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Abstract

Clustering is a method to classify the given data set with same property into several classes. To cluster data, many
methods such as K-Means, Fuzzy C-Means(FCM), Mountain Method(MM), and etc, have been proposed and used.
But the clustering results of conventional methods are sensitively influenced by initial values given for clustering in
each method. Especially, FCM is very sensitive to noisy data, and cluster center distortion phenomenon is occurred
because the method dose clustering through minimization of within—-clusters variance. In this paper, we propose a
clustering method which reduces cluster center distortion through merging the nearest data based on the data weight,
and not being influenced by initial values. We show the effectiveness of the proposed through experimental results
applied it to various types of data sets, and comparison of cluster centers with those of FCM.

Key Words @ Cluster center distortion, FCM, Nearest data, Data weight.
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Table 3. The comparison of the cluster centers w. r. t. methods

Hol8 1% Fejiy FA FCM FCM #Hz} A A7y A=}
Butterfly Cluster 1 (1, 2) (0.855, 2) 0.145 (0.714, 2) 0.286
Cluster 2 (5, 2) (5.145, 2) 0.145 (5, 2) 0
Bensaid 1 Cluster 1 (44.8, 48.8) (37.8, 48.9) 7.0007 (44.8, 48.8) 0
Cluster 2 (91, 49) (61.6, 48.6) 29.4037 (91, 49) O
Cluster 1 (1.83, 48.5) (3.6, 48.5) 1.77 (1.83, 48.5) 0
Bensaid 2 Cluster 2 (54.55, 48.8) (48.46, 49.14) 6.00995 (54.55, 48.8) 0
Cluster 3 (111, 49) (72.69, 48.55) 38.3126 (111, 49) 0
Dunn Cluster 1 (5, 0) (9.179, 0) 4.179 (5, 0) 0
Cluster 2 (13, 0) (14.664, 0) 1.664 (13, 0) 0
Artificial Cluster 1 (-0.1773, —0.0604) (5.889, —-2.387) 6.5414 (-0.178, —0.06) 0.0008
Data 1 Cluster 2 (—2.8271, -4.9706) (-10.47, -2.711) 7.9699 (-2.827, -4.97) 0.0006
Cluster 1 (3, 3) (2.9, 2.9) 0.1414 (3, 3) 0
Cluster 2 (3, 9) (2.9, 89) 0.1414 3.9 0
Cluster 3 (3, 15) (29, 15) 0.1 (3. 15) 0
Cluster 4 (3, 21 (29, 21) 0.1 (3. 21) 0
Cluster 5 9, 3) (89, 2.9 0.1414 9. 3) 0
Cluster 6 (9, 9) (89, 89) 0.1414 9. 9) 0
Cluster 7 9, 15) (89, 15) 0.1 (9. 15) 0
Artificial Cluster 8 (9, 21) (89, 21) 0.1 (9. 21) 0
Data 2 Cluster 9 (15, 3) (15, 2.9) 0.1 (15. 3) 0
Cluster 10 (15, 9) (15, 8.9) 0.1 (15. 9) 0
Cluster 11 (15, 15) (15, 15) 0 (15. 15) 0
Cluster 12 (15, 21) (15, 21) 0 (15. 21) 0
Cluster 13 (21, 3) (21, 2.9) 0.1 (21. 3) 0
Cluster 14 (21, 9) (21, 89) 01 (21. 9) 0
Cluster 15 (21, 15) (21, 15) 0 (21. 15) 0
Cluster 16 (21, 21) (21, 21) 0 (21. 21) 0

357



St=mX|SAlARSE =FX 2008, Vol

i

center_x;, = —

n

18, No. 3

Hlolele} 7i< (6)

ge] 4O BN Lol 2 Felxele) A3t FOM

o2 dojd T4 &R A

o] & 3¢ yeht Ut
£ 39 7 71 &
o|E &} Artificial o€ 29

HiolE 19|

=4
%
o] Z+ ZYHAHY FAHE FA3] 2
224 Bensaid Hl°|H 1, 2, Dunn Hl¢
A FCMo =z dojzl dojg e F4L

o7 Aol FAe] vin gk

9 ¥
(o]
s

B A3 Al‘tlflClal
a1 #

2} kol 32 #AQF 5 Utk 53] Bensaid I'—%]O]Ei 1, 29]

A F49 shFel Aee
of A HoR oz
& 9% % gu

ojg} & RoHY ¥ A

FRHoE FAY 5 ek v
FAe BT 0, 7, Aol A

mmmenmtesersendninperetnereenadassaned | B

(a)27ﬂ~—] ELEV‘E%E Zh=
Butterfly @lo]¥] gt
(a)Butterfly data set with
2 clusters

(b)zyﬂ_q EE:] AH 71_
Bensaid die|l¥ &gt 1
(b)Bensaid data set 1 with

Bensaid lﬂ] 0] E] %‘:}BQ( 2

(c)Bensaid data set 2 with

2 clusters

2 clusters

S

A S B S

Dunn ‘CﬂO]Ei ;Q?%
(b)Dunn data set with 2
clusters |

(e)27ﬂ—4 ﬂﬂi*ﬂg %l";

