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ABSTRACT

This paper proposes an extension to the original GA-clustering algorithm by introducing
a new way to mutate the chromosome. Instead of deciding randomly to add or subtract a small
random number to/from the original value of the selected position, the historical information of
each chromosome is taken into consideration when mutating the chromosome. In this research, the
histories of the chromosome are divided into 2 groups: “good” and “bad.” The good consists of all
previous stages of the chromosome that have higher fitness value than the current stage, while the
bad is composed of all previous stages of the chromosome that have lower fitness value than the
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9 8 9.899495 4.123106
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2.7 NUIRVBNINUIVDI

2.7.1  Genetic algorithm-based clustering technique [1]

Ujjwal Maulik (1o Sanghamitra Bandyopadhyay 'lﬁmuamﬂﬁﬂmsﬁﬂnduﬁagaﬁ'au
= - ar = af o o = 4
S LAnSane3 Tl (GA-Clustering) Taulas T Tsunansdamiosnusediavdniausisdailuga

¥

AUONA1IVDINGY HazMsMLYDIsanes AN MNININEaNeT iU k-means

9 INSano3 i k-means nudlunAaziuveslsz¥InsINdaneiiiy k-means 92N
o @ 1 4 ' o 4 - o '
wnfumgudnarslminnnis azgaguInazgnuNUNdsgaguonaa vl 1Inms
s = ' : Y d =2 o aa & o Y a
guiumauinaaslfiiuinnuaz Tuuves Sane3iiu k-means a9 lviiansvya
Faudeunasuns s indanesiusengaianuiionuny Ias Ty lauiiminzauiiqa

S 4 1w ' 1q 1o Aad o e Ao a4 a
Tuvaiziiu Famdanaen lilsmasuiangaveslym ernduifivsdinounaigaiiia

L4 a v 4 Ao a8 [ a v [ o': & - oA d’

nngaguinaesuduganiliisanedindqudon uneusudu Anhuitendnidosilymi
Smdnsanesiugminnlduiuiudaneiiiy k-means

Ed 1

FuADUMIMMUVDI GA-Clustering Sano3nuiludail
& 4 Ay o 4o . -
Fuaoud 1: ahalszmnssudumuinnuliznasidmua Tasluudazyszansi
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e 1

{%,, %550 X, } 10BN

e

fadoya x,,i=1.2,...n Wudaznqu C;,j € {1,2,....,k}

||x,. —zju & Ix,. —-zpl,p =12,...k uaT j#p (2.11)
de  x,  fp Yeyamndnveanguil C,
A o A
z; o guInaNveINqun C;
A o v A
z, Ao AUINANVEINQUN C,

il
= o -

v
Y ' o ' . .
Yuaou 2 : Aumguinanini z;,z;,.., 2z,

|
z) =— ij Li=12,...k (2.12)

- - ¥ a VoA
e x; Ao voyamN¥NVINqUN C,

- [3 - oA
n, o SwaudunInlunqui C,

- o " A
z, D FUINANVRINQUN C;
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smnumaumzauvealaslulsy  Tasmsinsanszesvnszninmniniy
uinaNgy

A clustering metric M dmiudeyaiwanknqu C,,C,,...,C, 90
aAuMs

M(C,,Cz,...,C1)=i Shx; -zl (2.13)

i=l x;€C;

AIUMIAIANHINZ AUYBIAFUINAN

(2.14)
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() Famsiuasu Tasgusumistululas Tulsuidesmsiiian udmihmsdsunlasum

Fusanan TaoilitoulvlumsuSunlasuaniludsauns 2.15) uaz (2.16)

vi2*5*y,v0 (2.15)
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2.7.2  An evolutionary technique based on k-means algorithm for optimal
clustering in R [5]

Sanghamitra Bandyopadhyay g Ujjwal Maulik "lﬁ'muamﬂﬁﬂmiﬁ'ﬂﬂduﬁﬂgaﬁ'wﬁ
Luﬁﬂé’ﬁﬂﬂ?ﬁu‘iﬂuﬂﬁugmmn Sane3i kmeans  undanoiAudana1niii KGA-
clustering

FunoumsaIYes KGA-clustering Sane3iuuaasdagiii 2.8

unszuaumsnsoalones siieiiden1#iinsasedlonosiuuyahu) (single-
point  crossover) TaoiinsAmuaaianuiisziuvesnisasealonssmiify g, 910
Tns Ty Tauiidiaawen 1@ = nh szinsduiavi o 1 mdaiimegaznin (1, -]y
fumisvosgansealoned

lunszuaumsinaduudag Ins TuTsuezinsiuasuamanmieailu g,
smuald M, uaz M, ApfdIgALALYI7AYDA clustering metric mstaanlas Tu o
i

fif clustering metric iy M uaze & oglugae [-R, +R] Tavi1 R dnaldon

auns

+ b4
—_— mm 01 M _>M
_ Y - (2.17)
max nn ﬂ.‘ M . > M

min max

=

Sridgavosyadoyalufian i (i =12,..,n)daudu xj, uaz x,, awdAy

o [ Ay =Y = ﬁ i o = 13!1 [V
LAZAIYHINADINTHAANUANLU X' NAINUAANIE IANIAITUNTT

X +dx(x, —-x') 520 (2.18)
x+8x(x —xty, ) 81 85 <0 (2.19)
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2.7.3 A Hybrid Algorithm for k-medoid Clustering of Large Data Sets [3]

Weiguo Sheng 0% Xiaohui Liu 1AirueimANn local search heuristic uaztiunaiia
FndHa R UIuANSane3 Ay k-medoid clustering dmiumstanguyateyaviin
Tng) FuilumsuAilynuiuy NP-hard optimization 1A0 local search heuristic wiinsiden
medoid 31U2U k medoid i]mmi’fagauazwmumﬂ%’udm'nmmmhwmuﬁiaznfju'lﬁﬁ
waswanuanisiunilungulesiiqa msdangudeyadan k-medoid algorithm
1Hﬂé&?ﬂﬂ'ﬂ1 Hybrid k-medoid Algorithm (HkA)

wﬂaumimammm local search heuristic Li‘lumu

o

uﬂﬂ‘uﬁ 1% mwuﬂmmuﬂqu k 1182 nearest neighbor p

UpouN 2 fjmﬁﬂﬂ medoid 914U k medoid il“lﬂ‘l{ﬂ‘l.lﬂ‘gﬁ X= {xl ,xl,...,x"}
3

n’a 4 o 9 i ' ' E o g y
Funeuii 3 : Sadoyn x,,i =1,2,...n Mudazngu C,,j € {1,2,....k} Tavdalveglna

medoid ﬁﬂﬁiﬂﬁﬁi}ﬂmnﬁ‘\ Euclidean Distance

AUIUAINATINUDA Euclidean Distance (SED)

SED = 5: id(x,.,mj) (2.20)

i=1 j=1xeC,

e m, Ao medoid ¥0anqU C; (j =1.2,..,k)

¥ ]
funpuR 4 : Y5159 k-medoid lau

]
~

' o v o dao "
(@) lunqu C; ienduiwn (subset) C, ., NAUNUTNY m; LT p nearest neighbors

(b) f1uamA1 medoid Inai §11 medoid grufdou Tasmsumuii g

g =argmin Y d(x,,X;) (2.21)

X €C subser X; ch

¥ N
(¢) AUTUMIH (a) UAZ (b) IUNI medoid Tilasuunias
¥ v v ¥ . ¥ . '
SUADUN 5 - ANTUMITTITUADUN 3 11D 4 IUNIT medoid N3 k medoid Tanldouuilas
v
' [ " * s = ] b 4
U1771R15119714 Y04 local search k-medoid clustering heuristic fazemniniaula

01l Uszansnn E)!hﬂ‘iﬁmnmi‘il"ﬂﬂﬁn"ﬁ'fﬂuﬂmﬁﬁmﬁuﬂﬁzﬁu"lﬁiwzmmmﬁ'uwu

ddq

ms%’ﬂnﬁum“lﬂmﬂsq muuma“lﬂ"lﬂmmﬂﬂawauamuwu 321811 unAtia local search

a

heuristic 1!'\11']»1111'5‘JiJﬂUﬂU‘illUﬂﬂﬂﬁﬂﬂi‘ﬂu

¥ ¥
o o . . a & v o
YUADUNTITNINIUUDI Hybrid k-medoid DaNDINY rﬂumu
¥

Funeud 1 : quidomlszannidaup
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¥ ]
YUADUN 2 : AUIUAT SED MUauMF (2.18) 1mzﬁm'Jmfhmmmm:ﬂwﬂmdazﬂs:mm
f=— (2.22)

funoudt 3 Suiiumsd (@) 81 (o) sunoznuiiney

(@) Eonszanse-ul S1uau p2 WoimsAiug

®) asealoneiuaziuamlszanivie-niilddaidon 1y

(c) ANIUNT local search heuristic furlszannsgugnitldnnmsnsealenes

(@) fImue SED Auauns (2.20) LagfMuisiInuminzauveuaazlszans

Tuszansgugn muaums (2.22)
() afredszmnsgulng Taoidenszmnsildmanumnz augagasuam p
Usz9ns
Sunoud 4 : dendszannsilimanummzaugegailudy
2.7.4 Genetic clustering for automatic evolution of cluster and application to image
classification [2]
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. ¥ 3 a & o '

4 GCUK - Clustering 103 Tu Tamazgnadnnnimaueis Fuiuguonanvesngy
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Frotraau dmualik . = 2 uazk, = 10  guidenmik 1AMk iy 4

]
- 1

ﬁat‘lguTﬂs'InIcumzqnﬁ%’nﬁumn guinaedmam 4 guinate auuAnguinaniiguuniia
i (10,0, 5.0) (204, 13.2) (158, 2.9) (22.7, 17.7)
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Sumisiu18iEu 72 5 uag 8 dmTuguIna T (10,0, 5.0) (204, 13.2) (15.8, 2.9) uag (227,
17.7) Mud1Ay

¥
o
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Aumiad 8 awdiAy sz 2.9

#|(204,132) # | #1]058,29) | #|(100,50) | 227,17.7) | # | #
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v v
AanumansanvedIns Tu Ty #9131 Davies — Bouldin index laum¥iatiudaq
o [l ar o o 1 s s o 4 ' @ @ o
fadas1duves anuduiuinielungy HazANNFURUTTENIINgU IAUANNAUNUS

mulungu € suamldanauns (2.23)

Ja
<[ zh = oz

xe€c;

: 1 o w
o z Wugaguinawes ¢, waz  z= — px Az n udwuves ¢
n

i xec;

svuzviesznagaguinans C, uaz C, gnimunlay

= ]|z -z ju‘ (2.24)

S +85.
R, qt= ——— { s ""} (225)
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0.1 0.1 0.3 0.6 0.6 0.9

0.1 0.6 0.3 0.1 0.5 0.7

0.2 0.2 0.4 0.6 0.9 0.2

31 3.4 DUMBITFU (generation) YOI TEHNITT MU 5 15EHIN3
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3.2.3 MIMUIVAIANNHINZAN (Fitness function)
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o 1 l& a = 1 J z o < i 3 o
auFnveandy Famsdamndnlieglungulag dumunsoi 1 Tasmniniieglndiy
L4 1 4 o Y 1 q’:
udnansvesngulamniiga gt lsawdunguiu
¥ 14
Taofidunoulumsdmuaudazmndnliiungudail
' d 1 ' o [ a a
1. AONFUINANVOWANGN 2,2, ..., 2, TIUI k NY INTNFN m AN
{xl’x2""’xm}
v

2. §adoya x,,i=1,2,..,m Wusoznqu C,,j e {1,2,...k} &

"xi ——zj" & ”x,. —zph,p =12k WAL j# p (3.1)

b.

