2015 4 ¥ 244 2 W WEV RS N H

> \ .
ETEHERAMPESEEARTRIFERAN
FAREL ", kA 2, &/
VIR B TR WU E bR I B, BN 310018)
2GR A B RBERBIBE SO, IHE 317000)
W OE: N T AR SN S NG R TERE, PR BT R AR B R N R A N TV SE
TH sk T JE il (P U A SR A PG AT R i R, T ) R 40 B e SR L e M i A, AR 5 K SR A 1K B b
ﬁ%%ﬁi%k%%ﬁ%ﬁ%.Eﬁ@%cmmmmwﬁﬁﬁ%E%i%Mﬁ%%%%,@g%mﬁmk%%ﬁ
WAIPEBEA T B A8VE . SRR B UL M d i A0 75 IV, AT L, %07 T A & I ), R S e by,
R \ .
KRR RGN, Wik, RS, SR ik ’

http://www.c-s-a.org.cn

A

i

Compressed Sensing-Based Robust Facial Expression Recognition
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Abstract: In order to effectively improve the performance of facial expression recognition under the noisy background,
a method of robust facial expression recognition based on compressed sensing is proposed. Firstly, the sparse
representation of corrupted expression images of the identified test sample is sought, then the compressed sensing theory
is used to solve its sparsest solution. Finally, according to the sparsest solution, facial expression classification is
performed. Experimental results on benchmarking Cohn-Kanade database show that facial expression performance
obtained by this method is better than the nearest neighbor (NN), support vector machine (SVM) and the nearest
subspace (NS). Therefore, the proposed method shows both good recognition performance and high robustness on facial
expression recognition tasks. ‘"
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