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Abstract—The article presents the method, developed to use evolutionary technologies for clustering
large amount of objects that are specified by their characteristics values. The need to analyze big data
and to extract the necessary data from multidimensional databases makes the classic methods ineffective,
or they require a lot of recourses or time to give an appropriate solution to the stated practical problem.
Such problems very often appear in economical and financial spheres, where an expert has to make right
decisions, based on various information from different sources, this information may have noise effects, or
even be unreliable. Solving these problems requires gathering and formalization of available information
that can take a lot of time. The presented method allows to use evolutionary technologies, such as genetic
algorithms and evolution strategies elements to solve clustering problems with minimal constraints on the
initial data — the situation that represents real practical problems. The experimental results of using the
method are given, which proof the effectiveness of the proposed methods.

Index Terms—Clustering problem; complex objects; evolution technologies; genetic algorithm;

evolution strategies.
I. INTRODUCTION

The process of progressive movement towards
the information society creation is related to
problems associated with big data storage and
processing. Their solution is related to the intellec-
tual analysis of data, the technologies of which are
formed at the intersection of artificial intelligence,
statistics, the databases theory. These include KDD
(knowledge discovery in databases), data mining,
OLAP (On-line analysis processing) — extracting
information from multidimensional databases and
others. Elements of these technologies are an inte-
gral part of electronic data warehouses. A significant
part of information is represented by data that are
socio-economic indicators of the complex systems
functioning.

Large amounts of information are characterized by
the presence of noise effects, their processing leads to
the accumulation of a cumulative error. To overcome
this problem, it is necessary to determine the impor-
tant factors and carry out their analysis. Information
entropy reduction can also be achieved by grouping
objects and extracting knowledge in smaller and func-
tionally related assemblies. Such procedures are
aimed at successively overcoming uncertainty. The
first step is the clustering problem solving.

The clustering problem is to define groups of
objects (processes) that are closest to each other by

some criterion. However, usually no assumptions
about their structure are made [1], [2]. Most
clustering methods are based on the analysis of the
matrix of similarity coefficients, such as distance,
conjugacy, correlation, etc. If the distance is the
criterion or metric, then the cluster is a group of
points Q, such that the average square of the intra-
group distance to the center of the group is less than
the average distance to the common center of the

.. . .2
original set of objects, i.e. do <o”, where
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Solving the problem of minimizing the distance
between objects is equivalent to solving the problem
of minimizing the distance to an object having
average characteristics, since, for example, for
Hamming distance:

Zn;‘ij —X,j.\:_zn;‘)(,q —}+}+le.‘
Jj= Jj=

k<l k<l

s; X, —Y‘+§‘X,j —}‘ Sg‘X"" —)_(‘
k<l k<l

+ ]Z“X,] —Y‘ = 2§‘ij —}‘.

© National Aviation University, 2017
http://ecs.in.ua



96 ISSN 1990-5548 Electronics and Control Systems 2017. N 4(54): 95-101

The clustering problem is accompanied by two
problems: determining the clusters optimal number
and obtaining their centers. The initial data for the
clustering problem are the parameters values of the
objects of the study. Obviously, determining the
clusters optimal number is the prerogative of the
researcher. Suppose that the clusters number m in
known and m <<n, where nis the number of ob-
jects. The problem is obtained:

m_ N

ZZHXJ. —},-H — min,

i=1 j=1

where X ,i= I,_m is the average value in the cluster,

HX ; —}iH is the distance between objects. The clus-

tering problem solution are the cluster centers X,
that can be contained among the objects being
considered, which is a fairly strict condition, and can
be represented by any points in the field of study.

Traditional cluster analysis methods include tree
clustering, two-input integration, the K-medium
method, the dendrite method, the correlation pleiad
method, and the ball method. The advantages of
these methods are their simplicity, the invariance of
their technique relative to the nature of the initial
data and the metrics used. The disadvantages include
a weak formalization, which hinders the computer
technology use, as well as low accuracy, resulting in
preliminary estimating of the factors space structure
and their informativeness. Another method for
solving the clustering problem is to use the self-
organized Kohonen map [3]. The problem of using
such a card (neural network) is the choice of initial
weighting coefficients, the continuous operation
nature, and efficiency, the evaluation of which
remains a problem for today.

The complex objects and systems clustering
problem is not new and has been considered before.
The most famous analogue is the Mendeleev’s
periodic table. Nowadays it’s difficult to find a field
in which the clustering problem solving is not
required. Suffice it to recall the need of recognition
of satellite images or telemetric information, data
from video sources about stationary or moving
objects. Such recognition is based on a clustering,
that uses an "object-property” type table.