A a v a
o x, A9 VOYAANIFNYRINQUN C;

b.

A L4
z. A9 fUINANYBINQUN C;

h.

A L4 1
z A9 fUINaNYeIngun C,
AuamnIA clustering metric M dmindeyadwuknqu C,,C,,...,C, 910
quns

k
M{C,,CyosC =D, 2 N2y =2 ] (32)

i=1 x;eC

nngaauiansiangudoya mstanguiiadsznoudiongiauiia 2 dosil

1, ﬁm%nff’;ﬂg“luntjmﬁmﬁ'uwﬁmmaﬁ'waﬁﬁumﬂﬁqﬂ

2. ﬁm‘“nﬂﬁf)gjdwﬂijuﬁ'uﬂzﬁmmuﬂﬂﬁhqﬁumnﬁqa

msfnnumnnumzauees Ins TuTsuinsannssesisznindeyauaz
Auinaangy FuiumssnnammanumnzauvesIas TuTsudou ldnnaums 6.3)

f= (3.3)

L3
M

Tas Tu Taufiian clustering metric M fgariufie Ias TuTauilinnumusauiios

udnovvesilymuniiga
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3.2.4 M3naaeny3z¥1ns (Selection)
a [ 4 v o ar =Y [
lusssumanisaadendszrnsiveduiuiszgndationTasiinisanninam
Wiz avvenaazdszeng Wususunsaadendseyns ludiudndaneinu Tns ulew

A A da v a ] A 9/
I mliz‘lnﬂ'iwummmmm:ﬁnmﬂﬂnmmuwmi‘luﬂ*nzqmaamwmﬁuﬂswmmmmu

Aol

v
= =

a a T | 3/ = a o a Q & 9/
S35 nionlddadentsznnsdunuulunszuiumsauanoanssny flons 19
¥
=Y 9 U o ot =) o U ] ] 1 1l
INANANITHYUINDDNUIMUN (roulette  wheel) TAumMALAAINAIIVLULITOIINNADE
' [ 9 1%—4 "o ' ﬂ P u’: A £ o 9
goatalurde i ivinanituanunihesilui las Tulaniuezgniaen Fafuam 1ann

¥ '
aums (3.4) Nntiunyusdoiieden Ias Ty law

f.
P = ! (3.4)
i+ i+t ],

dle P AemanuinaduiilasTulaw i wqniden
£ fAemnnmumuzauveslaslulyw i

fi+fo+otf, Aonasmveamanuminzauveanng Ins Ty laulugulssnns

3.2.5 M3A30alo103 (Crossover)
[ [] A o 1 i & J 9 1 o '
Tns Tu Towuwo-usl vzgnasoalonpiiimMMIGuAMLIANATUINLAINLI MAINAT
PO ") L 1 o
fimesnnannuinziiulumsasealenes (u,)
dmsadumiumiseuvesIns TuTaueuazin mudumisiiquien Tavdumia

Fansovhmsasoaloned1d fmegsening 1 s mnnuerivestululasTule (1)

3.2.6 m3faniu (Mutation)

SSeauedIuYEwYee Sanesums ianauduliuan (Original GA-clustering
algonithms) 2avnauolay Maulik 1ay Bandyopadhyay —@aumsiauematinlsziaves
Tas TuTawn 19 lunisdanqudlsdiuAndaneiy Tunszuaumsiaaduilszaves
Tas TuTwuasgnutseenidiu 2 nguldun “TnsluTaungud” un «“Tns TuTsungulua”

nsfmuaTas Ty lsunduanselas TuTsungulud finrsananainanumunzeay
Taodrns TuTsulueiafimnnumuz asnnnhmanumunzauyes las Tl Tauilegiu
TﬂsIuhmaﬁmfu%sgn%'ﬂag'“lumjmm “Tas T Taunqua” uad 1ns Tu Touluedaiinina
mngaudieondimanuminzauvesIng lulauilagiv Iﬂﬂuhuaﬁmfmznn%'ﬂagalu

LY

nquves “Ins Tulsungulia
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c 0.0 | 02 | 03 | 04
h, 02 | 01 | 03 | 06
h, 02 | 02 | 01 | 02
h, 0.0 | 02 | 03 | 08

04 | 09 | 06 | 01

317 3.5 dredhaTas Tu sy € unz Tns TulawisSavealas Tulaw

910317 3.5 naasdandralas TuTewiegiiu fio TasTulan c - dimanuminzay
Wiy 0.8 wazTasTuloy ¢ UseiadelnsTulay Ay, hy,h,,h, udazleslulauseiaiie
aumingauilu 0.7, 0.5, 0.9 uay 0.85 AWAAY

¥
o e '

FafuannsonvaTas Ty Tz lusfaves ¢ TAdsgUn 3.6

h, 02 | 01 | 03 | 06

0.2 0.2 0.1 0.2
(a)

h 0.1 0.2 0.3 0.8

h 0.4 0.9 0.6 0.1

(b)

U 3.6 uamanisutalsziavealns Tulaw C pomiiiuTas Tulaungulid (2) waznqud (b)

¥
Tas TuTaw b, uag b, Snumnzauiosniilas Tulau ¢ Aniudsdali b uaz b,

fuTas TuTanlungulid doulas Tulaw h, uos b, fimanumnzauunn Ias luleu C

=

v
Faiusedald b, uag hfulns Tulaulungud
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o @ o ' 4 Ao a a o ¢ & '
AUNMTAIHIUATUIUAYUNAUUUNTUIATU ll'izﬂﬂ'l.lﬁ"][l 2 ﬂauthuun ‘Hq\lﬁllﬂ
' da a J ' !
drnvpanon TNLUYRIAASHIINAS Y (random  component)  tazAoN TniuuYinM

(deterministic component)
zr+1 = zr +AZ' (35)

Az" = random component + deterministic component (3.6)

Az’ = [a&']—l-[ﬂlzw.-(zf )y wla —z')} 67

ieg keb

w, = (3.8)

A e (3.9)

A ¢ A s v v A
o z° Ao ﬂ‘]‘!ﬂﬂuUﬂa'Nﬂﬁ]?uungﬂﬂﬂlﬁﬂﬂ
PR

] A " W a aa o '3 [
a=01-p-p, Ma fo mdulsz@niimindmivaon gy

= o o

5 o manaviegizning -1 uaz 1

- 1w

ﬂ': o Qo o ' =)
B uaz B, Ao midudszansimindmiy “lIasTulsunqua” uaz
¥ ' » [
«Tns TuTasungulaia” awddn luandfvil fmuasisuduvesis g uaz B, 139 0.05
oglsBany e Tas TuTeuitldannumnzaugagalugalszansilogiu iy
] ¥
Tns T Twudoanulns T Teuildmanumingaugagaludszannsnouniinil mves
| Ao b4 Ay v o 1 a =
war B, wgnasasmuaindmualiluiiosdu windszrnsdana hilimsasunlasen
i B uaz B, Nargnanndiow)
A ' 4 a o o
2 unz z, AomgaguinanluoAnveyaguinmsluiegiiv

g ugaamnu « TasTuTaungua »

b waraaunu <Ins TuToungulia »
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3.29 miéuqﬂnwummi (Termination criterion)

N5TUIUMSIANGY seduganadie1dlns nlawlujugadioiiaiiqa 7y
g(uﬂﬂmwmnfjn"l1inJ'€1‘uuu‘1Jaqﬁﬂdaﬁutmﬁuﬁmauiauﬁﬁwﬂuﬂ

fumpumahauanuaveansSangudtiansaneiiuiiuaue mnsmiun

b [l
Sowduumugiingaimsinuaduaoudneg ldsgii 3.7



l Fudu )

A

adalszansduduinim k ngu
o quyaguinaduduimom k ngy
o dadoynxIeglunguc,j=12,...k
e Annuguinanhmivengy

e dnnamanuminzanveuaas Tas Tulyy

A " "
a3 roulette wheel iNoguiABNB-1iTUT

A

«
nsonTood
T | ¢ 1 _dw vy ' s - ¢
quAnitonsvaounsasenTonod mamitldfooni 1, Audiunsnsealenos Tao

] v PYRL ] .
quardunisidesmsnasonTonod udrhmsadumdnmistululasTulyy

A

HuATu
P A - - Voo " - '
quAnNeAINAoUMITNATY winai 1dieond 2, Wiihmsiiuaneiou Tau

Az = [a&z']+ ﬂ,Zw,.(z,. —z‘)— ﬂzgwk(z,‘ —z')

ieg

A

g avuuasyulvivenlszanns

o Tandenlszynsilimmnummzaugagainom p dszains

At -
Tns TuTwunangalininai

a 1w woe “
ARADAUIMINUIIUIUTOUN

fimua

YUMINNM

1 ¥ ]
g1 3.7 funoumahnuvesdaneiuiniuaue
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3.3 Methamidangualsdiuindanainu
] ¥
Amualideyaya A Aeyadoyaidesnisianguisznoudadeyadail 3,0), (1,5),
(1,2), (9.8), (6,3), (4,6), (8,1), (4,4), (5,8) uaz (10,4) AmuadmIungu k=2 umlsznng
p=4
(] - L4 U ' e o 1 doe 3 A 9 voas
quidongudnanavesngumiuinaunguiidimuald fie 2 uazadalsznnsviiy

