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Abstract; In order to solve the problem of dimension illness in classification of high-dimensional data, dimensionality reduc-

tion is a key approach in pretreatment. Feature selection based on sparse representation is one of the hottest research topics re-

cently. In the face of the nonlinear problem, this paper motivated by kernel trick, nonlinear data was mapped into kernel space

in which the nonlinear similarity of the features could be captured and reconstructed by sparse representation to get concision

expression of original data in kernel space. Then it designed evaluate mechanism to select excellent feature subsets. As the nat-

ural discriminative power of sparse representation, “good” feature which preserved the original structure would be selected so

that feature selection could reduce computational complexity and improve precision. The results of experiment in standard UCI

data sets show that the performance compare with similar algorithms improves about the average of 5% .
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