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Abstract
To address the limitations of the sand cat swarm optimization (SCSO) algorithm which are slow

convergence and low accuracy in complex problems, this study proposes an improved SCSO ( ISC-
SO) algorithm that integrates multiple enhancement strategies. Firstly, Kent chaotic mapping initial-
izes the population for uniform distribution. Secondly, somersault foraging strategy is introduced dur-
ing the search and attack phases, allowing the algorithm to escape local optima by intercepting eva-
sive prey. Simultaneously, an adaptive Lévy flight strategy is incorporated into the attack phase to
bolster global exploration. Finally, the vertical and horizontal crossover strategy is implemented to
enhance population diversity. The performance of the proposed algorithm is evaluated using 16
benchmark test functions. The experimental results demonstrate that ISCSO significantly outperforms
the original SCSO and shows notable advantages over other metaheuristic algorithms. Furthermore,
application to a pressure vessel design problem verifies ISCSO’s effectiveness in solving practical en-
gineering optimization challenges.

Key words: sand cat swarm optimization, Kent chaotic mapping, somersault pursuit, adaptive
Lévy flight, vertical and horizontal crossover

0　 Introduction

Traditional mathematical programming methods are
often inadequate in handling large-scale, multimodal,
discontinuous, and non-differentiable problems[1] .
Their optimization performance heavily relies on the ini-
tial parameter settings, making them prone to getting
trapped in local optima. Swarm intelligence optimization
algorithms, inspired by natural behaviors such as hun-
ting and mating observed in biological populations, ena-
ble global search capabilities and exhibit robust per-
formance. Recently, numerous swarm intelligence opti-
mization algorithms have been proposed, including whale
optimization algorithm (WOA)[2], rat swarm optimiza-
tion (RSO) [3], golden jackal optimization (GJO) [4],
osprey optimization algorithm ( OOA) [5], and goose
optimization algorithm (GOOSE) [6] . These algorithms
have shown promising potential in solving complex
global optimization problems.

The sand cat swarm optimization (SCSO)[7] is a
swarm intelligence optimization algorithm, which is in-
spired by the hunting and prey-capturing behaviors of

sand cats in nature. Comparative optimization tests using
20 benchmark functions have demonstrated that the SCSO
algorithm exhibits superior optimization capabilities com-
pared to cat swarm optimization (CSO)[8], grey wolf op-
timization (GWO)[9], whale optimization algorithm, salp
swarm algorithm ( SSA)[10], gravitational search algo-
rithm (GSA)[11], particle swarm optimization (PSO)[12],
and black widow optimization (BWO)[13] .

However, the basic SCSO algorithm faces challen-
ges, such as slow convergence speed, low solution ac-
curacy, and susceptibility to local optima. To address
these issues and deficiencies in SCSO, this paper propo-
ses an improved SCSO (ISCSO) algorithm incorporating
multi-strategy enhancements. Firstly, the Kent chaotic
mapping is employed for population initialization, ensu-
ring a more uniform population distribution and acceler-
ating convergence. Secondly, strategies such as somer-
sault pursuit and adaptive Lévy flight are integrated dur-
ing iterations to enhance the algorithm’ s ability to es-
cape local optima. Finally, the vertical and horizontal
crossover strategy is introduced to boost population di-
versity, thereby improving global optimization capabili-
ty. Optimization tests using 16 benchmark functions in-
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dicate significant improvements in optimization precision
and convergence performance with ISCSO. Additional-
ly, applications of ISCSO in pressure vessel design dem-
onstrate the algorithm’s practical application value.

1　 Basic sand cat swarm optimization
algorithm

1. 1　 Parameter settings
In the SCSO algorithm, the auditory sensitivity As

of the sand cat is set to decrease linearly from 2 to 0,
balancing the parameter R, which governs both the
search for prey and the attack on prey, under the guid-
ance of As . The specific equations are as follows.

As = 2 - 2t
T (1)

R = 2As·r - As (2)
as = As·r (3)

where t is the current iteration, T is the maximum itera-
tion, r is a random number within the interval [0,1],
and as denotes the auditory sensitivity of each sand cat.

To enhance the global search capability of the algo-
rithm, the auditory sensitivity of each sand cat is random.

