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Abstract

In situations that a lot of data overflow, data mining is attracting attention
because it 1s to extract useful informations and patterns from data.

Clustering 1s an important technique in data mining. It is to group data into
clusters such that the similarities among data within the same cluster are
maximal while dissimilarities among data from different clusters are maximal.
As active subject of research, it is finding a way that can be an effective
and efficient clustering.

K-means clustering proposed by MacQueen(1967)[1] is famous and useful
method of partition-based clustering. It is simple and can be used for a
variety of data types.

But k-meas clustering is quite sensitive to positions of initial points. If
chosen initial points is too close, it lower accuracy and increase execution
time of iterative relocation.

Enhanced k-means clustering proposed by  Abdul Nazeer and
Sebastian(2009)[2] complemented k-means clustering’s defects. Its accuracy is
higher and execution time of iterative relocation is lower than k-means
clustering.

But total execution time is higher than k-means clustering.

In this paper, we propose an algorithm that improves time-complexity of
selection initial points in enhanced k-means clustering proposed by Abdul

Nazeer and Sebastian(2009).
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£ Zk(Category utility, CU)

=N

COBWEB< Eg¢] 44 H5 m&gkeldt
(2) A 7AW AL (Neural Network Approach)
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1%

278 A 54 A E=(Self-organizing feature maps, SOMs)oll €3t 3+
o Ao g3 AAsE 2 e dYdd=S NP oaA FAHt stEA W
H7F dAl AA 71 77k G999 dEd S22 dF 99 ddo] =,

NG Al Atelel A AAA A 2HE ol%E
deE welgele) AEAn FgH

T 3-D FxtelAl Ak )

SOMs+= oA EAet= Aelek FAbetH, 2-D =
o= 7FA3} sh=dl -85t [4]
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M. k-means +F A3 233 k-means =&

o

dutdog 71 2 AR ALEEHE 237 -E MacQueen(1967)0] Al

o

ki3

s

A AA AR A S wE=A171 Abdul Nazeer$} Sebastian(2009)¢] A

Z43lEl k-means

k-means

ki3

A ]t

MacQueen(1967)©]

ol

o

fvze)
_ZTI
el
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e
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il

—means

Fk

3|
pud

MacQueen(1967)e] = ¢t

Algorithm : k-means

F 28 M5k n AN AAE £

Input :

k7 el e 2H

s

} 715 (square-error criterion)S HA =

e s
L

Al

Output

Method :

|

1A 28289 Hitgt(mean) &2 =

EEE

(D) k7he] AAE o=

(2)
3)

-

H] 2 5} ¢

k7ol E82H i dh(mean)

o AAE
g AAtolel 913

22}

gk

(A1)

=
=

dzE &g AA

=
=

s
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~
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N2

)

,.mo
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—

<
i

(4)

ufj 7141
<719 1> k-means o3&

o) 0
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(5) S &E W3t A71A
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1) k-means &4 ¢] 7okA

MacQueen(1967)¢] #2383t k-means T FEA[1]S T3t 25 7Fx| a2 9
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S ognh @ WS @ 9% Aot Ba gl Agel 4x
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2) 73te k-means w4 daElF

Abdul Nazeer®} Sebastian(2009)¢] A|Qtgt 7Z3t¥l k-means w3 &4 [2]¢] =
712 AR AA ] v WRel A TE darg]FI ZolE ol 2713 A9
Aol AA Auge T84 FAS JERIh

Abdul Nazeer®} Sebastian(2009)0] Atk 7+8t¥l k-means w4 o
I 2

Algorithm : 73¥ k-means
Input: n7le AAE Tt = deolguo]lx, k@ S 2E 9 T
output: k71 &2 2H
Steps:
(1) 2E AAY AgE A
2) 7V& 7Pk AdE Ze & 29 AAE Feth
Q) Addgd + A3 A 7k AAE FEeh
0.75xn/k M7t & WA, 254 olste &1, Add A #l9)
(4) ded AAEe BHHgS Lo 27 BAEHoE
6) kA8 27 BaEgs 7+ WA 2)~G)HA v

