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Abstract

The characteristics of the vast and diverse waters in the country make it difficult to realize efficient
monitoring and management manually. Modern information technology has potential for improving
the efficiency of water management greatly. Watershore segmentation is the key technology for wa-
ter management informatization. Traditional watershore segmentation algorithms rely on manual
feature extraction and need to adjust parameters for specific environments, which can’t be used in
watershore segmentation in a variety of weather conditions and in complex inland river scenarios
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due to its poor environment adaptability. Compared with traditional methods, learning-based me-
thods are more adaptable to different environments. In this paper, U-Net is used for the water bank
segmentation, which is a deep learning method. The spatial attention module is introduced to ad-
just the feature weights of different spaces, and the image processing method is used to simulate
the rain and fog in the environment for data enhancement. The experimental results show that the
model segmentation MIoU is 97.60%, which is significantly improved compared with the existing
algorithm. The proposed model maintains high accuracy even in extremely challenging environ-
ments, having the property of impressive environmental adaptability compared with the tradition-
al algorithm.
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Figure 1. U-Net architecture with SE module
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Figure 2. SE module
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Figure 3. Data argument sample
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Figure 4. MIoU during training
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Table 1. Background and frontground MIoU of different models
F 1. NEHEEE RMETR MloU
it GRS GBS 1
DeepLab v3+ 96.09% 93.47% 94.01%
PSPNet 96.87% 95.02% 95.94%
Improve PSPNet 97.59% 96.14% 96.87%
U-Net 95.12% 96.02% 95.69%
SE-U-Net 97.10% 97.60% 97.41%
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Figure 5. MIoU under the influence of rain and cloud
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