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Abstract: The commonly used manual interpretation method requires a lot of human resources, high cost and long time period. To solve these

problems, we carried out the classification of typical feature elements in key areas of Chengdu based on the deep learning network model of visu-

al Transformer. Then, we intelligently extracted the distribution of eight feature elements such as farmland, forest, road, greenhouse and water

body, and optimized the classification result of building by regularization algorithm. The experimental results show that the classification accura-

cy of this method reaches 84.25%, which is higher than U-Net, HRNet and DeeplabV3+, and the classification time for key areas in Chengdu of

about 6 400 km’ is about two hours, which has high efficiency and accuracy, and can meet the demand of monitoring terrain objectof key area in

Chengdu with high efficiency, large scale scope and high frequency.
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