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Abstract:

Particle Swarm Optimization (PSO) algorithm is a popular metaheuristic algorithm inspired by the social behavior of bird
flocking. Despite its effectiveness, PSO algorithm suffers from premature convergence and limited exploration capability in
high-dimensional search spaces. To address these issues, researchers have proposed various enhancements to the standard
PSO algorithm. One such enhancement is the utilization of the Cauchy criterion, which introduces heavy-tailed random
movements into the particle updates. This review paper provides an overview of the Cauchy-based enhancements in PSO
algorithm, highlighting their advantages, implementation strategies, and applications across diverse optimization problems.
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Introduction

Particle Swarm Optimization (PSO) is a
population-based optimization algorithm that
simulates the social behavior of bird flocking.
PSO has been widely recognized as an effective
technique for various optimization problems due
to its simplicity and efficiency [1]. In the field of
gene selection, Han et al. (2019) proposed a
hybrid gene selection method based on gene
scoring strategy and improved PSO, which
demonstrated high prediction accuracy for
classifiers like extreme learning machine and
support vector machine [1]. Similarly, in the
context of scientific workflow scheduling in cloud
computing, Saeedi et al. (2020) introduced an
Improved Many-objective PSO algorithm to
address conflicting objectives such as reliability
maximization and cost, and energy consumption
minimization [2]. Moreover, the application of
PSO has been extended to different domains such

as quantum computing. Zhang et al. (2020)
discussed the use of Quantum-behaved PSO
(QPSO) with generalized space transformation
search, highlighting its  simplicity and
effectiveness in numerical optimization [3].
Additionally, Famila et al. (2020) presented an
Improved Artificial Bee Colony Optimization-
based Clustering Technique (IABCOCT) utilizing
the Cauchy operator for optimal clustering in
wireless sensor networks [4]. Furthermore, Sun et
al. (2020) focused on carbon price prediction
using empirical mode decomposition and least
squares support vector machine optimized by
Improved PSO, emphasizing the importance of
understanding and predicting carbon market
mechanisms [5]. Li et al. (2020) proposed an
adaptive mutation PSO optimized support vector
regression combined with improved AdaBoost.RT
algorithm for temperature compensation of piezo-
resistive pressure sensors, demonstrating its
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applicability and efficiency for industrial
applications [6]. In the realm of swarm
intelligence, Ali et al. (2021) introduced a hybrid
strategy for multi-unmanned aerial vehicle swarm
formation control using PSO with Cauchy mutant
operators, aiming to enhance the fitness function
of the formation [8]. Additionally, Allioui et al.
(2021) integrated particle swarm optimization into
a multi-agent system control protocol for medical
image segmentation, emphasizing the importance
of optimized control for better decision-making
and processing quality under medical restrictions
[9].

Overall, the literature review showcases the
diverse applications and enhancements of PSO in
various optimization problems, ranging from gene
selection and workflow scheduling to carbon price
prediction and swarm formation control [10-13].
The integration of PSO with different algorithms
and techniques, such as the Cauchy operator,
quantum computing, and adaptive mutation,
highlights the continuous efforts to improve the
efficiency and effectiveness of optimization
algorithms in different domains.

In this study, to address the shortcomings of the
standard PSO algorithm which is easy to fall into
the local optimum, the Cauchy criterion is
introduced to obtain the improved PSO algorithm,
and the two PSO algorithms are tested separately
by using eight commonly used test functions. The
results show that the improved PSO algorithm
achieves better control effect on the rectification
of PID parameters.

