(UAVs) autonomy, where intelligent algorithms serve as the cornerstone for generating
high-quality trajectories. Path planning is an indispensable part of the autonomous control
system for UAVs. In addition, UAV mission planning has been proven to be an NP-hard
problem. This paper systematically analyzes the state-of-the-art intelligent optimization
algorithms for UAVs’ path planning. Considering that traditional particle swarm optimization
(PSO) and adaptive weight particle swarm optimization (AWPSO) easily converge to local
optima, this work develops an enhanced PSO with adaptive weight and Gaussian mutation
(EPSO-AWGM). The introduction of adaptive weight factors and Gaussian mutation operators
helps the algorithm escape local optimum solutions. Moreover, the cubic spline method
is utilized to smooth the UAVs’ flight paths. To verify the performance of the proposed
EPSO-AWGM algorithm and the quality of UAV path planning in a 3D environment, this paper
sets the traditional PSO and AWPSO as control groups, conducting comparative simulation
experiments on 3D terrain path planning. The simulations uniformly set initial parameters, with
a particle population size of 20 and a maximum iteration count of 50. All algorithms operate in a
3D environment containing five mountain obstacles, with a unified starting coordinate at (1,1,1)
and an ending coordinate at (29,29,17). To ensure objective experimental results and eliminate
random error interference, all three algorithms are independently run 20 times. Simulation
results show that the proposed EPSO-AWGM can obtain shorter and higher-quality flight paths.

It therefore has great application potential in practical UAV path planning scenarios.

Keywords: path planning; unmanned aerial vehicles (UAVs); particle swarm

optimization (PSO)

1. Introduction

With the rapid advancement of artificial intelligence, unmanned aerial vehicles
(UAVs) are increasingly deployed in civil fields such as environmental mapping,
remote sensing, and logistics. However, the complexity of urban and rural operational
environments necessitates superior autonomous planning and control capabilities. Path
planning remains a pivotal metric for evaluating UAV autonomy, where intelligent
algorithms serve as the cornerstone for generating high-quality trajectories.

The path planning algorithm is the core component of the unmanned aerial
vehicle path planning system, and its fundamental task is to search for the optimal
or approximately optimal flight path from the starting point to the target point for the
unmanned aerial vehicle in complex terrain space. In the past few decades, with the

continuous expansion of drone application scenarios, more and more path planning
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methods have emerged to meet the increasingly complex planning needs. These
methods have their own characteristics, but also have their own limitations. The current
related research can be mainly divided into two categories: precise algorithms and
intelligent biomimetic algorithms.

In terms of precise algorithms, such as Dijkstra’s algorithm [1, 2], A*
algorithm [3-6], simulated annealing algorithm [7], and artificial potential field
method [8] are widely used due to their clear principles, relatively simple
implementation, and controllable solution quality. However, such methods generally
suffer from low computational efficiency and are mostly limited to path search in
two-dimensional (2D) plane space. In practical applications, drones must strictly
adhere to their kinematic and dynamic constraints during flight, including maximum
turning angle, maximum climb/dive rate, minimum turning radius, and speed limits,
which are often not fully considered in the traditional methods mentioned above.
In addition, when faced with dynamic obstacle avoidance requirements in complex
three-dimensional (3D) terrain, such precise algorithms often require a significant
amount of computation time and storage space, making it difficult to meet real-time
requirements. For example, although the artificial potential field method can quickly
generate smooth paths in simple environments, when the target point is located near
obstacles or there are symmetrical dead points in the potential field distribution, the
combined forces of attraction and repulsion are easily cancelled out, causing the drone
to fall into local minima and unable to reach the target point, and even in extreme cases
unable to obtain a feasible path. Therefore, traditional precise algorithms often struggle
to meet the timeliness requirements of engineering applications when dealing with
high-dimensional, dynamic, and multi-constrained real-world drone task scenarios.

In 3D path planning, the requirement to avoid terrain collisions introduces
significantly higher computational complexity compared to its two-dimensional
counterpart. Consequently, enhancing the convergence speed and solution quality
of planners in complex 3D environments remains a primary research impetus [9].
Furthermore, the increasing complexity of planning tasks and environmental
constraints exacerbates the challenges faced by intelligent optimization algorithms in
addressing high-dimensional problems.

