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Abstract; In view of the current low efficiency of cloud identification and the lack of recognized and
rigorous open cloud dataset, the largest open cloud dataset HBMCD was constructed by professional
equipment combined with manual annotation and transfer learning. It conformed to the standards of the
international meteorological organization under the guidance of professionals. On the basis of this, the
basic unit by means of depth separable convolution and expansion convolution was constructed, and the
light cloud image classification model LCCNet was established by repeating different basic units. Through
enough comparative experiments, it is proved that LCCNet not only has low level at parameters and
operation complexity, but also has a high accuracy (97.35% ) for HBMCD data set, which provides a
possibility for equipment integration and practical application.
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Fig.4 Dataset construction method
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Table 2 Comparison of transfer learning model
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Table 3 Distribution of the error images
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Fig. 11 Confusing figure
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Table 7 Single class evaluation index %

Bl F, P R
Ce 92 90 94
Cu 98 98 98
Ns 97 95 100
Se 96 98 95
Cs 92 92 91
Ch 96 98 94
St 100 100 99
Ac 97 95 98
No 99 99 99
As 96 97 96
Gi 92 93 92
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Table 9 Comparison of results
AR A/ % e 3t éﬁéﬁ
KEL

ESSH! 32.10
CNN with TDLBP™! 67.10  3.06 x10”  7.00 x 10"
CloudNet""’ 77.32 4.00x10°  8.92x10"
DenseNet-201 96.50  2.00x10°  4.30 x10°
VGGI19 86.10  1.97 x10®  1.97 x10"
VGG16 91.30 1.55x10® 1.56x10"
Inception-V3 93.30 2.72x10®  2.85x10°
ResNet-152 95.36  1.16 x10® 1.16 x10"
MobileNet-V2 94.02 2.24x10° 3.19x10"
ShuffleNetV-2 94.35  1.26 x10° 1.50 x10"
LCCNet 97.35  0.44 x10°  8.72 x 10
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