: [ b ]
Snnulsznnsismua 13ie 4 dnfuadelsznnslddegli .8

10 6 S 7

UM 3.8 uaanlsznnsisuduvesgadonyn A

4 J k' @ (4
15190 3.1 1AM Euclidean distance ¥0nYoyanIngadoya AfugaguInas (2,1) uaz

(8,4)
X y (2,1) (8,4)
3 0 1.41 6.40
1 5 4.12 7.07
1 2 1.41 7.28
9 8 9.90 4.12
6 3 4.47 2.24
4 6 5.39 4.47
8 1 6.00 3.00
4 4 3.61 4.00
5 8 7.62 5.00
10 4 8.54 2.00
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a 1 o o ] o 4 ° '

fangudeyaldfuguinaraudarguinaiy m1319i 3.1 uaaanamIAILINA

1 o : a 1

Euclidean distance 5¥Madoyayndoyauazguinaia (2,1) uaz 8,4)  MINUUNTUIN

¥ v 9y ¢ | 4w vﬂ a ¢ b

Joyaudazdoyn oflndgaguinarelanniige faliidumninvesgaguonaiaiy
1 a 9 ' 4 o [ 3

manndovomndeyaluudazquinais szldyaguinarelnivesyadoya i

(225.2.75) uaz (7.4.5) AuiiumsguiidunnTns Tulaw o218 Tas Tulangalmidegii 3.9

2.25 2.5 i) 4.5

9 433 3.43 4

8 6.67 6 3

7 5 2.25 2.75

U 3.9 uaaslns TuTauga lmindsnnySumgaguinan
f1120e1 Clustering metric M v8anna Ias Tu ey awauns (3.2)

a ' . . 3 A oo o
A13197 3.2 1EAINIINIM Clustering metric M vasyadoya A wiolas ulauiliyaguinaiy

W (2.25.2.75) 1az(7,4.5)

X y (2.25,2.75) (7,4.5)
A 6.02
6.02
6.50
9 8 8.55 SR 0y
6 3 3.76
4 6 3.69
8 1 6.01 $iErEs 64
2,155 3.04
5 8 5.93 4.03
10 4 7.85 3.04
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%’ﬂﬁnﬁnn’hntjuTﬂui’f'ﬂqaaﬁ‘lﬂﬁﬂuéf\anhn1n~ﬁqﬂ wgnialififluaindnves
ﬁuﬁﬂamfu a3 3.2 02 1dguinans 2.25,2.75) Taundn 1dud (3,0) (1,5 (1,2) waz
(4,4) uazguinma (7,4.5) Tendnldun (9,8) (6,3) (4,6) (8,1) (5,8) uaz (10,4)

&9 Clustering metric M TaumiAHasmWvBIszozvIvesdngnynds g
f.mc'fnmqn'cjwamm%mfuq s nA13e7 3.2 92141 Clustering metric M dail
Clustering metric M =2.85+2.57 + 1.46 + 4.03 + 1.80 + 3.35 + 3.64 + 2.15 + 4.03 + 3.04

=28.93

AUIUAMANUNINEANINAT Clustering metric M
AMANUNNIZ AN = 1/28.93

=0.034562
snnamamnzanyosnn Ins Tulaw e lddnnumnzanvewnas

Tas TuTwudaguin 3.10

2.25 2.75 7 4.5 0.034562
9 433 3.43 4 0.036098
8 6.67 6 3 0.031567
7 5 2.25 2.75 0.034569

U 3.10 uaaalns TuTsuuazmanummnz auveaudas Ins Tulxy

- 1 (] 9 " : o 1
Aenszanine-udioredegrnihminuazannummzauvesIas Tulay Ta
v " .
ahasdedrnimindmivduidenlsznns edhgnizuaumsnsoaTenefuaziiundu
Tudwuae
1 1 1 1 H. 3
snanume avvesudas Ins Ty Taumannuieuiui Ins TuTamiuszgn

hon(P,) veauaaz Ins IuTaunnaums (3.4)

- 0.034562
I 0.034562 + 0.036098 +0.031567 +0.034569
=0.2527
0.036098

©0.034562 + 0.036098 + 0.031567 +0.034569
=0.2639



0.031567

3

) 0.034562 + 0.036098 + 0.031567 + 0.034569
=0.2308

" 0.034569

0.034562 +0.036098 + 0.031567 + 0.034569
0.2527
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] ¥ ]
nnsanuinediuii s Tulswzgaidonadradhundeninhminlddagiin 3.1

0.7692-1

0.5165-0.7692 0.2527-0.5165

o1
o2
o3
o4

- 9 Yy 1 e
3‘1]11 3.11 llﬁﬂ@ﬂ'ﬁﬁi'N'Nﬁﬂﬂ?qu1ﬂuﬂﬂ1ﬂ1ﬂﬂ1$‘]’1ﬂi

nnmsquidenszans 1dszannane-midsgii 3.2

9 4.33 3.43 4 0.036098

) 5 2.25 2.75 0.034569

UM 3.12 Usznnswe-wiigniden
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Crossing point

Y

9 4.33 3.43 4

7 s o225 | 275

(a)

9 433 225 2015

7 5 3.43 4
(b)
7.6 48 2.6 3.4 0.03488
7.6 48 26 34 0.03488
(c)

= o ¢
717 3.13 uamadumouminsoalonos

[ L ] "
U 313 uamsduaeumsasealenedFudunnguidondumisndesnisnsodle
103 (a) wdnhnsasealones Tavadudumistuszniatulas TulsuveuazIns lulyy
' 3 ° @ 1 o ' ' = = '
wi () MniuimsUFuagudnanaini Tasmaundvveanmndnlungu ()
[ ¥ 3 ]
i 3.14 uaastupeumstiuasy ndwndudondumisduiidoimsiiauanlam
4 ] ]
gumiaiiu 1 @ vniuguamanfaounles ausdhduimsnldounlasgumiy -1

[ n’: 1 Vel - (- o o [ 4 '
Faiuaidulninlfeziisumiu 8 ) Mwrugaguinanlminazinnuminzauyengy

() AenAunuunAeInITiAaAN
9 433 | 343 4
(a)
8 433 | 3.43 4
(b)
8.25 4 % 4.17 0.035715
(c)

' ¥ "
31U 3.4 naastunoumsiuATY



40

Y o a ¢ a o a a o
wasnnduiiumsasea Tonosuasiiuaduss IdUszmnsguinumndn 3 dsznnsh
Yszmnsgnit Id s awdulsznns june-u nazdssdidulsznnsmuiinuminzauay

] ¥ ]
51 3.15 nmiudadendsznnsfiimnnuminzaugaga 91 p szans

9 433 | 3.43 4 0.036098
8.25 4 3 417 | 0.035715
7.6 48 2.6 3.4 0.03488
7 5 225 | 275 | 0.034569
225 | 275 7 5 0.034569
225 | 275 7 45 0.034562
8 6.67 6 3 0.031567
(a)
9 433 | 3.43 4 0.036098
8.25 4 3 417 | 0035715
7.6 48 2.6 34 0.03488
7 5 225 | 275 | 0.034569
(b)

U7 3.15 uamamisAadenilszang

WhEsudoulns TuTsuildmanuminzaugegaludszansguninu Tas Ty e
Ianuminzaugagalutszanspui Aufulas W lsmdeaiuniel minlauaash1d

] v b
Tas TuTauidnmumuzan nie ldmeeuveailym dniudonduganisiau



51 3.16 uamsmsnfSvuiiioy Usznnigaln (@) uazdsznnsgain (b)

9 | 433 | 343 | 4 | 0036098

7 5 225 2.75 0.034569

2.25 2.75 7 4.5 0.034562

8 6.67 6 3 0.031567
(a)
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9 433 3.43 4 0.036098
8.25 4 3 4.17 0.035715
7.6 48 2.6 34 0.03488

7 5 225 275 0.034569

(b)

3.4 fethamaisziavealasTulamnldlumsdiudamsdanguaisd

a o a R
IHaAndanNDINU

¥

a a o ad s o "9 = a o a4 @
’Jﬂﬂ’luwuﬁuiﬁuﬂ'ﬁﬂﬁ'ﬂiUﬂiﬁﬂ'ﬁﬁ]ﬂﬂﬁuﬂ‘]ﬂﬂmﬂﬂﬂﬁﬂE)ﬂ"ll] Tﬂtjﬂ']i'ﬂﬂlu1

aszuaumsdsulgsdunuy Ingd e ldununszuaumsiuasunuuiy

fosanszialag luTeulueia Taoutalas TuTsueemilu 2 ngu awudrnau

M AUYIUsLINg

d0tha dpansdiudgalasiulan A TaoTasTulawednveslasTulan A ldun

TnsTulaw B, C, D uaz E Awanalugii 3.17

391 3.17 Tas TuTaw A uazTas Tulanlsziaveslns Tulaw A

5 7 5 0.15
6 7 3 0.12
10 35 4 0.13
2.25 8 3 0.14
4 2.25 215 0.16

qudumisvestuiidosmsusulge Wil 1 Anfuaunsomislas Ty Tauesndu

aoangudail Tns Tulaungud1dun TnsTuTsy E daulas TuTeunguhialéud TasTulsw

B,Cung D

msUsugertulunsas Ins TuTsuilu ldawauns 3.7)




1 ¥
M5197 3.3 naawamsaanniminvesIas Tulauluofnvoalns Tuley A

z f w 77 wg(z-zt) wh(z-z')
6 0.12 0.31 -1 -0.31
10 0.13 0.34 -5 -1.7
2.25 0.14 0.36 2.75 0.99
4 0.16 1 1 1
1 -1.02

