ISSN 1004-9037,CODEN SCYCE4 http://sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 32,No. 1,Jan. 2017,pp. 111—118 E-mail: sjcj@nuaa. edu. cn
DOI:10. 16337/;. 1004-9037. 2017. 01. 013 Tel/Fax:+86-025-84892742
© 2017 by Journal of Data Acquisition and Processing

EToBERAFRZNBEEBXSNE X

k% AMNE

(R B TR 22 LR 22 5 TR 24 B » M A, 210094)

B OE: MR E AR SRR, W AR A R AR KW R AL TREH
EHRANKELFEENEA., AL XA THRATT R . BHRETHTEZRANSLEEZRE . FAR4ZFT %
d e R B AT A T R L AR AT AR R AT T B S AR B W Ik (Kernel spar-
sity preserve projection, KSPP), # KSPP 3| A %] s A 48 £ 5 #7 £ % (Canonical correlation analysis,
CCA) IR TATHHRBZEFZY G EAI L 53 H % (Kernel sparsity preserve canonical correlation
analysis, K-SPCCA), £ $ B F BHRMEEF AR BB BB E LS FERT ALRE F R0 TER
Fo By RO

KER: HFERIGEFRE T ;BB REFRZY ;A M X 54

mESES. TPI51 MXERAR SRS A

Canonical Correlation Analysis Algorithm Based on Kernel Sparsity Preserve Projection

Zhang Rong, Sun Quansen

(School of Computer Science and Engineering, Nanjing University of Science &. Technology, Nanjing, 210094, China)

Abstract: The key of pattern recognition is feature extraction. Fusion of feature is an important comple-
ment of feature extraction, and it has been proved to be important to improve discrimination. Here, the
sparse representation method is studied by introducing sparse representation into a high dimensional fea-
ture space and utilizing kernel trick to make sparse representation in the space. The kernel sparse repre-
sentation coefficients with kernel sparse representation are utilized, then kernel sparsity preserve projec-
tion (KSPP) subspace. Moreover KSPP is brought into canonical correlation analysis (CCA), then ker-
nel sparsity preserve canonical correlation analysis (KSPCCA) is studied. The proposed algorithm is reli-
able and validated on the multiple feature database and face database.

Key words: feature extraction; kernel sparse representation; kernel sparsity preserve projection (KSPP) ;

canonical correlation analysis (CCA)
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