1. 2　 Searching the prey
R is a parameter that balances the sand cat’ s

searching for prey and attacking prey. When | R | >
1, the sand cat searches for prey. Each sand cat up-
dates its current position based on the current best can-
didate solution position Posbest ( t), its own position
Posc( t), and its auditory sensitivity as . The specific
equation is as follows.

Pos( t + 1) = as· (Posbest( t) - r·Posc( t) )
(4)

In Eq. (4), the term r is a random number with-
in the interval [0, 1], Pos( t + 1) is the updated lo-
cation of the sand cat.

1. 3　 Attacking the prey
When | R | ≤1, the sand cat attacks the prey.

First, each sand cat generates a random position Posr(t)
based on the best candidate solution position Posbest( t)
and its own position Posc( t). Then, each sand cat at-
tacks the prey using the generated random position, the
best candidate solution position, the auditory sensitivi-
ty, and the search angle θ. The specific equations are
as follows.

Posr( t) = r·Posbest( t) - Posc( t) (5)

Pos( t + 1) = Posbest( t) - as·Posr( t)·cos(θ)
(6)

To enhance the global search ability of the sand
cats, the search angle θ is a random number in the
range of [0°, 360°].

2　 Multiple improvement strategies

2. 1　 Kent chaotic mapping initialization
Therefore, this paper employs the Kent chaotic

mapping to initialize the sand cat population, enhan-
cing population diversity and accelerating the algo-
rithm’s convergence. The equation for the Kent chaot-
ic mapping is shown in Eq. (7).

xt +1 = xt / a 0 < xt ≤ a
(1 - xt) / (1 - a) a < xt < 1{ (7)

where a is the control parameter.
The equation for the chaotic variable is given in

Eq. (8).

zi +1, j = zi, j / a 0 < zi, j ≤ a
(1 - zi, j) / (1 - a) a < zi, j < 1{

(8)

where zi, j represents the chaotic variable for the j-th di-
mension of the j-th sand cat.

The generated chaotic variables are mapped to the
search space as shown in Eq. (9).

xi, j = lb j + zi, j·(ub j - lb j) (9)

where xi, j denotes the j-th dimensional value of the i-th
sand cat, ub j and lb j define the upper and lower bounds
of the optimization interval.

As illustrated in Fig. 1, with the control parame-
ter a set to 0. 4, the Kent chaotic mapping generates a
set of random values that are both uniform and widely
distributed. This enhances the diversity of the popula-
tion, thereby improving the optimization speed and
search efficiency of the algorithm.

Fig. 1　 Histogram of Kent chaotic mapping distribution
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2. 2　 Somersault pursuit
Inspired by the findings in Ref. [14], this paper

introduces a somersault strategy based on the study of
the somersault feeding behavior of manta rays to inter-
cept fleeing prey. Fig. 2 shows a schematic diagram of
a sand cat somersault.

Fig. 2　 Sand cat somersault illustration

The specific equation is

xd
i (t + 1) = xd

i (t) + 2 ( r1·xd
best - r2·xd

i (t) ) (10)

where d denotes the dimension, r1 and r2 are random
numbers within the interval [0,1], xd

best represents the
prey’s position, xd

i ( t) denotes the current position of
the sand cat, and xd

i ( t + 1) represents the position af-
ter the somersault.

After each iteration, the fitness values before and after
the somersault are compared. If the new position yields bet-
ter fitness, it replaces the original, indicating successful
prey interception through the somersault maneuver.

2. 3　 Adaptive Lévy flight
The motion step length of Lévy flight follows a

probability distribution with heavy-tailed characteristics.
Integrating this into the optimization process of swarm
intelligence algorithms enables both short-range searches
and long-range jumps, expanding the search area and a-
voiding local optima[15] . The computation formulas for
Lévy flight are presented in Eqs. (11) - (13).

Levy(y) = 0. 01·
u·σu

v -β (11)

uN(0, σ2
u), vN(0, σ2

v) (12)
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where Γ represents the standard gamma function; σu

and σv are scale parameters; and β is the control pa-
rameter of the Lévy flight, which dictates the distribu-
tion characteristics of the step length, typically set to
1. 5. When β = 2. 0, the Lévy flight degenerates into
a standard Gaussian random walk, with step lengths
concentrated within a smaller range, thereby lacking
the characteristic of long-range jumps.

