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ABSTRACT

A clustering algorithm for Gaussian ProbabiliZ Distribution Function (GPDF) data called Centroid Neural Network
with a Bhattacharyya Kernel (BK-CNN) is proposed in this paper. The proposed BK-CNN is based on the unsupervised
competitive Centroid Neural Network (CNN) and employs a kernel method for data projection. The kernel method adopted
in the proposed BK-CNN is used to project data from the low dimensional input feature space into higher dimensional
feature space so as the nonlinear problems associated with input space can be solved linearly in the feature space.
In order to cluster the GPDF data, the Bhattacharyya kernel is used to measure the distance between two probability
distributions for data projection. With the incorporation of the kernel method, the proposed BK-CNN is capable of
dealing with nonlinear separation boundaries and can successfully allocate more code vector in the region that GPDF
data are densely distributed. When applied to GPDF data in an image classification probleml, the experiment results
show that the proposed BK-CNN algorithm gives 1.7% - 4.3% improvements in average classification accuracy over
other conventional algorithm such as k-means, Self-Organizing Map (SOM) and CNN algorithms with a Bhattacharyya
distance, classed as Bk-Means, B-SOM, B-CNN algorithms.

I.MEBE 71ZAR %( Self-Organizing Map)P'ell 7]2&F #7}
5 AR dae]ge] @ AHE gtk ATl
glole] ¥4, 94k dlelg] ¥F, Y M & 2291 dleole] ¥ 7t E3kEd (Gaussian

A QA% 71E QATlA k—means %},La]——‘ 3 A} Mixture Model :GMM)Z 331, ) = Hi-

o] =E-E 20079 A¥MESIHATL AP sty detas xR Q7] Al g A
PR AT s B o L R v DA X 4;1(1201-2007-000-20330-0)2]%93_ 3= E
* (5 LG. Phillips LCD, ** Hx|tiehn Angala} 57358 Qi

=2 E  KICS2006-11-510, 5=l 120061 119 249, #HF=EApda) 120073 89 23

861



T-EAIE 3 =3A] 079 Vol. 32 No. 9

Likelihood #-57]8 £l 3+& T&3it} o] Folol
A k-mean YwE|EF AIEARE7L ALEAT,
o5 duEEL dAgE I F kg 3 5
o T3t A Alde] we} FF BRI AHE
Zelgic}. $4JA17d "N Centroid Neural Network) 2.2
22 AR A duEEE 71€2 k-meanse}
ANZAANE dzlEH vzl faRdes £
Aol Aoz s3Il s, FAAA YL
22KEuclidean) A8 $A& ANl Wil 434
02 A dlole] (deterministic data)E THFAl
J8Ee] qlel, FEA4 Heolele] FAse ¥4
3k @8 xo)w gjth

5]l dojgial AR B2 dlold] T
A3l FAEe] A ARSI S
maximum-likelihood (ML) &74& 83l =53
71tz #Hh3} ( Expectation-Maximization : EM)
Gy Ee AN ARl £ mele] Ax)
Aoz Aoy glct A, £¥ S 27 A
eoll Tk 27k ol EM2 AlA| 2ol =83}
7] AFY. o] EAIE As] Sl wpge=
FEEY dolgd X3 RE AHRE 43
cross-entropy” 7} )EH], tHEAQl <l Kullback-
Leibler?} Bhattacharyya #gleltl. 71k X%
+ deles EaFer RS 3] A3 olF
BhattacharyyaZ -85t SAAAHB-CNNyel A
ok FHgedl ol % Ao 87 sk
< AAsr] ¢# Bhattacharyyas AMS-Ich =3
F5E 3 WSS vlE] ZAAY 8 ge
Z207%2] 24-S B-CNN-& 22 #2138k

B = AR REES dolHE TAlE 5t

J

Ne
[

T

L

7] 3]3t ®ielo & Bhattacharyya AYS 43 £
A7 %‘% Akl ArE BK-CNN-2 F41417

% QlEE e s deld 9 9
2UE 28T 5 4 dleletel ARe

=2

HeE ’\F%ﬁ}%tﬂ, Mercer ©]2&el| WP?_“’d o] uhy
2 gY¥F EAsle vAdE FAE ¥R
Z 4 il ole H3ksle] Support Vector
Machine™ =} 3% F3)3Fuzzy Clustering)”'5 oi2]
Folol] AgHoz Fdupe] H4=3 AT, o]
& 22l ARE RS wEe #9A d
o]e{ 9] ‘3’@15}"1‘“‘} A8 F gt B =12 #E
A dole] FAE Sl F FEA dlolE Alolg
A#24 ulkke 2 Bhattacharyya A2 AMH-%}
Mo z=mMx17wta} Bhattacharyya 799 232 F

