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Performance improvement of face recognition based on kernel principal

component analysis using wavelet transform
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Abstract: The algorithm of face recognition based on kernel principal component analysis( KPCA ) can abstract nonlinear features
of image and can get better performance under less sample training conditions. Not all nonlinear features are beneficial to the rec-
ognition. The superabundant unrelated features may reduce the recognition performance. The image was transformed by wavelet
transformation for its redundancy, which not only has improved the accuracy of recognition but has reduced the demand for com-
puter hardware of the algorithm. A pretreatment strategy that can reduce image gradation was developed in order to restrain upper
sensitivity of KPCA to the change of illumination. The experimental results based on ORL-DATABASE show that the above-men-
tioned algorithm allows faster training speed and higher accuracy of recognition than traditional ones.
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Fig.1 Decomposing process of wavelet
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Fig.2  Sketch map of the exponential decay

1007 _
—— 1.0
95t
90t
85}

80

RAE /%

75
70}

65

1 2 3 4 5 6 7 8 9 10
gk %

B3 RO 10 U R A R

Fig.3  Comparison based on different exponential

decay factors



L

2,
=

=

K K

ne
F

e (G Ji0) LRk

4 HEER

ASCHR A AN E 4 R, PRI AR LR

55—, BB ZRAE A, 35 R B0 ek B 7
a = 0.4 X EUR KB I TP O .

50 R HE B WAL B AR A AT /N
i, 398 FH Y 7N e PR B Daubechies i H Y db4,
SYFRIZECH 3 )2 AR B0/ N RBOE A BN ,
AT RN T IR AR VI GAHEA I — BRIV RIRHIE . 5
TEPR/ N AR5 19 LL AR R I 4G R AL, 3
FEJFIA MR 0 112 x 92 BG83 H 14 x 12 B4
AR Ay i MG, AE R B T s R A
srfigst, T ARSI RFE S, A RO AR T
GRREAR I YRR

55 =25 R KPCA J7 5% I Zh bt A 5 46 0t
TR, A% R EE B I 2 22 0 =X R 85, 15 201 25
AREETER A MBS IR R . VI AR A
FEBE - AT HERE M BN G AR 23]

FEVUL MR AR ST 55 — 2 A 2P T
SEPR SR JG SRS =20 IO SR B EF T A
BRI AR A5 ]

S KNN VR Ry o3 25 a A7 23 25, OF B ahit
SRR RN R O S [ e 4

—KPCA REURAE
/J\&%iﬁ?@%ﬁﬁ
VI B
RAI B

BB

WA
FFAEZE A

RAGR

AFER
FFAEZE ]

VIgr B
—

B2 IR AE
£33

B acm
PP BT >

L TR B AT

K4 ASCHEEREA
Fig.4 The sketch map of algorithm

5 SIhHER

5.1 SEIIREE

AL EFE Intel Core™ Duo processor TS500
1.66 GHz, N £ 512 M, Windows xp sp2 HL#% [ A FH
Matlab 7.0 #iFESE 8L . 71 ORL A %t A
Bl sk , ORL ARHE MG (9 [ U HF K77 Olivetti Re-
search Laboratory $2HEFUAI ) A 40 A~ AN
%, B 10 8 112 x 92 15 F A9 A K%, 256
FOREE . Ho NI R 15 R A 20 19 A7 45 A [
R, NSRBI S , HR I B AT, A SR £
S s NI 2350 A A S AR P i 84k , TR BTt Fn-F- i
JiEAe vl ik 2005 AR p RS AT 2238 10% R AE 1.
5.2 XWHERSHW

KU 1 PRI T BOs U PE RE RS2 L S
Ve ORL A i AHT 5 18 R SEAT I 25, )
5 WEAEA I, XA U G AR A A R AR A 1
FEARI N 200, Ry 19280 97 (1 , B 2 0
PRECA UL d = 1. 2550 51 LL 8 T KPCA + KNN,
ED (48 %3508 ) + KPCA + KNN, WT (/N 25 4 ) +
KPCA + KNN A1 [7] i 5% FH 46 2O 0 + /N2 e Y
KPCA + KNN 532 (A Sk Jr ik ) i R MERE , 35 1
T BIA 4 FPRE IR B R LR A B 3
B, TN AR YNGR (] 000 s ) R B AR A 1
(i), e rp B AN R AU I E) = (R I )+ 3000 3
[f])/200.

I 2 FAEAYIGRIE LR, &5 U
REELAEL . AR 2 L /AR AR I 031 ) 2L
H T UEHIA SCRIE RO AT ROV B R R SR 1 IR B
VERINLRAEAS  RIF 1 9 RTINS, Hods 12ty
#£ PCA, 2DPCA MIHEZ M J7 % KPCA + KNN, KPCA +
SVM N ARSI R IR A . S50k 2 s

1 AFERERBITERE L
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1 KPCA + KNN 34 87.00 12.92 8.26 0.106
2 ED + KPCA + KNN 32 92.50 13.03 9.02 0.110
3 WT + KPCA + KNN 34 89.00 4.13 7.55 0.058
4 ED + WT + KPCA + KNN 36 95.00 4.12 7.80 0.059
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Table 2 Comparison of top performance

(=R AN PCA 2DPCA KPCA + KNN KPCA + SVM WT + KPCA + KNN
PRI % 68.61 70.56 72.78 76.39 79.17
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Table 3  Comparison based on the different reference of kernel function
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Fig.5 Comparison of four methods
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