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ABSTRACT

Context. In most clustering (classification without a teacher) tasks associated with real data processing, the initial information is
usually distorted by abnormal outliers (noise) and gaps. It is clear that “classical” methods of artificial intelligence (both batch and
online) are ineffective in this situation.The goal of the paper is to propose the procedure of fuzzy clustering of incomplete data using
credibilistic approach and similarity measure of special type.

Objective. The goal of the work is credibilistic fuzzy clustering of distorted data, using of credibility theory.

Method. The procedure of fuzzy clustering of incomplete data using credibilistic approach and similarity measure of special type
based on the use of both robust goal functions of a special type and similarity measures, insensitive to outliers and designed to work
both in batch and its recurrent online version designed to solve Data Stream Mining problems when data are fed to processing se-
quentially in real time.

Results. The introduced methods are simple in numerical implementation and are free from the drawbacks inherent in traditional
methods of probabilistic and possibilistic fuzzy clustering data distorted by abnormal outliers (noise) and gaps.

Conclusions. The conducted experiments have confirmed the effectiveness of proposed methods of credibilistic fuzzy clustering
of distorted data operability and allow recommending it for use in practice for solving the problems of automatic clusterization of
distorted data. The proposed method is intended for use in hybrid systems of computational intelligence and, above all, in the prob-
lems of learning artificial neural networks, neuro-fuzzy systems, as well as in the problems of clustering and classification.

KEYWORDS: fuzzy clustering, distorted data, credibilistic fuzzy clustering, similarity measure.

ABBREVIATIONS X, is a data set matrix that contain the value of the
NN is a neural network;
NFN is a neuro-fuzzy network;
FCM is a fuzzy c-means method;
CFC is a credibilistic fuzzy clustering.

components of the vectors-observation available in X
k is a number of the vectors-observation;
i is a number components of the vectors-observation;
X(k) is a vector of observations;

NOMENCLATURE x;(k) is a preprocessed original data;

X' is a data set matrix;

X is a distorted data set matrix;

X 1is a data set matrix that contain all components;

X.(k) is a value of the vectors-observation;
I, q is a number of cluster;
U, (k) is a membership level;

X 1s a data set matrix that contain components of
> Cl is a cluster;

ion rs that ar ntin X ; . . .

observation vectors that are absent ; D is a Euclidean distance:
D, is a partial distance;
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E is a goal function;
W is a centriod of cluster;
n(k) is learning step parameter;

Cr, (k) is fuzzy credibilistic membership level;

o is a Cauchy distribution;
3, (k) is a Lagrange indefinite multipliers;
B is a fuzzyfier.

INTRODUCTION

The problem of clustering (classification without a
teacher) is an integral part of the general problem of Data
Mining [1], for the solution of which many approaches,
methods, and algorithms have been developed. Within the
framework of this task, a special place is occupied by the
problem of fuzzy clustering [2—4] which considers the
situation when the classes being formed overlap, i.e. each
observation can simultaneously belong to several or all
classes. Within the framework of this subtask, two main
approaches have been formed today: probabilistic [2],
when the probability of its belonging to each of the possi-
ble classes is estimated for each observation, and the pos-
sibilistic [5], where the possibility (not probabilisty) of
belonging to some of the classes is estimated. Both of
these approaches are associated with solving the optimi-
zation problem (nonlinear programming) of the adopted
goal functions and, in the general case, can lead to differ-
ent final results. Despite the rather serious mathematical
basis of these approaches, they suffer from a number of
significant drawbacks: so the probabilistic approach is
very sensitive to “abnormal” observations, which are
practically “blurred” with the same levels of membership
in all clusters.

The possibilistic approach, in turn, is associated with
the so-called coincidence problem, when some clusters
merge together, which generally does not allow splitting
the processed sample into homogeneous groups — clusters.

Both of these approaches process data in batch mode,
i.e. it is assumed that the entire array of observations is
given a priori and does not change during the analysis. If
the data are fed online (Data Stream Mining task), the
classical probabilistic and possibilstic algorithms of fuzzy
clustering become unworkable. In this situation, the fore
sequential algorithms based on gradient optimization of
goal functions taken. Such online procedures have been
developed both within the framework of probabilistic [6—
9] and possibilistic [8, 10] approaches and have proven
their efficiency.

