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ESTIMATION OF THE INDUCTIVE MODEL OF OBJECTS CLUSTERING
STABILITY BASED ON THE K-MEANS ALGORITHM FOR DIFFERENT
LEVELS OF DATA NOISE

The inductive model of the objective clustering of objects based on the k-means algorithm clustering is presented in the paper. The
algorithm for division of initial data into two equal power subsets is proposed and practically implemented. The difference between the mass
centres of the appropriate clusters in different clustering is proposed to use as an external balance criterion. Approbation of the proposed
model operation was carried out using the data “Compound” and “Aggregation” of the database of the Computing School in the Eastern
Finland University. The researches on the estimation of the model stability to a noise component using the data “Seeds” are presented in
the paper. The algorithms k-means, c-means, inductive k-means and agglomerative hierarchical algorithm were used to compare the results
of the experiment. The ways of further improvement of the proposed model in order to increase the objectivity of investigated data
clustering were defined by the results of the simulation.
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NOMENCLATURE disadvantages and is focused on a specific type of data. A
GMDH is the Group Method of Data Handling; high percent of subjectivism is one of the key disadvantages
of existing algorithms, i.e. high quality of clustering on a

n is the number of observed objects;
m is the number of attributes that characterize the objects; ~ One dataset does not guarantee the same results on another
k is the number of clusters; similar dataset. Clustering objectivity improvement is
X; is the value of feature in column j of row i; possible by using inductive methods of complex systems

modelling based on the Group Method of Data Handling

| . . . . .
X'jj is the normalized value of feature in column j of row i; [1-3], where the data processing is carried out by two equal

med i is the median of j column; power subsets and a final decision concerning of the nature
q is the number of clusters in clustering O and R of the objects partition into the clusters is done based on
respectively. the complex use of external criteria of relevance and internal
INTRODUCTION criteria of clustering quality estimation. Thereby, the

development of hybrid models and methods of objects
Nowadays, great attention is devoted to the issues of  ¢jystering based on the complex systems inductive modeling
the complex objects clustering at the conditions of various methods is an actual problem both fundamentally and
data noise levels. First of all it is connected with the increase practically.
of the requirements for accuracy of detection and
identification systems operation under various conditions 1 PROBLEM STATEMENT
of information obtaining. A lot of clustering algorithms exist The initial dataset of objects is a matrix:

nowadays. Each of them has its advantages and  4— {xlj},izl._.n’jzl_._m_ The aim of the clustering is a
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partition of objects into non-empty subsets of pairwise
nonintersecting clusters in accordance with the criteria of
remoteness of the object and cluster, taking into account
the properties of the objects:

K:{Kg},szl,u.,k; Kl UKZ UUKk ZA,

KinK;=@i#J; i j=1..k

Three fundamental principles, which are taken from
different scientific fields, are the basis of methodology of
complex systems inductive modeling [1-6]:

— the principle of heuristic self-organizing, i.e.,
enumeration of models set and the selection of the best
model on the basis of the external balance criterion;

— the principle of external addition, i.e. the necessity of
additional information using with purpose of objective
verification of models;

— the principle of inconclusive solution, i.e. generation
of a certain set of intermediate results in order to select the
best variant one.

The implementation of these principles within the objective
clustering inductive model assumes the following steps:

— normalization of the investigated objects features, i.e.
their reduction to identical range with the same median of
the objects attributes;

— division of initial data set into two equal power subsets;

— definition of external criterion or group of relevance criteria
to choose the optimal clustering for two equal power subsets;

— choice or development of the basic clustering algorithm
used as a component in the inductive model of objective
clustering of objects.

2 REVIEW OF THE LITERATURE

The basic conceptions of creation of inductive method
of objects clustering on the basis of Group Method of Data
Handling are described in the papers [2—4]. Further
development of this theory is reflected in [5, 6]. The
conception of the objective cluster analysis is presented in
[4] and has been further developed in [7-9]. The authors
define the basic principles of objective clustering inductive
model creation, show the ways and perspectives of its
implementation, define the advantages of clustering
inductive model by comparison with traditional data
clustering methods. Theoretical developments for
implementation of biclustering methods for systems of
complex processes inductive modeling are presented in [10].
However, it should be noted that, in spite of the successful
results achieved in this area, an objective clustering model
based on the analysis of clustering systems has no practical
realization at the present time.