Numerous papers have been devoted to
clustering problems and methods; their review is
given in [4]. First of all, the whole family of
clustering heuristic algorithms that were obtained by
the Novosibirsk School of Data Analysis [5] should
be noted. An important contribution to the theory
and practice of clustering was made in [6], the
results, obtained in it, allowed to separate linearly

inseparable objects by moving into higher-
dimensional spaces. Without considering classical
clustering methods, it should be noted, that research
and development of new methods continues. In
particular, the automatic determination of clusters
number [7], application of clustering for objects,
whose characteristics are specified by their
membership functions [8], designing of algorithms,
that consider the clustering criteria weight
coefficients [9], development of algorithm for
analyzing large data, based on the clustering
development, which includes the analysis of
probability function [10], improvement of satellite
image clustering algorithms [11] development of
algorithms for mixed types data [12], are
investigated.

Analysis of the results, obtained in modern
sources, shows the existence of two tendencies: first,
the development of clustering methods, based on
new scientific paradigms, and second, the clustering
results are not used for solving the problems of
identifying unknown dependencies and their
optimization.

At the same time, it should be noted that several
problems still exist, in particular:

— problem of clustering algorithms convergence
accuracy and speed;

— problem of clustering objects in images that
were subjected to linear or other transformations;

— problem of clustering algorithms convergence
accuracy and speed.

II. FITNESS-FUNCTION AND EVOLUTIONARY
METHODS FOR CLUSTERING PROBLEM SOLVING

The problem is the following: to split the set €,
that consists of » objects into m clusters

Q={8.S,....S,}. Every object S, has the set of

characteristics, i =1,_n. The objects data are
presented in the "object-property"” type Table I.

TABLEI. OBIJECTS DATA
X X, X, X,
S
51 X X2 " Xk
52 X1 X " KXok
Sn Xt X2 Xk

Let the set C* :{C]*,C;,...

of the clustering problem. Considering that the
objects are points located inside a k -dimensional
hyperparallelepiped, the following can be obtained:

,C:l} be the solution
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(1]3 290" ,k)ee { [a b]/ai,bi€R+}
(1]7 PER ,k)ee { [a b]/ai,bi€R+},

Thus the following equality holds:
Z}:Z‘X{Si eR}d(S,.C))
[y
= Clr}:mC ZZX{S eER. } (Si,Cj).

1]]]

where R; is the j-cluster and

Lif d(S,,C,)=mind(S,.C)),
S eR\l= / I=1,m
Z{ ,E j} 0, otherwise.

The original problem reduces to the following:
find

C" =argmin F(c)

Ceb

=arg min m1n iZX{S eR} d(Si,Cj),

ceo (6:GG)HT

with restriction that all potential cluster centers lie
inside the hyperparallelepiped, C =(C,,C,....,C,,).

To find the problem solution, evolutionary
methods can be used. The solution search can be
presented as a sequence of the following steps:

Step 1. Normalize the elements of Table I

X

ij_ min j

according to the formula x; = , where
xmaxj _xminj
Xy, and x . . are the minimum and maximum

values in j -column.

Step 2. Generate ¢ sets, that consist of m
elements C' :(C,",C;', C,’,,), =1,¢ and, as usual,
50}. The

in the

g is a number from the set {20,21,...,

values C;. are uniformly distributed

hypercube, i = I,_q,j = I,_m ,
Step 3. Calculate the distance from each object to
each cluster center:

d,=d(s,€)=(Slos-) |

where i=1,_q,j=1,_n,p=1,_m.
In order to determine which cluster the objects
belong to, the search problem must be solved: for

Vi=l,q, Vj=1n find argmind(S,.C}).
p

Table II is obtained, where p, is a cluster
number, which the object S, Belongs to, for ith

potential problem solution.

TABLE II. OBIJECT-CLASTER ATTACHMENT
S|s S, S

1 Pn P Py

2 123 P Pay

q Py Py Py

Step 4. Calculate the distance form every object
to the center of appropriate cluster that is the
potential problem solution:

dizz_;d(Sj,C;/),Vizﬁ.

Step 5. If the Genetic Algorithm is chosen to
solve the problem, then, considering the value d,,

the following operations are made with the set C':
crossover operation, mutation, and elite selection into
the new population of potential solutions is made.

If the Evolution Strategy method is used, the new
potential population is generated, where every new
solution is obtained from “parent” solution, by
adding a normally distributed random displacement

X oo =X +E(N(0,8%)). The amount of new

potential solutions, as usual, is 7 times bigger, than
the amount of “parent” solutions [13], [14]. The best
solutions from the “parent” and intermediate
populations are selected to the new population.