In clustering problems related to the processing of real
data, the initial information, as a rule, is distorted by ab-
normal outliers (noises) and gaps, and the number of these
outliers and “holes” can be commensurate with the vol-
ume of “clean” data, while a situation is possible when all
data are “dirty”. It is clear that “classical” methods (both
batch and online) are ineffective in this situation.

To combat anomalous outliers in fuzzy clustering
problems, robust methods were proposed based on the use
of both robust goal functions of a special type and similar-
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ity measures insensitive to outliers and designed to oper-
ate both in batch [11, 12] and online [8, 13] modes.

As for the presence of the gaps in observations, there
was also developed a number of techniques (through
probabilistic and possibilistic approaches) as a batch [14,
15], and online [16]. And finally, in [17], a robust credibi-
lisic procedure for fuzzy clustering of data distorted by
both outliers and gaps based on a similarity measure of a
special type was introduced.

The object of study is fuzzy clustering of data dis-
torted by both outliers and gaps.

The subject of study is procedure for fuzzy clustering
of data distorted by both outliers and gaps based on a si-
milarity measure of a special type.

The purpose of the work is to introduce robust cre-
dibilisic procedure for fuzzy clustering of distorted data.

1 PROBLEM STATEMENT
The initial information for solving the problem of
fuzzy clustering using any of the known approaches is a

sample of observations (batch) formed by N (nxI)
vectors-observations X :{X(l), X(2),...,X(k),...,x(N)} cR"

where  X(k) = (%, (K),..., X, (K),.... X, (K))” €R" which in the
self-learning mode has to be divided into mutually over-
lapping classes-clusters, while in the process of solving
the problem for each observation X(k) the sample should

be determined by its fuzzy membership level U, (k) to
each of the possible clusters Cl (1<g<m). It is also

usually assumed that the original data are preprocessed
(normalized, centered) so that —-1<x(k)<I or

[x(kf=1.

2 REVIEW OF THE LITERATURE

Alternatively to probabilistic and possibilistic proce-
dures [18, 19] it was introduced credibilistic fuzzy clus-
tering approach using as its basis the credibility theory
[20], and is largely devoid of the drawbacks of known
methods.

The most common approach within the framework of
probabilistic fuzzy clustering is associated with minimiz-
ing the goal function [3]:

N m
E(Uqk).wg )= X D UBD? (x(k)wg) (1)

k=1g=1

o]

with constraints

m
YUk =1,
g=1

@

N
0< > Ugk)<N.
k=1
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Solution of nonlinear programming problem using the
method of Lagrange indefinite multipliers leads to the
well-known result

1
2 =
e (o (x(k),wq>)11’
> (02 (xo.w))"
= )
> (Ug®) x(k)
W, = k=l
q N B
2(Uq(0)
=1

coinciding with f =2 with a popular method of Fuzzy C-
Means of J. Bezdek (FCM) [2].

If the data are fed to processing sequentially, the solu-
tion of the nonlinear programming problem (1), (2) using
the Arrow-Hurwitz-Uzawa algorithm leads to an online
procedure [8]:

1

(D2 (x(k -+ 1w, (k)))@
m e
Z( D? (x(k +1),w (k)))l—ﬁ
- (4)
Wy (k +1) = w(k) +n(k + DUE (k + 1) *

Ug(k+1)=

*(x(k +1)—Wq(k)).

The goal function of credibilistic fuzzy clustering has
the form [18, 19] close to (1)

N
E(Cry(k),wq )= i crf (k)D? (x(k), g ) 5)

k=1g=1
with “softer” than (2) constraints:

0<Cr,(k) <1, forallq and k,
supCr, (k) 2 0.5, forall K,

Cr, (k) +supCr (k) =1,

for any g and K, for which Cr, (k) > 0.5.

(6)

It should be noted that the goal functions (1) and (5)
are similar and that there are no rigid probabilistic con-
straints in (6) on the sum of the membership in (2).

