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ABSTRACT: Path planning for Unmanned Aerial Vehicles (UAVs) in complex environments presents several
challenges. Traditional algorithms often struggle with the complexity of high-dimensional search spaces, leading to
inefficiencies. Additionally, the non-linear nature of cost functions can cause algorithms to become trapped in local
optima. Furthermore, there is often a lack of adequate consideration for real-world constraints, for example, due
to the necessity for obstacle avoidance or because of the restrictions of flight safety. To address the aforementioned
issues, this paper proposes a dynamic weighted spherical particle swarm optimization (DW-SPSO) algorithm. The
algorithm adopts a dual Sigmoid-based adaptive weight adjustment mechanism for balancing global exploration and
local exploitation, as well as a lens-based opposition learning one to improve search flexibility and solution diversity.
Simulation experiments on real digital elevation models demonstrate that DW-SPSO significantly outperforms recent
state-of-the-art particle swarm optimization (PSO) variants in terms of path safety, smoothness, and convergence
speed. The performance superiority is statistically validated by the Wilcoxon signed-rank test. The results confirm
the algorithm’s effectiveness in generating high-quality UAV paths under diverse threat conditions, offering a robust
solution for autonomous navigation systems.

KEYWORDS: Dynamic weight adjustment; lens opposition learning; particle swarm optimization; path planning;
unmanned aerial vehicles

1 Introduction
Over the past few decades, Unmanned Aerial Vehicles (UAVs) have been widely used for reconnaissance

and surveillance, express delivery, and rescue purposes. A key part of the UAV navigation system is to plan
the optimal flight routing. The flight route planning task involves identifying multiple flight waypoints from
origin to destination while accounting for various operational constraints, including environmental factors
and energy efficiency considerations [1].

Secure path planning for UAVs is highly important in improving the autonomy and intelligence of
UAVs, thus attracting much attention from people. Concerning the path planning challenges for UAVs or
robots, various techniques have been proposed by scholars both domestically and internationally [2,3]. For
instance, the A* algorithm is capable of identifying near-optimal paths in simple, small-scale environments
through heuristic cost evaluation. In complex and exponentially expanding search spaces, challenges arise
in accurately estimating unknown path costs, leading to suboptimal solutions and increased computation
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time [4]. In contrast, the traditional RRT with a random tree can efficiently find a feasible path by randomly
sampling points in low-dimensional environments with limited knowledge, outperforming environment-
dependent methods such as the Probabilistic Roadmap for single-query planning. However, due to its
inherent cost-agnostic nature, RRT cannot guarantee optimality, exhibiting a low probability of achieving
optimal solutions in large-scale search spaces and failing to meet practical demands for rapid, high-quality
path generation [5,6].

Metaheuristic algorithms are different from classical methods in that they can solve complex combina-
torial optimization problems better. Therefore, they were extensively employed in multi-UAV path-planning
research. These are genetic algorithms (GA) [7] and differential evolution (DE) [8]. Algorithms for swarm
intelligence include ant colony algorithm(ACO) [9], the artificial bee colony (ABC) algorithm [10], the moth
flame optimization (MFO) [11], and the butterfly optimization algorithm (BOA) [12]. Further refinements of
metaheuristics are evident in domains like energy systems, where a stable social learning swarm optimizer
excelled in photovoltaic design optimization [13], highlighting a focus on stability and reliability—equally
vital for robust UAV path planning. Particle swarm optimization (PSO) [14,15], in particular, has been
extensively utilized, and numerous PSO variants have been proposed.

The PSO algorithm is a collective behavior inspired by the swarm intelligence observed in bird flocks
and fish schools. PSO was selected for UAV path planning owing to its computational efficiency, rapid
convergence, and adaptability to complex environments [16,17]. Unlike evolutionary algorithms that depend
on mutation and crossover, PSO achieves stable convergence with lower computational cost by balancing
individual and collective intelligence. Its parallel structure also facilitates real-time execution on embedded
systems, ideal for UAV applications. Its effectiveness stems from two intrinsic swarm intelligence principles:
cognitive coherence (individual experience) and social coherence (collective experience). In contrast to
traditional evolutionary algorithms, which depend on mutation and crossover operations, PSO allows
each particle to iteratively enhance solutions by dynamically balancing its own historical best performance
with the swarm’s global best. This unique mechanism allows PSO to converge stably toward near-optimal
solutions, significantly cutting computational time compared to other nature-inspired methods. Moreover,
PSO shows limited sensitivity to initial conditions and objective function variations, while adapting to
complex environments through minor parametric adjustments, mainly involving an acceleration coefficient
and two weighting factors. Novel analytical frameworks have advanced both the theoretical understanding
and practical efficacy of metaheuristics. For instance, complex network theory has been employed to reveal
how swarm connectivity influences PSO performance [18], while spherical vector-based and adaptive PSO
variants have demonstrated significant improvements in path planning under threats and complex system
optimization, respectively [19,20]. Owing to its inherently parallel architecture, PSO can be efficiently imple-
mented on multi-core processors, GPUs, or distributed computing clusters, fulfilling real-time processing
needs for both offline and online path planning scenarios [21]. Leveraging these benefits, the PSO algorithm
is extensively utilized in UAV path planning, with several enhanced variants having been developed. Phung
and Ha [22] developed a motion-encoded particle swarm optimization (MPSO) algorithm for UAV moving
target search, encoding search trajectories as motion segments to preserve swarm coherence.

Observation shows that while current UAV path planning algorithms may enhance efficiency temporar-
ily, they usually have a sluggish convergence rate and a tendency to be captured by local optima. Even more
critically, they do not properly guarantee UAV operation safety. The spherical vector particle swarm optimiza-
tion (SPSO) algorithm was proposed by Phung and Ha [14], which incorporates spherical vector encoding
to inherently link with UAV kinematics, thereby guaranteeing path feasibility. However, conventional fixed
weight approaches lack the capacity to dynamically balance exploration and exploitation, resulting in delayed
response to emergent threats. Building on these insights and utilizing the flight characteristics of UAVs,
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this paper presents a novel dynamic weighted spherical particle swarm optimization (DW-SPSO) algorithm.
This advancement integrates real-time threat distance adaptive coefficient adjustment to optimize the trade-
off between global exploration and local exploitation. Moreover, to increase route diversity under threat
scenarios and enhance path safety, a lens imaging principle-based opposition learning strategy is integrated
to boost the algorithm’s exploratory and exploitative abilities.

The UAV path planning issue is articulated by establishing an objective function that is capable of
accounting for differing needs and restrictions related to UAVs as well as to flight paths. A novel PSO
algorithm with some improvements through strategic application is provided. This process leverages the
UAV’s configuration space to generate high-quality solutions. Using 2 real digital elevation model (DEM)
maps, ChrismasTerrain and TerrainData, create both simple and complex terrain with 3 and 7 obstacles,
respectively. The enhancement algorithm is compared with the original SPSO and other metaheuristic
approaches. The innovations and contributions of this paper are as follows:

• Dual Sigmoids enable dynamic weight adjustment for balancing global exploration and local
exploitation.

