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Aurora Images Classification Based on Multi—channel Fusion and

Convolutional Neural Network

CHEN Chang-hong,LIU Bin,ZHANG Hao
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Telecommunication and Information Engineering,Nanjing University of Posts and Telecommunications
Nanjing 210003, China )
Abstract : At present, the traditional feature is used for classification in the field of aurora image classification. However,the certain fea-
tures of image extracted by traditional feature, such as texture feature, local and global feature, leads to more or less loss of some important
classification information of aurora images, resulting in a poor classification effect. For this, we propose an aurora image classification

method based on multi~channel fusion and convolutional neural network. The multi—channel fusion technology is used to fuse the origi-
nal image information with the designated effective traditional feature information to form the fusion image. The convolutional neural net-

0 51 §

work is used to automatically extract the effective feature information of the fusion image, to realize the combination of multi—channel
=]

features and deep learning ,and to obtain the features of efficiently representing the aurora image. The experiment is carried out on the
four kinds of daily aurora image databases in the North Pole of the Yellow River station in 2003 , which shows that the classification accu-
racy in comparison with manual markers in the classic database 8 ,001 aurora images is as high as 95. 2% , higher than other similar meth-
ods. The results show that this method can be used in the classification of aurora images.
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