In the procedures of credibilistic clustering, there is al-
so the concept of fuzzy membership, which is calculated
using the neighborhood function of the form [21]

Uq(K) =g (D(x(k),wq )) 7)
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monotonically decreasing on the interval [0,00] so that

94(0) = 1,9, (x2) 0.
Such a function is essentially an empirical similarity
measure of [22] related to distance by the relation

1

U,(ky=————.
q() 1+D2(x(k),wq) ®)

Note also that earlier it was shown in [16] that the first
relation (3) for f =2 can be rewritten as

D? (x(K), W, )Jl

q

Uq(k):£1+ )

where
-1

m
og =| > D* (x(K).w) (10)

1=1
(B3

which is a generalization of the function (8) (for G: =1

(8) coincides with (10)) and satifies all the conditions for
(.

In batch form the algorithm of credibilistic fuzzy clus-
tering in the accepted notation can be written as [18, 19]

Uq (k)= (1+D? (x(k), wg ))_1 :

Ug (k) =Uq (k) (supU; (k)

an

- ;
er(k)=5[uq(k)+1—?zgu, (k)}

N p
Z(er(k)) x(K)

k=1

%(er(k))ﬁ

k=1

Wq =

and in the online mode, taking into account (9), (10) [23]:

ol(k+1)=— ! ,

D D* (x(k+1),w, (k)
=1

Iq

D? (x(k+l),wq(k))Jl
oa(k+1) ’
U,(k+1)
supUI(k+1)’

Uq(k+1):[l+

(12)
Us(k+1)=

cr,(k+1) :%(U;(k+l)+l—supU,*(k)],
1=q

w, (k+1) = w, (K)+n(k + DCr! (k+ 1) (x(k +1) = w, (k).

From the point of view of computational implementa-
tion, algorithm (12) is not more complicated than proce-
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dure (4) and, in the general case, is its generalization to
the case of credibilistic approach to fuzzy clustering.

3 MATERIALS AND METHODS
In situations when an array of initial

X ={X(1), X(2)... X(K),...,

observations), the approach considered above cannot be
used and requires significant modification. Thus, in [14],
a modification of the FCM procedure based on the partial
distance strategy was proposed. Within the framework of
this strategy, three subarrays of data are introduced into
consideration:

F ={X(k) e X

data
)?(N)} contains gaps (missing

where vector X(k) containg all components},

Xp ={%(k),I<i<nl<k<N

where X, (k) — the value of the components of the
vectors-observation available in X},

X ={%(k)=none,I<i<nI<k<N

where X, (k) —components of observation vectors

that are absent in X }.

Further, the partial distance is introduced into consid-
eration in the form

D%()”((k),wq) 5 (k)Z(x,(k) Wi )8(k) (13)
and instead of (1) — the goal function
= Bk
E(Uq(k).Wg )= zlqzlu ()6Z(k)
. (14)
> (%) - we; ) 8 (K)

—_

i=
where

o foif x50 eXg,
S(k)_{lif % (K) e Xg,

n
85 (k) =28 (k).

i=1
Using the method of Lagrange indefinite multipliers,
we obtain [14]:

1
( x(k) Wy )
Ug()=— .
Y (D (x(Kk),w) )P
N|:1 (15)
3 (Ug(0)’ 5 (0% (k)
W = k=1
ql N B
> (Uq(0) 8k
k=1
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In recurrent online form (15) can be rewritten as [24, 25]

(D,§ (%(k +1),wq(k)))$
Ugk+1)=— —
(D3 (R(k+1),w (K)) )7
= (16)

W, (K)+n(k +DUP (k+1)*

W (k+1) =

*(% (k+ 1) = wi (k) 8, (k).

