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Abstract: In order to solve the problem of water resource monitoring in southwest areas, we proposed a water body extraction method based on
SegeFormer, combining the near infrared band of remote sensing image with the pre-processing of linear stretching and gamma transformation of
multi-source remote sensing images. We introduced the attention mechanism to extract the semantic information of water at different resolutions,
which could achieve high-precision pixel-level segmentation of water, thus quickly and automatically monitoring the water resource distribution
in the southwestern areas. Taking Mianyang, Sichuan as the experimental area, we used national basic geographical information data to build
multi-source remote sensing image sample dataset for training, and carried out water extraction of the domestic remote sensing satellite images in
the experimental area. The results show that the highest accuracy rate is 95.6%, the recall rate is 97%, and the IoU is 0.929, which illustrating this
method has better accuracy and robustness than other methods in water extraction.
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