• A lens-based opposition learning strategy is integrated to boost algorithm flexibility and broaden the
search range.

• Simulation experiments on both simple and complex terrains, and comparisons to other algorithms
prove that the improvement of the algorithm is effective and practicable.

• The algorithm demonstrates significant advantages in UAV path-planning for complex terrains, verifying
its practical utility.

The remainder of this paper is structured as follows. Section 2 formulates the threat environment model
and defines the cost functions for UAV path planning. Section 3 details the proposed DW-SPSO algorithm,
including the spherical vector encoding, adaptive weighting strategy, and lens-based opposition learning
mechanism. Section 4 presents the experimental setup, simulation results, a comprehensive comparative
analysis with state-of-the-art algorithms, and a statistical performance validation using the Wilcoxon signed-
rank test. Finally, Section 5 concludes the paper by summarizing the findings and suggesting directions for
future research.

2 Threat Environment Model
This study formulates the path planning problem into the following cost function, incorporating optimal

criteria and relevant constraints for UAVs.

2.1 Optimal Path
Defining appropriate criteria tailored to specific operational scenarios is crucial for a UAV

performing a mission. In this context, the objective is to minimize distance and utilize the flight path
Xi = (Pi1 , Pi2, . . . , Pi j , . . . , Pin), where n denotes the number of waypoints the UAV must visit. Each
waypoint aligns with a path node on the map, with the path nodes’ coordinates being Pi j = (xi j , yi j , zi j), and
for two path nodes, the Euclidean distance is ∥����→Pi jPi , j+1∥, resulting in the cost for the path length:

F1(Xi) =
n−1
∑
j=1
∥����→Pi jPi , j+1∥ (1)
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2.2 Safety and Feasibility Constraints
UAV path planning: Completing the path planning requires ensuring the safe movement of the UAV

by mitigating threats posed by obstacles. Let K denote the set of all threats, with each threat modeled as a
cylinder. According to the definition illustrated in Fig. 1, Ck represents the projected center coordinate of the
k obstacle on the horizontal plane, with a corresponding radius Rk . While prior studies often approximate the
UAV as a dimensionless particle due to its compact size, this work explicitly incorporates the UAV’s spatial
occupancy. To enhance threat assessment precision. Specifically, the UAV is assigned a safety diameter D. For
a path segment

����→
Pi jPi , j+1, let dk denote the Euclidean distance from the obstacle center Ck to this segment.

The associated threat cost is proportional to this distance dk . By integrating these geometric parameters,
the proposed framework enables a more rigorous quantification of collision risks during UAV navigation
through threat-laden environments.

Figure 1: Determination of the threat cost

The threat cost F2, a measure of how close the UAV is to obstacles, is computed by evaluating the distance
from each waypoint Pi j to the collision zone within the obstacle set K, relative to the safety margin S.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

F2(Xi) =
n−1
∑
j=1

K
∑
k=1

Tk(
����→
Pi jPi , j+1),

Tk(
����→
Pi jPi , j+1) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0, if dk > S + D + Rk

(S + D + Rk) − dk , if D + Rk < dk ≤ S + D + Rk

∞, if dk ≤ D + Rk

(2)

The safety diameter D is determined by the physical dimensions of the UAV, while the safety margin
S is influenced by various operational factors, including environmental conditions and positioning system
accuracy. For example, in static environments with reliable GPS, S typically ranges from several tens
of meters.
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During mission execution, the UAV’s flying altitude is typically constrained between predefined
minimum and maximum thresholds, denoted as hmin and hmax, respectively. These constraints arise
from application-specific demands, such as ensuring adequate resolution and field of view for visual data
acquisition in surveying or search tasks. The altitude cost associated with a waypoint Pi j is computed as
follows:

Hi j =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

∣hi j −
(hmax + hmin)

2
∣ , if hmin ≤ hi j ≤ hmax

∞, otherwise
(3)

The altitude hi j denotes the UAV’s vertical distance relative to the ground, while Hi j is determined
by Eq. (3), which ensures compliance with a set mean altitude while penalizing deviations beyond the
acceptable range. As a result, the altitude cost function is expressed as:

F3(Xi) =
n
∑
j=1

Hi j (4)

Evaluating the smoothing cost requires calculating both the turning angle and the climbing angle. As
illustrated in Fig. 2 and mathematically defined in Eq. (6), the turning angle φi j is defined as the angle
between the two projected path segments on the Oxy plane. Let k⃗ denote the unit vector along the z-axis.
The projected vector can then be mathematically expressed as:

����→
P′i jP

′
i , j+1 = k⃗ × (����→Pi jPi , j+1 × k⃗) (5)

Figure 2: Turning and climbing angle calculation

Thus, the turning angle is determined by:

φi j = arctan
⎛
⎜⎜⎜
⎝

∥
����→
P′i jP′i , j+1 ×

������→
P′i , j+1P′i , j+2∥

����→
P′i jP′i , j+1 ⋅

������→
P′i , j+1P′i , j+2

⎞
⎟⎟⎟
⎠

(6)
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The climb angle, denoted as ψi j, is the angle between the ascent trajectory of the UAV and the horizontal
plane. Specifically, the climb angle ψi j represents the angular deviation between the actual path segment
����→
Pi jPi , j+1 and its horizontal projection

����→
P′i jP′i , j+1. The term zi , j+1 − zi j corresponds to the difference in altitude

(vertical displacement) between two consecutive waypoints. Thus, the climb angle is calculated as:

ψi j = arctan
⎛
⎜⎜⎜
⎝

zi , j+1 − zi j

∥
����→
P′i jP′i , j+1∥

⎞
⎟⎟⎟
⎠

(7)

The smoothing cost is formulated as follows:

F4(Xi) = a1

n−2
∑
j=1

φi j + a2

n−1
∑
j=1
∣ψi j − ψi , j−1∣ (8)

where a1 and a2 are the penalty coefficients for the turning angle and climbing angle, respectively.

2.3 Total Cost Function
Taking into account the optimality, safety, and feasibility constraints related to the path Xi , the overall

cost function for the entire path Xi can be defined through Eqs. (1) to (8):

F(Xi) =
4
∑
k=1

bk Fk(Xi) (9)

Choosing the most suitable function for UAV path planning is crucial. This study uses the optimal
overall cost function in complex environments with multiple threats during UAV navigation as a suitable
function. The coefficients bk represent the weights assigned to each cost component.

