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Application of Improved Crown Porcupine
Optimizer in UAV Path Planning Based on
Dynamic Weighted JAY A-CPO Attack Strategy

Huanlong Zhang, Chenglin Guo, Denghui Zhai, Yanfeng Wang, Heng Liu, Fuguo Chen, and Dan Xu

Abstract—Unmanned aerial vehicle (UAV) path plan-
ning plays an important role in power systems. In order to
address the challenge in UAV path planning, an improved
crested porcupine optimizer (ICPO) combining the Cau-
chy inverse cumulative distribution function and JAYA
algorithm is proposed in this paper. First, the traditional
random initialization is replaced by sine chaotic mapping,
making the initial population more evenly distributed in
the search space and improving the quality of the initial
solution. Since the global search ability of the crested
porcupine optimizer (CPO) is limited, the Cauchy inverse
cumulative distribution strategy is introduced. In addition,
as CPO is prone to fall into local optima in later stages, a
weighted JAYA-CPO attack strategy is proposed to bal-
ance the global exploration and local exploitation, thereby
improving the algorithm’s ability to escape from local
optima. Finally, ICPO is compared with another 10 algo-
rithms on the cec2017 and cec2020 test sets. The experi-
mental results show that ICPO has excellent competi-
tiveness and optimization performance. The ICPO algo-
rithm is applied to the path planning problem of power
inspection UAV and is compared with four algorithms.
The results show that the algorithm can generate more
feasible path trajectories across two terrains with varying
complexity, demonstrating the effectiveness and signifi-
cance of the ICPO algorithm for UAV power inspection
path planning.
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I. INTRODUCTION

In recent years, driven by the rapid development of
unmanned aerial vehicle (UAV) technology, the ap-
plication of UAV in power inspections has increasingly
become an indispensable part of modern power systems
[11-[3]. Power facilities, particularly high-voltage lines,
substations and remote power facilities, are often lo-
cated in hard-to-reach areas, making manual inspection
time-consuming, costly, and associated with significant
safety risks. The introduction of UAV provides an effi-
cient, convenient and safe solution for power inspec-
tions [4]-[6]. However, power inspection scenes are
often complex and changeable, especially over
high-voltage power lines and related facilities, and
various obstacles are encountered during flights, such as
power towers, trees, buildings, etc., making drone path
planning challenging. In order to ensure that UAV can
complete inspection tasks efficiently and safely, accu-
rate path planning is particularly important [7]—[10].

Traditional path planning algorithms, such as A*
algorithm and rapidly-exploring random tree (RRT),
perform well in simple environments, but are often
difficult to adapt to changing environments and mul-
ti-objective inspection requirements in complex and
dynamic power inspection tasks [11]-[13]. To solve
these problems, researchers have applied swarm intel-
ligence optimization algorithms to UAV path planning.
By simulating the collective behavior of nature groups,
algorithms such as ant colony optimization (ACO) al-
gorithm [14], particle swarm optimization (PSO) algo-
rithm [15], and gray wolf optimization (GWO) algo-
rithm [16] can effectively solve path planning problems
in complex environments.

Swarm intelligent optimization algorithms have the
advantages of strong global search capability, fast con-
vergence speed, and strong adaptability, which can find
a better path planning scheme in complex environments
[17], [18]. In recent years, the combination of swarm
intelligence optimization algorithms and UAV path



102 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 10, NO. 6, NOVEMBER 2025

planning has become a research hotspot [19], [20]. These
algorithms achieve global path optimization for UAV by
simulating group intelligence behavior, overcoming the
limitations of traditional algorithms and improving the
efficiency and accuracy of path planning. Meanwhile, in
order to avoid the algorithms falling into local optimal
solutions, researchers have introduced some improve-
ment algorithms, such as hybrid algorithms, mul-
ti-objective optimization algorithms and adaptive algo-
rithms, to further enhance the global search performance.
For example, reference [21] uses ant colony algorithm to
initialize the search path and beetle antenna algorithm to
update the particle coordinates of subsequent steps, and
subsequently an algorithm based on the combination of
ant colony algorithm and beetle antenna algorithm is
proposed to solve the UAV path planning problem in
mountainous terrain. However, the problem of path
planning in complex three-dimensional space needs to
be improved. Reference [22] proposes a new spherical
vector-based particle swarm optimization (SPSO) algo-
rithm to solve the path planning problem of UAV facing
multiple threats in complex environments, but its opti-
mization performance is not tested on different bench-
mark test functions. In [23], an improved GWO algo-
rithm, GEDGWO, is proposed by combining GWO
algorithm with Gaussian distribution strategy, and is
applied to solve multi-UAV path planning problem.
However, other improved algorithms have broad pro-
spects in UAV path planning. Other improved versions
of algorithms used in UAV path planning have also
been proposed. Reference [24] proposes an improved
hybrid algorithm, IHSSAO, based on salp swarm
algorithm (SSA) and Aquila optimizer (AO) to solve the
UAYV path planning problem, but its performance needs
be verified under more constraints. Reference [25]
proposes multi-strategy cuckoo search algorithm based
on reinforcement learning, which achieves satisfactory
results on the UAV path planning problem. However,
the established mathematical model does not consider
important objectives and constraints such as meteoro-
logical factors.

Crested porcupine optimizer (CPO) is an emerging
swarm intelligence optimization algorithm that solves
the optimization problem by simulating the four defense
mechanisms of crested porcupine (CP), i.e., visual,
auditory, scent, and physical attacks [26]. CPO per-
forms well in dealing with complex optimization prob-
lems, with the advantages of strong global search ability,
fast convergence, and high adaptability. However,
conventional CPO may still fall into local optimal so-
lutions when facing path planning problems with high
dimensionality and complex constraints, affecting its
global search performance.

To solve these problems, this paper proposes an im-
proved version of CPO algorithm (ICPO). The random

initialization is replaced with sine chaotic mapping
initialization in the initialization phase, while the Cau-
chy inverse cumulative distribution function is added in
the first defense phase of the CPO algorithm. JAYA
algorithm is integrated into the fourth defense phase of
CPO to improve the overall optimization performance
and adaptability of the algorithm. The ICPO algorithm
is applied to terrain models with different complexity
levels, and relevant constraints such as optimality,
safety and feasibility are included. The performances of
different algorithms in various complex environments
are compared and analyzed to provide new concepts and
methods for the research and application of UAV path
planning. The main research work in this paper are
summarized as follows.

1) Sine chaotic mapping initialization is used instead
of random initialization, it makes the population dis-
tribution more uniform and improves the quality of the
initial solution.

2) Incorporate the Cauchy inverse cumulative dis-
tribution function into the first defense stage of the CPO
algorithm to enhance the global search ability of the
algorithm and improve the convergence performance of
the algorithm.

3) Incorporate the JAYA algorithm into the fourth
defense stage of the CPO to coordinate the global search
and local development of the algorithm and enhance its
adaptability and robustness.

4) The effectiveness of ICPO is demonstrated by
comparing the multiple performance test indexes under
cec2017 and cec2020 test functions with other swarm
intelligence optimization algorithms.

5) The ICPO algorithm proposed in this paper is ap-
plied to the path planning of power inspection UAV,
and is compared with CPO, an improved Tasmanian
devil optimization algorithm based on sine-cosine
strategy with dynamic weighting factors (NTDO), dual
fitness particle swarm optimization algorithm(DFPSO),
a novel sparrow search algorithm with integrates
spawning strategy (NSSA), backtracking search algo-
rithm driven by generalized mean position (GMPBSA)
and other algorithms in terms of path length, smooth-
ness and optimization effect, thereby fully demonstrat-
ing its superior performance and excellent path planning
ability in power inspection tasks.

The remaining structure of this paper is as follows.
Section II introduces the core concepts and basic prin-
ciples of the conventional CPO algorithm, while Section
I proposes three strategies to improve the CPO algo-
rithm (i.e., ICPO). Section IV verifies the strong opti-
mization performance of ICPO through the cec2017 and
cec2020 test functions, and Section V applies the ICPO
algorithm to the power inspection UAV path planning
task. Finally, Section VI summarizes the paper and
recommends future work.
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II. CRESTED PORCUPINE OPTIMIZER

CPs are larges rodent found across forests, deserts,
rocky outcrops, and mountain slopes on every continent
except Antarctica [27]-[29]. They rank third in size
among rodents, following capybaras and beavers. Most
CPs have a dark brown or black stiff coat, occasionally
dotted with white spots. The most striking feature is
their broad feather cover, which extends to the head,
neck, back and tail, as shown in Fig. 1. As nocturnal
herbivores, CPs feed on a variety of plants, including
shrubs and leaves [30].

Fig. 1. CP and CP defends itself from a leopard.

CPO simulates various defensive behaviors of CPs,
including sight, sound, smell, and physical aggression
as ranked from least aggressive to most aggressive
[31]-[34]. Based on these four defense strategies, CPO
is proposed, consisting of two phases (exploration and
exploitation). In CPO, the search space is visualized as
shown in Fig. 2, which is divided into four distinct
zones, each simulating the defense strategy of CPs. The
first zone A represents the first defense zone, and the
first defense strategy is implemented when the CP is
away from the predator. The second zone B represents
the second defense zone, which is activated when the
predator is unaffected by the first defense mechanism
and continues approaching CP. The third zone C rep-
resents the third defense zone, and the third defense
strategy will be activated when the predator is still ap-
proaching CP despite the first and second defense
mechanisms. The last zone D represents the last defense
zone where, after all previous defense mechanisms have
failed, and the CP will take aggressive measures to
incapacitate and possibly kill the predator in order to
protect itself.

Fig. 2. Four defense mechanisms of CPs.

A. Population Initialization

CPO begins the search process with an initial set of
individuals (candidate solutions), as:

X, =L+rxU-L,i=12, -, N (1)
where X, is the ith candidate solution in the search

space; L and U are the lower and upper limits of the
search range, respectively; r is a random number be-
tween 0 and 1; and N’ represents the number of indi-
viduals, i.e., N' is population size.

B. Cyclic Population Reduction Technique

The cyclic population reduction (CPR) technique, in
addition to accelerating the rate of convergence, can also
maintain population diversity. This strategy simulates
the idea that not all CPs activate defense mechanisms,
but only those that are threatened. The mathematical
model of cyclic population size reduction is as follows:

)x|1- = )

T

where T is the variable that determines the number of
cycles; g is the current function evaluation; 7, is the
maximum number evaluated by the function; “%” rep-
resents the remainder or modular operator; and N, is
the minimum number of individuals in the newly gen-
erated population, so the population size cannot be less
than N . . As the number of current function evalua-
tions increases, the population size gradually decreases,
reaching as low as 40, which marks the first cycle.
Subsequently, the population size is maximized again
and then gradually declines until the end of the opti-
mization process, representing the second and final
period, as T is set to 2. Overall, the population size
initially reaches its maximum and then progressively
shrinks, eventually approaching N, .

