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Abstract

The problem of insufficient classification accuracy in fuzzy clustering algorithms for mul-
tidimensional data is addressed in this paper. To tackle this issue, an improved genetic
algorithm (GA)-based fuzzy controller is proposed, which combines the advantages of
an improved genetic algorithm and a fuzzy C-means (FCM) clustering algorithm. The
population initialization is performed using the Tent chaotic map, while the best individ-
ual retention strategy and last elimination selection operator are employed to adjust the
population structure. Furthermore, an elitist crossover operator, an adaptive trial muta-
tion operator, and a nonlinear convergence factor are introduced to mitigate the risk of
falling into local optima. The controller algorithm integrates the intermediate parameters
of FCM clustering into the fitness function of the genetic algorithm, and effectively im-
proves the classification accuracy by screening the optimal feature subset and then fuzzy
clustering. The experimental results on the Pistachio, WDBC, and Wine datasets show that
the proposed method achieves competitive classification accuracy compared with other
FCM-based feature-weighting optimization methods.

Keywords: genetic algorithm; fuzzy C-means clustering; fuzzy controller; tent chaotic map;
classification algorithm

MSC: 68W50; 62H30; 90C59

1. Introduction

In the era of digital transformation, enterprises and organizations across diverse
sectors—including smart cities, e-commerce, healthcare, and industrial manufacturing—
are increasingly reliant on large-scale data collection to enhance user experiences, optimize
operational workflows, and drive data-informed decision making [1,2]. The proliferation
of high-dimensional datasets, characterized by numerous samples and extensive feature
spaces, necessitates robust preprocessing techniques for data purification, feature screen-
ing, and intelligent classification to unlock their commercial and analytical value [34].
Clustering analysis, as a fundamental unsupervised learning technique, plays a pivotal
role in discovering inherent data structures and grouping similar instances without prior
label information [5].

Traditional clustering algorithms, such as k-means and hierarchical clustering, operate
on the principle of “hard” classification, wherein each sample is exclusively assigned
to a single cluster [6]. While computationally efficient, this crisp partitioning approach
fails to adequately capture the inherent ambiguity and overlapping boundaries frequently
observed in real-world datasets. In contrast, fuzzy C-means (FCM) clustering, originally
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proposed by Bezdek [7], offers a more flexible framework by assigning each sample a
membership vector indicating its degree of belonging to multiple clusters simultaneously.
This soft classification paradigm aligns more naturally with practical scenarios where
data instances exhibit transitional or mixed characteristics. However, the conventional
FCM algorithm suffers from several well-documented limitations: (i) sensitivity to initial
cluster center selection, which frequently leads to convergence toward suboptimal local
solutions [8]; (ii) computational inefficiency arising from the involvement of all sample
points in each cluster center update iteration [9]; (iii) diminished clustering accuracy and
robustness when handling high-dimensional or noisy data [10].

To mitigate these deficiencies, researchers have increasingly turned to metaheuristic
optimization algorithms to enhance FCM performance. Genetic algorithms (GAs), pio-
neered by Holland in the 1970s, represent one of the most widely adopted evolutionary
computation paradigms. GAs emulate natural selection mechanisms—including selection,
crossover, and mutation—to explore complex search spaces and have demonstrated con-
siderable success in global optimization tasks [11]. Nevertheless, standard GAs exhibit
inherent weaknesses: inadequate local search capability, susceptibility to premature conver-
gence, and parameter configurations that often rely heavily on empirical user experience
rather than systematic guidance [12,13]. These limitations become particularly pronounced
when GAs are applied to high-dimensional feature weight optimization problems in clus-
tering contexts.

In recent years, the integration of chaotic maps with evolutionary algorithms has
emerged as a promising strategy for enhancing population diversity and convergence
behavior. Chaotic systems, characterized by ergodicity, randomness, and sensitivity to
initial conditions, have been successfully employed to initialize populations in various
metaheuristic frameworks. For instance, the Logistic map, Tent map, and Sine map [14,15]
have been incorporated into particle swarm optimization (PSO), differential evolution (DE),
and genetic algorithms to improve solution quality and avoid premature convergence.
Specifically, chaotic-map-enhanced GAs have demonstrated superior performance in func-
tion optimization [16], feature selection [17], and clustering applications [18] compared to
their random-initialization counterparts. The Tent chaotic map, in particular, has attracted
significant attention due to its uniform distribution properties and enhanced ergodicity
relative to the Logistic map, making it well-suited for generating diverse initial populations
in genetic algorithms [19].