Similarly, using the partial distance strategy, a batch
procedure of credibilistic fuzzy clustering can be intro-
duced

U, (k) = (1+ D2 (%(k), w, ))'] ,
U (k) =U, (k)(supU, (k) ',

cr,(k)=— [U (K)+1-supU; (k)j

I+ (17)
> (k) 8,00% (k)
Wi = = N ;
> (Cr () 8,(k)
k=1
and its online version:
c (k+1)— !
ZDZ Kk +1), vv,(k))
I;:q
D2 (%(k )"
Uq(k+l)={l+ P(X(2+l)’w“( ))] :
o, (k+1)
. U (k+D)
Uq(k+l)_supU (k+1)’ (18)

Cr,(k+D)=— (U (k+1)+1-supU; (k+1)j,

I1=q

wy (k+1) =wy (k) +n(k +DCrf (k +1)*

*(% (k+ 1) = wig (k) 3, (k).

It is easy to see that algorithm (18) is a generalization
of procedure (12) for the case of processing data not dis-
torted by gaps.

4 EXPERIMENTS

To test the developed methods, as well as the analysis
of translation over other more well-known approaches,
the research was conducted using well-known test data
sets of the UCI repository, such as Wine, Gas, Glass and
Iris. Description of these data sets shown in Table 1.

Each of the data sets has its own of Attributes Num-
ber, Data Number, Cluster Number and Data Sourse.
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Table 1 — Data set description Data set, Data number, Attributes
number, Cluster number, Data source

Data Data Attributes Cluster Data Source
set Number Number Number
Wine 178 13 3 Forina et al.(1988)
Gas 296 2 6 Box and Jenkins
(1970)
Glass 214 9 6 Maskey and Glass
1977)
Iris 150 4 3 Fisher (1936)

To assess the quality of data clustering, we used Sil-
houette index, Calinski-Harabasz index and Davis-
Baldwin index. The results of clustering Iris data set dem-
onstrated Table 3.

5 RESULTS

Of course, the quality of proposed method should be
estimated.

For this reason, we used the overall accuracy compari-
son of 100 experiments for different datasets and two
clustering algorithms: fuzzy c-means method (FCM) and
credibilistic fuzzy clustering (CFC).

Table 2 — A comparison of 100 experiments for the other

data set
Data set Clustgring Overall accuracy
algorithm Highest Mean Variance
Wine FCM 68.54 68.54 0
CFC 67.98 67.98 0
Gl FCM 49.53 49.08 0.01
ass CFC 44,86 44,86 0
Gas FCM 79.05 77.33 11.33
CFC 68.58 68.55 0.01
Iris FCM 89.33 89.33 0
CFC 91.33 90.06 0.04

Credibilistic fuzzy clustering algorithm works not on-
ly with complete data, but also with data that containing
missing values. To conduct experimental studies, we arti-
ficially have introduced 10 missing values into the Iris
data set. Figure 1 demonstrates credibilistic fuzzy cluster-
ing (CFC) Iris data set with 10 missing values.

O setos
& versicolor
O virginica

as®
sepad widh

Figure 1 — Credibilistic fuzzy clustering Iris data set with 10
missing values
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Table 3 — Result of clustering Iris data set with different

algorithms
. . Silhouette | C2linski- | Davis-
Clustering algorithm . Harabasz | Baldwin
index . .
index index
Adaptive probabilistic
fuzzy clustering data with 0.2326 921.58 1.28
missing values
Adaptive possibilistic
fuzzy clustering missing 0.2325 922.01 1.25
values
Adaptive credibilistic
fuzzy clustering missing 0.3335 965.42 1.05
values
FCM 0.2354 986.39 1.23
K-means 0.3676 1419.28 1.09
6 DISCUSSION

The result of clustering data sets shown in Table 2. As
the table shows, the prepositional credibilistic fuzzy clus-
tering algorithm shows good results.

Comparative data analysis was performed with previ-
ously proposed clustering methods data that containing
missing values such as adaptive probabilistic fuzzy clus-
tering data with missing values, adaptive possibilistic
fuzzy clustering missing values and classical algorithms
FCM and K-means.