N=N,, +(N'—N,

min min

C. Exploration Phase

1) First Defense Strategy (Vision)

When the CP senses a predator, it raises and waves
the quill to make a deeper impression on the predator. In
this situation, the predator has two options: approach the
CP or maintain a distance from it. In the first option, the
predator approaches the CP, reducing the distance be-
tween them. This promotes exploration of the space
between the predator and CP, accelerating convergence.
In the second option, the predator moves away from the
CP, maximizing the distance. This encourages explora-
tion of more distant regions, potentially uncovering
unexplored areas that may contain the desired solutions.
Using a normal distribution to generate random values,
these options are mathematically simulated. If these
random values are less than 1 or greater than —1, ap-
proaching the CP is encouraged. Otherwise, predators
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stays away from CP. Typically, this behavior is math-
ematically simulated as follows:

1t t t
X; —xl.+rl><2><72><xcp—yl.| (3)

where x| is the position of the ith individual at iteration

t; xép is the best solution of the evaluation function ¢;

v, is the vector generated between the current CP and a
randomly selected CP from the population to represent
the position of the predator when iterating ¢, 7, is a
random number based on a normal distribution; and 7,
is a random value in the interval [0, 1]. The mathemat-
ical formula for generating y! is:

C_Xitx
=

where c is a random number in [1, N].
2) Second Defense Strategy (Sounds)

In this strategy, the CP uses sound methods to make
noise and threaten predators. When predators approach
the CP, the sound becomes louder. To simulate this
behavior mathematically, the following formula is
proposed:

x Z(l—Ul)Xx;+U1X(y+T3X(x£1_x£2)) )

i

“4)

where the subscripts ¢l and ¢2 are two random inte-
gersin[1, N]; and 7, is a random value in the interval [0,

1]. In (5), we attempt to simulate the influence of the
sound on the distance between the predators and the CPs.
The influence of the sound is categorized into three
cases: the first case is that the sound is weak and hence
the predators continue moving toward the CP; the sec-
ond case is that the sound is slightly loud and the pred-
ators might stand in their position without moving;
lastly, the sound is loud and the predators move away
due to fear. The three cases may not be exactly applied
given the limitations of each rule. The predators might
completely move toward the CP even if the noise is so
loud or might go away or stand in place even when the
sound is low. Therefore, we use a binary vector U,

including 0 and 1 generated randomly to cover all the
possible probabilities. When the cells in this vector
include 0, the second case is achieved because this
means that the sound is slightly loud, and hence the
predators stand without moving toward the CP. How-
ever, when the cells include 1, this means that the
predators might move towards or far from the CP; this
covers the first and third cases. The tradeoff between the
first and third cases is achieved as follows: the vector y
represents the predator’s position, which is between the
current CP and a CP solution selected randomly from
the population. After computing y, we compute the
difference between two solutions selected randomly
from the current population to determine whether the
predator will move toward or away from the CP. If this

difference is smaller than 0 and the predator’s position
is greater than the current CP’s position, then the pred-
ators will move toward the CP; otherwise, the predator
moves away due to fear. On the other contrary, if this
difference is greater than 0 and the predator’s position is
smaller than the current CP’s position, then the preda-
tors will move toward the CP; otherwise, the predator
moves away due to fear.

D. Exploitation Phase
1) Third Defense Strategy (Smell)

In this strategy, the CP secretes a foul odor that
spreads in its surrounding area to prevent predators
from approaching it. To model this behavior mathe-
matically, the following equation is proposed:

X" =(1-U,)xx; +U1x(x£1+S;x(x£2 —x£3)—r3><5><;/,><S,.’)
(6)

where the subscript ¢3 is a random number in [1, N]; §
is a parameter used to control the direction of the search

and is defined by (7); x is the position of the ith indi-
vidual at iteration ¢; y, is a defense factor defined by (8);

S! is an odor diffusion factor defined by (9); and the

1

U, vector is used to simulate the strategy in the fol-
lowing possible three scenarios:

1) When U, equals 0, the CP ceases odor diffusion
because the predator, fearing the CP, stops moving,
causing the distance between them to remain constant;

2) When U, is equal to 1, the CP emits a strong odor
because the predator is nearby;

3) When U, takes a value between 0 and 1, the

predator maintains a safe distance from the CP, so ex-
tensively odor emission is unnecessary.

[+1, ife,, <05
6= {—1, else )
lmax
]/tzzxerandx(l_%J (8)
!
Slt — exp f(x[) (9)

N 12
PIVACARE:
where f(x/) denotes the value of the objective function

for the ith individual at iteration ¢ ; f(x;) denotes the
value of the objective function for the kth individual at
iteration ¢; € is a small value that avoids division by
zero; e, is a vector that includes randomly generated
values between 0 and 1; N is the population size; ¢ is
the number of current iterations; and ¢, is the maxi-
mum number of iterations.
2) Fourth Defense Strategy (Physical Aggression)

The final strategy is a physical attack. When a pred-
ator approaches and strikes with its short, thick feathers,
the CP responds with a physical counterattack. In this
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process, the two bodies come into close contact, re-
sembling a one-dimensional inelastic collision. To ex-
press the physical attack behavior, the following
mathematical formula is proposed:
X =xlp +H(a(1-7,)+ 7, )x (6 x X —x) 75 x 8 x 7, < F
(10)
where xg, is the best-obtained solution and represents
the CP; « is the convergence rate factor discussed later

in the parameter setting section; 7, and 7, are the

random value in the interval [0, 1]; and F' is the av-

erage force of CP affecting the ith predator, it is pro-
vided by the inelastic collision law [35] and defined by:

Fl=g x220 —W) X —v)
At
)
' eZ;\;,f‘M e an
V=X
v =

where m; is the mass of the ith individual (predator) at

iteration #, f(-) denotes the objective function; v/™' is

the final velocity of the ith individual at the next iteration
t+1 and is assigned based on the selection of a random

solution from the current totality; v; is the initial veloc-
ity of the ith individual at iteration #; A¢ is the number of
the current iteration; and 7, is a vector including ran-

dom values generated between 0 and 1.
In (11), the average force of the CP is calculated
based on dividing the numerator by the current iteration,

which increases linearly during the optimization process.

As a result, the effect of the average force of the CP is
gradually minimized. In fact, small values of this factor
do not harm the performance of the CPO, since they
contribute little to exploring alternative regions around
the current best solution. Therefore, the numerator is
removed and only the denominator is retained as shown
in (12). This approach helps to create a wide range of
values within the search space, enabling a more com-
prehensive examination of the regions around the cur-
rent best solution.

F' =‘r6><m,.><(vl.’”—v.’) (12)

1

III. IMPROVED CRESTED PORCUPINE OPTIMIZER

A. Sine Chaotic Mapping Strategy

Random initialization generates solutions randomly
within the feasible space to cover a wide area and in-
crease the chances of finding a global optimum [36].
However, it may result in uneven distribution, affecting
algorithm efficiency and solution diversity. To address
this issue, this paper replaces random initialization with
sine chaotic mapping to enhance global search by

avoiding local optima through its inherent randomness
and unpredictability [37]. Additionally, sine chaotic
mapping improves path selection, reduces collision risk,
and ensures efficiency and safety in UAV path planning
[38]. The two initialization methods are compared in
Fig. 3. The expression of sine chaotic mapping is given as:

(13)

where «a is the control parameter, and is typically 4,
while the chaotic orbit state values range from (0, 1).

x, =2 sin (7, )

i+1 Z
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Fig. 3. Initialization method. (a) Random initialization. (b) Ini-
tialization of the sine chaotic mapping.

B. Cauchy Inverse Cumulative Distribution Function
Strategy

The Cauchy inverse cumulative distribution function
is a mapping from the probability values to the corre-
sponding observations in the Cauchy distribution. The
probability density function of the Cauchy distribution
is defined as:

S(xx0,7) = :

2
7/

where x is a random variable that can take on any real
number; x, is the positional parameter, which deter-

(14)

mines the central position of the distribution; and y is
the scale parameter, which determines the brightness of
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the distribution. The characteristic of this distribution is
that both its mean and variance are undefined, unlike
other common distributions such as the normal distri-
bution. The Cauchy cumulative distribution function
(CDF) describes the probability that a random variable
is less than or equal to a certain value. The CDF ex-
pression of the Cauchy distribution is:

F(x,x,,y) = 1 + larctan [ﬂJ
2 T V4

The Cauchy inverse cumulative distribution function
(ICDF) is an inverse function of CDF used to determine
the value of a random variable corresponding to a
probability value. ICDF of the Cauchy distribution is:

. 1
F (p,xo,y)=x0+;/tan{n(p—5ﬂ (16)

where p is a probability value between 0 and 1. The

(15)

position parameter x, is assigned to 0, which is con-

sistent with the standard Cauchy distribution. And the
scale parameter y is reduced by 100 times to 0.01,

which can improve the convergence speed of the algo-
rithm through reasonable variation step size. The for-
mula for incorporating the inverse Cauchy cumulative
distribution function into the first defense phase of the
CPO is as follows:

1= vt it 0=V

i

ICDF can be used to increase the exploratory nature
of the algorithm by generating random perturbations or
redirecting the search. Specifically, the long-tailed na-
ture of the Cauchy distribution makes it capable of
generating larger perturbations, which helps the algo-
rithm to escape the local optimal solution in the search
space [39] and explore the potential global optimal
solution more extensively. Therefore, the inclusion of
ICDF in the first defense stage of the CPO algorithm
can enhance its global search capability and improve the
quality of its convergence and solution, especially when
dealing with complex, multimodal problems.

C. Weighted JAYA-CPO Attack Strategy

1) JAYA Algorithm

The core idea of the JAY A algorithm is to approach
the optimal solution and avoid the worst solution. In
each iteration, the individual moves closer to the ex-
cellent individual while distancing itself from the poor
individual, thereby improving the solution quality [40].
This strategy of “seeking advantages and avoiding
disadvantages” enables the algorithm to gradually ap-
proach the optimal solution.

The implementation process of the JAYA algorithm
is relatively simple and easy to understand. Compared
with other meta-heuristic algorithms, JAYA requires
adjusting only the parameters (such as random numbers)
of the iterative process for specific problems, thereby

avoiding the complexity and implementation difficul-
ties associated with tuning numerous parameters [41].
In the JAY A algorithm, the new solution is obtained by
the iterative evolution of an equation while the indi-
vidual is close to the excellent individual and away from
the poor individual. This equation controls the updating
direction and step size of the individual, so that the
individual can gradually approach the optimal solution.
The specific update method is to control the scale size
through random numbers to realize the movement of
individuals, shown as:

Xy =X, +1, (ij _|Xij )—Vz,- (XWJ" _|X’7|) (%)

where 7, (X b —|X U|) indicates the tendency of the
solution to move towards the optimal solution;

=73, (X . |X U|) indicates the tendency of the solution

to move away from the worst solution; X, and X,
represent the value of the jth dimension variable in the
optimal and worst solution of the population respec-
tively. If the objective function f'(x,) corresponding to

X, isbetter, X/ is accepted and the original solution is
replaced; otherwise, the original solution is maintained.
2) Weight Factor

Weight factor f regulates the algorithm’s tradeoff

between global search (provided by JAYA) and local
search (provided by CPO’s fourth defense strategy). In
the early iteration stage of the algorithm, a larger S

value helps the algorithm to jump out of the local op-
timal solution and explore a wider solution space [42].
As the algorithm gradually approaches the potential
optimal solution, smaller § values can enhance local

search, refine the current solution, and improve the
accuracy of the solution. In addition, the dynamic ad-
justment mechanism of £ makes the algorithm more

adaptive and robust. By monitoring the performance of
the algorithm and adjusting the £ value accordingly,

the algorithm is able to optimize its search behavior
according to the characteristics of different problems
and the dynamic changes in the search process. This
flexibility not only improves the algorithm’s perfor-
mance on a variety of problems, but also enhances its
stability in the face of complex search environments.
The formula for £ is given as:

BO) = P —(%) X (Brax = Brin) (19)

where £ and B are random numbers between 0 and
1, after extensive testing, the best results are obtained
when £, =09 and g, =0.1.