A3 ad 3.3 92 18A1 £, waz £, w1 0.39 uag 0.16 AAAY

fmuald 5, a, B, uaz B, Hauiu 0.5,0.02,0.04 uag 0.04 AMAIWY

Az =[0.02%0.5*5] + [(0.04*1) - (0.04*(-1.02))]
=0.05 + [0.04-0.0408]
=0.0492

z™' =5+0.0492
=5.0492

¥ ]
fartu AduiAuA 5 sxgnunuidaumtulvife 5.0492
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mnageumsindszTavealasTaulaumnlylumadiulyams

LY 1T Y = a W a =
i]ﬂﬂg%lﬂ’]tﬁ]mﬂﬂﬁ)aﬂ@‘iﬂu

4.1 Yoyanado
Jouanldluminaasusanesiulsznou ldegadeyamasguimiu 10 %A

v vy
Joya lAun

411 1Tris data set yadoyanonloia (el Wuyadeyaiisousaudoyanenlosa
$1uu 150 Yoya uanzdoyarlsznoudan 4 uemnida 1dun anwndheuazame1Ives
¥ '
aaudsazANYNazAMuEIvIndUaon Tasaen lesaminmadey d159901910
a A o F ] . = e s o 9/ [y e‘: o
aonlosd 3 alwd 1Aun setosa, versicolor I1AE virginica dydaz 50 VoA MUU U

1
k veagadoyatiiinuviiy 3

4 a l a o . i s o o
UM 4.1 nwened1anenloTa all¥d setosa, versicolor LA virginica ATMAIAY



Name expl exp2 exp3 expd
Setosa 51 3.5 1.4 0.2
Versicolor 5.5 2.3 4.0 1.3

Virginica 6.7 3.0 52 2.3

UM 4.2 iet1edoyann iris data set

o

412 Indian Telugu Vowel data set gadoynidudivenss (7] 1av Deterding 11jug

¥
o o o o A o =)
squstufinidusasznmsangy Manua 11 szdudes Fesausmndlimaiuindes

L 1 v
Fanua 15 au Mmstufindoasazaszina 6 afe doyanmuaiimau 990 Joya

¥ 14
o e 1 a0 oA

faiue k veayadoyatiiinuiiy 11

4.1.3 Pima Indians diabetes data set yadoyanuldlsamanu surduiRving
1InAGedoyA UCK machine learning [6] Hugadoyadmivinnoransvaeuau il
Tsmumunioli Tasmsdhadadeyannesdnsounivlan deyalsznoudu doyaves
auldimemds orglidind 217 sinsurhduidounas fioueylnd wioaTniin uaiyerils
W1 Yszmaamigonim deyanmuaian 768 doya udazdeymlsznoudaononniiog
HoNN3 17 %agaﬁﬁ"‘wm 2 Ngu Tﬂunfjuﬂuﬁﬁli’iuhmmmmﬁﬁ"’wuﬂ 268 au uaz i

¥ ¥
S Tsammanusau 500 au dafum k vesgadeyaiiiinwiny 2

4.1.4 Heart Statlog data set gadoyanu 191smialenngudeyalnsanis Statlog (8]
Lﬂuﬂ;m’fagaﬁm%’uﬁwmmu"h’f'inﬂuTiﬂﬁ'ﬂw?a‘lﬂ Taufarsunindeyananis
ATAVTOUNIMIINNG $1u2U 13 wenn3in ﬂauﬂaﬁ"’muﬂ 270 doymlsznevdaonu’ld
AifluTsaialedmon 120 au uazau 187 Lidu Tsaialedmau 150 au sufuik veayn

3 A:d ' [
YOUAUUAUNNY 2

u

¥
4.1.5 Sonar data set gAYOYRITUUNTTUMMIMIAWMIsvDLTngldiTaumsds
* i
Adwidsanazsuidveasiou (6] Tav utsuonszning us nie doutiu yadeyanguil

° H ' 1 9 4 '
Ysznoudaudeyadwau 111 feyafinaaeu1diuiuus uaz 97 Joyannameuldiuilu
Aouriu udazdoyailsznoudiv wenni

1 4

nquueIteyaiife 2

“

$1 $1u9u 60 wENM3DA UAISEMINN 0.0D4 1.0
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4.1.6 Image Segmentation data set 'qm'fmgagﬂmwmnpm’f&qn'ﬁnwm's Statlog [8]

§1u2u 2,310 doya udazdeyasznoudrouennitioduom 19 wonniinlaviludoya

4o : df a a £ 3 4 a a o

Ummuenaamdimau 7am 1dus nmituAadg nwieaih amluld nwituimdua
¥

4 ¥
AmmThEe pmiuRIneuUnIa MMMaAL nwjangh Fafusaunguueayadoyayail

-
Ao 7

4.1.7 Tonosphere data set ﬂﬂu”m';uu*sscnn1maﬂam?"u'lﬂaium“v\los' (Fu
yssemAdaisnnaalansening 80-1000 Alawas) (6] $1uam 351 deya udazdoya
Jsznoudaonenm3iiadmau 34 nonn3ih Taoimisdeyaoenidu 2 nqu 18un nquiaam
u33Me@ naznguitanmussomelia nquas 123 uaz 24 doyanwdidy Fafudmou

¥
nauvesgAdeyayAtine 2

=1 o
4.1.8 Breast cancer data set $oyanulfuziSudn vinadadoyn UCI machine
. . 5 Y ) [ 3 9 1 o
learning [6] (Wisconsin breast cancer) Lﬁu‘qﬂ‘uagaﬁ1n5uw's'Jimammu'lmﬂumﬂuhﬂnmq
@umlusesula sindeyasianua 9 uennita 699 Yeya utadoyaiiiu 2 nquldudngui
4 v ° oA ﬁ 4 o v o
Fuitesenluduudiuau 458 au uaznguiitlulsauziF uA1uus NN 241 AU AIUY

¥
nnunquuesyadeyayaiine 2
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4.1.9 Satellite image data set ToyANIMGIWIINATUTLNAUAITAN [8] Tav e
w ' o Aw = Y v
Snumzvoanmaieaniilu 6 Uszianmudnyuzvesiuialan uazdoyallsznouniy
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Ma Ao maudszaniihmindmivaey Innaniuuugy smualdfiauiu o
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A1 S Ao MANRYNBYIENIN -1 ez |

FEd

B uwar B, Ao mdulszAnhihmindmiy  <Iaslulsunqud”  uas
“Tas TuTaungulia” awdwdy dmualdiiduiu 0.05 uaz 0.05 mudAy

' .’: ' o dad v 4

m B uaz B, waandnsar  0.005 111nmﬁuunmmﬂwqﬂ'lmﬂﬁuuuﬂm
Sanesusrnyaanuilen B, uoz B, anasdeiiestuiludom 20 sou &1 B uaz

" ] ' ¥

B. aamasdalina 20 sounsmguinaniangagnasudwdam g, uaz B, zgndan

Ifisumiuausudu tude a1 4 uaz B, A1 0.05 uaz 0.05 AUAIAY

4.3 HaMINATBVIANDI NU

wamsnageu/Souifoumsiangudiusaneiiin  k-means MsiANguAILTILAN
Sanesiuazsanoifiuiiaus Taviidoyanaaey 10 yalAun iris data set, Indian Telugu
vowel data set, Pima Indians diabetes data set, heart Statlog data set, sonar data set , image
segmentation data set, ionosphere data set, breast cancer data set, satellite image data set LY
letter recognition data set 1dnams mﬁauﬁaﬁ’

msdangudoya iris data set AI05ANOINY k-means InAnsanei oz danei i
YTURUARIRIAINT 4.1, 4.2 tog 4.3 MUEIRY AT 44, 4.5, 10T 4.6 LARIHANITA
nqudoyn Indian Telugu Vowel data set §an03711 k-means SwdAnsano3itunazsano3iiui
Waue MudIRy M3 4.7, 4.8, 1ag 4.9 UAAINANIIANGNUDYA Pima Indians diabetes
data set $aN03T k-means SiuANSano3AuazSanes MuTinaue mudidy M3197t 4.10,
411, UAz 4.12 uanINansiangudoya heart Statlog data set HaNOINY k-means UAN
Sano3unarSanesiuiinaue MRy M3 4.13, 4.14, 1AL 4.15 LTAIHANMIIANGY
Youn sonar data set 5aNB3TY k-means ImAnsanesfunazsaneiiuiiuauo audidy
M131971 4.16, 4.17, 1Az 4.18 uTAINANIIANGuUYBYD image segmentation data set SANDI N
kemeans SiuRnsane3uuassaneiiuiiumue muddy M 4.19, 420, uaz 421
uanaransiAngudeya ionosphere data set Sane3Ny k-means IuAnSaneIiuIAL

Sanesiuiiuaue a1y maei 4.22, 4.23, 10T 4.24 LAAINAMITANGNTOYD breast



47

cancer data set $aN03NY k-means UANSANDINULAZOANBINUMINAUD MUAIAY AITIN
425, 4.26, Uz 4.27 uaAIHaMIdAngudoya satellite image data set 8aN0INY k-means 3

wAnTanesNuazdanesNuMINaUD MuUMIAY 131970 4.28, 4.29, 1A 4.30 HAAIHANIIIA

[
=

nqudoya letter recognition data set ano3fY k-means IuAndaneifiuuazdanoiiiy

1aue Muday

M99 4.1 HONSIANGY iris data set AIWEANDITM k-means DA MUA k=3

R —— clustering metric M 1A (i)
1 97.34622 0.0310
2 97.34622 0.0320
3 97.325924 0.0310
4 97.325924 0.0310
5 122.478706 0.0310

13197 4.2 HAMIIANGY iris data set AAWTUANTANBI TN HOMNUA k=3

ﬂ‘l‘:‘ﬂﬂﬁﬂuﬂ%ﬁ clustering metric M N1 (U)
1 97.325924 0.7030
2 97.325924 1.8590
3 97.325924 0.8430
4 97.325924 1.2500
5 97.325924 0.6870

M990 4.3 HANTIANGY iris data set AIudane3Tiuinaue Wonmua k=3

I clustering metric M na1 (un)
1 97.133887 0.2500
2 97.287073 0.2500
3 96.993731 0.4220
4 97.037044 0.4690
5 97.21852 0.2500
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A1147 4.4 HANSSANGY Indian Telugu vowel data set AIUEAND3T TN k-means HIDAMUA k=6

- clustering metric M a1 (Au)
1 151605.6001 0.0790
2 149912.5029 0.1400
3 153962.6897 0.0780
4 149773.9404 0.1090
5 161523.3703 0.1090