862

A 73“%}?% Ad 7Nk daelge] JHRIE dle B
55 ulEshed, T HERE APl S
z‘s}h Bhattacharyya 712]& ¢]4-3h= Bhattacharyya
: 133 5 dolele] TAEE s AA

o
=

rln >

i i“ J
H >’.L. rl;
_\1 _|lm

-“E-r-«] TAA ZitslAl 718 SAAg% e
#gguy 7Ag] &4 ¥ o2 Bhattacharyya 7
g Aoz} MAIME Alokd BK-CNN %43
£ S, W Ag S g

e &=

)

[m

UEEE—{H
ONEN

r
1o
N
o
},
XN, o
;L

0. SAMNAU g | 53

2.1 SHME

71&e] FAAAL d7E]EE k-means FTEE
S ke 3 FAE A dyelEes U
Ang 3dFz o FAANZELE k-means}
ANZAAE e 71E du]Fe] v dgeic
A7 (weigh) S AR At 2=, S A=
o] A4 7xg 2zt AAste] Al oA gl
A9 Fele] Aleld digk AHE o83l JFAE
W3l AFlek &, o)A el SAE AlHER] o
ARt A FgellA lFdlelElel 71 7
Fele SAiet sle, HHE o)A SgellA SRIIA
gk Ao oA JHdlolel 7 Al
A A gellde sixleln s, 2 wde] £t
T izl el W Aol AR EE A
Lia=1

t}go] Al i3 wE x7} o Akl 7k A
%, S2hTE jo xR i8] AR E felelEE
BF3 $lot

wj(n +1)= wj(n) + [z(n)— wj(n)]

1
N+1

wn+1)=wn)+

FoplEm el
AN wn)H wm)E 2 FAT WA e
AA7=S Fhshd, N2t & A9 epochell X
A i, jo &3 dlelele] & 27|t
ZAAALE kmeans YEIETH A|ZAAE

& 71E AR daelgst vlaste] g kA A
& AT AUk BT Aol e A
AA 5akESepoch) s A% ¥ oot gled,
tEo] 7| A3 dae]geld EAlgem o



+T-/ Bhattacharyya 71*d-% #]-2-%} Centroid Neural Network

= Hoidl &) ARPE e FAM azHe
2 dAgess AEen MY FAsE ol
e Aol glct.

2.2 71RAIQ 2EEeL wAR] HE

712 k-means ¥EEF 19 W dwF
< doje] FASE ¢l ”‘“4 ARgEe] A3 gk
3A]gl, k-means Y& FEE= AE )%
oz, 7Rs-ARE *E‘i?}’k Eﬂ"]ﬂa A s o=
FAE 7R ok AR EE3SE dlelE]d]
A8k BE $AA ARE Z43P] A8 o &
23 A=l A=) Begh, FEEX dlolg Alo]d
A=l 23 oz ol Aoz FHH
Bhattacarhyya "#4t Ae] =7} de] AME R Sick

2 +X

1 ,2 1](ﬂl—;l/) )

DG.G)= §(“i )"
‘z,+xj
2

1
+—=in
z2 VElz)

'?']oﬂ/ﬂ H; 9’]’ Z,' <
Q.

TE G HIFH TEAE A

Il. Bhattacharyya 7gg X35 SHMNEY

3.1 7k 8 LY

71&2] Hasfsly| Ad 54 e okl 2k

; —u | ? ?3)

AN z) & A i) A ol E ARG
AR S 2 P RS 002
olehs} 7o) ThA] Ealacl.

s
E2 =Y | o(z,() —S(w,) || 2 o)

g=1

4 @ A WAz o 2] S,

|| & (z,(j) — B(w,) |2

= (& (z,(j)) — () )(D(2,(j)) — ()T

=& (z,(N)0(z,()) — (2, (1))P(w,)”
~&(z,(;)) P (w,) + & (w,)p(w,) "