In (19), an appropriate selection of ¢ can balance the
global search and local exploitation so that the algo-
rithm can effectively explore the solution space across
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different stages [43]. When o =1, the weight factor S
decreases linearly, limiting the algorithm’s flexibility in
adjusting the weights between global and local search
across different stages. This may lead to premature
convergence or entrapment in a local optimum, while
overlooking potentially better solutions. when o =1.5
and « =2, at the beginning of the iterations, the algo-
rithm converges more slowly, allowing the individuals
to move in larger steps and thus better explore the so-
lution space to approach the global optimum; in the
middle and late iterations, convergence accelerates,
individuals take smaller steps, and the search for the
optimal solution becomes more precise. When o =2.5
and « =3, the algorithm converges too slowly in the
early stage, leading to excessive exploration of the so-
lution space, which delays the discovery of the global
optimum and increases runtime; and in contrast, in the
middle and late iterations, convergence becomes too
rapid, which may cause the algorithm to fall into a local
optimum prematurely, miss the global solution, and
restrict its search capability. Therefore, this paper
chooses a more suitable value between o =1.5 and
o =2. Compared with a=1.5, setting o =2 better
reflects the actual situation and achieves a balance be-
tween exploration and accuracy at different stages. The
convergence curve for ¢ values is shown in Fig. 4.

0.9 T——
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Fig. 4. Value curve of a.

In summary, the weight factor £ plays a crucial role

in fusion algorithms, as it regulates the balance between
exploration and exploitation and directly affects con-
vergence speed and overall performance.
3) Fusing the JAYA Algorithm into the Fourth Defense
Strategy

The JAYA algorithm is combined with the fourth
defense strategy of the CPO algorithm to leverage the
strengths of both methods, enhancing the overall search
efficiency and the quality of reconciliation. First, JAYA
is a parameter-free optimization algorithm that guides
the search process by identifying the best and worst
solutions to the current solution set. This method helps
the algorithm to avoid the local optimal solution and

improve the global search ability. By introducing the
JAYA algorithm, fusion strategy can make the algo-
rithm search effectively in a wider solution space and
increase the probability of finding the global optimal
solution. Second, CPO’s fourth defense strategy simu-
lates the defense behavior of the CP and focuses on
local search. This allows the algorithm to perform a
more precise search near the optimal solution, improv-
ing solution the accuracy. Integrating the two allows
further local development when needed, thereby
achieving better results in terms of solution quality. In
addition, the introduction of the weight factor S ena-

bles the algorithm to dynamically balance between
global search and local search. By adjusting the value of
f at different search stages, the algorithm can flexibly

adjust its search behavior according to the current de-
mand and the nature of the problem. This dynamic ad-
justment mechanism improves the adaptability and
robustness of the algorithm, allowing it to deal with
various kinds of optimization problems effectively. The
specific fusion formula is as follows:

X" =B (0, J) =, (o, | [+ (- 8)x0" 20)
where 7, and r,; arerandom values in [0, 1]; and X

is the defense position calculated by individual i ac-
cording to the fourth defense strategy of the CPO.

In summary, the mathematical formula of the fourth
defense strategy, combining JAY A and CPO, leverages
the strengths of both methods to enhance global search
capability, local search efficiency, and overall adapta-
bility and robustness. This fusion strategy represents an
important trend in optimization algorithm design, con-
tributing to the development of more efficient and ro-
bust optimization tools.

D. Complexity Analysis of ICPO

Similar to other algorithms, the improved ICPO in
this paper mainly depends on the initialization, fitness
evaluation and algorithm update of the Coronus opti-
mizer. These three processes are related to population

number (), maximum number of iterations (7, ), and

dimension (D). The termination condition of ICPO is
based on the maximum number of function evolution
rather than the maximum number of iterations. As
population size has no effect on time complexity, its
time complexity depends on two factors: the maximum
number of iterations of the function (7 ) and the

number of dimensions (D). In general, for the evalua-
tion of all functions, the time complexity of ICPO is:
O(T.. . xD).

max

ax

IV. SIMULATION EXPERIMENT AND RESULT ANALYSIS

To verify the performance of ICPO, optimization
simulation experiments for solving the UAV inspection
path planning problem are conducted and compared
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with NTDO [44], DFPSO [45], NSSA [46], GMPBSA
[47], whale optimization algorithm (WOA) [48], dung
beetle optimizer (DBO) [49], coati optimization algo-
rithm (COA) [50], GWO [51], and butterfly optimiza-
tion algorithm (BOA) [52]. The experimental envi-
ronment is Windows 10 64-bit operating system with
Intel(R) Core(TM) i3-8100 CPU @3.60GHz 16GB
MATLAB R2022a. In this paper, 29 (F1, and F3—F30)
test functions of cec2017 (F2 has been deleted in the
official statement) [53] and 10 test functions of cec2020
[54] are selected to validate the effectiveness of the im-
proved ICPO algorithm. Due to the inherent randomness

and instability of the algorithms, and to ensure the au-
thenticity and fairness of the experiments, each algo-
rithm is independently tested 30 times for each type of
experiments, while the corresponding optimal value,
standard deviation and average value are recorded [55].
In this paper, the average values are analyzed as it re-
flects the overall performance of the algorithm in mul-
tiple runs and provides reliable results. The maximum
number of iterations is 500 times, the maximum number
of iterations of the algorithm is 1000, and the number of
populations N is set to 30. The parameter settings of
each algorithm are shown in Table 1.

TABLEI
PARAMETER SETTINGS OF DIFFERENT SWARM INTELLIGENT ALGORITHMS
Algorithm Main parameters settings Value
Population size 30
Maximum iterations 500 or 1000
ICPO Convergence rate factor 0.1
T 0.5
T 2
Population size 30
Maximum iterations 500 or 1000
CPO Convergence rate factor 0.1
T 0.5
T 2
Population size 30
Maximum iterations 500 or 1000
NTDO random value {1,2}
2 {0, 27}
r3 {0, oo}
Population size 30
Maximum iterations 500 or 1000
DFPSO
rl [0, 1]
r2 [0, 1]
Population size 30
Maximum iterations 500 or 1000
NSSA Pr9poﬂi0n of 02
discoverers
Safety limit 0.8
Safety value 0.2
Population size 30
GMPBSA Maximum iterations 500 or 1000
D 1
Convergence constant Decreases linearly from 2 to 0
WOA Spiral factor 1
Population size 30
deflection factor (0,0.2]
DBO Natural coefficient 1 or-1
constant value [0, 1]
Population size 30
COA . . .
Maximum iterations 1000
GWO Convergence constant Decreases linearly from 2 to 0
Population size 30
Power exponent 0.1
BOA Sensory modality 0.01
p 0.8
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A. CEC2017 Test Functions

As previously described, this paper uses 29 test func-
tions of cec2017, of which F1 and F3 are single-peak
functions, F4—F10 are multi-peak functions, F11-F20
are hybrid functions, and F21-F30 are composite

functions, as shown in Table II. The test dimensions
include 2/10/30/50/100 [56], and the test function with
the dimension of 10 is chosen. The value range of all
test functions is [-100, 100], and f,, denotes the op-

timal solution of the function.

