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Abstract :[Objective]Clustering is a popular data analysis and data mining technique. The & -
means clustering algorithm is one of the most commonly used methods. However the £ - means
clustering algorithm is highly dependent on the initial solution and it is easy to fall into local
optimal solutions. [Methods)For overcoming these disadvantages of the £ - means method, this
paper proposed Multi-verse Optimization Algorithm for the cluster analysis and experiment on
synthetic and real life data sets. The numerical simulation experiments and comparisons were
carried out based on a set of test data. The MVO algorithm was compared with Artificial Bee
Colony (ABC) algorithm,Cuckoo Search (CS),Particle Swarm Optimization (PSO). [Results]
From the experimental result,we could discover that MV O performed the best in most data set
cases. We could easily find that the convergence speed of MVO was faster than other algo-
rithms mentioned in this paper in most cases. Another fact could be found that the stability of
MVO could reach a relatively high level as well. [Conclusion]Both numerical experiment results
and the graphical experiment results show that Multi-verse Optimization Algorithm is more
competitive than other algorithms for solving the clustering problem.
Key words:data mining, £ - means,clustering problems, multi-verse optimization algorithm
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0 Introduction

Data clustering is the process of grouping to-

gether similar multi-dimensional data vectors into a



number of clusters. Clustering algorithms have been
applied to a wide range of problems, including ex-
ploratory data analysis, data mining'", image seg-
mentation and mathematical programming™®. Re-
search in exact algorithms,heuristics and meta-heu-
ristics for solving combinatorial optimization prob-
lems is increasingly relevant as data science grapples
with larger and more complex data sets™.

Clustering algorithms can be grouped into two
main classes of algorithms,namely hierarchical and
partitioned. In hierarchical clustering,the number of
clusters need not be specified a prior but by parti-
tioned methods it should be determined. As a re-
sult, hierarchical methods cannot always separate o-
verlapping clusters. Additionally, hierarchical cluste-
ring is static and points committed to a given cluster
in the early stages cannot be moved between clus-
terst. While the partitioned clustering divide in two
categories: Crisp clustering where each data point
belongs to just one cluster and fuzzy clustering
where every data point belongs to every cluster to
some degree™ . This paper adopts the first meth-
od:Crisp clustering.

Several optimization techniques have been pro-
posed to increase the performance of clustering al-
gorithms. Nikam et al have proposed an efficient hy-
brid evolutionary algorithm based on combining
ACO and SA for clustering problem. In 1991, Zama-
ni et al'”! have presented Ant Colony Optimization
(ACO) algorithm based on the behavior of ants see-
king a path between their colony and a source of
food. Then Shelokar et al® solved the clustering
problem using the ACO algorithm. Kennedy and
Eberhart™ have proposed Particle Swarm Optimiza-
tion (PSO) algorithm which simulates the move-
ment of organisms in bird flock or fish school in
1999.

Multi-verse Optimization (MVO) is one of the
meta-heuristic methods proposed by Mirjalili'* in
2016. The main inspirations of that algorithm are
based on three concepts in cosmology. They are
white hole, black hole, and wormhole. The mathe-
matical models of these three concepts are developed
to perform exploration, exploitation and local
search. Exploitation and exploration are two major
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issues when designing a meta-heuristic. The MVO
algorithm has many advantages such as a simple
structure,immediately accessible for practical appli-
cation,ease of implementation and speed to acquire
solution. So it has captured much attention and has
been successfully applied to a wide range of practical
optimization problems including real engineering
problems. This paper presents a new optimization
approach to data clustering based on the MVO and
analysis of consumption structure of Chinese urban
residents based on Dynamic Clustering Method

rate.
1 Related work

Recently, bioinspired stochastic search meth-
ods, especially the algorithms based on population
behavior and self-organization of social insects and
animals, known as Swarm Intelligence algorithms,
have been considered as an emerging alternative to
traditional clustering methods, because are very
suitable to deal with global optimization problems.
These algorithms are effective,robust and adaptive,
producing almost optimal solutions through mecha-
nisms of evolution. Numerous studies have been
performed concerning clustering using SI. Most of
them employ Particle Swarm Optimization (PSO),
the simplest SI algorithm, which is the SI paradigm
that has received widespread attention in research.
Nowadays, many scientists work on data categori-
zing in the clusters with different manners such as
meta-heuristic algorithms that they are mostly used
for solving optimization problems™”. MVO algo-
rithm for clustering is to evolve a set of possible
clusters centroids (candidate solutions) for determi-
ning an almost optimal partitioning of a dataset. An
important advantage of MVO algorithm applied to
data clustering task is their ability to handle local
minima by recombination and comparison of various
candidate solutions.

