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Abstract. With the increasing complexity of Three-Dimensional (3D) airspaces and
mission profiles, Unmanned Aerial Vehicle (UAV) path planning must generate trajecto-
ries that are not only safe but also efficient and robust. In this work, 3D multi-UAV path
planning is formulated as a multi-constraint optimization problem under a composite cost
that jointly penalizes collision risk, trajectory curvature, energy consumption, and viola-
tions of no-fly zones. The original Pied Kingfisher Optimizer (PKO), while competitive
on many problems, still suffers from limited population diversity, premature convergence,
and slow convergence on rugged landscapes. To overcome these drawbacks, we propose
a multi-strategy Improved Pied Kingfisher Optimizer (IPKO) that integrates four com-
plementary mechanisms: a dynamically adaptive flapping-factor adjustment strategy, a
random-walk-enhanced cooperative exploration strategy, a periodic-disturbance-enhanced
cooperative exploitation strategy, and a commensalism-phase adaptive escape enhance-
ment strategy. The 3D environment, kinematic constraints, and safety rules are jointly
encoded in the composite cost, and candidate paths are iteratively refined by IPKO under
this unified framework. Ablation experiments on twelve CEC 2005 benchmark functions
verify the effectiveness of each individual strategy and their combination. Further com-
parisons on ten CEC 2020 and twelve CEC 2022 benchmark functions show that IPKO
outperforms seven classical and seven improved swarm intelligence algorithms in terms
of solution quality, convergence speed, and robustness. Finally, in a single-map 3D multi-
UAV path planning scenario, IPKO consistently yields smooth, safety-compliant trajecto-
ries with lower total cost than compared methods, demonstrating its practical effectiveness
for complex 3D UAV path planning tasks.
Keywords: 3D UAV, Path planning, Pied kingfisher optimizer, Metaheuristics, Multi-
constraint optimization

1. Introduction. Unmanned Aerial Vehicles (UAVs), commonly referred to as drones,
offer greater flexibility, stronger environmental adaptability, and higher extensibility than
manned aircraft. Advances in science and technology, coupled with declining manufactur-
ing costs, have spurred growing interest in a wide range of UAV applications. Owing to
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their multifunctionality and extensibility, UAVs are now widely employed in target track-
ing [1], smart agriculture [2], search-and-rescue missions [3], and logistics operations [4],
among other domains. When operating autonomously, however, the real-time environment
cannot be perfectly conveyed to either the controller or a remote operator. Consequently,
a fundamental prerequisite for UAVs to accomplish such tasks is a robust capability for
autonomous path planning.
The UAV path planning problem aims to generate a collision-free trajectory for a ve-

hicle given the flight conditions, a specified origin, and a destination. As UAV research
advances, increasingly complex missions impose stricter requirements on trajectory de-
sign. In practice, UAV path planning is a complex, multi-constraint problem [5]: a feasible
path must not only avoid collisions but also account for multiple factors such as path
cost, fuel consumption, safety risk, and time cost. Numerous high-quality methods have
been developed to assist UAV path planning, including Rapidly-exploring Random Trees
(RRTs) [6], the Dijkstra algorithm [7], metaheuristic approaches [8], the artificial potential
field method [9], and D∗Lite [10]. Wang et al. [11] proposed a multi-constraint planning
method based on an improved Mayfly Algorithm that yields high-quality paths with fast
computation. Souza et al. [12] introduced a Modified Artificial Potential Field (MAPF)
for path planning of UAV swarms in three-dimensional environments; compared with the
traditional potential-field method, MAPF offers better scalability and effectively plans
paths for multiple UAVs. Zhang et al. [13] employed an improved A∗ algorithm, Sparse
A∗ Search (SAS), and Dynamic A∗ (D∗) to compute penetration routes for stealth UAVs
under three distinct threat scenarios.
The 3D UAV path planning problem must comprehensively account for flight distance,

flight altitude, climbing cost, safety cost, and various other path-related factors. As a re-
sult, it is an NP-hard problem whose complexity grows rapidly with the problem size [14].
Metaheuristic algorithms are well-suited for solving and optimizing NP-hard problems.
With continued advances and innovations, metaheuristics are commonly categorized into
evolution-based, swarm intelligence-based, human-based, and physics- or chemistry-based
methods. Evolution-based algorithms update candidate solutions by emulating Darwini-
an natural selection; representative examples include Genetic Algorithm (GA) [15] and
Differential Evolution (DE) [16]. Classical and recent swarm intelligence-based methods
include Particle Swarm Optimization (PSO) [17], Dwarf Mongoose Optimization Algo-
rithm (DMOA) [18], and Sand Cat Swarm Optimization (SCSO) [19]; further representa-
tive approaches in this family comprise Newton-Raphson-Based Optimizer (NRBO) [20],
Subtraction-Average-Based Optimizer (SABO) [21], Harris Hawks Optimization (HHO)
[22], Arithmetic Optimization Algorithm (AOA) [23], Whale Optimization Algorithm
(WOA) [24], and Dung Beetle Optimizer (DBO) [25]. Socio Evolution & Learning Opti-
mization (SELO) algorithm [26] and Multi-Verse Optimizer (MVO) [27] are representative
of human-based and physics- or chemistry-based metaheuristics, respectively.
PKO [28] is a swarm-intelligence metaheuristic inspired by the pied kingfisher’s perch-

ing and hovering, diving, and symbiotic behaviors. Since its introduction, PKO has been
applied to diverse engineering optimization tasks with promising results. Cong et al. [29]
proposed an improved PKO for maritime UAV path planning in complex sea-air environ-
ments; Kanouni et al. [30] employed PKO for accurate parameter identification of proton
exchange membrane fuel cells; Beşkirli [31] developed a transfer-function-based binary
and improved PKO for the uncapacitated facility location problem, demonstrating appli-
cability across instance scales. Despite PKO’s strong local exploitation and competitive
search efficiency, it may still exhibit limited population diversity, premature convergence,
and slow convergence on complex or high-dimensional problems. To address these issues,
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enhanced variants introduce adaptive perturbations, mixed random walks, and coopera-
tive strategies to strengthen global exploration and stability [32].

With increasingly complex 3D airspaces and stricter mission requirements, UAV path
planning must deliver safety-compliant trajectories while maintaining high efficiency and
robustness. In this paper, we model 3D multi-UAV path planning as a multi-constraint
optimization problem under a composite cost that captures collision safety, trajectory
smoothness, energy consumption, and penalties for entering no-fly zones. To improve the
search capability of PKO on such challenging landscapes, we develop IPKO, a multi-
strategy improved variant of PKO, which enhances both global exploration and local
exploitation through four tightly coupled strategies: a dynamically adaptive flapping-
factor schedule to regulate step sizes over the iterations, a random-walk-enhanced co-
operative exploration mechanism to sustain population diversity, a periodic-disturbance-
enhanced cooperative exploitation mechanism to strengthen fine-grained local search, and
a commensalism-phase adaptive escape mechanism to prevent stagnation around local op-
tima. Within this framework, the 3D environment, kinematic constraints, and safety rules
are jointly encoded into the cost function, and candidate paths are optimized iteratively
to balance search breadth and convergence accuracy.

In summary, this work makes the following main contributions.

• Problem formulation and scenario. We formulate safety-constrained 3D multi-UAV
path planning on a single 3D map as a composite-cost optimization problem, where
the objective is to obtain cost-minimal, safety-compliant trajectories that satisfy
flight dynamics and operational constraints.

• Multi-strategy improved optimizer. We propose IPKO, which integrates a dynamic
flapping-factor schedule, cooperative exploration with cumulative random walks and
pairwise guidance, periodic local perturbations toward a collaborative intermedi-
ate region, and a commensalism-phase escape mechanism combining uniform micro-
moves and Lévy flights, thereby achieving a better balance between exploration and
exploitation.

• Comprehensive empirical evaluation. We conduct ablation studies on twelve CEC
2005 benchmark functions to validate the effectiveness of each proposed strategy, and
perform extensive comparisons with seven classical and seven improved metaheuris-
tics on ten CEC 2020 and twelve CEC 2022 benchmark functions, respectively. In
addition, a 3D multi-UAV path planning case study demonstrates that IPKO can
generate smooth, collision-free trajectories with lower total cost than comparison
methods.