TABLE I
EXPERIMENTAL DATA UNDER DIFFERENT IMPROVED ALGORITHMS (CEC2017)
ICPO CPO NTDO DFPSO NSSA GMPBSA
Minimum 1.1036x10% 1.2317x10% 1.0624x10? 2.7337x10° 1.0158x10? 1.0984x10?
F1 Standard 3.2459x10% 4.6785x10* 4.3801x10° 1.2174x10° 3.8124x10° 1.2995x10°
Average 4.0390x10? 4.9653x10* 3.1476x10° 1.8046x10° 4.7608x10° 1.7903x10°
Minimum 3.0548x10% 3.0021x10? 4.3222x10?% 3.2538x10? 3.2512x10? 5.6821x10?
F3 Standard 9.4039%10! 3.9081x10! 5.0337x10? 1.2139x10% 3.5633x10? 9.0801x10?
Average 3.8912x10% 3.2515x10? 1.1974x10° 4.6997x10% 6.8410x10? 1.8446x10°
Minimum 4.0181x10% 4.0242x10* 4.0004x10* 4.0357x10% 4.0000x10% 4.0384x10%
F4 Standard 8.8481x107! 7.4643x107! 1.3294x10! 1.0497x10! 1.1299x10' 5.4682x107!
Average 4.0388x10? 4.0442x10? 4.0769x10? 4.0892x10% 4.0747x10% 4.0488x102
Minimum 5.0306x10? 5.0855%10? 5.3030x10? 5.1287x10? 5.1194x10? 5.1382x10?
F5 Standard 3.1127x10° 4.4699x10° 2.8475%10! 9.2224x10° 1.5046x10! 5.0496x10°
Average 5.1098x10?* 5.1804x10? 5.9572x10? 5.2954x10? 5.3147x10? 5.2071x10?
Minimum 6.0000%10? 6.0000x10? 6.2836x10? 6.0041x10? 6.0002x10? 6.0001x10?
F6 Standard 7.6372x1073 2.1766x1073 7.1246x10° 1.8021x10° 1.8389x10! 2.5942x1072
Average 6.0001x10? 6.0000%10* 6.5201x10? 6.0246x10? 6.1344x10? 6.0003x10?
Minimum 7.1616x10* 7.2136x10? 7.7915%10? 7.2155%10? 7.3797%10? 7.1916x10?
F7 Standard 2.9316x10° 5.3634x10° 6.4109x10° 5.6956x10° 2.5984x10! 4.7996x10°
Average 7.2264x10* 7.3128x10? 8.1000x10? 7.3531x10? 7.8779%10? 7.3580%10?
Minimum 8.0563x10? 8.0877x10? 8.2337x10? 8.0953x10? 8.1691x10? 8.1093x10?
F8 Standard 2.7004x10° 3.6916x10° 3.0439x10° 5.9028x10° 5.2250%10° 4.9393x10°
Average 8.1003x10* 8.1571x10? 8.3066x10? 8.1707x10? 8.3011x10? 8.1900x10?
Minimum 9.0000x10% 9.0000x10* 1.7431x10° 9.0010x10? 9.0000x10? 9.0000x10?
F9 Standard 3.6278x107* 2.9805%x107 9.3761x10° 3.2595x107! 3.3522x10? 1.1476x107"!
Average 9.0000x10* 9.0000%10?* 1.7688x10° 9.0053x10? 1.1222x10° 9.0004x10?
Minimum 1.2058x10° 1.3859x10? 1.8241x10° 1.3830x10° 1.2404x10° 1.6424x10°
F10 Standard 1.4110%x107 1.8014x10? 2.1331x10% 3.5851x10? 3.3428x10? 1.8187x10%
Average 1.5474x10° 1.8567x10° 2.2035%10° 2.0597x10° 1.8392x10° 1.9684x10°
Minimum 1.1014x10° 1.1029%10? 1.1036x10? 1.1109%10? 1.1068x10° 1.1033x10°
F11 Standard 1.1678%10° 1.7146x10° 6.5702x10° 7.7321x10° 9.0202x10° 2.3864x10°
Average 1.1037x103 1.1055%10° 1.1131x10° 1.1245%10° 1.1191x10° 1.1073x10°
Minimum 2.3286x10? 2.5192x103 6.5949x10? 2.7906x10* 2.9412x10° 5.9776x10°
F12 Standard 1.9802x10° 3.8381x10° 2.1988x10° 6.4609%10° 8.5348x10* 1.8271x10*
Average 4.4426x10° 7.9755%10° 9.1112x10* 1.1629x10° 2.8205x10* 3.0499x10*
Minimum 1.3034x10° 1.3117x10° 1.6215%10° 6.3632x10° 2.3267x10° 1.3246x10°
F13 Standard 7.5213x10° 5.2925%10° 1.9760x10° 2.2805%10° 7.2240%10° 8.0906x10°
Average 1.3193x10° 1.3206x10? 4.4031x10° 1.1033x10* 1.0682x10* 1.3360x10°
Minimum 1.4053x10° 1.4068%10° 1.4797x10° 1.8395x10° 1.4435%10° 1.4129%10°
F14 Standard 4.0637x10° 4.7730x10° 6.8690%10! 1.4574x10° 5.2428x%10? 3.9000x10°
Average 1.4142x10° 1.4158x10° 1.5548%10° 4.1797x10° 1.7642x103 1.4243x10°
Minimum 1.5013x10? 1.5014x10? 1.6439x10? 4.8403x10° 1.5885x10° 1.5024x10°
F15 Standard 8.9786x107! 1.2534x10° 7.2090x10? 3.6032x10° 9.9553x10? 3.4519%10°
Average 1.5030x10° 1.5037x10? 2.5293x10° 1.1729x10* 2.7269x10° 1.5079x10°
Minimum 1.6009%103 1.6018x10° 1.9230%10° 1.7814x103 1.6038x10° 1.6047x10°
Fl16 Standard 2.3015%10! 6.8326x10° 8.5566x10! 7.3164x10! 1.3246x10% 3.9049%10!
Average 1.6092x10° 1.6064x10° 2.0514x10° 1.9465%10° 1.8850%10° 1.6578x10°
Minimum 1.7063%10? 1.7082x10? 1.7253%10° 1.7502x10? 1.7194x10° 1.7372x10°
F17 Standard 5.5389x10° 6.2159x10° 1.3014x10! 1.7107x10! 1.8681x10! 1.1877x10!
Average 1.7154x10° 1.7239%10? 1.7459%10° 1.7673x10° 1.7473%x10° 1.7576x10°
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Continued
Minimum 1.8087x10° 1.8083x10° 1.9399x10° 2.7562x10° 2.5535%10° 1.8301x10°
F18 Standard 3.6729x10° 4.8055%10° 3.1318x10° 4.4393x10° 1.0481x10* 1.8561x10!
Average 1.8146x10° 1.8174x10° 4.0245%10° 9.3511x10° 1.4653x10% 1.8501x10°
Minimum 1.9014x10° 1.9011x10° 1.9185x10° 2.5019x10° 1.9135x10° 1.9036x10°
F19 Standard 4.1790x107! 5.3030x107! 1.5045%10° 2.2095%103 6.4974x10° 1.2144x10°
Average 1.9022x103 1.9023x10° 2.8190x10° 7.3985x10° 7.1079x10° 1.9055x10°
Minimum 2.0001x10° 2.0008x10° 2.1487x10° 2.0419%10° 2.0290x10° 2.0349x10°
F20 Standard 3.5247x10° 4.4942x10° 4.5390x10! 5.7618x10! 5.5675x10! 1.2512x10!
Average 2.0050x10° 2.0071x10° 2.1907x103 2.1608x10° 2.1671x10° 2.0552x10°
Minimum 2.2013x10° 2.2003x10° 2.2005%10° 2.2019x10° 2.2006x10° 2.2043x10°
F21 Standard 3.9979x10! 5.8139x10! 2.5097x10! 5.0636x10! 6.7547x10" 3.9004x10'
Average 2.2298x10° 2.2518x10° 2.2128x10° 2.3044x10° 2.2777x10° 2.3052x10°
Minimum 2.2116x10° 2.2027x10° 2.3014x10° 2.2029x10° 2.3003x10° 2.2564x10°
F22 Standard 2.4316x10" 1.8141x10! 5.5917x10% 2.4693x10! 1.4843x10° 1.1637x10!
Average 2.2928x103 2.2986x10° 2.4868x10° 2.3005%10° 2.3024%10° 2.2993x10°
Minimum 2.6067x10° 2.6065%10° 2.6235x10° 2.3160x10° 2.6106x10° 2.6142x10°
F23 Standard 3.4077x10° 5.8561x10° 2.0994x102 5.9378x10! 1.3082x10! 5.0330x10°
Average 2.6140x10° 2.6178x10° 3.0859x10° 2.6256x10° 2.6266x10° 2.6222x10°
Minimum 2.5001x10° 2.5000x10° 2.5000x10° 2.5008%10° 2.5000x103 2.6198%10°
F24 Standard 1.0516x10? 1.0062x10? 8.0898x10! 1.0643x10? 1.0737x10? 2.5225x%10!
Average 2.6111x10° 2.6976x10° 2.5291x10° 2.6913x10° 2.5527x10° 2.7494x10°
Minimum 2.8977x10° 2.8977x10° 2.8978x10° 2.9000x10° 2.8979x10° 2.8978x10°
F25 Standard 2.2879x10! 2.2976x10' 2.0711x10' 1.7936x10' 2.2390x10' 2.2463x10'
Average 2.9185x10° 2.9242x10° 2.9236x10° 2.9360x10° 2.9282x10° 2.9200%10°
Minimum 2.6013x10° 2.8000x10° 2.8000x10° 2.8149x10° 2.8000%10° 2.9000x10°
F26 Standard 5.4543x10! 3.0513x10" 2.3518x107 3.9740x10! 1.2338x10? 1.7585x10%
Average 2.8900x10° 2.8900x10° 2.9161x10° 2.8714x10° 2.8842x10° 2.9390%10°
Minimum 3.0884x10° 3.0920x10° 3.0895x10° 3.0906x10° 3.0905x10° 3.0894x10°
F27 Standard 2.1523 1.6027x10° 1.4397x10? 2.7806x10! 1.6936x10! 9.5004x107"!
Average 3.0946x10° 3.0948x10° 3.1321x10° 3.1085x10° 3.1029x10° 3.0911x10°
Minimum 2.8914x10° 3.1000x10? 3.1004x10° 3.1013x10° 3.1000x10° 3.1791x10°
F28 Standard 4.3527x10' 1.0264x10? 1.1126x10? 1.0623x10? 1.3039x10? 7.6704x10'
Average 3.0994x10° 3.1414x10? 3.2700x10? 3.3377x10° 3.2994x10? 3.2543x10°
Minimum 3.1480x10° 3.1589x10° 3.1868x10° 3.1903x10° 3.1623x10° 3.1617x10°
F29 Standard 2.0001x10' 1.6517x10' 4.2942x10' 2.5773x10' 4.7772x10' 2.1709x10'
Average 3.1829x10° 3.1968x10? 3.2440x10° 3.2389x10? 3.2335x10° 3.2000x10?
Minimum 4.1669x103 4.1856x10° 5.9233x10° 1.1286x10° 4.1500x10° 4.7180x10°
F30 Standard 1.5470x10* 9.7373x10° 2.1114x10° 6.0840%x10° 3.2872x10° 2.5040%10°
Average 1.2770x10* 1.3662x10* 1.3667x10° 6.2355%10° 1.5150%x10° 1.1949x10°

Note: The best performance values of the algorithm under different test functions are shown in bold.

1) Performance Comparison Between ICPO and Other
Improved Algorithms (cec2017)

In this section, the improved versions of TDO algo-
rithm, PSO algorithm, SSA algorithm and BSA algo-
rithm are used to compare with CPO and ICPO pro-
posed in this paper. As described, the dimensionality of
the function is 10, the maximum number of iterations of
the algorithms is 500, and the number of populations is
30. To ensure the reliability and fairness of the exper-
iments, and to analyze the experimental results more
accurately, each algorithm is run for 30 times. Table II
compares the optimal values (Minimum), standard de-
viations (Standard) and average values (Average) of the
different algorithms, while Fig. 5 compares the con-
vergence diagrams of the algorithms with the maximum
number of iterations of each algorithm being 1000.

From Table II, it can be seen that the average optimal
fitness values of the proposed ICPO in most of the test
functions in cec2017 are better than other algorithms.
From the results, the following conclusions can be
drawn: the average optimal fitness values of the ICPO in
test functions F1, F4-F5, F7-F8, F10-F15, F17-F20,
F22-F23, F25, F28-F30 are the best; the average op-
timal fitness of CPO in functions F3, F6, F9, F16 are the
best; for functions F21, F24, the average optimal fitness
values of NTDO are the best; the average optimal fit-
ness of DFPSO in function F26 is the best; and for
function F27, the average value of GMPBSA is the best.
From the experimental results, it can be seen that the
improved ICPO is the most effective, followed by the
original CPO algorithm and the improved NTDO algo-
rithm. Therefore, the proposed ICPO in this paper is
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very effective and can greatly improve the overall per-  the remaining test functions, its overall performance is
formance of the algorithm. satisfactory. These results demonstrate that the im-
From Fig. 5, it can be seen that in functions F1-F3,  proved ICPO significantly improves local search ability,
F5, F7-F10, F12-F13, F15-F21, F23-F24, F26, enabling it to reach the optimal value more quickly and
F29-F30, the convergence speed and convergence accurately. o
accuracy of ICPO are significantly better than the Based on the above results and analysis, it can be
other improved algorithms. For functions F6 and F25,  concluded that the overall performance of the proposed
ICPO achieves the fastest convergence speed, alt- ICPO in the cec2017 test functions is excellent, with

hough its convergence accuracy is not the highest. For ~ both high effectiveness and competitiveness.
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Fig. 5. Convergence curves of each improved algorithm under the cec2017 test sets.

2) Wilcoxon Rank Sum Test Analysis (cec2017)

To ensure the reliability of the experimental results
and highlight the differences between the proposed al-
gorithm and other improved algorithms, this section
adopts the Wilcoxon rank-sum test at a significance level
of p-value equaling 0.05 [57]. When p-value is greater

than 0.5, the two algorithms are considered to have
comparable performance; when p-value is less than 0.5,
the difference between the algorithms is statistically
significant, indicating that one algorithm has a clear
advantage. In Table III, the values with p-value being
greater than 0.5 are shown in bold. It can be seen that the
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values with p-value being greater than 0.5 account for

only a small portion, indicating that the improved ICPO

113

differs from the other improved algorithms and demon-
strates superior performance in most instances.

