http://gks.cqu.edu.cn

T ARER S R IR

Journal of Civil, Architectural & Environmental Engincering

Vol. 35
Dec. 2013

% 35 BT
2013 % 12 A

doi:10. 11835/j. issn. 1674-4764. 2013. S2. 018

1l R o e /D R AE N K B e i

"L/Fiﬁ\q’*z] ﬂ—b’;% &ngi}(%ﬁ'b’g{‘d‘?‘%b
(ZREKF a. HF 5% FE:b 4 F R e it EMFR. R 400030)

B EELFRRADSEREFEARRANTFRT 208 A 422 3 & A Bo Bk A A B et A 8 2k o Sk
Fo RN ERGRANEREHN, ATHBAILFBR, 256 %hR DD REFEIRITEAHRLEY R E =%
%1 # B2 4m 5 > = Jt (Two— dimensional nonnegative sparse partial least squares,2DNSPLS) ik, E o S48 2 £
BAMHIEM AT IE Y R R 43 2DNSPLS R A MR A =R kA L5 8% koo %
R ARG TEREEGAFRLENEZE M B LRI AEELAERGHRGTHRERFLLA —EOHR
M., f£ Yale 2 PIE AR B b 64 £ 30 R 00, 2 Lk AN B 1] EAwin A & L6 FARRAN G L AL F. P A THEBA
BAFe G,

KBRS BHE DR E TR HBAEARRI; ZLEAHRBRDZE

hmE4 %S . TP181;TP391 X FREARD : A XEHE:1674-4764(2013)S2-0073-05

Two Dimensional Nonnegative Sparse Partial Least
Squares for Face Recognition

Bu Wenbin®, Yang Dan®, Huang Sheng®., Ge Yongxin®, Zhang Xiaohong®
(a. College of Mathematics and Statistics; b. School of Software Engineering;

c. College of Computer Science, Chongqing University, Chongqing 401331, P. R. China)

Abstract: Partial least squares (PLS) algorithm has been widely used in face recognition recent years, but the improved
algorithm of PLS did not consider both the constraint of nonnegative and sparsity to improve the recognition accuracy and
robustness. To take over these disadvantages, the paper proposes a novel approach to extract the facial features called Two-
dimension Nonnegative Sparse Partial Least Squares (2DNSPLS). The main idea of the approach is grabbing the local features
via adding the constraint of nonnegative and sparse to 2DPLS, which make the approach gain not only the advantages of 2DPLS,
incorporating both inherent structure and category information of images, but also the local features, having nonnegative
interpretability and sparsity. For evaluating the approach’s performance, a series of experiments are conducted on two famous
face image databases Yale and PIE face databases, which demonstrate that the proposed approach outperforms the state-of-art
algorithms and has good robustness to occlusion.
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