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Classification of Hyperspectral Image Based on Sparse Representation and Bag of Words
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Abstract To enhance representation ability of the sparse dictionary for hyperspectral image classification using sparse
representation and make full use of spectral information and spatial information of hyperspectral image,a novel hyper-
spectral image classification method based on sparse representation and bag of words was proposed. First, some profes-
sional dictionaries of each class are generated by bag of words algorithm based on the hyperspectral remote sensing im-
age dataset, and the sparse representation dictionary is obtained by merging these professional dictionaries, Then, the
sparse coefficient of each pixel is calculated according to the sparse representation dictionary,and the spatial continuity
is used to constraint the coefficient by using the information of its neighborhoods. Finally, the classification of the ob-
jects is determined by computing the minimum reconstruction error of it on each professional dictionary. Experiments on
hyperspectral remote sensing images indicate that the proposed method has better performance,a higher overall accura-

cy and Kappa coefficient than other sparse representation methods and the method based on spectral information respec-
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tively.
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