= K{z,(j)z, ())+K(w w,) — 2K(z;(5).w,)

oI, Alz,(j).z,(1))=1, Kuw,w)=1 °|2Z, FA¥
T olelish o] oAl B F 5 9k

v,
E'=23 (1~ K(z,(j).w,))
j=1

Adz 23R FHIFE  AxsEp] Hsl,

steepest gradient descent . S
whH e o2 o] geofxich
P
w,= (e ) —w) =0
Ad Mgez K3 Fx 4l 24iKDivergence)

o2 DR A&t ohA] ZHs

L= 2n(D(z,(j)w,)) (=,(5) —w;)
= 4, +%,) " D) w)(z,) —w,)
oldl, BK-CNNell4 ZAlalAasl vz 2z sk
AeE oz s oA 3] s 4y Al

(N, +1) ' & X3hgheh

A= (v, +1)7 ! (Zzlj) + ZWs) o &
D(z,(5)w) (=) ;)

3.2 Bhattacharyya Z{&g ojgst S

BK-CNN)

2 2ol Ad uhgE o]43) okt ¥A d3elE
o] Ak el o] A whge AR 1
T mAY A FeR dejy i
(Mapping) < 7|Hke 2 sl o] & o4
Vector Machinem, Fuzzy Kernel Perception
< duEEeA £ A3E BeiFu gt

712 7 7Hke) 3 daEEd AdHes o
< 34 Fobl HEEHAR, fEEE Ax ol
g4 dolelE r1Ees 3=t JelEg v
E A 7IEe] daEd 7HAIY £EFS o)
B TAlstl] AgstAl & 4 ok AR EE
P4 dlelele oF Ik St FEACE R
dxle] 7RARE EEFGS dlolE] Aol A=E
533}yl 98] Bhattacharyya AdE 43kt
Bhattacharyya 7'2-& 7}$-Alek 789 stog F
7HEARE 2 dlele] Ae]d] A Fsle
EPR I 32| Ailrolch

3+ Support

[12]1: \:vl-

863



A EAIS S| = A] "07-9 Vol. 32 No. 9

BK(z(n),wjn)) (6)
= exp(— aD(z(n),wj(n)) +b)

o]l BK(z(n),wj(n))TL_‘: = Al ExFe A}
o] #]'d& 2%} Bhattacharyya x|t} £ ¢
& A Bxds doly S A8 A (02
o]-8-gct

FAAAD de], orldMe Hiw B oot
Yeb 3H0)E zeiskd, s} siale] A%t
S(weight) $Al B A& A 5)F o)43t=r,
olzfie} 7ol FEHHT

wj(n-i- 1)
aBK(@(n),win))
=1Uj(n) + (Nj"'l) % (Zz(")]_{_ ij(")) [w(n)‘wj(n)]
w,(n+1)
aBK(z(n),w,(n))
N Wi(n) - (]Vz - 1) * (zz(n) + Zw.(")) [z(n) _Wi(n)]
9

AN wn)F wn)S 2k 7T Azt 731
AR7EE A7 3P

TEAHE) & AF7xEe} <] v whE(iteration)
nie} Askx] w3, v AR epoch) vt
#3ghch

o

ij(n+1)

=2 BK(m(n) w,(n) I, (n)
= RY 3 j:1a27"'a0
=2 BK(my(n),wyn)

®

ol ne FE A ZFs= n¥A epochE:
AAzl5 2, (n)-& ndA epoch A T4 joll &
= k #HA delelrt /AR sle WA FEA
(diagonal covariance) ggo|c}.

V. 48 2

B AYE Caltech 34 dlolElE ol&3lod, At
% BK-CNN3#} t}g dxe|&g viasislct. Al
289 Caltech %34} dlolels & EA9] & W
ol vt FHER FAEHCH, o] HREL o}
ol Faellx e 4 Sk

http:/fwww.vision.caltech.edu/html-files/archive.html

864

33 1. (@ H7] ) 2SR © 2=l @) APA

o] dlolElE & $el 4lY A FMIW7,
AE2L 2 Evlo), AAA)E olgslalen, ¥ A¥
2 o)l ugto g A2 o Zixelx] 2d7 20074
dakoz FAFTh olF F, 1007] A T3
Aejsle] shgog ARgsla, Al 10070 34
7+ dwelEe] v 23S 9 AHsikich =
ke ke PAEE 7T FHdtes HE
gz, Ade ALEE 47l Tl £k wlole9

