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Abstract This paper proposed a new nonnegative matrix factorization of online form ,namely online learning nonnega-

tive matrix factorization(OLNMF). The OLNMF algorithm uses incremental forms of non-smooth model, and adopts
“anmesic average method” to control the weight of new and old samples,improving the computational efficiency and re-
ducing the computational complex. OLNMF algorithm can deal with large real-time update data sets,and extract more
sparse base matrix. Compared with INMF, ONMFO, Lp-INMF, experiments on face databases show that the proposed

method achieves better sparsity,and SVM classification method base on OLNMF achieves better classification accuracy

on EEG database.
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