(M BEEH PR AR AGE ZA w0
(®) AN F Birgk AAee] At A A B9
e zHe R ALE Z4skel g Artelel 9%

<19 3> 73t k-means T EA

22 AAANME e AANY AHE AL 7HF 7k 3 B A A

g Agdtt o ¥ AAst 43 Aol AN AAE HLop AdE wE A}

,25,



0.75<(n/K)[3] 7A7F 2 wj7kA] ded §, ded AAEe] WAdgs 7] Hd
o= ARER 27] Fatakel ATt kA7E 2 WA bRtk (k0 S S
ol &, n i EHOIH Y )

AA e Aol M= AR ol Hagistel At AaleE BEge] Ay
Hrp & 459 Al deMn BE FelaEe gy AYE wuste] v}

& TWhE Stel A gt

o,
By

7]

t}.[4]

e Al A (squared-error) 7lEo] AREET ohE3 o] AHod

AN

,26,
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2) NaEge

MacQueen(1967)¢] #2383t k-means T FEA[1]S %27] HgEe do AAHo

2 el HE sG] ey o] A W AW A7 o
=

Olkin) (kE22E9 &, rEAS & pholge & k<n) ¢ A7rEgs
B2 Aol A9t

Abdul Nazeer®} Sebastian(2009)¢] A|Qtgt 7ZF3t¥l k-means &4 [2]& &
= AAzEe AgE SAske] M Zhkeledl fAE F AHe VIeoR dFdwe
folzhrlel 271 Batghel A SFHAE ] "t grol 7hrke] fAIsHA RbEa,
AA wgel el AA e Htghk A A -5 AgE vaste] A HdEv 7
2l 7b sold Aot mjgstrlel AA wjge] wE sleE o Hd Okn) (k
Fe2HY F, ndlo]lHe F k<n) ANEREE 2t FHo] 3l

AN 7] Fatgh ©A Aol ol Be AAzke] A& Ao st

O(n?) (n:dlo]Ele] 4°) o] AEREE g et BdS EAlo z2k3 Quh[2]
2. N|°t5l= k-menas & &AM

1) A|etslE= k-means w{EA g

]

A oFst= k-means A2 Abdul Nazeer®l Sebastian(2009)¢] | <t3t 7

39 k-means wHEA[2]e AFAL FAsHAA HAYPA S G2 F =
W O 2 MacQueen(1967)¢] A 9Fet k-means T H 4119 W& Z7]H 3k

Aol 9] o] FZ(random sampling) W23 Abdul Nazeer®} Sebastian(2009)¢] #| <t

3t 73le k-means @ EA2]19) AHAYY ax(n/k), a(0<a<1) [3]12F 2 A )

o

A WA 533 k-means w3 EAS A A gt

,28,



Algorithm : #|¢tsl= k-means

Input : n/le] AAE E3st= dHolH, k@ S22HY F
output : k 71¢] =2{~H

Steps

(1) dlelelol A el g A ettt (e A A <)

(2) A AA et A AA ke AgE ek

(3) Adeg AA e 7ptelel] AAGF AAE ax(n/k) N 2 W7HA

X
dedth (a(0<a<1), 254 olate &4, A€ 24 A9

x
(4) Aeg AANES] FEds v 27) Higo= k.
6) kel Fe =7 B WA (D~@) H4E gt
(6) Wk

(7 Adgd g AAsy Age 4

(8) B3 & etk A eke] At ARG A 5
2] B Ags A 7 Zhkolel A%

<18 4> AetslE k-means o EA

SY2HY Hdgor st FH2HY F kb7l 2 wjrbA whEgi

aglm AA wA-> Abdul Nazeer®} Sebastian(2009)¢] Altgt  ZFslhe
k-means A2 2] sdeA A Ao H gk AA e AgE v st
of A MR Zol7t ol A golnt AA AujAS AP grh