TABLE III
WILCOXON RANK SUM TEST RESULTS (CEC2017)
CPO NTDO DFPSO NSSA GMPBSA
F1 7.2827%10" 2.3168x10° 3.0199x107!! 5.8587x107° 7.7387x107°
F3 3.8307x107° 9.9186x107!! 2.1566x1073 2.4913x107° 4.0772x1071
F4 3.9167x1072 4.8413x1072 1.1737x107° 9.5139x107° 3.8349x107°
F5 1.7294x1077 3.0199x107!! 1.4643x107'° 8.9934x107!" 2.6099x1071°
F6 2.0152x1078 3.0199x107! 3.0199x107!! 3.6897x107!! 7.2208x107°
F7 3.9648x107® 3.0199x107!! 9.7555x1071° 3.0199x107! 4.1997x1071°
F8 5.0922x107% 3.0199x107! 1.3594x1077 3.3384x107! 8.1014x107°
F9 1.5581x107® 3.0199x107!! 3.0199x107!! 2.1544x107'° 1.8916x107
F10 4.3106x10°* 3.3384x107! 3.6459x107% 9.7917x107° 4.6159x1071°
F11 3.8349x10°° 6.1210x107'° 3.0199x107!! 3.0199x107!"! 1.8500x107%
F12 3.3681x107° 1.0937x10710 3.0199x107!! 2.3897x10% 8.9934x107!!
F13 3.3285x10! 3.0199x107!! 3.0199x107!! 3.0199x107!! 5.9673x107°
F14 1.3732x107" 3.0199x107!! 3.0199x107!! 3.0199x107! 1.4110x107°
F15 8.3146x1073 3.0199x107" 3.0199x107" 3.0199x107"! 4.9980x10~°
F16 1.0869%107" 3.0199x107!! 3.0199x107!! 2.1544x1071° 2.9215%x107°
F17 3.5708x107° 3.0199x107" 3.0199x107" 5.4941x107" 3.0199x107"
F18 1.6955%1072 3.0199x107!! 3.0199x107!! 3.0199x107"! 3.0199x107!!
F19 3.1830x10! 3.0199x107" 3.0199x107" 3.0199x107"! 3.0199x107"
F20 4.2446x1072 3.0199x107!! 3.0199x107!! 3.0199x107"! 3.0199x107"!
F21 5.2978x10! 6.6689x1073 4.4205%107° 1.6687x107! 7.6950x10%
F22 6.7350x10! 5.6073x107° 8.4848x107° 5.3685x1072 5.5699x1073
F23 1.4412x1072 3.0199x107" 9.7555x1071° 1.0666x1077 2.0152x107®
F24 4.7138x10™ 1.2860x107° 1.7666x1073 6.7650x107 2.8716x1071°
F25 7.7312x107! 4.3584x1072 2.6784x107° 1.3703x1073 2.0095x10!
F26 1.4932x107* 1.9112x1072 1.3345x107! 3.7904x107! 3.0199x107"
F27 5.7929x10! 6.7350x10" 4.9426%107° 3.9881x10™ 7.6950x1078
F28 2.7548x1073 4.1997x1071° 1.6132x107'° 2.3855x107® 3.0199x107"
F29 6.3772x1073 2.6695x107° 3.1589x1071° 1.7290x107¢ 4.0330x107
F30 1.1536x107! 7.0881x10°% 3.0199x107" 2.0283x1077 3.9881x107

Note: Bold entries indicates the values with insignificant p-value in the non-parametric test.

3) Performance Comparison Between ICPO and Other

Swarm Intelligence Optimization Algorithms (cec2017)

In order to visualize the advantages of ICPO, this sec-
tion compares CPO and ICPO with other swarm intelli-
gent optimization algorithms, including WOA, DBO,
COA, GWO, and BOA. As in previous cases, the dimen-

TABLE IV
EXPERIMENTAL DATA UNDER DIFFERENT ORIGINAL ALGORITHMS (CEC2017)

sion of the function is 10, the maximum number of itera-
tions for each algorithm is 500, and the number of popu-
lations is 30. Table IV demonstrates the Minimumimum,
standard deviation, and mean values of each algorithm,
and Fig. 6 compares the convergence curves of each
swarm intelligent optimization algorithm with ICPO.

ICPO CPO WOA DBO COA GWO BOA
Minimum 1.1752x10? 1.2201x10? 4.5472x10° 1.6826x10? 4.5410%10° 3.1758x10* 1.9173x10°
F1  Standard 1.7789%10? 5.9281x10? 9.2567x107 8.3451x10° 3.2364x10° 1.2996x108 2.7197%10°
Average 3.2707x10? 6.0591x10? 6.7430%10’ 2.6983x10° 1.1086x10"° 5.2519x10’ 6.0411x10°
Minimum 3.0453x10? 3.0069x10? 8.5784x10? 3.0004x10? 4.3721x10° 3.7242x10? 3.2304x10°
F3  Standard 6.5879x10" 2.2280%10! 4.0397x10° 3.8101x10? 3.0411x10° 2.5740%10° 2.8673x10°
Average 3.6221x10? 3.1772x10* 5.5531x10° 6.5199x10? 9.8784x10° 3.4002x10° 9.2329x10°
Minimum 4.0067x10? 4.0093x10* 4.0485%107 4.0161x10? 6.3035x10? 4.0390x10? 4.1554x10%
F4  Standard 1.1796x10° 1.1555%10° 5.8845x10! 3.8811x10! 4.7697%10* 2.2534x10' 5.3765%10?
Average 4.0367x10? 4.0380%10? 4.6319%107 4.3306%10% 1.1536x10° 4.2153%10% 1.4209%10°
Minimum 5.0478x10? 5.1161x10? 5.1845x10? 5.1610x10? 5.5112x10? 5.0810%x10? 5.6646x10?
F5  Standard 3.7148x10° 4.4030%10° 2.5505%10" 1.5389x10! 1.9363x10! 1.0470%10' 1.4305%10!
Average 5.1134x10? 5.1922x10? 5.6006x10> 5.4138x10? 5.9449x10? 5.2030x10? 5.9677x10?
Minimum 6.0000x10? 6.0000x10? 6.1481x10? 6.0004x10? 6.2758x10? 6.0010x10? 6.2136x10?
F6  Standard 7.4090x107 1.5334x107 1.1553x10! 8.9637x10° 1.1138x10! 2.8663x10° 8.2651x10°
Average 6.0001x10? 6.0000x10* 6.3886%10? 6.1391x10? 6.4858x10? 6.0210%x10? 6.3820%x10?
Minimum 7.1513x10? 7.2157x10? 7.2162x10? 7.1753x10? 7.5703x10? 7.1829x10? 7.8159x10?
F7  Standard 3.7365x10° 4.2091x10° 2.5625x%10! 1.8241x10! 1.5246x10! 9.9726x10° 1.0265x10!
Average 7.2169%10> 7.3074x10? 7.8438x10? 7.5042x10? 7.9704x10? 7.3946x10> 8.0049x10?
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Continued
Minimum 8.0487x10° 8.0808%10° 8.2604x10° 8.1592x10° 8.4512x10° 8.0306x10? 8.3830x10?
F8  Standard 2.8646x10° 4.2075%10° 1.3619x10" 1.1155x10" 5.6155x10° 6.0325x10° 7.1401x10°
Average 8.0956x102 8.1689x10° 8.4696x10° 8.3411x10? 8.5597x10? 8.1574x10? 8.5680%10?
Minimum 9.0000x10? 9.0000x10? 9.5987x10? 9.0071x10? 1.1814x10° 9.0011x10? 9.6044x10?
F9  Standard 6.4250x107 3.7997x107 2.7763%10? 1.7370x10? 1.8373x102 4.6180x10' 2.1402x10?
Average 9.0000x10? 9.0000x102 1.4580x10° 9.9128%10? 1.5160x10° 9.2075%10? 1.3474x10°
Minimum 1.1985x10° 1.4367x10° 1.6072x10° 1.4890x10° 1.9396x10° 1.1233x10° 2.1584x10°
F10  Standard 1.3892x10? 2.0474x10? 2.8318x10? 2.8064x10? 2.4535x10? 4.2315x10? 1.8608x10?
Average 1.4995x10° 1.8509x10° 2.1803x10° 2.0409%10° 2.6121x10° 1.6911x10° 2.7239x10°
Minimum 1.1022x10° 1.1039x10° 1.1260x10° 1.1077x10° 1.2543x10° 1.1103x10° 1.2498x10°
FI1  Standard 1.1649x10° 1.3011x10° 9.1751x10" 1.1877x10? 1.0811x10° 3.4093x10! 7.2399x10?
Average 1.1045x10° 1.1060x10° 1.2410x10° 1.2261x10° 2.2672x10° 1.1448x10° 1.7725x10°
Minimum 1.7770x10° 1.9641x10° 7.3886x10* 3.7112x10° 1.2757x107 1.1670x10* 4.4974x10°
F12  Standard 1.5818x10° 9.7629x10° 6.5100x10° 3.6355x10° 2.2735x108 9.0105x10° 5.0425%107
Average 3.8970x10° 1.0302x10* 6.5913%10° 2.5510%x10° 2.9313x10° 8.3257x10° 6.1220x107
Minimum 1.3070x10° 1.3092x10° 1.6634x10° 1.7908x10? 8.4143x10° 2.2862x10° 3.0721x10*
F13  Standard 7.6577x10° 5.6133x10° 1.2563x10* 1.5431x10* 3.3564x10° 8.8415x10° 2.7226x10°
Average 1.3192x10° 1.3221x10° 1.4081x10* 1.5371x10* 1.0272x10° 1.2311x10* 2.4703x10°
Minimum 1.4076x10° 1.4084x10° 1.4473x10° 1.4416x10° 1.4738x10° 1.4689x10° 1.5138x10°
F14  Standard 4.6058x10° 4.0158x10° 1.7265x10° 6.0404x10? 6.2115x10" 2.2039x10° 1.9082x10°
Average 1.4146x10° 1.4141x10° 3.1140x10° 1.9032x10? 1.5734x10° 3.9379x10° 3.9268x10°
Minimum 1.5007x10° 1.5011x10° 1.7675x10° 1.6491x10° 1.7037x10° 1.5861x10° 2.7546x10°
F15  Standard 1.1145x10° 1.0145x10° 1.0756x10* 4.4548x10° 3.4536x10° 3.6032x10° 5.2499x10°
Average 1.5029x10° 1.5029x10° 1.0973x10* 4.8314x10° 9.4596x10° 4.9623x10° 1.0554x10*
Minimum 1.6013x10° 1.6014x10° 1.6869x10° 1.6006x10° 1.7388x10° 1.6176x10° 1.7317x10°
F16  Standard 3.7332x10" 9.8717x10° 1.4494x10? 1.5715x10? 1.0725x10? 1.5251x10? 1.1549x10?
Average 1.6157x10° 1.6068x10° 1.9616x10° 1.7624x10° 2.0697x10° 1.7630x10° 1.9832x10°
Minimum 1.7072x10° 1.7103x10° 1.7421x10° 1.7298x10° 1.7436x10° 1.7151x10° 1.7783x10°
F17  Standard 6.8154x10° 5.7430x10° 8.2149x10" 4.2137x10" 4.6620x10" 3.9170x10" 2.1117x10!
Average 1.7175x10° 1.7236x10° 1.8361x10° 1.7970x10° 1.8084x10° 1.7735x10° 1.8159x10°
Minimum 1.8072x10° 1.8051x10° 2.0017x10° 2.1596x10° 6.4471x10° 3.5823x10° 5.4095x10*
F18  Standard 4.0937x10° 5.0900x10° 1.3989x10* 1.4797x10* 4.1950x107 1.3674x10* 4.8781x10°
Average 1.8149x10° 1.8163x10° 1.7434x10* 2.0934x10* 1.5942x107 2.3202x10* 3.4012x10°
Minimum 1.9010x10° 1.9010x10° 2.0319x10° 2.0321x10° 2.1665x10° 1.9109x10° 7.5502x10°
F19  Standard 5.2415%x107! 5.8451x107! 4.9002x10° 1.7781x10* 2.1928%10* 4.2146x10* 6.1545x10*
Average 1.9020x10° 1.9022x10° 1.4641x10° 1.0654x10* 1.4734x10* 1.8285x10* 7.0345x10*
20 Minimum 2.0004x10° 2.0020x10° 2.0775x10° 2.0236x10° 2.1503x10° 2.0251x10° 2.0839x10°
Standard 3.0430x10° 2.9995x10° 8.6472x10" 7.2468x10" 3.8203%10" 6.6148x10" 4.7900x10"
Average 2.0046x10° 2.0060x10° 2.1945x10° 2.1196x10° 2.2312x10° 2.0979x10° 2.1838x10°
Minimum 2.2009x10° 2.2002x10° 2.2118x10° 2.2040x10° 2.2683x10° 2.2055x10° 2.2100x10°
F21  Standard 3.8709x10! 6.0697x10" 5.3337x10! 5.0007x10" 3.8014x10! 2.9830x10' 2.7934x10!
Average 2.2330x10° 2.2572x10° 2.3156x10° 2.2362x10° 2.3701x10° 2.3132x10° 2.2279%10°
Minimum 2.2192x10° 2.2000x10° 2.2663x10° 2.3012x10° 2.4992x10° 2.3011x10° 2.3249x10°
F22  Standard 2.0115x10" 2.1065x10" 4.2921x10? 9.2416x10° 4.0624x10? 9.3159x10° 3.6715x10!
Average 2.2966x10° 2.2966x10° 2.4559x10° 2.3116x10° 3.1818x10° 2.3095x10° 2.3861x10°
Minimum 2.6087x10° 2.6097x10° 2.6263x10° 2.6231x10° 2.6603x10° 2.6050x10° 2.6467x10°
F23  Standard 3.5123x10° 4.6988x10° 2.4385x10! 1.4150x10" 3.1890x10" 1.2049x10! 1.9705x10"
Average 2.6142x10° 2.6187x10° 2.6546x10° 2.6462x10° 2.7184x10° 2.6256x10° 2.6744x10°
Minimum 2.5002x10° 2.5000x10° 2.6023x10° 2.5000x10° 2.6956x10° 2.7327x10° 2.5637x10°
F24  Standard 1.0431x10? 1.0016x10? 4.0910x10" 8.5669x10" 6.6694x10! 1.3252x10' 7.3289x10!
Average 2.6489%x10° 2.6966x10° 2.7766x10° 2.7380%10° 2.8888%10° 2.7505x10° 2.6564x10°
Minimum 2.6069x10° 2.8977x10° 2.9038x10° 2.9012x10° 3.0756x10° 2.8980x10° 3.0474x10°
F25  Standard 6.0478x10" 2.2867x10! 3.1316x10! 2.3664x10! 2.8219x10? 2.3510x10' 2.0661x10?
Average 2.9056x10° 2.9183%10° 2.9624x10° 2.9453%10° 3.5340%10° 2.9365x10° 3.5262x10°
Minimum 2.6005x10° 2.6003x10° 2.8273x10° 2.8056x10° 3.2449x10° 2.8379x10° 2.9973x10°
F26  Standard 7.5613%10" 5.4724x10" 6.0706x10? 1.8025x10? 4.0348x10? 3.0713x10? 1.3918x10?
Average 2.8801x10° 2.8900%10° 3.5544x10° 3.1054x10° 4.1497x10° 3.0770x10° 3.2035x10°
Minimum 3.0920x10° 3.0904x10° 3.0937x10° 3.0933x10° 3.1240x10° 3.0908x10° 3.1031x10°
F27  Standard 1.6981x10° 2.0752x10° 4.7643x10' 2.3226x10" 4.0741x10' 1.6985x10' 3.1345x10"
Average 3.0953x10° 3.0954x10° 3.1474x10° 3.1170x10° 3.1910x10° 3.1002x10° 3.1570x10°
F28  Minimum 2.8797x10° 3.1000x10° 3.2163x10° 2.8000x10° 3.3174x10° 3.1005x10° 3.2758x10°
Standard 1.0047x10? 1.1543x10? 1.4035x10? 1.8368x10? 1.3896x10? 1.0506x10? 2.1535x10?
Average 3.1268x10° 3.1592x10° 3.4584x10° 3.3446x10° 3.7610x10° 3.3556x10° 3.7014x10°
Minimum 3.1474x10° 3.1698x10° 3.1782x10° 3.1531x10° 3.2608x10° 3.1584x10° 3.2175x10°
F29  Standard 1.6967x10' 1.5833x10' 1.0893x10? 8.2172x10" 1.0464x10? 4.5708x10' 6.5528x10!
Average 3.1834x10° 3.1969x10° 3.4037x10° 3.2763x10° 3.4236x10° 3.2148x10° 3.3397x10°
Minimum 4.4840x10° 4.6103x10° 2.0531x10* 7.5853x10° 8.4219x10° 8.2804x10° 5.5468x10°
F30  Standard 5.0758x10° 9.0256x10° 1.6856x10° 1.3457x10° 8.6065%10° 1.3541x10° 4.5837x10°
Average 8.2190x10° 1.3348x10* 1.6443x10° 1.1139x10° 7.3779x10° 9.4144x10° 5.4187x10°