Multi-verse Optimization (MVO) Algorithm is
a novel meta - heuristic algorithm inspired by the
phenomenon of multi-verse. The algorithm mainly
contains transfer progress and position update pro-
gress. The algorithm has advantages such as simple
structure, less parameters, easy to understand, ex-
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cellent search ability. In recent years, Multi- verse
optimization (MVQO) algorithm has received more
and more attention of domestic and foreign schol-
ars, and has been successfully applied to various
fields. In view of the low accuracy of traditional
methods,efficiency is not high and easy to fall into
local optimum in solving clustering problems. This
paper adopts the MV O algorithm to solve clustering
problems. Simulation results validate that the MV O
algorithm is feasible and efficient to solve the clus-
tering problems.

In this paper,data clustering problem is solved
by population based algorithm (Multi-verse Optimi-
zation Algorithm). For explaining the evaluation
process explicitly, we suppose that given data set D
should be divided into K subsets. And the dimension
of individual of data set D is m. In order to optimize
the coordinates of centers of K subsets.,it is easy to
find that the dimension of solution should be K * m.
The individual in the population can be described as
s=(c1s¢s5*5c) . A great classification should min-
imize the sum of distances value. So we should try
to minimize the distance between individual d; and
the center (¢;) of subset it belongs to. Finally, the
proposed algorithm aims at minimizing the objective
function, which can be expressed as following:

FD.O = min (Il d, —e l k=1.2..K)

i=1

Where D=(d, ,d;,***,d,) is the given data set, C=
(ciscy 9 ycy) 1s the centers of subsets (G ,Gy,*,

Gu).
2 Multi-verse optimization algorithm

Multi-verse Optimization Algorithm (MVO) is
inspired by the theory of multi-verse in physics,
Three main concepts of the multi - verse theory
(white hole,black hole,and wormhole) (see Fig. 1)
are mathematically modeled to construct the MVO.,
We utilize the concepts of white hole and black hole
in order to explore search spaces'’” by MVO. In
contrast, the wormholes assist MVO in exploiting
the search spaces. We assume that each solution is
analogous to a universe and each variable in the so-
lution is an object in that universe. In addition, we
assign each solution an inflation rate, which is pro-
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portional to the corresponding fitness function value
of the solution. We also use the term time instead of
the iteration since it is a common term in multi-
verse theory and cosmology. The following rules are

applied to the universes of MVO;

Fig.1 White hole,black hole,and wormhole"*'*

(1) The higher inflation rate, the higher proba-
bility of having white hole.

(2) The higher inflation rate, the lower proba-
bility of having black holes.

(3) Universes with higher inflation rate tend to
send objects through white holes.

(4) Universes with lower inflation rate tend to
receive more objects through black holes.

(5) The objects in all universes may face ran-
dom movement towards the best universe via worm-
holes regardless of the inflation rate.

(6)In order to mathematically model the
white/black holes tunnels and exchange the objects
of universes, we utilized a roulette wheel mecha-
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nism.

At the each iteration, we sort the universe
based of their inflation rates and chose one of them
by the roulette wheel to have a white hole!®. The

following steps are done in order to do this. Assume

that
2
NSNS X
1 2
X X X
u — ’
1 2 d
IH ‘ril °cc ‘TH

where d is the number of variables and n is the num-
ber of universes.