7| AlwAH(squared-error) 710l AREET TSy ol AHoH

,29,
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V.49 3% 3 24

B =Fo| A AAst= k-means A9 AT H7HE 918te] MacQueen(1967)
o] A|et3t k-means A [1]7} Abdul Nazeer®t Sebastian(2009)e] A<k 7
[

stel k-means wHEAR2]S HuE A4 B2 AIE Lot

o

[
>
it
i
o

T4 3742 Microsoft Window XP Professional, Intel(R) Pentium(R) D CPU
2.8GHz, 2GB RAMeo|®, ZZ 138-& R version 2.13.1 AF&3}3 T}

2. ¥ diolH

H =Fo| A= UCI Machine Learning Repository[5]¢] IRIS data set, Image

Segmentation data set2 A& ol AF&3}AT)

1) IRIS data set

IRIS data set< 15070 74, 5749 S-S 7HA L 9lem 42 va3 2

o,

Sepal Length (Z¥3xe] Zo]) Sepal Width (Zw3 ] H]), Petal Length

(el Zol), Petal Width (el UyH]), Species (9 F7F - Setosa /

Versicolor / Virginica 9] 3E/F=Z F&3™ 7 50714 o]t}.)

,31,



2) Image Segmentation data set

Image Segmentation data set> 210071¢] A, 2071 &4 7HA a1 glom
£ vE3 2o

class(7& 7<% 2oz Fi5w ZF 300712 o] t}.), region—centroid—col(% & ¢
TA A 4), region-centroid-row(3d 92l T4 A &) region-pixel-count
(d9e] oAl 4) short-line-density-5(Zo]7} 591 gkele] M4E e F&5 &
a8]& ZA3), short-line-density-2(Zo]7} 291 229 M4E = F&5 Ly

A3}, vedgemean(F S 7I2 A Ao tH]|E =A), vegde-sd,

AN

hedge-mean(52] Q13 HAe] tjv] =4), hedge-sd, intensity-mean((R + G +
B)/3 9 99 HAAY Hif), rawred-mean(Re 9 AA]  Hif),
rawblue-mean(B9] <9< AA| Hi), raw green-mean(Ge G AA| Hf),
exred-mean(® 7S =33 3 =4 2R - (G + B))), exblue-mean(¥#<S %3}
3k gt =4 (2B - (G + R))), exgreen-mean(Z=% 2343 3 =4 2G - R +

B))), value-mean(RGB<] 3-d H]4 3 A H) saturatoin-mean

,32,
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[}
il

1) IRIS data set 238 2}

(1) k-means &4 A3y A}
k-means {4 A3 Az}
= 7] 13
Z 7| 3k P Qs A s A 7F
Aol =T (H2l:s)
1 34, 48, 62 32:22:96 57.33% 1.10
2 35, 100, 88 50:61:39 90.00% 0.89
3 45, 75, 78 50:61:39 90.00%% 0.80
4 16, 52, 128 50:61:39 90.00% 091
5 96, 85, 122 50:61:39 90.00%% 0.70
6 72, 15, 120 50:62:38 90.67% 0.48
7 49, 72, 101 50:62:38 90.67% 0.30
8 83, 93, 86 50:61:39 90.00%% 0.99
9 27, 90, 103 50:61:39 90.00% 041
10 22, 70, 135 50:61:39 90.00%% 0.89
11 33, 38, 101 32:22:96 57.33% 097
12 94, 114, 132 50:62:38 89.33% 0.69
13 36, 28, 104 21:32:97 49.33% 0.30
14 32, 39, 99 32:22:96 58.00%% 0.80
15 7, 96, 102 50:61:39 88.67% 0.80
ot 80.76%% 0.74
<3E 2> IRIS data set k-means w3241 A3 4}
<3E 2>9 MacQueen(1967)0] #|<Fst k-means v HEA[1]e] A Ao A H
W x7] Hargk A" Ao dAHE de= F AAI AAE Ao AR Ho
ojAl= Ae & F Uk
MacQueen(1967)¢] A ¢t3dt k-means H{EA S %27 Hrgk AElo] AEF
Tob AA WA ARERE=I 47 Ok), Okn) (k228 4 W53
T, nilo]E e ) k< n)EA APAFS ol wE Fo=z Yelhdr