Thus, the silhouette index shows how the average dis-
tance to the objects of cluster differs from the average
distance to the objects of other clusters. This value is in
the range [-1, 1]. Values close to —1 correspond to “bad”
(disparate) types of clustering. Values close to zero indi-
cate that the clusters intersect and overlap. Values close to
1 correspond to “dense” clearly selected clusters. Thus,
the larger the silhouette, the clearer the clusters and they
are compact, densely grouped clouds of points. As can see
from the silhouette index, the data recovery method works
quite well. The higher the value of the Calinski-Harabasz
index, the better is the solution. In the Davis-Baldwin
index, values close to zero indicate the best section, i.e. as
can see, with almost all missing data, the distribution is
“good”, so the method worked well.

CONCLUSIONS

The conducted experiments have confirmed the effec-
tiveness proposed methods of credibilistic fuzzy cluster-
ing of distorted data operability and allow recommending
it for use in practice for solving the problems of automatic
clusterization of distorted data The proposed method is
intended for use in hybrid systems of computational intel-
ligence and, above all, in the problems of learning artifi-
cial neural networks, neuro-fuzzy systems, as well as in
the problems of clustering and classification.

The scientific novelty of obtained results is that the
method of credibilistic fuzzy clustering of distorted data
based on the partial distance strategy, that shows good
results in comparative analyses with another methods, that
“worked” with distorted data sets.

The practical significance of obtained results is that
analyze properties of the propose methods of credibilistic
fuzzy clustering of distorted data. The experimental re-
sults allow to recommend the proposed methods for use in
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practice for solving the problems of automatic clusteriza-
tion of distorted data.

Prospects for further research methods of credibilis-

tic fuzzy clustering of distorted datafor a broad class of
practical problems.
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OHJIAWH HEYITKA KJIACTEPH3AIIISI JAHUX 3 ITIPOITY CKAMHY 3 BAKOPUCTAHHAM JTOCTOBIPHOT'O
naxoay TA MIPU INIOAIBHOCTI CHEIJAJIBHOT'O BUIJIAAY

Bonsinebkuii €. B. — 1-p TexH. Hayk, npodecop, npodecop KadeaApH MTYYHOTO IHTENEKTY XapKiBCbKOTO HAliOHAIBHOTO YHi-
BEPCUTETY PaIiOeNeKTPpOHIKH, XapKiB, YKpaiHa.

Iladpponenko A. FO. — xaHx. TexH. HayK, JOIEHT kKadeapu iHGopMaTHky XapKiBCHKOTO HAIIOHAIBHOTO YHIBEPCHUTETY Pamio-
SJIEKTPOHIKH, XapKiB, YKpaiHa.

KaimoBa I. M. — acucreHTt kadenpu cucTeMHOI iHKepeHepii XapKiBCbKOr0 HAI[lOHAIBHOTO YHIBEPCHUTETY palliOeNIeKTPOHIKH,
XapkiB, YkpaiHa.

AHOTAULIA

AKTyaJbHicTb. Y OUTBIIOCTI 3aBHaHp Kiactepusamii (knacudikamii 6e3 BUMTENS), OB’ S3aHAX 3 00POOKOI0 pealbHHUX JaHHX,
MoYaTKoBa iH(OpMaIlis, y TOMY Yd iHIIOMY BHIAJKY SIK IPABUIIO, CIIOTBOPIOETHCS Yepe3 aHOMANIbHI BUKHIH (30ypeHHs) Ta MpoITyC-
KH. 3p03yMLiJIO, M0 «KJIACHYHI» METOIY IHTEJICKTyalbHOTO aHali3y JaHUX (K MAaKeTHI, TaK 1 OHJIaiH) B IiH cUTyaIil Hee(eKTUBHI.
Meroto po6oTn Oyio 3ampoNOHYBaTH IMPOLELYPY HEUITKOI KiacTepu3alii BUKPHBIEHHX NaHUX 3 BUKOPHUCTAHHSAM IOCTOBIPHOTO
X0y Ta MipH MOJIOHOCTI CIeLiaJbHOTrO THITY, @ TAKOXK PO3poOKa MeToJa IOCTOBIPHOT HEWITKOI KIacTepu3allii CHOTBOPEHUX Ja-
HUX i3 BUKOPHCTaHHIM Teopil JOBipH, sika Oyyia Ou 1mo30aBiieHa HEHOJIKIB IMOBIPHICHUX i MOXKJIMBICHUX HiIXOZIB KJlacTepH3ariil
BUKPHBIICHUX JaHUX.

