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DEM Generation Method Based on Deep Learning Intelligent Interpretation
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Abstract: At present, deep learning technology has greatly improved the automatic processing ability of remote sensing data. For the extraction

of height reduction area in the production process from DSM to DEM, we adopted U-Net model of deep learning semantic segmentation to real-

ize the automatic extraction of height reduction area. At the same time, we constructed a sample classification system for DEM production,

formed a standardized sample labeling technology method and DEM production technology flow after optimization, and tested the practicability

of this method in the DEM production practice. The result shows that this method can get better classification results in the scene with clear sur-

face landscape and high ground object identifiability, and the classification accuracy can reach 0.952. Compared with the traditional height reduc-

tion area extraction method of manual sketching or map by map supervised classification, the overall DEM production efficiency assisted by deep

learning intelligent interpretation can be improved by 20%~30%, and ensure the coordination and consistency of regional scale DEM products,

which has important practical value.
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