Note: The best performance values of the algorithm under different test functions are shown in bold.
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Fig. 6. Convergence curves of each algorithm under the cec2017 test sets.

From Table 1V, it can be seen that the average opti-
mal fitness values of the proposed ICPO are better than
other swarm intelligent optimization algorithms for
most of the functions in the cec2017 test functions.
From the results, the following conclusions can be
drawn: the average values of ICPO are optimal for the
test functions F1, F4-F5, F7-F8, F10-F13, F15,
F17-F21, and F23-F30, whereas the average values of
CPO in functions F3, F6, F9, F14, F16, F22 are optimal.
Therefore, the proposed ICPO shows clear advantages,
achieving optimal average values across 23 test func-
tions, which confirms its high effectiveness.

From Fig. 6, it can be seen that the convergence speed
and convergence accuracy of ICPO in the test functions
F1-F5, F7-F26, and F28-F30 are significantly better

than other algorithms, and the convergence speed of
ICPO is the fastest in function F6. ICPO can identify the
optimal value more quickly and accurately, thereby
greatly improving the optimization performance of the
algorithm.

In summary, the proposed ICPO demonstrates sig-
nificant advantages in solving the three metrics across
the 29 cec2017 test functions, as well as in the conver-
gence curves, with overall performance surpassing that
of other intelligent optimization algorithms.

4) Wilcoxon Rank Sum Test Analysis (cec2017)

This subsection uses the Wilcoxon rank sum test to
better validate the excellence of ICPO. Table V shows
the Wilcoxon rank sum test results of ICPO with CPO,
WOA, DBO, COA, GWO, and BOA algorithms run
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independently for 30 times under dimension dim be-
ing 10 for the 29 test functions of cec2017. From Table
V, it can be seen that: the ICPO and WOA, DBO, COA,
BOA algorithms have p-value which is less than 0.5
under all functions, i.e., there is a significant difference
with these algorithms under all test functions of
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cec2017; ICPO is significantly different from the CPO
and GWO algorithms compared to the vast majority of
functions. In summary, it shows that ICPO is more
advantageous compared to the remaining six algorithms
in terms of significant difference in the performance of
optimization search.

TABLE V
WILCOXON RANK SUM TEST RESULTS (CEC2017)
CPO WOA DBO COA GWO BOA
F1 3.8481x1073 3.0199x107! 3.3461x1078 3.0199x107! 3.0199x1071 3.0199x1071
F3 6.5261x1077 3.6897x107" 2.9205%1072 3.0199x107! 2.2273%x107° 3.0199x1071
F4 2.5805x10"" 4.1997x1071° 6.7183x1071° 3.0199x107! 5.5727x1071° 3.0199x1071
F5 1.6947x107 3.0199x107! 3.0199x107! 3.0199x107! 2.3800x1073 3.0199x107!
F6 8.8829x107° 3.0199x107" 3.0199x107" 3.0199x107!! 3.0199x1071 3.0199x1071
F7 5.8587x107 3.0199x107! 2.9215x107 3.0199x107! 6.2828x107% 3.0199x1071
F8 3.4971x107 3.0199x107" 5.4941x107" 3.0199%107! 1.2362x1073 3.0199x107!
F9 9.0632x1078 3.0199x107" 3.0199x107" 3.0199x107! 3.0199x1071 3.0199x1071
F10 1.1567x1077 2.1544x1071° 2.8314x1078 3.0199x107!! 1.2732x1072 3.0199x1071
F11 4.9426x107 3.0199x107" 3.0199x107" 3.0199%x107! 3.0199x1071 3.0199x1071
F12 7.6171x1073 3.0199x107" 7.7725%107° 3.0199x107! 3.0199x1071 3.0199x1071
F13 3.3285x107! 3.0199x107" 3.0199x107" 3.0199x107! 3.0199x1071 3.0199x1071
F14 8.6499x10" 3.0199x107" 3.0199x107" 3.0199%x107! 3.0199x1071 3.0199x1071
F15 1.9073x107! 3.0199x107" 3.0199x107" 3.0199x107! 3.0199x1071 3.0199x1071
F16 9.8834x1073 3.0199x107" 4.0772x107" 3.0199%x107! 7.3891x107 3.0199x107!
F17 1.0547x107! 3.0199x107" 1.2057x1071° 3.0199%x107! 4.9752x107"! 3.0199x107!
F18 1.5969x1073 3.0199x107" 3.0199x107" 3.0199x107! 3.0199x1071 3.0199x1071
F19 3.5137x1072 3.0199x107" 3.0199x107" 3.0199%107! 3.0199x1071 3.0199x1071
F20 4.2067x1072 3.0199x107" 3.0199x107" 3.0199%107! 3.0199x1071 3.0199x1071
F21 3.0418x10! 1.2023x1078 6.7350%x107! 1.6132x1071° 2.6695%x107° 1.0763x1072
F22 3.8710x10! 4.6159x107'° 9.8329x1078 3.0199%x107!" 8.1527x107" 3.0199x1071
F23 7.2208x107° 3.0199x107" 3.0199x107" 3.0199x107!" 1.1058x107* 3.0199x107"
F24 8.6844x1073 3.0199x107" 1.0666x1077 1.8500x107% 2.2780x107 1.1711x1072
F25 5.9969x10"" 3.0939x107° 1.8731x1077 3.0199x107!" 2.4327x107 3.0199x107!!
F26 1.5178x1073 3.0199x107" 8.3520x1078 3.0199x107!" 3.0199x107" 5.0723x107'°
F27 2.1506x1072 3.0199x107" 7.3763x1071° 3.0199x107!" 6.3772x1073 3.0199x1071
F28 4.8252x107! 8.9934x107" 1.5401x107° 3.0199%x107!" 7.3891x107!" 4.0772x1071
F29 6.9724x1073 4.0772x107" 3.8053x1077 3.0199x107!" 7.9782x1072 3.0199x107"
F30 1.2597x10! 3.0199x107" 2.5711x107 3.0199x107!"! 2.3768%x1077 3.0199x107

Note: Bold entries indicates the values with insignifcant p-value in the non-parametric test.

B. CEC2020 Test Functions

There are 10 single-objective test functions in the
cec2020 test functions, composed of several functions
selected from the cec2014 and cec2017 test functions,
and the search intervals are all between [-100, 100]. All
the test functions solve the minimization problem with
optional dimensions: 2/5/10/15/20, whereas the dimen-
sion of the test function is selected to be 20 in this study.
1) Color/Grayscale Figures

In this subsection, the improved versions of the
NTDO, DFPSO, NSSA, GMPBSA algorithms are
compares with the proposed ICPO and the original CPO

algorithm under the cec2020 test functions. The number
of dimensions is 20, the number of populations is 30,
and the maximum number of iterations is 500 [58]. In
order to ensure the stability and reliability of the ex-
perimental results, each algorithm is run independently
for 30 times. Table VI compares the four improved
algorithms, the proposed ICPO, and the original CPO
for the three common indicators: the optimal value, the
standard deviation and the average value. Figure 7
demonstrates the convergence curves of each compara-
tive algorithm, and the maximum number of iterations
of each algorithm in the convergence curve is 1000.
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TABLE VI
EXPERIMENTAL DATA UNDER DIFFERENT ORIGINAL ALGORITHMS (CEC2020)

ICPO CPO NTDO DFPSO NSSA GMPBSA

Minimum 4.4453x102 9.3671x10? 4.0604x10° 5.3811x10° 1.3402x10° 5.5685%10°

F1 Standard 7.0683x10° 8.6176x10° 1.3659x10° 8.9487x10° 1.7662x10° 1.7191x10°
Average 7.3325x10° 7.8077x10° 6.2552x108 1.5502x107 1.2258%10° 1.2340%x10°
Minimum 2.0768x10° 2.6666x10° 3.1392x10° 2.1827x10° 2.2929%103 3.6054x10°

F2 Standard 1.9466x10% 2.5691x10% 5.2050x10? 6.6907x10? 4.1130x107 2.8901x10%
Average 2.5570x103 3.2385x10° 3.9910x10° 2.9427x10° 2.9047x103 4.3317x10°
Minimum 7.5573x10? 7.6893x10? 8.5606x10? 7.5351x10? 7.7026x10? 7.9121x10?