3197 4.5 HAN33ANGY Indian Telugu vowel data set AwTuANTaANETY HioiHuA k=6

- clustering metric M na1 Gui)
1 149405.9451 5.3750
2 149423.5982 4.6250
3 149383.9932 5.2030
4 149408.9149 6.1250
5 149369.6381 6.2660

A13197 4.6 HAN13IANGY Indian Telugu vowel data set A2u8ane3 Ui neue edmua k=6

m‘smﬂaun%ﬁ clustering metric M a1 (Aun)
1 149383.9932 0.9370
;) 149363.2346 1.0470
3 149394.804 0.8590
4 149336.0663 1.4690
5 149398.2631 0.8910
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ﬂmﬁi 4.7 WaN139ANTN Pima Indians diabetes data set ﬁ"mé'nnas ﬁu k-means LUBNTHURA

k=2

49

MINATDUATIN

clustering metric M

na1 Guin)

52072.24398
52072.24398
52072.24398
52072.24398
52072.24398

0.0620
0.0470
0.0620
0.0470
0.0470

A13197 4.8 HAN3TANGY Pima Indians diabetes data set AILIUANSANDI N IiBAMUA k=2

P — clustering metric M na1 un)
1 52072.24398 3.4380
2 52072.24398 2.5620
3 52072.24398 1.5320
4 52072.24398 1.2660
5 52072.24398 1.3750

A13197 4.9 HaN39ANAN Pima Indians diabetes data set A2uSaNBTNUMINTUD Wormua

k=2

¥ v
NMINATDUATIN

clustering metric M

na1 Gun)

1

48101.44628
49774.43019
48354.90208
48114.48396
48385.70868

8.7340
4.7660
3.6870
5.6100
8.7180
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M13137 4.10 HaM3TANGY heart Statlog data set AIWBAND3I NN k-means HBAMUA k=2

e clustering metric M na1 (un)
1 10695.79738 0.0470
2 10695.79738 0.0310
3 10700.83855 0.0310
4 10695.79738 0.0310
5 10695.79738 0.0470

M191971 4.11 HAN133ANGY heart Statlog data set AWIuANSANeI MY efmua k=2

ﬂ‘l'i‘nﬂﬂﬂ‘lmgﬂﬁ clustering metric M a1 (Gu)
1 10695.79738 0.9840
2 10695.79738 0.6560
3 10695.79738 0.7970
4 10695.79738 0.8750
5 10695.79738 0.7500

M13197 4.12 HAN15ANGY heart Statlog data set @20 Sane3Aufitiuauo o fmua k=2

MInATeUniIf clustering metric M na1 ()
1 10663.08096 0.6410
2 10636.06313 0.9220
3 10647.29146 0.4690
4 10652.98316 0.6090
5 10650.95658 0.7810
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M3 4.13 WAN1TIANQN sonar data set A2u5an03 M k-means (IBAIMUA k=2

51

— clustering metric M a1 ()
1 235.206592 0.0470
2 234.771718 0.0310
3 235.206592 0.0310
4 235.206592 0.0630
5 235.206592 0.0470

A13197 4.14 HAN133ANGY sonar data set @20 TiuAnSanoT Y iofmua k=2

msnaroUnsi clustering metric M a1 (Gun)
1 234771718 0.9370
2 234.767117 0.8590
3 234.771718 0.9060
4 234771718 0.9370
5 234767117 0.8750

A1197 4.15 HANTSANAY sonar data set #2u Sano3uiinaue ofmun k=2

P clustering metric M a1 (Ju)
1 234.698667 0.7180
2 234.771718 0.4220
3 234.549081 1.3290
4 234.562322 2.5630
5 234.741962 0.8280
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13197 4.16 HAN3$ANGY image segmentation data set A2UTANOTTIY k-means DA MUA k=7

ﬂ'l‘iﬂﬂﬁﬂl]ﬂizﬂ'ﬁ clustering metric M a1 (ui)
1 150360.7313 0.4840
2 150234.673 0.4060
3 150089.0796 0.3290
4 152370.2903 0.2820
5 153054.0302 0.5940

19137 4.17 HAMSTANGY image segmentation data set A2uTiuANSaneT iy tiofmua k=7

msmﬁaumgqﬁ clustering metric M a1 (Aun)
1 149569.1243 20.2660
2 149569.1243 12.3280
3 149914.7218 18.2190
4 149569.1243 16.3750
5 149569.1243 24.1250

M1319N 4.18 HON3 ﬁ'ﬂﬂ@:u image segmentation data set Audane

= 8

a0 A o
YNUNTUD LUDNTHUA

3
k=7
o . i a o
NMINATDUNIIN clustering metric M 1281 (AUN)

1
2

148299.7584
149574.2048
149574.6094
149191.7432
149552.2229

4.5470
3.0320
3.0780
14.2030
4.0940




" o 1 . o - é [
M1319N 4.19 WAN139ANQYN ionosphere data set ﬁ'waﬂﬂn:ﬁu k-means INONTHUA k=2

P clustering metric M a1 (AuN)
1 796.466676 0.0470
2 796.327083 0.0310
3 796.466676 0.0310
4 796.327083 0.0310
5 796.466676 0.0310

M13197 4.20 HAM3FANAN ionosphere data set A2V TuANSANDTNY iR MUA k=2

- clustering metric M nan ()
1 796.327083 1.0620
2 796.327083 1.0620
3 796.327083 1.1090
4 796.327083 1.0630
5 796.327083 1.1710

M13197 4.21 HAN3TANGY ionosphere data set AauSane3iuiinaue Wonmua k=2

mInageunah clustering metric M na1 (ui)
1 795.794277 0.9380
2 795.760104 1.4690
3 795.928124 0.8750
4 795.784821 2.6870
5 795.693735 1.2030
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m‘lNﬁ 4.22 WANIT9ANQU breast cancer data set #’Juannosﬁu k-means IWONTHUA k=2

mmﬁﬂwﬂ;@ﬁ clustering metric M a1 U)
1 3056.96602 0.0790
2 3056.96602 0.0940
3 3056.96602 0.0780
4 3056.96602 0.0790
5 3056.96602 0.0780

M31971 4.23 HAN39ANGY breast cancer data set 420 SiuAndaNoINY iofMmua k=2

miwﬂﬁm.lﬂizaﬁ : clustering metric M na1 Gun)
1 3056.96602 5.0790
2 3056.96602 3.5630
3 3056.96602 3.3910
4 3056.96602 3.4690
5 3056.96602 3.4370

A131471 4.24 HAN3TANGY breast cancer data set Audane3iuMindue ot mua k=2

MInag am%"’aﬁ clustering metric M a1 (u)
1 3041.697714 4.235
2 3037.632001 3.844
3 3039.63705 1.781
4 3037.632001 3.844
5 3036.208594 4.094




M13131 4.25 Nﬁﬂ‘li'ﬁ'ﬂﬂfiu satellite image data set é’aué’ana‘iﬁu k-means 1B MUA k=6
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e clustering metric M a1 (un)
1 291939.6658 2.0320
2 306387.3598 1.4060
3 291939.8733 1.5630
4 291958.0493 2.2190
5 307004.764 1.4690

-:i [ ' . . ¥ - a  ow o -4 A o
M1319N 4.26 HAN1TIANYY satellite image data set A0 UUANDANDINY LUDNTHUA k=6

- clustering metric M a1 (un)
1 291939.6658 296.5620
2 291938.1466 254.0460
3 291930.8805 360.0000
4 291930.8805 368.6090
5 291938.1466 586.5000

A19197 4.27 HamsANg satellite image data set A3u8ane3 iuiiuaus dedmua

k=6

MINATDUATIN

clustering metric M

na Gun)

1

290734.4865
291939.8733
291489.4076
291754.9195
291706.7587

110.5470
29.5310
79.4530
34.4850
52.0620
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H W ' . o a A o
M151971 4.28 WANITANGY letter recognition data set A208ANDITY k-means 1BAIMUA k=26 .

manageuATai clustering metric M a1 (un)
1 107714.6659 28.2650
2 107280.0649 18.5630
3 107283.5448 48.2650
4 108163.3629 22.5000
5 108176.7401 29.6250

A131971 4.20 HAN3SANGN letter recognition data set AILTUANTANTTIY infMuA k=26

—— clustering metric M a1 (uh)
1 106912.2114 4166.1870
2 106936.3717 5966.8440
3 106937.6302 3478.7650
4 106991.441 5005.5780
5 106991.445 4170.9840

M3197 4.30 HANTIANGA letter recognition data set Aaudano3finiinaus Wiofmun k=26

- clustering metric M a1 (i)
1 106923.6659 246.2970
2 107043.7487 231.9220
3 107050.0137 342.6710
4 107001.194 246.0310
5 107003.2171 330.5780

o a s g o al o o Y

NNMsnAdeudaneIiuiia 3 daneshunudeyanadey 10 4a UIUgATEYADY 5

o 4 1w a ° ° & o vl i s
a%1 uanaldiiudanos iy k-means M1 InaNIIM10UHIIAGTI 1AM clustering metric
M Fditgaii1&aoudheiinnuulsli dndudndaneiiiuli clustering metric M i
figaiiulsdsnniesnidanedity k-means udlfnannnnd uazdaneiiniinauonunin
ar 1 Y o (=] a  w a2 9 i s a0 a Ha a’:
fanguldetsiaiinitiudndaneinuuaz i clustering metric M NAMTANAN NG

$§anD3 7Y k-means HAZIUANSANDINY
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' ¥
dovmsmeasudanesituiudeyanasouyaidy Taonaasailusiuau 1,000 A5

' v ak do 91 i ; dg A o g o 8 =
WUN ﬂ‘nﬂﬁ]iﬂuﬂu1lﬁua1ﬁﬂ1 clustering metric M NAMYA AINDANDINY k-means DD

wRnsanesny aataaslumsen 4.31 - 4.40

A13197 4.31 M1 clustering metric M MAANAZFIYAINNITIANGN iris data set WIDAMUA k=3

clustering metric M | clustering metric M
f1qa g
k-means 9ano3 Ny 97.3259 125.1921
TAndaneinu 97.3259 97.3259
SuAnsanesiuiihiaue 96.7114 97.3259

