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4 Maulik-Bandyopadhyay v Vv v 3
5 Silhoutte v v 2
6 Xie-Beni v v 2
7 SD v v 2
8 Modified Hubert I' statistic v v 2
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13 Distance between two clusters® v 1
14 Geometric v 1
(Z 2) M= Cviel Meojet 2|28 Y 53
CVIe| et Mg
1 | Davies-Bouldin ' DB,
(DB) R 1 1
i =7(i;maxi:1,,..11(i#j{( Eﬁ;@d(m,zi)%& ij;}d(%zj)?)/d(zi,zj)}
pon T Y A F
B Rek
-2 W A FAAE oled 24 ¢ SARe 3 2HEe 2AY ¢ Belwe e gt
- &l et 3= sl o) A
- Hags FE K E4 28 4 (MIN ¢/S)
- FEERI g gt
2 | Dunn i Coming e g{ming e e d@y))
(DU) i DU = max; _ 7“,_K{maxwﬁqd(xl,%)}
- AMZ g2 T &3 AA 7 AR E o] &3 BEEE v U AA 1 AR E o] 83 SHEE U @
- S x| e Beeo spEn]o) o) A
- Ags F= KF F4 28 4 (MAX S/0)
- BRI o vzt
1204 AYSIIT ma6A ®M4az 20174 8L




Fuzzy K-means

=
gl

I I I I I
i IR 1or i i
1 g =4 1 |
1RE i = ) I
1ojo _,ul | 1R o
| | 1504 | I5r
TL!L I I _‘LrL 1O
1 o = 1o - 14
“ﬂu i “1 “% L oy
e o e 5 -
I 1% | 1 & 17
oo s ) = T
15 10 ey 1< AZﬁ 10
“o#a \ﬂ“EE “MW “17rL ,|u iy “eﬂa
Iga oy i - LAz w
X 2 A‘.__ﬂ ay 1757 | KR . N
1<H ~ e T oo |<E I
Ko % Qi R e it N Rt~
I X I ﬁoﬂw_o ! R s
== 3 e B 19 Jym =
o 1% b N ]ﬂ_,E_ |~ == 1'<A
- = ; Tinfo S ﬂd.ﬂ% 1y 5% e
N | K _ﬂl AR | JoTrth
ni- S s o ) i s
iy ¢ lmm s s G I el IR
S e I : ®in P e Slgm 1P
0 <A ! . ! W S E|E R )
- 1 I ARG BRI w0
= '] P R = S R
T R R RGN, T i =|= T iny
— s < -~ ~— ’ | T RO y s \)l\l/‘OI .~
I, 4 ot P S R I A i R ~ | & | T v EENT o
Sl Tl ®he T || weE S |REREE SIS 7 RRI % 7
N | or ) ) P [ i ) S a‘z]ﬂet_ﬁct,l 0N Zg I ol > —|= o -1
< | o o IR " A RE TR oy SR 1 RE el " L= O
CosER B [URIRRT sERuiTe o QiEn Dz |qu YRR oz
- 2 = ol T e =& LD &
S| SEE T2 | Lk BR9S |g=ERE S R Rl
<Al =i 7 - o _ 7 It B g _ it S
T ERis T T wmEd | SEe TN o g Swow¢ | 2 el
I L o flo 7E :K J,Almﬂw@oﬂu L ﬂLmM o __K m]o flo =® _,K \n.u,z]_,thnnﬂu
n o ma ~n S R oo ~n &) o ~n S il ~n
T sap ~PE 8 InPel e csmrarl Rl <PE 8 e
.............. - o et M- W= | S o I I TR W SRR ol
e gwT W R ET T i DWE i T
S ] B g oS e o e e
z Rl I« I oy 3 RS T N RE I Y. B
2 _ ol = 1o B0 G} | T oL Ranicy
< W ORPE 1B s BT TPy e RE Y GR = A I— T I or
ks i wE| 8 T 2= Ko o e g | N
X
T e T 2 “%ﬂo_aa« 9 “dr%%%@ — e g T O R | o] o
= NN e B =R S i MRS 5 i 1 wE T Lo RE TR
£ ERETES S S Iy "I RE| i m E A o R o IRERE X T
ﬂ.aﬂH.u TR domg M| 55 = 1% olo 7 T %\S/ g B e .w@ | LulafﬂﬂaTDw 1T olo =g ==
O = “, L= — “____S( “_ R “, [ — “___,
(an) < L0 © o~

1205

T HM463 M4Z 20174 8Y

1§|}o1

740
S



2

Q.