= 28] 164 BodFEc) ZF A4S 8x8 BF
Aoz FAHT, o] B2 ¢33} £ & 2
AR o)Exxl 2z} BZ9] Discrete Cosine
Transform (DCT) AFE 6431 Az AR
AAE go)alr] 8l AT Aol A4 & Qe
32708 AFst DCT At fAg)h wehs, z4
229l dolelox doizl 54 e 3241E 7}
Ak Gl AL BEFSS 3] 9
HEF A PP o2 NE] dol EE F
222 ¥y A"y Agded nay FdF
32x32 T4 BPL A AARARE RERSE 4

Are| EAWE R AMEF L

fo @ o fft rlo fu

=]
e BK=CNYN
sy - a—B-Chk
? ce e BK-Means
88 e B-BOM
e
&7H P 9&/
T -7 "o e
S e -
3 e S
g - - g7
P s
&
é
kel <4
*
* W SUNEE—
s3f
st

s 4 45 5 55 8 &5 T
Mumber of code vectors

a2l 2. 7 daelEe 25 AHE



=¥/ Bhattacharyya #1'd-2 %48t Centroid Neural Network

25 A4 delele 7HRAIQE £EJEE dlolEl2
A & mlmmum-hkelihood(ML) 25718 £
grel oz}t ML EF7le= 2 BK-CNN 4 <
a2E ARgel 25 %‘""é% Zt mixture®] 7H-AIRE
&3 29 (Gaussian Mixture Model)ol] 719+ Fx}.

mixture 5] WFEolA & minimum- likelihood
ER7le As 544 daE ool S3le

Fol ofrlell Sk Wash A4k

_ll)n

Aass(z) = argminD(z, (I')

N,
D(Glz:, £), C)= Y w D Gl £). Glaip,,. Z,))
k

714, 2 Fd()H T4 BHE(HE ZRL o)
2E GAolet. p, 9 £ = FEHA ol £33 A
ke Hast It BLE A 233w,
/J—:/__,:- (',] ?—x] k—’] o:] ].E_ -34—01:17—1 ‘7\(:
W2 joll 431 dofe]<] j—°lt}

a8 2w ] A EREE - ) AIERAA
& AMsles ¥5 29B-SOM), 2) kmeans &)
Z8 AMsle 25 2ul(Bkmeans), 3) 2AAIA S
AMg3hs EFEHUBONN), 4 Aksl BK-ONNE A}
L3l 2F{ 249 . _,] neAsica goule]e] 4
§ HSAANEA 3] e BojEr) o] ad
oA = el 7H‘l“C' 7-AIY gl mix-
tures®] 7WFE HFESHs R3] B o 2 HE
A3 370e] = wejolld Y] 7742
A= '”‘EMXH ZAg-ol djs) Adgle] Aa=Ech
a3 225 1T ¢ le 2AAE, i 4

FE52 9 e o8] Z=HE] XHlA Hx
5 APAEE 2oiFAsh Ate BK-CNNECh=
2] & AAE woiFch

o

Oof,

fr rlr

e

¥ 1. ZcHE] 708 ARed Ao 2E yIn

vla7] | AEat | AdA | emelel | ek

B-SOM 771 100 60.0 95.7 83.2%

Bk-means 82.6 100 54.6 96.0 83.3%

B-CNN 78.0 100 69.0 96.0 85.8%

BK-CNN 86.0 100 70.0 96.0 87.5%
X 12 oW 1S AME A9 g 7
A} 28] i3k B-SOM, BK-means, B-CNN,
2] BK-CNN& AHish= BRFudEe] 254

Eqld), «37]4 B £ ql=°], BK-CNNS AH4sl=
Berdde 3at B-SOM, Bk-means, B-CNN$ A}

L3k mdEo] ASd wjdl 2t 4.3%, 4.2%,
17%9] FTAHE e 9 F Uk 1% §
3 & o, Alskd BK-CNN2 7|£9) due|EEel
Hlel g EHel ohe AP PEUE ¢ 5 ek

V.48

THAIRE FEFS dlelele] T84 TAEE
218k wieto 2 Bhattacharyaa 73S 243k 4
41747 (BK-CNN)o] £ =&ollx] ARk,
ARl BK-CNN-2 71'd W3} Bhattacharyya %
=5 A g A4 ¢ dueEE 33t
Al7dwdolt}, £ BK-CNNelA e 79 HOP
Balgh 2o vy FAE 418 Fu
xii Wkl A Exo= A

