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Abstract In the past 20 years, massive solar images and space meteorological data that have been
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transmitted back continuously and constantly with increasing space-based observatories launched, pro-
vide a promising material basis for the application of artificial intelligence technology to forecast and ear-
ly warning solar activities. However, due to the less the extreme solar eruption and therefore the smaller
relevant sample size, a slightly more the moderate solar activities outbreak and a little more the sample
data set size, and the common routine non-outbreak space-weather always occurring and thus the sam-
ples become concentrated, thereby these condition and phenomenon result in sample imbalance and unla-
beled data and so on which seriously affects the wide application of machine learning methods in the
field of space weather forecasting and early warning. To handle the imbalance disturbance of sample da-
ta set for flare hierarchic recognition and forecast, this paper designs artificial intelligence algorithms for
extreme ultraviolet images of solar active regions. Firstly, a dataset of extreme ultraviolet images of so-
lar active regions from SOHO and SDO from 1996 to 2015 was constructed. Then the generated models
combined classification head and initialization of convolution kernel are well-designed, and better index
of accuracy for M and X flare are experimentally achieved and proved. Simultaneously, in terms of
lightweight networks for deep learning, some comparison and analysis of multi algorithms on Meta learn-
ing were also discussed, this proposed method achieves finally 10% and 7% increments in POD accuracy

compared with ordinary deep learning based method and unsupervised metric learning method, respec-
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Generative metric learning model with kernel initialization
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Table 3 Classification results of different categories
s Class POD TSS
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MX 0.63 0.35
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C 1 0.99
MX 0.76 0.48
Generate 1 shot B 0.69 0.54
C 0.70 0.55
MX 0.70 0.55
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