The hybridization of metaheuristic algorithms with FCM clustering has attracted
substantial attention in recent years. While early studies explored PSO-FCM [20], ABC-
FCM [21], WOA-FCM [22], and SSA-FCM [23] hybrids, significant advances have emerged
since 2022. Qi et al. [24] and Liu et al. [25] demonstrated that tent chaotic initialization
achieves superior population diversity and uniform distribution over random initialization,
with Rauf et al. [26] extending this to multi-population differential evolution frameworks.
Wang et al. [27] further established that tent mapping exhibits better spatial distribution
than Logistic and Sine maps, reducing premature convergence. In feature-weighted fuzzy
clustering, Askari et al. [28] conducted a comprehensive survey (2004-2023) categorizing
local and global weighting schemes, while Liu et al. [29] showed that composite fitness
functions integrating intra-cluster compactness and inter-cluster separation outperform
single-metric objectives.

Despite these advances, several gaps remain in the existing literature. First, while
chaotic initialization has been applied to various metaheuristic frameworks, its system-
atic integration with matrix-structured population representations in genetic algorithms
remains underexplored. Second, most existing FCM-metaheuristic hybrids employ fitness
functions that focus solely on clustering accuracy, neglecting the geometric relationships
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among cluster centers and intra-cluster compactness that fundamentally determine clus-
tering quality [16]. Third, the adaptive control of mutation intensity through nonlinear
convergence factors perturbed by probability distributions has received limited attention
in the context of genetic algorithm-based feature weighting for FCM.

This study proposes a novel fuzzy controller based on an enhanced genetic algorithm
(MGA + FCM) to address existing research gaps, with three key contributions. First, the Tent
chaotic map is employed for population initialization to ensure superior diversity and uni-
form distribution of initial solutions, while a matrix-structured population representation is
introduced alongside a best individual retention strategy and last elimination selection oper-
ator to dynamically optimize the population structure throughout the evolutionary process.
Second, an elitist crossover operator is designed to preserve and propagate high-quality
solutions, complemented by an adaptive tentative mutation operator that adjusts mutation
intensity based on individual fitness relative to the population; a nonlinear convergence
factor perturbed by beta-distributed random numbers is also introduced to dynamically bal-
ance global exploration in early iterations with local exploitation in later stages, effectively
mitigating premature convergence and local optima entrapment. Third, a composite fitness
function integrating FCM classification accuracy with inter-cluster distance maximization
and intra-cluster radius minimization is proposed, enabling simultaneous feature subset
screening and fuzzy clustering optimization through a feedback mechanism that enhances
overall classification performance. Experimental validation on the Pistachio, WDBC, and
Wine datasets demonstrates that the proposed MGA + FCM method achieves competitive
classification performance compared with FA + FCM. MGA + FCM obtains higher average
accuracy on the Pistachio and WDBC datasets and shows comparable performance on
the Wine dataset, indicating that the proposed enhanced genetic algorithm can effectively
search for feature-weight solutions under different data characteristics.

The remainder of this paper is organized as follows. Section 2 establishes the fuzzy
clustering index system and analyzes the dynamic clustering characteristics of the dataset.
Section 3 details the proposed enhanced genetic algorithm, including population initializa-
tion, structure representation, genetic operators, and the FCM-integrated fitness function.
Section 4 presents experimental results and comparative analysis. Section 5 concludes with
a discussion of contributions and future research directions.

2. Establishment of Fuzzy Clustering Index System

The fuzzy clustering analysis model is a prevalent mathematical classification model
in fuzzy mathematics. It constructs a dynamic fuzzy clustering graph by sorting the fuzzy
equivalent matrix ¢(R) according to the confidence level A € [0, 1]. A higher value of A
means that the data features are more informative for classification and comparison [19].

Taking the pistachio binary classification dataset used in this paper as an example, we
first establish a feature set Q = {ky,kp, ks, - - - , k14, k15, k16} corresponding to the 16 data
features, as shown in Table 1.

Secondly, to construct the fuzzy dynamic fuzzy clustering graph and analyze the
relationships among the 16 features, we randomly selected 200 samples (100 from each
class) from the dataset to ensure class balance, and constructed a 200 x 16 initial data matrix
X. This balanced subset is used exclusively for establishing the fuzzy clustering index
system and analyzing feature relationships. Representative data are presented in Table 2.

