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Extraction of wine grape planting information based on deep transfer learning
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Abstract .

In order to exiract the wine grape planting information of the eastern foot of Helan mountain by using re-

mote sensing, a method based on deep transfer learning was proposed. On the basis of fully convolutional network (FCN) ,
this method used the GF-2 remote sensing data to collect the sample data for the information extraction training. The trained
network model was transferred to the FCN model by using the transfer learnin method. It was initialized in the network model
to avoid over-fitting problem. The accuracy rate of its network training validation set was as high as 88. 16%, which was
7. 17 percentage points higher than that of traditional deep learning methods. The results showed that the accuracy rate of

wine grape planting information extraction based on deep transfer learning at the eastern foot of Helan Mountain could reach

91.93%, and the recall rate reached 91. 15%.
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Fig.1 Framework of high-resolution remote sensing image classification algorithm for grape growing areas based on deep transfer learning
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Fig.3 Part of the label data set after data enhancement
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Fig.2 Partial image data set after data enhancement
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Fig.4 Framework of grape growing area classification algorithm based on fully convolutional network ( FCN)
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Fig.5 Original image for prediction
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Fig.6 Label data with manual visual interpretation
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Fig.7 Label data with network prediction
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