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Iw im. Jle Jlun quaaUty ts grooving concuitcaily; data

s ttsed mprrewt”' frequeolly to increase living

aod profiu The given tacts make the usage of data

itcianciH pcuial. First of alt. It happens because of

Ac «BpMabildy of nsaig wclMcnown and well-researched

wnbnA ofbatch computing in conditions of such amount of

akpsaan”® Nasn. The main reason U that dk inajority of the

macAod» of bvdi comptttmg arc dc\'clopcd with assumption

*vi*Mdr «occpsio data pre-loaded imo RAM But novtdays

dw «cams arc bigger than personal computers arc able to

uiipa5 nds tV memory For this reason, the methods of data
«0 H K1 cnmfNMii* arc currcmly imporliml.

SfKcat mnutno among data streams computing should

" to rke ifStyvH which solve the problem of classification.

4a a mk. they* are based on dectsioii trees [l SVM [5-6].

Vijive fWytruan classifier |7j, slaiistica! ;ipproaclics [K-9J.

mA tl—tonwg mctho(b fl0-12|. The approach suggested is

baaed Oft ebe uv of unlmc (histafson-Kcssel algorithm of

The advantages of online Omiafson-Kcsscl

m oprabmation wilh such statistical approaches as

ouvwHWece n«rnr and heuristic threshold paramcicfs. They

irwke Ac algorithm 6u( and (lcYihly adapted to different

types of orcarti data The disadvantages of the nlgorithm arc

\ K Yai>k(W4kaya
formIr State Unnierury of Architwnire asH Awv»m®

To*wk Piilyiethmc nntvrrttfy. Turnuk State |, mvtfaty«»r
( nfltml Ay«lenu iimi Raibnelccttonks
lornuk. RiiMtfl
syyartknv'rt'grn»il com

the necessity of store fhr every duster, covariimw TauT
the number of ohjeds in cluster, tbc number of object nf
ench diLSs. the lolal (lishincc from the center of the cluskt ti
nil llic objects mcluded rnto it and the mdicaiion >if reccnl
duui inccmic

We must ndmit that (inline Giistatson-Kessel agomiVir;
for the soluiirm of the task of data approxuwlDbrlis used
widely [13). The application of this algorithm to the prohicm
of data approximation is based on the conbrnafirm of die
method of online clusterization for input daut set tnd 1
output space the method of approxinuimg line cvabatiofl s
each cluster based on recursive least square method In
contrast to the indicated analogue there a?» a need to snivc
the problem of calculation of distance in space of cla«
marks and connect the process of input data clusiaijifMn
with llte dassificaitcn problem of output data

In the following sccliun the af*>ruach to data sireaas
dassificalton and the suggestion of the three methods of
class label calculation on the basis of a cluster will be
described.

il. Data Stream CLASStficATiON approach

Evolving Gustafson-Kesscl algorithm is taken as tk
basis [14]. complemented by the procedure of cluacts
merging suggested in the article [15], and tbc rikthod of
deleting the dusters described In the article [16]. For itc
description of suggested approach we define the folioftma a
- the speed of cluster center update; (I - the boilVidar)
probability of layout chi-square; y - the initial scale for toc
covariortcc matrix; n —the spatial dimension of input Jaa '
- the number of classes: - ihc boundary probability' of
laj'out clii“sgiiarc: i - die minimum distance to dusk;
merging: hi ~ tlic ma.ximiini period of duster update, f- the
identity matrix; xt - the vector of input data which are
available at the k time object: - output class label at the 1
lime object; w- the vector of the center of i cluster: H*, -
covariation matrix for / duster; cFt,- the distance bemcer
ihc center of 1cliusler and t object; lit, - the weight raiio of
llic proximity between i duster and i object; fFa e



hctren | clister gral K i*hjcci, iv, - the
NegVKfofinnnHipikuble ch»tcr,/7« "ihe imlcx ofaciu”icr
«yK (he mmimum mUuc of /Vir. [ - the number of object»
gilctolci, the number ofobjecLH ol/cla%s m i cluKer;
(he LunT«r> cNiuTMImn of the / elass objecu duitencM
~riKcemerof icluMer.
blcb tune i new «bjccl arriv¥C4 ;i( the time object k. a
BeMAren i%jeci xi nnd all dunier cement in

led «eifthi ni(K) of protnmily between duster i and
v~i t” ctilualed using the following formula:

w.. - )

|-t

Veil, *n estimation of closciie.44 of each duster lo an
abfcctlS cNatiutiod m the following way:

*FL* @) 3)
w) n ukky of the closest cluster is determined as follows:
=argmin(/j]). 4
"-ful

IfDr* <fa or 2»is unavailable, object xt is added to
cteier pb otherwise a new cluster is created. During the
<hB)ia creatMn. the values describing it are computed
accorduHtio formulas (S-9):

vAXt. (5)
(fi)
()
[O.elsc
(<)
OjClse
Wpt *0- (©)]

ftTiik adding an object Xt to a duster with index pi. one
his to recalculate a covariance matrix determinant using
6]rmuda(10). covariance muirix itself according to tbmiula
flu the cluster center by formula (12), if zt value is
«vaibble. increase an amount ot objects of each class in
Jester by formula (13),increasc total distance between
chaster cenUf and objects belonging to each ofthe classes by
fiirmuk fU), and update centers of all other classes by
Caramla(15). increasing their counters as follows (16):

dcKFAHd-ar'deUFAM'rO-a +ff'-D:.,,). CO)
nt)
gacG =
l-a +a*V ,\
Vi =Vig +N'*= (XN -V plJ, (12)
(%)

U

V, = -(I.f1.t, # PA. (15)
W+ dh)

If an object .ti with absent was delivered, it n
necessary to determine iu class (working m chisiificr mmic)
It can be achicvcil by vannu4 ways. 1 dtlTcrem opdoas are
rcprescnicd by formulas (17-19):

(7)
(IH)

Jofi.d
19)

J-M]

r

where n/Pi =} O'<f-FI

In the following scclioa we will describe a comparison
of these ways of object classification.