°l8
=

=90
[R=3
=

o A4 $R=E 2. OME ¢

3

T

[¢)

H @t (Mx), #&a(Mn), ZH2E(Rb)

a=

Aoz (0

s

W E (vector) 2 38

=

=

dlo] €]

= gl Atole] Ztwst (0o 71

o~
=T5

19 747}

S9e M WEg A %E 54

5

7

= ug] Aol

e
o

s

(SumCS)

1

o

(MulCS), H](RatCS), 2HSubCS),

ol
Fel(manhattan)
ol A

o]

=

=

h84

ok CVI

Q

<)

ol

Aele

el HEg o]
fZetet(euclidean) A,

L

.

2 @yl BEd,
e,

A
(minkowski) 7€

o B AA

3ol

5 ©

Q

ol itk mA|Rez ®¢dE CVIE ©l

=
[¢]

=l

=
T

et A2k ®ol AHgHER, £

i
oF

ol olaf 24=A =

W o1Ee F2 oA A9 A 84
ooz, A= ANE AA S A

8|

Z_I

Z

Aol 27EG (RS -

L

MEstr] Heides SH=s

3t

5

2%
Ramakrishna, 2005). Liu et al.(2013)¢] W=

=

=

[e]

2 CVI

40

2

(<))
=

o

1H

olo

gap

!

[e]

=

o, ¥le] gk

VEeE A4

SRR

)

A e

)

o A o w2

o wgl CVIFe] @2 S

o~
T

il

p

tel, CVIE 7idat

1

o

st7] 9

[9)

CVIE AEA A

o

Al A A+ 7He

5. & 7t

I
ol
plmw
B
N

=

ol
o
o

A

st

o Al

o =
= O

2+

24
=

9]

=
=

9 23 % o

oy
a

£]

I Mla6R ™43 20174 8

RN
of

2)°llA A e 71E
H

(&
Hois
o o

s

T

A=sk AA

[e]

Al A

&

o},
SRR

<)

AA A
= A (Dist),

=

=

ol 6t

[e]

o
1206

L

L



Fuzzy K-means &M
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Fuzzy K-means #&E4IS 9I¢t cidst REY X 7H

olylAl o =S gzﬂ 1;}71 OE].O
Min. Z= ZZPmd z, C (3_1) 7HT K E\-—"Iv‘i Xﬂ Ooﬂ _I"oi 4513‘—
i=1j= ARata, @A 344 AHE e pe 4 (3-2)5
Subject to E}J%W?l WP A2 ol et FEE ¢t
S$p,=1  i=loen (39 A BPe AAH(2012)¢ Fuek Wit
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ZPU>0, j=1,K (3-3)
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Fuzzy K-means
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Fuzzy K-means Z&EMS 98t CiY¥st 54 x| i

AT 229 EAEY & o B39 33 de

A EAE UCI Machine Learning Repository A

oA Attt I 4R HA 2ol
(i 8)2 Adof A3 2214 dlolE] o] A EA +

W3, o], doly &, ¥zl A4 245, 28

tolE 9] 37 SAoltt. ol A4 Fe (2

(Z 8) 2AHd HgEHe| Y2

TAHS A& dlolg fi 9% 54
P1 Path-based 1 300 3 HI A + 91293
P2 Aggregation 788 7 A
P3 Zahn's Compound 399 6 H A + - E
P4 Path-based 2 312 3 BRI+l g4t
P5 AK. Jain's Toy 373 2 vl + 91033
P6 Flame 240 2 0| 2+ B R

(d) P4: Path-based 2 (e) P5: A.K. Jain's Toy

(O3 3) 2x1d dzHel e

2) Center for Machine Learning and Intelligent Systems, UCI Machine Learning Repository,
https://archive.ics.uci.edu/ml/datasets.html.
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s g et FuE A SAle
TF3H(normalization )?’: o2 dolHe #U4
—’Eﬁwﬂr ol AHEe 1Ak A F
ol wba] dolg 2 %l scale)®] ztol& B

EO:] BrstE o] &g HlolH Y 2AY S TYE 2
27k slthar dstely) WTOM

B A1E Fuzzy K-means €182 0 2 #4&
Mg Aze AZ3tozy Olo]]/\i EShed
CVI9 5 vttt ofd g +

e vk 2o WA HASE Rl

i

K.

min 2_‘?‘1:’1 K
HSAI71HA 2 ko d8te] Fuzzy K-means
ﬂﬂﬁoi THEN S AYsHA HolHE #33}

o

THE7E AP 17éﬂ01°l:‘6}# %
=107 = ez 4

max

(B 9) 1A MEENe HE
TAHS Aol & dlolg Al fia

P7 Iris 150 4 3
P8 Thyroid 215 5 2
P9 Yeast 1484 8 10
P10 Glass 214 9 7
P11 Wine 178 13 3
P12 Ecoil 336 8