Compared with precise algorithms, intelligent biomimetic algorithms exhibit
superior flexibility in complex environments. This type of algorithm simulates the
collective behavior patterns of natural biological populations, guiding the evolution
of search directions through collaboration and information sharing among individuals.
Typical representatives include the wolf pack algorithm [10, 11], particle swarm
optimization algorithm (PSO) [12], and ant colony optimization algorithm (ACO) [13].
These algorithms have significant advantages such as relatively simple parameter
settings, high search efficiency, strong environmental adaptability, and low engineering
implementation threshold, which have attracted increasing academic attention in the
field of drone path planning. Specifically, the wolf pack algorithm establishes an
effective balance mechanism between global exploration and local exploitation by
simulating the hunting and wandering behavior of wolf packs; The particle swarm

optimization algorithm utilizes information transfer and velocity update rules between
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particles to quickly converge to high-quality solutions with fewer iterations; The ant
colony optimization algorithm utilizes the accumulation and volatilization mechanism
of pheromones to gradually select the optimal path in a discrete search space. It is
precisely because of these unique advantages that intelligent biomimetic algorithms can
often provide more practical and efficient solutions than traditional precise algorithms
when dealing with high-dimensional, nonlinear, and multi-constraint unmanned aerial
vehicle 3D path planning problems.

A hybrid algorithm has been proposed to address the task allocation and path
planning problems of UAV swarms at sea, which embeds the core principles of the
genetic algorithm and crossover mutation operator into the PSO framework [14]. This
hybrid method utilizes the solution space recombination ability provided by crossover
operations in genetic algorithms and the population diversity disturbance introduced by
mutation operations, effectively compensating for the structural defects of traditional
PSO algorithms such as population diversity attenuation and susceptibility to local
optima in the later stages of search. The simulation experiment results confirm that
compared with traditional algorithms, this method achieves significant improvement
in task resource allocation efficiency and can generate better quality drone flight
paths. On the other hand, to address the path planning challenges of drone swarms
in complex environments, researchers have designed a distributed wolf pack algorithm
that utilizes the dynamic transformation characteristics of individual roles in the pack,
such as the functional switching mechanism between reconnaissance wolves, fierce
attack wolves, and besieging wolves, to optimize task allocation processes and improve
overall search efficiency. However, this method incurs high computational overhead
when performing coverage search tasks and ignores key constraints such as obstacle
avoidance in practical applications [15]. In addition, similar to the limitations of
existing literature, the above methods are still limited to 2D environments, while
the operational space of unmanned aerial vehicles in the real world is essentially
three-dimensional, which not only includes terrain undulations and three-dimensional
obstacles, but also involves complex factors such as energy consumption differences in
the height dimension and meteorological stratification. This makes it difficult for the
2D planning results to be directly applicable in practical deployment.

In order to improve the performance of ACO in UAV applications, researchers
have introduced a coefficient matrix and transition probability matrix to improve
convergence [16]. Building on this, researchers have refined the pheromone
update mechanism within UAVs task assignment model, enabling simultaneous
consideration of task prioritization alongside path planning [17]. For three-dimensional
multi-obstacle environments, the bat algorithm has been enhanced by integrating the
local search capabilities of the bee colony algorithm, demonstrating a more efficient
acquisition of optimal flight paths compared to standard single algorithms [18].

Addressing the tendency of traditional algorithms to fall into local optima, scholars
have modified the sparrow search algorithm for 3D environments by introducing
adaptive weight factors to accelerate convergence and employing a Cauchy-Gaussian
strategy to overcome stagnation and bolster exploration capabilities [19]. Similarly, the
grey wolf optimizer has been initialized using A* algorithms to generate the lead wolf,
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effectively reducing blind searches, while mutation operators were utilized to accelerate
path optimization [20]. In dynamic scenarios, the firefly algorithm has been employed
to navigate moving obstacle constraints, successfully generating collision-free safe
paths [21].

Further improvements include the adoption of Cauchy mutation strategies
and adaptive factors to prevent premature convergence in gravity algorithms [22].
For 3D static environments, novel modeling methods have been proposed to
reduce computational complexity, integrating vibration functions into particle
swarm optimization to enhance collision avoidance and overall performance [23].
Additionally, a divide-and-conquer strategy has been implemented to decompose
high-dimensional path planning problems into manageable sub-problems,
compensating for the deficiencies of standard particle swarm optimization in
complex environments and improving global search ability through hybridization
with the A* algorithm [24]. Finally, the wolf pack algorithm has seen performance
gains through the design of an adaptive convergence factor based on wolf centrifugal
distance, optimizing both convergence speed and accuracy [25].

