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Abstract In the field of atmospheric measurement, clouds are the most uncertain factor in atmospheric models, so
accurate segmentation and recognition of cloud image are indispensable. However, due to the stochastic nature of clouds
and atmospheric conditions, challenges exist in the precision and accuracy of cloud image segmentation. To address this
issue, we propose a novel network named CloudHS-Net based on MobileNetV2. This network incorporates a hybrid
concatenation structure, dilated convolutions, and a mixed dilated design, along with an efficient channel attention
mechanism, for practical cloud image segmentation. The performance of the network is thoroughly evaluated on the
SWIMSEG and HHCL-Cloud datasets through comparative tests with other advanced models, providing insights into the
network’s performance and the roles of its various components. Experimental results demonstrate that the efficient channel
attention and hybrid concatenation structures effectively enhance the segmentation performance of the model. Compared to
current advanced ground-based cloud image segmentation networks, CloudHS-Net excels in the task of sky cloud image
segmentation, achieving an accuracy of 95.51% and mean intersection over union (MIoU) of 89. 86% . The model reduces
disturbances originating from atmospheric environment, such as sunlight, pay stronger attention to cloud. This leads to
enhanced precision in cloud image segmentation, allowing for a more accurate capture of cloud coverage status and the
experimental results show that the method is feasible.
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Table 1 Segmentation results of cloud images by different

methods unit: %
o F1- Error
Method Precision Accuracy Recall MIoU

score rate

K-means 90.53  83.19 77.25 83.36 16.81 71.48
Otsu 88.15  86.63 87.20 87.67 13.37 78.05
U-ResNet 86.73  86.87 86.91 86.79 13.13 76.68
CloudSegNet  91.42  90.91 90.44 90.75 9.09 83.09
DeeplLabV3+ 92.28  92.33 92.24 92.26 7.67 85.64
MACNN 92.70  92.60 92.56 92.63 7.40 86.28
CloudHS-Net 93.10  93.63 93.53 93.31 6.37 87.47
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Fig. 8 Comparison of all sky datasets. (a) Input; (b) mask; (c) U-ResNet; (d) DeeplLabV3-+ ; (e) CloudSegNet; (f) MACNN;
(g) proposed method
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Table 2 Evaluation indexes of cloud image segmentation by

different methods unit: %
o F1- Error
Method Precision Accuracy Recall MIoU

score  rate
U-ResNet 91.97  93.27 93.93 92.94 6.73 86.81
CloudSegNet  93. 31 94.21 93.89 93.59 5.79 88.01

DeeplabV3 .
N 92.57  93.46 92.90 92.74 6.54 86.54
MACNN 93.81 94.71 94.54 94.15 5.29 89.01

CloudHS-Net 94.74 95.51 95.57 95.15 4.49 89.86

Net, DeepLabV3-+ Yy £ I M4 . CloudHS-Net
R i iy NS E N Gt 2 = 1 A
MACNN %/ CloudHS-Net 2 %2 I 5 A B £ /1>
HorETE e fe A 2 ARSI .
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Table 3 Total params, total GFLOPs, training time, and

testing time of five kinds of networks

Total Total Training Testing
Method . o . .
params /10° GFLOPs /10" time /h time /s
U-ResNet 43.933 184. 100 4.0 15
CloudSegNet 1.832 23.728 1.7 69
DeeplLabV3+ 5.813 52.867 2.3 83
MACNN 56.8 94.5 3.7 114
CloudHS-Net 6. 224 79.935 2.6 92
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Table 4 ablation experiments of Hybrid Splitting and ECANet structures unit: %
Method Precision Accuracy Recall F1-score Error rate MIoU
MobileNetV2 91.70 91.66 91.46 91.56 8.34 84.45
+ ECA 92.70 93.55 92.99 92. 84 6.45 86.72
+ HS 93.76 94.66 94.45 94.09 5.34 88.89
CloudHS-Net 94. 74 95.51 95.57 95.15 4.49 89. 86
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