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Abstract Solar flares, as violent eruptions occurring in the lower atmosphere of the Sun, exert signifi-
cant impacts on human activities. Researchers globally have developed multiple prediction models for so-
lar flares, employing empirical, physical, statistical, and other methodologies. There is an order of magni-
tude difference in the occurrence of different classes of flares. This makes it difficult for traditional con-
volutional neural network-based flare prediction models to capture M, X class flare features, which leads

to the problem of low precision of high level flare prediction. With the breakthrough of deep learning
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technology in recent years, it has shown strong potential in modelling and prediction of complex prob-
lems and a number of works have begun to try to use deep learning methods to construct flare predic-
tion models. In this paper, different deep long-tail learning methods are discussed by us to improve the
precision of flare forecasting by controlling the variables for the long-tail distribution phenomenon in
flare forecasting. The forecast performance of the model for M and X flares is tried to be improved from
the perspectives of training set optimization, loss function optimization and network weight optimization.
The experiments on SDO/HMI solar magnetogram data show that the precision of M, X class flare pre-
diction is significantly improved by 53.10% and 38.50%, respectively, and the recall is increased by 64%
and 52% compared with the baseline model trained by conventional methods. It shows that the treat-
ment of the long-tailed distribution of data is crucial in the flare forecasting problem, and verifies the ef-
fectiveness of the deep long-tailed learning method. This method of improving the precision of tail class

forecasts can be applied not only to the field of flare forecasting, but also can be transferred to the analy-

2024, 44(2)

sis of forecasting other typical events of space weather with long-tailed distribution phenomenon.
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Fig. 1

Experimental flow chart (Dashed box marks the part of the modeling process that has been modified)
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Table 6 Solar flare forecast training, testing and validation dataset

BAmEE No-flare C-Class M-Class X-Class
pIIE 22766 18478 2422 290
AN 7532 6003 795 92
WS 7493 5988 786 89

RT AEERETETRETHRRE AR R

Table 7 Precision of flare forecasting models under different resampling methods

Method No-flare/(%) C-Class/(%) M-Class/ (%) X-Class/(%)
SEAGIRAE () 87.10 83.50 0.00 0.00
FOVHERAE 42.20 66.70 7.70 0.00
SETTARRAT: 54.40 70.70 8.50 5.70
Wit =R 58.20 64.40 18.20 15.30

xR 8 AEHIFEIEETTE T EETIREEERE

Table 8 Precision of flare forecasting models with different data enhancement methods

Method No-flare/ (%) C-Class/(%) M-Class/(%) X-Class/(%)
SR (FEUE) 87.10 83.50 0.00 0.00
RSGHk 54.80 48.20 0.00 0.00
Mixup 76.20 58.10 0.00 0.00
Manifold 42.30 22.90 26.70 17.60
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Table 9 Precision of flare forecasting models with different loss function optimization methods
Method No-flare/(%) C-Class/(%) M-Class/(%) X-Class/(%)
SEASRAE (SEHE) 87.10 83.50 0.00 0.00
et~ 57.90 42.10 15.50 4.30
LDAMS 63.60 43.10 18.30 15.10
x 10 ARIMENEMRL T E T RHEFIRRR A EHE
Table 10  Precision of flare forecasting models with different network weight optimization methods

Method No-flare/ (%) C-Class/(%) M-Class/(%) X-Class/(%)
SEATRAE (BRE) 87.10 83.50 0.00 0.00
Sy AR B GRE 73.50 78.40 28.40 0.00
HOEAR AN 65.70 71.30 30.10 0.00
TE MBS 43.50 51.80 28.10 0.00
LIER20VE i GRS 63.10 73.10 26.30 0.00
* 11 AEAEINEFETREETRER KN ERE
Table 11  Precision of flare forecasting models with different combinations of training methods
Method No-flare/(%) C-Class/(%) M-Class/(%) X-Class/(%)

SEARIRAE (SEE) 87.10 83.50 0.00 0.00

A& Uniform+CRT 73.50 78.40 28.40 0.00

Uniform+NCM 65.70 71.30 30.10 0.00

Uniform+ 43.50 51.80 28.10 0.00

Uniform+LWS 63.10 73.10 26.30 0.00

Balance+CRT 78.10 77.50 38.80 0.00

Balance+NCM 73.20 75.80 56.50 0.00

Balance+r 75.30 78.20 33.10 0.00

Balance+LWS 81.20 79.60 35.10 0.00

Squareroot+CRT 42.80 71.50 50.20 2.50

Squareroot+NCM 72.50 75.90 65.20 28.50

Squareroot+7 39.20 44.50 36.80 13.50

Squareroot+LWS 73.80 75.20 30.80 15.60

Shift+CRT 58.40 78.50 23.10 17.30

Shift+NCM 78.20 56.80 35.90 18.30

Shift-+ 58.10 38.50 33.70 16.50

Shift+LWS 73.50 78.10 53.10 38.50
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Table 12  Recall rates for several better performing methods
Method No-flare/ (%) C-Class/(%) M-Class/ (%) X-Class/(%)
SEAIRAE (FEHE) 83 75 0 0
Balance+LWS 7 71 46 0
Squareroot+NCM 72 73 75 38
Shift+LWS 76 69 64 52

® 13 ERRBASRBNEKBRBBE TR I 25 i SRR S
Table 13 Training, testing and validation datasets for solar flare forecasting after removal of shadow effects
B e No-flare C-Class M-Class X-Class
Pl S 16218 14735 2059 199
LianEe S 6518 4984 719 92
M5 5676 4861 683 72
R 14 JLFHRABRFEEEZRBEESE LRBRmELIT

Table 14 Precision statistics of several better-performing methods on the deprojected dataset

Method No-flare/(%) C-Class/(%) M-Class/ (%) X-Class/(%)
RN () 58.6 48.1 16.7 0
Balance+LWS 68.6 64.4 82.4 11.7

Squareroot+NCM 77.8 77.3 75.9 28

Shift+LWS 82.8 90.2 96.7 34.3
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Table 15 Recall statistics of several better-performing methods on the deprojected dataset
Method No-flare/ (%) C-Class/(%) M-Class/ (%) X-Class/ (%)
SEARAE (BEHE) 70.7 43.7 0.7 0
Balance+LWS 79.4 58.6 17.1 26.4
Squareroot+NCM 83.8 70 65.3 73.6
Shift+LWS 95.4 7.3 64.3 63.9

PEAEAE N R C ZoRi iR 5 43 DRIy A B | R,
T M2 0 90 40 K5 8 5 A 16.7% #4271, 7E Shift
5 LWS &g rikm, N 2RH C RAHRS i %A
10% ZeA7 94T, A AR T EA 10%~20% [
FE. M R BE RO 0 % w3k 96.7%, A MRk
F 64.3%. [FINTEZFE RS, X SO0 BETHRORS 0 %
TRET 4.2%, (AA R EFT 11.9%. HAb RS
JE M BE G 0 % I A TR B Frd . g5 A0k
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Takig.
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