2. Standard particle swarm optimization
algorithm

The PSO algorithm considers each individual of
the biota as a particle, and the biota is not sure of
the specific location of the food in the foraging
process, but can perceive the location relationship
with the food, and the particles keep approaching
the food through their own memory and mutual
communication until they find the food, and the
biota foraging process is a gradually converging
process [14-17]. The PSO algorithm can be
described in mathematical language as follows: in
the D-dimensional space, there are m particles
randomly distributed, and the population they
form can be denoted as X (X1, Xz,..., Xm,), the
position of the i-th particle at time of k can be
expressed as a D-dimensional vector, which is

XK =(x5,x% -, xk ) [18-22].  The corresponding
velocity is expressed as v = (vk vk ,.--,vk). The
position of each particle can be regarded as a
candidate solution to the objective problem, and
the merit of the candidate solution is evaluated by
the fitness function. The best position that a single
particle swarm can find at moment k is
B = (p%.pk .-, p4 ), and the best position of the

whole population at moment K isp} = (pt,, pt, - ,p’; )
and according to the above rules, the velocity and
position of PSO are updated as shown in Eq. (1)
and (2).

Vit =V ¢y rl(pil:j - Xil;)"'cz : rz(péd - ng) (1)

k+1 k k+1
Xig = = Xjg T Viq )

in which, c¢; is the individual learning factor,
which is the coefficient of the particle tracking
individual historical optimum, and c; is the social
learning factor, which indicates the empirical
learning of the particle to the particle population.
cy and c, are usually taken as positive real
numbers between [0,2]; r; and r, are random
numbers in the range of [0,1]; in order to prevent
the particle's speed from going too fast or its
position from crossing the boundary, the speed
and position of the particle are constrained by
setting xX €[Ld, Udl, v¥ €[Viin, Vmax]-

Position update formula remains unchanged and
the velocity update formula is modified shown in

Eq. (3).

Viﬁ” = wVikd +C '&(Diﬁ - Xikd )+ Cy- rz(p;d - ng) (3)

From the Eq. (3), it can be seen that the update of
velocity in the PSO algorithm is determined by
three aspects. Among them: It is influenced by the
inertia weight, which is a balance between the
global search ability and the local search ability;
¢, -r(pk -x4) is the exchange of information about
the particle itself, which determines the next
direction of motion by comparing the current
position with the best position of the individual,
cz~r2(pgd—xgd) is the exchange of information

between the particle and the global information,
which helps the particle to jump out of the local
optimum and make it find the global optimum
quickly and accurately.
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3. Improved PSO algorithm based on Cauchy
criterion

The introduction of the Cauchy criterion updates
the position of the standard PSO to improve its
optimality finding ability, and the Cauchy
criterion produces a larger criterion step, giving it
a higher probability of escaping the local
optimum. The probability density function of the
one-dimensional Cauchy distribution is given in

Eq. (4).

1
Tt?+x°

(%)

(4)

in which, t is a scaling parameter and it is greater
than 0.

According to the traditional idea of criterional
operators, for individual X, =(x;,,x,.--.x,), the

criterional formula is shown in Eq. (5).

X; = X; +7*C(01) (5)

in which, j=1, 2, ..., n; # is a constant controlling
the criterion step; and C(0,1) denotes the random
number generated by the Cauchy distribution
function when the scaling parameter tis 1.

Introducing the Cauchy criterion and taking the
criterion step » as the square root of the absolute
value of the position, the position update formula
of the IPSO is obtained shown in Eq. (6).

k+1 _ k+1 k+1
Xig = Xid +|Xid

05, c(02) (6)

The steps of the IPSO algorithm are described as
shown in Fig 1.

The steps of the improved particle swarm optimization algorithm

Set the particle swarm size, problem solving dimension Dim,

Stepl :

maximum iteration Maxlter, inertia weight w, individual experience
learning factor c;, social experience learning factor c,, velocity and

position boundaries, and initialize the particles and their velocities;

Step2 :

Evaluating the first generation of particle fitness to obtain the
individual optimum P1 and the global optimum Pg;

When the number of iterations exceeds the maximum number of
Step3 : iterations (lter>Maxlter), stop the search, and output the extreme point
at the same time, otherwise go to Step4;

Step4 :
Step5 :

IPSO does a global search;
Iter=Iter+1, return to Step3.