Many improved PSO variants combining adaptive weight and Gaussian mutation

have been proposed in recent years to solve premature convergence, as listed in Table 1.

Table 1. Comparison between EPSO-AWGM and closely related hybrid PSO variants.

Algorithms Adaptive weight logic Mutation trigger Mutated object Elite retention Collision check after smoothing
PSOGM [12] Fixed linear decay Fixed probability All particles Unconditional retain No smoothing module

AWPSO [14] Iteration-independent linear No Mutation o o No smoothing module

AWPSO-CauGM [24] Fixed linear decay Fixed probability All particles Unconditional retain No secondary collision check

TAWPSO [23] Fixed linear decay Fixed probability Random particles Unconditional retain No secondary collision check

SSA-AW [19] Adaptive weight without mutation Cauchy mutation All sparrows Unconditional retain No smoothing module

EPSO-AWGM Staged decay coupled with iteration Triggered by population 50% elite Ppeg; particles Retain only if fitness improves Spline smoothing + dense point collision

progress

aggregation degree recheck

From Table 1, existing hybrid PSO variants have three common defects:

(1) Inertia weight follows fixed linear rules without matching the iteration-stage
search demand.

(2) Mutation acts on all particles unconditionally, which may destroy high-quality
paths.

(3) Trajectory smoothing and post-collision detection are ignored, leading to
unfeasible smooth paths. To fill these gaps, this paper proposes EPSO-AWGM

with three coupled improvement mechanisms.

Sampling-based planning methods are one of the mainstream paradigms for
solving motion planning problems in high-dimensional spaces, with the Rapidly-
exploring Random Tree (RRT) being the most representative. The core idea of RRT
is to perform random sampling in the configuration space and iteratively expand the
search tree by connecting sampled points to the nearest existing nodes in the tree,
starting from the initial state as the root node [26]. This sample-based incremental
construction approach enables RRT to perform exceptionally well in high-dimensional
spaces or scenarios with highly complex geometric structures, effectively avoiding
the computational infeasibility caused by the “curse of dimensionality” in grid-based

discretization methods. However, the inherent randomness of the RRT algorithm makes
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it a probabilistically complete but suboptimal planning method within a finite number of
iterations, and it typically returns a feasible path rather than an optimal one. Extensive
research on sampling-based planning indicates that the quality of paths generated by RRT
is jointly constrained by several critical parameters: the maximum number of iterations
determines the upper limit of search resources the algorithm can invest. And the step
size parameter creates a core trade-off between search accuracy and time cost, sets the
step size too small results in slow tree expansion, and significantly increases search time
or even makes it difficult to complete planning within the specified time, while setting
the step size too large may cause collisions by crossing obstacle boundaries or generate
overly rough, frequently turning, and non-smooth paths in obstacle-free regions, thereby
affecting the execution performance of subsequent trajectory tracking [27].

Based on the analysis of the above literature, it can be concluded that classical
intelligent biomimetic optimization algorithms commonly face common challenges in
unmanned aerial vehicle path planning applications, such as slow convergence speed
and susceptibility to local optima. Although these algorithms have strong global
exploration potential due to their group collaboration mechanism, there is currently
no universal algorithm that can achieve ideal planning results in all scenarios due
to significant differences in spatial structure, threat distribution, and computational
constraints in drone flight environments. Among numerous biomimetic algorithms,
the Particle Swarm Optimization (PSO) algorithm has attracted much attention due
to its advantages of simple structure, few parameters, easy implementation, and
high single-iteration computational efficiency, and occupies an important position in
practical engineering applications. However, the PSO algorithm commonly suffers
from the problem of rapid decline in population diversity in the later stages of search,
leading to premature aggregation of particles in a local area and loss of the ability
to escape local optima. This structural flaw seriously restricts its performance in
complex 3D path planning tasks. In view of this, this article focuses on the path
planning problem of unmanned aerial vehicles in threat environments. Firstly, a refined
specific threat environment model is constructed, which comprehensively considers
multi-source threat factors such as terrain obstacles, radar detection, and air defense
firepower. Based on this, the PSO algorithm is specifically improved to effectively
suppress premature convergence, improve the global optimization ability and search
stability of the algorithm, and ultimately generate an optimal flight path for unmanned
aerial vehicles with the lowest comprehensive cost function and the highest safety under
the premise of satisfying collision-free constraints.

