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A new ensemble clustering method based on fuzzy cmeans
clustering while maintaining diversity in ensemble
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I3Department of Computer Engineering, Maybod Branch, Islamic Azad University,
Maybod, Iran
’Department of Computer Engineering, Mamasani Branch, Islamic Azad University,
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Abstract

An ensemble clustering has been considered as one of the research approaches in data mining, pattern

recognition, machine learning and artificial intelligence over the last decade. In clustering, the combination

first produces several bases clustering, and then, for their aggregation, a function is used to create a final
. cluster that is as similar as possible to all the cluster bundles. The input of this function is all base clusters
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and its output is a clustering called clustering agreement. This function is called an agreement function.
Ensemble clustering has been proposed to increase efficiency, strong, reliability and clustering stability.
Because of the lack of cluster monitoring, and the inadequacy of general-purpose base clustering algorithms
on the other, a new approach called an ensemble clustering has been proposed in which it has been
attempted to find an agreed cluster with the highest Consensus and agreement. In fact, ensemble clustering
techniques with this slogan, the combination of several poorer models, is better than a strong model.
However, this claim is correct if certain conditions (such as the diversity between the members in the
consensus and their quality) are met. This article presents an ensemble clustering method. This paper uses
the weak clustering method of fuzzy cmeans as a base cluster. Also, by adopting some measures, the
diversity of consensus has increased. The proposed hybrid clustering method has the benefits of the
clustering algorithm of fuzzy cmeans that has its speed, as well as the major weaknesses of the inability to
detect non-spherical and non-uniform clusters. In the experimental results, we have tested the proposed
ensemble clustering algorithm with different, up-to-date and robust clustering algorithms on the different
data sets. Experimental results indicate the superiority of the proposed ensemble clustering method
compared to other clustering algorithms to up-to-date and strong.

Keywords: Ensemble Learning, Ensemble Clustering, Fuzzy Cmeans Clustering Algorithm, Data Validity.
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The algorithm for generating a diverse clustering ensemble

Input: X,B,c
Output: 1

01.11 = @;

02.y =randx 0.5;
03. Fori=1to B

04. n = |X|;

05. ¢;=rand([c, ..., min(vX, 100)));
06. [m;, c;]=BaseClustering(X, ¢;, y);
07. N=nu{m};

08. EndFor

09. Return 11

b pime oo glaguivabips il bl adgi wSard :(0-Jsb)
(Figure-1): A pseudocode of consensus production of local clustering - valid base

The base clustering algorithm

Input: X,c,y
Output: m, ¢
0l.m=0;

02. TempX = @;
03. counter = 0;
04.CN = 0;

P ole Fo,ll VAl Jle



05. While ((IX| — [TempX|) = c?)

06. [N+, .., TN *C¢]=modifiedfuzzycmeans(X, c, y, TempX);
07. CN =CN +c;

08. Fork=1toc

09. If(ln.counterxc+k| < C)

10. meounterxctk — ¢ counter = counter + 1;
11. EndIf

12. TempX = TempX U meounterxctk,

13. EndFor

14. EndWhile

15. ¢ = CN — counter,

16. Remove all empty clusters from m;
17. Return m, c;

by o Ao (gaiuabgs SO audgi v 5ol wS Al (Y- JSb)

(Figure-2): Pseudo-code algorithm for producing a valid local-clustering base

The modified fuzzy c-means clustering algorithm

Input: X, c, y, RDI % Removed Data Index
Output: [rp1,752, .., el

01.vi €{1,2,...,c}: @ = @;

02. counter=0;

03.Y = 0;

04. Temp = {1, ..., |X|} — RDI;

05. For each j in Temp

06. counter = counter + 1; Ycounter = Xj;
07. If (counter < c)

08. Ceounter = Ycounters

09. EndFor

10. For j=1 to MaxlIteration
11. For p=1 to |X]|

12. Fork=1toc

13. disgp = |x; — Cil;

14. DIR, = {1 disip <V,
0 0.W.

15. If (p € RDI) DIRyy, = —DIRyp;

16. EndFor

17. ADIRy, = ¥5_1|DIRp|;

18. clny=arg ker{l}i.r}'c} disyp;

19. If ((ADIR, > 1&(p & RDI))

20. Forp=1toc

21. DIRyp = —DIRyp;

22. DIRycin, = 1;

23 EndIf

24 EndFor

25. For k=1toc

ofef,.)

