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Fig.1 Improved deep convolutional neural network
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Tab.1 Comparison of convolution operation parameters
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Fig.5 Island remote sensing image
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A method for identification of island by improving deep convolutional neural
network

WANG Zhenhua', QU Nianyi', ZHONG Yuanfu', HE Wanwen', SONG Wei', HUANG Dongmei’
(1. College of Information Science, Shanghai Ocean University, Shanghai 201306, China; 2. Shanghai University of Electric
Power, Shanghai 200090, China)

Abstract: Remote sensing technology has been widely applied in island identification in recent years, but the
automatic identification method for island identification has several problems, such as low precision and poor
timeliness. Because of these problems, a method for rapid identification of island by improving deep
convolutional neural network ( DCNN) was proposed. The improved method contains two aspects. Firstly,
adding a 1 x 1 convolution kernel as the bottleneck unit in the convolutional layer, it reduced the dimension of
remote sensing images. Secondly, a resampling method has introduced in the pooling layer to perform feature
compression on the target features. Taking 300 scenes of Landsat-8 remote sensing image as an example data,
the improved method was compared with CNN model and RCNN model by identifying the islands. The results
showed that the improved method reduced the computational time of island identification and improved the
accuracy of island identification. Based on the experimental results, the model is more suitable for automatic
island identification of remote sensing images.

Key words: deep convolutional neural network; remote sensing image; island identification; convolution

operation
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