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FEATURE SELECTION ALGORITHM WITH ROBUST SELF-REPRESENTATION
BASED ON SPARSE LEARNING

He Wei' Liu Xingyi®  Cheng Debo' Hu Rongyao'
!( Guangxi Key Lab of Multi-source Information Mining and Security Guangxi Normal University Guilin 541004 Guangxi China)
2( Qinzhou University Qinzhou 535000 Guangxi China)

Abstract Inspired by the high efficiency of feature selection in dealing with high-dimensional data and the success application of low—rank
self—representation in subspace clustering we proposed a sparse learning-based self-represented feature selection algorithm. The algorithm first
represents every feature in other feature linearity to obtain the selfrepresentation coefficient matrix; then in combination with sparse learning
theory ( i. e. to integrate the L, ,-norm as a sparse regularisation punishment object function) it implements feature selection. With the
evaluation indexes of classification accuracy and variance and compared with the algorithms to be contrasted experimental results indicated

that the proposed algorithm could be more efficient in selecting important features and showed excellent robustness as well.
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