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Self-representation and grouping effect for subspace clustering
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Abstract: To solve the issues that previous clustering methods are sensitive to noise and fail to consider the correlations among
samples, a subspace clustering algorithm was proposed by taking the correlations among samples into account, so that the simila-
rity matrix of the proposed clustering method preserved the structure of subspace. An /,,-norm was utilized to represent each
sample by training samples. The grouping effect of the data was designed to ensure that the coefficient of close samples was simi-
lar, aiming at generating a diagonal block self-representation coefficient matrix. An affinity matrix was obtained for conducting
spectral clustering. Experimental results on datasets such as Hopkins155 indicate that the proposed algorithm significantly out-
performs the state-of-the-art methods, such as SRC and SSC.
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