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Abstract: To address the issue of poor building extraction performance on the test set by existing segmentation models, we proposed a precise

building extraction method based on segmentation model prompt information. Firstly, we used the segmentation model to roughly extract the

building areas from the original images. Then, we generated the buildings’ target bounding boxes and key points from these areas to serve as

prompt information for the segmentation model. Finally, we guided the precise segmentation of building targets by prompt information. To evalu-

ate the proposed method, we conducted segmentation experiments on multiple remote sensing images. The results show that compared to existing

segmentation methods, this method improves the precision and recall rates from 88.71%, 58.38% to 91.49%, 83.74%, respectively.
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