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Table 1 Soft X-ray grading criteria for solar flares
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Table 2 Ten magnetic field parameters
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Figure 1 Flowchart of solar flare forecasting model.
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Figure 2 Swin Transformer architecture.
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Figure 3 Two successive Swin Transformer blocks.
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WEIA R 2 BURFAE ) JE I O — 2 1) 219 3D aramcters,
B J5 K P A — R AL 1) B 2030 Concat A HEAT PHES
B BRIE A B D, gpear, FLAXAT:

Deoneat = Dimg D Dyarameters- @)

SFHE A D, e & 2N 2R, B 215
JZ 2 [ — N DA 1E 3 3006 4 v X 4% A 1
EWPEDropout2, ) iEid —Sigmoid 24T 7
FKWOE, 3B ERAN 5y RNESR, B OKPHRE B TR i 2
B

4 ZER5SH
4.1 K

A S IR 6408 Windows 10V iR R 45, AbFE
28 NIntel(R) Core(TM) i7-10700 CPU, & & ANVIDIA
Tesla P40 24 G GPU, W17432 G. K Pytorchi& & %
SIHEZE.

STCNethk Y 7F 5 A B30 43 () Bl 386 5 5 Wi hy
TSN B IR ST (224, 224)FEBENLKT-BIEE, 4
ek R, e fa AT I — A AR B AR I R
AR LV N AdamW, 353 2K bR BN 58 SUI 5 % BR 2L
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Figure 4 (Color online) Shifted window working mode.
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Figure 5 (Color online) Cyclic shift operation in the upper left direction.
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Figure 6 (Color online) CNN module structure.
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Figure 7 Linear classifier structure.
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(ACC). FI score. TP rate. TN rate. FEZ(FAR)-
F S5 40 1 (True Skill Statistics, TSS)FEHRZx & FI
BT 4 .

FHEARITH AT

_ TP+TN
ACC = TP AN+ INT D ®)
TP
TP rate = TP+ FN° (9)
_ TN
TN rate = W’ (10)
FAR = FP rate = wsib = 1 — TN rat 1
=FPrate = ppry = rate, (11)
_ 2 xPrecision x Recall
F1 score = Precision+Recall ’ (12)
... TP
Precision = TP+EP’ (13)
TSS = TP rate — FP rate. (14)

F1 score & A ifi 2 F A B2 1 — Fhf Fn~F-45, H T
M EAE R 22 AR, TP ratefse bt 1 % DEAREAS R
Z, TN rate;& JEMEBTRE AR IR #EZ . FARSFP rate & X

\
/04 \‘\7
-
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Table 3  Confusion matrix
E L {HPositive 5 Negative
il EPositive TP P
T Negative FN TN

FRIA, 35379 08 IR A A3 21 X A RE AR RS, B0 A R
B IEAEA, TSSMZ @ TH AP A PR R 5
RER A Z ] IR ZAE R PP R I R . AN Bk A =T
PUE H, F1 scoreillia, s ALE R il i BERE AT [
MHERA TR & T TSSLZRE %8 TR 5B E M
S, H AR RS B TR, s T
IESREAR LU AP B, e, W&
MR B AE X 73 IR SRR AT T ) RE ) B, RAERE
HREAR AR, ANTTE AR A S AR 75 1 Tt e

Ak, ROC 251 Ry — A A AR B 5 247 T,
FEDR FE 5 SIRINLES 2 2] SO AP A 45 21 132
M, T AU 35 (True Positive) A4 2% (False Posi-
tive). ROC i 8% F ol A7 AU, B3R A ER ¥ 1E
FOREA EL T AR & A ROCHNZR, IR AE THT X 1E 7 FE
ARSI 0 OR BEAEBE T, A8 FHROC 28 Ak 15 284
stk

AUC (Area Under Curve)f & X AROCHIZ T 77
M AR, HBUEIEEE0-12 ), REHAIERERIIS.
HTROCHIZEH AL Ty = xHZR LTy, KILAUCH
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HUE— B T0.5 112 8] R AUCHE N PFAN Rt 5
BIFET, A ITROC 1 2 0 175 M i b FH DA 23 28 4% 114
ROREL, TTAUCHE N —MUE TR, BEs 3 B
Wt 7 28 AR HOTERE, AUCTEBCR, 7 a8 O T