Mertop. [Ipouenypa HeuiTkol KiacTepu3aliii HEMOBHUX JaHHUX i3 BUKOPUCTAHHIM JOCTOBIPHOTO MiIXOy Ta MipH CXOXOCTI CIie-
LiIFHOTO THITY, 3aCHOBaHA Ha BUKOPHCTaHHI POOACTHUX LUIbOBHX (PYyHKIIN CIELialbHOTO TUIY, a TAKOX Mip MOXIOHOCTI, HETY TIIH-
BHX J0 BUKUAIB Ta NPU3HAYCHUX AJIs poOOTH AK y MaKETHIH, Tak 1 B OHJIAMH Bepcii ans BupinieHHs mpobiem Data Stream Mining,
KOJIM J]aHi HaJIXO/ATh Ha 0OpOOKY IOCITIZIOBHO B PEXKHMI PEabHOTO dacy.

Pe3yabTaTH. 3anponoHOBaHI METOIM € NPOCTHMHU B YHCENbHIN peamizalii Ta 1mo30aBieHi HENOMIKIB, BIACTHBUX TPaIUI[IHHIM
METO/IaM IMOBIpHICHOT Ta MOXIIMBICTHOI HEUITKOI KJIacTepH3allii.

BucHoBku. IIpoBeneHi eKCIEpUMEHTAIbHI JOCIIDKEHHS MiATBEPIMIN PE3yJIbTaTUBHICTD Ta SKICTh POOOTH 3arpOIIOHOBAaHUX
METOJIB TOCTOBIpHOT HEUiTKOI KiIacTepu3allii CIOTBOPSHHUX JAHUX i J03BOJISIIOTH PEKOMEHAYBATH iX U1l BAKOPHCTAHHS HA MPAKTHLI
JUIsL BUPILICHHS NPO0JieM aBTOMAaTHYHOI KJIaCTepU3allii BUKPUBICHUX JAHUX. 3alpOIOHOBAaHWH METOJ NPU3HAYEHMH M BUKOPH-
CTaHHS B TIOPUIHHUX CHCTEMaxX OOYHCIIIOBATIBHOTO 1HTENEKTY 1, IEepIl 3a Bce, y MpobieMax HaBYaHHS MITyYHUX HEHPOHHHX MEPEXK,
Heiipo-(as3i cucTeM, a TaKOXK y 3aBIaHHAX KIacTepHu3alii Ta Kiacudikamii.

KJIIOYOBI CJIOBA: HeuiTka KiacTepu3aliis, BAKPUBIICHI AaHi, JOCTOBIpHA HEUiTKa KIIacTepHU3allisl, Mipa HOAIOHOCTI.
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OHJIAVIH HEUYETKAS KJTACTEPU3AIINS JAHHEIX C ITPOITYCKAMHA C HCHOJb30BAHUEM
JOCTOBEPHOI'O IIOJAXOJA U MEPBI CXOXXKECTH CIIEHUAJIBHOT'O BUJIA

Bonsuckuii E. B. — 1-p TexH. Hayk, npodeccop, npodeccop kadeapsl HCKYCCTBEHHOTO HHTEIICKTa XapbKOBCKOTO HALTMOHAIb-
HOTO YHUBEPCUTETA PAIMOETIEKTPOHUKH, XapbKoB, YKpauHa.

ladpponenko A. FO. — xanz. TexH. HayK, TOUEHT Kadenpsl nHpopMaTHky XapbKOBCKOTO HAI[MOHAIBHOTO YHHBEPCUTETA Paiii-
OCIEKTPOHUKH, XapbKOB, YKpauHa.

Kanmosa U. H. — acucteHT kadenpsl CHCTEMHON HHXepeHepHr XapbhKOBCKOTO HAMOHAJIBHOTO YHHBEPCUTETA PAIHMOCIIEKTPO-
HUKH, XapbKOB, YKpauHa.

