A I -
COMPUTER SCIENCE

Vol. 45 No. 10
Oct. 2018

— M E T Curv-SAE ${ER & B A RE P& 4EF01R 5 77 7%

HKEE XB
(MHHETAFANLEFEEIRER WE 710048)

W OE MR TREANEEL X, RESI PHRX B %A E (Stacked Autoencoder, SAE) 4 % A & H 52 3 45 12 7F 5
M BEgE AT NFER LR, H =K B 5wk T # (Discrete Curvelet Transform, DCT) 48 45 $2 Bt A K 6%
A@EE (ARG AMBRIIE), Pk SAE 9 NHFAER 5, M m RANT LR 2, Bk, 428 7T —# & T Curv-SAE
AR R A0 AR R R B 4 ok, B aT A B AR i 4T DCT 43 2] 45 48 1 5 ¥ L AF 4 SAE 9 $ir A 45 A2 i 47 9] 25 , 4% 42 Bk &
B EMmAE 5 KR T #ATRA, £ ORL #» FERET AR 23 & Log 3 A, 5 0k Z 3400k, ik 09 4 1212 &
FFG HEG N Mgk SAE M SRR R B A S LRAE £ B,

KA

FEESES TP391.41 XERFRIRED A

REFD ABPEAN, FREK B R TR AKX ABBE K4

10. 11896/j. issn. 1002-137X. 2018. 10. 049
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Abstract Compared with the traditional dimension reduction algorithm, stacked autoencoders (SAE)in deep learning

can effectively learn the features and achieve efficient dimension reduction, but its performance depends on the input

characteristics. The second generation discrete curvelet transform can extract the information of human faces.including

edge and overview features,and ensure that the input features of SAE are sufficient, thus making up for the shortages of

SAE. Therefore,a new recognition and dimension reduction algorithm based on Curv-SAE feature fusion was proposed.

Firstly, the face images are processed by DCT to generate the Curv-faces, which are trained as input characteristics of

SAE. And then different layers of features are used for the final classification of identification. Experimental results on

ORL and FERET face databases show that the feature information of curvelet transform is more abundant than the

wavelet transform. Compared with the traditional dimension reduction algorithms, the feature expression of SAE is more

complete and the recognition accuracy is higher.
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Fig. 2 Diagram of discrete Curvelet space frequency domain
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Fig. 3 Structure of stacked autoencoder
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