The main contributions are as follows.

(1) Staged iteration-aware adaptive inertia weight mechanism
Traditional adaptive weight particle swarm optimization (AWPSO) relies on fixed
linear inertia weight decay throughout the optimization process, which cannot
adapt to the constantly changing search requirements during the iteration stage.
In contrast, our staged adaptive weights decay monotonically with the number
of iterations: high weight values are deployed in the early stages to expand the
global search range on mountainous terrain, while low weight values are used in

the later stages to refine local obstacle removal. This design achieves a dynamic
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balance between global exploration and local mining, eliminating the limitations
of static constant weight configuration.
(2) Aggregation-aware elite Gaussian mutation strategy
In order to quantitatively characterize the convergence state of particle swarm
optimization, the population aggregation degree S is calculated at each iteration
as a feedback signal, and the mutation probability and variance of Gaussian
perturbation are dynamically adjusted. We did not randomly perturb all
particles, but only selected 50% of the elite pbest individuals for Gaussian
random migration. The global optimal solution is only updated when the
abrupt trajectory has a lower total flight cost. This tailored mutation scheme
avoids disrupting high-quality candidate paths and preserves sufficient population
diversity, enabling the population to overcome local optimal valleys formed by
multi-peak mountain obstacles.
(3) Cubic spline trajectory post-processing module

The original optimized output of PSO is a sequence of discrete waypoints
connected by dashed lines, which have discontinuous curvatures and violate
the kinematic limitations of unmanned aerial vehicles. To address this issue,
cubic spline interpolation was introduced to generate a global second-order
continuous smooth trajectory that conforms to the constraints of drone velocity
and acceleration. After curve fitting, dense equidistant sampling is performed
for secondary collision detection. If any sampling point falls within the danger
zone of terrain obstacles, the smooth curve is discarded and the original discrete
waypoint path is restored, ultimately ensuring the geometric safety and feasibility

of the output flight trajectory.

The remainder of this paper is organized as follows. Section 2 presents the 3D
environment model and cost and objective functions of UAVs. Section 3 describes the
proposed path planning strategy. Section 4 discusses the simulation results. Finally,
Section 5 concludes the paper.

2. Problem description

2.1. Environment model

To enhance fidelity to real-world flight conditions and accurately evaluate path
quality, conventional 2D models prove inadequate. Consequently, this paper models
mountainous terrain as obstacles to construct a 3D environment specific to UAV
operations in forest regions. The following is a map of the flight environment in the
simulated mountain. First, assuming that the height of the horizontal plane is used to
construct a 3D space map, the horizontal coordinates of each mountain obstacle and UAV
can be described by (X, y), so the mountain threat model can be described as follows:

In order to make the path planning results closer to real flight conditions and
achieve accurate evaluation of path quality, traditional 2D plane models can no
longer meet practical needs. In the real forest area drone operation scenario, factors
such as terrain undulations, mountain obstacles, and vegetation coverage constitute

complex three-dimensional spatial constraints. Relying solely on 2D projection will
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lose key vertical dimension information, resulting in a lack of feasibility guarantee
for the planned path in the height direction. Therefore, this article abstractly models
mountainous terrain as three-dimensional obstacles and constructs a refined 3D
simulation environment specifically designed for unmanned aerial vehicle operations in
forest areas. The 3D environment map is based on the horizontal plane as the reference
plane, dividing the entire flight space into continuous voxel grids, where the spatial
positions of each mountain obstacle and drone can be accurately described by 3D
coordinates (X, y, z). Specifically, on the horizontal projection plane, the position of
each mountain obstacle is determined by its plane coordinates (x, y), while its vertical
threat range is characterized by the altitude distribution function z = f (x, y) of the
mountain. This function reflects the undulating shape of the terrain surface, and any
area where the drone flies below this curvature is considered an impassable collision
threat zone. Based on this modeling approach, drones not only need to avoid horizontal
mountain contours during flight, but also must maintain sufficient safe clearance height
in the vertical dimension to ensure that the planned path truly has floatability and safety
in three-dimensional space. The following text will provide a three-dimensional spatial
map and corresponding mathematical model description of the simulated mountain

flight environment, so the mountain threat model can be described as follows:

M x —x;\ 2 V—V; 2
i i
Zm:Zhjexp < - > ( o ) (1)
j=0
where hy is the height of the horizontal plane with an altitude of 0, h; G =1, 2, ...,

M) represents the height of the mountain j, (xj, yj) represents the center coordinates of

the mountain, and oy and oy denote the standard deviations in the x-axis and y-axis
directions, respectively. The actual mountain is an irregular geometric structure, so it
refers to the slope of the side of the mountain, which is used to calculate the slope of the

mountain, as shown in Figure 1. The environmental parameters are shown in Table 2.