2. 4　 Vertical and horizontal crossover
The vertical and horizontal crossover strategy[16] is

inspired by the crossover concept in genetic algorithm
(GA) [17] . GA simulates natural selection and inherit-
ance in biological evolution, generating new candidate
solutions through gene exchange between individuals.

First, two unique individuals from the sand cat
population are designed as parents X( i) and X( j), re-
spectively, and arithmetic crossover is applied to gen-
erate two new offspring. The formulas for horizontal
crossover are presented in Eqs. (14) - (15).

MS( i, d)
hc = r1·X( i, d) + (1 - r1)·X( j, d) +

c1· (X( i, d) - X( j, d) )
(14)

MS( j, d)
hc = r2·X( j, d) + (1 - r2)·X( i, d) +

c2· (X( j, d) - X( i, d) )
(15)

where r1 and r2 are random numbers within the interval
[0, 1]; c1 and c2 are random numbers within the inter-
val [ -1, 1]; X(i, d) and X( j, d) represent the d-th
dimension of parents X ( i) and X ( j), and MS( i, d)

hc

and MS( j, d)
hc denote the offspring generated by the hori-

zontal crossover of the d-th dimension of parents X( i)
and X( j) .

2. 5　 ISCSO algorithm process
Step 1 　 Set algorithm parameters, including the

maximum number of iterations T, the sand cat popula-
tion size N, problem dimensionality D, and the upper
and lower bounds of the search space ub and lb, re-
spectively.

Step 2 　 Initialize the population using the Kent
chaotic mapping.

Step 3 　 Calculate the fitness of each individual
and update the global optimal position and solution.

Step 4 　 Compute the parameters As, R, and as

according to Eqs. (1) - (3).
Step 5　 Determine whether the sand cat searches

for or attacks prey based on the magnitude of | R | .
When |R | > 1, search for prey and update positions
according to Eq. (4); when | R | ≤ 1, calculate the
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adaptive Lévy flight step size using Eqs. (11) - (13)
and perform a prey attack and position update based on
Eq. (5).

Step 6 　 Intercept fleeing prey using the somer-
sault strategy as defined by Eq. (11). Calculate and
compare the fitness before and after the sand cat’ s
somersault, retaining the optimal position.

Step 7　 Conduct horizontal and vertical crossover
operations as described in Eqs. (14) - (15), compa-
ring fitness before and after crossover and retaining the
best positions.

Step 8 　 Check whether the algorithm has reached
the maximum number of iterations. If the termination cri-
terion is met, output the current optimal solution and po-
sition. If not, return to step 3 to continue the iteration.

In summary, the ISCSO algorithm flowchart is
shown in Fig. 3.

Fig. 3　 ISCSO algorithm flowchart

3　 Experimental results and analysis

3. 1 　 Comparative analysis of optimization algo-
rithms

　 　 To comprehensively evaluate the superiority of the
proposed algorithm, 16 benchmark test functions, along
with recently developed optimization algorithms such as
WOA, RSO, GJO, and GOOSE, are selected for com-
parative experiments. The computer configuration used
for the experiments is a 12th Gen Intel(R) Core(TM)
i7-1260P CPU @ 2. 10 GHz with 16 GB of RAM, run-
ning Windows 11, and the programming environment is
Matlab R2024a. To ensure the accuracy and thorough-
ness of the experiments, the chosen benchmark test
functions should possess the capability to assess the op-
timization performance of the algorithm comprehensive-
ly. Furthermore, the parameter settings for the compar-
ison algorithms must be specified in detail and with
precision. The parameter settings for the comparison
algorithms are shown in Table 1.

