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Abstract

Accurate and automated flood information extraction is essential for flood disasters emergency and relevant task. In

this research, a high precision and automatically flood segmentation method is proposed to overcome the insufficiency of

traditional threshold method. First, features which are beneficial to highlight water body information are extracted from

Sentinel —1 radar images and are fused with the original radar data. Then, deep learning models such as U—Net network and

HRNet are constructed, and SenlFlood11 benchmark dataset are training and evaluated. Finally, the trained model is applied to

Sentinel —1 images under real flood events. The results shown that extraction accuracy of HRNet deep learning model under

independent test dataset is 91% ., which also indicate strong generalization ability and provide near — real — time flood mapping

services in real flood events.
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