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Abstract Solar flares are a kind of violent solar eruptive activity phenomenon and an important
warning device of space weather disturbance. In space weather forecasting, flare forecasting is an impor-
tant forecast content. This paper proposes a flare prediction model based on long and short-term memo-

ry neural network, which uses the time sequence of magnetic field changes in the solar active area in the
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past 24 h to construct samples, and analyzes the time series evolution of magnetic field characteristics

through the long and short-term memory neural network to predict whether =M-level flares will occur

in the next 48 h. This paper uses a data set for all active area samples from May 2010 to May 2017, and

selects 10 magnetic field characteristic parameters of SDO/HMI SHARP. In the modeling process, six

feature parameters with high weight, gain rate and coverage rate were selected as input parameters

through XGBoost method. Through test comparison, the false report rate and accuracy rate of the mo-

del are similar to the traditional machine learning model, and the accuracy rate and critical success in-

dex are better than the traditional machine learning model, which are 0.7483 and 0.7402 respectively.

The overall effect of the model is better than that of the traditional machine learning model.
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Table 2 Evaluation of forecast results of different models (1)
TR T7 TPRRHMER) FPROEHZ) Accuracy (EREZR) TSS(lfs S8
LSTM 0.7483 0.0081 0.9894 0.7402
XGBoost 0.5033 0.0143 0.9896 0.4890
SVM 0.3311 0.0082 0.9899 0.3229
RandomForest 0.3245 0.0173 0.9891 0.3072
Logistic Regression 0.1987 0.0024 0.9906 0.1963
C4.5 0.4834 0.0387 0.9806 0.4447
#* 3 AEMRBETIREGE RITME(2)
Table 3 Evaluation of forecast results of different models (2)

TR 77 vk BSIE BRI IE(TP)  EISHIEBM N6 (FN)  BESH I 5 (TN) - B8R G35 iE (FP)
LSTM 113 38 13840 113
XGBoost 76 74 13880 73
SVM 49 102 13912 41
RandomForest 48 103 13896 57
Logistic Regression 30 121 13941 12
C4.5 66 85 13743 210

% 4 CNN 5 LSTM RE TR LS RITAE (1)
Table 4 Evaluation of forecast results of CNN and LSTM models (1)
TR ik TPRURMER) FPROEEHRZ) Accuracy (JEi %) TSS (i FH M H0
LSTM 0.7483 0.0081 0.9894 0.7402
Ref. [27] CNN 0.8050 0.1860 0.7919 0.6190
Ref. [28] CNN 0.8100 0.1900 0.8111 0.6200
#F 5 LSTM 5 CNN RETIRLE RITE(2)
Table 5 Evaluation of forecast results of LSTM and CNN models (2)

TR ik HAYCHIE AWM IE(TP)  ESCHIETIM A H(FN)  BESSH RN 7 (TN) B8 S b E (FP)
LSTM 113 38 13840 113
Ref. [27] CNN 1008 291 978 231
Ref. [28] CNN 1614 378 37711 8783
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Fig. 8

Positive sample (from 09:36 UT on 8 March 2012 to 09:36 UT on 9 March 2012) characteristic

parameter change (a) and the GOES satellite measurement (from 00:00 UT on 9 March 2012 to 00:00 UT on
12 March, 2012) of the X-ray flux change of the sample in the next 48 h (b). Orange dashed line is
the model prediction range, and the green dashed line is the flare event (17:44 UT on 10 March 2012)
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Fig. 9

Negative sample (from 12:48 UT on 16 November 2011 to 12:48 UT on 17 November 2011) characteristic

parameter change (a) and the GOES satellite measurement (from 00:00 UT on 17 November 2011 to 00:00 on
20 November 2011) of the X-ray flux change of the sample in the next 48 h (b). Orange dashed line is the model

prediction range, and shows that there is no =M class flares occurrance in the next 48 h for this sample
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