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Abstract

To address the problem that K-means algorithm clustering results are highly
susceptible to initial cluster centers and prone to falling into local optimal solu-
tions, a K-means clustering algorithm based on improved gravitational search
is proposed. Firstly, an adaptive concept is introduced to control the decay
factor of the gravitational coeflicient, thereby enhancing the algorithm’ s global
exploration and local exploitation capabilities. Secondly, an immune clone se-
lection mechanism is incorporated to enable the algorithm to effectively escape
local optima, and the effectiveness and superiority of the improved gravitational
search algorithm are verified through experiments on twelve benchmark test
functions. Finally, by combining the improved gravitational search algorithm
with K-means, a novel clustering algorithm named A2F-GSA-Kmeans is pro-
posed, and experiments on six test datasets demonstrate that the algorithm
achieves satisfactory clustering quality.

Full Text

Preamble

Novel K-means clustering algorithm based on improved gravitational
search algorithm

Wei Kangyuana,b, He Qinga,bf, Xu Qinshuaia,b

aCollege of Big Data & Information Engineering, bGuizhou Provincial Key Lab-
oratory of Public Big Data, Guizhou University, Guiyang 550025, China

Abstract: In order to solve the problem that the clustering result of K-means
algorithm gets affected by the initial cluster centers easily, this paper proposed
a novel K-means clustering algorithm based on improved gravitational search
algorithm. Firstly, it enhanced the global exploration and local exploitation
capability of the algorithm with the introduction of adaptive concept to control
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the attenuation factor of gravitational constant. Then, by introducing immune
clonal selection algorithm to make the algorithm jump out of the local optimum
efficiently. The experimental results on twelve test functions prove the effective-
ness and superiority of the improved GSA. Finally, by combining the improved
GSA with K-means algorithm, this paper proposed a new clustering algorithm
called A2F-GSA-Kmeans. The experimental results on six test datasets show
that the algorithm has better clustering quality.

Key words: K-means clustering algorithm; gravitational search algorithm; at-
tenuation factor of gravitational constant; immune clonal selection algorithm

0 Introduction

Clustering is an important method for data analysis that divides multiple ab-
stract objects into multiple classes composed of similar objects according to
corresponding criteria. It has been widely applied in many fields. Among clus-
tering algorithms, K-means has the advantages of simplicity and efficiency when
processing large amounts of data and has been widely used. However, its clus-
tering results are extremely susceptible to the influence of initial cluster centers,
leading to BRANBBRMMREEIR! REFISIAR. , and it requires users to specify the
number of clusters. Different cluster numbers will yield different clustering re-
sults, directly affecting algorithm efficiency. Therefore, it is crucial that the
algorithm itself can obtain the optimal number of clusters.

Swarm intelligence algorithms have been increasingly applied to clustering prob-
lems to compensate for the deficiencies of traditional clustering algorithms due
to their powerful global search capabilities. For example, Yang Juqing et al. £
IR! K F51HE. optimized the position and velocity update methods of the Bat
Algorithm (BA) while introducing nonlinear inertia weight and limit threshold
concepts to improve convergence performance. They combined the improved
algorithm with K-means to propose a K-means algorithm based on improved
BA, achieving good clustering results. Yu Zuojun et al. $i%! K23 HR. im-
proved the search patterns of employed bees and onlooker bees in the Artificial
Bee Colony algorithm by introducing arithmetic crossover operations, and com-
bined it with K-means to propose a clustering algorithm that automatically
finds the optimal number of clusters.