The remainder of this paper is organized as follows. Section 2 briefly reviews the original
PKO. Section 3 presents the four improvement strategies and the overall IPKO framework.
Section 4 reports the experimental setup and benchmark comparisons on the CEC test
suites. Section 5 presents the 3D multi-UAV path planning model and comparative results.
Section 6 concludes the paper and discusses directions for future work.

2. Original Pied Kingfisher Optimizer Algorithm. PKO is a swarm-based meta-
heuristic algorithm. The inspiration of PKO comes from the behavior of pied kingfisher in
nature. There are four hunting behaviors: perching, hovering, diving and commensalism.
The mathematical model of PKO is shown as follows.

2.1. Initialization. Random initialization strategy is adopted. Suppose the population
size is N , and the dimension of individuals is expressed by Dim. The upper and lower
bounds of the search variable are the vectors UB and LB, respectively. Therefore, the equa-
tion of a single random initialization strategy is mathematically shown in Equation (1).
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Xi = LB + rand(1, Dim)⊗ (UB− LB) (1)

where Xi refers to the location of the ith individual. rand(1,Dim) is a random vector, and
the values of each dimension are uniformly distributed between 0 and 1.
Once the initial population is generated, the fitness function is used to evaluate the

fitness value of each individual according to their ability to solve the problem. Then select
the individuals with the best fitness value to create a new generation.

2.2. Perching and hovering strategies (exploration phase). The exploration phase
of PKO is inspired by the perching and hovering behaviors of the pied kingfisher. Field
observations conducted in the bird’s natural habitat indicate that, depending on environ-
mental and behavioral factors, pied kingfishers alternate between attacking from a perch
and attacking from a hovering position. In PKO, the positions of search agents are mod-
eled according to the foraging behavior of the pied kingfisher, and the position of each
individual can be updated using Equation (2).

Xi(t+ 1) = Xi(t) + α⊗ T ⊗ (Xj(t)−Xi(t)), i, j = 1, 2, . . . , N and i ̸= j (2)

The expression of α is shown in Equation (3).

α = 2× randn(1, Dim)− 1 (3)

In the iterative process, Xi(t + 1) refers to the position of pied kingfisher in the next
iteration, while the position of the current iteration is denoted as Xi(t). N is denoted as
the total number of pied kingfisher, and Dim represents the dimension of the problem
under consideration. The parameter α is a random value. The randn is a random value
from normal distribution. The parameter T is dynamically determined according to the
current strategy, which can be either perching or hovering. T ’s calculation is tailored to
each strategy to ensure the optimal performance in different operation modes.

2.2.1. Perching. In the perching phase of PKO, pied kingfishers are assumed to hunt
from perches located 30-230 cm above the water surface, which allows them to search
for prey concealed in submerged vegetation in shallow water or along the shoreline. By
maintaining a nearly vertical head and crest posture, they effectively widen their field of
view and can detect prey movement even when fish are partially hidden. In the perching
phase, parameter T can be computed as follows:

T =

(
exp(1)− exp

(
t− 1

MaxIter

) 1
BF

)
∗ cos(Crestangles) (4)

Crestangles = 2π ∗ rand (5)

The maximum number of iterations is specified by MaxIter. Following the original PKO,
the constant value Beating Factor (BF ) is set to 8 as the default baseline. This value is
adopted to provide a moderate flapping intensity and to ensure fair and reproducible
comparisons with the baseline PKO. rand is a random value between 0 and 1.

2.2.2. Hovering. The pied kingfisher has the ability to flap its wings quickly to maintain
a stable position in the air, which is the hovering behavior of the pied kingfisher. The pied
kingfisher can scan prey better during hovering. In hovering phase, parameter T can be
computed as follows:

T = beatingrate ×

(
t

1
BF

Max
1
BF
Iter

)
(6)

beatingrate = rand ∗
(
PKO Fitness(i)

PKO Fitness(j)

)
(7)
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where t means iteration. The fitness values of the ith and jth solutions are expressed as
PKO Fitness(i) and PKO Fitness(j), respectively.

2.3. Diving strategies (exploitation phase). During the perching and hovering phas-
es, the pied kingfisher scans the prey on the surface. Once it discovers a fish, the pied
kingfisher can quickly dive into the river from either perching or hovering phase position
to catch prey. The mathematical expression of this behavior is expressed as Equations (8)
to (12).

Xi(t+ 1) = Xi(t) + HA ∗ o ∗ α⊗ (b−Xbest), i = 1, 2, . . . , N (8)

HA = rand ∗
∣∣∣∣PKO Fitness(i)

Best Fitness

∣∣∣∣ (9)

o = exp

(
−t

MaxIter

)2

(10)

α = 2 ∗ randn(1,Dim)− 1 (11)

b = Xi(t) + o2 ∗ randn⊗Xbest (12)

where Best Fitness denotes the best fitness value attained over all iterations. HA repre-
sents the hunting ability. o is a parameter that decreases with the increasing of iteration.
α is a random control vector drawn from a standard normal distribution with mean zero
and unit variance to provide unbiased, normalized stochastic perturbations.

2.4. Commensalism phase (local escape phase). During the commensalism phase,
the pied kingfisher can enhance its hunting efficiency by cooperating with other species.
This commensal behavior can be abstracted as a local escape phase in the proposed model,
whose mathematical formulation is expressed as Equations (13) to (15).

Xi(t+ 1) =

{
Xrandom1(t) + o · α · |Xi(t)−Xrandom2(t)| , rand > (1− PE )

Xi(t), otherwise
(13)

o = exp

(
−t

MaxIter

)2

(14)

PE = PEmax − (PEmax − PEmin) ∗
(

t

MaxIter

)
(15)

where Xrandom1(t) and Xrandom2(t) denote two pied kingfishers that are randomly selected
from the population, respectively. The Predatory Efficiency (PE ) is a control param-
eter that monotonically decreases with the iteration index. The parameter o is another
iteration-dependent coefficient that also decreases as the search progresses. The maximum
and minimum values of the predatory efficiency are set to PEmax = 0.5 and PEmin = 0,
respectively.

3. The Proposed IPKO Algorithm. In this section, four proposed strategies of the
IPKO are described in detail: dynamically adaptive flapping-factor adjustment strategy,
random-walk-enhanced cooperative exploration strategy, periodic-disturbance-enhanced
cooperative exploitation strategy, and commensalism-phase adaptive escape enhancement
strategy.

3.1. Dynamically adaptive flapping-factor adjustment strategy. In the original
PKO, BF is fixed, which may limit adaptability across different search stages and prob-
lem landscapes. A constant BF can be insufficient for broad exploration in early iterations
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and may induce unnecessary perturbations that hinder fine-grained exploitation in later
iterations.
To overcome this issue, we introduce a dynamically adaptive BF regulation strategy

inspired by the kingfisher’s phase-dependent wing-beating behavior. BF is periodically
modulated along iterations and further perturbed by controlled randomness to maintain
diversity and reduce stagnation. The updated BF is given by

BF = 5 + 3 ∗
[
1 + 0.5 ∗ sin

(
2π · t

MaxIter

)]
∗ (1 + 0.5 ∗ randn) (16)

The sinusoidal term sin(2πt/MaxIter) provides a stage-wise modulation on BF, yielding
larger variations in early iterations to encourage exploration and smoother changes later
to refine exploitation. The Gaussian noise term randn∼N(0, 1) introduces mild stochastic
perturbations to maintain population diversity and alleviate stagnation. The constants 5
and 3 set the baseline and modulation amplitude of BF, respectively, preventing overly
weak or excessively aggressive beating behavior.

3.2. Random-walk-enhanced cooperative exploration strategy. In the original
PKO, the exploration update relies heavily on information exchange with a single ran-
domly selected individual, which can make the search overly directional and weaken its
ability to probe uncertain regions. When high quality individuals cluster in a local area,
such a one to one difference guidance may quickly reduce population diversity and in-
crease the risk of premature convergence, especially in multimodal and high dimensional
landscapes.
To address this issue, we propose a random walk enhanced cooperative exploration

strategy that preserves the original pursuit behavior while introducing controlled ran-
domness and richer population information. A probabilistic trigger injects random walk
perturbations to broaden the search coverage, and the update direction is guided by the
difference between two independently sampled individuals rather than a single reference,
which alleviates local bias and helps maintain diversity. The improved update rule is
formulated as follows:

random walk = cumsum(randn(1,Dim) ∗ 0.01) (17)

X ′
i(t+ 1) = Xi(t) + (Xrandom1(t)−Xrandom2(t)) ∗R1 + random walk (18)

where random walk is the accumulated Gaussian noise term generated by standard normal
random numbers, and the step size coefficient 0.01 keeps the perturbation magnitude
within a reasonable range and prevents the search from overshooting the feasible space.
The cumulative summation introduces short range correlation in successive perturbations,
improving the continuity of local exploration. Xi(t) denotes the current position of the
ith individual and X ′

i(t + 1) is the updated candidate position in the exploration phase.
random1 and random2 are two distinct indices sampled from the population, and their
position difference provides a broader directional cue than a single reference individual.
R1 is a uniform random vector in the interval from 0 to 1 that dynamically scales the
influence of the cooperative term. Overall, the combination of cooperative guidance and
correlated random walk helps preserve diversity, alleviates stagnation, and strengthens
global exploration while maintaining effective local search.