The unsolved parts of the general problem are the
absence of the effective algorithms for division of initial
data set into two equal power subsets and integrated
criterion approach for evaluation of the clustering efficiency
during their enumeration one by one.

The aim of the paper is the development of inductive
model of objective clustering of objects based on the k-
means clustering algorithm and evaluation of the stability
of operation algorithm quality using of the noise data with
different noise level.

3 MATERIALS AND METHODS

According to hereinbefore concept of complex systems
inductive modeling the first step of data processing is the
data normalization process. Data normalization was carried
out for all columns by the formula (1):

. xl] - med] ) (1)
" d
max xij — me ]|

The choice of this normalization method is determined by the
fact that as a result the set of data features in all columns had the
same median with maximum of features variation range from—1 to
1, herewith the amount of data for each column which falls into the
interquartile distance (50%), differs insignificantly.

Algorithm of the original set of objects Q division into 2 equal

power non-intersecting subsets (3 Aand QB consists the following
steps [4, 9]:

1. Calculation of 7+ (n - % pairwise distances between the

objects in the original sample of data;
2. Allocation of pairs of objects X s, X 5, the distance between
which is minimal:
d(XS’Xp): r?ijnd(Xi’Xj)
3. Distribution of the object X to subset Q*, and the

object Xp to subset QB;

4. Repetition of the steps 2 and 3 for the remaining
objects. If the number of objects is odd, the last object is
distributed into the two subsets.

The approach, outlined in [7], was taken as the basis to
calculate the external balance criterion. Optimality criterion
of regulated clustering was determined as minimum value of
squared deviations sum between mass centers of appropriate
clusters for different clustering (2):

C00.R)= Yex(0)-, (R smin. @

k=1
The mass center of & cluster in Q clustering was determined
as the average of vectors attributes in this cluster (3):

Ck(Q)Z%Zx,-j, j=L..,m. (3)
i=1

The absolute value of this criterion can be calculated for
m-dimension feature space as follows (4):

Col0.R)- i[i(ck@)—ck(ze»ﬂ i, @

j=\k=1

In the case of criterion normalization the formula (4) takes
the form (5):

(e (@)~ (R)Y
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To create the equal conditions for subsets Q4 and 08
using k-means clustering algorithm, the same values are
assigned to the centers of corresponding clusters for the
different clustering at the initialization phase. The initial
value of (4) criterion is zero in this case. The experiment has
shown that on the subsequent iterations the criterion value
increases at the first step, and then it varies monotonically
to reach the saturation which corresponds to a sustainable
clustering for the two equal power subsets. The relative
change of the (4) criterion on two successive iterations
vanishes in this case. Thereby, the external balance criterion
can be represented as follows (6, 7):

(e (0)- 4 (R)P

0
CON(O,R)= = —opt. (6)
0

.ME

1S (e (0)+ e (R)P

k=1

J

CON;.1(Q.R)-CON,(Q.R) , o
CON,(Q.R)
The scheme of the inductive cluster analysis model based

on the k-means algorithm is shown in Fig. 1. The
implementation of this algorithm guesses the next steps:
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Figure 1 — Scheme of inductive cluster analysis model based on the
k-means algorithm clustering
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Step 1. Formation of the initial set (3 of the objects. Data
preprocessing (filtration and normalization). Presentation
of data as a matrix nxm;

Step 2. Division of set Q into two equal power subsets
in accordance with hereinbefore algorithm. These subsets

Q” and QP can be formally represented as follows:

A A B Bt .
Q= i },Q = {Xl]}’] :1,...,m,
i=L..ngy=ng,ny+ng=n

Step 3. Setup of clustering procedure using k-means
algorithm. Choose the number of clusters and setting the
initial centers of clusters;

Step 4. Sequential calculation of Euclidean distances from
the objects to the cluster centers for two clustering. Distribution
of objects into clusters in accordance with the condition:

d(X;,C;)— min.

Step 5. Calculation of the new clusters centers by the
formula (3);

Step 6. Calculation of the external balance criteria by the
formulas (6) and (7);

Step 7. Fixation of obtained clustering when the
conditions (6) and (7) are true. At against, if the current
number of iterations less than maximum, go to step 4.

