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Abstract: Objectives: Recently, it is gradually becoming important to timely monitor the accurate distribu-
tion and change of water resource on the earth due to the shortage of water resource globally. Water extrac-

tion from remotely sensed image not only is able to provide data support for water ecosystem analysis and
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risk prediction, but also can alleviate the currently serious ecosystem environment and contribute to sustainable
development of water resource and environment protection. Because of its powerful feature representation,
deep learning has an important influence on computer vision and image recognition domains. Fully convolu-
tional networks (FCN) is the first end—to—end fully convolutional network for image pixel-wise prediction
and starts the image semantic segmentation. Hereafter, other variants of image semantic segmentation
based on FCN are also put up. However, the border region between water and land is still misclassified during
water extracting based on FCN or its variants. Therefore, we put up water extraction of high spatial resolu-
tion remotely sensed image fusing scale attention mechanism based on squeeze—and—-excitation weighted
FCN (SE-wFCN). Methods: We utilize GF-1 remotely sensed image to do some experiments by comparing
with FCN and its variants. The proposed method has the following contribution of three aspects: (1) In or-
der to take advantage of attention mechanism, this method applies it to features of different scales and then
fuses those features more reasonably and more scientifically to reduce the possibility of misclassification of
water pixels as far as possible. (2) Due to the model complexity of FCN and its possibility of overfitting, we
add one auxiliary classifier module to FCN model as one branch during the training phase, which is able to
help to reduce the possibility of overfitting. (3) Considering that the border pixel’s position between water and
land 1s very important to water extraction and the position information is actually ignored when computing the
loss during training phase, we pay more attention to the border pixel by putting more weight in the loss func-
tion. Results: Experimental analysis shows that the proposed method is feasible and effective. Conclusions:
It can achieve the more satisfying of water extraction than these current popular deep learning models (i.e.
DeepllLabV3, U-Net, U2Net, MECNet, MSResNet and SADA-Net), especially in the border between
water and land.
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learning
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Table 1 Performance Comparison of Different Methods
VR 2 R SRS EENTIES T % F1453 % Kappa 2 %X mloU MAE i F R AL
DeepLabV3 0.960 6 0.988 6 0.966 3 0.977 3 0.826 4 0.847 8 0.039 4 0.9712
U-Net 0.904 0 0.8158 0.6247 0.707 6 0.6513 0.719 4 0.096 0 0.764 4
U2Net 0.964 2 0.768 5 0.919 9 0.837 4 0.817 4 0.840 4 0.0358 0.039 3
FCNO 0.955 6 0.9757 0.9727 0.974 2 0.816 3 0.838 5 0.044 4 0.967 1
FCN1 0.9615 0.987 7 0.968 1 0.977 8 0.833 3 0.8520 0.038 5 0.972 4
FCN2 0.964 7 0.988 3 0.9711 0.979 6 0.839 4 0.863 9 0.035 3 0.974 8
SE-wFCN 0.973 4 0.990 0 0.979 3 0.984 6 0.887 8 0.896 6 0.026 6 0.980 7
MECNet*? 0.947 4 0.838 6 0.855 4 0.847 0
MSResNet* 0.954 3 0.8529 0.880 5 0.866 5
SADA-Net™! 0.961 8 0.853 6 0.920 3 0.885 7
x2 MEEMEFEITL
Table 2 Comparison of Network Structure Complexity
TR 25 2] BT BT LRIT R IEE SRk /(10°4) Y2t a] /s W 8] /s RN/ MB
DeepLabV3 41.994 3 33.264 8 41 11 336.4
U-Net 7.755 4 4.3180 16 1 34.6
U2Net 28.828 2 43.995 5 20 9 528.7
FCNO 19.524 1 18.643 7 19 6 74.6
FCN1 20.430 1 19.307 6 19 6 78.6
FCN2 21.994 3 20.264 8 20 6 82.9
SE-wFCN 21.994 3 20.264 8 20 6 82.9
3 & iE I, #5 b DeepLabV 3 Fl U2Net A1 5 K 1y {35
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P, 7E FON 5| A B 43 28 85 A He gk — 25 B IR IR
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B FZ BRI T AR A ACE , 515 FCON A T 4
Hb 27 2] K B 1 AR A B E— 25 Hb AR K AR
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wECN A AL AT DLk — 25 R Ik 4805 09 7T BB 1, i
LT RAAE 7K il i 55 Kb 2 33 51 58 4 45 SRR AE 45
7K A $2 B mIoU b DeepLabV3 A1 U2Net 43 %)
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MMi , SE-wFCN 7 K B A1 20% 5 1 B T 8 41
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