The initial matrix X is normalized to yield matrix T. The corresponding formulation

is presented below:
Xij — min(xi)

fij = max(x;) — min(x;) @
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Table 1. Data feature correspondence table.

Symbol Description
kq Area
ko Circumference
ks Major_axis
kg Minor_axis
ks Distance of eccentricity
ke Equivalent diameter
k7 Solidity
kg Area of convex hull
kg Extent
k1o Ratio of axial length
k11 Degree of approximation to a circle
k1o Compactness
k13 Form factor 1
k14 Form factor 2
k1s Form factor 3
k1s Form factor 4

Subsequently, following the fuzzy clustering theory, the normalized matrix T is fuzzi-
fied to generate the fuzzy similarity matrix R = (r;;), where r;; denotes the similarity
coefficient between features k; and k;.

Table 2. Partial initial matrix feature data table.

kq ko k3 e ks k1s k16
60,955 999.789 386.9247 e 0.0034 0.5184 0.9591
96,395 1352.674 515.873 cee 0.0026 0.4612 0.9648
91,533 1915.9561 451.7373 cee 0.0029 0.5711 0.9629
106,889 1267.8781 506.6975 e 0.0025 0.5301 0.995
82,130 1169.217 466.5165 cee 0.0028 0.4805 0.9719
84,557 1138.902 416.459 e 0.0031 0.6207 0.9868

The max-minimum method is adopted here as the standard fuzzification technique in
fuzzy mathematics. The corresponding formula is presented below:

B Yo (fik/\ fjk)

- Yk (tz’kv t jk) @

Vij

where /\ and \/ denote the minimum and maximum operators, respectively (i.e., \ = min(x,y)
and \/ = max(x,y), and m represents the number of rows in the normalized matrix T [30].
Using the formula above, the fuzzy similarity matrix R between features is constructed.
R is a square matrix whose dimension equals the number of data features. Representative
entries are presented in Table 3.

Fuzzy similarity matrix R is reflexive and symmetric, but not transitive. According to
fuzzy clustering principle, R cannot be directly employed for clustering analysis.

Therefore, the fuzzy equivalence matrix t(R) is constructed from R via the transitive
closure method. This method involves iteratively squaring the similarity matrix and
checking whether R?" equals R". If this equality holds, #(R) is defined as R". Otherwise,
the squaring process continues until convergence is reached [31,32]. In fuzzy matrix
multiplication, the conventional multiplication and addition operations are replaced by
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the minimum (/\) and maximum (/) operators, respectively. Representative entries of the
resulting fuzzy equivalence matrix t(R) are presented in Table 4.

Table 3. Partial data of fuzzy similarity matrix.

1.0000 0.4812 0.8352 0.3628 0.8333 0.5940
1.0000 0.4574 0.5340 0.4816 0.3150

1.0000 0.3328 0.7338 0.6450

1.0000 0.3829 0.2299

Symmetry 1.0000 0.5953

1.0000

Finally, once the fuzzy equivalence matrix ¢(R) is obtained, fuzzy clustering analysis
is performed on the data features by decreasing the confidence level A from large to small,
yielding the dynamic fuzzy clustering graph shown in Figure 1.

Table 4. Partial data of fuzzy equivalence matrix.

1.0000 0.5719 0.8608 0.5340 0.8587 0.7834
1.0000 0.5919 0.5340 0.5719 0.5719

1.0000 0.5340 0.8587 0.7834

e 1.0000 0.5340 0.5340

Symmetry e 1.0000 0.7834

e 1.0000

The dynamic fuzzy clustering graph characterizes the similarity and grouping re-
lationships among data features across various confidence levels. Features clustered at
higher confidence levels exhibit stronger similarity, whereas those merged at lower levels
display relatively weaker affinities. As such, the graph serves as a qualitative reference for
understanding feature interrelationships and identifying potential redundancy.

A=0.5719

Figure 1. Dynamic fuzzy clustering graph.