4 EXPERIMENTS

Approbation of the proposed model working was carried
out using the data “Aggregation” and “Compound” of the
database of the Computing School in the Eastern Finland
University [11]. Estimation of the algorithm stability to the
noise component was carried out using the “Seeds” data
[12], representing the researches of kernels of three kinds of
wheat. Each kernel was characterized by seven attributes,
herewith each group included 70 observations. Thus, the

initial data matrix had the size: A={210><7}. Data

normalization was carried out by the formula (1). Then the
“white noise”, the amplitude of which varied from 2,5% to
50% of maximum of data scattering, was added to the data.
Evaluation of the quality of algorithm operation was
performed by counting the number of the correctly grouped
objects. In order to compare the results, this problem was
solved using the classical k-means algorithm, the fuzzy
c-means algorithm and using the agglomerative hierarchical
algorithm yet. The simulation was performed in the R
software environment.

5 RESULTS

The results of the operation algorithm for division of initial
data set into two equal power subsets are shown in Fig. 2.

Fig. 3 shows the charts of external balance criteria
calculated by formulas (7) and (8) dependence on the
iterations number of the investigated data, herewith, 4
clusters are assigned for the “Compound” data and 7 — for
“Aggregation” data — 7. The results of studied objects
division into clusters are presented in Fig. 4. Fig. 5 shows
the boxplots of unnormalized and normalized data. The
charts of incorrectly distributed objects depending on level
of noise component using the different clustering algorithms
are shown in Fig. 6.
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Figure 2 — Results of the operation algorithm for division
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Figure 4 — Results of objective clustering inductive model operation
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Figure 6 — Charts of incorrectly distributed objects depending on the level of noise component using different clustering algorithms

6 DISCUSSION

The analysis of Fig. 2 allows to conclude about the high
efficiency of the algorithm operation. The obtained subsets
have the similar structure with lower density of objects
distribution in the feature space. Fig. 3 shows that the relative
change of external balance criterion achieves zero at 4 and
11 iterations for the data “Aggregation” and “Compound”
respectively.

Therefore, the relevant clustering are optimal at these
levels in terms of criteria applied. As it can be seen from Fig.
4, objects of the “Compound” data were divided adequately
into clusters. Low percentage of incorrect data can be
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explained by the nature of the distribution. However, the
surface, separating the clusters is rather distinct. The same
conclusion can be done on the basis of the “Aggregation”
data analysis. In this case some clusters intersection can be
observed, however, the algorithm has divided the objects
into clusters by surface fitting at feature space. Fig. 6
analysis allows to conclude that the inductive clustering
model based on the k-means algorithm gives better results
of objects division into clusters as compared to the classical
k-means algorithm and the fuzzy c-means algorithm.
Inductive clustering algorithm is more stable as compared
to the k-means and fuzzy c-means algorithms for increase of
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noise level to 10%. With a further increase of the noise level
up to 40% the number of incorrectly distributed objects
varies on either side. A further increase of the noise level
contributes to a monotonic increase of the number of falsely
identified objects. However, it should be noted that in this
case the high efficiency of operation and the best stability
to the noise of the agglomerative hierarchical clustering
algorithm. It can be explained by the nature of this algorithm.
The profiles of objects or the centers of clusters are
compared using the Euclid distance during the clustering.
Herewith, the noise presence has no significant effect to
the result of profiles comparison in case of significant
differences of the objects profiles in different clusters.
Moreover, the advantage of this algorithm is the
independence of the initial choice of cluster centers because
the number of clusters in the initial state equals the number
of objects studied. In this case the choice of optimal
clustering is the main problem, because the analysis of
dendrogram doesn’t allow to draw the conclusion about
the clustering quality at the chosen level. Therefore creation
of a hybrid inductive model of objective clustering based
on the agglomerative hierarchical clustering algorithm is
reasonable.