3 Optimal Path

3.1 Particle Swarm Optimization Algorithm Based on Spherical Vector
The SPSO algorithm encodes each flight path as a sequence of vectors, where each vector represents the

UAV’s movement from one waypoint to the next [14]. These vectors are expressed in spherical coordinates
and comprise three components: magnitude ρ ∈ (0, path length), elevation angle ψ ∈ (− π

2 , π
2 ), and azimuth

angle φ ∈ (−π, π). Consequently, a flight path Ω i consisting of n waypoints are represented as a spherical
vector sequence with N = n − 2 elements:

Ω i = (ρi1 , ψi1 , ϕi1 , ρi2, ψi2, ϕi2, ⋅ ⋅ ⋅ , ρi N , ψi N , ϕi N), N = n − 2 (10)

The spherical vector (ρi j , ψi j , ϕi j) is denoted as ui j. For a swarm of M particles searching in an
N-dimensional space (where N corresponds to the number of spherical vector components representing the
path), the update equations of SPSO are defined as follows:

Δut+1
i j ← wt ⋅ Δut

i j + cgpi(t)rt
1 j (qt

i j − ut
i j) + cggi(t)rt

2 j (qt
g j − ut

i j) (11)
ut+1

i j ← ut
i j + Δut+1

i j , (i = 1, 2, . . . , M; j = 1, 2, . . . , N) (12)

In these equations, cgpi(t) and cggi(t) represent the cognitive and social acceleration coefficients at
iteration t, respectively, whose adaptive design is detailed in Section 3.2. The terms rt

1 j and rt
2 j are uniform
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random numbers within [0, 1] sampled for each dimension j and iteration t, introducing stochasticity to
the search process. The local best and global best positions of particles are represented by the vector sets
Qi = (qi1 , qi2, . . . , qi N) and Gi = (gi1 , gi2, . . . , gi N), respectively. Determining Qi and Gi requires construct-
ing the vector flight path map Ω i , which directly evaluates the relevant costs. The transformation from the
spherical coordinate vector ui j = (ρi j , ψi j , ϕi j) ∈ Ω i to the Cartesian waypoint Pi j = (xi j , yi j , zi j) ∈ Xi is
performed as follows:

xi j = xi , j−1 + ρi j sin ψi j cos ϕi j (13)
yi j = yi , j−1 + ρi j sin ψi j sin ϕi j (14)
zi j = zi , j−1 + ρi j cos ψi j (15)

Using spherical vectors in SPSO mainly relies on improvement in navigation safety through establishing
mathematical correlations between the vector components (magnitude, elevation, and azimuth) and the
UAV’s kinematic parameters (velocity, turning angle, and climb angle). With this, particle-based solutions
search through space-configuration instead of spaceCartesian, thereby increasing the possibility of finding
good quality trajectories. Notably, the elevation and azimuth parameters inherently enforce constraints on
steering and climb angles through their geometric definitions, substantially constraining the solution space.

3.2 Adaptive Weighting Strategy
Conventional UAV path planning employs metaheuristic algorithms with static parameters to strike

a balance between exploration and exploitation. Fixed acceleration coefficients and inertia weights lack
adaptability to nonlinear cost functions or dynamic threats. Similarly, standard SPSO uses static spherical
vector encoding with constant social-cognitive coefficients, integrating UAV kinematics geometrically but
missing the dynamic exploration-exploitation balance. This rigidity causes slow convergence and local
optima trapping in complex environments due to unresponsiveness to changing solution landscapes. To
address this limitation, a dual Sigmoid-based adaptive acceleration mechanism modulating cognitive and
social coefficients in real-time via particle-best Euclidean distances and iteration phases. The proposed
mechanism for dynamic search landscapes boosts optimization efficiency and solution quality.

The proposed mechanism adaptively adjusts the cognitive coefficient cgpi(t) and the social coefficient
cggi(t) for each particle i at iteration t. The adjustment is governed by the real-time Euclidean distances
between the particle’s current position xi(t), and its personal best position pi(t), as well as the global
best position gi(t) found by the entire swarm so far. The coefficients are defined by the following Sigmoid
functions, where b1 and b2 are constant scaling parameters that define the maximum possible values for
the cognitive and social coefficients, respectively. They are determined empirically to set an upper bound
for the acceleration influence. The terms ∥pi(t) − xi(t)∥ and ∥gi(t) − xi(t)∥ denote the Euclidean distances
representing how far the particle is from its personal best solution and global best solution, respectively.

cgpi(t) =
b1

1 + e−a1(t)⋅∥pi(t)−xi(t)∥ (16)

cggi(t) =
b2

1 + e−a2(t)⋅∥gi(t)−xi(t)∥ (17)

The parameters a1(t) and a2(t) are time-varying steepness parameters that control the sensitivity
of the Sigmoid functions to these distances. Their values evolve throughout the optimization process to
enforce distinct behaviors during different search phases. The parameter a1(t), associated with the cognitive
component, increases linearly with the iteration count t. This progressive increase amplifies the sensitivity
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of cgpi(t) to the distance ∥pi(t) − xi(t)∥ during the later stages of optimization. As a result, particles
are increasingly encouraged to refine their search around their personal best positions, enhancing local
exploitation. Conversely, a2(t), governing the social component, decreases linearly with t. This reduction
boosts the responsiveness of cggi(t) to the global distance ∥gi(t) − xi(t)∥ primarily during the early phases,
promoting robust global exploration by drawing particles more strongly towards the swarm’s best-found
region. The opposing evolutionary trends of a1(t) and a2(t) ensure a smooth and automatic transition from
a broad, exploratory search to a focused, exploitative refinement. Notably, the sum a1(t) + a2(t) = 3ainitial
remains constant throughout the process, ensuring computational balance.

a1(t) = ainitial ⋅ (1 +
t

tmax
) (18)

a2(t) = ainitial ⋅ (2 −
t

tmax
) (19)

The inherent monotonic increasing property of the Sigmoid function is central to the mechanism’s
behavior. The acceleration coefficients increase as the corresponding distances increase. When a particle is far
from a the best position, the argument of the Sigmoid becomes a large positive number, causing cgpi(t) and
cggi(t) to approach their maximum values b1 and b2. This generates strong acceleration forces, compelling
the particle to move rapidly towards the promising best position to bridge the large gap. Conversely, when
a particle is already close to a best position, the argument of the Sigmoid becomes small, causing the
coefficients to diminish towards lower values. This allows for gentle, precise adjustments in the vicinity of the
best position, preventing overshooting and facilitating fine-tuned local search. This intelligent design aligns
the magnitude of velocity updates with the immediate optimization need: aggressive movement towards
distant promising areas and cautious refinement within nearby regions. The intelligent design ensures
vigorous exploration of vast search spaces while maintaining stable exploitation in promising regions without
disrupting the convergence process.

By incorporating this dynamic state awareness and phase-dependent tuning into the acceleration coef-
ficients, the proposed mechanism effectively addresses the rigidity of static PSO parameter configurations.
The proposed mechanism offers a more adaptive, efficient, and intelligent approach to balancing exploration
and exploitation in complex UAV path planning problems.

3.3 Lens-Based Opposition Learning Strategy
To overcome the limitations of the SPSO algorithm in balancing global exploration and local exploita-

tion during UAV path planning, which often leads to premature convergence and slow optimization, this
paper incorporates a lens imaging-based opposition learning strategy [23]. This method enhances the
algorithm’s ability to explore uncharted regions of the search space while simultaneously refining solutions
in promising areas, thereby improving both population diversity and convergence speed. The core idea is
inspired by the conjugate relationship between an object and its image in geometric optics, where a convex
lens generates a symmetrical image of an object. By analogizing the current solution (particle position) to
an object, its opposition solution (mirror point) can be dynamically generated within the solution space,
facilitating a bidirectional search mechanism.

