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Water body information extraction method for remote sensing images
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Abstract: Aiming at the problems of weak ability to extract detailed water bodies and large loss of im-
portant features in current water body information extraction from remote sensing images, this paper
proposes a method to extract water body information from remote sensing images using an improved
U-Net network. The method firstly deepens the traditional U-Net network architecture by introducing
the Resnet residual convolution module to improve the feature mining ability, and introduces the Res-
path residual connection module to reduce the semantic gap in the skip connection process, while in-
troducing the PSConv multi-scale convolution module and Eca effective channel attention mechanism
module to improve the network feature learning ability, and constructs the PS-Eca-Multiresunet net-
work model to compensate for the shallow feature loss problem that exists in general networks., The
dataset of 2020 GEOVIS Cup Gaofen Challenge on Automated High-Resolution Earth Observation Im-
age Interpretation is selected for the experiment. The results show that the average intersection ratio

of water extraction by this method is 9. 08 higher than that of the traditional U-Net network model,
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and the precision of image elements is 7. 4% higher than that of the traditional U-Net network model.

The improved network extraction results can effectively avoid the influence of shadows, improve the

extraction accuracy of detailed water bodies, and achieve high-precision extraction of water body infor-

mation from remote sensing images.

Key words: water body extraction; deep learning; multi-scale convolution; effective channel attention

mechanism; Multiresunet network
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