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Abstract: The spatial characteristics of lake water bodies and non-water body spectra are easily confused, and traditional water body extraction

methods are difficult to meet the needs of rapid and high-precision water body remote sensing mapping. To address this issue, we used

lightweight convolutional neural network image classification model and semantic segmentation model to construct a water automatic extraction

model (AWEM) at first. Then, we used river and wetland databases and morphological post-processing method to remove information such as

rivers and wetlands. Finally, we extracted and analyzed the lakes in the plain lake area of eastern China. We tested AWEM in three highly

heterogeneous scenarios. The results show that the accuracy of AWEM achieves over 95.28%. The model has high efficiency and can be used for

high-precision extraction of surface water in complex areas. The study can provide reference for lake surveying and mapping in lake areas with

medium and high spatial resolution.
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