3.3. Periodic-disturbance-enhanced cooperative exploitation strategy. In the
original PKO, exploitation is mainly guided by the current global best, which can make the
search overly concentrated around a single region and reduce the ability to probe near-
by promising areas. Without diversity control, individuals may contract synchronously
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toward the best solution, leading to population homogenization and weak performance
on multimodal landscapes.

To address these issues, we propose a periodic disturbance enhanced cooperative ex-
ploitation strategy that preserves best guided refinement while introducing controlled
neighborhood probing and diversity during exploitation. A probabilistic switch allows an
individual to either stay at its current position or move toward a cooperative region, pre-
venting synchronous contraction. Meanwhile, a cooperative mean position is incorporated
to reduce excessive reliance on the single best position and to widen local sampling. In
addition, a periodic disturbance term with gradually strengthened influence is injected to
emulate periodic environmental effects and to improve fine grained exploitation of local
structures. The improved update rule is formulated as follows:

y =
Xi(t) +Xrandom3(t)

2
(19)

frequency = 1 + 9 ∗
(

t

MaxIter

)
(20)

periodmut = 0.1 ∗ sin(frequency ∗ 2π ∗ rand(1,Dim)) (21)

X ′
i(t+ 1) = U1 ∗Xi(t) + (1− U1) ∗ (y + periodmut ∗ (Xrandom3(t)−Xrandom4(t))) (22)

where y is the mean position of the current individual and a randomly selected peer, pro-
viding a broader local reference than the global best alone. The difference between the two
randomly selected peers supplies a local spatial direction, and the periodic disturbance
term scales this direction to encourage neighborhood probing. The frequency coefficient
increases linearly with the iteration index, thereby strengthening the periodic influence in
later iterations, while the disturbance amplitude is fixed to control perturbation strength.
U1 is a random binary vector that stochastically selects between retaining the current po-
sition and moving toward a cooperative region, which prevents synchronous contraction
of the population and maintains diversity during exploitation. Overall, the cooperative
mean reference and the periodic disturbance together widen the exploitation neighbor-
hood, alleviate excessive dependence on the best solution, and improve fine grained local
refinement in multimodal landscapes.

3.4. Commensalism-phase adaptive escape enhancement strategy. In the orig-
inal PKO, the commensalism phase may become static when the triggering condition
is not met, which weakens behavioral adaptivity and reduces search vitality. Such a no
move update provides insufficient perturbation, accelerates diversity loss in mid to late
iterations, and increases the risk of being trapped in local optima.

To address this issue, we propose a commensalism phase adaptive escape enhancement
strategy that introduces active adjustment even when the original trigger is inactive. The
strategy combines short range fine tuning with occasional rapid escape moves to help
individuals leave low efficiency regions and refresh population diversity, thereby strength-
ening global exploration and improving robustness against stagnation. The corresponding
update rule is given as follows:

X ′
i(t+ 1) =

{
Xi(t) + Epsilon ∗ (Xrandom5(t)−Xrandom6(t)), rand > 0.5

Xi(t) + F ∗ Levy(Dim) ∗ (Xrandom5(t)−Xrandom6(t)), otherwise
(23)

where random5 and random6 are two distinct indices uniformly sampled from the popu-
lation, and their position difference provides a population level direction for perturbation.
Epsilon is a uniform random scalar in the interval from 0 to 1 and controls the strength
of short range adjustments. With probability 0.5, the update performs a mild local move
scaled by Epsilon to refine the current region. Otherwise, a Lévy flight term scaled by F ,



1244 X. YANG, Y. SHI AND H. XU

which is set to 0.5, generates occasional long jumps to help individuals escape low quality
basins and restore diversity. Overall, this dual mode mechanism strengthens population
vitality in mid to late iterations, alleviates stagnation, and improves robustness against
local optima by balancing local refinement with adaptive escape.

3.5. The flowchart of the IPKO algorithm. The overall flowchart of the improved
IPKO incorporating the above strategies is shown in Figure 1.

Figure 1. The flowchart of the IPKO algorithm
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The flowchart systematically depicts the complete execution process of IPKO. The
algorithm starts with population initialization, where an initial population is generated at
random, fitness values are evaluated, and the initial global best solution and convergence
curve are recorded.

After initialization, the algorithm enters the main optimization loop, in which the
dynamic parameter o and BF are first computed, with BF being governed by the dy-
namic adaptive beating-factor regulation strategy. The algorithm then proceeds to the
individual-wise update stage, where each member of the population is processed in turn.

For each individual, a random probability is used to decide whether it enters the ex-
ploration phase or the exploitation phase. In the exploration phase, a three-level decision
mechanism selects among different position update strategies: when certain conditions are
satisfied, the original perching or hovering strategies are applied; otherwise, the Random-
Walk-Enhanced Cooperative Exploration Strategy is triggered, which leverages interac-
tions between two randomly selected individuals together with an accumulated random-
walk term to enhance population diversity and global search capability.

In the exploitation phase, a probability-based rule is used to choose between the
original diving strategy and the Periodic-Disturbance-Enhanced Cooperative Exploitation
Strategy. The latter combines a random binary selection mechanism, an average-position
update, and a periodic environmental disturbance term to achieve multidimensional rein-
forcement of local exploitation.

After each individual is updated, boundary-handling procedures are rigorously applied,
and a greedy selection rule determines whether the new position is accepted, while the
global best solution is updated accordingly. Once all individuals have been processed, the
algorithm enters the commensalism phase.

In the commensalism phase, the algorithm iterates over all individuals and selects either
the original commensal update or the Adaptive Escape Enhancement Strategy according
to PE. The latter employs a dual-mode perturbation mechanism consisting of uniform
local adjustment and Lévy-flight-based escape to maintain population vitality and avoid
premature convergence to local optima.

At the end of each iteration, the convergence curve is updated and the algorithm pro-
ceeds to the next cycle. Through the coordinated action of the four proposed strate-
gies, IPKO achieves a dynamic balance between exploration and exploitation, as well as
between global search and fine-grained local refinement, thereby forming a multi-level,
self-adaptive bio-inspired optimization framework.

4. Experimental Results and Discussion. All experiments were conducted on a Win-
dows 10 (64-bit) system with an Intel Core i5-10400F @ 2.90 GHz, 16 GB RAM, an
NVIDIA GeForce RTX 3060 (12 GB), using MATLAB 2024b as the simulation platform.

4.1. Validation of the effectiveness of the proposed improvement strategies.
The effectiveness of the proposed strategies is assessed by comparing IPKO with the
original PKO and four PKO variants that individually incorporate Strategies 1-4 on twelve
CEC 2005 benchmark functions, where the variants are denoted as PKO1 (Strategy 1),
PKO2 (Strategy 2), PKO3 (Strategy 3), and PKO4 (Strategy 4). For fair comparison, all
algorithms use the same parameter settings, including a maximum number of iterations
MaxIter = 1000, problem dimension D = 10, and population size N = 30. Each algorithm
was independently run 30 times to report the mean and standard deviation of the results.

