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Abstract Using existing methods to extract rivers, especially the small river from remote sensing images, is
liable to be interrupted. The combination of deep learning and multiple chessboard segmentation is applied to river
extraction from high resolution remote sensing images. Three GF-2 satellite remote sensing images in mountain
area, plain and city are used for experiment. The results show that compared with the existing methods, extracted
river by proposed method is more continuous. The small rivers accounts for two pixel widths can also be extracted

in GF-2 satellite remote sensing images.
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Fig. 1 Technology route of river extraction
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Fig. 3 Images to be extracted river network
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Fig. 4 River extracted by two kinds of chessboard segmentation
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