X} r < NIU,;)

o =NIUD

xh =

where 2/ indicates the jth variable of the ith uni-
verse, U, shows the izh universe, NI (U,) is normal-
ized inflation rate of the ith universe, r;, is a random
number in (0,1), x} indicates the jth variable of kth
universe selected by a roulette wheel selection
mechanism. Procedure of the basic MVO is as fol-

lows:

SU = Sorted universes
NI = Normalize inflation rate (fitness) of the
universes
Jor each universe indexed by i
Black _hole _index =1;
for each object indexed by j;
ri=rand ([0,1]) ;
if ri << NIWU))
white_hole _index =
Roulete Wheel Selection(— NI);
U(Black _hole _index ,j) =
SU (White _hole index »j);
endi f
end for
endfor

To provide local changes for each universe and
have high probability of improving the inflation rate
using wormholes, assuming that wormhole tunnels
are always established between a universe and the
best universe formed so far. The mechanism is as
follows:

i

X —
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X, TDR * ((ub; — b)) *ri+1b;) 13 < 0.5
{X,. —TDR * ((ub; —1b;) *r,+1Wb;) rs =05
where X indicates the jth variable of the best uni-
verse formed so far; Travelling Distance Rate(TDR)
(in Fig. 2) is a coefficient; Wormhole Existence
Probability(WEP) is another coefficient; ; is the
lower bound of jth variable; ub; is the upper bound
of jth variable, , , r5, r, are random numbers cho-
sen from (0,1). Here is the random number from 0
and 1 of the two numbers. Wormhole Existence
Probability ( WEP) and Travelling Distance Rate
(TDR). The former coefficient is for defining the
probability of wormhole’s existence in universes. It
is required to increase linearly over the iterations in
order to emphasize exploitation as the progress of
optimization process. Travelling distance rate is also
a factor to define the distance rate (variation) that
an object can be teleported by a wormhole around
the best universe obtained so far. In contrast to
WEP,TDR is increased over the iterations to have
more precise exploitation/local search around the

best obtained universe.

L

min(minimum) =0. 2, max(maximum) =1, [ is the

. max — min
WEP=min + [ * (7) ,
current iteration, L shows the maximum iterations.
1
v
TDR=1— —,
L7
Where p defines the exploitation accuracy over the
iterations. In equals 6 is defined the exploitation ac-

curacy over the iterations. The higher p ,the sooner

and more accurate exploitation/local search.

1.0

08 - TDR

0.6

0.4 [

0.2 e

0.0

Fig.2 WEP versus TDR

Procedure of the basic MVO is as follows:

for each universe indexed by i
for each object indexed by j
ry =random ((0,1)) ;
Guangxi Sciences, Vol. 24 No. 3,June 2017



if ro < Wormhole_existance_probability
rs =random ((0,1)) ;
ri =random ((0,1)) ;
if rs < 0.5
U(i,j) = Best _universe (j) +
Travelling _distance_rate * ((ub(j) — b(5)) * r, +
b))
else
U(i,j) = Best _universe(j) —
Travelling _distance _rate ¥ ((ub(j) — b)) * r, +
G
endif
endi f
endfor
endfor

3 Simulation experiments

3.1 Experimental environment

All of the algorithms are implemented in
MATLAB R2012a. The algorithms are run on the
same machine with AMD A10 - 6700 CPU with
Radeon (tm) HD Graphics @ 3. 70 GHz,4. 00 GB
RAM and Windows 7 Operating System.
3.2 Comparison of each algorithm performance

The proposed Multi-verse optimization algo-
rithm compared with mainstream swarm intelli-
gence algorithms, CSHO1, PSOR2 | ABC224 | re-
spectively using the mean and standard deviation to
compare their optimal performance. The setting val-
ues of algorithm control parameters of the men-
tioned algorithms are given below.

CS setting: p, =0. 25 have been used as recom-
mended in,the population size is 50.

PSO setting: weight factor w=0.729 8,¢, =¢,=
1. 496 2,the population size is 50.

ABC setting:limit = 5D has been used as rec-
ommended in,the population size is 50.

MVO setting:min is the minimum (0. 2 in this
paper) ,max is the maximum (1 in this paper),l in-
dicates the current iteration and L shows the maxi-
mum iterations. p (In this paper equals 6) defines
the exploitation accuracy over the iterations. The
higher p, the sooner and more accurate exploita-
tion/local search. The population size is 50. And the
maximum generations of all algorithms are set
1 000.
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In this section, eight data sets are selected to
testify the effectiveness of the proposed algorithm,
including two artificial data sets and six real-life da-
ta sets (selected from the UCI machine learning re-
pository). There are artificial set one, artificial set
two, Iris, Contraceptive Method Choice (CMC),
Statlog (Heart), Balance Scale, Haber man’s Sur-
vival , Wine.

3.2.1

Artificial data set one ( N=250,d =3,K =5).

