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Abstract: Aiming at the problem that hyperspectral unmixing based on ‘Won-negative Matrix Factorization (NMF) is easy
to fall into local minimum and greatly affected by initial value, a lifiearinmixing algorithm based on Sparse and Orthogonal
constrained Non-negative Matrix Factorization ( SONMF) was proposed. Firstly, based on the traditional NMF hyperspectral
linear unmixing method, the physical and chemical propefties 6fthe hyperspectral data was analyzed. Then the sparsity of the
abundance and the independence of the endmemberisgere combined together, two methods of Sparse Non-negative Matrix
Factorization ( SNMF) and Orthogonal Non¢négative Matrix Factorization ( ONMF) were combined and applied into
hyperspectral unmixing. The experiments on simulation data and real data show that, compared with the three reference
unmixing algorithms of Vertex Component Analysis ( VCA), SNMF and ONMF, the proposed algorithm has improved the
performance of linear unmixing, in which the Spectral Angle Distance ( SAD) is reduced by 0. 012 to 0. 145. SONMF can
combine the advantages of the two constraints to make up for the lack the expression of hyperspectral data by traditional NMF
based linear unmixing methods, and achieve good results.
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