CONCLUSION

The hybrid model of objects clustering based on the
methods of complex systems inductive modeling and
k-means clustering algorithm is presented in the article. The
methodology of inductive modeling to choice the optimal
clustering during model operation through the
implementation of objective criterial approach has been
further developed. The “Compound” and “Aggregation”
data of the database of the Computing School in the Eastern
Finland University and the “Seeds” data, representing the
researches of kernels of three kinds of wheat, were used as
experimental ones. The algorithm for division of initial data
set into two equal power subsets, which are then used in
data clustering inductive model, has been further developed
and practically implemented. The implementation of the
proposed model was carried out using the R software
environment. The results of simulation showed the high
efficiency of proposed model operation. The algorithm has
distributed the objects into the corresponding clusters
adequately. The clusters intersection was not observed in
the case of optimal distribution. The simulation of model
operation using the “Seeds” data with different noise level
was performed to estimate the model stability to the different
data noise level. Level of noise was changed from 2,5% to
50% of maximum data variation. Clustering using the
proposed inductive clustering model, the classic k-means
algorithm, the fuzzy c-means algorithm and the agglomerative
hierarchical clustering algorithm was carried out to compare

BaGiues C. A.!, Jlirsinenko B. 1.2, Taip M. A3

the results of the experiment. The results of the simulation
have shown better quality and stability of inductive k-means
algorithm as compared to the classic k-means and the fuzzy
c-means algorithms. However, the agglomerative hierarchical
clustering algorithm has shown the best results in terms of
clustering quality and stability to the noise. Therefore, the
creation of a hybrid inductive model of objective clustering
based on the agglomerative hierarchical clustering algorithm
is the perspectives of further authors’ researches.
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'Kan. TexH. HayK, IOLEHT, HOUEHT Kadenpu indopmaruku, YHiBepcuter Slna €Banrenicra [Typkune B Yeri Ha JIa0i, Yexis
2JI-p TexH. Hayk, npodecop, 3aBinyBau Kagenpu iHGOPMATHKH 1 KOMIT IOTEPHHUX HAyK, XEPCOHCHKUM HAI[iOHAJbHUI TEXHIYHUN YHIBEPCH-

TeT, XepCcoH, YKpaiHa

3AcmiipanT kadeapy iHPOPMATHKU i KOMIT IOTEPHHUX HAyK, XEePCOHCHKUI HAIIOHAJILHUI TEXHIYHMI yHiBepcuTeT, XepcoH, YKpaiHa
OLIHKA CTIMKOCTI IHAYKTUBHOI MOJEJI KJIACTEPU3ALILL OB’€KTIB HA OCHOBI AJITOPUTMY K-CEPEJIHIX

IIPU PI3BHUX PIBHSX LIYMY

VY crarrti nmpeAcTaBiIeHo IHAYKTUBHY MOJeIb 00’ €KTUBHOI KiiacTepu3allii 00’ €KTIB Ha OCHOBI aNropuTMy Kiiactepusailii k-cepeaHix. 3ampo-
MOHOBAHO 1 MPAKTUYHO PEATI30BaHO aJTOPUTM PO3MOJITY MHOKHHHU BHXITHHMX JaHUX HA B PIBHOIOTY)XHHUX MIAMHOXXHHHU. Y SIKOCTI 30BHIII-
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HBOTO KPHUTEPilo OaaHCy 3alpOINOHOBAHO BUKOPHCTOBYBATH PI3HUIIO MK LIEHTPAMH Mac BIIIIOBIIHHMX KJIACTEPIB y PI3HUX KIacTepU3aLlisX.
Arnpo6aris po6oTH 3aIpornoHOBaHOI MOZIEN IIPOBOAMIACS 3 BUKOPUCTaHHAM AaHuX «Compound» Ta «Aggregation» 6a3u JaHUX 0OUUCIIIOBANIb-
Hoi 1mkonu Cxigno-PiHckkoro yHiBepeutery. IpeacraBieHi JOCTiIKEHHs 3 OLIHKY CTIHKOCTI MOZIEi [0 IIyMOBOI KOMIIOHEHTI 3 BUKOPUCTaHHSIM
naHux «Seeds». J{yist NOPIBHSHHS PE3YIbTaTiB €KCIIEPUMEHTY Oyl BUKOPHCTaHI allTOPUTMH k-CepeHiX, C-Cepe/HiX, IHIYKTUBHUH alropuT™m k-
CepesiHIX, a TaKoXK aJTOPUTM arIOMEpPaTHBHOI iepapXiuHoi kiacrepu3auii. 3a pe3ynbraTaMi MOJENIOBAHHS BH3HAYEHO LUIAXH MOJAJBIIONO
BJIOCKOHAJIEHHS 3aIIPOIIOHOBAHOI MOZIEN 3 METOIO MiJIBUIIEHHS 00’ €KTUBHOCTI KJIACTEpU3allii JOCIIKYBaHUX JaHUX.