(a) 3D visualization of mountain (b) 2D horizontal projection of mountain

Figure 1. 3D environment model.

Table 2. Environment parameter settings.

Obstacle numbers Obstacle point
(8,15,12)
(13,11, 15)
3 (23, 16, 18)
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Table 2. Cont.

Obstacle numbers Obstacle point
4 (21, 20, 15)
5 (26, 25, 19)

2.2. Cost and objective function

Evaluating path quality solely based on collision avoidance is insufficient for
comprehensive performance assessment. Therefore, to quantitatively measure path
optimality and verify the effectiveness of the proposed algorithm, a multi-objective cost
function tailored for mountainous and forested environments is established. The overall
flight cost is categorized into internal and external components. External cost arises
from potential collisions between the UAVs and terrain obstacles, imposing severe
penalties for unsafe trajectories. Internal cost primarily reflects fuel consumption,
which is directly proportional to the flight distance. Consequently, the total cost
objective function integrates both safety constraints and energy efficiency, and is

formulated as follows:

H41
min C = i; (6Cp + (1 —6)C,) )
where H represents the number of discrete waypoints, if the path contains a starting
point and an ending point, usually the number of nodes is H + 1. C,, and C, represent
path cost and collision cost respectively. ¢ is the weight coefficient.
The position of UAVi is represented as (X;, yi, zj) andi=1, 2, ..., N. The path cost
and the collision cost are given as follows:

H+1

Co= > \(xi— xu_1)® + (yi — }’H—l)2 + (zi — ZH—1)2 3)
i=1
CC — 0, (Zi < hJ) U (HIJ S rJ) (4)
0, (z =h)n (Hy#r1)
Hij:ri+rj,i€(1,2,...,N), jE(l,Z,...,M) ®))

In Equation (3), the Euclidean distance is used as the path cost, and Equation (4)
represents the collision cost. z; represents the flight height of the UAVi. As shown in
Figure 2, 1; and 1; represent the flight safety radius of the UAVi and the radius of the

danger source, respectively, and Hj; is the distance from the UAVi to obstacle j.

Threat

Figure 2. Threat distance between UAV and mountain.
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3. Algorithm design

3.1. Basic PSO algorithm

Compared with numerous high-precision and heuristic optimization algorithms,
PSO ofters distinct advantages, including rapid convergence and minimal parameter
tuning, making it highly valuable for path planning applications. The algorithm is
inspired by the social behavior of bird flocks foraging in nature. In this analogy, each
bird is abstracted as a particle, while the food source represents the global optimum.
Initially, a population of particles with random positions and velocities is generated.
During the iterative process, each particle updates its state based on fitness evaluations,
tracking both its personal best position and the global best position. Through continuous
interaction and information exchange among particles, the swarm converges toward
the global optimal solution. The mathematical equations governing the velocity and

position updates are presented as follows:
vith = Avi+ agmy (pbest; — x!) +amy (Gbest; — x!) (6)

t+1 ot t+1
Xi = Xi + Vi (7)
where v is the velocity, A is the inertia weight of the particle imitating the flight of birds,
and oy and «s are the acceleration constants of the particle, and n; and 12 are random

values, which refer to the position vector of the (t + 1)-generation particle i.

_ 2
A= o ®)
=01+ x )]

3.2. EPSO-AWGM algorithm

In addition, in order to improve the diversity of the algorithm, a Gaussian mutation
strategy with a certain probability is inserted in the iterative process. When a certain
conditional probability P occurs, 1/2 of the current local optimal particles are randomly
selected to undergo the mutation operation. The particles that are better are replaced.

This can make the algorithm jump out of the local optimum.
3.2.1. Staged adaptive inertia weight
Different from the fixed linear weight in AWPSO [14], the weight decays linearly

with iteration progress:

W(t) = Wmax — %(Wmax - Wmin)a Wiax = 0.9 and wyj, = 0.4 (10)

max

Early iterations adopt large weight for wide-range mountain global search; late

iterations adopt small weight for precise vertical obstacle clearance adjustment.
3.2.2. Aggregation-aware adaptive elite Gaussian mutation

Step 1: Calculate population aggregation degree S each iteration to reflect particle
clustering level:
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D
1
S = Ddz_zlstd(xld,XZd,...,Xdi)/?)O (11)

where D is the total path dimension, std is the standard deviation of particle coordinate,
S € [0, 1] and a smaller value means particles converge more severely.

