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Fig.1 Local image of final remote sensing image annotation
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Tab.2 Segmentation results of NDWI and U — Net semantic segmentation methods
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Tab.3 Segmentation results of based ResNet101 segmentation network compared with the previous experimental results
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Water information extraction from high — resolution remote sensing images
using the deep — learning based semantic segmentation model

SHEN Jun’ ao', MA Mengting’, SONG Zhiyuan', LIU Tingzhou', ZHANG Wei'~?
(1. School of Software Technology, Zhejiang University, Ningbo 315048, China; 2. School of Computer
gy ang Y g p
Science and Technology, Zhejiang University, Hangzhou 310027, China)

Abstract; Water information extraction is an important study direction in the application of high spatial resolution
remote sensing images. Conventional recognition methods only focus on the shallow features of water. Therefore, to
further improve the robustness of water information extraction algorithms and increase the segmentation precision by
extracting more deep information from remote sensing images, this study proposed a water classification method
using the semantic segmentation model based on deep learning. First, deep neural networks were used to mine the
information from high — resolution remote sensing images. Then, attention modules were used to integrate the deep
information with the shallow features such as shape, structure, texture, and hue. Based on the integrated
information, a new deep semantic segmentation model with higher precision and prediction efficiency than existent
models was built. Finally, the ablation experiment was conducted to compare with conventional recognition methods
and common semantic segmentation models. The experiment demonstrates that the proposed algorithm model yields
higher overall precision and efficiency than previous methods and that the algorithm parameters are easy to set and
less human intervention is required in the model. This study proved the accuracy and efficiency of deep learning
and attention mechanism on water information extraction from high — resolution remote sensing images. Moreover,
this study provided a possible solution for the segmentation of high — resolution remote sensing images using the
deep learning method and explored the future prospect of the solution.

Keywords: semantic segmentation; multi — scale; remote sensing image; full convolutional network; attention

mechanism
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