4.3 HER59H

N T KSR A SCHE H ISTCNet i 21 (1 P4 g, i FH AR
I (1) 45 5 5 STCNethb B gE A7 % LU S5, %) LSS 2 7y
)30 FH R P Bk 25 X 2 ResNet SOHE AT A BH G ER 2 e 1 1<
FREFEEL, —4ECNNIT WA RIE S U RS LT 2
BEASAETRY, Swin Transformer (SwinT)i#E(T ABHYEER
Iri) i PR AR IR 2 1 BB AS AR Y, ResNetS0iEAT K PHOE
BRI [m o B RHAE R B B SR, RS HATC A X
BRBEFCHEAT X b, A Lins AUV RS A 2 50
FBENLARAR(RF) /7% HuangZs AU I /S 540
JZICNNRE(DL), Lige NPT & 10 5E 3 SR g &
5 FR R 20 I 245 (1) 1 B T4 A5 2 (Knowled ge-Informed
DL), BAKTang® N\PUEET-IREEMAM% . RIS

Swin-Tiny. Swin-Tiny 5241 5ResNet50FHIT, {#
75 S5 B i HLAT AT He

Teah T ARSI U RS R P TR 45 R, RS54
T S R EIPGfR bR, EARSCHISRIE , RS
SwinTHE A 55 B 25 ResNetSOB R A L, 2 H VP4 15
FrARIE, SwinTH) F Z4E A8 AR TSSHResNet50 5 H
0.0184. LA RALSHIAL, LA ResNet50+CNN
B (R TSSHE— B4R . M STCNet#i A 5 Hofh =4
ARG EURS, F1 o scored0.0807-0.0881, TSSHEHE
0.0694-0.1024, KA MEBEHRMER 5 HoAh = AMEAYAH 4,
{ER A R BT R R R P41 17 0.0625-0.0798, KKk A BT
AR AE 42 5 10.0625-0.0798,  HLARAR i R 42 T
70.0620-0.0783. 7E5 H Al O A STEAET 72 XSt
HIRSTCNeth B [WF LB HCA an H ALY, {HHETSSIE
R ERFE, #070.1071-0.3501.

4 AR TR S,

Table 4 Forecast results of different models

oA 28 T X ] K 58 A2 A 482 X 28 33 A TR AL IR B B A fe ) TP TN FP FN
#YF1_FFMAITSS_FFM. STCNet 179 10696 1156 15
TS T SIS Eh, NTH L ReNesoNN 181 o2 200 13
TG, ZHRAESTCNett ! A ¥)Swin Transformeril SwinT 181 9750 2102 15
S AR S Swin - Transformerts B 48 F 21 f) i A 5 ResNet 174 9955 1897 22
F5 AFEBBETHALS R
Table 5 Evaluation results of different models
. ) . PR FE bR
Jrik: FEBEZ R TR (h) BdREFED
F1 score TSS TP rate FAR TN rate ACC
STCNet > M 48 20102019 0.2342 0.8251 0.9227 0.0976 0.9024 0.9027
RiSCNI\?SO >M 48 2010-2019 0.1463 0.7557 0.9330 0.1773 0.8227 0.8244
SwinT > M 48 20102019 0.1461 0.7461 0.9235 0.1774 0.8226 0.8248
ResNet50 > M 48 20102019 0.1535 0.7277 0.8878 0.1601 0.8399 0.8407
L
RF}gT(I)]L;# > M 24 2010-2016 — 0.5320 0.7470 0.2150 0.7850 0.7660
A
bL (}]\{Hg‘};‘g% >M 48 2010-2015  0.2600 0.6210 0.8100 0.1890 0.8110 0.8110
Knowledge-
Informed DL > M 48 20102018 0.3850 0.6950 0.7300 0.0350 0.9650 0.9610
(LiZ NP
TSS_FFM
(Tang%}\[m) > M 48 2010-2015 0.4150 0.7180 0.8290 0.1110 0.8890 0.9600
FI_FFM 48 2010-2015 0.5240 0.4750 0.4930 0.0180 0.9820 0.8900

(Tang’%}\[m) >M
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SRR, FE48 hA B9 K AY K FH M B 5 4
STCNet5 B B Th i 25 & F1 FH 1 oK BH B BRI 1 ik Pl A
WIHRFIES BN MRS E R, IE PSR = L)
o T SIS FIRHIERIN, SR3 TR [A) 1 SCELAR,
PNIIETE X =T 23 e Ve N

K87~ T STCNet, ResNet50+CNN, SwinT#lIRe-
sNet50 U A A 75 I FIROC i 28 K HLAH M I AUC
fH. Bk, STCNetf L [AUCTEH 40.96, SwinTHE
RIHAUCTE 0.94, ResNet50+CNNALA JAUCTH N
0.96, TMResNet50H % ((JAUCTH 40.90. 7 LB B H,
RS Swin T A AUCTH Lt HL A3 2 ResNet SO A 15
0.04, 3 BHSwinTHE AL 7E X K FH L BRI 1) ik ] (1) R AIE 2
HUATH AR T ResNetSOR A, bk, ZAHZESTCNethH 7Y
FIResNet50+CNNFAUCAE B T P /> B A A LAY
FEAETI48 h (R BUK BHREBE S A4F 77 T, 2
R PERE S N .