M19199 4.32 A1 clustering metric M MFYALAZYITAINMT ﬁ'ﬂﬂfill Indian Telugu vowel data

set 1aMMUA k=2

clustering metric M | clustering metric M
e A
k-means 5an03 Ny 149369.6381 168675.2467
SiAndanainy 149362.7891 151432.5288
SAnsaneI e 149107.7242 151469.2550

A15197 4.33 71 clustering metric M MAALAZYIATINNITIANGY Pima Indians diabetes data

set ljofMMuA k=2

clustering metric M | clustering metric M
e 3R
k-means 9an03 N 52072.2440 52072.2440
SuAndaneIiu 52072.2440 52072.2440
SuAnsanesiuitiuaue 47697.4063 52072.2440




M13137 4.34 A1 clustering metric M AAAUAZFIAAIINNITTANGY heart Statlog data set 110

ANUA k=2

clustering metric M

clustering metric M

drga g
k-means BaN03 N1 10695.7974 10700.8385
AuFAndansiny 10695.7974 10695.7974
SuAnsanesiuiniae 10624.3726 10695.7974

mM3137 4.35 M1 clustering metric M MANTFIAANINNITIANGN sonar data set 1IDAMUA

k=2

clustering metric M

clustering metric M

Mga qaqa
k-means BaN03 711 234.7671 247.1384
AuAndaneiiy 234.7671 234.8277
SuAnsano3fiuiitinaue 234.1071 235.1075

M13199 4.36 M clustering metric M ﬁ1q ALDSTITAINNIIT %ﬂﬂ’cjil image segmentation data

d‘ o
set LWDN1HUA k=7

clustering metric M

clustering metric M

é’ﬁqﬂ GGG
k-means 9aN03NY 148154.9345 160055.7852
SiuAndanes Ny 148300.8432 150953.7911
SuAnsanesiuiiuaue 146277.6523 150983.4004

A13197 4.37 A1 clustering metric M ﬁwqmmzqaqﬂmnmﬁﬂﬂdn ionosphere data set o

AHUA k=2

clustering metric M

clustering metric M

drqa Fagn
k-means 9ano3 N 796.3271 974.0242
IuAnSaneIny 796.3271 796.3271
SwAnsanesiuiiudue 795.1641 796.2373
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M13197 4.38 A1 clustering metric M ss'hqmmzqqqﬂmnmsﬁ'ﬂn'cjn breast cancer data set 111D

AHUA k=2
clustering metric M | clustering metric M
ﬁwqﬂ g7
k-means 5an03 Ny 3056.9660 3056.9660
JuAndanaiiy 3056.9660 7359.1273
SAnsaneIiuiinaue 3035.1664 3053.9988

M13190 4.39 A1 clustering metric M ﬁTﬁﬂLLﬁ:QQﬁﬂﬂmmﬁ'ﬂﬂq‘u satellite image data set

et Mua k=6

clustering metric M

Agn

clustering metric M

q9qa
k-means N3N 291939.6658 316996.9259
JuAndanesfiu 291930.8805 305947.7326

'
ad Ao

AuANOANBINUNUNTUD

290192.1843

305931.2907

M13191 4.40 A1 clustering metric M ﬁ'l’qfﬂklazq 3AINMI ﬁ’ﬂﬂfjn letter recognition data set

WO IHUA k=26

clustering metric M

fge

clustering metric M

qaga

k-means 5ﬁﬂﬂ?ﬁu
= = Y = A
AUANDANDINU

AIuAndanosnuninaue

107060.3102
106911.1552

106910.0929

108845.3471
107781.9854

107474.0845
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PR3 19T 441 — 4.50 LAAIAURAVYDIM clustering metric M wazrailFlums

Y g v o 0’: Yy ad 1w a4q 4o Y =
nATDUVBYAMI 10 ‘qﬂmay‘aﬂmu 1,000 A33 llﬁﬂﬂiﬂlﬁu'ﬂﬂﬁﬂﬂiﬂﬂﬂu'IL’LT'NE)‘I'Hﬂ'IIﬂﬂU

= % P g a g =t a w = A P
clustering metric M YNINDANDINY k-means LIASIUANDANDINY paznanlFlums

5 P 9 ¥ Vo el e -
NAAEUFANe3 Y k-means ¥ mamoudesiiqa sesnaunlduddaneInuininauenazd

UAND AN NUMNEIAY
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A19197 4.41 AUNAY clustering metric M ANTUAVUIIATIIULATAUNAYIINMIVIANGN iris

data set lﬁaﬁmuﬂ k=3

AURAY clustering Auflvauumasgu naunde
metric M Guh)
k-means §an03 Ny 102.7565 10.4920 0.0299
SiuAndanainu 97.3259 0.0000 0.9829
JuAnsanesiuiiaue 97.0814 0.1643 0.3866

A13197 4.42 AURAY clustering metric M AudoaUNAIT MR NRABINMITANGY

Indian Telugu vowel data set Wofmua k=2

AURAU clustering Audloavumasgu naundy
metric M (’nl‘l.l'lﬁ)
k-means 8anD3 MY 152942.3559 3760.9306 0.0975
SufAndaneiny 149446.6858 185.4153 5.3476
SuAnsanesiuiiuaue 149802.7549 579.1148 1.1144

9197 4.43 AURAY clustering metric M ANTBAVINIATIMUALIAURATIINNITANGN

Pima Indians diabetes data set oM vua k=2

AUnAv clustering Aufloauunasgiu naunde
metric M Gun)
k-means 8093 NY 52072.2440 0 0.0499
uAndaneIiy 52072.2440 0 1.3432
SuAnsanesiuiidue 49153.2543 877.2324 5.0095

A13197 4.44 AURAY clustering metric M AIDUAVLINATIIUIDZINURDLNINMITANGY

heart Statlog data set o mua k=2

AURTY clustering Anfivauinasgu naundy
metric M Guin)
k-means 9ano3 Ny 10697.6018 2.3935 0.0338
SuAndaneiny 10695.7974 0.0013 0.8646
SuAndanesiuiinaue 10650.9786 13.1170 0.8309
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13137 4.45 AURAY clustering metric M AUTLIVMINATIIUIAIAURALNAMITANGY

sonar data set Weimua k=2

AURAY clustering Aufivaunasgv naundy

metric M Gu)

k-means 9anD3 N 235.1134 0.7458 0.0409
AuAndaneIiu 234.7705 0.0027 1.0123
InAnsanoufitiuaue 234.7385 0.1328 0.9959

A13197 4.46 AURAY clustering metric M MITBAVUIATFIUUAAURABINMNITANGY

image segmentation data set ioimua k=7

Aundv clustering Aufaunasgu nauRay

metric M (3111'?])

k-means DaND3I N 151092.9695 1478.8744 0.2876
AuAndaneIny 149600.7532 206.9746 21.0573
SmAnsaneIiuiiuaue 149549.1094 603.8821 7.4288

M99 4.47 AURA clustering metric M ANTIBAVUIIATIIMIAZAURALIINNITTANGY

ionosphere data set WoRmua k=2

AURTY clustering Aifvauuasg naundu
metric M (fJ"Lﬂﬁ)
k-means DaND3 N 805.2225 38.3870 0.0351
AuAndanaIny 796.3271 0.0000 1.1443
SuAnSanesiuiiuaue 795.8559 0.1768 1.2661

M3197 4.48 AUNAY clustering metric M AUTOAVUIIATFIULALIDURALNNNTTANGY

breast cancer data set Lﬁﬂﬁmuﬂ k=2

AURAY clustering midvaunaIgIv naundy
metric M (3141%)
k-means DaN03 N 3056.9660 0 0.0883
udAndaneiiu 3069.8725 235.4031 3.5641
SAndanesiufiuemue 3039.5193 2.6024 3.7638
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M3197 4.49 AUNAY clustering metric M ANDLAVIINATTIULRAURALNNMITANGY

satellite image data set WoMnua k=6

AURAU clustering Aufivauuinasgu naundy

metric M Aun)

k-means 9aNB3 N 297464.9243 8236.6563 1.8003
JuAndana3Iny 291962.6099 625.5323 258.7567
SiuAnsanesiuiiaue 291625.1704 590.5379 29.7047

13197 4.50 AURAY clustering metric M ANDUAVUIIATIIUUAZIAURTLIINMIIANGY

letter recognition data set ot mua k=26

AURY clustering Auoauunasgm naundy

metric M (3111171)

k-means §ano3NY 107775.0990 368.2664 79.6387
IuAndaneINy 107156.0843 154.5161 3705.6039
SAndanesiuiiiae 107292.2251 125.6744 255.5808
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Genetic Algorithm-Based Clustering
and Its New Mutation Operator

Arit Thammano and Uraiwan Kakulphimp

Computational Intelligence Laboratory
Faculty of Information Technology
King Mongkut's Institute of Technology Ladkrabang,
Bangkok, 10520 Thailand
arit@it.kmitl.ac.th, ukakulphimp@hotmail.com

Abstract. This paper proposes an extension to the original GA-clustering
algorithm by introducing a new way to mutate the chromosome. The new
mutation operator takes the previous values of the chromosome into account
when mutating the ch The superiority of the proposed approach over
the original GA-clustering algorithm and K-means algorithm is demonstrated
by using 6 benchmark data sets.

1 Introduction

Clustering is the process of grouping the data into clusters so that objects within a
cluster have high similarity in comparison to one another, but are very dissimilar to
objects in other clusters [1). Among all existing clustering algorithms, K-means
algorithm is the most widely known; it is rather simple and remarkably effective.
However, the K-means algorithm may get stuck at suboptimal solutions, depending
on the choice of the initial cluster centers. Maulik and Bandyopadhyay (2] therefore
have developed the GA-clustering algorithm, which integrates the capability of the
genetic algorithm in avoiding local optima with the K-means algorithm. Their results
show that the GA-clustering algorithm provides a performance that is significantly
superior to that of the K-means algorithm.

The objective of this paper is to propose a new way to mutate the chromosome.
The performance of the original GA-clustering algorithm is further improved when
used in conjunction with this new mutation operator.

Following this introduction, section 2 and 3 briefly describe the K-means algorithn
and the original GA-clustering algorithm respectively. The proposed mulation
operator is presented in section 4. In section 5, the experimental results are
demonstrated and discussed.