Mathematically, for a particle located at position x within the current search boundaries [a, b] in a given
dimension, its lens-based opposition solution x∗ is calculated using the lens imaging formula:

u∗i j =
a + b

2
+ a + b

2k
−

ui j

k
(20)
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Here, k > 0 is a scaling factor that controls the degree of opposition. This factor is dynamically adjusted
throughout the iterations to balance exploration and exploitation. Initially, a larger k value pushes the
opposition solution closer to the center of the search space, encouraging exploration of broader regions. As
the optimization progresses, k is linearly decreased to a smaller value, which draws the opposition solution
nearer to the current solution, thus promoting local refinement around promising areas. The dynamic update
of k is governed by:

kt = kmax −
kmax − kmin

tmax
⋅ t (21)

where t is the current iteration and tmax is the maximum number of iterations. Furthermore, the search
boundaries [a, b] for each dimension are not fixed but are dynamically contracted based on the distribution
of the current population, focusing the search on increasingly promising regions. The process of generating
an opposition solution via this strategy is conceptually illustrated in Fig. 3, which depicts the optical analogy
of an object at x forming an image at x∗ through a lens placed at the midpoint o = (a + b)/2.

Figure 3: Oppositional learning based on lens imaging principle

The integration of this lens-based opposition learning into the SPSO framework occurs after the
standard velocity and position update. For each particle, an opposition solution is generated in the spherical
coordinate space using Eq. (20). The fitness of this new solution is evaluated and compared against the
original particle’s fitness. If the opposition solution yields a better fitness value, the opposition solution
replaces the current particle in the swarm. This mechanism injects new, high-quality solutions into the
population, enhancing diversity and providing an effective means to escape local optima. The strategy
systematically improves the algorithm’s performance by leveraging the inherent duality and symmetry of
optical systems, resulting in a more robust and efficient balance between exploration and exploitation for
complex UAV path planning problems.

3.4 Application of DW-SPSO in UAV Track Planning
The implementation of the DW-SPSO algorithm in the trajectory planning of UAVs incorporates

spherical vector encoding, dynamic weight adjustment, and a lens-based opposition learning strategy,
thereby establishing a comprehensive optimization framework. The algorithm’s core task is to balance global
exploration and local exploitation, enhancing solution diversity through concepts from geometric optics
theory. This is an attempt to create relatively safe and smooth flight paths in dangerous threat environments.
Flowchart of DW-SPSO, as delineated in Algorithm 1, shares a structural resemblance with other PSO
algorithms, including parameter initialization, particle generation, and swarm evolution. Nevertheless,
DW-SPSO primarily distinguishes itself from other PSO algorithms through the representation of particle
positions and velocities, as well as the update equations. This unique design enables DW-SPSO to address
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the path planning issue for UAVs in complex environments more effectively, ensuring their safe and efficient
task execution.

Algorithm 1: DW-SPSO for UAV path planning
1: /* Initialization: */
2: Get search map and path planning information;
3: Set parameters: a_initial , b1, b2, kmax, kmin, tmax;
4: for each particle i in Popsize do
5: Initialize Ω i , uij; compute F(Xi);
6: end for
7: /* Optimization Loop: */
8: for gen ← 1 to tmax do
9: Update sigmoid parameters a1, a2; /* Eqs. (18), (19)*/

10: for each particle i do
11: Compute individual learning factor cppi and social learning factor cggi; /* Eqs. (16), (17)*/
12: Compute velocity update;
13: Update position Ω i ;
14: Compute fitness F(Xi); /* Eq. (9)*/
15: end for
16: Update global best gij;
17: for each particle i do
18: Compute backward solution x∗; /* Eq. (20) */
19: Compute fitness Fnew(Xi);
20: if Fnew(Xi) < F(Xi) then
21: Replace Ω i with x∗;
22: end if
23: end for
24: end for
25: return Ω i ;

4 Experimental Simulation and Analysis
To examine the performance of the enhanced PSO algorithm, a series of computational simulations

were conducted for comparative analysis and experimental verification.

4.1 Evaluation Using DEM Maps
The evaluation scenarios are based on the public 5 metre DEM of Australia, derived from a LiDAR

dataset, openly provided by Australia [24]. This dataset is available under a Creative Commons Attribution
4.0 International Licence from the official portal (https://elevation.fsdf.org.au/). Two distinct terrain patches
on Christmas Island (approximate extent: 105.53○E to 105.65○E, 10.42○S to 10.55○S) were selected and
extended to create two benchmarking scenarios: the ChristmasTerrain model and the TerrainData model.
The number and placement of threats, represented by green cylinders, vary in complexity between these
scenarios. Table 1 displays the environmental parameters for the simple and complex obstacle configura-
tions within the ChristmasTerrain model, while Table 2 provides the corresponding parameters for the
TerrainData model.

https://elevation.fsdf.org.au/
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Table 1: ChrismasTerrain obstacle model simulation parameters

Scenarios1 Scenarios2

Name Center position Radius Name Center position Radius
Start (200, 100, 150) – Start (200, 100, 150) –
End (800, 800, 150) – End (800, 800, 150) –

Obstacle 1 (400, 500, 100) 80 Obstacle 1 (500, 150, 140) 70
Obstacle 2 (400, 300, 120) 90 Obstacle 2 (650, 600, 120) 60
Obstacle 3 (500, 150, 140) 70 Obstacle 3 (700, 550, 150) 70

Obstacle 4 (300, 750, 100) 80
Obstacle 5 (600, 750, 50) 80
Obstacle 6 (300, 500, 150) 60
Obstacle 7 (700, 300, 100) 60

Table 2: TerrainData obstacle model simulation parameters

Scenarios3 Scenarios4

Name Center position Radius Name Center position Radius
Start (10, 10, 200) – Start (10, 10, 200) –
End (400, 400, 150) – End (400, 400, 150) –

Obstacle 1 (100, 300, 100) 30 Obstacle 1 (300, 300, 100) 30
Obstacle 2 (300, 300, 100) 20 Obstacle 2 (200, 100, 100) 20
Obstacle 3 (100, 50, 100) 30 Obstacle 3 (100, 200, 100) 30

Obstacle 4 (300, 100, 100) 20
Obstacle 5 (200, 50, 100) 20
Obstacle 6 (150, 350, 100) 30
Obstacle 7 (180, 300, 150) 80

4.2 Parameter Setting
The proposed DW-SPSO is compared with standard PSO [25] and some state-of-the-art PSO variant

algorithms, including APSO [26], AWPSO [27], DSPSO [28], SPSO [14], VPPSO [29], PPSOBAS [30]
and TS-CEPSO [31]. APSO adapts parameters based on the population state. AWPSO employs an
S-type function-based weighting strategy. DSPSO incorporates dynamic differential mutation. SPSO utilizes
spherical coordinates for path encoding. VPPSO uses a “velocity pausing” mechanism to maintain diversity.
PPSOBAS hybridizes PSO with the Beetle Antennae Search algorithm. TS-CEPSO integrates chaotic maps
and feasibility rules for complex constraints.