This is a three-featured problem with five classes,

Artificial data set one

where every feature of the classes is distributed ac-
cording to Class 1-Uniform (85,100),Class 2-Uni-
form (70,85),Class 3-Uniform (55,70),Class 4-U-
niform (40, 55), Class 5- Uniform (25, 40). The
clustering result of MVO for artl in Fig. 3. And the
convergence curves of algorithms are shown in Fig.
4. In Fig. 5,it is the result of anova test for artificial

data set one.
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In Fig. 3 every color represents one class. Class
colored green and class colored red are not mixed to-
gether. And others are the same. Four convergence
curves can be seen in Fig. 4, which is the comparison
for artificial data set one. We can discover that the
curve of MVO is much smoother than other algo-
rithms expect PSO. And its convergence speed is
faster. Fig. 5 is the anova test for data set artl. We
can find that the stability of MVO is well.
3.2.2 Artificial data set

Artificial data set two ( N=600,d =2,K =4).
This was a two-featured problem with four unique
classes. A total of 600 patterns were drawn from
four independent bivariate normal distributions,
where classes were distributed according to:

m; 0.5 0.05

Nz(”‘:(o j’ZHO.OS 0.5 ”)

where i =1,2,3,4,m; =—3,m, =0,m; =3,m =6. u

and 5 being mean vector and covariance matrix,re-

spectively™® . The clustering result of MVO for art2
in Fig. 6. And the convergence curves of algorithms
are shown in Fig. 7. In Fig. 8,it is the result of anova

test for artificial data set two.
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Four convergence curves for artificial data set
two are shown in Fig. 7. The curve of MVO is
smoother than ABC and CS can be discovered easi-
ly. Faster convergence speed of MVO can be found
as well as PSO. Fig. 8 shows that MVO has a high
degree of stability. And four convergence curves for
artificial data set two are shown in Fig. 7. The curve
of MVO is smoother than others can be discovered
easily. Faster convergence speed of MVO can be
found as well. Fig. 8 shows that MV O has a high de-
gree of stability.

3.2.3 Data set Iris
Iris data ( N=150,d =4,K =3) . This data set
with 150 random samples of flowers from the iris
species setosa, versicolor, and virginica collected by
Anderson. From each species there are 50 observa-
tions for sepal length,sepal width, petal length, and
petal width in cm. This data set was used by Fisher
in his initiation of the linear-discriminant-{unction
technique. The clustering result of MVO for Iris is
Guangxi Sciences, Vol. 24 No. 3,June 2017



in Fig. 9. And the convergence curves of algorithms
are shown in Fig. 10. In Fig. 11, it is the result of

anova test for Iris.
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Fig. 9 The clustering result of MVO for Iris
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Convergence curves of four algorithms for data
set Iris are shown in Fig. 10. The curves in Fig. 10
show that MVO has a faster convergence speed than
ABC and PSO. And the convergence curve of MVO
is smoother than CS. Higher level of stability of
MVO can be discovered in Fig. 11, which shows the
anova test result for Iris.

3.2.4 Data set Contraceptive Method Choice
(CMO)

Contraceptive Method Choice ( N =1 473,d =
10,K =3) :This data set is a subset of the 1987 Na-
tional Indonesia Contraceptive Prevalence Survey.
The samples are married women who were either
not pregnant or do not know if they were at the time
of interview. The problem is to predict the current
contraceptive method choice (no use, long - term
methods,or short-term methods) of a woman based
on her demographic and socioeconomic characteris-
tics. The clustering result of MVO for CMC is in
Fig. 12. And the convergence curves of algorithms
are shown in Fig. 13. In Fig. 14, it is the result of
anova test for CMC.

And four convergence curves for data set CMC
are shown in Fig. 13. The curve of PSO and CS is
smoother than MV Q. But faster convergence speed
of MVO can be found as well. Fig. 14 shows that the
stability of MVO and PSO are in high level. And the
stability of MV O is better than ABC and CS.
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Fig. 12 The clustering result of MVO for CMC
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3.2.5
Statlog (Heart) data set ( N=270,d =13,K =

Data set Statlog (Heart)

2): This data set is a heart disease database similar
to a database already present in the repository
(Heart Disease databases) but in a slightly different
form. The clustering result of MVO for heart is in
Fig. 15. And the convergence curves of algorithms
are shown in Fig. 16. In Fig. 17,1t is the result of
anova test for Heart.
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Fig. 17 The anova test of algorithms for Heart

