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Semantic segmentation and mapping of urban water bodies based on high-resolution

remote sensing images:a case study in Chengdu, China

WANG Tingting, CHENG Xi, LI Bin, WANG Yingchen, SONG Zeyi, MENG Likang
(Chengdu University of Technology College of Geophysics, Chengdu 610059, China)

Abstract: Urban water bodies are critically crucial for urban planning and development, underscoring the need for rapid and precise
acquisition of urban water body information. Typically, the large-scale water body extraction is achieved using low- to medium-
resolution remote sensing images. However, detecting edges and extracting smaller water bodies necessitate high-resolution remote
sensing images. For this purpose, a high-resolution remote sensing image dataset has been developed for urban water bodies in
Chengdu. The dataset employs a semantic segmentation approach using the SegFormer model, which integrates an attention
mechanism. Experimental results validate the efficacy of combining this dataset with the model for large-scale extraction of urban water
body information, achieving extraction accuracy rates exceeding 96%. This study demonstrates potential applications in extracting and
mapping water bodies across other extensive regions, serving as a benchmark for different methods that utilize high-resolution remote

sensing images to extract large-scale water body information.
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