During Ihc update of duster centers a situation can occur
when duster centers arc too close to each other and requem
estimation of data as belonging to the same clats. In ,'rach
stnialion one has to check following conditions for inputs
(20) and outputs (21):

(20)

for evaluation of D\ a formula similar to (3) with Jt* replaced
by is used

3/A1L>|,2/rANDA.ij=I1.cl.Ji*y
M. M,

If condition.s (20) and (21) are lulllllcd for the same
cluster pair indexed as / and /, it is necessary to preform
cluster merging according to formulas (22-26):

*V, + Ki. * V-
(22)
(23)
w,+ WA
(24)
wq =0. (263

After performing all the previously described steps one
has to check the nccessiiy ofdusu:r deletion: if cluster i w-as
not updated by new values for more llian r|: lime objects, a
cluster has to he deleted.

Let us show' Uie approach being provided as UML
aclivily diagiam on Iig I.
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In the next section, we will move to benchmarking
ditTcrenl approaches to determining a class label and ibeir
mfluencc on the accuracy.

ill. Exj»fcRiMEbrrs

The experiments have been performed by considering 4
real-world datasets (hup:/'www.keel.es). To carry the
din'erent experiments out, a five-fold cross-validation mode!
has been applied. The characteristics of these datasets for the
classification problem are given in (he table 1

T.ABLEL TESf DATASETSCXARACTERISIXS

DalMcl Feaiuret InsUncM ~ C1a55»
Hcpatils 19 80 2

Wine 13 178 3
Vehicle 18 846 4
Segment 19 2310 7

Given the fact that the data streams computing methods
depend greatly on the sequence of ihe data, each test was
carried out .'to limes with difterem data sequences in order to
increase the reliability of the results of the experiment.

The results of the experiment are provided in table 2 as
average classification accuracy. To enable the pussibility to
compare with batch mode anaioguc the last strings arc
provided containing data for fuzzy classifier built with the
asage ofalgorithms of iniUaiizalion and optinii/aikm [1H].

0" AppUmlinfi of liMofmetwo nod Cofwnun*r.a«on T<i”">if>ateciwi TAICT)

TABIJ: Il AUtMAOINIMO» Mol TWASTLA/LTTY
AT |\l ANAIIVIT t

Trafntnf VI T#HM *el
Ne«ie ® «KUTKY 1rcuracy
(A 1%1
Inferrnie by fimriuin 73.XJ " 1 Y
(»T)
rnfennu hy (arrmite 7S.44 70.7 OH

[nrererk;c hy lorrne* M.A7 n 40, «

fu/7yclkM«ncr 94.4) f41 «l
VFlw
rnfcrei>;< by fnrmiiln 7ft. 13 73) 5 0,4
(17)
Infeientx by fonmilA Xit6 h:.81 o4rt
(IK)
In Terence by fivmuJa 88.73 83.3» 04J
(19)
Fuzzy chMsifier 9932 96.94 6l
Vehicle
Firciokc by lommb 59.73 48.04 292
(17)
Infeitooe DY lurmula 57.93 49.67 199
(18)
Inference by (brmala 6057 49.56 1jos 1
(19)
Fuzzy dauificr 53,48 4857 1287 1
SefnKOlI
Inference by formula 71,91 71.45 172 ~
aIm
Inference by rormula 73.07 72.08 an
(1S)
lofcrencc by ((Krmila 78.53 75.81 966
(19)
Mw y classifier 89.61 85.43 279fa0

The conclusions of the experiments' results arc provided
in the next section.

IV. Conclusion

This paper shows the significance of evolving classifien
for the data streams. General approaches to creatmc soefa
cla.ssificrs arc briefly described. The approach is provided,
based upon the combination of ideas developed by de
authors of online Gustaft'son-Kessel method in order io
create approximators. That approach is applied to the
dassiUcation ta.sk.

Several ways of evaluating the class label in the systems
of that kind are provided. The experiments are earned out LU
order to determine the mtluence of an inlerenoe type on (be
accuracy and performance.

In accordance to the experiment the conclusion presemed
by formula is recommended to use as it provides more
accurate results with an insignificant loss of time m
compari.son to the others. On the majority of sets it is seen
that the accuracy of the suggested one is less to a ftiZTv
claasificator, but a fliz/y classificalor demands much more
lime in terms of enlarged range.
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From iww forward ii is planned to combine the suggested

.ich with the other evolving n”ethods of data streams

Aipcation in case of accuracy iniprovemenl. It will be the
test optioTi for this approach because in the majority of the
Ajtions it may be implemented as a single thread (except

metnX operations), thus the other threads may be

ijploaded using the other methods.
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