F3 Standard 6.3090x10° 8.4978x10° 3.4044x10! 1.8479x10! 4.8204x10' 1.1491x10!
Average 7.6805x102 7.8430x10? 9.1183x10? 8.0742x10? 8.6253x107 8.1345x10?
Minimum 1.9044x10° 1.9057x10° 1.9093x10° 1.9071x10° 1.9041x103 1.9063x10°

F4 Standard 9.5039x107! 1.1203x10° 1.8473x10! 1.2422x10° 2.9244x10° 1.4272x10°
Average 1.9064x10° 1.9084x10° 1.9247x10° 1.9098x10° 1.9096x10? 1.9093x10°
Minimum 4.4031x10° 6.0871x10° 1.1596x10° 4.9551x10° 2.7893x10° 5.9553x10°

F5 Standard 2.5944x10* 3.0154x10* 1.4265x10° 1.5589x10° 1.5227x10° 2.8530x10*
Average 2.4110x10* 3.9137x10* 2.5742x10° 7.1698%10° 4.7517x10° 3.4794x10*
Minimum 1.6065x10° 1.6151x10° 1.7808x10° 1.8420%10° 1.6085x10° 1.7476x10°

F6 Standard 2.0454x10! 2.1497x10! 2.3513x10% 1.7687x10% 1.6138x10? 9.5728%10!
Average 1.6337x10° 1.6424x10° 2.1739x10° 2.0877x10° 1.8739x10° 1.9118x10°
Minimum 2.7807x10° 3.0850x10° 2.2043x10* 1.0306x10° 1.7826x10* 2.9672x10°

F7 Standard 3.1079%10? 2.2695x10° 2.8101x10* 8.0289x10* 5.5312x10* 2.0949x10°
Average 3.3823x10° 4.3505x10° 6.4033x10* 2.5153x10° 9.7811x10* 4.9878x10°
Minimum 2.3001x10° 2.3001x10° 2.3135x10° 2.3124x10° 2.3032x103 2.3050x10°

F8 Standard 2.7419%107! 8.5559x107! 1.0422x10° 9.0256x10? 2.7038x10° 1.4024x10°
Average 2.3004x10° 2.3005x10° 2.7903x10° 2.6028x10° 2.3095%10° 2.9456x10°
Minimum 2.8439x103 2.8598x10° 2.8613x10° 2.7523x10° 2.5104x10° 2.8595x10°

F9 Standard 1.2532x10! 1.5421x10' 3.3586%10! 4.5182x10! 1.0002x10? 9.8036x10°
Average 2.8657x10° 2.8926x10° 2.9177x10° 2.8779x10° 2.8616x10° 2.8818x10°
Minimum 2.9024x10° 2.9143x10° 2.9174x10° 2.9279x10° 2.9139x103 2.9143x10°

F10 Standard 2.9546x10! 3.2613x10! 3.1242x10! 1.6794x10' 3.7157x10! 3.2035%10!
Average 2.9628x10° 2.9648x10? 2.9837x10? 2.9904x10? 2.9712x10° 2.9557x10°

Note: The best performance values of the algorithm under different test functions are shown in bold.
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Fig. 7. Convergence curves of each improved algorithm under the cec2020 test sets.

As shown in Table VI, the proposed ICPO achieves
the optimal average values for F1-F8 under the cec2020
test functions, while F9 and F10 are optimized best by
NSSA and GMPBSA, respectively. Thus, ICPO attains
the best average values in 8 out of 10 functions, demon-
strating its excellent optimization search performance.

From Fig. 7, it can be seen that ICPO achieves op-
timal convergence accuracy and speed on functions
F1-F3 and F5—F9. For functions F4 and F10, although
its convergence accuracy is not the highest, the con-
vergence speed remains highly competitive. Overall, the
improvement proposed in this paper make the ad-
vantages of ICPO evident, significantly improving the
overall performance of CPO.

In summary, the comparison of the proposed ICPO
with other improved algorithms on the cec2020 test
functions highlights its strong ability to find optimal

solutions quickly and accurately.
2) Wilcoxon Rank Sum Test Analysis (cec2020)

As with the cec2017 test functions, Wilcoxon rank sum
test is applied to the cec2020 test functions [59] to evaluate
differences in optimization performance between the al-
gorithms.

In Table VII, the values with p-value being more than
0.5 are shown in bold. As can be seen, compared with CPO,
only F1, F8, and F10 functions show no significant dif-
ference, while the remaining functions exhibit significant
differences. Compared with DFPSO, NSSA, and
GMPBSA, ICPO has only one function without a signifi-
cant difference, with the rest showing significant differ-
ences. Compared with NTDO, all functions differ signifi-
cantly. These results indicate that, across the cec2020 test
functions, ICPO demonstrates significant improvement
over most other enhanced algorithms, confirming the ef-
fectiveness of the proposed improvements.

TABLE VII
WILCOXON RANK SUM TEST ANALYSIS (CEC2020)
CPO NTDO DFPSO NSSA GMPBSA
F1 9.8231x10"" 3.0199x107! 3.0199x107!" 3.0199%x107!" 3.8249%107
F2 1.6132x1071° 3.0199x107! 8.6844x1073 6.5486x107* 3.0199%x107!"
F3 2.6695x107° 3.0199x107! 6.7220x1071° 8.9934x107"! 3.0199x107!"
F4 5.0922x1078 3.0199x107! 2.6099x1071 2.1540%x107° 1.0702x10~°
F5 1.7649%x1072 3.0199x107! 3.0199x107! 3.0199%x107!" 2.4157x107
F6 4.5671x1072 3.0199x107! 3.0199x107! 1.4733x1077 3.0199%x107"!
F7 9.5139x107° 3.0199x107! 3.0199x107! 3.0199x107!" 8.3520x1078
F8 4.2896x10! 3.0199x107! 3.0199x107! 3.0199x107! 3.0199%x107"!
F9 7.0881x1078 7.7725%107 1.9579x107" 4.3584x1072 8.1975x1077
F10 6.6273x10" 5.0842x1073 3.5923x107 2.2823x10" 4.2039x10°"

Note: Bold entries indicates the values with insignificant p-value in the non-parametric test.

3) Performance Comparison Between ICPO and Other
Swarm Intelligence Optimization Algorithms (cec2020)

In order to reflect the performance of ICPO more
comprehensively, this subsection compares the per-
formances of ICPO, CPO, WOA, DBO, COA, GWO,

and BOA under the cec2020 test functions. The number
of function dimension is 20, the maximum number of
iterations is 500, and the number of populations is 30.
From Table VIII, it can be seen that ICPO achieves
the best average optimal fitness value under the cec2020
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test functions except F8, demonstrating excellent opti-
mality finding performance under the cec2020 test
functions.

From Fig. 8, it can be seen that ICPO leads to sig-
nificantly improved convergence speed and accuracy
when compared to other optimization algorithms under
the cec2020 test functions F1-F3 and F5—-F10. For F4,
although its convergence accuracy is not the best, its

convergence speed is still satisfactory. Therefore, ICPO
shows clear advantages under the convergence graph of
the cec2020 test functions, confirming the effectiveness
of the improvement.

In summary, the proposed ICPO achieves excellent
optimization performance and high competitiveness and
effectiveness on solving the three indexes and the con-
vergence curve on the 10 test functions in cec2020.

TABLE VIII
EXPERIMENTAL DATA UNDER DIFFERENT IMPROVED ALGORITHMS (CEC2020)
JCPO CPO WOA DBO COA GWO BOA
Minimum  5.6471x10? 1.3728x10° 4.0313x10° 6.7435x10° 1.8093x10'° 3.5002x10° 1.4922x10"°
F1 Standard 5.4831x10° 9.3979x10° 5.5346x108 6.0280%107 4.9192x10° 9.7933x108 4.9060%10°
Average 6.0091x10° 9.2609x10° 1.2909x10° 5.4033%107 2.9923x10'° 8.5010x108 2.5192x10"°
Minimum ~ 2.0113x10° 2.8295x10° 3.2376x10° 2.2867x10° 4.8943x10° 1.7727x10° 4.8942x10°
F2 Standard 2.3876x10% 2.5327x10% 5.6667x10? 6.0375x10? 3.4258Ex10? 7.1476x10? 2.5706x10?
Average 2.5871x10° 3.4061x10° 4.4690x10° 3.4571x10° 5.6416x10° 2.9297x10° 5.6675x10°
Minimum 7.5013x10? 7.6483x10? 8.7277x10? 7.5935x10? 9.5498x10? 7.5519x10? 9.5583x10?
F3  Standard 7.3003x10° 7.9776x10° 5.4172x10! 4.0130x10' 2.6948x10! 1.7879x10! 2.4729%10!
Average 7.6821x10? 7.8239x10? 9.6289x10? 8.2933x10? 1.0284x10° 7.8625x10? 1.0027x10°
Minimum  1.9040x10° 1.9047x10° 1.9135x10° 1.9092x10° 1.1928x10* 1.9054x10° 9.5657x10*
F4  Standard 1.0319x10° 1.0603x10° 9.5732x10% 8.3674x10! 4.5984x10° 1.1070x10? 5.2792x10°
Average 1.9065%10° 1.9081x10° 2.7090x10? 1.9513x10° 6.6916x10° 1.9577x10° 6.5623x10°
Minimum 3.9555%10° 6.2887x10° 6.1036x10* 6.5940%x10* 4.6082x10° 9.2406x10* 8.2425%10°
F5 Standard 1.2707x10* 3.1838x10* 2.7628x10° 1.0442x10° 3.4787x10° 8.2957x10° 2.4097x10°
Average 1.4929x10* 3.7010x10* 3.3341x10° 1.2197x10° 5.3584x10° 1.0039x10° 3.7631x10°
Minimum 1.6075x10° 1.6108x10° 2.0706x10° 1.7427x10° 2.6194x10° 1.6767x10° 2.8461x10°
F6 Standard 2.1678x10! 3.0100%10! 3.3646x10? 2.5436x107 3.1216x10? 1.8445x10% 2.7063x10%
Average 1.6321x10° 1.6445x10° 2.6615x10° 2.2398x10° 3.2744x10° 2.0453x10° 3.2672x10°
Minimum 2.8986x10° 2.9023x10° 1.3747x10° 2.7292x10* 3.6130x10° 5.3155x10* 2.6319x10°
F7  Standard 3.9214x10? 1.0249x10° 1.3581x10° 7.4354x10° 1.6451x10° 5.9817x10° 2.5896x10°
Average 3.5203x10° 3.9591x10° 1.7737x10° 4.6922x10° 2.1327x10° 4.2197x10° 2.0684x10°
Minimum 2.3001x10° 2.2881x10° 2.3601x10° 2.3000x10° 4.3675x10° 2.3120x10° 2.7446x10°
F8 Standard 5.6723x107! 2.3456x10° 1.9316x10° 1.0208x10? 8.1659x10? 1.3080x10° 5.7622x10?
Average 2.3005x10° 2.3001x10° 4.3831x10° 2.9423x10° 5.7913x10° 3.0431x10° 3.8950x10°
Minimum 2.8493x10° 2.8644x10° 2.8960x10° 2.8891x10° 3.1962x10° 2.8201x10° 3.1808x10°
F9 Standard 1.0400%10! 1.2690%10" 6.6265%10! 6.1426x10! 9.9801x10! 4.0185%10! 1.2002x10?
Average 2.8746x10° 2.8930x10? 3.0111x10° 2.9972x10° 3.4004x10° 2.8829x10° 3.3965%10°
Minimum 2.9144x10° 2.9058x10° 3.0392x10° 2.9148x10° 3.5026x10° 2.9426x10° 4.3998x10°
F10 Standard 3.0202x10! 2.6066x10! 9.2418x10! 6.4321x10! 9.1287x10? 2.6789x10! 5.4992x10?
Average 2.9616x10° 2.9634x10° 3.1446x10° 2.9919x10° 5.2896x10° 2.9882x10° 5.4529x10°
Note: The best performance values of the algorithm under different test functions are shown in bold.
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Fig. 8. Convergence curves of each algorithm under the cec2020 test sets.