Step 2: Dynamic mutation probability and Gaussian variance adjusted by S:
P=03x(1-S), 0=12/(S+0.2) (12)

When S < 0.15, mutation probability and perturbation variance are amplified to
escape local optima.
Step 3: Elite particle Gaussian perturbation formula

Xi = Pest,i * (1 + Gaussion(, 0'2), if P > rand(0, 1) (13)

Step 4: Global optimum update rule

Goe — { Phestis Clpvesti) < C(Xi) 1i€ (1,2,..N) o

Xi, Clpoesti) > C(Xi) , i€ (1,2,..N)

Remark 1. After generating mutated particle )Z compare the total cost of original
Dbest,i and mutated trajectory. Only update individual and global optimum if mutated
path has lower cost, avoiding performance degradation caused by invalid random
disturbance. We select 50% elite ppes; particles for mutation, and simulation results

verify this ratio achieves optimal balance between diversity and stability.

3.2.3. Cubic spline smoothing

Among them, it represents the position of the mutated particle that has undergone
Gaussian mutation. If the probability P satisfies the condition, the Gaussian mutation
operation is performed, so that the particle can jump out of the local optimum. Finally,
in order to make the drone path smoother, cubic spline interpolation is used between the
start and end points. It makes the path smoother without mutation, which is in line with

the kinematics of the drone. The effect before and after smoothing is shown in Figure 3.

—O-

0.5+
0+ /
-0.5

O Interpolation point
Before smoothing
After smoothing

I

15 I L
-3 -2 -1 0 1 2 3

Figure 3. The effect of cubic spline interpolation.
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3.3. Algorithmic steps of the EPSO-AWGM

The algorithm flow of using the Gaussian mutation compression factor particle
swarm algorithm to solve the UAV three-dimensional path is as follows (see
Algorithm 1).

Algorithm 1 EPSO-AWGM for 3D UAV path planning

1
2.
3.
4

® N oW

Initialize 3D mountain environment, start (1,1,1), target (29,29,17), all hyperparameters.
Randomly initialize particle position & velocity within [0,30] space, execute boundary clipping.
Calculate initial cost C for all particles, initialize ppesti and global Gues.

Fort=1 to Tmax:

a. Compute staged adaptive inertia weight w(t) via Equation (10).
Calculate population aggregation degree S via Equation (11).

o

Update particle velocity & position via contraction-factor PSO Equations (6) and (7), clip out-of-bound
coordinates.

d Compute current flight cost of each particle, update puesi if current cost is lower.

e Calculate dynamic mutation P,c via Equation (12).

f. Randomly select 50% elite prest particles to execute Gaussian mutation Equation (13).

g Compare mutated trajectory cost, update global Gyes via Equation (14).

After iteration termination: extract discrete optimal waypoints from Gupest.

Execute cubic spline interpolation to generate a smooth continuous trajectory.

Dense sampling collision detection on smooth curve; roll back discrete path if collision exists.
Output final collision-free smooth UAV flight trajectory.

3.4. Theoretical analysis of EPSO-AWGM

3.4.1. Convergence stability analysis

The staged weight w(t) monotonically decreases within [0.4,0.9], satisfying the
contraction-factor PSO convergence sufficient condition. All particle coordinates are
constrained in [0,30] via boundary clipping, so the particle search space is bounded

without divergence during iterations.
3.4.2. Theoretical properties of adaptive Gaussian mutation

Gaussian distribution has high probability density near zero for local fine-tuning
of UAVs’ waypoints, and low-probability large jumps to escape local optimal mountain
basins. The elite fitness retention rule ensures the global optimal cost sequence
is monotonically non-increasing, guaranteeing algorithm optimization monotonicity.
Dynamic mutation intensity controlled by aggregation degree avoids over-disturbance

of dispersed elite populations.
3.4.3. Big-O computational complexity derivation

(1) PSO/AWPSO: O(Np * Tpax * D)
(2) EPSO-AWGM: O(Np * Tnax # D + 0.5 * Np + D + N?_ )

node

Remark 2. Extra overhead comes from elite Gaussian mutation and cubic spline

interpolation. The cubic spline complexity N>

- de 1S negligible under waypoint number

D = 30, which will not affect offline UAVs pre-mission planning efficiency.

