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Improved kernel principal component analysis based on
a clustering algorithm
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Abstract: To overcome the computational problems of the standard kernel principal component analysis ( KPCA)
algorithm, the authors proposed a new method for eigenvector selection by evaluating the cumulative contribution
rate of the eigenvalues of the covariance matrix. In addition, a new way to partition the training data set based on
kernel clustering was also developed. The influence was then explored of different partitions of training data sets on
the size of the final kernel matrix, on the conditions causing a given cumulative contribution rate, and on the num-
ber of subsets. Experimental results showed that a smaller kernel matrix can be obtained when kemnel clustering
method are used to partition the training dataset. The proposed algorithm can be helpful to reduce the time complex-
ity of the eigen decomposition of a kernel matrix and to improve the speed of feature exiraction for test samples.

Keywords:; KPCA ; kernel clustering; partition of training data set; covariance matrix; eigenvector

1% ¥ 418 53 # (kenel principal component anal-
ysis, KPCA) 3 Mercer B B4 SE BRAE LM B, #F
F4r& 27 (principal component analysis, PCA) J5
HLAERHME R B b ). T KPCA Bk RAABIR K
FREBEAEIE LM RHER BBy , BRI EAE B IR A
B ESRER T EM N AMER . B4R
1 KPCA BIEFTREX—A M x M BBHERE( M il
GEEANE) HATRIEE R, MR LR,
TR EIE AR B R R

I 5 H B4 :2009-12-19.

EEH : K863 1 RIBT BT H (2007AAMZ423, 2006AA01Z106) ; [
R AP BB H (60576033 ) ; fREEAE B AAPIEEL S ¥
BYT H (2008004001 ); J§ (1 it B # 3t %1 % B W B
(3502720083031 ).

BEEE:BE  JE. E-mail ; shendacx@ 163. com.

Do, SCER[6 ] 82 KU SRERI 0 U T TR,
IR T RAERHE 2 8] P B B 07 2 500 — 2u
e BRI T RXFIEMERR, ff KPCA 725K
fd R, RfEx— B 8% T X AL 1 820 B
AR R AT R AL AR 20 B . 1207 ik T
BRI BA TS BT R RE D MRE
M &, L RIIGRN T RHARTARESHE
UM B Ja SRR BRI 1+ BB, DT R Wl i B 2
AR B 1) SR 3% P A SR S8 AR A B R AT 42 B
B ARSOREE XX 2 A R REHEAT R

1 &FF&X4# KPCA
B 3CHRL6 ], VIR AR X = (.| 1Ly, RSP HG



2222 B O R g ¥ #H £5%
M&?%ﬁx = {xki”vilak :1a2a"'aMaNk ﬁ?% ﬁ%ﬁﬁ% K ATKJAJ j'yp X p; B‘Jﬁﬁ[@
X, fRAE BAE LK, -XUREN-NR  Ac=lad-dl,
7. GRAFRIERR, T4 X, M BRE SN @ = L oy oy, ]
@ = lo(xa) 1 %038 o BAERETER W A AR K LT LR BIRHE 2 a.
(X)) = () e(xa) = @(x,)  (xum) ], St FIEFA 2, EAERHE & v BB N

k=12, M, y & T T
EIEHAE X =[x, ra 1] TR, =[xz ) PP T G Z (@) Kel) =
---x,,,vk](k:I,Z,---,M). M P
ST M, SR A BE K 4 ER M x M, B K = & Z el (6)

(K;),i=1,2,-,M,j=1,2, M Ho:K, = AF: 7 =[k(x,2) k(x,2) - k(xw,,2) ].

¢T(Xi)¢(Xj)- iC R, =¢(Xk)¢T(Xk) , Ml KPCA
BEE R

= %zgo(xi)ﬁorr(xi) =
NZ 2¢(xk)¢ (%) =
N2¢<X>¢ (X,) = NZR
BA=A = Bl\zvk/”ng ROARAE(EL, v , V5, -
Xﬂ‘ﬁiﬂﬁ%ﬁﬁﬁ y
R, = ZAkv"(v) = sz’l’f(f’l’-‘)T. (1)

Ry) = ﬁf =(X,)a; ,a; FAERE K, B B0
1 o &, X REAE(E R A
M R, B9 N, AFHE AR 268 B R BG AT p, M

SR ]

B AL, AL, 0y BT
IRED A
é\ k
R, = Y HGH, @)
k:%;E=%;;ﬂMW,(M
B R, ~R, R~ R, HER R GORHIE (508, 3t

LGRS 3 R BRHEE R & A A R
BRFAEAE R X DL B RRALE [ B, BT

Rv = . (4)
EEE, FERM o (=12, M, j=1,2,,

pk) 1@1%

DTS W W-C ALTINE
BR(2)GHRAK(4) , 717
Ka = )a.
j:EP:kz(kij)(i:l’z’""Maj:112""aM)j§ﬁ

2 ETHEXLMe KPCA Rt &

i SEF T4 69 KPCA 051 w70, 234
HEREIRARRE N = 3 p,. N B, BEAT T K 46 502
S Al OCN) Wl B i - K RORFIER R @ 1
WY N, AW, AR R (6) T 0, 7 Al
W RE A BRI SRR .