Table 1　 Parameter settings for comparison algorithms

Algorithm Parameter Value

WOA

a [2, 0]

P 0. 5

b 1

RSO
R [1, 5]

C [0, 2]

GJO
E1 [1. 5, 0. 0]

c1 1. 5

GOOSE

alpha [2, 0]

pro [0, 1]

rnd [0, 1]

coe [0, 1]

Stone_Weignt [5, 25]

The benchmark test functions selected from the
CEC-2005 Conference include unimodal ( F1 - F6),
basic multimodal ( F7 - F10), and fixed-dimensional
multimodal functions ( F11 - F16). Unimodal func-
tions test the algorithm’ s precision and convergence,
basic multimodal functions evaluate its global and local
search capabilities, and fixed-dimensional multimodal
functions, with their complex and highly nonlinear
search spaces, assess its ability to solve complex prob-
lems. Function names and parameter settings are pro-
vided in Table 2.
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Table 2　 Benchmark functions

Function Dimension Range fmin

F1: Sphere 30 [ - 100, 100] 0

F2: Schwefel 2. 22 30 [ - 10, 10] 0

F3: Schwefel 1. 2 30 [ - 100, 100] 0

F4: Schwefel 2. 21 30 [ - 100, 100] 0

F5: Step 30 [ - 100, 100] 0

F6: Quartic 30 [ - 1. 28, 1. 28] 0

F7: Schwefel 30 [ - 500, 500] - 12 569. 5

F8: Ackley 30 [ - 32, 32] 0

F9: Penalized 30 [ - 50, 50] 0

F10: Penalized 2 30 [ - 50, 50] 0

F11: Foxholes 2 [ -65. 536, 65. 536] 1

F12: Kowalik 4 [ - 5, 5] 0. 003 075

F13: Hartman 6 6 [0, 1] - 3. 32

F14: Shekel 5 4 [0, 10] - 10

F15: Shekel 7 4 [0, 10] - 10

F16: Shekel 10 4 [0, 10] - 10

In the experiments, the population size was set to 30,
and the maximum number of iterations was set to 500.
To more objectively verify the optimization capabilities
of the algorithms and reduce the interference from ran-
domness, each algorithm was independently run 30
times on each benchmark test function, recording the
optimal value, mean, and standard deviation. Table 3
presents the results of all algorithms, with values
rounded to four decimal places. Fig. 4 visually illus-
trates the convergence curves of each algorithm across
different benchmark test functions, clearly demonstra-
ting their optimization capabilities.

In the test experiments on unimodal functions
(F1 - F6), ISCSO outperformed other comparison al-
gorithms in both mean and standard deviation, showing
a significant improvement over the basic SCSO. This
demonstrates its outstanding optimization accuracy and
convergence speed. In the basic multimodal function
tests ( F7 - F10), ISCSO also performed remarkably
well. Although some comparison algorithms achieved
the same optimization accuracy as ISCSO in the F8
test, they still lagged behind ISCSO in terms of conver-
gence speed. In the fixed-dimensional multimodal
function tests ( F11 - F16 ), ISCSO consistently
achieved the best performance, demonstrating its strong
capability in solving complex problems. It effectively
balances exploration and exploitation while exhibiting
excellent global search capabilities.

Table 3　 Results of 16 benchmark functions for compared algorithms

Function Index ISCSO WOA RSO GJO GOOSE SCSO

F1

Best 0. 000 0E+00 1. 627 7E-82 0. 000 0E+00 8. 949 1E-58 4. 537 8E-03 6. 669 3E-124

Mean 0. 000 0E+00 6. 253 8E-74 1. 570 0E-256 7. 872 4E-55 1. 175 0E+01 6. 598 5E-114

Standard 0. 000 0E+00 3. 038 4E-73 0. 000 0E+00 1. 825 0E-54 4. 645 2E+01 2. 585 4E-113

F2

Best 0. 000 0E+00 1. 233 7E-59 0. 000 0E+00 1. 901 0E-33 4. 693 0E-01 4. 293 9E-66

Mean 0. 000 0E+00 4. 828 8E-50 2. 287 7E-140 2. 102 1E-32 1. 484 2E+02 4. 233 3E-60

Standard 0. 000 0E+00 2. 517 9E-49 8. 462 2E-140 3. 092 2E-32 2. 129 5E+02 1. 408 4E-59

F3

Best 0. 000 0E+00 9. 241 5E+03 0. 000 0E+00 6. 780 4E-22 2. 125 0E+00 1. 113 7E-112

Mean 0. 000 0E+00 4. 125 0E+04 1. 489 4E+03 1. 114 5E-15 5. 445 1E+03 2. 206 5E-98

