%10 1 B % R Vol.45 No.10
2017 4 10 H ACTA ELECTRONICA SINICA Oct. 2017

Z = Bl & R SRl PCA 123 [H]
F 7 0 A Ao I 2 TROAS 2R

AT, TR s
(A LB 5 TR B, WAL 26 5L 066004)

W OE: Tairke BRI 2R E B 2RIk, B TR ) ARG, SRR 2 S SR
TEARTYAT R GG ST . T P 27 > JEURIL AR SCERE HH — 7 22 J2 Rl 1 O TR BE Jmy s 125 (IR 0 AR AR 1 25 ) h U 7
figg ke FAR R ). 15 5, X e A i i i dme /) A A 1% 22 45 31 5 — J2 9 £ 2> ( Principal Component Analysis,
PCA) FFIEMSIAE I 5 SR , il od L, SR AT RHAE WS 25 R AT Mg A0 A, 4 i S0k (8 MR 1. 13, 7250 2 W2
DA —J2 BRI O A EAT RV R A P o) e, B 200 PR ST R TR PCA 5 8] SR, W 45 I
JE AR AE IR ES AT IR & , HEAT (B0 A 2t B R0 7 Pl S B, 412 MRV 4 ) R B 125 () 6 P ALE. 78 FE-
RET AR Yale 2522 it AJS%cH 2 A S MNIST | CIFAR-10 45 HARBCH 4 1 i) 523 45 R AW, 15300k al UBCRHES 5 3R
TR LA B ) G I A NI 1) B, S AR T4 B U 28 ) 2 S TR B2 2 S HE SR AT 2 A TRT 5t A0k 2 R 45

(=
KR REE; ZEME; TAER; Wil
hE45ES: TP391. 4 X HRFRIRED A NEHS: 03722112 (2017)10-2383-07
B FZF3# URL: http://www. ejournal. org. cn DOI. 10.3969/j. issn. 0372-2112.2017.10.011

Feature Extraction Model Based on Multi-layered
Deep Local Subspace Sparse Optimization

HU Zheng-ping, CHEN Jun-ling
(School of Information Science and Engineering , Yanshan University , Qinhuangdao , Hebei 066004 , China)

Abstract; Subspace method is classical pattern recognition method, that uses global information mainly to denote an
image. Recently , with the introduction of deep learning, the feature extraction model based on local self-learning has attracted
more and more attention. By using the theory of deep learning,this paper presents a new feature extraction model based on
multi-layered deep local subspace sparse optimization to solve the problem of object recognition. Firstly, we calculate the
PCA mapping matrix on the first layer by minimizing the reconstruction error on the training sample set,then we optimize
the feature mapping results through L, norm to enhance the robustness of algorithm. Secondly,we use the output of the first
layer as the input of second layer,then we implement same actions of feature learning. In this way we can map the image to
deep PCA subspace. Finally we merge these feature extraction results from different layers with weighting and encode the
merged feature with binary hash code and histogram segment code. After that, we obtain the multi-layered deep local sub-
space sparse feature. The experimental results on face database of FERET ,AR | Yale and target database of MNIST ,CIFAR-
10 show that this feature extraction model can achieve high recognition rate and robustness for illumination,expression and
pose. At the same time ,compared with the convolutional neural networks , our algorithm owns the advantages of simple struc-
ture and fast convergent rate.
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