11
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3.4.4. UAVs real-time performance trade-off analysis

For offline pre-mission forest reconnaissance planning, the marginal extra
computation time of EPSO-AWGM is fully acceptable. For online dynamic obstacle
avoidance tasks, future work will optimize lightweight mutation and reduce path node

quantity to lower time complexity and meet real-time response requirements.

4. Experimental simulation

4.1. Simulation parameters

In order to verify EPSO-AWGM performance, we set the 3D mountain benchmark
environment: 5 multi-peak mountain obstacles, start (1,1,1), target (29,29,17). Five
comparative algorithms are selected: PSO, AWPSO, SSA-AW [19], A*-GWO [20],
EPSO-AWGM. Unified hyperparameters for all algorithms: Np = 20, Tyax = 50.
Each algorithm runs independently 20 repeated trials in the environment to eliminate
random error interference. The simulation indicators include average computation time,
optimal/average fitness, fitness standard deviation, shortest/average path length, and
trajectory curvature variance. Core parameter settings are listed in Table 3.

Table 3. Algorithm parameter settings.

Parameters Value Parameter selection basis

Particle population Np 20 Mainstream UAVs PSO planning literature setting
Maximum iteration Tmax 50 Balances convergence effect and computation cost

Inertia weight bounds Wmax/Wmin 0.9/0.4 Grid search pre-experiment optimal group

Acceleration coefficient o ,0 2 Standard contraction-factor PSO setting

Elite mutation ratio 50% Pre-experiment verified optimal diversity-stability balance
Weight coefficient & 0.7 Ablation contrast: 4> 0.7 leads to collision paths; 6 < 0.7 causes redundant long trajectories
UAV safety radius r; 0.5m Small fixed-wing UAVs actual size parameter

Mountain obstacle base radius r; 12m Terrain safety buffer threshold

Start (1,1,1) Unified predefined flight origin

Target (29,29,17) Unified predefined mission endpoint

4.2. Quantitative simulation results

PSO exhibits the worst performance with maximum average fitness, longest path
length and largest fitness standard deviation, proving severe premature convergence in
multi-peak terrain. AWPSO, SSA-AW and A*-GWO achieve moderate optimization
effects via single adaptive weight or mutation improvement, yet their average path
length and trajectory smoothness (curvature variance) are inferior to EPSO-AWGM.
EPSO-AWGM obtains the minimum optimal/average fitness, shortest average flight
path and far lower curvature variance due to cubic spline smoothing. Although
its average computation time is slightly higher than AWPSO, the extra overhead
comes from elite Gaussian mutation and spline post-processing modules, which bring

significant trajectory quality improvement.

4.3. Path visualization and convergence curve analysis

The 3D spatial trajectory and 2D horizontal projection of PSO, AWPSO and
EPSO-AWGM are shown in Figures 4—6 respectively. PSO outputs an approximate
straight-line path passing over the highest mountain peak, generating excessive

12
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climbing altitude and redundant flight distance. AWPSO avoids the highest peak but
falls into a local optimum near the last mountain obstacle, producing redundant detour
segments. EPSO-AWGM searches a smooth low-altitude channel between mountain
peaks without redundant climbing or detour, with continuous curvature and no sharp

turning points consistent with UAV kinematic constraints.

30

25

0 5 1 15 20 2% 30
xm

(a) 3D visualization of planned path (b) 2D horizontal projection of planned path

Figure 4. Path diagram of the PSO algorithm.
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Figure 5. Path diagram of AWPSO algorithm.
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Figure 6. Path diagram of EPSO-AWGM algorithm.

In order to more clearly see the flight path under the three algorithms, Figures
4—-6 show the flight path in the 3D environment and the corresponding 2D top-down
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view. From the flight paths under the three algorithms, it can be seen that the basic PSO
algorithm in Figure 4 leaps over the mountain. Although there is no mountain collision
during the flight, the actual process often increases a lot of fuel consumption, causing
unnecessary flight costs. The AWPSO in Figure 5 significantly reduces the redundant
flight path relative to the PSO. However, there is an extra path at the last mountain
obstacle, which is stuck in a local optimum. Compared with the above two algorithms,
the proposed EPSO-AWGM algorithm in Figure 6 has better smoothness on the path,
and reduces the redundant flight path. The flight space is relatively stable and excellent.