BN N NG R TR
AFEBREBE R R p,. 5 5b, FEIRE
K537 % N0 e B .

21 HERROET

i T4 69 KPCA B0k 0, B ok o i
SRR, RIER) R Ry, ¥} HR (1) #1(2) T80, 41
B Ry 19 p, AR R, 10 N, A (R
R pe MR AF, A%, AL HIRERL, 381 RIBAS
{189 B BRI p, L

B R, B N, MEELE AE, 05,

S, = zl:,/\fa S, (1) = iAf
4 R, B ¢ ™MFEMER BRFTIEN

“,Ap,. 10

BRE—AWR,  BEEN c ERR 41,8
y(t.) =r,, W p, =¢,, BP3E#E R, B9BCRAYHT ¢, 55
fER & SREFIAR(2) #1(3) W5k4 R 1 R,

2.2 KKM ¥4F&

ETTHERTH KPCA BERERHINGHAE
R hET TR FTEROIARRSTASREE R
AEIBHERE, (BICER[6 ] s 3R IR T REIRI 2 07
. ASCHIRH AR A R, AR R Oy DL 1
AR RE R, BG—REN—DTE, U
I g A R HTRI 2. Xl T KPCA BILSLhR
b RSN G A= Gt B AR W BRI 25 ) B
fiE s REFT PCA 20 , B BEAR SR 3k SO AR 5 T 3R Yl



F3H

BB, % SRR ST ) KPCA BOE B -223 -

HHARRE, PRABRRE T E. A 2% K-1y
{8 (kernel K-means, KKM) Bk,

BNGRREASE N X = {x,} [, BRI &
BLAT & BT R —HHE 216 H B3 o (%)) ,0(x,),
b (xy) , (o (x) L R BB B K-3
ERKR LR LR S/ME EAREEL

=33 166 el

A x5 | REIE T DHER, & (x) BREFERE
R PERE ¢ N i RETH L.

9 _o. wsm
Ehaci _01 EI'T?

¢ = %Z ¢(x,,) ’
WX FREAN B ERHEA x, EERFES RS 5HE
Bl ¢; BIBERT N

D= 14 -el* = 19) -3 3 b)) I =

<O > <), R b(x) >+
%l; 21 < (%) (%) >.

B R OE 3
K(x,x) = < ¢(x),¢6(x) >,

D = K(x,x) _%ZK(xaxij) +

#; ZK(xil’xim) ’

TR, BT DUARIE 5 T SR IR MK 4 R AR 3 BL 45 4
LS.

st G PCA

e GDKPCA

3 EBREREHHA

B prR, W N EA MM EREETES
B M GANFEREPFEMEN M p, UK TFEN
AR5 B3 F 5 R AFE ) 2% A SCHR
H) RN TR AR, W p, BOE 25 E Y LA r,
PE. SLRERAr 3. 1 W WBFEH RN F &N M. 1
Er, WEHT,3 HARBKRSFET R —R”
KI5 EA A RIERI 4 Xt N AR ; 328 3. 2
Fes Ll b 3 #hil o FER T TR KPCA JF
LEPBIEEEFTENENLRSR. LRRAE
Z WYL 2 F & I RIEE 88 2 17 3558 ( Waikato
environment for knowledge analysis, WEKA)"®' Ll &%
H P3R40 Matlab 7.3 4.
3.1 FEAXMSFEFRI N EHARME

WA MANTE, — BRI R FETEMNN,
(k=1,2, M) WW 2 3. N, = N 04 B — 48K, &
CRRZ A« — " Xl 53 ( general dividing) , 5 22 3 K
i) KPCA J5¥:%K iy GDKPCA; iR ¥ 2 BB A F &
HITCE NN, (B =1,2, M) BAXRMF (2% N/
M) KRR Z 41 (equal dividing) , % [ i) KPCA
Tk PRy EDKPCA ; A SCHR R R B2k 7 ik
(kernel clustering) X YR E X 7, BREBEE A F
BN M, TR AER 5333 D) KPCA 5 %5 % KCK-
PCA. Y% GDKPCA .EDKPCA #1 KCKPCA BT AT
BIEA LB R , B [F R BRI r, P
SEEMHT X 3 R4 5 =0 B 5 Rk 2 B
R R:0p=A DG B0 €t oo Bl N i 9 s e § A
KPCA 753K N (EREF&EA 0 M bk, il
1 fi7R.

s GDRPCA

Lo, ¢ EDKPCA 00
s K CKPCA -
WL *;;
,r':«:; # -
ES0p L E T “qo0p
4 o
0
135 6 ) 10 05

M
(a) BHREHE

(b) FIEEHE

ew RDKPCA Ca FDKPCA
i K CK PO A 300 s [ CKPCA
.
T
L 200 e
RSt I< __;,.A\""'“.“%J: - s
FR 8 10
6 8 . G
M i

(e) FHES

B ARET RS X xEpR 0 B S E B

Fig. 1 The influences of different partitions of a subset on the size of eigenvector
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Fig.2 The comparison of four kinds of KPCA algorithms for feature extraction
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