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The GHSOM Network Cloud Classification Model of Stationary
Satellite Infrared Cloud Images at Night

YAN Tingya WANG Shan”
( School of Information Engineering East China Jiaotong University Nanchang Jiangxi 330013 China)

Abstract: Aiming at the low accuracy of cloud classification at night the features of FY2E cloud images which in—
clude bright temperatures and split window values were extracted and selected based on the method of singular value
decomposition. The neural network models of growing hierarchical self-organizing map ( GHSOM) and self-organi-
zing map ( SOM) were built separately to classify cloud images at night meanwhile contrasting the classified effect
of the two network models. The experiments results showed that GHSOM network can improve the distinguishing
effect of cloud images at night greatly through hierarchical classified method and the average accuracy of cloud clas—
sification results is higher than SOM.

Key words: growing hierarchical self-organizing map; self-organizing feature map; night cloud image: cloud classifi-
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