Step 6. Steps 3-5 are repeated until the criteria for
iterative process stop are not achieved. Such criteria
may be:

— the priori number of iterations;

— for a given ¢ :

max d"” —maxd"*"| <z,
i i
or
(it) (it+1)
avgd;"’ —avgd;" | <e
1
or
maxd(ci(it)’ci(itﬂ)) <g
1

where it is iteration number.

Step 7. The clustering problem solutions, after
the criteria for iterative process stop are achieved,
are the following:

argmind ™

citin
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The proposed clustering method is a parametric
method and it’s efficiency depends on researcher’s
qualification and efficiency of parameters setting for
each specific problem. These parameters are the
following:

— the iteration process stop criteria;

— the crossover and mutation type;

— the type of parents selection and population of
the next generation formation, if the Genetic
Algorithm is chosen as optimization method;

— the parent-solutions and offspring-solution
number;

— constant or variable value standard deviation;

— positive or negative dynamics of standard
deviation for the Evolution Strategy.

It is known that the convergence in probability
holds for a genetic algorithm with an elite selection
to a new solutions population, and for (A+p)—

Evolution Strategy, where A is the parent-solution
number, and p is the offspring-solution number

with iterations number tending to infinity.
III. EXPERIMENTS AND THEIR ANALYSIS

To test the method effectiveness, two
experiments were performed. During the first
experiment, Fisher’s Iris data set was used. It is
known, that this set consists of the data on 150 irises
and contains the following characteristics: sepal
length, sepal width, petal length and petal width. The
irises classification is known, it consists of 3 types:
Iris setosa, Iris virginica and Iris versicolor. The
purpose of the experiment was to find out if the
suggested method allows to find the clustering
problem solution (the cluster centers), to compare it
with already known traditional clustering methods,
and to improve the objective function value.

During the second experiment, the problem of
Ukrainian areas clustering was considered, based on
their socio-economic indicators. As a result of
preliminary analysis it was found out, that the most
informative and important indicators for solving this
problem are the following:

— added value (x,);

— territory (x,);

— investment in main capital per person (x,);

— foreign direct investment per person (x,);

— employment of the population per 10.000
people (x;);

— average income per person (x;);

— loans granted to business entities per person
(x;);

— number
inventions (X, ).

of received patents for 10.000

As the clustering methods the following are
chosen: k-means clustering as the most popular
classic method, evolution clustering method based
on Genetic Algorithm, evolution method based on
Evolution Strategy. The main feature of the k-means
clustering method is that cluster centers are defined
a posteriori after the determination of the belonging
of all objects to clusters. According to the proposed
methods, the cluster centers are determined a priori
and, in contrast to many other clustering methods,
no pairwise comparisons are made, that is essential
for the high dimensional problems because of
calculations time saving. Based on the preliminary
experiments results, the maximum number of
iterations was chosen as criteria for the iteration
process stop. For the Iris clustering problem the
maximal iteration number is 180, for the clustering
problem of 25 Ukraine areas — 200. Iris data were
not standardized, since they are comparable. Ukraine
areas data were standardized, since they were in
different ranges, for example x, €[1000,6000] and
x, €[0,2].

During the simulation, classic k-means method
variations were used (KM), evolution method based
on genetic Algorithm (EMGA) and evolution
method based on Evolution Strategy (EMES), that
means the absence in them of any procedures that
optimize the method itself. The simulation results
are the objective function values. Obviously, it is
impossible to draw an opinion on the solution
optimality, but it is possible to compare the obtained
solutions and to choose the best among them.

It was assumed that in the first and second cases
the number of clusters could be 2, 3 or 4. The
simulation results are shown in Table III.

TABLE III. EXPERIMENTS RESULTS

KM | EMGA | EMES
Iris Fitness-function values
2 154.31 144.20 142.76
3 132.21 121.14 130.16
4 126.42 112.15 109.42
Areas Fitness-function values
2 4.31 3.22 3.26
3 3.94 3.72 3.53
4 3.12 3.04 2.86

The results show that the fitness-function values,
obtained for the developed methods, are less, which
indicates a better clustering quality. The fitness-
function dynamic and cluster centers for the
clustering problem are shown in Fig. 1.

Both in the first and in the second cases, the
initial population consisted of 20 potential solutions.
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For EMGA the following settings were chosen:
single-point crossover, the mutation probability
0.01, the offspring selection method — by
tournament, the new population forming method —
elite. For EMES the size of the parent population
was also 20, all standard deviations were the same
and equal 0.02. Such parameter values choice was
made in accordance with the rule 38, known from
information theory.

