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Weakly supervised deep semantic segmentation network for water body
extraction based on multi-source remote sensing imagery
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Abstract: Objective Water body detection has shown important applications in flood disaster assessment, water resource
value estimation and ecological environment protection based on remote sensing imagery. Deep semantic segmentation net-
work has achieved great success in the pixel-level remote sensing image classification. Water body detection performance
can be reasonably expected based on the deep semantic segmentation network. However, the excellent performance of deep
semantic segmentation network is highly dependent on the large-scale and high-quality pixel-level labels. This research
paper has intended to leverage the existing open water cover products to create water labels corresponding to remote sensing
images in order to reduce the workload of labeling and meantime maintain the fair detection accuracy. The existing open

water cover products have a low spatial resolution and contain a certain degree of errors. The noisy low-resolution water
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labels have inevitably affected the training of deep semantic segmentation network for water body detection. A weakly super-
vised deep learning method to train deep semantic segmentation network have been taken into consideration to resolve the
difficulties. The optimization method to train deep semantic segmentation network using the noisy low-resolution labels for
the high accuracy of water detection has been presented based on minimizing the manual annotation cost. Method In the
training stage, the original dataset has been divided into several non-overlapped sub-datasets. The deep semantic segmenta-
tion network has been trained on each sub-dataset. The trained deep semantic segmentation networks with different sub-
datasets have updated the labels simultaneously. As the non-overlapped sub-datasets generally have different data distribu-
tions, the detection performance of different networks with different sub-datasets is also complementary. The prediction of
the same region by different networks is different, so the multi-perspective deep semantic segmentation network can realize
the collaborative update of labels. The updated labels have been used to repeat the above process to re-train new deep
semantic segmentation networks. Following each step of iteration, the output of the network has been used as the new labels.
The noisy labels have been removed with the iteration process. The range of truth value of the water has also be expanded
continuously along with the iteration process. Several good deep semantic segmentation networks can be obtained after a few
iterations. In the test stage, the multi-source remote sensing images have been predicted by several deep semantic segmen-
tation networks representing different perspectives and producing the final water detection voting results. Result The multi-
source remote sensing image training dataset, validation dataset and testing dataset have been built up for verification. The
multi-source remote sensing imagery has composed of Sentinel-1 SAR ( synthetic aperture radar) images and Sentinel-2
optical images. The training dataset has contained 150 000 multi-source remote sensing samples with the size of 256 x256
pixels. The labels of the training dataset have been intercepted with the public MODIS ( moderate-resolution imaging spec-
troradiometer ) water coverage products in geographic scale. The spatial resolution of the training dataset is low and contains
massive noise. The validation dataset has contained 100 samples with the size of 256 x 256 pixels and the testing dataset
have contained 400 samples with the size of 256 x 256 pixels, and the labels from the validation and testing datasets have
accurately annotated with the aid of domain experts. The training, validation and testing datasets have not been overlapped
each and the dataset can geographically cover in global scale. Experimental results have shown that the proposed method is
convergent, and the accuracy tends to be stable based on four iterations. The fusion of optical and SAR images can improve
the accuracy of water body detection. The ToU (intersection over union) has increased by 5.5% compared with the tradi-
tional water index segmentation method. The loU has increases by 7.2% compared with the deep semantic segmentation
network directly using the noisy low-resolution water labels. Conclusion The experimental results have shown that the cur-
rent method can converge fast, and the fusion of optical and SAR images can improve the detection results. On the premise
of the usage of the noisy low-resolution water labels, the water body detection accuracy of the trained multi-perspective model
is obviously better than the traditional water index segmentation method and the deep semantic segmentation network based
on the direct learning of the noisy low-resolution water labels. The accuracy of the traditional deep semantic segmentation
method is slightly lower than that of the traditional water index method, which indicates that the effectiveness of deep learn-
ing highly depends on the quality of the training data labels. The noisy low-resolution water labels have reduced the effect of
deep learning. The effect of the proposed method on small rivers and lakes has been analyzed. The accuracy on small rivers
and lakes has decreased slightly. The result has still higher than the traditional water index method and the deep learning
method with the direct training of the noisy low-resolution water labels.
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Fig.2  Visual labels of datasets( (a)training set; (b) validation set; (¢ ) testing set)
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Table 1 Accuracy comparison of three methods
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Fig.7 Comparison of water detection results with different methods( (a)optical RGB image; (b) SAR VV polarization;
(¢)SAR VH polarization ; (d) ground truth; (e) NDWT; (f) prediction of U-Net; (g) ours)
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Table 2 Accuracy comparison of three

methods for small water body
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Fig.8 Comparison of detection results of fine water by different methods( (a)optical RGB image; (b) SAR VV polarization;
(¢)SAR VH polarization; (d) ground truth; (e) NDWI; (f) prediction of U-Net; (g) ours)
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