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ABSTRACT: Owing to their global search capabilities and gradient-free operation, metaheuristic algorithms are
widely applied to a wide range of optimization problems. However, their computational demands become prohibitive
when tackling high-dimensional optimization challenges. To effectively address these challenges, this study introduces
cooperative metaheuristics integrating dynamic dimension reduction (DR). Building upon particle swarm optimization
(PSO) and differential evolution (DE), the proposed cooperative methods C-PSO and C-DE are developed. In the
proposed methods, the modified principal components analysis (PCA) is utilized to reduce the dimension of design
variables, thereby decreasing computational costs. The dynamic DR strategy implements periodic execution of modified
PCA after a fixed number of iterations, resulting in the important dimensions being dynamically identified. Compared
with the static one, the dynamic DR strategy can achieve precise identification of important dimensions, thereby
enabling accelerated convergence toward optimal solutions. Furthermore, the influence of cumulative contribution
rate thresholds on optimization problems with different dimensions is investigated. Metaheuristic algorithms (PSO,
DE) and cooperative metaheuristics (C-PSO, C-DE) are examined by 15 benchmark functions and two engineering
design problems (speed reducer and composite pressure vessel). Comparative results demonstrate that the cooperative
methods achieve significantly superior performance compared to standard methods in both solution accuracy and
computational efficiency. Compared to standard metaheuristic algorithms, cooperative metaheuristics achieve a
reduction in computational cost of at least 40%. The cooperative metaheuristics can be effectively used to tackle both
high-dimensional unconstrained and constrained optimization problems.

KEYWORDS: Dimension reduction; modified principal components analysis; high-dimensional optimization prob-
lems; cooperative metaheuristics; metaheuristic algorithms

1 Introduction

Traditional gradient optimization algorithms, such as the steepest descent [1], Newton [2], and quasi
Newton [3] methods, effectively utilize gradient information of the objective function, enabling rapid
convergence and low computational cost. However, they are susceptible to converging on local optima
rather than finding global optima. In practical engineering structural design, where optimization problems
are typically high-dimensional and nonlinear, gradient methods are highly susceptible to converging to
local optima, resulting in suboptimal solutions. To overcome these limitations, metaheuristic algorithms
have emerged and have been employed in numerous fields, including machine learning hyperparameter

optimization [4,5], path planning [6], scheduling problems [7], and structural optimization [8].
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Metaheuristic algorithms require no gradient information and conduct global searches for optimal
solutions, effectively avoiding local optima traps. These methods fall into two primary categories: swarm
intelligence algorithms [9] and evolutionary algorithms [10]. Exhibiting strong robustness and adaptability,
such algorithms are well-suited for complex engineering optimization problems and have emerged as
powerful tools for solving high-dimensional nonlinear optimization challenges.

Swarm intelligence algorithms draw inspiration from the collective behaviors observed in bird flocks,
fish schools, ant colonies, and bee swarms. Examples include particle swarm optimization (PSO) [11], ant
colony optimization [12], and artificial bee colony algorithm [13]. Recently, Santhosh et al. [14] proposed
a modified gray wolf optimization algorithm with feature selection to enable an effective prediction of
Parkinson’s disease. Wei et al. [15] developed an improved whale optimization algorithm incorporating
multi-strategy to address engineering design challenges. Addressing data classification challenges, Bangyal
etal. [16] employed a modified bat algorithm with strengthened exploitation capability to mitigate the issue of
convergence to local minima. Later, the same authors [17] introduced a modern computerized bat algorithm
to examine a comprehensive set of benchmark test functions.

Among these swarm intelligence algorithms, PSO has garnered significant popularity for its conceptual
simplicity and ease of implementation [18]. The original formulation of the PSO algorithm was presented
by Eberhart and Kennedy [19], and then improved by many researchers. Chen et al. [20] and Ge et al. [21]
developed random mutation modifications to enhance search capabilities of PSO. After that, Bala et al. [22]
proposed an improved PSO framework with orthogonal initialization and a crossover mechanism to
improve both the exploration capability and global search performance. However, these algorithms are often
computationally intensive, particularly in the context of optimization problems with high dimensions, strong
nonlinearities and complex constraints.

Unlike swarm intelligence algorithms, evolutionary algorithms are modeled on the principles of
biological evolution (natural selection, genetic inheritance, and mutation). Examples include differential
evolution (DE) [23], genetic algorithm [24], and evolution strategy [25]. DE is particularly prevalent
in current literature for simple program implementation and fewer adjustment parameters [26]. Storn
and Price [27] originally proposed the DE algorithm. The algorithm is initially intended for continuous
variables and further developed to handle discrete variables. Ho-Huu et al. [28] and Vo-Duy et al. [29]
proposed adaptive elitist DE, which has demonstrated improved precision and efficiency for discrete and
composite optimization problems. Despite these advancements, computational demands remain high, even
for relatively high-dimensional optimization problems.

To tackle these issues, researchers have developed innovative strategies to enhance the performance of
metaheuristic algorithms for high-dimensional problems. Carlsson et al. [30] employed the eigenstructure
of the Hessian for dimension reduction (DR) in intensity modulated radiation therapy optimization, while
Fernandez Martinez and Garcia Gonzalo [31] applied principal components analysis (PCA) to reduce
dimensions of inverse problems. As evidenced by the aforementioned literature, different DR strategies are
often combined with metaheuristic algorithms to tackle high-dimensional challenges.