The experimental results are summarized in Table 1. Overall, IPKO achieves the best
mean performance on the majority of test functions, particularly F1, F3, F4, F6, F7
where it ties for the best mean, F8, F10 and F12, where it clearly outperforms both
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Table 1. Comparison of experimental results between IPKO and single-
strategy improved algorithms

Func. IPKO PKO PKO1 PKO2 PKO3 PKO4
F1 Mean 1.12E-12 8.93E-07 9.54E-08 1.04E-06 7.28E-09 3.70E-11

Std 1.97E-12 3.34E-06 1.36E-07 1.94E-06 1.10E-08 5.31E-11
F2 Mean 4.25E-08 1.20E-06 9.57E-07 2.34E-05 7.73E-07 1.65E-08

Std 4.46E-08 1.72E-06 1.48E-06 3.43E-05 9.56E-07 2.78E-08
F3 Mean 2.41E+00 2.06E+02 1.80E+02 1.17E+02 1.49E+02 5.05E+00

Std 1.78E+00 1.80E+02 1.63E+02 8.14E+01 8.89E+01 4.83E+00
F4 Mean 9.99E-02 8.01E-01 6.91E-01 3.39E-01 9.34E-01 2.02E-01

Std 7.74E-02 5.34E-01 4.37E-01 2.37E-01 4.32E-01 1.19E-01
F5 Mean 2.45E+01 2.67E+01 2.66E+01 2.74E+01 2.66E+01 2.42E+01

Std 8.71E-01 7.30E-01 5.53E-01 5.26E-01 3.42E-01 9.38E-01
F6 Mean 3.05E-10 1.38E-05 9.63E-06 5.30E-05 6.80E-08 1.08E-07

Std 3.68E-10 1.65E-05 1.14E-05 4.34E-05 8.79E-08 1.26E-07
F7 Mean 1.29E-02 1.63E-02 1.72E-02 1.67E-02 1.82E-02 1.29E-02

Std 4.81E-03 6.94E-03 1.09E-02 6.59E-03 8.01E-03 4.96E-03
F8 Mean −7.40E+03 −6.84E+03 −6.82E+03 −7.01E+03 −6.87E+03 −7.29E+03

Std 5.05E+02 4.45E+02 4.62E+02 3.92E+02 4.19E+02 5.59E+02
F9 Mean 1.91E+01 1.58E+01 8.60E+00 1.52E+01 2.38E+01 1.40E+01

Std 1.12E+01 1.79E+01 9.25E+00 1.83E+01 1.44E+01 1.23E+01
F10 Mean 1.32E+00 9.97E+00 7.98E+00 7.98E+00 7.23E+00 1.13E+01

Std 5.01E+00 1.01E+01 9.94E+00 9.94E+00 9.67E+00 1.00E+01
F11 Mean 3.61E-03 4.43E-03 4.10E-03 7.71E-03 1.81E-03 2.55E-03

Std 6.81E-03 9.97E-03 9.41E-03 1.88E-02 4.19E-03 4.46E-03
F12 Mean 2.91E-11 6.92E-03 2.08E-02 3.46E-03 1.04E-02 5.38E-08

Std 4.05E-11 2.63E-02 1.14E-01 1.89E-02 4.17E-02 1.70E-07
Rank 1 6 5 4 3 2

the original PKO and the four single-strategy variants. For example, on the unimodal
functions F1 and F6, IPKO attains solution qualities close to the theoretical optimum
with mean errors on the order of 10−8 ∼ 10−12, and its standard deviations are also the
smallest or among the smallest, indicating both high accuracy and strong stability. On
the more complex functions F3 and F4, IPKO reduces the mean objective value by nearly
two orders of magnitude compared with PKO, while simultaneously yielding significantly
lower standard deviations, which reflects a more reliable convergence behavior.
For several functions (e.g., F5, F8, F9 and F11), certain single-strategy variants such

as PKO3 or PKO4 can occasionally obtain slightly better results in terms of either the
mean or the standard deviation, which confirms that each individual strategy is indeed
beneficial in specific landscapes. However, their performance is not consistently superior
across all test functions, and they still lag behind IPKO on most cases. In contrast, the
multi-strategy integrated IPKO maintains a uniformly strong performance profile over
all 12 benchmarks. This is further corroborated by the rank statistics in Table 1: IPKO
achieves the best overall rank (1st), followed by PKO4 and PKO3, while the original PKO
is ranked last. These results demonstrate that combining the four proposed strategies in
a unified framework not only improves solution quality but also enhances robustness,
yielding a more competitive and reliable optimizer than either the baseline PKO or any
single-strategy variant.
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4.2. Comparative analysis with other swarm intelligence algorithms. To eval-
uate the superiority of IPKO over other swarm intelligence algorithms, PKO, NRBO,
SABO, HHO, AOA, WOA, and DBO are selected as comparison methods, and optimiza-
tion tests are conducted on ten basic benchmark functions from the CEC 2020 suite. The
experimental setup is the same as above.

Table 2. Comparison of experimental results between IPKO and other
swarm intelligence algorithms

Func. IPKO PKO NRBO SABO HHO AOA WOA DBO
F1 Mean 1.00E+02 4.14E+03 3.62E+08 3.34E+08 5.41E+05 8.33E+09 8.96E+06 5.64E+05

Std 1.88E-02 4.15E+03 2.68E+08 4.20E+08 2.69E+05 3.12E+09 1.22E+07 2.34E+06
F2 Mean 1.56E+03 1.73E+03 2.22E+03 2.74E+03 2.08E+03 2.08E+03 2.26E+03 1.98E+03

Std 2.30E+02 2.51E+02 2.68E+02 2.22E+02 2.60E+02 3.04E+02 2.88E+02 3.69E+02
F3 Mean 7.17E+02 7.24E+02 7.71E+02 7.54E+02 7.85E+02 7.92E+02 7.88E+02 7.46E+02

Std 3.60E+00 5.28E+00 1.88E+01 8.68E+00 2.14E+01 1.66E+01 2.59E+01 1.56E+01
F4 Mean 1.90E+03 1.90E+03 1.98E+03 2.33E+03 1.91E+03 1.15E+05 1.91E+03 1.90E+03

Std 2.21E-01 3.92E-01 1.98E+02 1.30E+03 2.99E+00 7.52E+04 6.16E+00 1.92E+00
F5 Mean 1.75E+03 1.49E+04 4.98E+03 2.52E+04 3.91E+04 2.54E+05 2.95E+05 1.43E+04

Std 4.23E+01 6.70E+03 2.31E+03 1.15E+05 4.63E+04 1.09E+05 6.63E+05 1.66E+04
F6 Mean 1.63E+03 1.66E+03 1.80E+03 1.96E+03 1.81E+03 1.98E+03 1.84E+03 1.81E+03

Std 5.16E+01 6.14E+01 1.01E+02 1.07E+02 1.15E+02 1.40E+02 9.18E+01 1.20E+02
F7 Mean 2.10E+03 2.92E+03 4.16E+03 2.32E+04 9.99E+03 9.45E+04 1.25E+05 7.93E+03

Std 5.99E+00 7.08E+02 2.84E+03 7.90E+04 8.16E+03 3.06E+05 2.25E+05 9.95E+03
F8 Mean 2.29E+03 2.30E+03 2.36E+03 2.32E+03 2.31E+03 2.92E+03 2.42E+03 2.31E+03

Std 2.41E+01 1.46E+01 2.52E+01 1.58E+01 1.71E+01 2.61E+02 3.15E+02 8.46E+00
F9 Mean 2.71E+03 2.75E+03 2.77E+03 2.78E+03 2.84E+03 2.86E+03 2.78E+03 2.73E+03

Std 8.27E+01 6.50E+00 6.21E+01 1.32E+01 7.98E+01 7.81E+01 2.54E+01 9.85E+01
F10 Mean 2.90E+03 2.91E+03 2.96E+03 2.96E+03 2.92E+03 3.27E+03 2.95E+03 2.94E+03

Std 1.61E+01 2.33E+01 3.02E+01 2.65E+01 6.20E+01 1.80E+02 3.36E+01 2.53E+01
Rank 1 2 5 6 4 8 7 3

Based on the results in Table 2, IPKO exhibits the best overall performance among
all eight swarm intelligence algorithms on the ten CEC 2020 benchmark functions. In
terms of mean objective values, IPKO achieves the best result on all reported functions,
with a tie on F4, and often with a very clear margin over the compared algorithms. For
example, on highly challenging functions such as F1 and F5, the mean values obtained
by PKO, NRBO, SABO, HHO, AOA, WOA and DBO are substantially larger than those
of IPKO, indicating that the latter is able to avoid severe divergence or stagnation that
affects many of the other methods. On medium-difficulty functions such as F2, F3 and F6,
IPKO consistently attains lower mean values than the original PKO and all comparison
algorithms, which shows that the proposed strategies improve both global search and local
refinement in a stable manner. On F8, F9 and F10, IPKO again outperforms all baselines
in terms of mean objective value, with clearly smaller mean errors than PKO and the
remaining swarm optimizers.

