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Face Recognition Based on Compressed Spatial Pyramid Model and Kernel Sparse Repre-

sentation

Zhou Kai', Yuan Changan'?, Qin Xiao’, Zheng Yan', Su Jiebo'

(1. Computer and Electronic Information College, Guangxi University, Nanning, 530004, China;2. Computer and Information En-

gineering, Guangxi Teachers Education University, Nanning., 53001, China)

Abstract: Face recognition is still challenging due to the large variations of facial appearance, caused by
lighting, partial occlusions, head pose, etc. The feature extraction is a key step for face recognition. In
order to improve the recognition rate of face recognition, we introduce a novel feature extraction technique
for face recognition, which is a combination of compressed sensing and spatial pyramid model method.
The scale invariant feature transform is first used to be a feature extractor to obtain facial features. Then
by using sparse coding in the randomly generated dictionary, dimensionalities of those features are re-
duced. After the spatial pyramid is used to be a feature extractor to obtain different spatial scales, the
max pool is used to integrate the features. Finally, the kernel sparse representation classifier is proposed
to classify the features to complete the face recognition. The experimental results based on the Extended
Yale B, AR and CMU PIE databases demonstrate that the method has a strong robustness in the illumi-
nation, pose and disguise variation with a faster running speed.

Key words: face recognition; spatial Pyramid; compressive sensing; sparse representation
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Fig.2 Some face images of a subject from the Extended Yale B database
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WA 1T LU HH 2 R A 8 A 5 B 90 2 AR 45 2 9 SR ARl 950 L SC-
SPM 1% S B2 1 05 A B 5 AR 50 T 99 % L BRI 45 £ KSRC 4 36 B vk 1 L A T 2 5 T $ A
ik L R SCSPM B H R 5 F0 5 th A S0 (A S0 T T SPM Ik A R A — 2 0 0 B L
1 B A% SO vk i TR XA L 0 B0
3.2 ARBBEXR

AR I 6 R (7 6 B 2 18 A DR A e 0 T T A 4R 2 600 B 35 100 AL A5\ 26 1 % . 7
SRR AN 3 R . AR BCHE A T R4 55 1 RSN B0 R 1~ 7 R PR N O 00 25 1k L A SR
B8 (700 36 SRR 4 U5 1 WEAM 005 8~ 10 AR IR A IR G5 1D AN 11~ 13 AR ¥l ol CFRL I 1) A
1R (4% 300 3K 45 2 H 40 045 8~ 10 U M IR 58 CHRBE 2) RIS 11~ 13 0k FRL 1 PRI 1TD 2) A G PR (4%
300 3K 4 B (O IR A A5 A IR BLAR fb 0 8360 1R % K/l 46 B0k LA R I 6 2 B %



1048 HIEREHLAE Journal of Data Acquisition and Processing Vol. 31,No. 5, 2016

B3 AR K b o A &

Fig. 3 Some face images of a subject from the AR database
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Tab.2 Face recognition results on the AR database %
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FiM 2 51.06 25.98 56. 04 66.13 42.03 82.67 87.02
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