To efficiently solve high-dimensional optimization problems, cooperative metaheuristics with a
dynamic DR strategy (C-PSO and C-DE) are developed based on the metaheuristic algorithms (PSO
and DE). In the proposed methods, the modified PCA is utilized to reduce the dimension of design
variables, thereby decreasing computational costs. The dynamic DR strategy implements periodic execution
of modified PCA after a fixed number of iterations, resulting in the important dimensions being dynamically
identified. Compared with the static one, the dynamic DR strategy can achieve precise identification of
important dimensions, thereby enabling accelerated convergence toward optimal solutions. Furthermore,
the effect of different thresholds of cumulative contribution rate on optimization problems with different
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dimensions is investigated. Though the threshold for a specific problem is set empirically, the adjustability of
the threshold can guarantee the robustness of the cooperative methods. These strategies collectively enhance
the computational efficiency and solution accuracy of the cooperative metaheuristics.

The primary advancements in this research are threefold: (1) unlike existing PCA, the modified PCA
focuses on the correlation coefficients between variables and fitness values rather than the eigenvalues;
(2) as the optimization progresses, the important dimensions will dynamically change; (3) the cumulative
contribution rate threshold is investigated to determine the important dimensions.

This paper is organized as follows. Section 2 presents a review of the metaheuristic algorithms. Section 3
describes the cooperative metaheuristics. In Section 4, 15 benchmark test functions are first examined, then
a speed reducer and a composite pressure vessel design problem are performed to demonstrate the efficacy
of the cooperative methods. Section 5 gives the conclusions.

2 Review of the Metaheuristic Algorithms

PSO is a typical swarm intelligence algorithm, whereas DE represents a classical evolutionary algorithm.
These two representative metaheuristic algorithms are employed in this article owing to their simple program
implementation, other metaheuristic algorithms can also be incorporated with the DR strategy. PSO has
been studied excessively, readers are encouraged to consult reference [32] for comprehensive details.

The DE framework comprises four key steps [23]: initialization, mutation, crossover, and selection. As
a parallel direct search method, a population of N individuals in an n-dimensional space at generation k
is represented by x* = (x;1%, x,,5, .., x.,5), i = 1, 2, ..., N. The specific procedure of the DE algorithm is
outlined below:

Step L: Initialization.

A randomly generated population is created throughout the entire design space. And the new generation
of the population is developed by the following steps.

Step 2: Mutation.

During this step, a mutant vector is generated by combining a weighted differential between two
population members with a third individual:

kel _ K ko k
vitl = xf + Fx (x5 — x)3) (1)

1

where the random indices ry, ,, 3 should be distinct integers, and the constant F ¢ [0, 2] serves as a real-
valued coeflicient that determines the magnitude of differential variation (x5 =x,55). Additionally, the index
i should be different from ry, r,, 13. As a result, the population size N must be at least four.

Step 3: Crossover.

A crossover process is employed to increase population diversity. Following the crossover, a trial

individual is generated as wF = (Y w5 L MY, The crossover operation is defined as follows:
k+1 ) s
e[ V5L () < CRorj=r (i) ,
”i,j - k h : ( )
x; ;> otherwise

in which r(j) represents a randomly generated value corresponding to the j-th dimension, which is uniformly

distributed within the range [0, 1]; CR is a user-specified crossover rate, bounded between 0 and 1; while

r(i) denotes an index chosen stochastically from the set {1, 2, ..., #} that ensures the trial individual %**!

inherits at least one parameter from the mutant individual v;*!,
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Step 4: Selection.

The selection operation is employed to retain individuals with better evaluation function values. In this
way, the population can progressively converge toward the optimum. The selection operation is given by:

[ S <5 ()
X = k . (3)
X;s otherwise

where f() is the evaluation function.

3 The Proposed Cooperative Metaheuristics

As previously mentioned, metaheuristic algorithms are often incorporated with different DR strategies
to address high-dimensional optimization challenges. Common DR strategies include: PCA [31], Kernel
PCA [33], independent component analysis [34], and t-distributed stochastic neighbor embedding [35].
Compared to these alternatives, PCA offers superior computational efficiency and implementation simplicity,
motivating its adoption in this study.

3.1 The Basic PCA

High-dimensional data often presents complex patterns, which makes graphical representation chal-
lenging. In such scenarios, PCA is an invaluable technique in data analysis, notably for its capability to
reveal underlying data patterns while allowing for DR without significant loss of information. The detailed
procedure for performing PCA on a dataset is as follows:

Step 1: Obtain the data.

In this step, an n-dimensional dataset is utilized to illustrate the entire PCA procedure. The variables
are denoted as X;, i =1, 2, ..., n with the corresponding dataset represented as:

X,1 X120t X

[ x| Xy e X, ] _ :xZ,l 'Xz,z '. .. ?Cz,n w
Xm1 Xm2  Xmon

where m is the size of the dataset, and x; = [x1;, X2,5, - - -, X,;]" are the data of the variable X;.

Step 2: Subtract the mean.

