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Abstract

Accurate and efficient remote sensing image classification is one of the important research contents of remote

sensing image analysis. In recent years.with the development of machine learning technology.,deep neural network has

become an effective processing method for remote sensing image classification. This paper analyzed some problems exi-

sting in remote sensing image classification and the principle structure of several typical deep neural networks. The re-

search status of remote sensing image classification and remote sensing image classification based on deep neural net-

work were introduced,and the trend of deep neural network in remote sensing image classification technology was sum-

marized.
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