The Gravitational Search Algorithm (GSA) 2! K#kFI5|AiF. is a novel swarm
intelligence optimization algorithm proposed by Professor Esmat Rashedi et
al. in 2009. The algorithm searches for global optimal solutions by simulat-
ing universal gravitation in physics. Research has shown that when optimizing
benchmark test functions, the classical GSA algorithm’ s optimization accuracy
and convergence speed are significantly superior to Particle Swarm Optimiza-
tion (PSO) and Genetic Algorithm (GA) $#ig! K#%FI5/8%%. . However, similar
to other metaheuristic algorithms, the classical GSA algorithm also suffers from
premature convergence and easy FANFHBIREZFKK. Based on this, scholars have
implemented many effective improved GSA algorithms in recent years. For in-
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stance, Liu et al. 518! &#%FI5|AiE. utilized chaotic mapping to optimize particle
position initialization in GSA and introduced an adaptive decreasing inertia
weight coefficient into the position update formula, proposing the AC-GSA al-
gorithm, which achieved good results in both classical benchmark function tests
and optimizing least squares support vector machine hyperparameters. Sun et
al. #iR! K B51AF. improved GSA’ s Kbest and velocity update methods based
on particle heterogeneity, using individual and global optimal values to propose
the LIGSA algorithm. This allowed particles to learn from K nearest neighbors
to fully explore the search space and effectively prevent premature convergence,
while global optimal value guidance accelerated convergence. Mirjalili et al. &
iR! RK#B51ME. improved the gravitational coefficient G using chaotic mapping
based on its importance for balancing global exploration and local exploita-
tion capabilities, verifying its effectiveness in jumping out of local optima to
achieve higher optimization precision. However, although existing research has
improved the optimization effect of classical GSA, mostly focusing on combin-
ing PSO to improve GSA’ s velocity and position update methods #ig! Kk 25!
BiR. 8~ #i8! KKEFSIME. , effective balancing of exploration and exploitation
capabilities and solving premature convergence problems still require in-depth
research.

In summary, this paper addresses the problems of GSA easily BNEZHM and
premature convergence. Firstly, the gravitational coefficient in GSA is improved
to enhance global exploration and local exploitation capabilities while maintain-
ing high precision and convergence speed. Then, an immune clonal selection
mechanism is introduced to improve premature convergence. Finally, the im-
proved GSA algorithm is applied to K-means clustering to optimize cluster
centers and obtain the best number of clusters by adjusting K values using
clustering evaluation functions.

1.1 K-means Algorithm

K-means is a partition-based clustering algorithm that first randomly selects
K data points from the sample space as cluster centers, then calculates the
Euclidean distance between other data points and these centers to partition the
data. The algorithm flow is shown in Figure 1 [Figure 1: see original paper].

For Euclidean distance data, this paper uses Mean Square Error (MSE) as the
clustering objective function, where smaller MSE values indicate better cluster-
ing effects. It is defined as:

1 k
MsE= L3 s
=1 yeC;

where z; represents cluster centers.

This paper uses the silhouette coefficient $§iR! %25k, to evaluate clustering
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quality under different numbers of clusters to find the optimal cluster number.
The silhouette coefficient for each cluster is expressed as:

b(i) — a(7)
max{a(i), b(i)}
where: a(i) represents the average distance between sample ¢ and other sam-

ples in the same cluster; b(¢) represents the minimum average distance between
sample ¢ and all samples in other clusters.

s(i) =

For the entire dataset, the average silhouette index evaluates clustering effec-
tiveness as follows:

N

‘ 1 ‘
sil = N Z s(7)

i=1

where N represents the sample size of the dataset. Moreover, —1 < sil < 1. If
sil is close to 1, the clustering quality is good.

1.2 Classical GSA Algorithm

The Gravitational Search Algorithm (GSA) treats all particles in space as mass
objects moving without resistance according to Newton’ s second law, where
objects with larger mass occupy better positions. Through mutual gravitational
forces between objects, the optimal solution is found. The classical GSA algo-
rithm flow is shown in Figure 2 [Figure 2: see original paper].

The classical GSA algorithm is described as follows: Assume a population com-
posed of N particles X; = (z},22,-,2P),i = 1,2,-+,N in a D-dimensional
search space, where ac‘i’l represents the position of particle ¢ in dimension d. Dur-
ing the ¢-th iteration, the inertial mass M, (t) of particle ¢ is updated based on

its fitness value:

m;(t)

M(t) = ————
S myt)

fi(t)—worst(t) - . .
ma(t) = stoist(t) if best(t) # worst(t)
! 1 otherwise

where f;(t) represents the fitness value of particle ¢ at iteration ¢. For minimiza-
tion problems, the best and worst fitness values are defined as:

best(t) = je{lnéig ) 15(t)
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worst () o f;(t)

Conversely, they can be used for maximization problems.