To center the data, we subtract the mean of each variable from the corresponding data, resulting in a
dataset with a mean of zero:

Xi,1— X1 Xip2—X2 0 Xin—Xp
[ x5 - x,]= .952,1—?1 ?Cz,z—fz 'xz,n—fn 5)
Xm1—X1 Xma2—X2 “*° X~ Xn
where X; = (x1; + X2, + ... + Xy,;)/m is the mean of the data x;.
Step 3: Calculate the covariance matrix.
cov(X;, Xy) cov(X,Xy) -+ cov(Xy, Xy)
Cov - .COV (X2, X1) 'cov (X2, X3) o f:ov (X2, X,) ©)

cov(X,,X1) cov(X,,Xp) -+ cov(X, X,)
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where each covariance term can be calculated using the formula:

& / /
Y kzxk,ixk,j
_ 1 ] _ =1
cov (X;, X;) = s 7)

Step 4: Compute the eigenvalues and corresponding eigenvectors for the covariance matrix.

eigenvlaues: A, A5, ..., 4, (8)
ai a2 ai,n

. .| a2x .| a2z .| 92

eigenvectors: eig, = | ,eig, = | so..seig = 9)
an,1 an,2 An,n

Step 5: Construct the principal components.

These new variables can be expressed in terms of the eigenvectors:
F; = a,-,le + ai,2X2 +...+ a,-,an, i=12,...,n (10)

Step 6: Determine the contribution rate of each principal component.

Based on the eigenvalues, the contribution rate of each principal component is calculated using the
formula:

Ci=—i=1,2,....,n (1)

in which C; denotes the contribution rate corresponds to the i-th principal component. These rates inform
the selection of the most significant components for analysis, while those with minimal contributions are
typically excluded to streamline the process.

3.2 The Modified PCA

As previously mentioned, the contribution rates of principal components can be utilized to select certain
dimensions for analysis. When addressing a high-dimensional optimization problem, it is feasible to identify
and retain only the most important dimensions as the design variables. In this context, the modified PCA
diverges slightly from the basic PCA.

In basic PCA, each dimension is interrelated, meaning that the dimensions can influence each other.
Conversely, in optimization problems, while each dimension does affect the function value, they do not have
direct influences on one another. To adapt this concept for optimization, the modified PCA is developed to
calculate contribution rates using the correlation coefficients between each dimension and the function value,
rather than the eigenvalues. Subsequently, we can select the most important dimensions for the optimization
process. The detailed procedure is outlined below.
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Consider an n-dimensional optimization problem represented by the following formulation:

min: f (X)

where: X = [ X}, X5, ..., X,]
subject to: g; (X) <0,j=1,2,...,1
Ximin < Xi € Ximaw i =1,2,...,10

(12)

in which X is a vector of n-dimensional design variables; f(X) represents the objective function; while
&(X) < 0 defines the j-th constraint; X; is bounded by X; min and Xj max.

The implementation procedure for the modified PCA is described below:
Step 1: Obtain the data.

The (n + 1)-dimensional data can be obtained by:

X1 X2 o Xuw N
.x2,1 .Xz,z " o .x2,n fz 13)
Xm,1 Xm,2 ot Xmun fm

where m is the size of the data, and x; = [x., X2 ..., %] are the data of the variable

Xis fj =f (5,15 Xj2, - . . Xj,») is the function value of the j-th data.
Step 2: Compute the correlation coeflicients.

The correlation coefficients between each dimension and the function value can then be calculated as
follows:

> (x5 = %) (i - f)

j=

VE = [E6-7)

J

—

cor (X, f) = ,i=L2,...,n (14)

Mz

where X; = (x1; + %2,; + ... + X,,;)/m is the mean of the data x;; ? =(f1 +f2 + ... + fm)/mis the mean of all
function values f.

Step 3: Calculate the contribution rates.

The contribution rates can then be determined as follows:
|cor (X, f)|
[cor (X5 f)]

Ci= i=12,...,n 15)

=

j=1
Step 4: Sort the contribution rates and calculate the cumulative contribution rates.

The contribution rates are sorted in descending order, and it is assumed that C{,C}, ..., C/, repre-
sent these sorted values with X|, X}, ..., X] being the corresponding design variables. The cumulative
contribution rate is then calculated using the following formula:

k
CTy=) ChLk=12,...,n (16)

i=1

Step 5: Select the important dimensions.
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At this stage, the important dimensions can be selected based on a predefined threshold for the cumula-
tive contribution rate Cyj,. The important dimensions are determined until the cumulative contribution rate
reaches or exceeds the critical value Cy,. For instance, if CT_; < Gy, and CTy > Gy, the variables X{, X5, .. .,
X, are then determined as the important dimensions, while the variables X}, |, X; ,,, ..., X, are neglected.

Dynamic DR strategy implements periodic execution of modified PCA after a fixed number of itera-
tions to dynamically identify the important dimensions. The important dimensions are chosen according
to the threshold, so that variables with cumulative contribution rates exceeding the specified threshold
are selected as important dimensions. However, the contribution rates of variables may vary with each
iteration, ultimately leading to dynamic changes in cumulative contribution rates and important dimensions.
During initial optimization stages, limited data availability compromises accurate identification of important
dimensions, adversely affecting solution quality. As optimization progresses, accumulating data enables
dynamic adjustment mechanisms to achieve precise identification of important dimensions, thereby enabling
accelerated convergence toward optimal solutions.