2 K-Means Algorithm

K-means is the most famous clustering algorithm. It groups a set of n objects into K
clusters using Euclidean distance as the similarity measure. The steps of the K-means
algorithm are described as follows:
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. Arbitrarily select K initial cluster centers (z;. 7y .... 7x) from the input data.
. Assign each data pattern x; to the cluster C; to which it is the most similar.
. When all input data has been assigned. update the cluster centers as follows:

O= >

.1
Z;=— Xj
P ny ‘Ec,' &

where n, is the number of data belonging to cluster C;.
D. If the stopping criterion is satisfied, terminate the loop. If not, go to step B.

3 GA-Clustering Algorithm

A description of the GA-clustering algorithm proposed by Maulik and Bandyo-
padhyay is given below.

A. Define the size (P) of the population. For each chromosome, randomly select
K initial cluster centers (2, 2z, ..., zx) from the data set and encode them into a
chromosome. Therefore, each chromosome is structured as follows:

Chromosome = (21}, ... Zigy Za1y «vvs 22Qu +ovs ZK1s =+» ZKQ) « 2
where Q is the dimension of each cluster center.

B. Evaluate the fitness of each chromosome in the population. The fitness
computation process consists of two phases as follows:

B.1. Assign each data point x; to the cluster C; to which it is the most similar.
The similarity is defined as

()]
where j=1,2,....K.
z; is the center of the cluster C;.
Next, calculate the new cluster centers using
« |
li Y in . [4)

NjxeC,
Then replace the previous clusier centers z; encoded in the chromosome
by the new centers z; .
B.2. Compute the fitness of chromosomes in the current population using:

f=1/M. 5

M-E b le-zjl. (6)

j=1 n‘ecl
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C. Create a new population by repeating the following steps until there is an
appropriate number of chromosomes in the new population:
C.1. Select two parent chromosomes from a current population using the
roulette wheel technique.
C.2.  With a crossover probability, cross over the parent chromosomes to
form the new offspring.
C.3. Perform the mutation on the new offspring as follows:
- Randomly select mutation positions.
- With a mutation probability, mutate the value of the selected
positions by using the following equation:
ol _ V2080 Gif vt 20
[v'ﬂ-s vt =0 U

where V' is the current value of the selected gene.
& is a small random number in the range of O to 1.
C.4.  Place the new offspring into a new population.
D. If a predetermined number of iteration is reached or the end condition is
satisfied, stop the loop and retun the best chromosome in the current
population. If not. go to step B.

4 The Proposed Mutation Operator

This paper proposes an extension to the original GA-clustering algorithm (proposed
by Maulik and Bandyopadhyay) by introducing a new way to mutate the
chromosome. Instead of deciding randomly to add or subtract a small random number
to/from the original value of the selected position, the historical information of each
chromosome is taken into consideration when mutating the chromosome. In this
research, the histories of the chromosome are divided into 2 groups: “good™ and
“bad.” The good consists of all previous stages of the chromosome that have higher
fitness value than the current stage, while the bad is composed of all previous stages
of the chromosome that have lower fitness value than the current stage. The formula
for the proposed mutation operator is as follows:

2 a2t 4B Dwi(z -2+ By Twilz -2z (8)
Frrd xeb

il

6
s

(9)

-

xfi
b

(10)

78



706

A. Thammano and U. Kakulphimp

where 7' is the current vaiue of the selected cluster center.

5

B, and P, are the weight coerficients for “good™ and “bad™ groups respectively.
z; and z, are the past values of the selected cluster center.

Experimental Results

In this paper, the performance of the proposed approach is compared to the original
GA-clustering algorithm and the k-means algorithm. In order to compare the three
algorithms, the experiments are conducted using 6 benchmark data sets: “Pima
Indians diabetes,” “heart disease.” “sonar, mines vs. rocks,” “satellite image,” “vowel
recognition,” and “letter image recognition.” For each data set, one hundred
experiments are performed for each algorithm. The performance is measured in terms
of the clustering metric as defined in equation 6 and the average time to converge.
The experiments are conducted on a 2.8 GHz Pentium IV PC with 1 gigabyte of main
memory. Brief descriptions of the data sets are given below:

1.

~

The first data set is the Pima Indians diabetes database. It is publicly available
from the UCI machine learning database repository [3]. The problem is to predict
whether a patient would test positive (1) or negative (0) for diabetes according to
World Health Organization criteria. All patients represented in the data set are
females at least 21 vears old of Pima Indian heritage living near Phoenix, Arizona,
USA. This database contains 768 examples. Each example is described by 8
numerical attributes and belongs to one of two classes (0 or 1). There are 500
examples of class 0 and 268 examples of class 1. Therefore, the value of K is
chosen to be 2 for this database.

. The second data set is the heart disease problem. It is retrieved from Statlog Project

Datasets [4]. The problem concems the prediction of the absence (1) or presence
(2) of heart disease given the results of various medical tests carried out on a
patient. This data set contains 13 atwibutes and 270 records. There are 150 records
of class 1 and 120 records of class 2. The value of K used for this data set is 2.

. The third data set is the Sonar, Mines vs. Rocks [3]. The task is to discriminate

between sonar signals bounced off a metal cylinder and those bounced off a
roughly cylindrical rock. This data set contains 111 patterns obtained by bouncing
sonar signals off a metal cylinder at various angles and under various conditions
and 97 patterns obtained from rocks under similar conditions. Sixty numerical
attributes in the range 0.0 to 1.0 are used to predict the output class (mine or
rock). Therefore, the value of K is chosen 1o be 2 for this data set.

. The fourth data set is the satellite image data. This data is retrieved from Statlog

Project Datasets [4]. This problem concerns the classification of 6 satellite
images. Thirty-six numerical attributes are used to predict the output class. There
are 6 classes (red soil = 1, cotton crop = 2, grey soil = 3, damp grey soil = 4, soil
with vegetation stubble = 5, and very damp grey soil = 7). The value of K is
therefore chosen to be 6 for this data set.

. The fifth is the vowel recognition problem. The vowel data used in this problem

was originally collected by Deterding [S]. who recorded examples of eleven
steady state vowels (hid, hld, hEd, hAd, hYd, had, hOd, hod, hUd, hud, and hed)
of British English spoken by fifteen speakers. Each vowel was uttered six times
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by each of the fifieen speakers. Therefore, the whole data set contains 990
examples. The data set consists of 10 inputs, which are obtained by low pass
filtering the speech signals at 4.7 kHz; digitizing to 12 bits with a 10 kHz
sampling rate: extracting the twelfth order linear predictive coefficient (LPO)
from six 512 sample Hamming windowed segments; and then using the reflection
coefficients 1o calculate 10 log-area ratio (LAR) parameters. The value of K used
for this data setis 11.

6. The sixth data set is the letter image recognition data. The data is taken from the
UCI machine learning database repository [3]. Its task is to identify each of the
character images as one of the 26 capital letters in the English alphabet. This data
set has 20000 instances. Each instance is described by 16 numerical attributes.
Therefore, the value of K is chosen to be 26 for this data set.

Tables 1 to 6 summarize the results obtained from the three clustering algorithms
for the above data sets. The average time to converge of the K-means algorithm is the
lowest among the three algorithms. The proposed algorithin comes second, leaving
the original GA-clustering algorithin far behind. However, when considering the
clustering metric. the proposed algorithm comes out to be the best among the
compared algorithms. For the Pima Indians diabetes database, the heart disease
problem, and the satellite image data, the proposed algorithm comes first in the
competition, while the K-means and the GA-clustering algorithms tie for second
place. For the sonar, mines vs. rocks data, the K-means and the proposed algorithms
tie for first place. The vowel recognition problem is the only data for which the
proposed algorithm does not win the competition: it comes second. For the letter
image recognition data, the proposed algorithm attains the best value of 106944.2, in
comparison to 107060.3 of the K-means algorithm and 107103.2 of the GA-clustering
algorithm.

Tuble 1. Results for the Pima Indians disbetes database when K =2

Clustering Metric Time (second)
K-means Algorithm 52072.24 0.0514
GA-clustering Algorithm 52072.24 1.3231
Proposed Algorithm 49388.21 0.4447

Table 2. Results for the heart discase problem when K =2

Clustering Metric Time (second)
K-means Algorithm 10695.80 0.0334
GA-clustering Algorithm 10695.80 0.6539
Proposed Algorithm 10686.33 0.2238

Tuble 3. Results for the sonar, mines vs. rocks duta when K =2

Clustering Metric | Time (sccond)
K-means Algorithm 234.7671 0.0394
GA-clustering Algorithm 235.1560 47724
Proposed Algorithm 234.7671 0.3067
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Table 4. Results for the saiellite image data when K = 6
Clustering Metric Time (second)
K-means Algorithm 291939.7 1.8440
GA-clustering Algorithm 201939.7 164.5408
Proposed Algorithm 291684.2 11.3747
Table 5. Results tor the vowel recognition problem when K =11
Clustering Metric Time (second)
K-means Algorithm 1342.710 0.2050
GA-clustering Algorithm 1343.231 274.3829
Proposed Algorithm 1343.065 1.5059
Table 6. Results for the letter image recognition data when K = 26
Clustering Metric Time (second
K-means Algorithm 107060.3 33.2843
GA-clustering Algorithm 107103.2 2504.2886
Proposed Algorithm 106944.2 172.5785
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ABSTRACT

This paper proposes a new mutation operator. The
proposed mutation operator consists of 2 components: a
random component and a deterministic component. By
combining a deterministic component with a random
component, the chromosomes can perform  both
directional and randomized search simultaneously. The
superiority of the proposed approach over the original
genetic algorithm and K-means algorithm is demonstrated
by using 7 benchmark data sets.

Keywords: Clustering, Data Mining, Genetic Algorithm,
Mutation Operator

1. INTRODUCTION

Cluster analysis is a method for grouping a set of data
objects into K clusters (Cy, Cy, ..., Cx) so that objects
within a cluster have high similarity in comparison to one
another, but are very dissimilar to objects in other clusters
[1]. Clustering is an unsupervised classification method,
where the class label of each data object is not known. In
clustering the data set X, the following conditions must
be satisfied:

(1) None of the clusters is empty (Ci# @:i=1,2, ..., K).
(2) Every data object must belongs to exactly one cluster

X
(CGNnG=@:izjand UC; =X).
i=l

Among all existing clustering algorithms, K-means
algorithm is the most widely known; it is rather simple
and remarkably effective. However, the K-means
algorithm may get stuck at suboptimal solutions,
depending on the choice of the initial cluster centers.
Maulik and Bandyopadhyay [2] therefore have developed
the GA-clustering algorithm, which integrates the
capability of the genctic algorithm in avoiding local
optima with the K-means algorithm. Their results show
that the GA-clustering algorithm provides a performance
that is significantly superior to that of the K-means
algorithm.