Best: 171.4634 Mean: 171.7631
6000 -

* Best fitness
+  Mean fitness
4000 F

2000

Fitness value
¥

+
-t

W_
1 1 ’ st |
0 20 40 60 80 100 120 140 160 180
Generation
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1 2 3 4 5 6 7 § 9 10 1 12
Stop Number of variables {12)

Fig. 1. Fitness-function dynamic and cluster centers

Data, averaged over 50 experiments, allow such
conclusions to be made for each case:

For the Iris set clustering problem, the objective
function value for the EMGA and EMES methods
decreases, compared to KM, by:

— 6.6% and 5.8% accordingly, for two clusters;

— 8.3% and 8.5% accordingly, for three clusters;

— 11.2% and 13.4% accordingly, for four

clusters.

For the Ukraine areas clustering problem, the
objective function value for the EMGA and EMES
methods decreases, compared to KM, by:

— 252% and 25.4% accordingly, for two
clusters;

— 55% and 10.4% accordingly, for three
clusters;

— 2.5% and 8.3% accordingly, for four clusters.

Note that, based on the experimental data and the
meaning of the problem, clustering of a large number
of clusters does not make sense. The obtained results
proof an advantage of the developed methods EMGA
and EMES. The objective function value, during an
increasing of clusters number, should decrease to a
certain point, which can be seen from the data in
Table III. Of interest is the dynamics of comparing
the objective function values, obtained by the method
KM with methods EMGA and EMES. With
increasing clusters number for more structured data,
methods EMGA and EMES show a positive

comparative accuracy dynamics. In the case of
poorly structured Ukraine areas data, a reverse
tendency occurs. However, both in the first and
second cases, the cluster centers obtained by methods
EMGA and EMES are more optimal.

IV. CONCLUSIONS

There is a huge number of clustering methods
based on different paradigms. The presented
methods do not limit the researcher to any
requirements in this class of problems. Their use is
advisable in large-dimensional spaces, for the
recognition of satellite and other images. The
application of preprocessing technologies for such
data in combination with the power of evolutionary
modeling will result in better quality solutions for
the clustering problem.

The proposed method of evolutionary modeling,
based on the use of a genetic algorithm, effectively
functions when processing large-scale arrays, since it
optimally combines a purposeful search and elements
of randomness, aimed at knocking the objective func-
tion out from local minima. No preconditions for its
use are required. The main condition for optimizing
calculations is the correct algorithmization of the
objective function values calculation. The multi-
vector process of algorithm speed improving (for
genetic algorithms is especially relevant) and its accu-
racy (finding the fitness function global minimum), as
well as its relevance, indicate the need to solve the
optimization problem using the proposed method.
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B crarTi npezacraBieHo MeToA, po3po0IeH i A1l BAKOPUCTAHHSI €BOJIOIHHIX TEXHOJOTIH sl KilacTepu3alii BETHKOl
KIUJIBKOCTI 00’ €KTIB, 1[0 MPEICTaBJICH] 3a JOIIOMOTOI0 iX XapaKTepPUCTHYHUX 3HA4YeHb. Y 3B’S3Ky 3 HEOOXIiHICTIO aHAi-
3yBaTH BEJIHKI JaHi Ta BUIy4aTu HeoOXiHI JaHi 3 0araToBUMipHUX 0a3, BUKOPUCTAHHS KIIACHYHMX METOAIB aHaIli3y He
€ eeKTUBHUM, 200 Xk MOTPeOye BEIUKOI KITBKOCTI PECYPCiB UM Yacy, o0 HalIaTH 3a0BIIbHE BUPIIICHHS MOCTAaBICHOT
MpakTUYHOI 3amavi. Taki 3amavi qyke 4acTO BUHMKAIOTh B €KOHOMIUHIHM Ta (hiHAHCOBIH cdepi, e eKCepTy MOTPiOHO
NpuiiMaTH IpaBWIBHI PillIeHHs, 3TiAHO 3 iH(opMali€ero, OTpUMaHOIO 3 pi3HUX pKepen. s indopmarist Moxe MiCTHTH
mrymu, abo HaBiTh OyTH HenOCTOBipHOIO. JIyisi BUpIIIEHHs TakuX 3a1a4 HeoOximHi 30ip Ta Qopmamnizalis 1ocTynHOI
iHpopMarii, 1o norpedye 3HAYHUX BHUTPAT 4acy. 3anpoNOHOBAaHHWH METOJ JI03BOJISIE BUKOPHCTOBYBATH €BOJIOLINHI
TEXHOJIOTI1, TaKl SIK TeHETUYHUH aJrOPUTM Ta €JIeMEHTI €BOJIIOIIIHUX CTpaTerii, A BUPINIEHHS 3a/a4 KilacTepu3allii
IpY MiHIMaJbHUX OOMEXEHHSIX, 1110 HAKJIaJarfoThCs Ha IMOYAaTKOBI JIaHi, 10 BiJINOBiIa€ YMOBaM pealIbHUX MPAKTUUHHX
3amad. HaBeneHo pe3ynbTaTé eKCIEpHUMEHTIB, IIPU MPOBEEHHI SKUX OyJI0 BUKOPHCTAHO TaKUH METOJ, IO AOBOAMTH
€(QEeKTUBHICTh HOTO BUKOPUCTAHHSI.