3. Establishment of FCM Model Based on Enhanced Genetic Algorithm
3.1. Binary Encoding Is Used for Feature Weight Representation

There are three common coding methods in a genetic algorithm: binary encoding,
decimal coding and real-valued encoding. Binary encoding is more convenient than the
other two for population crossover and mutation operations. When the value range of
the weights is small, the precision of binary encoding is comparable to that of decimal
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and real-valued encoding [33]. The core idea of the proposed algorithm is to search for an
optimal set of feature weights, denoted as W. Initially, the dataset is scaled to maximize the
corresponding fitness function value. The scaling formulation is given in Equation (3):

w®x = (wy,wy, -, Wy) R (X1,X2,- -+, Xn)
= (w1x1, WaXp, " -+ , WnXp)

(3)

where ® represents the scaling operator for population individual data, w denotes the
feature weight vector, and x; refers to the i-th feature column of the dataset. Each weight
value w; in the feature weight vector falls within the range [0, 1] and is represented using a
20-bit binary encoding, yielding a precision of 10~°.

3.2. The Tent Chaotic Map Initializes the Population

Chaotic maps are widely used in swarm intelligence algorithms. Using chaotic maps
instead of random initialization enables the algorithm to generate initial solutions with
superior diversity and uniform distribution across the problem search space. A relatively
uniform initial solution prevents premature convergence to sub optimal regions, thereby
facilitating the discovery of high-quality solutions. The contribution of a high-quality
initial population to the convergence speed and solution accuracy of swarm intelligence
algorithms is significant and should not be overlooked.

The Tent chaotic map initializes the genetic population as follows:

Step 1: Determine the value of the parameter.

Step 2: Set the value range of the initial population and the population number num
according to the optimization problem, and randomly generate m values within this range
to form the sequence Xy. m is the dimension of the search space.

Step 3: Let Xg = xo(n),n=1,2, ---, m.

Step 4: Let x(1) = Xo, xo(n + 1) be calculated by Formula (4):

@, x(n) € 0,a),n+1 < num
1- 4)
x(n) € [a,1],n+1 < num

14
(1—a) 7

x(n+1) =

where 0 < a < 1, @ # 0.5, & # xg.

Step 5: Save the sequence x and concatenate the corresponding positions of m se-
quences x to form num m-dimensional initial solutions.

In this paper, « is set to 0.75. The tent chaotic map is shown in Figure 2.
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Figure 2. Uniform distribution diagram of tent map.
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3.3. Population Structure Representation

The population structure of the enhanced genetic algorithm is a matrix structure.
Each element in the matrix represents an individual feature-weight vector, denoted as W;,
where i and j denote the row and column positions of the individual in the population
matrix, respectively. For a dataset with L features, each W;; corresponds to a 1 x L feature-
weight vector. Since each feature weight is represented by a 20-bit binary encoding, each
individual Wj; is encoded as a 1 x (20 L) binary vector composed of {0, 1}. For example, for
the Pistachio dataset with 16 features, each individual is encoded as a 1 x 320 binary vector.

In the matrix structure, the individuals in the same row are defined as a row pop-
ulation, the individuals in the same column are defined as a column population, and
the individuals on the main diagonal are defined as the main diagonal population. The
matrix-structured population enables the algorithm to perform row-based search, elite
retention, and crossover operations according to the spatial position of individuals in the
matrix. The specific structure is shown in Figure 3.

Ajj ——> W;j(1x16)

o,...,0,...1,..1)
(1x320)

Figure 3. Population structure.

3.4. Row Search Operator and Move Operator

After population initialization, the fitness value of each population was calculated
according to the fitness function. The individual with the highest fitness value in each
row population was placed in the position of the corresponding row position in the main
diagonal of the matrix, while the individual with the worst fitness value in the row was
placed adjacent to the optimal population. The specific operation was implemented by the
pseudo-code rebuild(pop), which proceeds as follows: the worst individual in the first row
of the matrix is placed to the right of the optimal individual; the worst individual in the
last row is placed to the left of the optimal individual; and the two worst individuals from
the remaining rows are placed on both sides of the optimal individual, respectively.

3.5. Elite Crossover Operator

Crossover is the primary mechanism for generating new individuals in genetic algo-
rithms. The proposed crossover operator selects elite individuals from the main diagonal
for pairwise recombination, where each elite individual is crossed only with its adjacent
counterpart in the adjacent row. Specifically, for a population matrix of order N, there are
N elite populations, yielding (N — 1) crossover operations and producing 2(N — 1) off-
spring. These offspring are placed on both sides of the dominant individual to replace the
previously screened worst individuals. The specific operation is implemented by pseudo-
code cross_DNA(a;;, Ai1+1,+1, Aijt1, Ai+1,, Cross_position), that is, the elite populations a; ;
and a;,1 ;41 are crossed and exchange the crossover point cross_position, generating new
individuals that are placed in positions 4; ;11 and a;1 ;.
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3.6. Adaptive Tentative Mutation

