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Abstract

straints, With the aim to enhance the recognition rate,a method called graph regularized and constrained non-negative

Nonnegative matrix factorization (NMF) is a kind of matrix factorization algorithm under non-negative con-

matrix factorization with sparseness (GCNMFS) was proposed. It not only preserves the intrinsic geometry of data, but
also uses the label information for semi-supervised learning and introduces sparseness constraint into base matrix. Final-
ly,they are integrated into a single objective function. An efficient updating approach was produced and the convergence

of this algorithm was also proved. Compared with NMF, GNMF and CNMF, experiments on some face databases show

that the proposed method can achieve better clustering results and sparseness.
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