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K-means Clustering using Grid-based Representatives

Hee Chang Parkl) + Sun Myung Lee?)

Abstract

K-means clustering has been widely used in many applications, such
that pattern analysis, data analysis, market research and so on. It can
identify dense and sparse regions among data attributes or object
attributes. But k-means algorithm requires many hours to get k clusters,
because it 1s more primitive and explorative. In this paper we propose a
new method of k-means clustering using the grid-based representative
value(arithmetic and trimmed mean) for sample. It is more fast than any
traditional clustering method and maintains its accuracy.

Keywords : arithmetic mean, data mining, k-means clustering, trimmed
mean

1. A8

o]y wlold(data mining)> Foistal thFd FEjo] dHolHERE SAMA A
F843 AnE wAsYs dde dod B4 % wgug sWelth dole vl
o Al AR, Aud 7H, 2e2gd, aea A4F 24 Sl Y
A% AN BeAiRYe UG 24E AU BFAYE FAYE MTow T4

4
A Heom PRELd 2ol Yo o/F ) brd 2l 39 2
Aol Atk 1 FelA B# atw—s— ol 52 ¢lole RRAFoR RAL @

MOlEEe fAR goz AMAst TPl $¥ Taue Fhels

ototypes &g & =) k-modes &¢325F S°] 3l

pr

k-m eans A8 EL MacQueen(1967)9 <] & ?4 2NEAeH, HolHES k7
o] #HoR o= —Hr?—f_}% sto] R FAFA (HW)S yEgez E3E yrt
= o“?é 2 HolHES fAMEE ngo® AuiAE st Weltt. Kaufman¥}

i=]

= )

B oE=Fo  dAFstuza &+ k-means 218 E3  k-medoids L ard]
k-

1) First Author : Professor, Department of Statistics, Changwon National University,
Changwon, Kyungnam, 641-773, Korea
E-mail : hcpark@sarim.changwon.ac.kr

2 Graduate Student Department of Statistics, Changwon National University, Changwon,
Kyungnam, 641-773, Korea



760 Hee Chang Park - Sun Myung Lee

Rousseeuw(1990)= <9 dUxzasS FTd#He=2 3= k-medoids ¥
PAM(partitioning around medoids)®} CLARA(clustering large applications) & ilg]&
S AorstStt o] daEEFL HolHE MEHIY PAMS A& o= qES
Z- Ekod ;R FYEe A dHeoly e Fdgkel ZAbetH, o U4 IAMES
93] CLARATE Y% AMZS AE3th. Ng 5(1994)2 CLARAE U E A7
CLARANS (clustering large applications based on randomized search)Z #|¢F3})

Huang (1997, 1998) k-means’} 443 dlolgol djs)] std ¥ dHS Bt A&
¥ WY £33 folg o] thdt k-prototypes LI EE A= FAlo WY
dolgel tisiA k-modes e FS AABHATE Chu 5(2002)2 k-medoids®] °F

qAe FE57 Y8 a3Hd AZE 7IHLS F71ske] MCMRS(Multi-Centroid,
Multi-Run Sampling Scheme) &38| &S #A|AIsE o, T3 o]52 MCMRSeY

e ¢ A" AZ2y 7]He IMCMRSOncremental Multi-Centroid, Multi-Run
Sampling Scheme) 2 111]5% Al 3t T

dlolE w20l d& tiEFe] dlolHE tdo® stuE 1 vhE Ay X ok
AE B2 ol AFHa k. olst &% FAE A3ty Y E =welAe
k means &adFol tha] 2 =E JiHtoe g 3 EFAEH, EAET)S o] &

duE]FS Aottt drl 28 E k-meansell tdF dukzA ol wFy S Ay
%, 3ol = 2= 7|8k RS ©] &3 k-means ¢ FS TS, 440 A
= RYAPES Foto &2 ﬁ?oﬂfﬂ AR 7RI 71 7S vlastazt gkt