In terms of robustness, the standard deviations further confirm the superiority of IP-
KO on most functions. For F1, F3, F4, F5, F6, F7 and F10, IPKO achieves the smallest
standard deviation among all algorithms, implying a more concentrated distribution of
solutions and a lower sensitivity to random initialization. For F2, F8 and F9, some base-
lines yield smaller standard deviations than IPKO, but IPKO still attains the lowest mean
values on these functions, indicating consistently strong solution quality. Overall, the rank
statistics show that IPKO obtains the best average rank (1st place), followed by PKO
and DBO, while WOA and AOA rank at the bottom, which quantitatively supports the



1248 X. YANG, Y. SHI AND H. XU

conclusion that IPKO delivers the most reliable performance across the entire benchmark
set.
These observations indicate that the multi-strategy design of IPKO, which combines

dynamic flapping-factor regulation, random-walk-enhanced exploration, periodic-distur-
bance-enhanced exploitation, and commensalism-phase adaptive escape, strengthens both
exploration and exploitation, suppresses premature convergence, and improves solution
stability. Consequently, IPKO not only outperforms the original PKO, but also shows
clear advantages over a diverse set of representative swarm intelligence algorithms on the
CEC 2020 test suite.

4.3. Comparison with other improved swarm intelligence algorithms. To fully
verify the optimization performance and robustness of IPKO, it is further compared with
other improved swarm intelligence algorithms, namely EIDBO [33], VPPSO [34], SLPSO
[35], MSADBO [36], QHDBO [37], GWOCS [38] and ASFSSA [39], on twelve benchmark
functions from the CEC 2022 suite, and the experimental configuration is kept identical
to that used in the previous experiments.

Table 3. Comparison of experimental results between IPKO and other
improved swarm intelligence algorithms

Func. IPKO EIDBO VPPSO SLPSO MSADBO QHDBO GWOCS ASFSSA
F1 Mean 3.00E+02 5.48E+02 3.00E+02 2.67E+03 4.26E+02 1.50E+03 1.28E+03 3.00E+02

Std 7.24E-14 8.65E+02 3.73E-09 9.44E+02 8.49E+01 8.26E+02 1.28E+03 4.40E-05
F2 Mean 4.05E+02 4.51E+02 4.13E+02 4.76E+02 4.14E+02 4.21E+02 4.15E+02 4.08E+02

Std 2.77E+00 8.38E+01 2.19E+01 7.64E+01 2.12E+01 1.70E+01 2.36E+01 1.21E+01
F3 Mean 6.00E+02 6.11E+02 6.09E+02 6.31E+02 6.01E+02 6.11E+02 6.03E+02 6.04E+02

Std 1.71E-07 7.02E+00 6.76E+00 8.49E+00 9.60E-01 4.79E+00 2.72E+00 5.96E+00
F4 Mean 8.08E+02 8.22E+02 8.24E+02 8.44E+02 8.23E+02 8.44E+02 8.21E+02 8.28E+02

Std 3.66E+00 8.55E+00 6.87E+00 8.01E+00 7.59E+00 1.11E+01 9.39E+00 5.70E+00
F5 Mean 9.00E+02 9.76E+02 9.26E+02 9.87E+02 9.01E+02 9.44E+02 9.07E+02 1.26E+03

Std 6.33E-14 6.62E+01 4.60E+01 6.97E+01 1.15E+00 4.51E+01 1.09E+01 2.48E+02
F6 Mean 1.80E+03 5.00E+03 4.52E+03 3.77E+05 4.63E+03 4.84E+05 3.50E+03 5.19E+03

Std 3.87E+00 2.36E+03 1.91E+03 3.11E+05 2.23E+03 5.24E+05 1.29E+03 2.18E+03
F7 Mean 2.01E+03 2.04E+03 2.05E+03 2.06E+03 2.02E+03 2.04E+03 2.04E+03 2.02E+03

Std 9.60E+00 1.95E+01 2.54E+01 1.10E+01 7.43E+00 7.23E+00 1.82E+01 6.66E+00
F8 Mean 2.21E+03 2.23E+03 2.22E+03 2.27E+03 2.22E+03 2.23E+03 2.22E+03 2.22E+03

Std 9.66E+00 2.22E+01 5.27E+00 5.48E+01 4.42E+00 2.70E+00 6.33E+00 4.41E+00
F9 Mean 2.53E+03 2.54E+03 2.55E+03 2.56E+03 2.53E+03 2.53E+03 2.59E+03 2.54E+03

Std 0.00E+00 3.26E+01 4.46E+01 3.07E+01 1.00E-03 8.08E+00 2.79E+01 3.73E+01
F10 Mean 2.50E+03 2.54E+03 2.56E+03 2.58E+03 2.53E+03 2.61E+03 2.61E+03 2.55E+03

Std 6.64E-02 6.53E+01 6.08E+01 2.78E+02 4.89E+01 1.80E+02 4.40E+01 1.36E+02
F11 Mean 2.85E+03 2.70E+03 2.83E+03 4.58E+03 2.64E+03 2.95E+03 2.88E+03 2.71E+03

Std 1.14E+02 1.00E+02 1.30E+02 4.79E+03 9.64E+01 1.67E+02 1.51E+02 1.55E+02
F12 Mean 2.86E+03 2.88E+03 2.86E+03 2.88E+03 2.87E+03 2.87E+03 2.89E+03 2.87E+03

Std 1.39E+00 1.16E+01 1.24E+00 1.76E+01 1.37E+00 9.23E-01 2.34E+01 6.31E+00
Rank 1 5 4 8 2 7 5 3

The experimental results in Table 3 show that IPKO achieves the best overall perfor-
mance among the eight improved swarm intelligence algorithms on the twelve CEC 2022
benchmark functions. From the perspective of mean objective values, IPKO obtains the
best or tied-best results on the majority of functions, including F1, F2, F3, F4, F5, F6,
F7, F8, F9, F10 and F12. On F1 and F5, several compared algorithms such as EIDBO,
SLPSO, QHDBO and GWOCS exhibit larger mean values and noticeably higher disper-
sions, while IPKO, VPPSO and ASFSSA reach the target value of 300 on F1, with IPKO
achieving an extremely small standard deviation, indicating highly stable convergence.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.22, NO.5, 2026 1249

On the more challenging function F6, the advantage of IPKO is particularly evident:
whereas EIDBO, SLPSO and QHDBO produce mean values on the order of 103-105 with
correspondingly large dispersions, IPKO maintains a mean around 1.8 ∗ 103 with a small
standard deviation, effectively avoiding the severe divergence or premature stagnation
observed in some compared algorithms.

For medium-difficulty functions such as F2, F3 and F4, IPKO also consistently yields
the lowest or near-lowest mean values. On F2, its mean is smaller than those of all other al-
gorithms, with a moderate standard deviation, showing a good balance between accuracy
and robustness. On F3 and F4, IPKO again attains the best mean values and competitive
standard deviations, which demonstrates that the proposed strategies not only enhance
global search ability but also improve local exploitation around the optimum. On F9 and
F10, IPKO attains the best or tied-best mean values, rather than values close to zero,
confirming its strong capability to refine solutions and maintain high solution quality
across different landscapes.

It is worth noting that on some functions, certain improved algorithms outperform
IPKO in terms of mean performance. Specifically, MSADBO achieves a smaller mean
value on F11, where IPKO is not the best. However, these advantages are function-specific,
and the corresponding standard deviations are not always superior to those of IPKO.
In contrast, IPKO exhibits small or moderate standard deviations on most functions,
especially F1, F2, F3, F5, F6, F9 and F10, indicating that its performance is both accurate
and stable across different landscapes. The rank statistics at the bottom of Table 3 further
confirm this observation: IPKO obtains the best overall rank (1st), followed by MSADBO
and ASFSSA, whereas SLPSO ranks at the bottom, and QHDBO is not among the
bottom-ranked methods according to the provided rank row.

In summary, compared with a variety of recently proposed improved swarm intelligence
algorithms, the multi-strategy IPKO framework exhibits overall superior, or at least com-
petitive, optimization accuracy and robustness on the CEC 2022 benchmark set. This
indirectly confirms that the four improvement strategies proposed in this paper can ef-
fectively enhance the algorithm’s exploration and exploitation capabilities and suppress
premature convergence.

