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Abstract: In order to meet the needs of scientific management of islands and coasts as well as ex-
plore the application potential of SAR in islands and coasts feature information extraction, the
paper summarized the principles of SAR and convolution neural network, and analyzed the feasi-
bility and advantages of convolution neural network in SAR remote sensing islands and coasts fea-
ture information extraction. The results showed that the convolution neural network could auto-
matically extract more essential and abstract features in SAR image without extracting image fea-
tures in advance. It could better deal with the nonlinear mixing of ground objects. This method

had higher accuracy, stronger robustness and generalization ability. It could be applied to the fine
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monitoring of islands and coasts, and then provided support for the scientific management of

islands and coasts.

Keywords: Satellite remote sensing, Ground objects’ information, SAR, Convolutional neural net-

works,Deep learning
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