229l B4 F7EeZ uje]ElE wEA ) 3
, A4 wellA dlefele] HFgte AMSS
Az e, deolee] FAA EAE o83k
Bhattacharyya 4} HERE  ARS3El7] wlEel,
BK-CNN& 7}F9-Alet #2347} 7122 Qs 3T
o BAte] A ARE LI 4 9le] B} A

TAEE 7bssh &k AlgkE BK-CNNS) 584
& dE3I9iEl dAtdlelele] Eol S H¥ES
Fgsigiedl, A BEEES AN /MARE 22
T "elel2 xfTd3le, 7% B iy ke

o8& 4 oA 3tk Ad¥elA= 7189 k-means
%_b.a] , Kohonen 2] SOM, FAAA%W <z=]&

of 722 f—ﬂolEie AMgsle] o Ang w|wsigled),
Ak BK-CNN2 , 1 A= AR dare|Fo]
71E0] uhEel wls HuAFweld 27 4.3%,
42%, L7%2] L Ro3Fo], Ak BK-CNN
o] 7FAIQE FHEREISE s dHolEe] 4
shol Bl v 83 whES & & gk

e

/(
=3 3l
’:FZJ &

=

@dmm

rlr 22 ml

BEIgsd

(1] Hartigan, J., "Clustering Algorithms,” New York,
Wiley, 1975.

(2) Kohonen, T., “The Self-Organizing Map,’
Processing of the IEEE, vol. 78, pp, 1464-1480,
Sept. 1990

(3} Park, D. C., ,"Centroid Neural Network,” IEEE
Tr. on Neural Networks, vol. 11, pp520-528,
Mar. 2000.

(4] Yin, H., Allinson, N. M., “Bayesian self-organiz-

865



gEA183]=F4] "07-9 Vol. 32 No. 9

(6)

(7)

(8)

(9}

(10)

{11]

(12)

866

ing map for Gaussian mixture,” IEE Processings
Vison Image and Signal Processing, vol. 148,
pp.234-240, Aug. 2001.

Gokeay, E., Principe, J.C., “Information theoretic
clustering,” IEEE Tr. on Pattern Analysis and
Machine Intelligence, vol. 24, pp. 158-171, Feb.
2002.

Park, D. C., Oh, HK., Suk, M. S.,“Clustering
of Gaussian Probability Density Functions Using
Centroid Neural Network,”IEE Electronic
Letters, vol. 49, pp. 381- 382, Feb. 2003.
Girolami, M.,“Mercer Kernel-Based Clustering
in Feature Space,”IEEE Tr. on Neural Networks,
vol. 13, pp. 780-784, May. 2002.

Cristianini, N., Shawe-Taylor, J., “An
Introduction to Support Vector Machine,”
Cambridge, Cambridge Univ., 2000.

Chen, S., Zhang, D.,“Robust Image Segmentation
using FCM with Spatial Constraints Based on
New Kemel-Induced Distance Measure,”/EEE
Tr. On Systems Man and Cybernetics, vol. 43,
pp. 1907- 1916, Aug. 2004.

Jebra, T., Kondor,“Bhattacharyya and Expected
Likelihood Kemels,”Proc. COLT, 2003.
Muller, K.R., Mika, S., Ratsch, G., Ratsch, G.,
Tsuda, K., Scholkopf, B., “An Introduction to
Kernel-Based Leaming Algorithms,”/EEE Tr. on
Neural Networks, vol. 12, pp.181- 201, Mar.
2001.

Chen, JH., Chen, C.S,, Kernel
Perceptron,”IEEE Tr. on Neural Networks, vol.
13, pp. 1364- 1373, Nov. 2002.

“Fuzzy

0l & XH (Song-Jae Lee) A3
20039 24 AR A7) R
A (FErh
2003:3~20062 A AR
A3 Ah
2006*3~3 A LG. Philips LCD <
T4

2322

gt = & (Dong-Chul Park) 258l
1980\ 29 A7Feistaw A=pzs}

HFh

1982 24 =37 |E A7)
2 g E A

1990'd 64 Univ. of Washington
(Seattle), Electrical Engineering
(Ph.D.)

1990 84~1994d 2% Zw,
Dept. of Eelct. and Comp. Eng.

19941 39~ A A N L A B33}

19973~2000 IEEE Trans. on Neural Networks,
Associate Editor

19993~ 2} IEEE Senior Member

<TA Rol> A daelE AN, S UA, HElvY

of dole A2 2 24

Florida Int’l Univ.