3.3 The Cooperative Metaheuristics and the Procedure Description

Once the cumulative contribution rate threshold Cg, is defined, the dimensions can be classified,
allowing for the selection of important dimensions to serve as design variables in the optimization problem.
The cooperative approaches integrate dynamic DR strategy with metaheuristic algorithms to effectively
reduce computational costs meanwhile ensure solution precision.

The procedure for implementing the cooperative method can be outlined as follows (considering an
n-dimensional problem with m data points):

Step 1: Generate an initial population.

An initial population with size m is first generated, these individuals are denoted as x; = [x1;, %25, . . -,
T
xm,i] )121,2,...,1’1.

Step 2: Evaluate the fitness values.
Corresponding fitness values f = [f1, f2, .. » fun] > fj = f (%51, %25 - - » Xju)> j = 1, 2, ..., m are evaluated.
Step 3: Calculate the correlation coefficients.

Based on the data shown in Eq. (13), the correlation coefficients cor(X;, f) between X; and f are then
calculated using Eq. (14).

Step 4: Calculate the contribution rates.
The contribution rates C; are computed using Eq. (15).
Step 5: Sort the contribution rates and calculate the cumulative contribution rates.

Sort the contribution rates as C;/, G/, ..., C,/ and calculate the cumulative contribution rates CT}
using Fq. (16).

Step 6: Classify the dimensions based on the cumulative contribution rates.

Suppose that CTy_; < G, and CT > G, X1, X3, ..., X} are determined as the important dimensions,
while X}, ,, X;,,» - - .» X}, are neglected dimensions. Corresponding data become X/ = [X] ;, X} ;, ..., X}, ;17
i=1,2,...,n.

Step 7: Define the optimization problem after DR.

Treat the important dimensions X7, X3, ..., X; as design variables and treat the neglected dimensions
X/

k417 X,’( JETIR X! as constants. In this way, the n-dimensional optimization problem is reduced to a
k-dimensional optimization problem.
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Step 8: Utilize the metaheuristic algorithms to update the population.

Employ the specified optimization algorithm (PSO, DE) to tackle the k-dimensional optimization
problem, resulting in a new population denoted as p/ = [} ;, p5 1>+ - » Py i]'»i=1,2, ..., k. The new population
for the n-dimensional optimization problem is then defined as p{, p, ..., pi> Xj\p» Xpyas - o0 X

Step 9: Determine whether the optimization process is terminated.

The optimization process terminates when either the convergence criterion is satisfied or the maximum
iteration count is exhausted, outputting the current solution as optimal. If neither condition is met, the
algorithm reverts to Step 2.

Fig. 1 illustrates the comprehensive flowchart of the optimization procedure.

|Generate an initial population |

4% Evaluate the fitness values |

’ Calculate the correlation coefficients |

v

|Calculate the contribution rates ‘

v

Sort the contribution rates and calculate
the cumulative contribution rates

v

I Classify the dimensions l

‘ Define the optimization problem after DR ‘

¥

| Utilize the population-based algorithms |

Stopping criterion

Yes

No - -
“Oulpul the optimal soluuon|

Figure 1: The flowchart of the cooperative metaheuristics

4 Numerical Applications

The parameters used in metaheuristic algorithms (PSO, DE) and cooperative methods (C-PSO, C-DE)
are first defined. The population size and maximum number of iterations are specified as 200 for PSO and DE.
In C-PSO and C-DE, the population size is reduced to 20, and the number of iterations for DR is set 20, i.e.,
the dynamic DR strategy is performed after every 20 iterations. The other parameters setting of algorithms
are detailed in Table 1.

Table 1: The parameters setting of algorithms

Algorithms Parameters
PSO G =0~= 1.8
C-PSO w=0.6 Cih = 0.2-0.4 for 30-dimensional problems
DE F=05 Cih = 0.05-0.2 for 100-dimensional problems
C-DE CR=09

Note: The threshold Cy, for specific problem is set empirically.
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To assess the overall performance of all algorithms, different algorithms (PSO, DE, C-PSO, and C-DE)
are independently run 30 times for all examples.

4.1 Benchmark Functions

Within evolutionary computation, algorithmic performance is typically assessed through benchmark

testing. For this purpose, 15 benchmark functions [36] are employed to examine the proposed C-PSO and
C-DE algorithms. These test functions cover various problem types, comprising unimodal, multimodal,
separable, and non-separable characteristics. The specifics of the variable ranges, problem characteristics,
function types, and formulations are summarized in Table 2.