26. AC = ADIRL 5
27. EndFor

28. C=CH+AC;

29. EndFor

30. For p=1 to | X]|

31. For k=1toc

32. If (DIRyp == 1)

33. T =1 U {p};
34, EndIf

35. EndFor

36. EndFor

37. Return [‘r‘n1,1"nz, ) T'T[C]

Bl > gps cmeans (o318 gutualigS o 5o A Al (Y- JSC)
(Figure-3): Pseudo-coding of fuzzy clustering algorithms improved cmeans
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(Figure-4): (a) A dataset and true cluster labels (high). (B) The result of the fuzzy cmeans clustering algorithm (bottom).
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(Figure-5): The result of applying the fuzzy cmeans clustering algorithm improved on the data set in Figure 4. (Note ¢ = 2).

< Oldlbo -F

Iy oleing (o5 5 anadss i, )l Lisu o
odlddcgaze gy g (Lgbae odlddcgee Sz 55y 2
Ll ol s @bl i s peiiee Sme (Al

oS 0 dumliie 59,40 (laes oSl

Slaxi ((|X]) ool Ll dlasi (dvosloac gosxo 7 3 (Y- Jguz)

(©) badgs slaxi (1)) ol

(Table-2): Description of the data set: The number of data
objects (|X|), the number of traits (|x;|), the number
of clusters (¢)

c Al |X| o3ls dc gazo
3 2 600 (U""L'_v nga) Lsil:‘\""_bje
baad YL-F S anl) obgo-(s59e

2 | 2 300 ST
(3L B Y- bosls slaws 84

7 2 788 (lawg-Y JS2) plican-glosgs

2 2 300 Y=Y JS2) (oaligo-cyslenels

3 4 150 Iris

3 13 178 Wine

2 30 569 Breast

10 63 5620 Digits

2 39 1048576 KDD-CUP’99

ol 155 ¥

Wl ) IS8 5o oleiing (oS5 oadss o )55l
Lol pi,s ol IS (Sauzmy ol oads

el O(IXIUZE i+ e+ By c)? + B))
L e, Sloy (Saomy dal, o5 col ssnlie LB
(S 5 GSel Gl g cwl e slal slaw
i (5090 5 A jieds sl sloaligs> B olass y0gs yidien
1)lke 4 05 (B8 el e Lo (U5 sba cnlple

B

B
Zci < Zmin( IX1,100) < 1008 < |X|
: £,

i=1 i

] o (5)).: 6L.> LgL:bo.)L) 6‘]" Pyasa)
L;ol.erww pliﬁf.” aS cwl Q] odudnlis (pl (g 5k
o 5))4 )l.u...: a)b.:‘ L dhoo‘ouw L ablis 6‘)“

Losldac gosxo oy —F-)

el 00U r:l:ul oé'.)é.cs&:;.u 4_: 89y 2 ‘5,)_79 6[_@‘5,[_,))]
AR o olss I, ools dcgoze Q_)_l Sy (V) Jgo

16999 < By

(9 ST

olasy (285 ¥ SS oo S a4 4y (ganddiss dcgame S ol e )
oy oadigSCn

4 glazl 5 Jlagy5e BLE S il ¥ S dl yo 5l oase] Caws

4 )lo0y5 BLE 5181 Yelo! 5l susl Caws

e st S 05l Css a PGS S8 25 5 51k )

2l gamadys puilo Sk o

N

(Figure-6): Pseudo-code of proposed ensemble d q
clustering algorithm ~

7 ol F ol ivan Jlo



\I
&)
'
3
3
;
X
'S
%
:
2
9
)
é
D
o)
)

D9l g0 iy S 5 JSSA N Cime

;m:];zpj‘ @)

0> le e o lis 1) eoloacgazms slaosls slass 5o m

D9 oo i mi 5 Oyg0ds [52] sais wulais ARI

[;}Z [nz J—Z,. ("2" } Z(nzj O
o_sx(ZHZi['lzf. ]+z/(n; J}Z (2]2[2)

Guysd L Sgods [56] easloy blite ledb

ARI(m,,L)=

P>

Rese
v

n;xn

2053 ¢ log
zi/nl_xlog

n; xn,;