(2) 23¥ k-means A 2

d8 At

Z23lEl k-means T HEA A Ay}

=
Z7] HIF3

DR =15 | A
Aol &

g
H

AR

(&E9ls)

102,143,114,122,150,84,128,139,115,127,

124,147,71,112,134,120,73,64,104,79,135,

148,67,129,92,138,133,56,74,111,117,85,
116,57, 149,55,69,78

8,40,50,1,28,29,18,27,5,12,41,38,35,10,36,22,49,2
1,32,30,31,24,3,20,26,47,2,44,7,11,25,48,37,13,46,
4,45,6

58,94,61,99,82,81,80,60,70,54,90,65,83,93,95,68,1
00,63,89,91,97,96,107,72,62,98,88,75,86,76,52,42,
99,9,66,39,43,19

00:61:39 | 88.67% 6.00

<# 3> IRIS data set %43}%¥ k-means 73

¥ 3>9 Abdul Nazeer®} Sebastian(2009)0] |t
A2] A& Aol A x7] Hat

Btk Alolx M3
g o] AR Add Ao, Ywx Aol
of #1213 A A5l

A== MacQueen(1967)0] A ¢FeF k-means

e NE I
2712 Ao AzHE

=

>~l

MacQueen(1967)¢] #|2+gt k-means 8 =47 9|

,34,

g o) (nelolEle] )= 1aA Aa A 7he] o)A =

Hlsf A YAk 27

3k Fkel

soln e

| ol



(3) AerslE= k-means A A3 A

%)

A QFeH= k-means A A8 Ay
a =0.5 a =0.75 a =0.9
SET B Ao | 20 goe | 20
A %) AzE | RS %) AzE | RS %) ks

(H2s) (H9ls) (H9ls)
1 ] 50:62:38 | 89.33 0.84 |50:62:38 | 89.33 050 | 50:61:39 | 88.67 0.82
2 |22:3296 | 64.00 054 |50:61:39 | 88.67 1.28 | 50:62:38 | 89.33 0.55
3 | 50:61:39 | 88.67 054 |50:61:39 | 88.67 049 |50:62:38 | 89.33 054
4 | 50:61:39 | 88.67 092 |50:61:39 | 88.67 056 | 50:61:39 | 88.67 0.69
5 | 50:61:39 | 88.67 1.13 | 50:61:39 | 88.67 1.00 | 50:61:39 | 88.67 0.53
6 | 50:61:39 | 83.67 1.02 | 50:61:39 | 88.67 1.41 | 50:61:39 | 88.67 0.73
7 | 50:61:39 | 88.67 1.03 | 50:61:39 | 88.67 096 |50:61:39 | 88.67 1.13
8 | 50:62:38 | 89.33 042 |50:61:39 | 88.67 1.42 | 50:61:39 | 88.67 1.27
9 |22:3296 | 42.66 0.85 | 50:61:39 | 88.67 1.18 | 50:61:39 | 88.67 0.79
10 | 22:32:96 | 42.66 0.85 | 50:61:39 | 88.67 0.70 | 50:62:38 | 89.33 0.51
11 | 50:62:38 | 89.33 0.77 |50:61:39 | 88.67 048 | 50:61:39 | 88.67 0.81
12 ] 50:62:38 | 89.33 0.75 |50:61:39 | 88.67 056 | 50:61:39 | 88.67 042
13 | 50:62:38 | 89.33 044 |50:61:39 | 88.67 0.68 |50:61:39 | 88.67 0.93
14 | 50:62:38 | 89.33 0.72 | 50:61:39 | 88.67 1.30 | 50:61:39 | 88.67 0.83
15 [ 50:62:38 | 89.33 042 |50:62:38 | 89.33 061 |50:61:39 | 88.67 1.03

at 81.20 0.75 88.76 0.88 38.80 0.77
<3 4> IRIS data set A= k-means w4 A8 A}

<E 4>9 AereE k-means Ad AHE

olE1 9] . k< n)o A&

,35,



(4) &4 23

A
A= (%) 371\5‘1?& A AP A ZH(s)
k-means 80.76 O(k) O(kIn) 0.74
73t k-means 88.67 o(n?) O(kn) 6.00
A oF&F k-means 88.76 O(kn) O(kn) 0.88