When performing the ¢-th iteration, the mutual force between particle ¢ and
particle j in dimension k is defined as:

M;(t) x M;(t)

FE(t) = G(t) x B (0) + <

where: M;(t) represents the inertial mass of acting particle i; M,(t) represents
the inertial mass of acted particle j; ¢ is a constant; G(t) represents the gravi-
tational constant at iteration ¢; R,;(t) represents the distance between particles
i and j (generally Euclidean distance), calculated as:

Rij(t) = ”Xi(t)vXj(t)HQ

In GSA, the gravitational constant G(t) is defined as:

G(t) = Gy x e~

where: G represents the universal gravitational constant at the initial moment;
a represents the attenuation factor of the gravitational constant, generally a
constant; T represents the maximum number of iterations.

In GSA, let the total force acting on particle ¢ in dimension k at iteration ¢ be:

Fit)y= > rand; x Fi(t)
jeKbest,j#i

where rand; is a random number in [0, 1]; Fg(t) is defined as in equation (6);
Kbest is the set of particles that exert gravitational force on others, initially
containing N particles and gradually decreasing to 1, defined as:

t
Kbest = final _per + (100 — final_per) x (1 — T)

where final__per represents the percentage of particles that exert force on others.

According to Newton’ s second law, the acceleration of particle 7 in dimension
k at iteration t is defined as:

chinarxiv.org/items/chinaxiv-201808.00077 Machine Translation


https://chinarxiv.org/items/chinaxiv-201808.00077

ChinaRxiv [$X]

In each iteration of GSA, particles update their velocity v¥ and position =¥ as

follows:

vF(t +1) = rand; x vk (t) + ak(¢)

skt +1)=aF@t) + ¥t +1)

where rand, is a random number in [0, 1].

2 Improved Gravitational Search Algorithm

To address the problems of classical GSA easily M ANBZHEMM and premature
convergence, this paper proposes an improved gravitational search algorithm
based on adaptive attenuation factor of gravitational coefficient and immune
clonal selection mechanism, called A2F-GSA (adaptive attenuation factor based
gravitational search algorithm).

2.1 Adaptive Nonlinear Attenuation of Gravitational Coefficient

In GSA, the gravitational constant G is crucial for finding optimal solutions,
as shown in equation (7), where the main parameters are G, and «, typically
constant values. Research shows that when parameter G, is set to 100, the
algorithm achieves optimal performance $i%! K ZI5|BF. . For parameter
«, adjusting its value reveals that: in the early iterations, a smaller « value
ensures larger step sizes for particles, improving global exploration capability;
in the middle and later iterations, a larger o value accelerates convergence and
enhances local exploitation capability I8! &#&2I5HR. .

By studying the characteristics of exponential functions and considering the
impact of parameter o on algorithm performance, this paper proposes an atten-
uation factor that adaptively varies based on iteration number, defined as:

at) =y x e™*T

where: t represents the current iteration number; 7' represents the maximum
iteration number; v and 7 are function parameters. By selecting appropriate
parameters to control the variation range of the « function, we set v = 100 and
n = 0.1. The adaptive « generates larger gravitational coefficient G in early
iterations to more effectively enhance global exploration capability, and smaller
G in later iterations to effectively improve local exploitation capability.

2.2 Introduction of Immune Clonal Selection Mechanism

Analysis of classical GSA shows that as the algorithm iterates, particles gradu-
ally gather around those with better fitness values, causing particle distribution
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to shrink and diversity to decrease, making the algorithm prone to & NREZB
&fft. Inspired by the DQABCI algorithm proposed in f#iR! K25 HE. that
combines artificial bee colony and Clonal Selection Algorithm (CSA), and the
MAPCPSOI algorithm in 12! *#k%I51AiF. based on PSO and CSA, this paper
introduces an immune clonal selection mechanism into classical GSA. By com-
bining GSA’ s optimization capability with CSA’ s characteristics of selection,
replication, mutation, and reselection, the algorithm gains the ability to jump
out of local optima and improves premature convergence.