AHHOTAIUSA

AKTyaJIbHOCTB. B OoNbIIMHCTBE 3ama4 KiacTepu3auuy (Kiaccupukanuu 0e3 yYHTens), CBS3aHHBIX C 00pabOTKOM pealbHBIX
JaHHBIX, MCXO/IHAsl MH(OPMAIIUS B TOM WJIM MHOM CIIydae HCKaKaeTCsl aHOMAIIbHBIMU BbIOpOcamu (LryMoM) U mporyckamu. [IoHAT-
HO, YTO «KJACCHYECKHE» METOJbI HHTEIUIEKTYaJIbHOIO aHalHu3a JAaHHBIX (KaK MaKeTHbHIE, TaK U OHJIAHH) B JAHHON CHUTyaIlMd MaJo-
s¢dextuBHBI. Llenpo paboThl OBUIO MPEATOKUTH YUCIEHHO IIPOCTYIO MPOIEAypy HEUSTKOW KIacTepH3aliH HETOIHBIX JaHHBIX C
HCIIOJIb30BaHUEM JIOCTOBEPHOIO ITOJIX0/Ja U MEpPhI 000U CIIeHNaIbHOIO THIIA, KOTOpasi Obl1a OBl JIMIIEHa HEJOCTATKOB BEPOSITHO-
CTHBIX ¥ BO3MOXXHOCTHBIX HO/IXOJIOB KJIACTEPH3AI[MN HCKAKEHHBIX JIAaHHBIX.

Mertoa. Pa3paborana mnpouexypa HEUETKOH KIACTEPH3allMM HEMOJNHBIX JaHHBIX C HCIIOJNB30BAHMEM JOCTOBEPHOIO IMOAXOIA U
Mepbl 0100Us CHEMaIbHOTO THIIA, OCHOBAaHHAS HA MCIOJIb30BAaHUM KaK POOACTHBIX LEJIEBbIX (YHKIMII CHEMAIbHOTO THIIA, TAK U
Mep Mofo0us, KOTOPBIE HEYyBCTBUTEIIBHBI K BHIOPOCAM U pacCYMTaHbl Ha paboTy Kak B MAKETHOM, TaK M B OHJIAIH - BEpCUM 1A pe-
menus npodiem Data Stream Mining, Koraa gaHHBIE MOCTYMAIOT Ha 00pa0OTKY MOCIIEAOBATENBHO APYT 3a APYTOM, B PEXKHUME pe-
JIBHOTO BPEMEHH.

Pe3yasTatsl. [IpencraBieHHBIC METOIBI IPOCTHI B YHCICHHON Peai3aliy 1 JIAIICHBl HeIOCTATKOB, IPUCYIIUX TPAJAUINOHHEIM
METOJjaM BEPOSITHOCTHOI M BO3MOKHOCTHOM HEYETKOH KIacTepU3aLiH JaHHBIX.

BriBoasl. [IpoBeieHHBIE SKCIIEPUMEHTANBHBIE HCCIEOBAHMUS IOATBEPIMIN pab0TOCIIOCOOHOCTD NPEIJI0KEHHBIX METOIOB JI0C-
TOBEPHOM HEYETKOH KJIACTEPU3ALMU HCKKCHHBIX BBIOPOCAMH U IIPOIYCKAMHU JAHHBIX M O3BOJISIOT PEKOMEHJIOBATh UX K UCIIOJIB30-
BaHUIO Ha MPAKTUKE IJI PELICHMS 331a4 aBTOMAaTHYECKOH KiacTepu3alii NCKaKEHHbIX JaHHBIX. [IpeuiaraemMplii MEeTO npeHa3Ha-
YeH JIJIs UCIOJIb30BaHUs B THOPU/IHBIX CHCTEMaX BBIYMCINTENBHOIO HHTEIUICKTA H, IIPEX/IE BCETO, B 3a][a4aX 00y4YEHHUs HCKYCCTBEH-
HBIX HEHPOHHBIX CeTei, Helipo-(ha33u cucTeMax, a TakxKe B 3a/la4ax KIaCTePU3aLUH U KIacCH(HUKALUH.
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