(kZe 289 =, IR g & npiEolE e 4 k< n)
<3} 5> IRIS data set €% A3 +4% (a=0.75)

k-means ¥ EA[1]> 7] Ha gk Ado AERZETE 2H7]d &ds] A A
rol A d5s wE HAPAte] YEIEGS & 5 QT
12]31 Abdul Nazeer®} Sebastian(2009)o] A ¢tk 73l%E k-means 3§ &4

[2]& MacQueen(1967)¢] #|¢Fs k-means = H iAo H3] AIEE= A ¥

AR, 27 etk AEe] AIZPEFEIE 7€ k-means w240l Hls) #o] A

Ui 9o Abdul Nazeer®} Sebastian(2009)¢] #|<Fst 7 3}¥ k-means - F &

Aol = AT G A7) YT}

,36,



2) Image Segmentation data set 2% A3}

(1) k-means ¥4 A 43

k-means {4 A& Az
&2 (%) APAIZE (F9)s)
1 46.90 90.94
2 53.52 35.67
3 51.57 53.73
4 60.10 101.90
5 54.38 34.86
vt 53.29 73.42

<% 6>¢ Image Segmentation data set k-means w @ ¥4 A3y A= B
M MacQueen(1967)0] #|¢t3&F k-means = EA[1]& dlolE 9 7} 20007] 7}
dol7be 7] Hat gk AEo AEZFE7E Z7]d dds] APt A wE
AP A bo] yetds & v

g%+ IRIS data set k-means w34 A& Ao} vusiaes B s

Holx=d ol #H e 7}t F(spherica)F e 7F ol AY #+H S HFElo] iF
=

rr

,37,



(2) 73¥ k-means w4 A8 Ay

46.67 1406.83

<3 7> Image Segmentation data set 748}l k-means w34 A3 Az}

<HF 7>° Abdul Nazeer®} Sebastian(2009)¢] #|¢tet 73} ® k-means 8

ShiA

A2l A& AztolA wE 2712 A8 AREZE 0n?) (nElelge )=
Al A A gl oA = MacQueen(1967)0] A FgH k-means w341 [1]0]
& AFA7HE AA Eoiwttt

= dlelEH e 7k 2000707 Ho 7k w8 AP Qe A AL

oM 453 S7kdel e 3l

e

jus

]

A== MacQueen(1967)0] A|¢t3t k-means = F&EA10] vl A e}
A=d =7 Hagk AddoA AAHE PG ke § el AAlEo] FAs °
AAX YA Fgo=Z QJd AEdwrt ¥ @A YEld Aow E 4

,38,



(3) A¢tel= k-means T H A AF Ay}

A QFet= k-means A A8 Ay

a =0.5 a =0.75 a =0.9
5% (%) adn 5 5%(%) ads 4= (%) A
(H9ls) (Fs) (Hs)
1 50.24 61.22 46.14 101.75 48.24 159.99
2 53.29 145.41 49.48 83.98 58.14 94.61
3 57.00 122.30 56.10 132.95 51.76 163.72
4 43.90 172.14 59.24 126.58 53.71 170.73
5 50.00 76.36 57.05 156.54 60.52 130.46
§ 50.89 115.486 53.60 120.36 54.47 143.902

<3 8> Image Segmentation data set A|<Fs}= k-means w4 A8 23}

<F 89 A¢teE k-means A AHE B Okn) (BF22~EH2 S nid
OlH 9] F. k<n)9 AEHREE zt= 7] Hargh A daglFoR 2 b
olgl 9] =7} 200070 "AF MacQueen(1967)°] A|¢t3t k-means 3 A [1]H.t}

Z7s17] A A,
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8

(@)

Q

=]

wm

BY
iy
Mo
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o,
)
i—",
112
Og{é
>,
=
o,
o|N
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(4) £4 A

AR
48 5(%) zﬂjiu%ﬁ g 2 YA 7H(s)
k-means 53.29 O(k) O(kin) 73.42
73 k-means 46.67 o(n?) O(kn) 1406.83
A oF&F k-means 53.60 O(kn) O(kn) 120.36