Standard 0. 000 0E+00 1. 481 5E+04 8. 157 8E+03 4. 918 3E-15 2. 828 7E+03 1. 182 5E-97

F4

Best 0. 000 0E+00 1. 102 3E+00 0. 000 0E+00 6. 810 6E-19 1. 621 8E-01 1. 586 1E-55

Mean 0. 000 0E+00 5. 423 6E+01 1. 990 1E-100 1. 961 6E-15 1. 900 2E+01 4. 505 8E-51

Standard 0. 000 0E+00 2. 461 4E+01 1. 089 4E-99 8. 895 8E-15 2. 237 2E+01 1. 121 1E-50

F5

Best 2. 818 2E-05 1. 232 3E-01 2. 428 9E+00 1. 747 5E+00 5. 209 4E-03 1. 540 2E+00

Mean 3. 983 2E-05 4. 387 3E-01 3. 330 2E+00 2. 737 6E+00 1. 722 7E+01 2. 304 4E+00

Standard 7. 089 7E-06 2. 500 2E-01 5. 360 5E-01 5. 287 9E-01 5. 283 6E+01 5. 146 2E-01
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Table 3 (continued)

Function Index ISCSO WOA RSO GJO GOOSE SCSO

F6

Best 1. 871 1E-06 3. 351 3E-04 1. 384 8E-05 8. 992 1E-05 4. 572 3E-02 3. 826 5E-06

Mean 7. 846 3E-05 2. 909 2E-03 3. 602 2E-04 6. 051 5E-04 1. 093 7E-01 2. 106 6E-04

Standard 6. 954 7E-05 2. 780 7E-03 3. 440 8E-04 5. 038 2E-04 3. 986 7E-02 1. 824 1E-04

F7

Best - 1. 256 7E+04 - 1. 256 9E+04 - 7. 361 1E+03 - 6. 188 3E+03 - 8. 356 6E+03 - 8. 669 3E+03

Mean - 1. 256 6E+04 - 1. 065 4E+04 - 5. 768 8E+03 - 4. 116 0E+03 - 6. 848 5E+03 - 6. 739 2E+03

Standard 5. 546 1E-01 1. 692 7E+03 1. 026 4E+03 1. 058 7E+03 6. 741 5E+02 8. 789 4E+02

F8

Best 4. 440 9E-16 4. 440 9E-16 4. 440 9E-16 3. 996 8E-15 8. 043 1E-02 4. 440 9E-16

Mean 4. 440 9E-16 3. 878 4E-15 9. 177 8E-16 6. 720 6E-15 1. 052 0E+01 4. 440 9E-16

Standard 0. 000 0E+00 2. 552 3E-15 1. 228 3E-15 1. 790 6E-15 9. 129 7E+00 0. 000 0E+00

F9

Best 9. 976 6E-07 6. 672 4E-03 1. 630 2E-01 9. 947 5E-02 1. 812 0E+00 3. 608 8E-02

Mean 1. 401 8E-06 2. 637 5E-01 3. 587 8E-01 2. 248 2E-01 1. 433 6E+01 1. 088 1E-01

Standard 2. 015 5E-07 1. 258 1E+00 1. 277 2E-01 1. 172 4E-01 7. 852 2E+00 6. 480 6E-02

F10

Best 1. 482 1E-05 1. 171 7E-01 2. 797 0E+00 1. 026 6E+00 2. 521 6E-03 1. 186 9E+00

Mean 2. 274 3E-05 5. 855 2E-01 2. 884 7E+00 1. 551 3E+00 4. 398 6E+00 2. 425 6E+00

Standard 3. 993 5E-06 3. 074 3E-01 1. 704 1E-01 2. 078 2E-01 9. 620 9E+00 4. 122 5E-01

F11

Best 9. 980 0E-01 9. 980 0E-01 9. 980 0E-01 9. 980 0E-01 9. 980 0E-01 9. 980 0E-01

Mean 9. 980 0E-01 2. 993 5E+00 3. 523 8E+00 5. 758 8E+00 1. 363 9E+01 3. 231 1E+00

Standard 4. 916 2E-14 3. 310 3E+00 2. 993 9E+00 4. 501 6E+00 7. 315 0E+00 2. 699 1E+00

