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The flow chart of the proposed band selection algorithm
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Abstract: There are a lot of redundant information in hyperspectral images. Band selection is an

effective method to reduce redundancy and reduce spectral dimension. A new band selection algorithm

for hyperspectral image based on context multi-dictionary learning is proposed. Under this new

algorithm, each band image can be approximately represented by a linear combination of other band

images, and adjacent band images have similar properties. Using the sparse solution method, the

weight of each band corresponding to the whole original image is obtained, and bands can be selected

by their weights. Experimental results show that the proposed algorithm has better performance than

other band selection algorithms.

Key words: hyperspectral images;band selection; sparse representation





