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Abstract: In this paper, we considered DSM as a single channel image, the woodland area as a hollow area, and the elevation reduction process
as an image restoration process. Firstly, we used the HRNet-OCR deep learning model to identify woodland areas through training and reasoning,
and constructed the training samples and classification information of elevation reduction model. Then, we trained and iterated the RFRNet deep
learning model to form an automatic height reduction model for automatic height reduction. Finally, we used the elevation normalization algo-
rithm to unify the area to be reduced and the training data to the same elevation plane, and added the elevation value correction to form the final

automatic height reduction result. The results show that deep learning can achieve automatic height reduction of DSM forest, and the results of

height reduction will generate more alternative ranges, which can be applied to DEM project production.
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