The Clonal Selection Algorithm (CSA) $#8i%! k25| Hik., proposed by De Castro
et al. in 2000, is an optimization algorithm based on the micro-evolutionary
process within artificial immune systems. It achieves a balance between global
exploration and local exploitation by constructing memory units %! &% zI5/H
B, , evolving from a single optimal individual to a population optimal solution
set, expanding the search area while demonstrating immune system diversity
iR KBS AR, .

CSA mainly includes three stages: clonal replication, clonal mutation, and clonal
selection. The clonal replication stage expands population size and search space;
the clonal mutation stage increases population diversity to construct a new pop-
ulation; the clonal selection stage selects antibodies with high fitness (affinity)
from the new population for the next generation, compressing the population
while moving it toward better solutions.

The specific steps of the immune clonal selection mechanism introduced in this
paper are as follows:

(1) Particle Affinity Calculation

In the improved GSA algorithm, particles are treated as antibodies. Therefore,
the fitness function of particles is defined as the affinity function:

- S0

N
Zi:l fz (t)

where f;(t) represents the fitness value of particle ¢ at iteration ¢.

(2) Clonal Replication

Select the particle with the highest affinity value in the current population for
position information cloning replication. The number of copies is M, where we
select M = 10.

(3) Clonal Mutation

Perform position mutation on the newly generated particles from clonal replica-
tion. This paper introduces mutation operators based on Gaussian and Cauchy
distributions, whose probability density functions are described as:
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Analysis shows that in the early iterations, the algorithm should maintain
larger mutation step sizes to expand the global search range; in later itera-
tions, as the population gradually converges to the global optimum, mutation
step sizes should gradually decrease to facilitate algorithm convergence. The
Cauchy distribution-based mutation operator has a larger mutation scale com-
pared to Gaussian mutation, making it suitable for early evolution; the Gaussian
distribution-based mutation operator is suitable for subsequent iterations, en-
abling faster convergence. Therefore, inspired by $&i®! &#&ZZI51BE.* s hybrid
mutation approach for GSA, this paper proposes an improved mutation strategy
that adaptively adjusts with iteration number:

N(z) =

4 t
¥ =x+AX [(I—T) xC(O,l)—&—TxN(O,l)

where: x represents the position information of the cloned particle; x’ rep-
resents the new position after mutation; A is a regulation coefficient, set to
A = 0.1 in this paper; t represents the current iteration number; T represents
the maximum iteration number; N(0,1) and C(0, 1) represent random numbers
following Gaussian and Cauchy distributions, respectively.

(4) Clonal Selection

The mutated particles and original particles form a new population denoted as
P’. For the new population P’, calculate the affinity values based on parti-
cle position information, select the best individuals to enter the next iteration,
achieving population compression while ensuring solution quality.

3 K-means Algorithm Based on Improved GSA

To address the problem of K-means algorithm being susceptible to initial cluster
centers and FENB &M, this paper uses the improved gravitational search
algorithm to optimize cluster centers and obtains different clustering results
by adjusting the number of clusters, proposing a K-means algorithm based on
improved GSA called A2F-GSA-Kmeans.

The gravitational search algorithm performs optimization randomly without
being affected by the initial solution. Therefore, this paper first proposes two
improvement strategies to overcome GSA’s tendency to BNBZH&MA and prema-
ture convergence. Then, the improved GSA with strong global search capability
is combined with K-means to optimize cluster centers, proposing the new clus-
tering algorithm A2F-GSA-Kmeans. Finally, clustering evaluation functions
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are used to evaluate different clustering results to obtain the best number of
clusters.

The specific steps of the algorithm are as follows:

2)

k)

Initialize parameters including population size N, maximum iteration
number 7', randomly initialize particle positions X,, gravitational con-
stant G, gravitational coeflicient attenuation factor a parameters, and
optimal particle replication number M.

