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Feasibility analysis of convolutional neural networks in remote sensing sea ice
classification

CUI Yan-rong', ZOU Bin"?, HAN Zhen', SHI Li-jian’, LIU Sen’
(1.College of Marine Science, Shanghai Ocean University, Shanghai 201306, China; 2 .National Satellite Ocean Application Service, Beijing 10081
China; 3. Key Laboratory of Space Ocean Remote Sensing and Application, State Oceanic Administration, Beijing 100081 China)

Abstract: This paper analyzes the traditional methods of sea ice monitoring and classification based on satellite
remote sensing, and the application results of convolutional neural network in remote sensing image classification
and recognition. Moreover, the convolutional neural networks algorithm, which has been successfully used in
image recognition and language detection, is applied to the classification of sea ice images, and to solve the
issues of sea ice data classification based on its simple network structure, capability in coping with nonlinearity
and parallel computing.

Key words: satellite remote sensing; sea ice classification; application; convolutional neural networks; deep
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