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Graph self-representation for sparse feature selection
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Abstract: To solve the issues that high-dimensional data are hardly used in applications, a feature selection method using the
self-representation of samples to remove the redundant and irrelevant features was proposed. The self-representation of samples
was used to estimate the correlation among features in a sparse feature selection framework, and also locality preserving projec—
tion (LPP) was employed to preserve the local structures of samples. The experimental results on real datasets show that the
proposed method outperforms state-of-the-art methods.
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