Table 2: Details of benchmark functions

No. Range Characteristic =~ Function Formulation
1 [-1.28, UsS Quartic f(x)= Zn: ix}
1.28] i=1
2 [-100, 100] Us Sphere f(x)=2x?
i=1
3 [-100, 100] Us Step F(x)= % (xi +05)?
i=1
4 [-5.12,5.12] Us Stepint f(x)= zn: |i|
i=1
5 [-10,10] UsS SumSquares f(x) =Y ixt
i=1
2 4
6 [-5,10] UN Zakharov f(x)=Yxl+ (z o.5ix,-) + (z O.Six,-)
i=1 i=1 i=1
7 [-10,10] UN Schwefel f(x) =X |xil + IT |xi]
2.22 = =
8 [~100, 100] UN Schwefel 1.2 f(x) = é (i %)
n—1
9 [-30, 30] UN Rosenbrock flx)=% [100 (x,-+1 - x,z)2 +(xi — 1)2]
i=1
10 [-10, 10] UN Dixon- FO)=(a-1D2+ % i(2x —xim)
Price i=2
1 [-5.12,5.12] MS Rastrigin f(x)= 5 [x7 —10cos (27x;) +10]
i=1
12 [-32,32] MN Ackley f(x)=
—20 exp (—0.2 1 5 xlz) - exp (% i cos (271x,-)) +20+e
i=1 i=1
13 [-600, MN Griewank £ (%) =1/4000 . 7 — [T}, cos (2)+1
600] bt
2 ! 2 2
f(x)=2410sin" (my1) + ¥ (yi - 1) [1+ sin (ny,-+1)]
i=1
+(yn -1} + f u (xi,10,100, 4)
14 [-50, 50] MN Penalized i=1

Vi :1+1/4(x,-+1)

u(xi,a,k,m)= {

k(xi-a)",
0,
k(-xi—a)",

Xi>a
—a<x;i<a
Xi < -—a

(Continued)
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Table 2 (continued)

No. Range Characteristic Function Formulation

.2 nl 2 )
f(x)=011sin" (7mx1) + 3 (xi —1) [1 + sin (371xi+1)]
i=1
+ (xn —1)% [1+sin® (2mx4) |} + S u (x1,5,100,4)
15 [-50, 50] MN Penalized2 = T
k(xi-a)", =xi>a
u(xi,a,k,m)=4 0, —a<xi<a
k(-xi-a)", xi<-a

Note: U: Unimodal, M: Multimodal, S: Separable, N: Non-Separable.

The optimizations are conducted for both 30-dimensional and 100-dimensional problems as detailed
in Table 2. Comparative results from 30 individual runs for all benchmark functions are presented in Table 3.
Notably, ‘Mean’ reflects the solution quality. For minimization problems, a lower ‘Mean’ indicates superior
algorithm performance. ‘SD’ serves as a robustness indicator, where a smaller value demonstrates higher
algorithmic stability. ‘N.F’ measures computational efficiency, with fewer evaluations signifying greater
efficiency. Since the execution time of the algorithm itself is negligible compared to that of response function
evaluations or finite element analyses, the number of function calls or finite element program calls serves asa
direct indicator of computational efficiency. Consequently, training and testing times are not reported herein.

Table 3: Comparative results from 30 individual runs for all benchmark functions

No. Theoretical Method PSO DE C-PSO C-DE
solution Dimension 30 100 30 100 30 100 30 100
Mean 0.008 5.364 0.007 6.216 3.36E-7 0.135 5.63E-7 3.145
1 0 SD 0.009 2.392 0.005 1.124 6.25E—7 0.052 5.42E-7 0.044
N.E 4000 18,400 26,000 22,000 1400 5760 5080 4240
Mean 8.24E-6 4.225 3.54E-6 4.012 0 2.401 0 2.045
2 0 SD 1.12E-6 1.024 2.44E-7 1.045 0 0.054 0 0.075
N.E 13,400 17,400 24,600 22,400 5600 6120 2920 4060
Mean 745E-7 6.245 6.48E—6 7.145 0 3.147 0 4.782
3 0 SD 1.78E-6 1.057 1.26E-6 0.478 0 0.107 0 0.540
N.E 8400 19,400 9800 14,600 6140 5060 6240 4800
Mean 6.01E-6 5.46E—4 8.96E-7 8.66E—4 0 2.84E-4 0 4.77E—4
4 0 SD 2.32E-6 3.25E-5 3.11E-7 2.43E-5 0 1.25E-5 0 1.43E-5
N.E 6200 20,400 14,600 18,400 5040 5400 4860 4440
Mean 1.16E-3 5.88E-2 1.36E-3 5.45E-2 0 0 0 0
5 0 SD 5.04E—4 1.51E-2 7.61E-4 1.24E-2 0 0 0 0
N.E 13,400 18,600 18,200 24,200 4880 4240 5040 5400
Mean 5.64E—8 0.123 6.28E-8 0.134 0 0.063 0 0.045
6 0 SD 3.17E-9 0.090 736E-9 4.41E-2 0 4.04E-2 0 4.41E-2
N.E 18,000 23,400 18,600 25,400 5100 5180 3050 4080
Mean 3.48E-7 254E-4  5.96E-7  3.07E-4 0 0 0 0
7 0 SD 2.84E-7 1.56E—4 4.78E-7 2.57E-5 0 0 0 0
N.E 16,200 21,000 14,600 18,000 4060 6060 5060 4880
Mean 8.28E-6 8.25E—4 6.35E—6 6.67E—4 0 0 0 0
8 0 SD 4.59E-6 3.17E-4 7.22E-6 397E-4 0 0 0 0
N.E 17,400 18,800 19,800 21,000 3860 4060 4020 4100
Mean 15.09 20.44 18.20 23.25 10.24 15.45 9.654 11.45
9 0 SD 4413 3.254 0.033 1.587 2.141 1.781 0.033 1.587
N.E 19,200 22,600 24,800 22,000 4200 5420 6140 8400

(Continued)
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Table 3 (continued)