Artificial dlo|g| & 1

(e)Artificial data set 1
with 2 clusters

358

2 S G A

(£)1671<] ﬂﬂi}‘tﬂe 7"“
Artificial dlol¥] 3 2
(f)Artificial data set 2 with
- 16 clusters
38 4. AP e dlolE [
Fig. 4. Test data sets

(g)

R

::::

R R e R

e oy
&

ikt e

el S

e Lo

S e e R R
s, "
R s s g

FE et

R

%ﬂmmw&mmmaﬁwmgéﬂg

§

#E . . X , . %
et s sl A I T S ) P—
s et e e S e e T TR e i3

(c)

E i

2 |
. ¥ on
?E‘ ;
i i
i 1 E
-

i bl
¥ 8
i‘,‘i '§8
3 3
& |
i s

R R
g :

i
. ¥

et et s et
- Cow -

TR

D

a8 5 2edd A

: FCM2o.2 dojxl S84 F4l,
Ao Ao FHAH F4)
Fig. 5. Experimental results

((a)~ ()
(@)~ :

((a)~(f) : Cluster centers by FCM,
(g)~ (1) : Cluster centers by the proposed)



[1]

[2]

[3]

14]

[5]

[6]

[7]

[8]

[9]

A
NS Tl AgrIWe] g8A4S ElN)

5. 2 &

ol M= ‘3101751 VAt A7 HxE o] &%
g Bl FeoE T4 AFL
ﬂo}oh,a-—“i FCM7|¥ &
9 AP oR Rojzl Zejsw

H
= az 7}
*"?0%71*— 2 Aoz
A v

e ix@,oﬂ/ﬂ chFek Gele] dloly
240 e A7t 27

X
s
Flf

_IN :10

= %%01]’\1 ﬂo & 71‘34«1 EQ*&‘% AE3t7] ﬁa A

J. A. Hartigan, M. A. Wong, "A K-means clus-
tering algorithm,” Applied Statistics, Vol. 28, pp.
100-108, 1979.
J. C. Bezdek, Pattern FRecognition with Fuzzy
Objective Function Algorithms, Pleum, New
York, 1981.

R. R. Yager and D. P. Filev, Essential of fuzzy
modeling and control, John Wiley & Sons, Inc.,
New York, 1994.

olF g, £AE, AT, MAE 4 FHaHY W
tﬂ” a‘]-:? _z—}X] ] ;z] A]AEJ] a‘l-g} = ]] ;{ﬂ 11
ﬁ?—l, 1%, pp. 1-8, 2001.

J. S. Nath, S. K. Shevade, "An efficient cluster-
ing scheme wusing support vector methods,”
Pattern Recognition, Vol. 36, No. 3, pp.
14773-1430, 2006.

H. Rhee, K. Oh, "A design and analysis of ob-
jective function-based unsupervised neural net-
works for fuzzy clustering,” Neural Processing
Letters, Vol. 4, pp. 82-95, 1996.

S. Jiang, X. Song, H. Wang, J. J. Han, Q. H. Li,
"A clustering-based method for unsupervised in—
trusion detections,” Pattern Recognition Letters,
Vol. 27, pp. 302-810, 2006.

T. Hu, Y. Yu, J. Xiong, S. Y. Sung, "Maximum
likelihood combination of multiple clusterings,”
Pattern Recognition Letters, Vol. 27, pp.
1457-1464, 2006.

K. Blekas, I. E. Lagaris, "Newtonian clustering:
An approach based on molecular dynamics and
global optimization,” Pattern Recognition, Vol
40, No. 6, pp. 1734-1744, 2007.

Zeiae B WS HEASE fIE

ot

ZHAHEZ J|H

L)

[10] K. L. Wu, M. S. Yang, “Alternative C-means
clustering algorithms,” Pattern Recognition, Vol.
35, pp. 2267-2278, 2002.

[11] H. Wang, C. Wang, G. Wu, "Bi-criteria fuzzy
C-means analysis,” Fuzzy Sets and Systems,
Vol. 64, pp. 311-319, 1994.

[12] S. H. Kwon, "Cluster validity index for fuzzy
clustering,” Electronics Letters, Vol. 34, No. 22,
pp. 2176-2177, 1998.

[13] A. M. Bensaid, L. O. Hall, J. C. Bezdek, L. P.
Clarke, M. L. Silbiger, J. A. Arrington, R. F.
Murtagh, “Validity-guided clustering with appli-
cations to image (re)segmentation,” IEEE Trans.
Fuzzy Systerms, Vol. 4, No. 2, pp. 112-123.
1996.

[14] J. C. Dunn, "Indices of partition fuzziness and
the detection of clusters in large data sets,”

Fuzzy Automata and Decision Processes, M. M.
Gupta, Ed. Elsvier, New York, 1976.

X A} A 7

X3 M(Hye C. Jeong)
A17A 7320073 12¥€935) #x

E-mail : doldory@kotmi.re.kr

MMef(Suk T. Seo)
A17A 7320073 12€93) =%

E-mail : kenneth78@yumail.ac.kr

o2t Z(In K. Lee)
AN7TA 7320074 1293) HE

E-mail : iklee@ynu.ac.kr

H=35HSoon H. Kwon)
A7 7220073 12€93%) #=*

E-mail : shkwon@yu.ac.kr

359



