RNSHBIFHRE

Laser & Optoelectronics Progress

TR IRBOe e S A 89y 38051k

g ?%

R R =il ME S5 B TR, VLI B 210003

111504(2018) ©2018  H [H W6 ) A= AL

al
541

FE R R TR RO S 02607 1k A RS & B R 42 I 45 (CNIND ARAE =5 5 19 23 18] 38 A5 8 A K
242 (LSTMD [ 264 42 e 51045 JE A DG 3, JF ) TR G B A X CNIND 85 Jom J52 45 249 SR 9 55 60 55 i 8 325 4 MR
A8 T B A B Tl ) 4 TR 2 AR AN CASD AT PRGBS IR B AT A W ) ARO 1 900 23 S BT 5 R M B i O S 1
G 52 56 25 SR AR WA SO vk Eﬁaﬁl)ﬂ?’r&;‘ﬁﬁﬂﬂ’]i@& o RO R A B B ok PRI T T REE

KR BRI PO BRIMAMY; KERICIZMY%; J8 1Tk

hE SRS TP391 XEKERIRAS A doi: 10.3788/L0OP55.111504

Aurora Sequence Classification Based on Deep Learning

Zhang Hao™, Chen Changhong”
College of Communication and Information Technology, Nanjing University of Posts and

Telecommunications, Nanjing, Jiangsu 210003, China

Abstract An aurora sequence classification method based on deep learning is proposed. It combines the rich spatial
domain information and the sequence information corresponding to the advantages of convolutional neural network
(CNN) features and long short-term memory (LSTM) network. In addition, aurora attributes employed as
feedback constraints to the CNN make features more suitable for aurora images. Supervised aurora sequence
classification and unsupervised aurora event detection are performed on the Chinese Yellow River Station All-Sky
Imager (ASI) dataset. The experiment shows that our method can characterize aurora sequences effectively and can
be able to implement automatic classification for massive aurora sequences.
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Fig. 1 Framework of our method
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Fig. 2 Four categories of sample images at 557.7 nm
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Fig. 4 Feature maps of facula attributes learned from our network. (a) Arc image; (b) hot-spot image;

(¢) arc feature map; (d) hot-spot feature map
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Table 1 Comparison of classification accuracy on aurora images

Method All Arc Drapery Radial Hot-spot
Original CNN 0.95 0.98 0.89 0.97 0.90
CNN-LSTM on parallel connection 0.96 0.98 0.91 0.91 0.98
Our method (0 =4) 0.95 0.98 0.89 0.90 0.95
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Fig. 7 Distribution of four kinds of aurora
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