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Abstract

K-means is a popular and efficient data clustering method which is one of the most important technique in data mining. K-means
is sensitive for initialization and has the possibility to be stuck in local optimum because of hill climbing clustering method.
Therefore, we need a robust K-means (RK-means) not only to reduce this possibility but also to increase the probability to
search the global optimal clustering solution. The objective of this paper is to propose RK-means with best initial solution
from good solutions with good central data for each cluster. The central data of each cluster is selected based on Roulette
wheel probabilistic selection using sum of relative distance rate of each data. They have a problem in high density data because
they deterministically select the central data for just one initial solution of K-medoid. Our proposed initial solution is the good
starting point to find the robust solution by K-means with reducing the possibility being stuck in local optimal solutions. The
performance of proposed RK-means data clustering is validated using machine learning repository datasets (Iris, Wine, Glass,
Vowel, Cloud) comparing to original K-means by experiment and analysis. Our simulation shows that RK-means using
probabilistically relative distance rate are better than K-means with random initialization. The minimum squared distance by
RK-means with smaller deviation is lower than that by K-means with higher deviation. RK-means is competitive comparing
to data clustering methods based on simulated annealing (SA) and hybrid K-means with SA (KSA & KSAK).

Keywords: Data Clustering, Robust K-means(RK-means), Initialization

1.M 2

1.1 979wy 9 =5 j
gole £4< sl7] flell de] AHHE Krmeans= 27] 315 of) BF-2 880 Er} o2 S0 Fig 1.2 XZ0| E4(attribute)S
ol o7 Melsle] 7 ZE2Eo] 449 HolEEY] HEH & UehlE 8 W4o)al YRS Kemeansol| A AFREE 2F Z) 4
4 vlofe] 7ke] AT]e] 3he W7 710 SIS WUIel HasiE o) 449 Hlo|ES] Wi A% vlo]E] 7k A (intre-cluster
T Qe E BARTE BE HolHE 7 F22HY BHES 7IE distance)] TS UERHE FEwSol, o] kS Haslske Ao]
O AgYst] 2 FT2EY IS Bk A BIRE BEAo|t) Kemeans7} 7] 31E YO H O R 4AE Nl A4S

X

JE

* Corresponding author.  Tel.: +82-33-250-6283

fax: +82-504-135-6768
E-mail address: kimss@kangwon.ac.kr (Sung-Soo Kim).

17



Journal of Industrial Technology, Kangwon Natl. Univ., Korea, No. 44:1 (2024) 17~23

@7} AdE & Qlnk D39 745 A9 siE B HaL 4749
27] & T 37Molug FEe] 75% 2718 @] 7B A9 shE =AY
stA| Eof 471] 2713l F 17]0| B2 gEo] 25%7t Htt. o] 2
o] A1 aff &AM gEo] Eal YYo= Heg 27] afjo] wet HF
ai7F 2epA|ar A sl o] |t A7 vl o213 Kemeans®] &
AE TWdsfor gtk
71 AT E Kmeans= 2-8317] 41 E&Z o, 27)31E
A2 AEisty] wjZol s g Ayt 27)s) Ao wet
Rzketar gAY sl o) 3 A Am A ol whE ThsAde]
Frhar AHstaL PRI siE JAE < gl HlolH S 2E R
o] i oS A ASIHAT [Arthur et al. 2007, Celebi et al.
2013, Frénti et al. 2019, Khan et al. 2004, Likas et al. 2003, Selim et
al. 1991, Xie et al. 2011]. 53], A% 3 B4 &S 2710 S
3 B8 93) Selim & et al!™2 Simulated annealing (SA), Perim
& et " K-means9}t SA T WP, Kim & et al. & K-means©}
SAS &3} 3 KSAK &3t e XHOP’E?}‘RM
wehA, K-means®] TA1E F58313L 52 /A8 ] fal 27

= olo)H oz Melalr] o Hlo|g 7ke) A HlE-L FEAH O
= a3 7+ Ze2E ] F4 HolHE 2t oA Aduld

A HoHE 7I1EeR #2 dEs
L g 2] 2 Asde 4
RK-means) & AQtsh= 7o) £
K-means .t} EHASE 2% 8H~Q
Ao] st A% shol w3
3

Ao Hole] 2e2EY B9 S84 mele At
380 A= Ag] v 5SS g3l go|y FeAHY 27]5 Ags
Hgatd e H2sh} 7Fsd AU Rimeans TS a9
t}. 480l A= A|ksl= RK-means®] 435S A5317] $13ll Machine
Leaming Repository | ©]E](Tris, Wine, Glass, Vowel, Cloud)S A-8-5}
o] K-means, SA, K-means®} SA7} £ HHH(KSAS} KSAK)H H]

A3 B

SRS 18 T M F
_]

r\l

Sk K-means (Robust K-means,
=59 EAolt) RK-means= 7]&
FHAP7L Ao R AQ & &

ggo] Yol 21 3 Galo] 75

b o

FU

18

(=

Local Optimum

Intra Cluster Distance
N
&)

Local Optimum

- Global Optimum

12 3 4 5 6 7 8B 9 101t 17 13 14 15 i6 17 18 19 20 I

Fig. 1 Initial Solution Selection for K-means
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Fig. 2 Selection of Good Initial Solution
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Iris 3 4 150
Wine 3 13 178
Glass 6 9 214
Vowel 6 3 871
Cloud 10 10 1024
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Table 2 Comparisons of RK-means & previous methods

K-means | SA[13] |[KSA [11]|KSAK[7] |RK-means
Mean|  10479| 9741| 9768  97.23 97.27
I
1} SD. 13.47 021 0.90 0.00 0.04
S
Best 9723 9722 9722|9722 97.23
Mean| 16554.42 | 16564.47| 16530.50| 16530.50| 16551.34
w
I{IS.D. 5.62| 151.89 0 0 6.74
E
Best| 16530.53 | 16530.50| 16530.50| 16530.50| 16530.53
GIMean|  22321| 23131| 22315 21786 21864
L
AlsD. 837|  14.56 248 129 2.17
S
S|Best| 21551 22160 21472| 21466| 21564
y|Mean| 16148520 (14968530 | 150412.10 | 149758.80 | 15234830
0
w|sD.| 1025005| 28340| 880.17| 53372 3485.64
E
L Best| 149902.00149407.00 | 149405.00 | 149380.00| 149384.00
C [Mean| 69165.49| 64638.70| 63214.06 | 63132.68| 64325.55
L
O|sD.| 308098| 75563| 40659 41761 97418
U
Dl pest| 64075.46| 62889.88 | 62937.95| 62856.85| 63141.89
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