KurouoBi ciioBa: 3amaya kiactepusaltii; ckiaaaHi 00’ €KTH; €BOJIOIINHI TEXHONOTIT; TCHSTUYHHUI aIrOPUTM; CBOJIIOLI -
Hi cTpaTerii.
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B. E. Cautiok. O. O. CynpyH. JBOJIIOIMOHHAS KIACTepU3alis KaK MeTO/ pelIeH!sI IKOHOMUYeCKHX 3214

B cratee mpezacraBieH Meron, pa3paOOTaHHBIA AJIsl MPUMEHEHHs SBOJIONMOHHBIX TEXHOJOTMH TPH KilacTeph3alluu
OOJIBILIOrO KOJUYECTBa OOBEKTOB, MTPEACTABICHHBIX C MOMOILIBIO UX XapaKTePUCTUYECKUX 3HaYeHUH. B cBsizu ¢ HeoO-
XOIMMOCTBIO aHAJTM3UPOBATH OOJIBIINE JaHHBIE M U3bIMATh HEOOXOAUMbIE TaHHBIE U3 MHOTOMEPHBIX 0a3, UCIOJIb30Ba-
HHE KJIAaCCHYECKUX METOJOB aHajM3a He sBisfeTca (P(EeKTUBHBIM, WM ke TpeOyeT OONBIIOro KOJIUYECTBA PECYPCOB
WIN BPEMEHH, YTOOBI MPEJOCTABUTH YIOBJIETBOPUTEIFHOE PEIIEHNE ITOCTABICHHOW NMpaKTHYeCKoi 3anaun. Takue 3a-
Jlaud OYEeHb YacTO BO3HUKAIOT B YKOHOMHUYECKOH U (huHAaHCOBOHU cdepax, rjie dKCIepTy HeoOXOoIuMO MIPUHUMATh Tpa-
BIJIbHBIE PELICHUS, COTJIACHO MH(OPMALINH, TIOJTyIEeHHON U3 Pa3IMYHBIX HCTOUHUKOB. JTa HHPOPMAIHs MOXET CoJep-
KaTh IIyMBI, WM Aa)ke ObITh HeJOCTOBEpHOIL. JIJ1s pemenus Takux 3a7a4 HeoOXOAUMBI cOOp U (hopMaH3alys AOCTYTI-
HOM WH(pOpManuy, 4To TpeOyeT 3HAYMTEIbHBIX 3aTpaT BpeMeHH. [IpeioKeHHBIH METO/ IMO3BOJISIET HCIONb30BAaTh
SBOJIIOLIMOHHBIE TEXHOJIOTHH, B YACTHOCTU T€HETHYECKHUH aJrOPUTM M DIIEMEHTHI SBONIOUMUOHHBIX CTpAaTEerHid, I pe-
LIEHHs 3a/1a4 KJIaCTepU3alii P MHUHUMAJIbHBIX OIPAaHUYEHHSX, HalaraeMbIX Ha HadaJIbHBIE TaHHBIE, YTO COOTBETCT-
BYET YCIIOBUSIM PEaJIbHBIX IPAKTUYECKUX 3a/ad. [IprBeaeHbl pe3ynbTaThl SKCIIEPUMEHTOB, MIPU IPOBEAECHUN KOTOPHIX
OBbUT HCIOJIB30BaH TAaKOW METOJI, KOTOPbIE JJOKA3bIBAIOT 3((EKTUBHOCTh €TI0 MPAKTUIECKOr0 IIPUMEHEHUSL.

KnroueBble cioBa: 3amaua KIacTEpU3aLUK; CIOXKHbBIE OOBEKTHI, IBOJNIOLMOHHBIE TEXHOJIOTHHU; TC€HETUYECKUH alro-
PHUTM; 3BOJIIOIIMOHHBIE CTPATETUH.
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