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Fig. 1 Strategy of face segmentation
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Fig.2 Influence of the change of k value on

recognition rate (face database of Yale)
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Fig.3 Influence of the change of k value on

recognition rate (face database of ORL)
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Fig.4 Influence of the change of d value on

recognition rate (face database of Yale)
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Fig.5 Influence of the change of d value on

recognition rate (face database of ORL)
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Table 1 Comparison between the average recognition rate and classification recognition time of
two algorithms ( face database of Yale and ORL)
; Yale AJKi % ORL AJKe /%
T SRR ms PR % ST ]/ms
LE 90.0 6.0 91.5 7.1
LSVD +SLE 99.0 6.5 98.5 7.2




20 - IR T2ABeA 4 (A ARBE2 )

29 %

5 Hig

ARSCAERL G BT R AE WS (LE) 535 20 #r 1)
et EAR M T —FhEE TR S H % (LSVD)
AR P PR AE RS (SLE ) AY A T 45 51)
Jridie ESEAI LSVD J7 okt AR5 73 %1 h 2
ASSRAEE D 5 m B A S (B 1) o5 SR A B
LE B3 i B = ~J 1 e g o kA et >R

SE Lk

SLE FiE N ELARBUN AN AR IE 04 T 4E 5020 fi . Hh
T THEAR I IE B, A< SC LSVD + SLE $3%
AT LIRS R BB AR I RO S B AR S 15

£ Yale F1 ORL A& 2 b (% S0 25 S = 1
ARSCHE Y LSVD + SLE 51 78 B 48 551 AR
RJ7 AR R A MR A R, A SR A
RO T NG R A P B R B TR R
I AR REZR .

(1] RIEW. AR RSSO AR D] 1 50 B AUl R, 2013,
[2] KIM K I, JUNG K, HANG J K. Face recognition using kernel principal component analysis[ J]. IEEE Signal Processing

Letters, 2002,9(2) :40-42.

[3] YANG J, FRANGI A F, YANG J Y. A new kernel Fisher discriminant algorithm with application to face recognition[ J].

Neurocomputing, 2004 ,56:415421.

(4] ¥¥E LT RIE 2= WEMERECS AR [ D). Bt B 5T 3 TR %% ,2014.
[5] SEUNG H'S, LEE D D. The manifold ways of perception[ J]. Science, 2000,290(5 500) :2 268-2 269.
[6] TENENBAUM J B, DE SILVA V, LANGFORD J C. A global geometric framework for nonlinear dimensionality reduction

[J]. Science, 2000, 290(5 500) :2 319-2 323.

[7] ROWEIS ST, SAUL L K. Nonlinear dimensionality reduction by locally linear embedding[ J]. Science, 2000,290 (5

500) :2 323-2 326.

[8] BELKIN M, NIYOGI P. Laplacian eigenmaps for dimensionality reduction and data representation[ J ]. Neural Computation,

2003,15(6) :1 373-1 396.

(3):51-54.

(9] VRS — TR T o AT S (L 70 AR g A 408 DR SR AL I Ay G U Ok [ ] R 302 e 24 ( A SRR i) , 2009,22
PN

[10] SR ARROER. T W > AR BT AR AE MR 20 260506 [T ] AR M

49-53.

SR RRRE D) ,2011,39 (1)«

[11] HONG Z Q. Algebraic feature extraction of image for recognition[ J]. Pattern Recognition, 1991,24(3) :211-219.
[12] b, FET B~ (8l Bt Jr i B AE ARSI P iR LD ] KA AR ALITE K2 ,2010.

Face Recognition Based on Supervised Laplacian

Eigenmap Algoritham
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Abstract : Because of the characteristics such as good stability and transpose invariance of singular value vector, feature vectors

are extracted from face image by using local singular value decomposition method firstly. Then dimensionality reduction is applied

on facial features which have been acquired by supervised laplacian eigenmap algorithm. Experimental results on Yale and ORL

face database show that the proposed algorithm can effectively improve the performance of face recognition.
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