(k:ZFe 29 F, EAE & nidlolg e 4 k< n)
<# 9> Image Segmentation data set T Z3 ¥A3F (a=0.75)

<¥ 9> Image Segmentation data set &3 ZA3I FEAHEE HW,
MacQueen(1967)0] A2t k-means T HEA[1]S 27 Hgk Ao A 7rE
E7F A7l FAs] AP d5s] wmE AIANTS vEds & 5 A
2231 Abdul Nazeer$} Sebastian(2009)¢] A ¢tst 7F3l¥ k-means v 3 +41[2]
2 MacQueen(1967)¢] A ¢F3 k-means T {4 Bt A w7} 3
diole el AA 47k 200070 7F dol kA 271 Btk A A
Abdul Nazeer®} Sebastian(2009)0]  A|Qtgt  Zst¥l  k-means v FHEA 2
MacQueen(1967)0] A|¢tet k-means o H &4 Bt} A3gA|gto] A F7HdlT,
upAl et o 2 A Qtsl= k-means A2 Abdul Nazeer®l Sebastian(2009)©]
Abet AstE k-means wHEA S AR/ E B A A R A, AF
NS GEAFA o™, Abdul Nazeer®t Sebastian(2009)¢]  A¢tst  7r3}

k-means wH{ A Ht} =& ASAS YEa 9o}

,40,



Frrt e F dagFol vl D53 ool wmE AAAgrS el
Abdul Nazeer®} Sebastian(2009)¢] A|¢tgt 7F38t¥l k-means wFi22 43
Lo S vUeutow, 7] Hgh A" AY 2 ARG ER Qe AR
©] MacQueen(1967)°] A|<t3t k-means
e
A Fgt k-means A2 Abdul Nazeer®l Sebastian(2009)¢] #|<¢tgt 73}

iy
M
1%
2,
I
o,
r
)
-
i
T
-
H
i
X,

o

H k-means T H{EA 9 AEJEE FAAA AP AFo] IRIS HlolH ] A5
MacQueen(1967)©] A S8t k-means &A1) A Az} ] S=8k A YE S
™ Abdul Nazeer®} Sebastian(2009)¢] Ao+t 7FslH k-means wH w219 A g
L 2R FAAHTH

Image Segmentation Ho|H < Z$-= dolg AAF7F 2000715 do7kAt
Abdul Nazeer®} Sebastian(2009)¢]  A|Fst  ZrstEl  k-means T F A 0]
MacQueen(1967)¢] A|Fgt k-means {4 Hop AA ko] YA 71

. 293 A8 sets.

=

SHAIRE Al9keE k-means w412 MacQueen(1967)¢] A|¢tdt k-means 3]
Ao A8 Bl 27 FA4EAI, Abdul Nazeereh Sebastian(2009)0] A <hah
73lE k-means A EA 0] A A7 B} dEE A PA7HS eI

AQket k-means WA behe FRE WA wEA AEa Hog

AYEE wol7ld £AF volE BAd Ago] A dmeFolry. agm of

>

A2 (outlier) B o = &8 2 o},

27] gk A BgelA deo dely Axel FPAS wF sprtold] 914

,41,



ro

it

e AAE F3al 7hed, 7P 7k AAeke] AT AYAA 2 PS5
ol | (outlier)et HAetatar S| =elgoll A ALAIZA = vk =7 1o A=
A WA AATE o] F A (outlier) 7t obd A5, WS 29 AAES oA
(outlier)® ¥eto] 7} sfrt.

shAIRE HeolHe & po] FEdE AAAY AYAA AE BE=
MacQueen(1967)0] AFeH k-means w4117 vl as A A zte] A
ol & & A7lell A7IAM = dHelE e w7t FIuE AAAY AUAA Z A5
A ¢] gkt

&5 T(spherical) FEle] S ZEA FAY, LR AA o] Aolrt

rr

A, ol MR A e A 2R AA FEelMe] AAuAe] ®gho]
Z a5ttt
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