Population mutation is the secondary operator for generating new individuals,
with a probability traditional much lower than that of crossover. Tentative mutation
means that only when the fitness value of the population after mutation is greater
than the fitness value of the population before mutation will a new population be
generated to replace the population before mutation. A tentative mutation occurs in
each population in the matrix, and the specific operation is realized by pseudo-code
mutate(pop, mutate_default_num,mostfit,last fit). The number of mutation sites is adap-
tive [34], with sites randomly selected and bits flipped (0 to 1, or 1 to 0). The corresponding
formula is given below:

mfit — fit
num = . . X A xdefm 5

{mfzt—lfzt#—0.000l f J ©)
where num denotes the number of mutation sites for the target individual, mfit represents
the fitness value of the best individual in the current generation’s population matrix, [ fit
represents the fitness value of the worst individual in the current generation’s population
matrix, and defm is a user-defined integer parameter initialized to 150.

A =2/(1+4exp(20t/ Tyax —10) + 0 f(p,q)) 6)

where p,q € (0,1).

Traditionally, the linear variation of parameter A tends to significantly degrade the
algorithm’s search performance. To address this issue, the formula for calculating A is
reformulated, and a probability density function f(-) is introduced to perturb A, thereby
balancing its ability to escape from local optima. In the equation, ¢ represents the adjust-
ment factor, which is set to 0.15 in this paper; f(-) denotes the probability density function
of the beta distribution, used to generate a set of random numbers conforming to the
beta distribution; the parameters p and g are independently generated from the uniform
distribution U(0,1), i.e., p,q € (0,1); Tax represents the maximum number of iterations of
the improved genetic algorithm, which is set to 300 in this study. Figure 4 illustrates the
comparison of parameter A before and after the proposed improvement.

2 1 iHW m | |
i I
\“::’\‘M ‘”m M‘j,‘a\l’ u""”(ﬂiu" M fiy Initial A
1.8 Mml‘\mlu W L h "“H' “' ““l! ““ b ———— Improve A
Hu\‘
16
14

121

08r

Parameter A value
N
T

I o
L (o)
T T

o
N
T

0 100 200 300 400 500
Number of iterations

Figure 4. Parameter A before and after improvement.
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According to Formula (5), individuals with lower fitness values undergo mutation
at more sites, resulting in greater variations; conversely, individuals with higher fitness
values experience smaller perturbations. The improved parameter A follows a nonlinear
decreasing trend: it decreases slowly during the initial optimization stage, thereby enhanc-
ing global exploration; drops rapidly in the middle stage to ensure convergence speed;
and gradually approaches zero in the later stages, improving local exploitation while pre-
venting premature convergence to local optima. Furthermore, the beta-distributed random
numbers generated by f(p, q) are utilized to locally perturb A, dynamically adjusting the
step size at each iteration and thereby increasing the diversity of solutions.

3.7. Population Fitness Function

The fitness function of the enhanced genetic algorithm incorporates not only the
classification accuracy of fuzzy C-means (FCM) clustering, but also the relationship of the
cluster centers and the radius of each cluster in the FCM algorithm. Each individual in
the population represents a candidate feature-weight solution w;;. Applying the scaling
operator yields the corresponding weighted data matrix, on which the FCM algorithm
is subsequently executed to obtain the clustering-based classification accuracy and the
intermediate parameters for that individual. The fitness function is formulated as follows:

. Z:n:_ll ;”:iJrl L (Ci’ C]) _ym R.
fit =acc + ) (= 1) + e Li=1 7)
i 2

where acc denotes the classification accuracy of the FCM algorithm performed on the
scaled dataset X;; = {wijlxl, S, wij16x16}, C; represents the cluster center of the ith class,
g denotes the number of features, and m denotes the number of cluster centers. The
function L(C,', Cj) represents the Euclidean distance between cluster centers C; and C;,
and R; denotes the Euclidean distance between the farthest point in each cluster and the
corresponding cluster center.

According to Equation (7), the fitness value is directly proportional to the FCM classifi-
cation accuracy and the inter-cluster distance, and inversely proportional to the intra-cluster
radius. Equation (7) constrains the three components to a combined range of [0, 3].