NMI(m,,L)=- e o
3 0, < log

2 aS alb S oo p ) Su g she G so0e lne 93 0
3,80 cal )l Wieds wil 555 sadol soe ax

ol 28lg 518l 5S35 A

oy lio 9,4 sla g, —F-Y
son ) ool w0 Shee (s S0l sl
deglio 5 (oS 5 s slo oS L ) ol oS
ioolaz jon o ple Joli ailfge calid slap 63Xl )
5 OL) (Soign oslealader slagi o8l izren
Gomddsd  oglcamsas il (AL)  lawgiedise

ol ol oolainl 550 (pl o oled BgS

Jold lagdy, cul SISl (e slapn oSl Y
4w [10] MCLA  HGPA (CSPA

Loty ol @Szl e sl s Y

[22] SWV 4 SV slaem ;o5 51 o Le
B8les ool g [41] EM) jlasl aciny oo ,e
Ohgy el pedle soul [44] AVC) 6,15 Sl

P ole Fo,ll VAl Jle

<

V) IS o soan sloosloacgoms ol sladig> 256
Slhas S, Bly sbhosloacgome canl oad ooly lis
[55] s UCT sloooloac gomxe

Soo H
o g g
X ,‘: . .‘4
- SR .
-2 +
- 4 n M -
90— lgreli
5‘
ol
n an an an a
@ bean— gloogi
e i ™ :
F g 8
f 4 ) B
. g
ol
n an an an A

s2baw—as 2

(SEgman 031D dw &9 595 (V- JK&)
(Figure-7): Distribution of three artificial datasets

b3l loylene -
[\ mo; oslaiuwl ‘5?)5 )L,:&A 9o )‘ oo);;m? )jjadg Lo
G9y y Sy w.,,..,..fzs' 9 Lgd;gé..f;}} Azl O Mbl-w
S 4 azg LS gpSoslal 1) lecolbas gexe
ol (gomadgs L) 5Lal g0 g X oolvacgese
sS:\. Azl 45)77'[1, = {T[;,TT;, ...T[;p} ] ‘L...A‘d.cjw
a) L={LY 17 L} 5 (el aily gomadgs o3 oSl
) JS..»m ‘)77'1”' c(w‘ oo‘bc\sw ‘_g|).| @5‘5 RV )‘)3‘

n..=|7rim Lj| V)




sl & 55 CFSFDP 3 DBSCAN (slan o5l
d = eolanwl L sadosliinl € laie .i)ls 5Li € (5959
K= Sopgots o oad o0) pess - d(X;,X)
= X;
e Loy s 1 ol 51 S o Sl by el B
S yo copl plo canal anils £ el polie a4 jLs !
s ool Lialesl calisee lade oo b lagi,gSl cpl )
Wl 00l (SN Azl (e 4 s A5 (5 lll
£ e ).n)LD.n RO P ;.;L?u.n‘ MLa.o 6')"

{d_, d_/2,d_/3,d_/4,d_/5,d_/6,d_/7,d_/8,d_/9,d_/10}

s i -F-0
Glolas ulolp 5500 (oS5 SI9y b dmwlio
tglie saiasylis (V) g V) S NMI 5 ART (gLl
dSgaze (S5, alisee Gdudlg> Lgl.mp,‘l..g)jﬂl »))114@&
(o) U gk an (Alg 9 (oas sboosls
S5 et gl S S el
acgome (pl 0 YU jlews aadgs o l)ls soleios
ol 39290 slapiy ;o o A Cod egiian slosls
oatolyty oS 5 a5 o ams a0
5 @iS 1) JSalliabize gloaby> S5 jsba Wil oo
RS II RV ¥ 1t N PPV PR VI SEIPC A ¢ SOV PV
pyssl ShlE a5 oS e samlie (VY) SS
2 5500 slaas )5Sl 5l e eolpiinn (S 5 Sababy>
CBd g Jcpl Lol (Bly sleesldacgaze
soslddcgamme 10 (golpiiny oS B Gl 1,6
FpS el Lgian glaoslsacgame jo azl I a8ls
Eoman groslsacgaze j| 555 a8ly slaoslodcgaze
g gk 0 veree slap eIl 5k
slaganaby> aJg by, 5l (Solad aly sl ganadss
Wl ganalgs o |n) S ge Jos i okt @l
ol glganadys  adg by, Alwsd sadads
onlpls s o] dwgas JolS ppd JB (oolpiin
Sigy 0 1) oo sauais mlt o asly e lag
.;\.;)51 Cawddy golpinn bl bganaiss  odg