Fig 1 The steps of the improved PSO algorithm

4. Experimental verification

To verify the effectiveness of the improved PSO
(IPSO) algorithm and evaluate its performance in
terms of merit-seeking ability and convergence

speed, eight test functions as shown in Table 1 are
introduced for testing, among which F1~F4 are
single-peak test functions and F5~F8 are multi-
peak test functions.

Tablel List of test functions

Superiority-seeking Extremum

Name of . .
- Function expressions
function
d 2
Dixon-Price  F =(x -1 +Yi(2x?-x,,)
i=2
d
Exponential  F, = —eXp(— 05) xfj
i=1

d—

Rosenbrock F;= ZLOO(XM —x2) +(x, —1)2]

i=l

Sphere F :ixi

i=1

interval

X e[-1010] F.. =0
X e[-11]" Fon=—1
X e[-3030] F.. =0
X e[-100100] F.,=0
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. 4 X2 d X,
Fo=> ———]]cos =t |+1 — B o=
Griewank A Z 2000 H [ \ﬁ} X e[-600600] Foin =0
d
Rastrigin F, = > (x* ~10cos(2zx,)+10) X e[-5.125.12] Fon =0
i=1
d d
Salomon F —1005[275/ Xf]+0-1 DX X e[~100100]" Fon =0
i=1 i=1
Ack|ey F, :—ZOeXp[— 0.2 /%fo ]—exp %ZCOS(ZﬂXi )j+20+exp(l) X e[-100100]" F.. =0

The simulation results of the standard PSO and the IPSO for solving the test functions F1 to F8 are shown in

Table 2.
Table2 Simulation test result

Function ~ Optimum value Average value Standard deviation

No. PSO IPSO PSO IPSO PSO IPSO

F1 1.62E-01 9.73E-02 7.32E-01 2.34E-01 2.57E-01 2.97E-02
F2 1.00E+00  1.00E+00 0.999966 1.00E+00 8.14E-06 0.00E+00
F3 5.60E-01 7.82E-08 1.50E+02  1.20E-02 5.96E+02  2.38E-02
F4 1.70E-04 3.72E-09 5.23E-02 4.32E-04 1.22E-01 1.10E-03
F5 3.97E-02 2.54E-08 3.18E-01 4.52E-02 2.09E-01 1.39E-01
F6 3.99E+00  3.45E-07 1.83E+01  8.46E-04 7.79E+00  1.30E-03
F7 3.00E-01 1.07E-04 7.48E-01 2.57E-02 3.09E-01 3.72E-02
F8 6.79E-02 1.73E-04 2.69E+00  6.61E-03 9.64E-01 7.08E-03

Through comparison, it can be found that the
solution performance of the IPSO is substantially
improved. In order to compare the convergence

4000
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Figure 2 Fitness curve of PSO and IPSO
optimizing function F1

speed of PSO and IPSO, the eight test functions
were solved 50 times respectively, as shown in
Fig 2-9.
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Figure 3 Fitness curve of PSO and IPSO
optimizing function F2
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Figure 4 Fitness curve of PSO and IPSO
optimizing function F3
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Figure 6 Fitness curve of PSO and IPSO
optimizing function F5

Figure 8 Fitness curve of PSO and IPSO
optimizing function F7

Through the above simulation experiments, it can
be seen that the improved PSO has significantly
improved its optimization finding accuracy and
convergence speed when solving single-peak and
multi-peak problems.
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Figure 5 Fitness curve of PSO and IPSO
optimizing function F4

100

Figure 7 Fitness curve of PSO and IPSO
optimizing function F6

Figure 9 Fitness curve of PSO and IPSO
optimizing function F8

Conclusion

In this paper, the integration of the Cauchy
criterion into PSO algorithms offers a promising
avenue for enhancing their exploration-
exploitation balance and overcoming premature
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convergence issues.
experimentation and

Through comprehensive
real-world applications,

Cauchy-based PSO variants have shown
significant  improvements in  optimization
performance. Future research directions may

focus on further refining the Cauchy-based
strategies and exploring their applicability to
complex and dynamic optimization problems.
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