KuiouoBi ciioBa: iHIyKTHBHE MOJENIOBAHHS, KJIACTEpH3allisl, aITOPUTM K-cepesHixX, 30BHIIIHIN KpuTepiit OanaHcy.

Bbabuues C. A.!, Jlutsunenko B. .2, Taup M. A3

'Kanz. TexH. HayK, JOLEHT, JoueHT kadeaps! nHdopmaruky, Yausepcurer SIna EBanrenucra Ilypkune B Yeru Ha Jla6e, Yexust

2J1-p TexH. HayK, npogecop, 3aBeayromuii kadenpsl HHPOPMATHKN U KOMIIBIOTEPHBIX HayK, XEPCOHCKUH HALMOHAJIBHBIH TEXHHYECKHIl
YHHBEpPCHTET, XepCcoH, YKpauHa

*AcnmpanT Kadenpsl HHPOPMATHKH U KOMIIBIOTEPHBIX HayK, XePCOHCKHI HALMOHAJIBHBIN TEXHUYECKHIl yHUBEPCHTET, XepCOH, YKpanHa

OILIEHKA YCTOMYUBOCTU UHAYKTUBHON MOJIEJU KJIACTEPU3ALIMU OBBEKTOB HA OCHOBE AJITOPUTMA
K-CPEJJHUX ITPU PA3JIMYHBIX YPOBHSX IIYMA

B cratbe npescraBieHa HHAYKTHBHAs MOJIEIb OOBEKTUBHON KIIacTepU3aLud 0OBEKTOB HA OCHOBE aIrOPUTMA KIACTEPU3aLMHU K-CPEIHHUX.
IpennoxeH 1 NPaKTHYECKU PeaIM30BaH aJIrOPUTM JIEJIE€HUs] MHOXKECTBA UCXOAHBIX JAHHBIX HA JIBA PAaBHOMOLIHBIX IOAMHOXeECTBa. B kauecTBe
BHEIIHEro Kpurepus 6anaHca IpeisioikKeHo HCIO0Ib30BaTh Pa3HUIY MEXLy LIEHTPAMU MacC COOTBETCTBYIOIIUX KJIACTEPOB B Pa3IMUHbIX KJIACTe-
pu3anusx. Anmnpo6anus paboTsl MPeIOKEHHON MOJENH IIPOM3BOJMIACH C HCIOIb30BaHuEM AaHHbIX «Compound» and «Aggregation» 6a3bl
JIAHHBIX BBIYUCIUTENbHON HIKONbl BocrouHo-PuHcKkoro yHuBepcurera. IlpesncraBieHbl HCCleOBaHHS 10 OLIEHKE YCTOMYMBOCTU MOIEIH K
LIYMOBOM KOMIIOHEHTE C MCIIONb30BaHHEM JaHHBIX «Seeds». [l cpaBHEHMs PE3YNIBTATOB SKCIEPUMEHTa ObLIN HCIOIb30BaHbl AJITOPUTMBI k-
means, C-means, HHAYKTHBHBII alTOpPUTM k-means, a TakkKe alrOpUTM arIOMEpPaTUBHON Mepapxuueckoi knacrepusauuu. Ilo pesynbraram
MOJIETIMPOBAHUS ONPE/ENEHBI ITYTU JalbHEHIIEro yCoBepIIeHCTBOBAHUS IIPEIOKEHHOH MOIEINH C LIEJbIO OBBIIEHHU 00bEKTHBHOCTH KJIacTe-
PpH3alMU HCCIIeyEeMbIX JaHHbIX.

KuroueBble cj10Ba: MHAYKTHBHOE MOJEIUPOBAHNE, KIACTEPU3ALIMS, alrOPUTM K-CpeIHUX, BHELIHUHA KpuTepuii OanaHca.
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