Set the initial number of clusters k = 2, with k ranging in [2, k. ], where
kmax < \/ﬁ

Perform clustering on the dataset with the current specified number of
clusters, complete individual position initialization, calculate fitness val-
ues, select the current optimal solution Gbest, and compute the corre-
sponding clustering validity index.

Update particle inertial masses M, (t) according to equations (2) and (3).

Update the gravitational constant G(t) according to equations (7) and
(14).
k

Calculate acceleration af(t) according to equation (11).

Update particle velocities and positions according to equations (12) and
(13).

Clone replicate M current optimal particles, perform mutation operations
according to equation (21), and select the best individual from the mutated
new population to enter the next iteration.

Check if the maximum iteration number is reached. If yes, proceed to step
j); otherwise, return to step c).

Increment k = k+1. If & > k..., proceed to step k); otherwise, return to
step ¢).

Find the optimal number of clusters by comparing the sil index values.

4 Experimental Results and Analysis

This paper uses MATLAB R2015b development environment for simulation ex-
periments running on a Windows 7 operating system computer to verify the
effectiveness of the improved algorithm.

4.1 Performance Analysis of Improved GSA Algorithm

To verify the performance of the proposed A2F-GSA algorithm, relevant algo-
rithm parameters are set as shown in Table 1 . Twelve benchmark test functions
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(shown in Table 2 ) are introduced for simulation experiments, including: con-
tinuous unimodal functions (F1~F4), multimodal high-dimensional functions
(F5~F8), and multimodal low-dimensional functions (F9~F12).

Table 1 Algorithm Parameter Settings

Parameter GSA GG-GSA A2F-GSA
Population size 50 50 50
Maximum iterations 1000 1000 1000
Initial gravitational constant 100 100 100
Gravitational coefficient attenuation factor 20 20 Adaptive

Table 3 shows the mean, minimum, and standard deviation values obtained from
30 runs of GSA $#ig! K#K25IBEE, , GG-GSA #iR! R#%ZF51HR. , and A2F-GSA
algorithms on the benchmark test functions. Figure 3 [Figure 3: see original
paper] shows the convergence process comparison between GSA and A2F-GSA
algorithms when optimizing benchmark test functions at dimension 30. Figure 4
[Figure 4: see original paper] shows the convergence process comparison between
GSA and A2F-GSA algorithms when optimizing benchmark test functions under
mixed dimensions.

Table 2 Benchmark Test Functions

Function Name Search Range
F1 Schwefel 1.2 [-100,100]

F2 Schwefel 2.22 -10,10]

F3 Schywefel 2.21 -100,100]

F4 Step -100,100]

F5 Ackley [-32,32]

F6 Griewank [-600,600]

F7 Penalized [-50,50]

F8 Generalized Penalized [-50,50]

F9 Shekel Goldstein-Pri  [-65.536,65.536]
F10 Hartman [-2,2]

F11 Shekel’ s Family [0,1]

F12 [0,10]

Table 3 Comparison of A2F-GSA with Other Algorithms on Bench-
mark Functions
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GSA iR K258 GG-GSA s#ir! k##35]  A2F-

Function Metric & BilR. GSA
F1 Mean 2.244E-17 5.417E-23 7.032E-
32
Min 1.130E-17 2.896E-25 5.257E-
32
Std.Dev 6.862E-18 2.201E-22 3.017E-
32
F2 Mean 2.289E-08 1.260E-10 1.442E-
15
Min 1.802E-08 3.510E-12 1.282E-
15
Std.Dev 2.658E-09 2.337E-10 1.643E-
16
F12 Mean -3.863E+-00 -3.863E+00 -
3.863E+00
Min -3.863E+00 -3.863E+00 -
3.863E+00
Std.Dev 2.710E-15 2.710E-15 2.220E-
16

As shown in Table 3, for the 12 benchmark test functions, A2F-GSA demon-
strates significantly better convergence accuracy for functions F1-F3 compared
to other algorithms. For the step function F4, both classical GSA and its
improved variants can obtain the theoretical optimal solution, and Figures 3(a)-
(c) show that convergence speed is significantly improved compared to classical
GSA. This indicates that the proposed adaptive gravitational coefficient atten-
uation method can effectively balance global exploration and local exploitation
capabilities, thereby improving solution effectiveness and efficiency.