(a) P7: Iris (b) P8: Thyroid (c) P9: Yeast

(d) P10: Glass

(a2l 4) X
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ol Aoz et FEFH of  SVDD /Nd& Wk g o]
e BE A5 #FE B5ed dusde 7 gla, 238 CH A& 4ol FA=EUT. ¢
™ SVDD 4k o|F 238 DU, CH A9 24 24 do|ge] g o]l =& CVI ATl
ZRF] o7t B FUkelit ol SVDD 9% mAE gE 290 EAFS g £ 9l
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7ol Ao wgrd), A4 SVDD /a9l wkd A} Fo] AJge] Ao
FEFAD HYY E40] 3l B4 P37t EASH ¥e
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o] A= UlME AF3 v} 2ol A|Z4H # PheA= DU, DB 22|z SVDU A47F &t
Tdozn Al AAE HE 2HF 62 At FHFE FASL. DU A5 A $olE SVDD
71 GA ot wjg- olf ¢ AR AAET. 53], N W A Fo] BT IHFE BFO] Wi
£ P3& SVDD /MdS wkdete] wiet 9312 3 o SVDD 7id wrdol wE g3k S Eelsple
g2te] a7t SRl ole B4l P3o] R otk CH A9 4% SVCH/L H &3 3 55
Ao EAo] Zapy] wjEe Aoz gdEch gk wEAE Eilgoy o] 935 Wo| 7Adl
BRI} ool EAS AW £4] P4dME  SVDD AL st wel Asol ddEdnin
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(Z10) CVIg 2 55 Zn &Y 2H/)
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P4 -1 7 7 -1 0 0

P5 0 8 0 1 1

P6 0 8 0 0 0

THF 4 g 2 0 2 2 2
o7 A ghe] % 9 34 15 10 10 11
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Fuzzy K-means
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Various Validity Indices for Fuzzy K-means Clustering

Soo-Hyun Lee™ - Jae-Yun Kim*™* - Young-Seon Jeong™**

Abstract

Cluster analysis (or Clustering) is used in many different fields such as finance, marketing,
and operations management to draw homogeneous cases. Due to that reason, the result extracted
from cluster analysis is stated to be the core element to maximize the firm’s value. Because the
number of clusters in clustering problems is usually unknown, it is significant to evaluate the
clustering results produced by different parameter settings. After a range of possible number of
clusters are evaluated, the best partition is selected based on the cluster validity analysis.
Cluster validity index (CVI) is an indicator to provide a way of validating the quality of clustering
algorithms and determine the correct number of clusters in datasets. A CVI is composed of the
summation or ratio of compactness and separability measures in which compactness indicates
the concentration of data in each cluster and separability refers to the inter-cluster distances.
A good clustering result will have smaller compactness and larger separability values. This
research will cover the theoretical research of CVI to verify the effectiveness of Fuzzy K-means
clustering results among the analytical research methods. Depending on the different combination
of compactness and separability measures, several CVIs have been developed. The CVIs calculated
by the ratio of compactness to separability or vice versa such as Dunn index, DB index, and XB
index were proposed, and the weighted sum of these two measurements was developed as SD
index and S Dbw index. In addition, several variants of conventional CVIs have been recently
proposed. However, most of existing CVIs are sensitive to arbitrary shapes of clusters, sub-
clusters, and outliers because the measure of compactness of those clusters is not obvious in
the original domain. We suggest new CVIs by calculating the concept of Support Vector Data

* Post-Doc., The Graduate Program on Climate Change, Sustainability and Business, Chonnam National University,

First Author
** Professor, Dept. of Business Administration, Chonnam National University, Co-Author
*** Assistant Professor, Dept. of Industrial Engineering, Chonnam National University, Corresponding Author
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Description (SVDD) in each particular cluster calculation of CVI by separating the compactness
and separability about some indices well known to prove effectiveness: Dunn (DU), Calinski
and Harabasz (CH), and Davies-Bouldin (DB). By conducting efficiency comparisons utilizing
Fuzzy K-means clustering algorithm and various benchmarking instances, the performance
rate of new CVIs has been verified with outstanding performance. The performance of noise,
skewed, sub-cluster, and arbitral shapes data in the new CVIs is promising in particular. The
concept of SVDD has been applied to the compactness by this research and newly created CVIs
were verified to be efficient in regards to cluster effectiveness. The compactness calculation
method suggested in this research is expected to be widely applied in many different CVIs. As
the research of cluster analysis become more expanded and the research follows the step of
diversity, this research is expected to contribute the application scope of SVDD and the

expansions of both cluster analysis and the concept of CVI.

Key words: Clustering, CVI, SVDD, Compactness, Fuzzy K-means
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