4.4. Statistical significance analysis. The Wilcoxon rank-sum test is a nonparametric
statistical test. To further demonstrate the effectiveness of the improved algorithm, the
Wilcoxon rank-sum test is employed to examine whether the optimization performance
of IPKO differs significantly from that of the other seven comparison algorithms. The
significance level is set to 5%. When the p-value is less than 5%, it indicates that the two
algorithms exhibit a statistically significant difference on the corresponding test function.

From the experimental results in Table 4, it can be observed that the p-values in all
statistical tests are less than 0.05, which indicates that IPKO and the seven comparison
algorithms exhibit statistically significant differences on all 12 benchmark test functions.

5. 3D UAV Path Planning Problem Based on IPKO. Swarm intelligence algo-
rithms provide an efficient solution paradigm for multi-UAV path planning problems. In
this paper, IPKO, PKO, DBO, NRBO, HHO, SABO, AOA and WOA are employed to
generate feasible flight paths for multiple UAVs in a three-dimensional terrain environ-
ment. To verify that IPKO has stronger search and optimization capabilities than the
other algorithms for 3D multi-UAV path planning, experiments are conducted under the
same terrain scenario with different numbers of UAVs, and the performance differences
between IPKO and the other algorithms are systematically analyzed.
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Table 4. Wilcoxon rank sum test p-values for different algorithms

Func. EIDBO VPPSO SLPSO MSADBO QHDBO GWOCS ASFSSA
F1 2.07E-11 2.07E-11 2.07E-11 2.07E-11 2.07E-11 2.07E-11 3.60E-09
F2 3.45E-08 2.97E-04 2.92E-11 3.51E-06 2.92E-11 7.17E-01 2.89E-05
F3 3.00E-11 3.00E-11 3.00E-11 3.00E-11 3.00E-11 3.00E-11 4.57E-10
F4 3.92E-10 8.01E-11 2.96E-11 7.26E-10 2.96E-11 1.71E-07 4.32E-11
F5 1.01E-11 1.01E-11 1.01E-11 1.01E-11 1.01E-11 1.01E-11 1.00E-11
F6 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11
F7 2.87E-10 3.02E-11 3.02E-11 9.76E-10 3.02E-11 3.02E-11 1.31E-08
F8 3.47E-10 1.17E-09 3.02E-11 6.52E-09 3.02E-11 6.52E-09 1.73E-07
F9 1.66E-08 1.21E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 3.06E-04
F10 1.17E-09 1.36E-07 3.02E-11 5.61E-05 3.02E-11 2.87E-10 4.69E-08
F11 5.03E-05 3.68E-05 1.40E-11 7.38E-04 2.71E-03 2.46E-02 4.43E-02
F12 2.92E-11 1.06E-10 3.95E-11 5.33E-11 2.92E-11 2.92E-11 7.13E-11

5.1. 3D UAV path planning mathematical model. UAV trajectory planning is a
key technology for autonomous navigation and cooperative combat, whose core objective
is to generate optimal paths for multiple UAVs under complex environmental constraints
while satisfying physical performance limits, mission requirements, and coordination con-
straints. As the foundation of trajectory planning, modeling directly determines the fea-
sibility and effectiveness of the optimization results. Conventional modeling approaches
mostly rely on Cartesian-coordinate encoding, which is not intuitive for representing UAV
attitude changes (such as heading and pitch angles) and is difficult to extend efficiently
to incorporate multi-dimensional constraints.
To address these issues, this paper focuses on the core aspects of modeling and con-

structs a complete modeling framework that spans environmental description, trajectory
representation, cost and constraint formulation, path smoothing, and multi-UAV coop-
eration. Spherical-coordinate encoding is employed to better match UAV motion charac-
teristics; a multi-cost model is designed to integrate complex constraints; path smoothing
is introduced to ensure physical feasibility; and multi-UAV cooperative constraints are
formulated to meet group mission requirements. Together, these components provide a
rigorous and systematic modeling basis for 3D multi-UAV trajectory planning.

5.1.1. Environmental modeling. The core of environmental modeling is to accurately de-
scribe the geographic space of UAV flight, threat sources, and no-fly zones, thereby pro-
viding constraint boundaries for trajectory planning.
1) Geospatial modeling. Environmental modeling employs a digital elevation map to

characterize the 3D geographic space, specifying the coordinate range and terrain height
distribution to provide basic constraints for trajectory planning. Taking a specific scenario
as an example, the spatial range is set to [450m, 450m, 200m] along the x, y and z axes.
The terrain height is represented by a digital elevation matrix H, and the elevation at

any planar coordinate (x, y) is obtained via interpolation. This provides accurate environ-
mental information to support constraints on flight altitude, safety clearance and obstacle
avoidance.
2) Threat source modeling. Threat sources include radar threats and artillery threats,

both modeled as spherical regions and defined as follows.

• Radar threats are characterized by a center coordinate (xR, yR, zR) and an effective
radius Rtr.
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• Artillery threats are characterized by a center coordinate (xA, yA, zA) and an effective
radius Rta.

The action mechanism of these threat sources is defined such that, if any UAV trajectory
segment intersects a spherical threat region, the UAV is considered to be exposed to that
threat, and a corresponding threat-penalty term is added to the cost function.

3) No-fly zone modeling. No-fly zones are modeled as cylindrical regions, defined as
follows:

• Center coordinate (xnfz, ynfz, znfz);
• Base radius Rnfz;
• Height range: the cylinder extends vertically from the local terrain elevation up to
a prescribed upper altitude limit.

If any UAV trajectory segment passes through a cylindrical no-fly region, a no-fly-zone
penalty term is activated in the cost function.

5.1.2. Spherical-coordinate-based trajectory modeling. To accommodate the physical char-
acteristics of UAV motion, which combine radial movement with attitude adjustment,
trajectory points are encoded using spherical vector coordinates (r, θ, φ) instead of tradi-
tional Cartesian coordinates, enabling a more accurate representation of both the flight
path and the associated attitude changes.

1) Coordinate definition.

• Radial distance r: The straight-line distance between the current waypoint and the
previous waypoint (or the start point). It reflects the magnitude of the UAV’s radial
movement.

• Polar angle θ (elevation angle): The angle between the trajectory direction and the
horizontal plane, which controls the UAV’s climb and descent attitude. Its range is
constrained to [−4π, 4π].

• Azimuth angle φ (yaw angle): The angle between the projection of the trajectory on
the horizontal plane and the x-axis, which controls the UAV’s turning attitude. The
range of φ is adaptively determined from the initial direction from the start point
to the target point.

Initial direction calculation: Let the start point be Si = (xs,i, ys,i, zs,i), the goal point

be Gi = (xg,i, yg,i, zg,i), then the direction vector is d⃗i = Gi −Si, the initial azimuth angle

is φ0 = arctan 2
(
d⃗i(2), d⃗i(1)

)
, and the admissible azimuth range is [φ0 − 4π, φ0 + 4π].

2) Coordinate transformation. The spherical coordinates need to be converted into
Cartesian coordinates for path computation and visualization, and the transformation
formulas are derived from basic spatial geometric relationships: xk = xk−1 + rk ∗ cos θk ∗ sinφk

yk = yk−1 + rk ∗ cos θk ∗ sinφk

zk = zk−1 + rk ∗ sinφk

(24)

where (xk−1, yk−1, zk−1) denotes the Cartesian coordinates of the previous waypoint (or
the start point), (xk, yk, zk) denotes the Cartesian coordinates of the current waypoint,
and (rk, θk, φk) denotes the spherical coordinates of the current waypoint.

During the transformation, constraint checks must be enforced.

• Coordinate range constraint: ensure that the Cartesian coordinates do not exceed
the map boundaries ([xmin, xmax] ∗ [ymin, ymax] ∗ [zmin, zmax]).

• Terrain safety constraint: the UAV flight altitude zk must be no lower than the local
terrain height plus a 10 m safety margin; if this requirement is violated, the altitude
is forcibly corrected to the minimum safe height.
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3) Encoding dimension design. Each UAV trajectory consists of N waypoints, and each
waypoint is represented by three spherical-coordinate parameters (r, θ, φ). In addition, to
realize temporal coordination among UAVs, a velocity parameter v is introduced for each
UAV. Therefore, the total encoding dimension is given by

Dim = 3 ∗ UAVnum ∗N + UAVnum (25)

where UAV num denotes the number of UAVs and N is the number of waypoints for each
UAV.

