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Abstract: A novel classification algorithm of hyperspectral images based on double channel
temporal dense network is proposed to solve the problem that most existing classification methods
of hyperspectral images cannot extract sufficient information and their classification accuracy is
not high enough. First, the proposed method uses temporal convolutional network and dense
convolutional network to process the spectral information and spatial information of an
hyperspectral image’s data, separately, and then fuses the features extracted by these two
networks. Finally, the merged features are sent to the softmax classifier for classification.
Simulation results on the dataset of the University of Pavia and comparisons with the traditional
hyperspectral image classification algorithm, the spatial hyperspectral image -classification
algorithm and the spectral classification algorithm show that the proposed algorithm effectively
extracts the features of the target from its spatial structure and spectral channel, and its
classification accuracy on the classical dataset reaches 99% , which is 2% to 3% higher than those
of other methods.
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