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Abstract: According to the production and application requirements of land coverage classification data, we used the deep learning semantic segmen-

tation network to automatically classify the land coverage of remote sensing images, so as to improve the production efficiency of land coverage classi-

fication data. Then, we put forward the relevant principles of sample collection, formed a sample dataset for surface coverage classification, studied

the related key technologies based on deep learning semantic segmentation network, constructed the ResNet-UNet automatic classification network

combination, and explored a set of land coverage automatic classification technology process from sample collection, network construction, model

training, model inference and post-processing of classified data. Taking the local area of ZY-3 satellite remote sensing image as the experimental ob-

ject, we used the optimal model after training to carry out the automatic classification experiment and verification of surface coverage. The experimen-

tal results show that the surface coverage automatic classification technology based on the ResNet101-UNet network model can improve the efficien-

cy and accuracy of land coverage classification, and have certain application potential, which can be applied and explored in practical engineering.
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