Fig. 16 shows that CS is faster than those of
other algorithms for data set Heart. And MVO per-
forms the second best. ABC shows the weakness of
its ability to solving clustering problem for data set
Heart. High level of stability of MV O can be discov-
ered in Fig. 17, which shows the anova test result
for Heart.
3.2.6 Data set Balance Scale

Balance Scale data ( N=625,d =4,K=3):This
data set is generated to model psychological experi-
mental results. Each example is classified as having
the balance scale tip to the right,tip to the left,or be
balanced. The attributes are the left weight, the left
distance, the right weight, and the right distance.
The correct way to find the class is the greater of
(left — distance * left — weight) and (right —
distance * right — weight) . If they are equal, it is
balanced. The clustering result of MVO for Scale is
in Fig. 18. And the convergence curves of algorithms
are shown in Fig. 19. In Fig. 20, it is the result of
anova test for Scale.

Fig. 19 shows the convergence curves of men-
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tioned population based algorithms. Faster conver-
gence speed can be discovered easily from that MV O
is the best . MVO is faster than PSO, ABC and CS.
And in Fig. 20, the stability of MVO is also better

than others.
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3.2.7 Data set Haberman’s Survival

Haberman’s Survival ( N =306,d =3, K=2):
The data set contains cases from a study that was
conducted between 1958 and 1970 at the University
of Chicago’s Billings Hospital on the survival of pa-
tients who had undergone surgery for breast cancer.
It records two survival status patients with age of
patient at time of operation,patient’s year of opera-
tion and number of positive axillary nodes detected.
The clustering result of MVO for Survival in Fig.
21. And the convergence curves of algorithms are
shown in Fig. 22. In Fig. 23,it is the result of anova
test for Survival.

Fig. 22 shows the convergence curves for data
set Survival, From Fig. 22,MVO is the second best.
And MVO is better than ABC and PSO. High de-
gree stability of MVO can be found from Fig. 23

easily.
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Fig. 21 The clustering result of MVO for Survival
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3.2.8 Data set Wine

Wine data ( N=178,d =13,K =3) : This is the
Wine data set,which is also taken from MCI labora-
tory. These data are the results of a chemical analy-
sis of wines grown in the same region in Italy but
derived from three different cultivars. The analysis
determines the quantities of 13 constituents found in
each of the three types of wines. There are 178 in-
stances with 13 numeric attributes in Wine data set.
All attributes are continuous. There is no missing
attribute value. The clustering result of MVO for
Wine is in Fig. 24. And the convergence curves of al-
gorithms are shown in Fig. 25. In Fig. 26, it is the
result of anova test for Wine.

Convergence curves for data set Wine in Fig. 25
clearly show that MVO has a faster convergence
speed. And its high degree of stability can be discov-

ered in Fig. 26, which is the anova test for Wine.
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Because the MVO algorithm has advantages
such as simple structure, less parameters, easy to
understand,excellent search ability. sufficient exper-
iment has been carried out to eight the ability of
proposed MVO for solving clustering problems. For
validating eight comprehensively,eight data sets are
used. Fig. 1 — 26 show the comparison of conver-
gence curves,clustering result and the anova test re-
sults for different data sets. From these comparison
figures, we can easily find that the convergence
speed of MVO is faster than other algorithms men-
tioned in this paper in most cases. Another fact can
be found that the stability of MVO can reach a rela-
tively high level as well.

4 Conclusions

Data clustering is a method for categorizing
similar or dissimilar data. Nowadays, many resear-
ches are working in this field. Multi-verse optimiza-
tion algorithm (MVO) for data clustering has been

Guangxi Sciences, Vol. 24 No. 3,June 2017



proposed in this paper. We experimented perform-
ance of our proposal on eight different data sets and
compared the results with PSO, ABC, CS. For get-
ting better performance,we ran 10 times with 1 000
iterations. The graphical experiment results show
that Multi - verse optimization algorithm is more
competitive than other algorithms for solving the
clustering problem. The MVO is useful for solving
data clustering problem. Future studies will extend
the fitness function to explicitly optimize the intra-
cluster distances. More elaborate tests on higher di-
mensional problems and large number of patterns

will be done.
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