No Theoretical Method PSO DE C-PSO C-DE

solution Dimension 30 100 30 100 30 100 30 100
Mean 0.667 0.667 0.667 0.667 0.667 0.667 0.667 0.667

10 0.667 SD 3.11E-6 2.47E—4 4.54E-5 2.48E-3 0 0 0 0
N.E 18,400 20,200 23,600 22,400 3800 5040 5400 6040
Mean 43.97 45.12 11.71 12.78 43.97 45.12 11.71 12.78
1 0 SD 2.141 3.874 0.463 0.547 2.141 3.874 0.463 0.547
N.E 38,000 36,400 40,000 38,000 1120 2860 3840 3420

Mean 1.73E-2 4.58E-2 1.47E-3 5.45E-3 0 0 0 0

12 0 SD 3.80E-3 4.15E-3 5.43E—4 5.14E-4 0 0 0 0
N.E 18,400 24,600 35,000 32,400 2200 2440 3200 2840

Mean 0.165 0.198 3.64E-6 5.47E—4 0 0.087 0 0

13 0 SD 9.01E-2 6.31E-2 1.24E-7 6.24E-5 0 3.11E-2 0 0
N.E 23,000 24,600 26,000 30,200 1520 1980 1280 2100

Mean 2.07E-2 2.14E-2 5.84E-7 3.04E-2 0 0 0 0

14 0 SD 7.57E-3 5.47E-3 5.94E-7 4.15E-3 0 0 0 0
N.E 23,600 24,000 25,400 28,000 2760 3040 1980 2840

Mean 7.67E-3 8.34E-3 2.19E-3 4.14E-3 0 0 0 0

15 0 SD 5.97E-2 4.57E-3 8.02E—4 712E-4 0 0 0 0
N.E 20,600 24,200 22,000 20,400 2840 2240 3040 2980

Note: Mean: mean of the optimal solutions, SD: standard deviation of the optimal solutions, N.E: number of
function calls.

The results clearly indicate declining solution accuracy across all algorithms with increasing dimension.
Compared to standard PSO and DE, both C-PSO and C-DE achieve better optimization solutions. For
30-dimensional problems, the cooperative methods attain theoretical optimal solutions for all test functions
with the exception of Nos. 9 and 11. However, for 100-dimensional problems, C-PSO and C-DE can obtain
theoretical optimal solutions for the majority of functions (Nos. 4, 5, 7, 8, 10, and 12-15), demonstrating their
remarkable efficacy in addressing high-dimensional optimization tasks.

For the MN functions (Nos. 12-15), both PSO and DE can achieve good optimization results, while
C-PSO and C-DE can obtain theoretical optimal solutions. Conversely, for the MS function (No. 11), all
methods fail to obtain satisfactory results. Nevertheless, C-PSO and C-DE notably achieve better solutions
than the standard methods. This demonstrates that the cooperative metaheuristics substantially enhance
solution precision even for challenging optimization problems.

According to the preceding analysis, a critical limitation is revealed: both standard metaheuristics (PSO,
DE) and their cooperative variants (C-PSO, C-DE) exhibit poor performance for multimodal separable
optimization problems, particularly in high-dimensional cases.

Beyond solution quality, robustness serves as a critical performance metric for evaluating algorithmic
efficacy. As evidenced in Table 3, the proposed methods achieve low ‘SD’ values across diverse test functions,
with ‘SD’” = 0 observed in several cases, demonstrating exceptional robustness. Furthermore, ‘N.E values of
C-PSO and C-DE are always lower than those of PSO and DE for all benchmark functions, showing that the
cooperative metaheuristics require less computational cost and have higher computational efficiency.

As described in Sections 3.2 and 3.3, the cumulative contribution rate threshold Cy, is the decisive factor
in defining important dimensions. Therefore, the effect of different thresholds on optimization problems with
different dimensions is investigated. The results of Sphere function (No. 2 in Table 2) are given in Table 4.
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Table 4: The number of function calls under different Cy;, and dimension for Sphere function

Cin Dimension  0.05 0.1 0.2 0.3 0.4

20 30,200 18,800 18,000 22,400 38,000
30 28,400 18,800 12,800 16,400 37200
50 26,000 15,600 22,000 32,400 -
100 22,800 34,800 71,600 - -

Note: The desired precision may not be achieved when the maximum
number of iterations is reached.

Table 4 demonstrates that the threshold Cy, is not necessarily set as small as possible. For the low-
dimensional problems, a too small threshold can lead to excessive information loss during DR, slowing down
the optimization process. For high-dimensional problems, a small threshold can accelerate the optimization
process in the early stage. The best outcomes for each dimension in Table 4 are highlighted in bold. As the
dimension increases, the threshold needs to be set smaller to accelerate convergence and achieve optimal
solutions more rapidly. Though the threshold for specific problem is set empirically, the adjustability of
threshold can guarantee the robustness of the method.

