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Abstract
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Space hurricane is a newly discovered large-scale and bright spot-like auroral structure in

the polar cap region, which visually characterizes a solar wind energy injection phenomenon comparable

to a magnetic storm during the geomagnetic calm period, this updates the understanding of the solar

wind-magnetosphere-ionosphere coupling process, it is of great scientific importance to accurately and ef-

ficiently identify space hurricane events from the huge amount of auroral data. Deep learning is used, six

networks are compared, and an automatic space hurricane identification method based on Transfer
learning and EfficientNetB2 is proposed, validate the effectiveness of the model in DMSP/SSUSI obser-
vations from 2005 to 2021 with an accuracy of 97.7%. The results show that the method can be used to

automatically identify Space hurricane events from a large amount of satellite-based auroral observation

data.
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Table 2 Evaluation metrics of six models in the test set
Model name a D r s Fy
VGG 0.9700 0.9930 0.9467 0.9933 0.9693
ResNet 0.9667 0.9795 0.9533 0.9800 0.9662
EfficientNetB0 0.9767 0.9799 0.9733 0.9800 0.9766
EfficientNet B2 0.9767 0.9735 0.9800 0.9733 0.9767
EfficientNetV2-S 0.9200 0.9200 0.9200 0.9200 0.9200
EfficientNetV2-M 0.9400 0.9459 0.9333 0.9467 0.9396
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Table 3  Architecture of EfficientNetB0
Stage Operator Resolution Channels Layers

1 Conv3x3 224 %224 32 1
2 MBConvl, k3x3 112x112 16 1
3 MBConv6, k3x3 112x112 24 2
4 MBConv6, k5x5 56x56 40 2
5 MBConv6, k3x3 28x28 80 3
6 MBConv6, k5x5 14x14 112 3
7 MBConv6, k5x5 14x14 192 4
8 MBConv6, k3x3 <7 320 1
9 Convlx1&Pooling&FC <7 1280 1
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