2 e o 8ee ooloiiny (oS 5 ganabss 1,65

al sd wadss Glap oSl s L) ol
b 9 wnady> slagiy sl o5 el anlie
Sy sivh sanaiss i, I ol alin 350
2 oSl g e alad canades 9] (NSC)
L sanadss 5 [6] (DBSCAN) slbg Lul,s
(CFSFDP) J&s sboald o Slag 5 g (S9ocn
s [41]
o ol b ol oledis -F-F

09 bss
sloyell ool (225 Slalie omerdy; sln
Slen b wileads alyl isn cpl o 68LsS slaem ;s
Sdsiil o)l LS Do s ) 0L slagts, mls
=l gegaleans I gluebl gly imes oS
sadal)l mls (o FUsS  slagiy, slp edeliassa
Sy lss 02,680l e slize szl Lol (ke
b ool plp 4l ganades po 53 39290 laadys slaws
IS e 0 bades (sBly sl e Bolal goue
slawi iz b do fScws U j1a5 5,50 sllosls dcgaze
slasgs oo ien tool dsgeze o slaools
SIS a0 aadss oaBly slaws ol (Bl ganadss
Orired g oo 4185 Hla 50 Jla 3 50 slaosls acgae
Wso oloreds adlogy (53 cmeans sodadby> i 5Nl
Sl o0 solazul 4\.:[.» ‘_gl.(bda.u.d..i':?
310 9525 4l laganasss sln By 90
sl plas’ 2 a5 iz L B olass 4 kmeans gl ()
Sy sle O U eolin wpsl sl (7

Al slaganaiy>

ool p Lo ceadanslie glo s, s &l lp
glozl (e gonads> bt )Nl L S e CoiS
I olomty (eSiln b ool glozl ] lonkiss & 2755
g g0

o oolawl ‘5..:5'5 D )‘ NSC l'“"")?ﬂ‘ LS‘)"
{0.1,0.2,...,1.92.0} acgazme 5l |, aien ol 5 ool
O oS gylade polae cpl den o o eSSl
Sl anslie (gl w0ad zie (oAl Asl s ige

RO P

7 ol F ol ivan Jlo



.
5
4
3
2
3
|
EN
4
%
:
2
9
3
.
3
2
)

ARI(NMI)

(&)

Tris gedls g9y p ¥ solyb J1:(A-JSC&)
(Figure-8): Effect of the parameter s on the Iris data

ARI(NMI)

Wine sosls py yly)b J51:(8- o)
(Figure-9): Effect of the parameter s on the Wine data

Sbl o el gy Flwwbre gloj (o)
S5 gmabes oSl LS (s mls
KDD- uj)).) )L.m..) 5&‘04&9@ Sy » ‘) 60[.@(...,.,.’
Abe>) ade> g0 lepl o Lo ey oo S CUP'99
.M|co)5 p..‘_la...’ l) ]/=014 9 M)L) (<LL<>.>).~.C 9 FIPES
Lzl oy Glably ofws S g9, » bap ;551 olod
a5 jsblan e oo lis 1) liBee slvoslos i slaws
sloases slaws Ledl olows ol38l b oS oo conlive

Sz a4z bl oo il 58 SE ¢ el

P ole Fo,ll VAl Jle

Loamlie o ooliin al laganadys oy )
wipsSll a8 sl sl 4y o) S glaen,sSl
S Gy o b oliay eSS unadss
o ol 4wl oo 1l ol Al slaganaies
Ol 3 it ol 4l lasanadss wlg (b, 45
5P b w S S S e sanlis
oolering al slhgoanadss g by, 5o olin
Sl ey 0 S el bl
Joe e NMI 5 ARI LS 5l e Bolas aly (slagaiatiss
&S e