4.2 A Speed Reducer Design

To further demonstrate the efficacy of the cooperative optimization algorithms, a more complex exam-
ple involving a speed reducer design problem [20] is examined. The problem consists of seven dimensions,
where x3 is an integer variable while all other variables remain continuous. The problem is structured as
follows:

min: f (x) = 0.7854x;x7 (3.3333x3 + 14.9334x; — 43.0934) — 1.508x; (xZ + x3 ) +
7.4777 (x3 + x3) + 0.7854 (x4x2 + x5x2)

where: x = [x1,x,, .. .,x7]
subject to: g1 (x) = 1S 0,0 (x) = -1<0,g3(x) = ;;331“ -1<0
g1 (x) = 222 10,65 (x) - 52 ~1<0,g, <x> 150 (17)

g7 (x) =55 —1<0,85(x) = % 130,g9(x)—%—1§0

3 745x5 \* .
\/<%) +16.9 x 106 x +157.5x10
—130,g11(.X): 23

110x; 85x3

-1<0

S0 (x) =

where,

2.6<x<3.6,0.7<x,<0.8,17 < x3 < 28
7.3<x4<8.3,7.8<x5<8.3,2.9<x<3.9 (18)
5<x;,<55

This is a single-objective problem with 11 behavioral constraints. PSO, DE, and their cooperative
counterparts, C-PSO and C-DE, are all employed to solve this problem. Their results are compared with those
of “Taguchi’ and ‘Sociobehavioural’ from the literature [20], as presented in Table 5. “Taguchi’ adopts a varing
probe length value, which is initialized at 0.9 and reduced by one-half whenever the search direction shows no
improvement. Meanwhile, ‘Sociobehavioural’ is executed using a population size of 100 over 200 iterations.
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Table 5: Comparative results from 30 individual runs for the speed reducer (Cy, = 0.2)

Taguchi [20]  Sociobehavioural [20] PSO DE C-PSO C-DE
X1 3.500 3.506 3.500 3.500 3.502 3.500
X 0.700 0.700 0.700 0.700 0.700 0.700

X 17 17 17 17 17 17

X4 7.300 7.549 8.013 8.134 7.373 7.300
X5 7153 7.859 8.258 7.809 7.800 7.800
Xe 3.505 3.366 3.407 3.354 3.351 3.350
X7 5.287 5.290 5.287 5.288 5.287 5.287

Bestf(x) 2994.40 3008.08 3028.01 3006.52 2998.20 2996.35

Mean 2996.22 3012.12 3033.43 3012.61 3004.58 3003.46
SD 2.58 3.65 6.28 717 7.36 6.95
N.E 9900 19,154 9600 12,000 4060 5200

‘Best f(x)’ reflects the best solution among 30 individual runs. In minimization problems, a superior
solution corresponds to a lower value. As evidenced in Table 5, C-PSO (2998.20) and C-DE (2996.35)
significantly outperform PSO (3028.01) and DE (3006.52), confirming superior performance of the cooper-
ative methods.

In terms of algorithmic robustness, ‘SD’ values of all algorithms are very small, which verifies the
robustness of these methods. Meanwhile, ‘N.E values of C-PSO (4060) and C-DE (5200) are significantly
less than those of PSO (9600) and DE (12,000), indicating that the cooperative methods require less
computational cost and have higher computational efficiency.

In summary, the proposed methods demonstrate superior solutions with reduced computational costs
compared to the standard algorithms. This example illustrates the efficacy of the cooperative methods in
tackling constrained optimization challenges. The convergence process of different algorithms are provided
in Fig. 2.

x10°

0 50 100 150 200
Iteration

Figure 2: Convergence procedure for the speed reducer

It can be seen that PSO and DE no longer change after convergence, at which point the optimal solution
is obtained. The convergence process of such algorithms is almost a one-time convergence solution without
any sudden changes. The convergence process of C-PSO and C-DE is clearly a stepwise multiple convergence,
mainly because in these two algorithms, the number of design variables dynamically changes with the
intervention of the DR strategy.
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4.3 A Composite Pressure Vessel Design

This study addresses a composite pressure vessel design problem [37], analyzing a Type 4 compressed
hydrogen storage tank wrapped with carbon fiber. To ensure safety, the tank is designed with a safety factor
of 2.25, resulting in a minimum burst pressure requirement of 158 MPa. The Toray T700S carbon fiber is
used with a rated tensile strength of 4900 MPa, and the fiber-resin composite (60% fiber volume fraction)
exhibits a tensile strength of 2550 MPa. The density of the composite material is 1800 kg/m?>. The liner of the
vessel is made from high-density polyethylene (HDPE), with a thickness of 5 mm. The material properties
are summarized in Table 6.

Table 6: Material properties for T700S and HDPE

Materials Parameters Properties  Unit Values
Young moduli E,E, Es GPa 135, 9.66, 9.66
Shear moduli Gi2, Gi3, G;3  GPa  5.86,5.86, 3.46
Poisson’s ratios V12> V135 V23 0.25, 0.25, 0.41
T700S .
Tensile strengths Fi1, Fic MPa 2550, 1470
Compressive strengths F>, B> MPa 69,224.1
Shear strength Fs MPa 89.63
Young modulus E MPa 900
HDPE Poisson’s ratio v 0.46
Yield strength Sy MPa 26

Fig. 3 illustrates a schematic of a storage tank with 521 mm diameter and 1.5 length-to-diameter (L/D)
ratio, designed for 5.6 kg usable hydrogen capacity (5.8 kg total) at 70 MPa operating pressure. The tank
features 15° helical winding layers and 90° hoop wound layers. During fabrication, helical and hoop layers
are applied alternately over the liner to minimize resin pooling.