4) Wilcoxon Rank Sum Test Analysis (cec2020)

This subsection employs the Wilcoxon rank sum test
under the cec2020 test functions to further validate the
effectiveness of ICPO. Table IX compares the Wilcoxon
rank sum test results of ICPO with CPO, WOA, DBO,
COA, GWO, and BOA. The algorithms run independently
for 30 times under the cec2020 test functions with dimen-
sion of 20. It can be seen that ICPO shows significant
differences from CPO for the vast majority of functions,

with only a few exceptions. Compared with WOA, COA
and BOA, ICPO exhibits significant differences across all
test functions. Compared with DBO and GWO, only one
function shows no significant difference, while the re-
maining functions do. These results indicates that the
proposed ICPO in this paper is generally more competitive
than the other algorithms, showing significant differences
in most cases.

TABLE IX
WILCOXON RANK SUM TEST ANALYSIS (CEC2020)
CPO WOA DBO COA GWO BOA
F1 2.7071x10! 3.0199x107! 1.2057x1071° 3.0199x107" 3.0199x107 3.0199x107
F2 1.2057x1071° 8.1527x107" 3.1967x107% 3.0199x107" 1.9579x10! 3.0199x107"
F3 7.1186x107° 3.0199x107!" 8.1527x107" 3.0199x107" 4.6390x107 3.0199x107"
F4 5.5611x10™* 3.0199x107! 3.0199x107! 3.0199x107" 1.1567x1077 3.0199x107"
F5 1.9527x1073 3.0199x107! 3.6897x107! 3.0199x107" 4.9752x107" 3.0199x107
Fo 5.8737x107* 3.0199x107! 3.0199x107! 3.0199x107" 3.0199x107 3.0199x107
F7 2.5974x107 3.0199x107! 3.0199x107! 3.0199x107" 3.0199x107 3.0199x1071
F8 6.7350x10"" 3.0199x107!" 4.9752x107"! 3.0199x107" 3.0199x107" 3.0199x107"
F9 1.1077x10°¢ 3.0199x107!" 3.3384x107! 3.0199x107" 1.2967x107" 3.0199x107"
F10 2.3399%10"! 3.0199x107! 9.3341x1072 3.0199x107" 1.1674x107° 3.0199x107!

Note: Bold entries indicates the values with insignificant p-value in the non-parametric test.

V. UAV PATH PLANNING

Using the DEM map of Christmas Island, Australia, this
paper simulates UAV path planning for a power inspection
task. Various threat factors, such as fire hazards, terrain
obstacles, and radar detection zones, are to create terrains
of varying complexity. In such environments, the UAV
must navigate from the starting point to the target inspec-
tion site while accounting for obstacles and operational
constraints such as fuel consumption, climbing capability,
and turning restrictions. To ensure safe and efficient flight,

the path planning algorithm must optimize the flight path
[60], considering factors such as flight distance, altitude,
threat avoidance, and path smoothness, thereby achieving
the optimal route for the power inspection task. The
mathematical expression is given as follows:

F(X,)= ibka(X;) 1)

where X is the decision variable of a list of 7 terminal

1

points (x, y, z); b, is the weight of each cost function;
and F, is the kth cost function.
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A. Voyage Length Costs

To reduce fuel consumption, the UAV’s flight path
during power inspection should be minimized, with path
length calculated using the Euclidean distance of each
segment to ensure efficient task completion. The path
length cost for a particular path is calculated as:

n—l1
RO =Z|PP,.

(22)

where P, and P, ,, represent path nodes in the search
map; and the Euclidean distance between two nodes is

expressed as ”P.P

[/ yas

B. Threat Costs

In power inspection missions, in addition to the op-
timal path length, path planning must also ensure that
the UAYV avoids threat areas (such as radar detection, air
defense systems, or inclement weather). Due to the
complexity of threat modeling, the threat area is sim-
plified into a cylinder with a fixed radius to simulate the
flight environment of the UAV. This ensures its safe
bypass of these no-fly zones and successful completion
of the power inspection task. Its image is described as
Fig. 9.

Dangerous
zone

Ve,

Collision
zone

Fig. 9. Threat cost.

Let M be the set of threatening obstacles, each ob-
stacle is modelled as a cylinder with the center C,, and
radius R . The diameter of the UAV is D; and the
vertical distance between the adjacent path nodes and
the origin is d . The danger area S is affected by po-
sitioning accuracy and flight environment. When the
static environment and GPS signal are good, S may be
tens of meters. In contrast, in the presence of moving
objects or poor GPS signals, S may exceed 100 m. The
threat cost for a path is calculated as follows:

M

T,
=l

n

n-|

E(J)= (B850

1
A Y
0, if d,>S+D+R,
T,(B,B,;)=\(S+D+R )-d,, if D+R <d <S+D+R,
w, if d <D+R_
(23)
In power inspection tasks, when the UAV flies out-
side the dangerous area, there is no collision risk and the
threat is zero. As the UAV approaches the danger zone,
the threat increases with decreased distance (d,, ). If the
drone enters a collision area, such as near a power fa-
cility or high-voltage power line, a collision will occur,
causing the mission to fail and the path’s threat value set
to infinity. Therefore, path planning needs to avoid
these dangerous areas to ensure flight safety.

C. Height Costs

The flight height of UAV is usually constrained by
the maximum altitude ~__ and the minimum altitude

max

h,_,, . The height cost calculation formula is as follows:

(hmax + hmin) : << <
p == e Shy Sy
oo, otherwise
F;(X[)ZZH[J (25)

J=1

D. Smoothing Costs

The flight angle control of the UAV mainly consists
of horizontal steering angle and vertical pitch angle.
These two parameters must conform to the actual angle
constraints of the UAV, otherwise the trajectory plan-
ning model will not be able to generate a feasible flight
path, as shown in Fig. 10.

A

Fo—]

kA
@)

=Y

~y

Fig. 10. Calculation of turn climbing angle.

The horizontal steering angle ¢, is the angle between

two consecutive path segments projected on the hori-
zontal plane O, and is calculated as:

xy



ZHANG et al.: APPLICATION OF IMPROVED CROWN PORCUPINE OPTIMIZER IN UAV PATH PLANNING BASED ON DYNAMIC... 123

P
P

i,j+2

! ’ ’
|BP. P
PP xP

/YAy i,j+1

¢, = arctan

(26)

The vertical pitch angle y; is the angle between two

consecutive path segments projected on the vertical axis,
calculated as:

w, = arctan Zij i ,_Zij 27
|BP
The smooth costing formula is given as follows:
n=2 n-1
F(X)=a) ¢ +a, ) v, ~v., | (28)
j=1 j

Jj=1
where a, and a, are penalty coefficients of horizontal
steering angle and vertical pitch angle, respectively.

E. Experimental Verification

In power inspection tasks, the path planning of UAV
is faced with the influence of complex terrain and threat
objects, and traditional mathematical methods struggle
to effectively solve the global optimal path. Therefore,
meta-heuristic algorithm is particularly suitable for this
type of problem because of its simple, flexible and
non-derivative characteristics. To solve the path plan-
ning problem in power inspection, this paper applies the
ICPO algorithm to the path planning experiments based
on the DEM map of Christmas Island, Australia.

Multiple threat objects (represented by blue bars) are
set up in the experimental environment, and two terrains
of different complexity are simulated. Ten waypoints
are selected, and the flight starting point is (10, 10, 200)
and the end point is (400, 400, 150), as shown in Fig. 11.
The experimental platform is developed in Windows 10
64-bit operating system, Intel(R) Core(TM) i3-8100
CPU@3.60GHz 16GB MATLAB R2022a.

The six different improved algorithms including
ICPO, CPO, NTDO, DFPSO, NSSA, and GMPBSA,
are compared using a population size of 500 and a
maximum number of iterations of 100. From the com-
parative analysis of the topographic map ad
three-dimensional graph (Figs. 12 and 13) and the
convergence curve (Fig. 14), it can be seen that the
ICPO algorithm not only generates the shortest path and
the lowest fitness value but also produces a smoother
trajectory with fewer inflection points. Compared with
other algorithms, it reduces UAV flight resistance dur-
ing power inspection and provides a more efficient
inspection path.

Therefore, ICPO demonstrates strong performance in
UAYV path planning for power inspection, effectively
handling complex terrain and threat objects while op-
timizing the flight path.

Fig. 11. Topographic map of different complexities. (a) Three
threat objects. (b) Six threat objects.
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Fig. 12. The three dimensional graph comparison of each algo-
rithm. (a) Three-dimensional terrain map of three threat objects.
(b) Three-dimensional terrain map of six threat objects.
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Fig. 13. Comparison of top view of each algorithm. (a) Top view
of three threat objects. (b) Top view of six threat objects.
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Fig. 14. Comparison of convergence curves of each algorithm. (a)
Convergence curves of topographic map for three threat objects.
(b) Convergence curves of topographic map for six threat objects.

VI. CONCLUSION

To address the challenge of UAV path planning for
power inspection, a new path planning algorithm, ICPO,
is proposed in this paper. The algorithm is designed to
generate feasible and safe paths, and through an inte-
grated cost function, ICPO simultaneously considers the
key constraints of optimality, feasibility, and safety. The
innovation of ICPO lies in its integration of the UAV’s
motion constraints with the environmental conditions of
tasks such as power inspection, optimizing the path to
ensure it aligns with the drone’s physical characteristics
and can be effectively executed in complex environ-
ments. First, the ICPO algorithm is tested on the
cec2017 and cec2020 datasets, and is compared with 10
population intelligent optimization algorithms. The
results show that ICPO performs best in terms of con-
vergence accuracy and optimization performance. Then,
ICPO is applied to UAV path planning for power in-
spection. Using the DEM map of Christmas Island in
Australia and comparing two power inspection scenar-
i0s, the results show that ICPO produces the best path in
both scenarios, verifying its effectiveness in power
inspection.

Although the ICPO algorithm makes significant
contributions to UAV path planning and power inspec-
tion tasks, it still has limitations. In particular, power
system equipment maintenance and fault detection often
require multiple UAVs to operate collaboratively. Fu-
ture research will focus on developing multi-UAV col-
laborative path planning strategies in power systems.
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