To ensure experimental fairness and comparability, all algorithms were configured under consistent
conditions: a population size of 100 and a maximum of 100 iterations. The parameter settings for all
compared algorithms were meticulously adopted from their respective original publications or authoritative
implementations to ensure a faithful and unbiased comparison. The complete parameter configurations are
summarized in Table 3.
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Table 3: Parameter settings for all compared algorithms

Algorithm Source Parameter settings
PSO [25] c1 = 1.49445, c2 = 1.49445, Vmax = 5, Vmin = −5

APSO [26] Adaptive parameters: W ∈ {0.4, 0.9}, c1 ∈ {1.0, 1.5, 2.0},
c2 ∈ {1.0, 1.5, 2.0}

AWPSO [27] wmax = 0.9, wmin = 0.4, cinitial
1 = 2.5, cinitial

2 = 0.5, cfinal
1 = 0.5, cfinal

2 = 2.5
DSPSO [28] c1 = 2.0, w = 1 − (1 − 0.7) ⋅ t

Tmax
, Mutation probability Pm = 0.1

SPSO [14] w = 0.73, c1 = 1.5, c2 = 1.5, Vmax = 5, Vmin = −5
VPPSO [29] w(t) = exp (−(2.5t/Tmax)2.5), c1 = 1.5, c2 = 1.5

PPSOBAS [30] PSO: c1 = 1.49445, c2 = 1.49445; BAS: d0 = 0.5, δ = 0.1; Tent chaotic
map with a = 0.499

TS-CEPSO [31] wmax = 0.9, wmin = 0.2, Cmax = 1.5, Cmin = 0.2, c1 = C, c2 = 2.5 − c1,
r1 = 0.129, r2 = 0.871

DW-SPSO (Proposed) This work ainitial = 3.1623 × 10−5, b1 = 0.65, b2 = 0.475, wmax = 0.9, wmin = 0.4

For the proposed DW-SPSO algorithm, the key parameters of the dual Sigmoid mechanism (ainitial, b1,
b2) were rigorously optimized. An initial sensitivity analysis of over 200 candidate parameter sets identified
these five parameters as the most influential. Bayesian optimization was then employed to minimize the
average fitness (Eq. 9) within the defined search spaces (ainitial ∈ [10−6, 10−3]; b1 , b2 ∈ [0.1, 2.0]), converging
to the optimal combination listed in Table 3. The algorithm demonstrated robustness to ±10% variations in
these key parameters, with performance degradation remaining below 5%, confirming the stability of the
selected configuration.

A paired sample t-test [32] with a significance level of α = 0.05 (95% confidence) is used to assess
the statistical significance of the performance differences between DW-SPSO and all other algorithms. The
notation D+ indicates that the performance of DW-SPSO is statistically better than the compared algorithm,
D− indicates the DW-SPSO performance is statistically worse, and N indicates no statistically significant
difference (Not Applicable). NA means Not Applicable.

4.3 Comparison between PSO Algorithms
To comprehensively assess the performance of the proposed DW-SPSO algorithm. The experiments

were performed on two distinct terrain models (ChristmasTerrain and TerrainData) with varying obstacle
complexities. They examined the result in terms of the quality of the path, whether it converged or not, as
well as in terms of significance.

To further quantify the path quality, a detailed analysis was conducted on three critical metrics derived
from Eqs. (6)–(8): climb angle, safe distance, and smoothness score. As shown in Table 4, DW-SPSO achieves
the best overall performance with a balanced combination of these metrics. Specifically, the algorithm
maintains a moderate climb angle of 5.30○, which is significantly lower than most competitors (e.g., APSO:
8.90○, SPSO: 8.49○), indicating more stable altitude transitions. In terms of safety, DW-SPSO maintains a
safe distance of 4.98 m, comparable to the best-performing algorithms, while ensuring collision avoidance.
Most notably, DW-SPSO achieves the highest smoothness score of 85.02, demonstrating its superior ability
to generate paths with minimal abrupt turns and altitude changes. This balanced performance across all
three metrics validates the effectiveness of the spherical vector encoding and dynamic weight adjustment in
producing practically feasible UAV paths.



Comput Mater Contin. 2026;87(2):44 13

Table 4: Quantitative comparison of path segment quality

Algorithm Climb angle (○) Safe distance (m) Smoothness score
PSO [25] 6.81 4.73 81.73

APSO [26] 8.90 5.10 79.71
AWPSO [27] 8.19 4.60 84.02
DSPSO [28] 4.85 4.81 83.70
SPSO [14] 8.49 5.03 84.49

VPPSO [29] 8.23 4.91 77.12
PPSOBAS [30] 8.79 4.96 79.99
TS-CEPSO [31] 7.55 4.97 79.58

DW-SPSO (Proposed) 5.30 4.98 85.02

Fig. 4 shows the top-down views of the paths taken by the compared PSO algorithms for the Christmas
Terrain model and TerrainData model, respectively, All algorithms successfully generated feasible paths
that satisfied constraints like path length, obstacle avoidance, and smoothness. Notably, the paths produced
by DW-SPSO exhibit superior adaptability to complex environments, with smoother transitions and fewer
sharp turns, as highlighted in Fig. 5. This demonstrates the effectiveness of the dynamic weight adjustment
mechanism and lens-based opposition learning in enhancing path quality.

Figure 4: Top view of PSO paths on model for scenarios 1 and 4
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Figure 5: The planned paths generated by DW-SPSO for scenarios 2 and 4

DW-SPSO’s computational efficiency was evaluated against standard PSO and SPSO. All three algo-
rithms share theoretical time complexity O(M ⋅ N ⋅ T) for population size M, dimensionality N, and
iterations T. Empirically, DW-SPSO incurs 15%–20% extra time per iteration due to dual Sigmoid adaptation
and lens opposition learning. This overhead is justified by superior convergence (Fig. 6), achieving better
solutions in fewer iterations. Scalability tests (50–500 particles) confirm linear scaling, ensuring practical
UAV applications. The algorithm’s parallel fitness evaluation suits hardware acceleration on embedded GPUs
(e.g., NVIDIA Jetson), where convergence gains offset iteration overhead for real-time replanning.

Fig. 6 shows the convergence trend of the best fitness values with respect to iteration. DW-SPSO is
always faster and achieves better fitness values compared to other algorithms, indicating its rapid convergence
and robust optimization capability. The dual Sigmoid-based adaptive acceleration mechanism enables DW-
SPSO to balance exploration and exploitation effectively, avoiding premature convergence to local optima.