5.1.3. Multi-dimensional cost function modeling. Cost modeling is the core of trajectory
optimization. Physical constraints, mission requirements, and environmental factors must
be transformed into quantifiable cost metrics, which are then combined via a weighted
summation to construct the total cost function, thereby enabling multi-objective opti-
mization.
1) Cost function framework. The total cost function is defined as a weighted sum of

the individual cost components and can be written as follows:

F = wo ∗ fo +wh ∗ fh +wt ∗ ft +wm ∗ fm +wc ∗ fc +wa ∗ fa +wtr ∗ ftr +wno ∗ fno (26)

where fo, fh, ft, fm, fc, fa, ftr, and fno denote the path length cost, altitude cost, threat
cost, time coordination cost, spatial coordination cost, attitude constraint cost, trajectory
segment length cost, and no-fly-zone cost, respectively; and wo, wh, wt, wm, wc, wa, wtr,
and wno are their corresponding weighting coefficients, set to 0.05, 0.1, 3, 0.7, 0.7, 0.6,
0.9 and 2, respectively, which reflects the higher priority assigned to the threat cost and
no-fly-zone cost.
2) Modeling of individual cost components.
a) Path length cost fo. It reflects the fuel consumption of the UAV and is defined as

the ratio of the actual total path length to the theoretical maximum flight range:

fo =
Lmt

Lmax

(27)

where Lmt is the sum of the actual flight path lengths of all UAVs, and Lmax is the sum
of the straight-line distances from the start points to the end points of all UAVs. This
cost term encourages the trajectories to be as short as possible, thereby reducing fuel
consumption.
b) Altitude cost fh. It constrains the UAVs to fly within a safe altitude range by jointly

considering the terrain elevation, the minimum safe altitude hmin, and the maximum
allowable altitude hmax:

fh =
UAVnum∑

i=1

N∑
k=1

fh,i,k (28)

where fh,i,k denotes the altitude penalty term of the kth waypoint of the ith UAV.

fh,i,k =

 10 + 5 ∗ (hsafe,i,k − zi,k) zi,k < hsafe,i,k

1 zi,k > hmax,i or zi,k < hmin,i,k∣∣zi,k − h̄i

∣∣/h̄i otherwise
(29)

where hsafe,i,k = hterrain,i,k + 10, hterrain,i,k is the terrain height at the kth waypoint of the
ith UAV, and h̄i = (hmin,i + hmax,i)/2 is the reference optimal altitude.
c) Threat cost ft. It quantifies the degree to which the UAV is exposed to radar and

artillery threats, using a distance-weighted penalty formulation:

ft = fradar + fartillery (30)
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• Radar threat cost fradar:

fradar = 1.2 ∗
UAVnum∑

i=1

N∑
k=1

Mr∑
m=1

 5 +
10

di,k,m + 0.1
di,k,m < Rtr,m

0 otherwise
(31)

• Artillery threat cost fartillery:

fartillery = 1.1 ∗
UAVnum∑

i=1

N∑
k=1

Ma∑
m=1

 5 +
10

di,k,m + 0.1
di,k,m < Rta,m

0 otherwise
(32)

where Mr and Ma denote the numbers of radar and artillery threats, respectively; di,k,m
is the distance between the kth waypoint of the ith UAV and the mth threat source; and
Rtr,m and Rta,m are the effective radii of the mth radar and artillery threat, respectively.
The closer the UAV is to a threat source, the larger the penalty, which encourages the
UAVs to stay away from threat regions.

d) Time coordination cost fm. It enforces simultaneous arrival of multiple UAVs at
their targets by penalizing deviations between individual flight times and the desired
coordinated arrival time:

fm = 1.2 ∗
UAVnum∑

i=1

{
0 tc ∈ [tmin,i, tmax,i]

|ti − tc| otherwise
(33)

where ti = Li/vi is the flight time of the ith UAV (with Li denoting its path length and vi
its flight speed), tmin,i = Li/vmax,i and tmax,i = Li/vmin,i are the lower and upper bounds
of the feasible arrival time interval, and tc is the predefined coordinated arrival time.

e) Spatial coordination cost fc. It prevents collisions among multiple UAVs by penalizing
the number of collision events:

fc =
UAVnum∑

i=1

UAVnum∑
j=1,j ̸=i

Ncollide(i, j) (34)

where Ncollide(i, j) denotes the number of collision events between the ith and jth UAVs,
and a collision is considered to occur when the distance between the two UAVs is smaller
than the safety distance dsafe.

f) Attitude constraint cost fa. It constrains the maximum yaw angle and pitch angle of
the UAVs to avoid excessively abrupt attitude changes:

fa =
UAVnum∑

i=1

{
0 ∀k, |∆φi,k| ≤ φmax and |∆θi,k| ≤ θmax

1 ∃k, |∆φi,k| > φmax or |∆θi,k| > θmax

(35)

where ∆φi,k and ∆θi,k denote the heading (yaw) angle change and pitch angle change
of the kth trajectory segment of the ith UAV, respectively, and φmax and θmax are the
corresponding maximum allowable variation angles.

g) Trajectory segment length cost ftr. It constrains the straight-line distance between
adjacent waypoints to be no less than the minimum segment length Lmin:

ftr =
UAVnum∑

i=1

{
0 ∀k, ∥Pi,k − Pi,k−1∥ ≥ Lmin

1 ∃k, ∥Pi,k − Pi,k−1∥ < Lmin

(36)

where Pi,k denotes the Cartesian coordinates of the kth waypoint of the ith UAV.
h) No-fly-zone cost fno. It penalizes any UAV trajectory that passes through a no-fly

zone:
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fno = 10 ∗
UAVnum∑

i=1

Nnfz∑
m=1

Ncross(i,m) (37)

where Nnfz is the number of no-fly zones, and Ncross(i,m) denotes the number of times
the ith UAV crosses the mth no-fly zone, which is determined by checking whether its
trajectory segments intersect the corresponding no-fly region.

5.1.4. Path smoothing modeling. Discrete waypoints may lead to polyline-like trajectories
with sharp corners, which do not satisfy the physical constraints of fixed-wing UAVs (such
as continuous curvature and smooth turning). Therefore, path smoothing is required. In
this paper, B-spline curves [40] are employed for smoothing, where the core idea is to use
basis functions to fit the discrete waypoints into a continuous and smooth trajectory.
1) B-spline curve model. The general form of a B-spline curve is given by

S(u) =
n∑

i=0

Pi ∗Ni,k(u), u ∈ [0, 1] (38)

where Pi = (xi, yi, zi) denotes the discrete waypoints (control points), n is the number
of control points, k is the order of the B-spline curve (set to 3 in this paper to ensure
second-order continuity and differentiability of the curve), and Ni,k(u) is the kth order
B-spline basis function.
The B-spline basis functions are defined using the de Boor-Cox recursive formulation:

• Zero-order B-spline basis function:

Ni,0(u) =

{
1 u ∈ [ui, ui+1]
0 otherwise

(39)

• kth order B-spline basis function

Ni,k(u) =
u− ui

ui+k − ui

Ni,k−1(u) +
ui+k−1 − u

ui+k+1 − ui+1

Ni+1,k−1(u) (40)

where ui denotes the knot vector. In this paper, a uniform knot vector is adopted to ensure
the uniformity and smoothness of the resulting curve.
2) Path smoothing procedure. The procedure for implementing path smoothing is as

follows:
Step 1: Input the discrete waypoints [P0, P1, . . ., Pn];
Step 2: Construct a uniform knot vector U = [0, 0, 0, 1/n− 1, 2/n− 1, . . ., 1, 1, 1] (for

a cubic B-spline, the end knots are repeated);
Step 3: Compute the cubic B-spline basis functions Ni,3(u);
Step 4: Substitute the basis functions and control points into the B-spline curve for-

mulation to generate a continuous and smooth path S(u).
The smoothed path preserves the key physical constraints, thereby ensuring stable

flight.

5.1.5. Multi-UAV cooperative constraints modeling. Multi-UAV cooperation is a core re-
quirement of multi-UAV trajectory planning, and it is achieved through two types of
constraints: temporal coordination and spatial coordination.
1) Temporal coordination constraint. Constraint objective is to ensure all UAVs reach

their target positions simultaneously at the predefined coordination time tc.