F12

Best 3. 074 9E-04 3. 150 0E-04 3. 629 5E-04 3. 077 6E-04 6. 264 3E-04 3. 075 1E-04

Mean 3. 092 8E-04 8. 232 0E-04 1. 040 6E-03 2. 479 1E-03 7. 537 0E-03 4. 634 3E-04

Standard 9. 709 4E-06 6. 646 3E-04 4. 592 5E-04 6. 066 1E-03 9. 510 2E-03 3. 087 4E-04

F13

Best - 3. 322 0E+00 - 3. 321 9E+00 - 2. 846 5E+00 - 3. 322 0E+00 - 3. 322 0E+00 - 3. 322 0E+00

Mean - 3. 322 0E+00 - 3. 231 9E+00 - 1. 848 3E+00 - 3. 123 3E+00 - 3. 228 5E+00 - 3. 184 2E+00

Standard 7. 315 1E-07 1. 022 9E-01 4. 405 3E-01 1. 551 4E-01 5. 254 2E-02 2. 017 1E-01

F14

Best - 1. 015 3E+01 - 1. 015 1E+01 - 2. 587 8E+00 - 1. 015 0E+01 - 1. 015 3E+01 - 1. 015 3E+01

Mean - 1. 015 3E+01 - 7. 431 6E+00 - 7. 918 8E-01 - 8. 057 6E+00 - 4. 801 4E+00 - 5. 626 6E+00

Standard 1. 108 5E-05 2. 810 0E+00 5. 346 9E-01 2. 852 1E+00 2. 914 4E+00 2. 311 8E+00

F15

Best - 1. 040 3E+01 - 1. 040 2E+01 - 2. 405 7E+00 - 1. 040 0E+01 - 1. 040 3E+01 - 1. 040 3E+01

Mean - 1. 040 3E+01 - 7. 159 1E+00 - 9. 309 5E-01 - 9. 529 0E+00 - 4. 764 5E+00 - 6. 038 0E+00

Standard 9. 889 4E-06 3. 3329E+00 5. 3831E-01 2. 2753E+00 2. 9864E+00 2. 6188E+00

F16

Best - 1. 053 6E+01 - 1. 053 2E+01 - 2. 651 3E+00 - 1. 053 5E+01 - 1. 053 6E+01 - 1. 053 6E+01

Mean - 1. 053 6E+01 - 7. 413 5E+00 - 1. 046 5E+00 - 9. 892 5E+00 - 6. 242 5E+00 - 6. 678 1E+00

Standard 1. 034 3E-05 3. 198 8E+00 5. 164 5E-01 1. 964 5E+00 3. 656 9E+00 2. 935 1E+00

53　 HIGH TECHNOLOGY LETTERS | Vol. 32 No. 1 |Mar. 2026



Fig. 4　 Comparisons of convergence curves

3. 2　 Comparative analysis of engineering applica-
tion

　 　 To further validate the solution capability of the
ISCSO algorithm in engineering design problems, it is
applied to the optimization of a pressure vessel design
problem. The purpose of this experiment is to assess the
practical value and effectiveness of the ISCSO algorithm
in real-world engineering applications. Through this
test, we aim to explore the algorithm’s practicality and

performance in complex structural optimization tasks.
Pressure vessel design is a classic optimization

problem in engineering design, requiring the minimiza-
tion of manufacturing costs while ensuring certain
strength and safety requirements. A schematic of the
pressure vessel structure is shown in Fig. 5. The vessel
consists of a cylindrical body with a bottom closure, and
the head is formed as a hemispherical structure. The
manufacturing cost includes material, forming, and
welding costs, and is constrained by the thickness of the

63 HIGH TECHNOLOGY LETTERS | Vol. 32 No. 1 |Mar. 2026　



cylindrical body (Ts), the thickness of the head (Th),
the inner radius of the cylinder (D), and the length of
the cylindrical section (L). The objective function and
constraints for this problem are defined accordingly.