Table 5 presents a summary of the average fitness values. All variants converge similarly, with the
exception of VPPSO, due to its velocity pausing mechanism. This algorithm deliberately halts velocity
updates when diversity metrics fall below certain thresholds, resulting in periodic plateaus. Additionally,
standard deviations and paired t-test results are provided for the ChristmasTerrain and TerrainData models,
respectively. DW-SPSO demonstrates superior performance compared to most algorithms, as indicated by
its lower average fitness values and smaller standard deviations, which suggest higher solution quality and
stability. The t-test results (denoted as D+) confirm that the performance improvements of DW-SPSO are
statistically significant in most scenarios.
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Figure 6: Best fitness of DW-SPSO and metaheuristic algorithms on the model

Table 5: Combined algorithm metrics comparison

Algorithm Scenarios1 Scenarios2 Scenarios3 Scenarios4

Avg Std t-test Avg Std t-test Avg Std t-test Avg Std t-test
PSO [25] 8722 1304 D+ 8968 1182 D+ 10787 897 D+ 11402.49 891 D+

APSO [26] 8517 1950 D+ 8249 2358 D+ 11596 1675 D+ 12527 2656 D+
AWPSO [27] 6757 1001 D- 6674 687 D- 9783 674 D+ 9949 1147 D+
DSPSO [28] 8048 1996 D+ 8010 2215 D+ 10987 1606 D+ 12498 2804 D+
SPSO [14] 7253 803 N 7175 1105 N 9913 605 D+ 10240 1174 D+

VPPSO [29] 8396 2345 D+ 8211 1948 D+ 10458 1716 D+ 11086 1051 D+
PPSOBAS [30] 7639 741 D+ 7916 1132 D+ 10786 770 D+ 11192 1058 N
TS-CEPSO [31] 7202 578 D+ 7446 489 D+ 9652 147 D+ 9996 153 D+

DW-SPSO (Proposed) 6709 964 D+ 6740 886 D+ 9684 592 D+ 9941 785 D+

The Wilcoxon signed-rank test [33] results unequivocally demonstrate the superiority of the proposed
DW-SPSO algorithm. As shown in Table 6, DW-SPSO achieves statistically significant improvements
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(p < 0.05) over all other state-of-the-art algorithms, including the baseline SPSO (p = 0.03485). The p-
values for comparisons with algorithms like APSO, AWPSO, and TS-CEPSO are exceedingly small (p <
1e − 50), providing overwhelming evidence that the performance differences are not due to chance. This
comprehensive statistical superiority validates the effectiveness of the dynamic weight adjustment and
lens-based opposition learning strategies introduced in this work.

Table 6: Wilcoxon signed-rank test p-values

Algorithm PSO APSO AWPSO DSPSO SPSO VPPSO PPSOBAS TS-CEPSO DW-SPSO
PSO — 2.16e-68 9.82e-211 0.0116 1.17e-173 3.10e-27 6.18e-07 6.63e-219 2.81e-187

APSO 2.16e-68 — 4.83e-245 3.50e-42 1.25e-184 1.05e-11 2.50e-47 2.96e-246 3.42e-186
AWPSO 9.82e-211 4.83e-245 — 3.81e-175 2.60e-71 1.25e-180 4.24e-211 0.00020 8.33e-60
DSPSO 0.0116 3.50e-42 3.81e-175 — 1.07e-76 1.84e-25 0.06012 3.03e-155 1.60e-85
SPSO 1.17e-173 1.25e-184 2.60e-71 1.07e-76 — 9.13e-141 4.59e-211 1.05e-57 0.03485

VPPSO 3.10e-27 1.05e-11 1.25e-180 1.84e-25 9.13e-141 — 1.77e-14 8.10e-190 2.13e-135
PPSOBAS 6.18e-07 2.50e-47 4.24e-211 0.06012 4.59e-211 1.77e-14 — 5.54e-249 2.54e-200
TS-CEPSO 6.63e-219 2.96e-246 0.00020 3.03e-155 1.05e-57 8.10e-190 5.54e-249 — 2.65e-50
DW-SPSO 2.81e-187 3.42e-186 8.33e-60 1.60e-85 0.03485 2.13e-135 2.54e-200 2.65e-50 —

To provide a more robust statistical verification that is insensitive to non-normal data distributions,
the Wilcoxon signed-rank test was further conducted the Wilcoxon signed-rank test on the results from
30 independent runs. The detailed p-values are comprehensively summarized in Table 6. The analysis
reveals that DW-SPSO achieves statistically significant improvements (p < 0.05) over all other state-of-the-
art algorithms across the majority of scenarios. For instance, when compared to the baseline SPSO, the
superiority of DW-SPSO is statistically significant (p = 0.03485). Notably, the p-values for comparisons
against algorithms such as APSO, AWPSO, and TS-CEPSO are exceedingly small (p < 1e − 50), providing
overwhelming evidence that the observed performance enhancements are not attributable to random chance.
This rigorous non-parametric analysis, coupled with the earlier t-test results, offers comprehensive and
robust statistical evidence that firmly validates the effectiveness of the proposed dynamic weight adjustment
mechanism and lens-based opposition learning strategy.

4.4 Ablation and Sensitivity Testing
To thoroughly analyze the contributions of individual components in the DW-SPSO algorithm and

evaluate parameter sensitivity, systematic ablation experiments and sensitivity tests. The tests were performed
in a simplified 150 × 150 environment with 6 waypoints, resulting in an 18-dimensional search space.

Ablation studies were conducted by systematically disabling key components of the proposed algorithm.
As shown in Table 7 (with the best-performing configuration highlighted in bold), the complete DW-
SPSO achieved the best performance with an average fitness of 2520.86. Removing the dual Sigmoid
weighting mechanism resulted in a 13.9% performance degradation (fitness: 2871.76), demonstrating its
crucial role in balancing exploration and exploitation. Disabling the lens opposition learning caused a 1.9%
performance drop (fitness: 2569.83), confirming its contribution to solution diversity. The baseline PSO
without any enhancements performed worse (fitness: 3296.40), highlighting the collective importance of
both proposed mechanisms.
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Table 7: Ablation study results

Configuration Average fitness Std Relative degradation
Complete DW-SPSO 2520.86 2.23 –

w/o sigmoid weighting 2871.76 527.94 13.9%
w/o lens learning 2569.83 157.58 1.9%

Baseline PSO 3296.40 495.12 23.5%

Parameter sensitivity analysis was extended beyond the typical ±10% range to assess robustness under
more extreme conditions (±60% variation). The social coefficient scaling factor b2 proved most sensitive,
with performance deviations up to 14.1%. The initial steepness parameter ainitial and distance scaling factor d2
showed moderate sensitivity (5.7% deviation), while b1 and d1 demonstrated better stability with deviations
below 6%. Notably, the algorithm maintained reasonable performance even under these extreme parameter
variations, confirming its robustness for practical applications.

