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Ground Cloud Image Recognition and Segmentation

Technology Based on Multi-Task Learning
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Abstract; Clouds play an important role in weather forecasting. Accurate identification and segmentation of
ground-based cloud images can effectively guide weather forecasting. Now most of the existing datasets are
only suitable for single task learning, and ground-based cloud image recognition and segmentation technol-
ogies are mostly implemented by single task, thus identification and detection efficiency are low and the ro-
bustness of the algorithm is poor. Considering these problems, we construct the ground-based cloud image
datasets GBCD and GBCD-GT with labels and suitable for multi-task learning, and then on this basis, a
ground-based cloud image recognition and segmentation joint network model GCRSegNet based on multi-
task learning is designed. The model firstly extracts shared features through convolutional neural net-
work, then a special network is designed for each task to extract more recognizable features. The segmen-
tation network learns shared features to achieve ground-based cloud image segmentation, and the recogni-

tion network combines sharing features and segmentation features to achieve ground-based cloud image
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recognition. Multiple groups of comparative experiments indicate that the network in this paper can accu-

rately represent the features of ground-based cloud image. Meanwhile, the accuracy of the recognition task

can reach 94. 28 %, the pixel accuracy of segmentation task can reach 93.85% , and mean intersection over

union reach 71.58%. These results can provide a possibility for practical application.

Key words: ground-based cloud image, image recognition, image segmentation, multi-task learning
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Fig.1 Construction method of initial standard ground cloud image dataset

(a) process of establishing label model, (b) use of label model
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Fig. 2 Construction method of standard GT dataset

(a) pre-training model, (b) image segmentation and sunlight removal
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Fig. 3 Effect diagram of GT dataset

(a) original image, (b) segmentation image of UNet,

(¢) the sun glare, (d) segmentation image of this paper
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Table 3 Performance comparison of classified networks

RE:L% EEBYN R
Inception Szegedy et al(2016) 76.96
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Fig. 10  Confusion matrix of GCRSegNet model
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Fig. 11 Confusion ground-based cloud images

(a) Sc (red frame), Ac (blue frame), and Cc (yellow frame), (b) Cc (red frame), Cs (blue frame), and Ci (yellow frame)
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Fig. 12 Feature map display
(a) original image, (b) feature map of convolution of 256 X256, (c¢) feature map of max pooling of 128 X128,
(d) feature map of up-sampling Unit a of 128 X128, (e) feature map of up-sampling Unit b of 256 X256
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Table 4 Performance comparison of segmentation networks

o] 245 15 70 2 7% 3k 1R E W/ % X RE I/ %
SegNet Badrinarayanan et al(2017) 91.18 69.55
UNet Ronneberger et al(2015) 91. 65 70.75
DABNet Li et al(2019) 90. 27 65.91
CloudSegNet — 91.97 69. 11
GCRSegNet — 93. 85 71.58

semantic segmentation, DABNet) fl CloudSegNet
B PA Y35 8] 90 % LI F, Hid CloudSegNet R 2% 1)
PA 53] 91. 97%, MIoU 3k %] 69. 11%,{H GCR-
SegNet fJ PA i5%] 93. 85%, kb CloudSegNet & T
i 1. 88%, MIoU 1% 71. 58 % . M LA b A X} o ik
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YT 43 5 3 = 8
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Fig. 13 Segmentation results of ground-based cloud image

(a) original image, (b) GroundTruth, (¢) output of UNet, (d) output of GCRSegNet
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