The calculation results and iteration diagrams of the above three algorithms are shown
in Table 4 and Figure 7, respectively.

Table 4. Calculation results of UAV paths under three algorithms.

A Calculation time Fitness Average . Path optimal Average path length Curvature
Algorithms . Fitness std. .
mean (s) optimum fitness value (m) (m) variance

PSO 380.41 51.48 63.83 8.72 70.83 70.83 12.67
AWPSO 287.15 42.94 43.83 2.15 4423 48.11 8.32
SSA-AW 301.68 42.81 43.65 1.98 43.76 47.27 7.95
A*-GWO 326.94 42.76 43.52 1.84 4.341 46.89 7.61
EPSO-AWGM 314.52 42.70 43.40 1.63 42.93 45.58 2.14
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Figure 7. Iterative diagram of three algorithms.

Figure 7 illustrates the fitness iteration curves of the three algorithms over 50
iterations, where fitness is defined as the path distance cost in this simulation. As shown
in Figure 7, the standard PSO algorithm tends to become trapped in local optima during
the later stages of optimization due to its strong dependence on initial parameter settings.
In contrast, the AWPSO algorithm demonstrates improved performance, successfully
escaping local optima around the fourth iteration. Notably, the proposed EPSO-AWGM
algorithm exhibits even more pronounced global search capability. This improvement
is primarily attributed to the introduction of a contraction factor, which balances particle
optimization behavior throughout the iterative process, and the incorporation of a

Gaussian mutation operator in the later stages. These mechanisms collectively enhance
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the stability and robustness of the search process, enabling the algorithm to escape local
optima more effectively. The results further validate the effectiveness of the proposed
approach.

5. Conclusion

This paper proposes an improved particle swarm optimization algorithm
(EPSO-AWGM) that integrates adaptive inertia weights and a Gaussian mutation
mechanism, aiming to solve the inherent defect of the traditional PSO algorithm in
premature convergence in 3D UAV path planning. Considering that the optimization
performance of PSO algorithm largely depends on the initial setting of control
parameters and their adjustment strategies during the iteration process, this paper
introduces an adaptive inertia weight mechanism, which enables the inertia weight to
dynamically adjust according to the current population’s evolutionary state and search
progress—assigning larger weight values in the early stage of search to maintain
strong global exploration ability, and gradually reducing weights in the later stage of
search to promote local fine development, thus achieving an effective dynamic balance
between exploration and utilization. In addition, to further enhance the algorithm’s
ability to escape from local extremum traps, a Gaussian mutation operation with
preset probabilities was introduced in the middle and later stages of optimization:
when the convergence trend of the population tends to stagnate, a random disturbance
that conforms to a Gaussian distribution is applied to the position component of the
current optimal particle with a certain probability, generating a mutation solution and
comparing it with the original solution, only retaining individuals with better fitness to
enter the next generation population. This mechanism effectively enriches population
diversity and significantly increases the probability of the algorithm escaping from
local optima. At the same time, considering that the path node sequence directly
output by the original PSO algorithm often has unnecessary path oscillations and
heading mutations, which may affect the actual flight quality of the drone, this paper
adopts the cubic spline interpolation method to perform curve fitting and smoothing
processing on the generated discrete waypoints, effectively eliminating redundant
fluctuations in the trajectory while ensuring no collision constraints, making the
final drone flight path more continuous, smooth, and in line with aircraft dynamics
constraints. The comparative experimental results in complex terrain environments
show that compared with the standard PSO algorithm and adaptive weighted PSO
(AWPSO), the EPSO-AWGM proposed in this paper exhibits significant advantages
in multiple evaluation indicators such as solution quality, path length, safety, and
trajectory smoothness.

Future research can be advanced in three key directions: firstly, we will
extend the algorithm to high-dimensional real-world scenarios by combining coupled
multi-physics field constraints, including wind interference, flight energy consumption,
and communication link limitations, to improve its practicality under real flight
conditions. Secondly, we will explore collaborative path planning for multiple drone
swarms, achieving coordinated formation flying and reasonable task allocation under
the constraints of collision avoidance, task priority, and communication topology
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among drones. Thirdly, for large-scale multi-objective task scenarios, we will combine
the proposed EPSO-AWGM with a distributed computing architecture to further
improve computational efficiency and online response speed, meeting the demand for

real-time path replanning in dynamic and uncertain environments.
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