5 #Eip

R A A T A — 2R B g
W, TCiEFR o R HAh AT fe A & S S A R B
P50 S H AE AN P UK, T S SR R T B T
ZRATEEL AR HZ MR, o7 LR Rt
R B R BAE AT P A Af P R e b, ORI PR S AR T 1)
SRS BRI PR 1. A SO 3T 2 ) 5 i,
HEAL T DUOKBHYSER N m) 1 AN RS REAE S O S N
2 WS K B R BE TR AR AU STCNet, 3 3 1 24 I Swin
Transformer kAL BERE K 4, IF R IE S HoH —
24D 78K BH R B A (AR AIE, K BE R B R4 T T

ALK STCNet AL 5 DUR LR Y 1R 47 M fe X
bb: i HResNetS0@EAT A FH BRI 17 1 R R Ak FR B
4G — YECNNHEAT HE 7 R AE S BURFAE S U 2 1S
A {# FISwin Transformeri# 1T A BH G ER O[] 1 B

0.8 A

@
o

True Positive Rate

0.4
P STCNet (AUC = 0.96)
02 | ’,’ ResNet50+CNN (AUC = 0.96)
: 57 —— SwinT (AUC = 0.94)
7 —— ResNet50 (AUC = 0.90)
’/' ® Optimal threshold
0.0 +# T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

8 (M%) STCNet, ResNet50+CNN, SwinTAHIRe-
sNetSOVU/HEBEFi i A A FRJROC Hh £

Figure 8 (Color online) ROC Curves for the four solar flare
forecasting models: STCNet, ResNet50+CNN, SwinT, and ResNet50.

JEFR I B ASEAY; DL K AT H ResNetS0iE AT K B
BRI 1) 1 P RO S P BR AR A AR Y . S0 25 AR A
TE R BH YEER I m) s ) R AR HE B /5 T, Swin Transfor-
mer TR B 7% 72 M 4§ ResNet50. i AETSSTE %, F14>
. WL RAUCH b, 23 STCNettB 44 R I
BT Lid =Ml ghah, KESTCNetBH 5 Har 2
B ISCERIT TR T X L, &5 R B RSTCNethE Y H A 5
e AR 3 DL R BRI e iR, B A & S I TSSHE,
HTSSIHBHANHTF IR T 10%-35%. LS5 FAER,
STCNet B 7 S EL T A o Bt A [R]85 ) Fr 38 SCEL D,
162 T E AR br DAL T AR S 8, B R
T RE. SRTT, STCNethERULEF 14> % b AH b HAth
SCHRBIT FEAFAE— E R 2200, X R HAEZ 4. 46,
TEAREA IR, 75 BRI R 5 2 TR LI 25
SIS LA BLS, R, XK BH R B TR AE A [F] 2
SRS [R] B T Y el o 3R AT SE A B Rl oy, DA AE b 2R
B FEARAS TS5 0] R, A4 A AR SR 7 1) 2 7 ).

M R u SDOM A An 2z 8 IR 55 A T4 GE TE Q13T TARAL 4 AR RV BB X, KB ERAARRUT RN ER

E- 20
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Solar flare forecasting model based on multi-modal feature
fusion

LI Rong', WU YingZhi', TIAN QiHui' & HUANG Xin®

' The Institution of Information, Beijing WuZi University, Beijing 101149, China;
2 Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China
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This paper presents STCNet, a solar flare forecasting model based on multi-modal feature fusion. The model’s inputs
include magnetograms and corresponding magnetic field characteristic parameters. By leveraging the correlation
information between these inputs and utilizing the complementary aspects of different modalities, STCNet aims to
enhance the diversity and richness of training data. The Swin Transformer, with its hierarchical structure and efficient
windowing strategy, is employed to process the magnetograms. This approach allows for efficient extraction of image
features while reducing computational complexity. Additionally, a one-dimensional convolutional neural network is used
to extract the magnetic field characteristic parameters. The feature vectors from both modalities are then fused and input
into a fully connected layer for classification. In terms of key evaluation metrics, the STCNet model achieves an F1 score
of 0.2342, a true skill statistic (TSS) value of 0.8251, a true positive rate of 0.9227, a false positive rate of 0.0976, an
AUC value of 0.96, and an overall accuracy of 90.27%. These results indicate a high true positive rate and a low false
positive rate for flare occurrence, demonstrating superior predictive performance compared to the single-modal Swin
Transformer model and the Deep Residual Networks (ResNet) model using magnetograms as input. Additionally,
STCNet outperforms the multi-modal ResNet model with the same inputs. Compared to existing studies, the STCNet
model also shows remarkable performance in terms of the TSS value.

solar flare prediction, deep learning, muti-modal, Swin Transformer model
PACS: 94.05.Sd, 96.60.qge, 96.60.Q-
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