For multimodal functions with multiple local extrema, Table 3 and Figures 3(d)-
(f) show that under 30-dimensional test conditions, A2F-GSA’ s optimization
accuracy and speed for functions F5-F8 are significantly superior to other algo-
rithms, demonstrating that introducing the immune clonal selection mechanism
enables the algorithm to effectively jump out of local optima and improve pre-
mature convergence. Under mixed dimensions, functions F9-F12 have fewer
local extrema compared to high-dimensional multimodal functions. Table 3 and
Figures 4(a)-(b) show that A2F-GSA achieves theoretical optimal solutions for
functions F11, F12, and F13 with lower standard deviations than other algo-
rithms, although its optimization performance on function F9 is slightly inferior
to GG-GSA, it still shows significant improvement over classical GSA.

In summary, for the 12 benchmark test functions selected, the proposed A2F-
GSA algorithm achieves optimal solution accuracy, convergence speed, and ro-
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bustness.

4.2 Performance Analysis of Improved Clustering Algorithm

To verify the effectiveness of the proposed K-means algorithm based on improved
GSA in finding the optimal number of clusters, this paper conducts experiments
on six datasets from the public UCI #iR! Kk 2I51BE. repository: Normal07,
Cancer, Iris, Wine, Glass, and Abalone. The feature distributions of these
datasets are shown in Table 4 .

Table 4 Dataset Feature Description

Dataset Samples Features Classes
NormalO07 300 2 3
Cancer 699 9 2
Tris 150 4 3
Wine 178 13 3
Glass 214 9 6
Abalone 4177 8 3

Algorithm parameters use the basic settings of A2F-GSA algorithm, with the
search range for number of clusters k € [2, k... In experiments, the proposed
A2F-GSA-Kmeans algorithm and classical GSA algorithm are each run 20 times
on the selected test datasets. The number of times correct clustering results are

obtained in the 20 runs is recorded, and clustering accuracy is calculated as:

Number of correct clustering results

Clustering Accuracy (%) = x 100%

Total experimental runs

The results are compared with the K-means algorithm based on improved arti-
ficial bee colony algorithm in ##i®! &#%FI5|AiR. , as shown in Table 5 .

Table 5 Algorithm Accuracy Comparison

A2F-GSA-

Dataset K-means  Improved-Kmeans $#i8! £#2I5|HE. Kmeans
Normal07 100% 100% 100%
Cancer 85% 90% 95%

Iris 88% 92% 93%

Wine 82% 85% 87%

Glass 65% 72% 78%
Abalone  45% 48% 50%
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Table 5 shows that for low-dimensional and clearly separated Normal07 data,
all runs achieve correct clustering. For less clearly separated Iris and Wine
data, A2F-GSA-Kmeans achieves slightly better accuracy than classical GSA
clustering. For complex datasets like Glass and high-dimensional Cancer, A2F-
GSA-Kmeans demonstrates significantly better clustering accuracy than other
algorithms, verifying the effectiveness of the proposed improvements. However,
for the noisy Abalone dataset, none achieve satisfactory clustering accuracy,
requiring further research.

5 Conclusion

This paper first proposes an adaptive gravitational coefficient attenuation factor
function to replace constant values, enabling the gravitational coefficient G to
change nonlinearly from large to small, effectively improving global exploration
and local exploitation capabilities. Simultaneously, introducing the immune
clonal selection mechanism into GSA enables the algorithm to effectively jump
out of local optima and improve premature convergence. Simulation results
on 12 benchmark test functions verify that the proposed A2F-GSA algorithm
achieves better optimization performance than other algorithms. Then, com-
bining A2F-GSA with K-means, a new A2F-GSA-Kmeans clustering algorithm
is proposed. Experiments on six UCI test datasets demonstrate that the pro-
posed A2F-GSA-Kmeans algorithm achieves significantly improved clustering
quality compared to K-means algorithms based on classical GSA and improved
bee colony algorithms.
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