It should be noted that the clustering-based classification accuracy used in the fitness
function is calculated with reference to the known class labels. Therefore, the proposed
MGA + FCM method is not a fully unsupervised clustering method, but a supervised
feature-weighting scheme built upon FCM. The class labels are used to evaluate the fitness
of candidate feature-weight solutions and guide the optimization process.

3.8. Algorithm Steps

Step 1: Tent chaotic map initializes the matrix structure population P(t), where ¢
is 0, P(t) is composed of N row populations Py, P;, - - - , Py_1, and the size of each row
population is N. a;; is used to represent the element in row i and column j of matrix
structure population.

Step 2: For each row population P;, the optimal population is found according to the
fitness function to exchange with a;;, and the worst population is found next to a;; according
to the rules.

Step 3: For the population in the main diagonal position {a;;|[i = 1,--- ,N — 1}, two ad-
jacent populations are crossed to generate a new population on both sides of the diagonal.

Step 4: For each population, copy the population 4;; to temporary individual Temp.
Individual Temp carries out adaptive tentative mutation. If the fitness value after mutation
was better than that of population a;;, Temp is assigned to population a;;.
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Step 5: Check whether t meets the number of iterations; otherwise t = t + 1, and jump
to Step 2.

Step 6: Under the nested cross-validation scheme, the optimal population is selected
from the main diagonal population set {a;;|i = 1,--- ,N — 1} only within the training fold,
and the binary weights are transformed into the corresponding decimal feature-weight vec-

tor W = (wy,wy, - - - ,wr). According to the threshold method, the effective feature weights

W
train

during the optimization process. After the optimal feature-weight vector W* is obtained

are selected, and the training data set is weighted as X = (wyx1, wyxo, - -+ ,WLXL)
from the training fold, it is fixed and applied to the corresponding test fold to obtain
X, = (w1x1, waxy, - - - ,wpxp)}. Finally, the FCM algorithm is used on the weighted test
data, and the accuracy of the test fold is calculated. The average accurate value over all
folds is calculated as the final classification result of the fuzzy controller.

4. Model Analysis and Results
4.1. Experimental Dataset Characteristics

All experiments were conducted on a computer equipped with an Intel Core i5-7300 HQ
processor, 8 GB of RAM, and an NVIDIA GeForce GTX 1050 Ti graphics processing unit.
The operating system was Windows 10, and the proposed algorithm was implemented
in Python 3.11. Unless otherwise specified, all algorithms were executed under identical
hardware and software configurations to ensure a fair comparison.

To further evaluate the applicability of the proposed method, three datasets were used
in the experiments, including the Pistachio dataset, the Wisconsin Diagnostic Breast Cancer
(WDBC) dataset, and the Wine dataset [35-37]. The Pistachio dataset contains 1718 samples
and 16 features, including 998 Kirmizi samples and 720 Siit samples. The WDBC dataset
contains 569 samples and 30 features, and the Wine dataset contains 178 samples and
13 features. These datasets include both binary and multi-class classification tasks, which
can provide a broader evaluation of the proposed method. The 200 samples mentioned
in Section 2 were used only for constructing the fuzzy dynamic clustering graph of the
Pistachio dataset, whereas the algorithm comparison and cross-validation experiments in
this section were performed on the complete datasets.

To avoid potential data leakage during feature-weight optimization, a nested cross-
validation scheme was adopted in the experimental evaluation. Specifically, a stratified
5-fold cross-validation procedure was used to preserve the class distribution of each dataset
in each fold. In each fold, approximately 80% of the samples were used as the training set,
and the remaining 20% were used as the test set. For example, for the Pistachio dataset
with 1718 samples, each training fold contained approximately 1374 samples, while each
test fold contained approximately 344 samples.

For each fold, the feature-weight optimization process was performed only on the
training set. During this process, the candidate feature-weight solutions were evaluated by
the fitness function using the training data, and the test set was not involved in population
initialization, fitness calculation, genetic evolution, or feature-weight selection. After the
optimal feature-weight vector was obtained from the training set, it was fixed and then
applied to the corresponding test set. The FCM algorithm was subsequently performed on
the weighted test data, and the classification accuracy was calculated on the test set.

To reduce the influence of randomness, the above 5-fold cross-validation procedure
was repeated independently three times. The same validation protocol was applied to all
compared algorithms to ensure a fair comparison.

https://doi.org/10.3390 /math14142609


https://doi.org/10.3390/math14142609

Mathematics 2026, 14, 2609

11 of 16

4.2. Experimental Results and Analysis

The effectiveness of the proposed MGA + FCM method was evaluated using the
nested cross-validation scheme described above. Each algorithm was independently run
3 times with the same population size, number of iterations, and validation protocol. The
average classification accuracy is reported in Table 5.

