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Abstract: High-precision extraction of river boundaries in Synthetic Aperture Radar (SAR) images is of great
significance in monitoring rivers. In this paper, the detection of the health of the Yellow River after the
rainstorm in 20 July, 2021 in Zhengzhou is the focus of this paper. The refined-Lee filtering concept and the
filtering characteristics of the convolution operation are combined, and an optimized internal weight
convolution kernel Refined-Lee Kernel is proposed according to the geometric characteristics of the river
channel. A novel river extraction deep neural network model, the River-Net, is also proposed. To verify the
effectiveness of the proposed model, this article utilized 20 m resolution Interferometric Wideswath (IW) image
data obtained from the European Space Agency Sentinel-1 satellite before and after the 20 July rainstorm in
Zhengzhou, employing the images before the rainstorm to train the model. The model, after training, was used

to extract the Yellow River channel and analyze the rise of the river after the rainstorm. Experimental results
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show that the proposed model can extract river channels from SAR images more accurately than trendy

semantic segmentation models. The model has important application value for flood disaster detection and

evaluation.

Key words: Synthetic Aperture Radar (SAR); Refined-Lee Kernel; Refined-Lee filter; Neural network; River

channel extraction
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Fig. 9 Comparison with segmentation results of different networks

& 2 NEIGFRTN

Tab. 2 Evaluation of segmentation results

Algorithms/Models Precision (%) Recall (%) IoU (%) Fl-score (%)
OTSU 93.05 84.74 81.99 88.70
EIWIRI K-means 95.10 87.18 86.67 90.97
ACM 92.08 84.08 81.99 87.90
U-Net 95.70 91.03 88.00 93.30
U-Net+RLK 96.22 93.18 91.92 94.68
DeepLab 95.42 91.13 89.40 93.23
RBES 2] PSPNet 96.06 92.73 90.04 94.36
PSPNet+RLK 97.17 93.24 93.36 95.16
River-Net without RLK 96.33 93.36 91.03 94.82
River-Net 97.32 94.40 92.93 95.84
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Fig. 10 Part extraction results of the Yellow River before and after the Zhengzhou 7-20 rainstorm
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