4.5 Hardware Implementation Considerations
To address the practical deployment of the proposed DW-SPSO algorithm, this section discusses

its computational characteristics and potential integration with UAV hardware platforms. The algorithm’s
inherent parallelism in fitness evaluation makes it suitable for hardware acceleration. Recent studies have
demonstrated that the successful implementation of PSO variants on embedded systems is commonly used
in UAV autopilots. For instance, El-Metwally et al. implemented a smart decision-making framework on
NVIDIA Jetson platforms, showing real-time capability for autonomous navigation tasks. Similarly, research
by Alhusseini et al. [20] showcased adaptive PSO optimization on embedded GPU architectures, achieving
significant speedup for complex optimization problems.

While current simulations validate DW-SPSO for offline planning, its computational structure shows
strong real-time replanning potential. Spherical vector encoding reduces dimensionality vs. Cartesian
representations, and adaptive mechanisms minimize redundant computations. Future work will implement
DW-SPSO on embedded processors (NVIDIA Jetson Orin, Qualcomm Snapdragon Ride), leveraging
parallel computing for dynamic environment performance.

5 Conclusion
This paper proposed the DW-SPSO algorithm to address key challenges in UAV path planning within

complex environments. By integrating a dual Sigmoid-based adaptive weight adjustment mechanism and
a lens opposition learning strategy, the algorithm significantly enhances the balance between global explo-
ration and local exploitation. Simulation experiments demonstrate that DW-SPSO outperforms existing PSO
variants in terms of path safety, smoothness, and convergence speed in complex threat scenarios. Specifically,
DW-SPSO achieved an average fitness value of 6709 in Scenario 1 and 9941 in Scenario 4, representing
improvements of up to 7.5% and 2.8%, respectively, compared to the baseline SPSO algorithm.

While the algorithm shows clear advantages in complex obstacle environments, there remains potential
for optimizing performance balance and computational efficiency in simpler settings. Future work will focus
on developing a multi-objective optimization framework that simultaneously optimizes metrics such as path
length, energy consumption, and risk. Furthermore, research will expand to include dynamic obstacles and
collaborative multi-UAV environments. Theoretical investigations using complex network analysis will also
be pursued to better understand the swarm dynamics and convergence behavior of the proposed algorithm.



18 Comput Mater Contin. 2026;87(2):44

Acknowledgement: Not applicable.

Funding Statement: This work was supported by the National Natural Science Foundation of China (Grant No.
62106092), the Natural Science Foundation of Fujian Province (Grant Nos. 2024J01822, 2025J01981), and the Natural
Science Foundation of Zhangzhou City (Grant No. ZZ2024J28).

Author Contributions: The authors confirm contribution to the paper as follows: study conception and design: Rui
Yao, Yuye Wang, Fei Yu; algorithm implementation and data curation: Rui Yao; analysis and interpretation of results:
Rui Yao, Yuye Wang, Fei Yu; draft manuscript preparation: Rui Yao; review, editing, and supervision: Yuye Wang, Fei
Yu, Hongrun Wu, Zhenya Diao. All authors reviewed the results and approved the final version of the manuscript.

Availability of Data and Materials: The digital elevation model (DEM) data used in this study are publicly available
from Geoscience Australia at https://elevation.fsdf.org.au/.

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest to report regarding the present study.

References
1. Chan Y, Ng KK, Lee C, Hsu LT, Keung K. Wind dynamic and energy-efficiency path planning for unmanned

aerial vehicles in the lower-level airspace and urban air mobility context. Sustain Energy Technol Assess.
2023;57(9):103202. doi:10.1016/j.seta.2023.103202.

2. Gul F, Mir I, Abualigah L, Sumari P, Forestiero A. A consolidated review of path planning and opti-
mization techniques: technical perspectives and future directions. Electronics. 2021;10(18):2250. doi:10.3390/
electronics10182250.

3. Maboudi M, Homaei M, Song S, Malihi S, Saadatseresht M, Gerke M. A review on viewpoints and path planning
for UAV-based 3-D reconstruction. IEEE J Sel Top Appl Earth Obs Remote Sens. 2023;16(8):5026–48. doi:10.1109/
jstars.2023.3276427.

4. Penin B, Giordano PR, Chaumette F. Minimum-time trajectory planning under intermittent measurements. IEEE
Robot Autom Lett. 2018;4(1):153–60. doi:10.1109/lra.2018.2883375.

5. Pharpatara P, Hérissé B, Bestaoui Y. 3-D trajectory planning of aerial vehicles using RRT. IEEE Trans Control Syst
Technol. 2016;25(3):1116–23. doi:10.1109/tcst.2016.2582144.

6. Li Y, Wei W, Gao Y, Wang D, Fan Z. PQ-RRT*: an improved path planning algorithm for mobile robots. Expert
Syst Appl. 2020;152(2):113425. doi:10.1016/j.eswa.2020.113425.

7. Sonmez A, Kocyigit E, Kugu E. Optimal path planning for UAVs using genetic algorithm. In: 2015 International
Conference on Unmanned Aircraft Systems (ICUAS). Piscataway, NJ, USA: IEEE; 2015. p. 50–5. doi:10.1109/ICUAS.
2015.7152274.

8. Chai X, Zheng Z, Xiao J, Yan L, Qu B, Wen P, et al. Multi-strategy fusion differential evolution algorithm for UAV
path planning in complex environment. Aerosp Sci Technol. 2022;121(12):107287. doi:10.1016/j.ast.2021.107287.

9. Perez-Carabaza S, Besada-Portas E, Lopez-Orozco JA, De La Cruz JM. Ant colony optimization for multi-
UAV minimum time search in uncertain domains. Appl Soft Comput. 2018;62(4):789–806. doi:10.1016/j.asoc.2017.
09.009.

10. Xu C, Duan H, Liu F. Chaotic artificial bee colony approach to uninhabited combat air vehicle (UCAV) path
planning. Aerosp Sci Technol. 2010;14(8):535–41. doi:10.1016/j.ast.2010.04.008.

11. Karthik K, Balasubramanian C, Praveen R. Hybrid golden Jackal and moth flame optimization algorithm
based coverage path planning in heterogeneous UAV networks. Sci Rep. 2025;15(1):31054. doi:10.1038/s41598-025-
15345-6.

12. Zhang Q, Barat A, Li N, Zhao R, Guo Q. Improved butterfly optimization algorithm based power cable UAV trajec-
tory optimization algorithm. In: 2024 IEEE 7th Information Technology, Networking, Electronic and Automation

https://elevation.fsdf.org.au/
https://doi.org/10.1016/j.seta.2023.103202
https://doi.org/10.3390/electronics10182250
https://doi.org/10.3390/electronics10182250
https://doi.org/10.1109/jstars.2023.3276427
https://doi.org/10.1109/jstars.2023.3276427
https://doi.org/10.1109/lra.2018.2883375
https://doi.org/10.1109/tcst.2016.2582144
https://doi.org/10.1016/j.eswa.2020.113425
https://doi.org/10.1109/ICUAS.2015.7152274
https://doi.org/10.1109/ICUAS.2015.7152274
https://doi.org/10.1016/j.ast.2021.107287
https://doi.org/10.1016/j.asoc.2017.09.009
https://doi.org/10.1016/j.asoc.2017.09.009
https://doi.org/10.1016/j.ast.2010.04.008
https://doi.org/10.1038/s41598-025-15345-6
https://doi.org/10.1038/s41598-025-15345-6


Comput Mater Contin. 2026;87(2):44 19

Control Conference (ITNEC). Piscataway, NJ, USA: IEEE; 2024. Vol. 7, p. 1106–11. doi:10.1109/itnec60942.2024.
10733293.

