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Abstract When the basic non-negative matrix factorization is applied to image clustering, the processing of abnormal points is
not robust enough and the sparsity is poor. In order to improve the sparsity of the factorized matrix,the L,,; norm is introduced
into the basic non-negative matrix factorization,and the basic non-negative matrix factorization model is improved to achieve spar-
sity and improve the performance of the algorithm. At the same time,in order to reduce the correlation between the features and
enhance the independence of the features of the non-negative matrix factorization model, the cosine similarity is introduced,and a
sparse non-negative matrix factorization algorithm based on cosine similarity is proposed. The algorithm has significant advanta-
ges in high-dimensional data processingand feature extraction,and can improve the discrimination accuracy of the algorithm in ima-
ge clustering. The experimental results show that the proposed new algorithm outperforms the traditional non-negative matrix
factorization algorithm in a series of evaluation indicators.
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