HDPE liner Conyposite layers

>

\ it
Metalboss._ | AL Z TR Helalyer

Figure 3: Schematic of a Type 4 compressed hydrogen storage tank

Fig. 4 shows the winding angle 0 at the cylinder and 6 at the head. These angles are calculated as follows:

0o = arcsin (L) , 0 = arcsin (1) 19)
R R

0
where r represents the outer radius of the vessel, Ry denotes the outer radius of the cylindrical section, and
R signifies the outer radius of the head at a specific location.

Finite element analysis (FEA) is performed using ANSYS, with the SHELL99 element modeling
composite materials. This 8-node element features six degrees of freedom per node (translations and



Comput Mater Contin. 2026;86(1) 15

rotations in x, y, z directions). The SOLID191 element is used to simulate liner materials, with 20 nodes and
three translational degrees of freedom per node (x, y, and z directions). The total number of elements in the
model is 1650.

Fiber path
{ 4

Figure 4: Geodesic fiber path along a pressure vessel surface

The design variables comprise thicknesses of five helical and four hoop layers, each ranging from
0.127 mm to 10 mm. The objective is to minimize the weight of the composite structure, subject to the
constraint imposed by the Tsai-Wu strength criterion. The mathematical expression for this problem is:

min: W (d)
where:d = [d}, d,, ..., do] (20)

subject to: |0 < Omax

where W(d) is the total weight of the pressure vessel, and d is the thicknesses of nine layers, including five
helical and four hoop layer thicknesses.

Comparative results obtained by 30 individual runs for the composite vessel are summarized in Table 7.
The results are compared with those of genetic algorithm [37]. The population size and maximum number
of iterations for genetic algorithm are set 200 and 100, respectively. The crossover probability is defined as
0.85 and the mutation probability is given as 0.0001.

Table 7: Comparative results from 30 individual runs for the composite vessel (Cy, = 0.2)

Genetic algorithm [37] PSO DE C-PSO C-DE

d 4.72 470  4.60 4.55 4.33
d, 4.60 4.48  4.60 4.40 4.52
d; 4.64 4.68 4.52 4.53 4.54
dy 4.55 4.63  4.68 4.45 4.45
ds 4.58 470 444 4.48 4.40
ds 6.12 6.06 6.01 6.02 5.96
d; 6.04 5.97 6.00 5.94 5.83
ds 5.86 5.88 6.00 5.70 5.85
do 5.93 6.10 6.03 5.83 5.90
Best W) 105.9 106.3 1056  103.6 103.1
Mean 107.4 106.8 106.2  105.3 104.6
SD 1.72 0.94 1.06 1.86 1.57
N.E 7580 10,400 9600 6060 4940

‘Best W(d)’ denotes the best solution across 30 independent runs. For minimization problems, a supe-
rior solution is characterized by a smaller value. Table 6 demonstrates that C-PSO (103.6) and C-DE (103.1)
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achieve significantly better solutions than PSO (106.3) and DE (105.6), confirming superior performance of
the cooperative methods. This advantage mainly stems from design space simplification: despite nine design
variables, they resolve to just two parameter types (helical and hoop layer thicknesses), reducing inherent
problem complexity.

Regarding algorithmic robustness, consistently low ‘SD’ values across all methods confirm excep-
tional solution stability. Computationally, the cooperative methods demonstrate superior efficiency: C-PSO
reduces ‘N.E values by 41.7% (10,400 — 6060), while C-DE achieves 48.5% reduction (9600 — 4940).
Consequently, FEA calls decrease substantially, lowering computational costs. In summary, the proposed
cooperative methods achieve superior solutions with better efficiency compared to the standard algorithms.

5 Conclusions

Based on standard metaheuristics PSO and DE, this paper presents cooperative metaheuristics C-PSO
and C-DE that integrate dynamic DR. The modified PCA is utilized to reduce the dimension of design
variables, thereby lowering computational costs. The dynamic DR strategy implements periodic execution of
modified PCA after a fixed number of iterations, enabling dynamic identification of important dimensions.
Compared to a static strategy, this dynamic implementation achieves precise identification of important
dimensions, thereby driving accelerated convergence toward optimal solutions. Furthermore, the influence
of cumulative contribution rate thresholds on optimization problems with different dimensions is investi-
gated. 15 benchmark functions and two engineering design problems (speed reducer and composite pressure
vessel) are used to evaluate the proposed methods. The results are compared with those of PSO and DE,
revealing that the cooperative methods achieve significantly superior performance compared to standard
methods in both solution accuracy and computational efficiency.

Unlike existing PCA that prioritizes the eigenvalues, the cooperative algorithms develop the modified
PCA to analyze the correlation coeflicients between variables and fitness values. Crucially, the proposed
methods dynamically identify important dimensions as optimization progresses. Another key feature is
that the cumulative contribution rate threshold is investigated to determine the important dimensions.
These strategies collectively improve the computational performance and solution precision of the coopera-
tive methods.

In conclusion, the cooperative metaheuristics show promising performance in tackling the vast majority
of high-dimensional optimization problems in terms of efficiency, accuracy, and robustness. Nevertheless, a
key limitation is that both standard metaheuristics (PSO, DE) and their cooperative variants (C-PSO, C-DE)
exhibit poor performance for multimodal separable optimization problems, particularly in high-dimensional
cases. And this is the future direction of our work.
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