13. Deng L, Liu S. Advancing photovoltaic system design: an enhanced social learning swarm optimizer with
guaranteed stability. Comput Ind. 2025;164(4):104209. doi:10.1016/j.compind.2024.104209.

14. Phung MD, Ha QP. Safety-enhanced UAV path planning with spherical vector-based particle swarm optimization.
Appl Soft Comput. 2021;107(2):107376. doi:10.1016/j.asoc.2021.107376.

15. Yu Z, Si Z, Li X, Wang D, Song H. A novel hybrid particle swarm optimization algorithm for path planning of
UAVs. IEEE Internet Things J. 2022;9(22):22547–58. doi:10.1109/jiot.2022.3182798.

16. Sonny A, Yeduri SR, Cenkeramaddi LR. Autonomous UAV path planning using modified PSO for UAV-assisted
wireless networks. IEEE Access. 2023;11:70353–67. doi:10.1109/access.2023.3293203.

17. Meng Q, Chen K, Qu Q. PPSwarm: multi-UAV path planning based on hybrid PSO in complex scenarios. Drones.
2024;8(5):192. doi:10.3390/drones8050192.

18. Deng L, Liu S. Collective dynamics of particle swarm optimization: a network science perspective. Physica A.
2025;675(6):130778. doi:10.1016/j.physa.2025.130778.

19. Liu Y, Zhang H, Zheng H, Li Q, Tian Q. A spherical vector-based adaptive evolutionary particle swarm
optimization for UAV path planning under threat conditions. Sci Rep. 2025;15(1):2116. doi:10.1038/s41598-025-
85912-4.

20. Alhusseini H, Abdali LM, Issa HA, Velkin VI. Adaptive particle swarm optimization based model predictive control
MPPT algorithm for PV systems under partial shading conditions. Results Eng. 2025;28(9):107419. doi:10.2139/
ssrn.5353112.

21. Tan Y, Ding K. A survey on GPU-based implementation of swarm intelligence algorithms. IEEE Trans Cybern.
2015;46(9):2028–41. doi:10.1109/tcyb.2015.2460261.

22. Phung MD, Ha QP. Motion-encoded particle swarm optimization for moving target search using UAVs. Appl Soft
Comput. 2020;97:106705. doi:10.36227/techrxiv.13333298.

23. Yu F, Guan J, Wu H, Chen Y, Xia X. Lens imaging opposition-based learning for differential evolution with cauchy
perturbation. Appl Soft Comput. 2024;152(1):111211. doi:10.1016/j.asoc.2023.111211.

24. Australia G. Digital elevation model (DEM) of Australia derived from LiDAR 5 metre grid. Canberra, ACT,
Australia: Geoscience Australia; 2015.

25. Roberge V, Tarbouchi M, Labonté G. Comparison of parallel genetic algorithm and particle swarm optimization
for real-time UAV path planning. IEEE Trans Ind Inf. 2012;9(1):132–41. doi:10.1109/tii.2012.2198665.

26. Zhan ZH, Zhang J, Li Y, Chung HSH. Adaptive particle swarm optimization. IEEE Trans Syst Man Cybern B.
2009;39(6):1362–81. doi:10.1109/tsmcb.2009.2015956.

27. Liu W, Wang Z, Yuan Y, Zeng N, Hone K, Liu X. A novel sigmoid-function-based adaptive weighted particle swarm
optimizer. IEEE Trans Cybern. 2019;51(2):1085–93. doi:10.1109/tcyb.2019.2925015.

28. Zhang X, Wang X, Kang Q, Cheng J. Differential mutation and novel social learning particle swarm optimization
algorithm. Inf Sci. 2019;480(24):109–29. doi:10.1016/j.ins.2018.12.030.

29. Shami TM, Mirjalili S, Al-Eryani Y, Daoudi K, Izadi S, Abualigah L. Velocity pausing particle swarm optimization:
a novel variant for global optimization. Neural Comput Appl. 2023;35(12):9193–223. doi:10.1007/s00521-022-
08179-0.

30. Wang L, Wu D, Gao Y. A reinforced particle swarm optimization algorithm based on beetle antenna search
for UAV path planning. In: 2023 42nd Chinese Control Conference (CCC). Piscataway, NJ, USA: IEEE; 2023.
p. 4455–60. doi:10.23919/ccc58697.2023.10240914.

31. Shivani, Chauhan D, Rani D. A feasibility restoration particle swarm optimizer with chaotic maps for two-stage
fixed-charge transportation problems. Swarm Evol Comput. 2024;91(1):101776. doi:10.1016/j.swevo.2024.101776.

32. Hsu H, Lachenbruch PA. Paired t test. Hoboken, NJ, USA: John Wiley & Sons, Inc.; 2014. doi:10.4135/
9781506359182.

33. Hollander M, Wolfe DA, Chicken E. Nonparametric statistical methods. Hoboken, NJ, USA: John Wiley & Sons,
Inc.; 2014.

https://doi.org/10.1109/itnec60942.2024.10733293
https://doi.org/10.1109/itnec60942.2024.10733293
https://doi.org/10.1016/j.compind.2024.104209
https://doi.org/10.1016/j.asoc.2021.107376
https://doi.org/10.1109/jiot.2022.3182798
https://doi.org/10.1109/access.2023.3293203
https://doi.org/10.3390/drones8050192
https://doi.org/10.1016/j.physa.2025.130778
https://doi.org/10.1038/s41598-025-85912-4
https://doi.org/10.1038/s41598-025-85912-4
https://doi.org/10.2139/ssrn.5353112
https://doi.org/10.2139/ssrn.5353112
https://doi.org/10.1109/tcyb.2015.2460261
https://doi.org/10.36227/techrxiv.13333298
https://doi.org/10.1016/j.asoc.2023.111211
https://doi.org/10.1109/tii.2012.2198665
https://doi.org/10.1109/tsmcb.2009.2015956
https://doi.org/10.1109/tcyb.2019.2925015
https://doi.org/10.1016/j.ins.2018.12.030
https://doi.org/10.1007/s00521-022-08179-0
https://doi.org/10.1007/s00521-022-08179-0
https://doi.org/10.23919/ccc58697.2023.10240914
https://doi.org/10.1016/j.swevo.2024.101776
https://doi.org/10.4135/9781506359182
https://doi.org/10.4135/9781506359182

	Dynamic Weighted Spherical Particle Swarm Optimization for UAV Path Planning in Complex Environments
	1 Introduction
	2 Threat Environment Model
	3 Optimal Path
	4 Experimental Simulation and Analysis
	5 Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