Table 5. Classification accuracy comparison on three datasets.

Dataset

Iterations Dimension Algorithm Accuracy (%)

Pistachio type detection

300 16 MGA + FCM 86.61 = 0.06
FA + FCM 86.44 + 0.02

WDBC

300 30 MGA + FCM 97.31 £ 0.33
FA + FCM 97.07 £ 0.08

Wine

300 13 MGA + FCM 98.13 £ 0.70
FA + FCM 98.31 + 0.46

As shown in Table 5, the fuzzy controller based on the enhanced genetic algorithm
is compared with the Firefly Algorithm [38] (FA) combined with FCM. On the Pistachio
dataset, the proposed MGA + FCM method achieves an average accuracy of 86.61 £ 0.06%,
which is slightly higher than that of FA + FCM with 86.44 £ 0.02%. On the WDBC dataset,
MGA + FCM also obtains a higher average accuracy of 97.31 £ 0.33%, compared with
97.07 £ 0.08% for FA + FCM. On the Wine dataset, FA + FCM achieves 98.31 4 0.46%,
while MGA + FCM obtains 98.13 £ 0.70%, showing comparable performance. Overall, the
proposed MGA + FCM method performs better on two of the three datasets and remains
competitive on the Wine dataset, indicating that the fuzzy controller based on the enhanced
genetic algorithm is effective in classification tasks.

The final calculated feature weights of the proposed MGA + FCM method on the
Pistachio dataset are shown in Table 6.

Table 6. Average feature weights of MGA + FCM on the Pistachio dataset.

kq

ko

ks ky ks ke ky ks

0.0000

0.1721

0.0032 0.9319 0.5093 0.8034 0.6511 0.0000

ko

k1o

k11 k1> ki3 k14 kis ke

0.2409

0.9628

0.5684 0.5381 0.2880 0.5324 0.2133 0.8434

According to Table 6, the weights of k; and kg equal zero, and k3 possesses an extremely
low weight of merely 0.0032. By comparison, k4, ke, k19, and ki are assigned relatively
large weights, with k7 also attaining a considerably high weight value of 0.6511. These
findings only partially align qualitatively with the fuzzy dynamic clustering analysis.
Such discrepancy is reasonable: the dynamic clustering diagram primarily characterizes
the similarity and clustering correlations between different features, while the optimized
feature weights quantify each feature’s individual contribution to the classification target.
Figure 5 illustrates the convergence speed of all compared algorithms.
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Figure 5. Convergence curves of MGA + FCM and FA + FCM on different datasets: (a) Pistachio;
(b) WDBC; (c) Wine.
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4.3. Ablation Study

To further evaluate the contribution of each component in the proposed enhanced genetic
algorithm, an ablation study was conducted on the Pistachio dataset. The full MGA + FCM
method was used as the baseline, and five ablated variants were constructed by removing
one component at a time. Specifically, in the variant without the matrix structure, the matrix-
structured population was flattened into a standard one-dimensional population. In the
variant without the row search operator, the matrix structure was retained, but the row search
operation was removed. In the variant without elite crossover, the crossover operation was
removed. In the variant without adaptive mutation, a fixed mutation probability of 1% was
used instead of the adaptive mutation strategy. In the variant without chaotic initialization,
random initialization was used instead of Tent chaotic initialization.

All ablation variants were evaluated under the same experimental settings. The exper-
iments were conducted with 150 iterations and repeated independently three times. The
average accuracy and standard deviation are reported in Table 7.

Table 7. Ablation study results of the proposed MGA + FCM method.

Variant Removed Component Accuracy (%) Pelgi()Cl;T;I';ce Inﬁggitiar?gce
MGA + FCM — 86.42 £0.10 — Baseline
w /o Row Search Row search operator 85.63 £+ 0.39 —0.79% 1
w/o Elite Crossover Elite crossover operator 85.88 £+ 0.36 —0.54% 2
w /o Chaotic Init Tent chaotic initialization 86.19 £ 0.15 —0.23% 3
w /o Matrix Matrix-structured population 86.20 4= 0.32 —0.22% 4
w /o Adaptive Mutation Adaptive mutation strategy 86.25 & 0.09 —0.17% 5

As shown in Table 7, removing any individual component leads to a decrease in
classification accuracy, indicating that all five components contribute to the performance
of the proposed MGA + FCM method. Among them, removing the row search operator
causes the largest decrease in accuracy, from 86.42% to 85.63%, with a performance drop
of 0.79%. This suggests that the row search operator plays an important role in improving
the population structure and preserving high-quality individuals during the evolutionary
process. The removal of elite crossover results in the second-largest decrease, indicating that
the crossover operation among elite individuals helps generate better candidate feature-
weight solutions.

