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The Sparse Dimensional Reduction Based on

Globality-Locality Preserving Projection

JIANG Lin' FANG Xiaozhao’ TENG Shaohua'”
(1. School of Computers Guangdong University of Technology Guangzhou Guangdong 510006 China;

2. School of Automation Guangdong University of Technology Guangzhou Guangdong 510006 China)

Abstract: The globaldocal structure preserving sparse projection model ( GLSPP) is proposed in this paper. The

global structure of the projection data is preserved by linear reconstruction of the projection data thus preserving the

global information of the projection data. By constraining the similarity between reconstruction coefficient matrix and

similarity matrix the consistency of global preserving data and local preserving projection data is maintained. At the

same time sparse constraints to the reconstruction coefficient matrix and similarity matrix are applied to retain the

main information in order to reduce the interference of redundant information. Experimental results on four face and

object datasets show that the proposed algorithm has good classification accuracy.

Key words: locality preserving projection; linear reconstruction; sparse constraint; dimensionality reduction