• Constraint condition: ti = tc, i = 1, 2, . . .,UAVnum;
• Implementation: A temporal coordination cost ft is introduced to quantify the de-
viation of each UAV’s arrival time from tc, which drives the algorithm to jointly
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optimize the speeds and path lengths of all UAVs so that their flight times converge
toward the coordinated time tc.

2) Spatial coordination constraint. Constraint objective is to ensure no collisions occur
among UAVs during flight and that a safe separation distance is always maintained.

• Constraint condition: ∥Pi(t)− Pj(t)∥ ≥ dsafe (∀t, i ̸= j);
• Implementation: A spatial coordination cost fs is introduced to quantify the number
of collision events, which drives the algorithm to optimize the trajectories of all UAVs
so as to avoid spatial conflicts.

This paper constructs a comprehensive modeling framework around the core require-
ments of multi-UAV trajectory planning, covering environmental modeling, spherical-
coordinate-based trajectory representation, multi-dimensional cost modeling, path smoo-
thing, and multi-UAV cooperative constraint modeling.

Environmental modeling accurately characterizes the geospatial environment, threat
sources, and no-fly zones. Spherical-coordinate encoding is tailored to UAV motion char-
acteristics, enabling precise description of both trajectories and attitudes. The multi-
dimensional cost model integrates physical constraints, mission requirements, and en-
vironmental factors, thereby quantitatively expressing various optimization objectives.
B-spline-based path smoothing ensures the physical feasibility of the generated trajec-
tories. Multi-UAV cooperative constraints further meet the requirements of coordinated
group operations.

Overall, this modeling framework provides a unified and rigorous foundation for subse-
quent intelligent optimization algorithms, and can effectively support multi-UAV cooper-
ative trajectory planning in complex environments.

5.2. Comparative experiments on 3D UAV path planning. In the 3D multi-UAV
path planning experiments, the number of UAVs ranges from 2 to 5. For each metaheuris-
tic algorithm, the population size and the maximum number of iterations are both set to
200. To reduce the influence of randomness, each scenario is independently repeated 15
times for all algorithms. The mean values of the total cost function for the paths planned
by each algorithm are reported in Table 5.

Table 5. Cost function values of the paths planned by each algorithm

UAVnum IPKO PKO DBO NRBO HHO SABO AOA WOA
2 0.3402 0.9612 1.0855 0.3952 0.5228 20.9083 1.4473 0.879
3 1.1515 1.7733 1.5399 42.6771 1.9544 119.3551 97.8435 1.4476
4 1.4421 22.3158 2.3211 44.4563 103.366 260.4396 138.1207 2.3413
5 2.1246 3.7745 3.8589 123.9103 4.889 208.1777 261.8694 3.632

The experimental results in Table 5 show that IPKO consistently achieves the low-
est total cost among all algorithms for different numbers of UAVs, demonstrating clear
advantages in both optimization quality and scalability.

For the 2-UAV scenario, IPKO attains a cost of 0.3402, significantly lower than PKO
(0.9612), DBO (1.0855), and HHO (0.5228), while SABO and AOA perform notably
worse (20.9083 and 1.4473, respectively). As the number of UAVs increases to 3 and
4, the superiority of IPKO becomes more pronounced: its costs are 1.1515 and 1.4421,
whereas several comparison algorithms deteriorate sharply, such as NRBO (42.6771 and
44.4563), SABO (119.3551 and 260.4396), and AOA (97.8435 and 138.1207). In the most
challenging 5-UAV case, IPKO maintains a relatively low cost of 2.1246, while NRBO,
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SABO and AOA soar to 123.9103, 208.1777 and 261.8694, respectively, indicating serious
difficulty in handling multi-UAV coordination under complex constraints.
Overall, IPKO not only outperforms the original PKO and other metaheuristics in all

tested scenarios, but also shows much slower growth of cost as the number of UAVs in-
creases. This suggests that the proposed improvement strategies significantly enhance the
algorithm’s ability to perform coordinated multi-UAV trajectory planning in 3D environ-
ments.
The top views of one representative set of paths planned by each algorithm in the 5-

UAV scenario are shown in Figure 2, and the corresponding 3D views are presented in
Figure 3. As can be seen from Figures 2 and 3, the differences among the trajectories
generated by the various algorithms become clearer from both the top-down and spatial

(a) IPKO (b) PKO (c) DBO

(d) NRBO (e) HHO (f) SABO

(g) AOA (h) WOA

Figure 2. (color online) Top view of the paths planned by each algorithm
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(a) IPKO (b) PKO (c) DBO

(d) NRBO (e) HHO (f) SABO

(g) AOA (h) WOA

Figure 3. (color online) 3D view of the paths planned by each algorithm

perspectives. From the top-view comparison (Figure 2), the proposed IPKO tends to
produce more compact routes that remain within a stable feasible corridor while avoiding
the threat regions and the no-fly zone, resulting in fewer unnecessary detours. In contrast,
several compared algorithms yield boundary-hugging or large-scale bypassing trajectories,
where some UAVs move toward the map edges before turning back to approach the target
area. Such overly conservative detours imply increased path-length cost and may also
aggravate the time-coordination burden when multiple UAVs converge near the same
goal region. Moreover, certain trajectories from the compared algorithms exhibit abrupt
heading changes around threat boundaries, indicating inferior smoothness and potentially
higher turning/attitude penalties under the composite-cost formulation.
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The 3D visualization (Figure 3) further reveals differences in altitude profiles and spa-
tial maneuverability. IPKO generates trajectories with more coherent climb-cruise-descent
transitions when crossing complex terrain and threat-dense areas, and it avoids excessive
altitude oscillations and sharp spatial maneuvers. This characteristic is beneficial for prac-
tical execution because it typically implies reduced control effort and energy expenditure
associated with aggressive climbs and frequent attitude adjustments. Conversely, sever-
al compared algorithms present steeper or more irregular 3D segments, suggesting that
feasibility is maintained through abrupt vertical or lateral maneuvers, which is less desir-
able under realistic UAV kinematic constraints and the smoothness-related terms in the
objective.
Overall, the qualitative observations in Figures 2 and 3 align with the quantitative

results, indicating that IPKO can simultaneously achieve safer, smoother, and more cost-
effective multi-UAV trajectories in complex 3D environments.

6. Conclusions. In this paper, we addressed the three-dimensional multi-UAV path
planning problem in complex airspaces by formulating it as a multi-constraint optimiza-
tion task under a composite cost function. The cost integrates path length, altitude con-
straints, terrain clearance, no-fly zone avoidance, threat exposure, time and spatial coor-
dination, and trajectory smoothness, thereby providing a unified quantitative measure for
evaluating candidate trajectories. On this basis, we propose IPKO, which enhances the
original PKO through four complementary mechanisms: a dynamically adaptive flapping-
factor adjustment strategy, a random-walk-enhanced cooperative exploration strategy, a
periodic-disturbance-enhanced cooperative exploitation strategy, and a commensalism-
phase adaptive escape enhancement strategy. These strategies jointly strengthen global
exploration, stabilize local exploitation, and mitigate premature convergence.
Extensive experiments on benchmark functions and a 3D multi-UAV path planning

scenario were conducted to assess the effectiveness of IPKO. Ablation studies on twelve
CEC 2005 test functions confirmed that each individual strategy contributes to perfor-
mance gains and that their integration within IPKO yields further improvements in both
accuracy and robustness. Comparisons on ten CEC 2020 and twelve CEC 2022 benchmark
functions demonstrated that IPKO generally outperforms seven classical and seven im-
proved swarm intelligence algorithms in terms of mean objective value, convergence speed,
and stability. In the 3D multi-UAV planning experiments, IPKO consistently generated
smooth, collision-free trajectories that respected altitude, terrain, and no-fly constraints,
while achieving lower total cost than the comparison algorithms across different numbers
of UAVs.
Although the proposed method shows promising results, several directions merit further

investigation. First, the current planning framework is designed for static or quasi-static
environments; extending IPKO to dynamic scenarios with moving threats, time-varying
no-fly zones, and real-time re-planning requirements is an important topic for future work.
Second, the present composite cost is scalarized via fixed weights; incorporating adaptive
or multi-objective formulations could provide more flexible trade-offs among safety, en-
ergy consumption, and mission duration. Third, integrating IPKO into distributed or
onboard implementations and validating it on hardware-in-the-loop or field experiments
would further verify its practicality and engineering applicability for real-world multi-UAV
missions.
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