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Abstract: Accurate cloud classification is of great significance for meteorological monitoring. Traditional
machine learning models rely on hand-craft featurs, which is sensitive to noise data and the generalization
ability is also poor. Deep neural network can automatically learn the depth features of image, but it is not
good at image edge and detail classification, this paper studies on the basis of the above problems. First,
the spectral features and texture features are extracted from himawari-8 satellite images to train fuzzy sup-
port vector machine (FSVM) model. At the same time, different channels of cloud images are selected to
train deep neural network to learn the depth features for cloud classification. Finally, according to the char-
acteristics of different models, the output of the two models is fused by ensemble learning to improve the

classification accuracy. This article designs a cloud classification model based on ensemble learning which
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fuses deep neural network and FSVM. It combines the advantages of different models and makes use of

the complementarity between different models to improve the robustness and reliability of the model. The

experimental results show that: compared with model which uses a single model alone, the ensemble

learning method proposed in this article has better performance in different evaluation indicators, The aver-
age POD, FAR and CSI were 0. 9245, 0.0796 and 0. 8581 respectively; this method also has better rec-

ognition effect when compared with other cloud classification models; in specific cases, it is found that this

method has higher recognition accuracy in clouds mixed regions, and it can identify cloud edge and cloud

details more accurately. This model can satisfy the requirements of stability, reliability, high precision and

strong generalization performance of cloud classification model.
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Tab.1 Basic information of Himawari-8

Channel Spec-  Resolu- Channel Spectral  Resolu-
tral/pm  tion/km pm  tion/km

1 0.46 1 9 7.0 2

2 0.51 1 10 7.3 2

3 0.64 0.5 11 8.6 2

4 0.86 1 12 9.6 2

5 1.6 2 13 10. 4 2

6 2.3 2 14 11.2 2

7 3.9 2 15 12.3 2

8 6.2 2 16 13.3 2
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Fig. 1 Cloud classification model framework
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Tab.2 Results of the classification model based on ensemble learning by using deep network and FSVM in training set and

test set mid-high cloud, low cloud and clear sky

Model Training

Model Testing

Model - -
POD FAR CSI POD FAR CSI
Mid-high cloud 0.967 1 0.064 1 0.906 9 0.942 9 0.044 7 0.903 1
Low cloud 0.8515 0.090 2 0.7852 0.8717 0.1314 0.770 1
Clear sky 0.942 6 0.038 6 0.908 5 0.9589 0.0627 0.9011
Average 0.9204 0.064 3 0.866 8 0.924 5 0.079 6 0.8581
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Tab.3 Cloud classification results of ensemble learning

Item FSVM  Umet U

proach

Mid-high cloud 0.9297 0.9671  0.9429

POD  Lowcloud  0.8656 0.7827 0.8717
Clearsky ~ 0.9451 0.9172  0.9589

Mid-high cloud 0.0545 0.0659  0.0447

FAR  Lowcloud 0.1876 0.1327 0.1313
Clearsky ~ 0.0411 0.0899  0.0628

Mid-high cloud 0.8824 0.9023 0.9031
CSI Low cloud 0.7214 0.6991 0.770 1
Clear sky 0.9083 0.8411 0.9011
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Fig.4 Cloud classification results of ensemble learning
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Tab.4 Recognition results of different models

Ttem svM Fen U

proach

Mid-high cloud  0.9304 0.9314  0.9429

POD  Lowcloud  0.8331 0.7029 0.8717
Clearsky ~ 0.8741 0.9327  0.9589

Mid-high cloud  0.0695 0.0525 0.0447

FAR  Lowcloud  0.2299 0.1806 0.1313
Clearsky ~ 0.0707 0.1798  0.0628

Mid-high cloud 0.8699 0.8857  0.9031
CSI Low cloud 0.6674 0.6087 0.7701
Clear sky 0.8196 0.7743 0.9011
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Fig. 5 Recognition results of different models
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Tab.5 Time consumption of different models  (s)

Model Training time Testing time
SVM 54.17 7.24
FSVM 88.31 8.79
FCN 4774.83 0.32
U-Net 5400. 37 0.36
Our approach 6211.02 9.33

5 & %

AR SRR X AN [R] 23 ZE A5 RN [ s R 45 R
I BRI T T IRIEM A 5 FSVM AR
Aoy KB B oM iy 2R AR M Hi-
mawari-8 22 G R , 312 B 2 P01 1 A ik R AT 5
SUHRHAE P AT FSVM IR 5 2% 2 5 4R )5 Al
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