CEVECI R TGRS TN Vol.32 No.8
2017 4E 8 A Chinese Journal of Liquid Crystals and Displays Aug. 2017

XEHS:1007-2780(2017)08-0650-06

ETRBRFERSHRR T AR IRANEE

ARy
(WNEL¥K Bt 56EIR%K, W) 87 643000)

FEE AE AR b AR R AR AE 32 B3R G IR R S AL Y B2 e X s A SO — b BE TR BR AR AR I 5 b W) 3
AN BRI o ARG 1 Sl PN Rk A e K B B0 10k ik 10 DN R A RIS 1 a5 2 ERLAG, 140 0% I it 7 5 05 2 R 45 4
HURFAE 4 38 R AR 72 M, T 5 DU RORE A JRIGURFAE 5 30 A B R) 3R 78 R A o5 J5 L o AR 22 AT 4028, Gl AR Fi ORL
N 2 BEAT S0 25 3R BT 74 SR ey A TR 000 vk 1 1R B TR T R A B AR v

X B OE AR IR IERE AR PR R T

i E S ES TP391 XEKFRIZED : A doi:10.3788/YJYXS20173208.0650

Face recognition algorithm based on low-rank eigenface
and collaborative representation

YANG Ming-zhong, YANG Ping-xian”

(School of Automation & Information Engineering , Sichuan University of
Science & Engineering . Zigong 643000, China)

Abstract: For face recognition, the face image tend to get variations of expression, lighting, occlusion
and pose. In the paper, we propose a face recognition algorithm based on low-rank eigenface and col-
laborative representation. In the algorithm, we firstly obtain the error images of the training images
using the low-rank matrix recovery algorithm. Then, we calculate the feature vectors of the training
images and the corresponding error images to constitute a feature dictionary respectively, and
calculate collaborative representation of test image with feature dictionary. Finally, the test image was
classified by the reconstruction error. Experimental results on AR and ORL databases show that the
proposed face image recognition algorithm has a higher recognition rate and fast.
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Fig.1 Low-rank matrix recovery algorithm of AR

face image database
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Tab.1 Face recognition rate on AR database
X AL
2 PCA SRC ESRC CRC ]
RS

50 0.325 0.478 0.482 0.400 0.656
100 0.365 0.673 0.689 0.621 0.875
150 0.410 0.789 0.793 0.726 0.942
200 0.435 0.826 0.837 0.767 0.954
300 0.490 0.878 0.886 0.826 0.957
400 0.530 0.898 0.907 0.861 0.954

500 0.545 0.911 0.911 0.865 0.958
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Fig.5 Face recognition rate of each factor of occlu-

sion, lighting and expression
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Tab.2 Face recognition rate on ORL database
AL
(N7
50 0.820 0.908 0.916 0.875 0.955

g4 157 PCA SRC ESRC CRC

100 0.840 0.908 0.916 0.883 0.965
150 0.870 0.912 0.916 0.900 0.977
200 0.890 0.912 0.933 0.895 0.965
300 0.900 0.912 0.933 0.900 0.977
400 0.910 0.929 0.933 0.904 0.980

500 0.910 0.929 0.941 0.904 0.980
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Tab.3 Time consumption of face recognition
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