The objective of this paper is to propose a new way to
mutate the chromosome. The performance of the original
GA-clustering algorithm is further improved when used
in conjunction with this new mutation operator.

ISBN 974-94418-9-3 ©2006 ECTI
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Following this introduction, section 2 briefly describes
the original GA-clustering algorithm. The proposed
mutation operator is presented in section 3. In section 4,
the experimental results are demonstrated and discussed.
Finally, section 5 is the conclusion.

2. GA-CLUSTERING ALGORITHM

A description of the GA-clustering algorithm proposed by

Maulik and Bandyopadhyay is given below.

A. Define the size (P) of the population. For each
chromosome, randomly select K initial cluster centers
(z1, 23, ..., %) from the data set and encode them into
a chromosome, Therefore, cach chromosome is
structured as follows:

Chromosome = [Z1, ...y Z1Qs +++» ZKls ++=s Zxq) (1)

where Q is the dimension of each cluster center.

B. Evaluate the fitness of each chromosome in the
population. The fitness computation process consists
of two phases as follows:

B.l. Assign each data point x; to the cluster G; to
which it is the most similar. The similarity is
defined as

dx1,75) = | Mg = 7)? @

q=1

where j=1,2,...,K.
7 is the center of the cluster G;.
Next, calculate the new cluster centers using

7= Tx, ®

Then replace the previous cluster centers z
et:coded in the chromosome by the new centers
Zi .

B.2. Compute the fitness of chromosomes in the
current population as follows:

f= 1M (@)

The 21st International Technical Conference on
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C. Create a new population by repeating the following
steps until there is an appropriate number of
chromosomes in the new population:

C.1. Select two parent chromosomes from a current
population using the roulette wheel technique.
C.2. With a crossover probability, cross over the
parent chromosomes to form the new
offspring.
C.J3. Perform the mutation on the new offspring as
follows:
- Randomly select mutation positions.
- With a mutation probability, mutate the
value of the selected positions by using the
following equation:

dif vt 20
iifv' =0

T vt t2e8 ©

e {v‘ £25%v
where v'is the current value of the selected
gene.

§ is a small random number in the
range of O to 1.
CA4. Place the new offspring into a new population.

D. If a predetermined number of iteration is reached or

the end condition is satisfied, stop the loop and return
the best chromosome in the current population. If not,
go to step B,

3. THE PROPOSED MUTATION OPERATOR

This paper proposes an extension to the original GA-
clustering algorithm (proposed by Maulik and
Bandyopadhyay) by introducing a new way to mutate the
chromosome. In addition to the original mutation operator
that randomly adds or subtracts a small random number
to/from the original value of the selected position, the
historical information of each chromosome is also taken
into consideration when mutating the chromosome. In
this research, the histories of a chromosome are divided
into 2 groups: “good” and “bad.” The “good” consists of
all previous stages of the chromosome that have higher
fitness value than the current stage, while the “bad” is
composed of all previous stages of the chromosome that
have lower fitness value than the current stage. The
formula for the proposed mutation operator is therefore
composed of 2 components, which are a d

fi
wp= ¥, (10)
]
Wyl an
L= ¥,
jeb

where ' is the current value of the selected cluster center.

a=0.1-p; - By. It is the weight coefficient for the
random component.

& is a small random number in the range of -1 to 1.

By and B, are the weight coefficients for “good™
and “bad™ groups respectively. In this research, they are
initially set to 0.05. However, if the highest fitness value
of the current population is equal to that of the last
generation, the values of both B, and B, are decreased by
a predefined amount. As long as there is no improvement
in the fitness value of the current population, the values
of B, and B, are continuously decreased. In doing this, the
algorithm will get more action from the random
component and less action from the deterministic
component.

7 and 7, are the past values of the selected cluster
center.
g represents “good” group.
b represents “bad” group.

4. THE EXPERIMENTAL RESULTS

In this paper, the performance of the proposed approach
is compared to the original GA~clustering algorithm and
the k-means algorithm. In order to compare the three
algorithms, the experiments were conducted using 7
benchmark data sets: “iris,” “Indian Telugu vowel,”

“jonosphere,” “image segmentation,” “Pima Indians

diabetes,” “heart disease,” and “sonar, mines vs. rocks.”

For each data set, one thousand experiments are

performed for each algorithm. The performance is

measured in terms of the clustering metric as defined in

equation 5. The experiments were conducted on a 2.8

GHz Pentium IV PC with | gigabyte of main memory.

Brief descriptions of the data sets are given below:

1. The first data set is the well-known iris data [3]. This
data set contains 150 records. The sepal length, sepal
width, petal length, and petal width of 150 iris flowers
from 3 species (Iris-setosa, Iris-versicolor, and Iris-
virginica) are measured in centimeters, and are used
as the input of the problem. Therefore, the value of K
is chosen to be 3 for this data set.

component and a deterministic component, as follows:

2 =2' + Az ©)

Az'= random component + deterministic component (8}

az! =[asz']+[a. w5 -7)-By T -z')]m
I" &
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2, The d is the Indian Telugu vowel data [4]. This
data set consists of 871 patterns. There are six
overlapping vowel classes (1 to 6) and three input
features (the first, second, and third vowel formant
frequencies). The value of K used for this data set is 6.

3. The third data set is the ionosphere data created by the
Space Physics Group at Johns Hopkins University.
The data is taken from the UCI machine learning
database repository [5]. It contains the radar data
collected by a system in Goose Bay, Labrador. This
data set has 351 instances. Each instance is described

The 21st Intemational Technical Conference on
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by 34 continuous attributes and belongs to one of two
classes (“good” or “bad™). Therefore, the value of K is
chosen to be 2 for this data set.

4, The fourth data set is the image segmentation
database. This data is retrieved from Statlog Project
Datasets [6]. Nineteen continuous attributes are used
to predict the output class. There are 7 classes (brick
face = |, sky = 2, foliage = 3, cement = 4, window =
5, path = 6, and grass = 7) with 330 examples per
class. The value of K is therefore chosen to be 7 for
this data set.

5. The fith data set is the Pima Indians diabetes
database. It is publicly available from the UCI
machine learning database repository [5]. The
problem is to predict whether a patient would test
positive (1) or negative (0) for diabetes according to
World Health Organization criteria. All patients
represented in the data set are females at least 21
years old of Pima Indian heritage living near Phoenix,
Arizona, USA. This database contains 768 examples.
Each example is described by 8 numerical attributes
and belongs to one of two classes (0 or 1). There are
500 examples of class 0 and 268 examples of class 1.
Therefore, the value of K is chosen to be 2 for this
database.

6. The sixth data set is the heart disease problem. It is
retrieved from Statlog Project Datasets [6]. The
problem concerns the prediction of the absence (1) or
presence (2) of heart discase given the results of
various medical tests carried out on a patient. This
data set contains 13 attributes and 270 records. There
are 150 records of class | and 120 records of class 2.
The value of K used for this data set is 2.

7. The seventh data set is the Sonar, Mines vs. Rocks
[5). The task is to discriminate between sonar signals
bounced off a metal cylinder and those bounced off a
roughly cylindrical rock. This data set contains 111
palterns obtained by bouncing sonar signals off a
metal cylinder at various angles and under various
conditions and 97 patterns oblained from rocks under
similar conditions. Sixty numerical attributes in the
range 0.0 to 1.0 are used to predict the output class
(mine or rock). Therefore, the value of K is chosen to
be 2 for this data set.

Table 1 to 7 summarize the results obtained from the
three clustering algorithms for the above data sets. The
proposed algorithm comes out to be the best among the
compared algorithms, For the iris data, the ionosphere
data, the Pima Indians diabetes database, the heart disease
problem and the sonar, mines vs. rocks data, the proposed
algorithm came first in the competition, while the K-
means and the GA-clustering algorithms tied for second
place. For the Indian Telugu vowel data, the proposed
algorithm took first place; the GA-clustering algorithm
and the K-means algorithm got second place and third
place respectively. For the image segmentation data, the
proposed algorithm attained the best value of 146277.7,
in comparison to 148154.9 of the K-means algorithm and
148300.8 of the GAlustering algorithm.

ISBN 974-94418-9-3 ©2006 ECTI
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Table 1; Results for the Iris Data When K = 3

Clustering Metric
K-means Algorithm 97.32592
GA-clustering Algorithm 97.32592
Proposed Algorithm 96.71142

Table 2: Results for the Indian Telugu Vowel Data
When K = 6

Clustering Metric
K-means Algorithm 149369.6
GA<lustering Algorithm 149362.8
Proposed Algorithm 149107.7

Table 3: Results for the Ionosphere Data When K = 2

Clustering Metric
K-means Algorithm 796.327
GA-clustering Algorithm 796.327
Proposed Algorithm 795.1641

Table 4: Results for the Image Segmentation Database
When K =7

Clustering Metric
K-means Algorithm 148154.9
GA-clustering Algorithm 148300.8
Proposed Algorithm 146277.7

Table 5: Results for the Pima Indians Diabetes
Database When K = 2

Clustering Metric
K-means Algorithm 52072.24
GA-clustering Algorithm 52072.24
Proposed Algorithm 4769741
Table 6: Results for the Heart Disease Problem When
K=2
Clustering Metric
K-means Algorithm 10695.80
GA-clustering Algorithm 10695.80
Proposed Algorithm 10624.37
Table 7: Results for the Sonar, Mines vs. Rocks Data
When K = 2
Clustering Metric
K-means Algorithm 234.7671
GA-clustering Algorithm 234.7671
Proposed Algorithm 234.1071
5. CONCLUSION

This paper proposes a new mutation operator. By
combining a deterministic component with a random
component, the chromosomes can adapt itself in a more
reasonable manner. All of the experiments support that
the performance of the genetic algorithm is further
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improved when used in conjunction with this new
mutation operator.
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