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Flood disaster information extraction and change analysis
of remote sensing images based on improved SwinU-Net
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Abstract; The extraction of information from images using remote sensing technology is an important
means of detecting changes in surface information, and it plays a significant role in monitoring and
post-disaster assessment of urban flood disasters. In the process of extracting surface information
from high-resolution remote sensing images, there are issues with the baseline SwinU-Net network
such as insufficient accuracy, unclear extraction of object edges, and incomplete extraction of small
objects. To address these problems, a surface information extraction method based on an improved
SwinU-Net network is proposed, and it was validated through experiments on remote sensing image
information extraction during the heavy rain and flood disaster in Henan Province, China in July 2021.
The experimental results demonstrate that this method outperforms the baseline SwinU-Net extraction
method as well as several other deep learning methods, thereby improving the classification accuracy
and effectively achieving flood disaster information extraction.
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