Ao R 54A B dye] Ag Pux dk

2. k-means &3 WH

712242l k-means YR FIGAE 2 2t

|

[ 7he w1z dog gag

<29 1> 7]1¥ A k-means 3 A



K-means Clustering using Grid-based Representatives 761

(27 1] HelEES ele] k Ael FHow
(@A 2] 2+ 7 ¢ HFS T3},

gt

Sh

(97 3] 7 elold @53} 2t 2ol Firste AdE Fahol dolg A5 g
ke Egow ATt
(w7 41 dele] AEe] AW gle @A [9A 2] D[94 3] Fge w

A,

A A e fAd SALS AgEA Uehdt AR tE RA Abe] ¢
Ad d;=d X ;, X )E T WHds FE e (Euclidean) A, #FFevSt
g, wtdelen ]i(Mahalanobls) 7i31 131 Tﬂi‘oriﬂ(MkaWSkl) A= s

-

rl

dlolg wlold 2
71k W ol uh
of dofok st= 4
HES ©]&3}o]

= ea)s AA9 ]E1 F 3ol .
3.1 28 =9 AA

Y FPAAE HAasst] 98] WA doly MAES 43I 1g= 1t
cdE dgiagks 7t agE HFo] Yo WETE A
F AlZbe] @EHHAT g es "oy Aola, agl= 1HF
o] oy A EouAIRE e e s @dE 3ot
Hl ko] Ads dPHE Folof & Flojw, ol & 1= 14
A A=y gt EAZ AT B =R A= dueFe g
S GI(Grid IntervaDet & u] G/ =3 7ol dA3s)

dolHE& o= AxkE Fqgt. 282 g Holy =
83 ARE WE AT WY
O]]/ﬂl: :L\—ﬂ‘:e 7]\:1]—Oi 3}
AstuA @k of74 es

\l

O

N

A7 i A WEE JEA, max o min = 27 WA A5 Ao
3 Ange Ehdth 4 & 2 W5 dolEt o o] 7t He), 1 e 2
AdE 9% ARAOR Vet pt Ad5olth dolE Fike] 2499 4

AAAGor g REHAUGE AFAL W T HolE yolu @



762 Hee Chang Park - Sun Myung Lee

3.2 2dx= 7|8 ¥ 3

71E9] AP A k-means 7IW2 Fel2HY AL FACd lo]A dHoly X b
olE MAE Fro o&dt= ubdo] mel= 7)uk ¥ FH] k-means 7]HE Ao 4
of ojEstrR & W HlE|A w2 A AR R B mEdAe bl
HE 243 49 2= vie & 74 2g=de ey 92 dA 39S 9
T, ol & ol &dto] FYHYS FHIL

2t 2els gERGHE/ DAY

IR g |

m?l-:

9]

eloe
\:19

EEEEE R L

e

| slolEist #gtole]l AdAL |

v

| te ZRow dolH A |—

v

| ey |

<a¥ 2> a8 = 7|8k gk k-means v A



K-means Clustering using Grid-based Representatives

763
olo Wig daglF

rlo

o5 o] T
?lustering()
int k, n, p;
float Data;

Data = InsertData();

’

GridInterval = MZ%MM ;
while(Grid_X) '
{ while(Grid_Y)

{ ¥vhile(i <= n)

if((GridX_min < x[i] <= GridX_max) &&
(GridY_min < yli] <= GridY_max))
} DataGrid[i] = GridNo;
1++;
}

}
}

?Vhile(G_No <= DataGrid)

v= G,

G_Mean[G_ Nol = > x, / G,
v=1

G_No++;

k_means();
?Vhile(Grid)
Nearst = 0;

while(remainData)

Dist = (GridCenter — Data) *
i{f(Dist < Nearst)

Nearst = Dist;
} DataGird[i] = G_No;
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CPU : Intel Pentium4-1.8GHz Northwood
RAM : 512MB

O/S : Microsoft Windows XP Professional
Language : JAVA J2SDK 1.4.0
Database : MySQL 3.23.51 (External Linux Server)
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