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Abstract

Aiming at the problems of non-negative matrix unmixing model, such as easy to fall into the local
minimum, being greatly affected by noise, and low unmixing accuracy in the case of “foreign mat-
ter having the same spectrum” end elements in mixed pixels, etc., in this paper, a non-negative
matrix factorization algorithm (DLGNMF) based on minimum distance and regular constraints of
sparse graphs is proposed. The algorithm combines spatial information with spectral information.
In the objective function, the constraint of minimizing the distance of a single body is introduced
as the constraint condition of the end-member. The sparsity constraint and graph regularization
constraint are taken as the constraints of abundance, which ensure the global sparsity and local
similarity of the end-member distribution in the hyperspectral image, solve the problems of
non-negative matrix model and improve the accuracy of solution unmixing.
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Figure 1. Algorithm flow chart
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Figure 2. Endmember spectral curves of five minerals
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Table 2. Results of kaolinite#1 and kaolinite#2 under different algorithms
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Figure 6. Comparison of spectral curves of kaolinite#1 and kaolinite#2 obtained with real endmembers
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Table 3. SAD and values obtained by different algorithms for this region
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