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Classificaiton of Satellite Cloud Image Based on
Texture Features and Machine Learning

GU Tianhong, DU Xiaoling, LI Li, ZHU Yulei, ZHANG Yanmei, WU Changhang

( Guizhou Meteorological Observatory, Guiyang 550002, China)

Abstract ; Accurate identification of clouds is of great significance to improve the accuracy of weather forecast
and climate prediction. It is difficult for traditional threshold method and clustering method to find a unified and
universal threshold standard and method. With the application and development of machine learning in the field of
cloud classification, the classification speed and classification accuracy have been significantly improved. In this
experiment , the infrared cloud image of FY —2G was preprocessed and the satellite cloud image sample library was
constructed. The texture features of the cloud image were extracted and combined with the SVM, RF and XGBoost
classifiers to realize the classification of "clear sky" , " stratocumulus or altocumulus” , " cumulonimbus" , " dense
stratus" and " cirrostratus" , and the experimental results show that: (1) the average accuracy of the three
classifiers for the cloud classification is RF (62.5% ) > XGBoost (61.7% ) > SVM (60.0% ). (2) The
classification of “stratocumulus or altocumulus” is the best and the most stable, and the average classification
accuracy reaches more than 90% , the highest is 91. 5% . (3)SVM classification of dense stratus cloud(67.9% ) ,
RF classification of cirrostratus cloud(68. 9% ) and XGboost classification of clear sky(68. 3% )are the next best,
with an average classification accuracy of more than 67% .
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Fig. 1  Comparison of FY —2H cloud classification products and FY —2G infrared cloud image at the same time
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Fig.2 The partial diagram of original satellite cloud image data set
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Fig.4 The box plots of contrast (a), correlation (b), entropy (c¢) and energy (d) parameters of five cloud classification

products (0 ~4 in the figures are clear sky, stratocumulus or altocumulus, cumulonimbus, dense stratus and cirrostratus )
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Tab.1 Comparison of the results of three classifiers ( unit: % )
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Fig.5 The screenshot of a classification result in Python 3.8
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