The effects of removing Tent chaotic initialization, the matrix structure, and the adaptive
mutation strategy are relatively smaller, with performance decreases of 0.23%, 0.22%, and
0.17%, respectively. Although their individual effects are less pronounced than those of the
row search operator and elite crossover, the accuracy still decreases after each component is
removed. This shows that these components contribute to improving population diversity,
maintaining structural organization, and adjusting the mutation process. Overall, the ablation
results demonstrate that the proposed MGA + FCM method benefits from the combined effect
of the five algorithmic components, rather than relying on a single modification.

5. Conclusions

This paper proposes a novel fuzzy controller based on an enhanced genetic algorithm
(MGA + FCM) to address the critical issue of insufficient classification accuracy in tradi-
tional fuzzy C-means (FCM) clustering for multidimensional data. The proposed approach
makes three key contributions that collectively improve clustering performance.
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First, the enhanced genetic algorithm introduces several structural improvements. The
Tent chaotic map is employed for population initialization, which ensures better diversity
and uniform distribution of initial solutions in the search space, thereby avoiding premature
convergence that often plagues traditional genetic algorithms. The matrix-structured
population representation, combined with the best individual retention strategy and last
elimination selection operator, effectively optimizes the population structure throughout
the evolutionary process. Furthermore, the elitist crossover operator and adaptive tentative
mutation operator work synergistically to maintain population diversity while accelerating
convergence. The introduction of a nonlinear convergence factor, perturbed by beta-
distributed random numbers, provides a dynamic balance between global exploration in
early iterations and local exploitation in later stages, significantly mitigating the risk of
falling into local optima.

Second, the fitness function design represents a methodological innovation by integrat-
ing intermediate parameters from the FCM algorithm—specifically classification accuracy,
inter-cluster distance, and intra-cluster radius—into the genetic algorithm’s optimization
framework. This integration enables the controller to screen optimal feature subsets while
simultaneously performing fuzzy clustering, creating a feedback mechanism that enhances
overall classification performance.

Third, experimental validation on the Pistachio, WDBC, and Wine datasets demon-
strates that the proposed MGA + FCM method achieves competitive classification per-
formance. Compared with FA + FCM, MGA + FCM obtains higher average accuracy on
the Pistachio and WDBC datasets, and achieves comparable performance on the Wine
dataset. These results indicate that the enhanced genetic algorithm can effectively search
for feature-weight solutions under different data characteristics. The optimized feature
weights reveal that ki and kg are effectively eliminated (zero weights), while k3 receives
a negligible weight of 0.0032. On the other hand, kq4, k¢, k19, and ki emerge as the most
influential features, with k7 also demonstrating substantial importance at 0.6511. Such
weight distributions exhibit merely partial qualitative agreement with the fuzzy dynamic
clustering analysis, which is expected since the clustering graph captures feature similarity
and redundancy patterns, whereas the learned weights reflect discriminative power for the
classification task.

In summary, the fuzzy controller based on the enhanced genetic algorithm not only
improves classification accuracy through optimized feature weighting but also provides
a robust framework for handling multidimensional data clustering. The combination of
chaotic population initialization, nonlinear adaptive mechanisms, and FCM-integrated fit-
ness evaluation offers a promising direction for intelligent data classification in information-
driven applications. Future work may extend this approach to larger-scale datasets and
explore its applicability to other clustering domains beyond binary classification problems.
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The following abbreviations are used in this manuscript:

FCM Fuzzy C-means clustering
GA Genetic Algorithm

MGA Enhanced Genetic Algorithm
FA Firefly Algorithm

MGA + FCM  Enhanced Genetic Algorithm combined with Fuzzy C-means clustering
GA + FCM Genetic Algorithm combined with Fuzzy C-means clustering
FA + FCM Firefly Algorithm combined with Fuzzy C-means clustering
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