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[ Abstract] Clouds play a crucial role in the atmospheric dynamics of the Earth, and precise segmentation of ground-based cloud
images is essential for improving the accuracy of weather forecasting. In response to issues such as varying data quality, low data
volume, and different capture angles in existing open-source cloud image datasets, a labeled standard ground-based cloud image dataset
(Cloud-GT) was constructed using manual annotation and transfer learning methods. The color channel component threshold
segmentation method was employed to eliminate sunlight interference. Furthermore, an improved U2Net-based ground-based cloud
image segmentation technique was proposed. The model introduced channel attention modules and depth-wise separable convolution
modules in the feature extraction unit, which greatly reduces the network model parameters while improving the effective feature
extraction of ground-based cloud maps within the network. Finally, comparing and analyzing the method with classical segmentation
networks, experimental results indicated that the method achieved classification pixel accuracy, mean class pixel accuracy, average
intersection over union, intersection over union, and F, score of 84.03% , 90. 88% , 84. 13% , 74. 12% , and 89. 59% , respectively.
In comparison with U2Net, UNet, and FCN, the method demonstrated a significant improvement in performance. In conclusion, the
method not only substantially reduced the model parameters but also effectively enhanced segmentation accuracy, which provides the
possibility of practical application.

[ Keywords] foundation cloud map; image segmentation; U2Net; attention mechanism
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Table 2 Comparison of experimental results
[ 4% ECA DE-Conv P/ % Copn/ % Mp\/% Mo,/ % Rt/ % Toy/ % F,/% K/N/Mb
R x x 97.33 76. 66 86. 56 81.06 90. 19 69.21 87.09 504
Bkl X 2 97.38 80.90 88.49 81.95 89.46 70.55 87.83 59
k2 Vv X 97.77 83.18 89.73 83. 89 91.17 73.92 89. 37 504
ARk VvV vV 97.72 84.03 90. 88 84.13 90. 25 74.12 89.59 59
B VAR R TR RN T IR 5 x FR P4 b R B IZeAs e
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Table 3 Performance comparison of segmented network models
Bk P,/ % Cpp/ % M,/ % Moy /% R/ % Loy /% F\/%
FCN 55.37 24. 28 52.26 31.29 52.93 18. 38 40. 77
UNet 90. 73 65. 85 76. 36 64. 65 80. 25 45.70 72.78
Mobile_UNet 92.51 68. 06 79.23 67.70 80. 06 50. 06 75.49
U2Net 97.33 76. 66 86. 56 81. 06 90. 19 69. 21 87.09
LI EERES 97.72 84.03 90. 88 84.13 90. 25 74.12 89.59
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Fig. 7 Different network segmentation results
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