Function:

min fopt(x) = 0. 624TsDL + 1. 778 1ThD2 +
3. 166 1Ts

2L + 19. 84Ts
2D

Subject to:

g1(x) = - Ts + 0. 019 3D ≤0
g2(x) = - x2 + 0. 009 54D ≤0

g3(x) = - πD2L - 4πD3

3 + 1 296 000 ≤ 0

g4(x) = L - 240 ≤ 0
0 ≤ Ts ≤100, 0 ≤ Th ≤100, 10 ≤ D ≤200,
10 ≤ L ≤200

Fig. 5　 Pressure vessel structure schematic

　 　 To evaluate the ISCSO algorithm, a comparative
study was conducted with several optimization algo-
rithms, including SCSO, WOA, GJO, OOA, RIME
(rime optimization algorithm) [18], and AOA (arithme-
tic optimization algorithm) [19] . The convergence curves
are presented in Fig. 6. As observed from the curves,
the ISCSO algorithm exhibits faster convergence com-
pared to other traditional optimization algorithms and ef-
fectively escapes local optima, gradually reaching the
optimal solution. The optimal results obtained by the
ISCSO and the comparison algorithms for the pressure
vessel design problem are listed in Table 4.

Fig. 6　 Convergence curve of pressure vessel design

Table 4　 Comparison results provided by various optimizers

Algorithm
Optimal variables

Ts Th D L
fopt

SCSO 1. 248 6 0. 617 4 64. 687 0 12. 342 1 7. 275 7 × 103

WOA 1. 164 2 0. 690 6 50. 540 7 94. 112 2 8. 346 2 × 103

GJO 1. 125 3 0. 557 0 58. 065 5 44. 934 4 6. 805 6 × 103

OOA 9. 916 8 10. 132 7 52. 187 4 81. 915 9 2. 027 8 × 105

RIME 1. 230 3 0. 607 7 63. 689 9 16. 924 7 7. 202 1 × 103

AOA 1. 124 2 5. 576 1 52. 467 6 200. 000 0 3. 675 2 × 104

ISCSO 1. 103 9 0. 545 9 57. 180 8 49. 931 3 6. 710 4 × 103

　 　 As shown in Table 4, the best result is achieved by
the ISCSO algorithm, yielding a minimum manufacturing
cost of 6. 710 4 ×103 . Compared with othertraditional op-
timization algorithms, ISCSO demonstrates superior search
efficiency when addressing real-world engineering prob-
lems with multiple constraints. This highlights its poten-
tial and value for practical engineering applications.

4　 Conclusions

This paper proposes a multi-strategy improved
sand cat swarm optimization algorithm (ISCSO) based

on somersault pursuit and adaptive Lévy flight. Com-
parative experiments using various benchmark functions
indicate that ISCSO demonstrates good performance
compared to WOA, RSO, GJO, GOOSE, and basic
SCSO. For unimodal functions, ISCSO quickly conver-
ges to the optimal solution with fewer iterations and dis-
plays strong stability, highlighting its robust optimiza-
tion capability. For basic multimodal and fixed-dimen-
sion multimodal functions, ISCSO showcases outstand-
ing global optimization ability, effectively avoiding lo-
cal optima traps and proving its capability in solving
complex multi-dimensional problems. To further illus-
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trate the practical value of ISCSO, it is applied to a
classical real-world engineering optimization problem:
the design of a pressure vessel. ISCSO is compared with
numerous meta-heuristic algorithms, and the results
show that ISCSO successfully identifies the optimal de-
sign solution, achieving minimized engineering costs.

In summary, the proposed multi-strategy improved
sand cat swarm optimization algorithm, which integrates
somersault pursuit and adaptive Lévy flight, not only
performed exceptionally well in theoretical tests but also
demonstrated excellent optimization capabilities in prac-
tical engineering applications. By incorporating multiple
innovative strategies, ISCSO effectively overcomes the
common drawback of traditional algorithms, which tend
to become trapped in local optima, showing enhanced
global search and local exploitation abilities. Addition-
ally, in addressing classical engineering design prob-
lems, ISCSO efficiently identifies optimal solutions, re-
ducing engineering costs and enhancing economic bene-
fits in practical applications. Future research may ex-
plore its potential applications in other fields and under
more complex constraints, as well as further optimize
ISCSO’s performance to tackle a broader range of engi-
neering challenges and optimization tasks.
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