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Hyperspectral Remote Sensing Image Classification Method Based on SSAE
Deep Learning Feature Representation

Shang Hongtao, Shi Guoliang
(Bussiness School, Hohai university, Nanjing 211100, China)

Abstract: Aiming at the classification problem of hyperspectral data in remote sensing images, a hyperspectral remote sensing im-
age classification method based on the deep learning feature representation by stacked sparse auto— encoder (SSAE) is proposed.
First, the spectral data samples are pre— processed and normalized. Then, it is input into the SSAE for feature representation learn-
ing, and the grid search is used to obtain the optimal network parameters, thereby obtaining a valid feature representation. Finally,
the input image features are classified by the support vector machine (SVM) classifier, and finally the pixels in the remote sensing im-
age are classified. Experimental results on two standard datasets show that this method can achieve accurate hyperspectral landmark
classification.
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