@ OF) U5 cpglie aly glaps o8l b awnlio
aw b1y oleriny (oS5 Gonadys oyl anglie
loosls asgorme (ol pslie wly Gamadss oo ;6K
5 (mean) :Sle (JSo ol aes oo las i 5550
Goddg> Luel (standard diviation) L. 8l il
Ll 00l Lo 50 Wools dcgame cpl gl pin sl 2
b oodwlcwwsds (ganaies lael a5 oS oo oonlin
@SB b S ool S Al o sNl
el S @i Sl S g
Qilgd oo olpiinn w68l a5 WS o b 4 bl
GamadeS slan oSl Awsdy odelwwody polas bl
S g 1) palie

gt bl el gyl Juld g 4y
=55 saaleS ool )3 (1) ptae adsS (Solaos
¥ ordu o b dgdor ogmine e Gl o solering
Slawi g5y bl Gl QL a5 s S con
i b Sal ol peites 13 sl slaganatss
S 5 sanads> wh sl o Sles g5, 2 bl cnl )
y Wine ¢ Iris glvosls (g9, » ioleyl b (golpiy
i 4 oS e oanline (WA 5 WA sla IS
Goamals> iy esll Alewsa cadady al slealss
G bl cnl e Gl L eoleiiy oSS
ams o i (- 5 A) gla s el oyl b ol oo
ol Sl cnlply abges (Rl ganadss s oS
@ lagtlel ol S 0l patie 4 b (sl el
sy al slganadss shw a5 anS e b
35S )5 laglez] (idls cogs s S (0 jgliamsa;
rlple s Koo bl Sl 5Sa S g albine] S
s JS sl 1) bl b 5l clie jladie S5 b L

oS DLl osldassaze 12 (59, 2wl slaganaiss



peldse o @l ol 5l rizmen 1o pSete i
L ocoadolpiin o)l gzl Slabw anie ak,
oS eyl Slanl el s ooldacgase Ll slaws
P @l Ganadss (e s Wlgh goleiiny w55l
e onl oyl cessrs S5 e sobacgeze S

Sg o0 dmli (V) Jga ;o eulasl )l bl aewga

olawi b (Sloj anje alal, coleiin Sl S
L axgi b Jloonl b st pgs 4250 g9 5l 0l sladdss
o X Bles o A Oylie @uild o a5 Cosdly oyl
Ored g Sl (Ageia BB S5 sleeslsasgere
Sl X s, b oawslie o Wl 4 XE ¢ a5 ol
2 ORlBl Gl bl Sl anze Rl sl e

Egan b (oS 5 sbodloacgomo )z 59 2 (oS S ilisen o g (10— JS)

sical methods of ¢

(Figure-10): Different cl

P

ition on four combined or synthetic data sets

ARI Random NMI Random
1 1
0.9 0.9
0.8 0.8
0.7 0.7
0.6 0.6
0.5 0.5
0.4 0.4
03 0.3
0.2 0.2 |
. 0.1
o1 || | s LU L i
) AF R IEd I AT S>S O I I idgaizzzczeesy
" gEiTEoziBEITEREE SECcgpiibeeTateg
B 3 O =zz2z380
W Iris lngne  Breast Digits mlIris mWine mBreast = Digits
ARI MKM NMI MKM
1 1
0.8 0.8
0.6 0.6
0.4
0.4
0.2
0 | I| 02 |
3%2%2338553322¢2¢ 0 | :
02 8gLbt5ggzz822 & = 233323325533328¢8
=232=8°9 88LL6ggzz2888 %73
miris ®mWine mBreast = Digits @z = Bv% 8 3 .
miris ™ Wine wmBreast Digits

5P L (Fgman glresloasgozmo sl (695 2 (T ¥ S bt oy (M- JS0)
(Figure-11): Different combinations of classical methods on four synthetic or combined data sets

b’b
KMCE 4\_)&?

= NSC ARI

= NSC NMI

= DBSCAN ARI

= DBSCAN NMI

u CFSFDP AR A@‘»@Q @éz’o Q‘\°§ Q}&"’é & \(\e\% & é\o(\f\ Q@*\Q{%@‘* 3
= CFSFDP MY \é"l%oée% ¢

" 698" (adipn (sLaesty yoSII b dun Lo (VY- JSC2)
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(Table-7): The result of KMCE statistical test against other
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(Table-3): Effect of number of data on computational cost of
proposed hybrid clustering algorithm
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(Table-4): The result of KMCE statistical test against other
methods on the Iris data set
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(Table-5): The result of KMCE statistical test against other
methods on the Wine data set
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