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Deep learning modeling based on the feature compression in solar atmospheric
observation
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In recent years, modeling and data analysis based on the deep learning are remarkable developing and they have a great
impact on many scientific fields. In this presentation, we will introduce our modeling of solar flare prediction using deep
learning in solar atmospheric observation, as well as data analysis methods of solar polarization spectra. In the solar flare
prediction, the high noise level of the observational data and the limited amount of flare occurrence due to the extreme
nature of the solar flare pose significant challenges for deep learning modeling. To address these issues, we employed deep
learning-based feature compression methods and step-by-step learning of the model construction. We trained the CNN part
of the CNN-LSTM model as an Auto-Encoder structure, and the step-by-step learning involved training in three steps: Auto-
Encoder part, LSTM part, and the whole of the model. Additionally, we added a weight map based on the distance from
the magnetic neutral line to the input data of the model. These improvements enabled us to achieve a very high prediction
accuracy of 0.928 in True Skill Statistics (TSS). On the other hand, polarized spectral data is acquired mainly by the solar
observation satellite Hinode, but analyzing the spectrum data by rule-based analysis is difficult due to its high dimensionality
and high noise level, so data based on physical assumptions and magnetic field inversion is used. In contrast, by analyzing
the spectral data using anomaly detection with deep learning, the abnormal spectral shapes are found, which had not been
imagined before. These results demonstrate that deep learning itself is relatively robust against data noise, which is contrary
to what is generally believed. We will also introduce numerical experimental results explaining why deep learning exhibits
robustness against data noise at the last part of the presentation.

IERENZE LWEEXAEICE2ET VY7 T =00, ZONANUD»SZ L ORESTICETHELE X T
W3, ARFEHETIE, BEEEEZHOWEKGARKEBHFT— 22 50KEB 7L 7 FHENCBIF 27 7, ZHUCHEEL -
RHARY PV TF =R FRICOWTHENT S, EBROKBGAKENT -7 2HWKE 7L 7 FHleT) > 27 Tl3,
F—=RD ) A XL UK EL, ERBHEARRERE LTTF—ZEDROLNTWE Z e BEEEETETY VT
3 TCRELBETHS. 2R LT, FABIREEFEIC X 2 FHEMRERPE T VOB EEREINICITS 2 ik o
T, Zho OREBREICID AT, Bi#ElE, CNN-LSTM E 7B WT CNN #4 % Auto-Encoder #3E & L TEY
1TV, %% Auto-Encoder, LSTM, 2KD 3 X7 v FTH¥E TR o7, T2, BKPHERD S OEHOEA~ v
TEANTFT—RIBMLE. ZhasD®BIZED, True Skill Statics (TSS) T 0.928 ¥ IEH ICE W HIKEE #ER L 7-.
—HT, KGBEAERE OO TEFLIRILEARARY FLF—ZBEE IR TWEE, ZOF—RENEZoEICH - &/
A XL AN ANDFIZ & o IR EETH D, WIEIREICE DS WHGA o=V ary LT —XPHwsNS. #
LT, HEEEEEAOCEBRERANCE 2 AR VT —R@#fiE2{Tolb 25, ThEFTIBBREINTOR» -7
BERARY MVIBIKDHEER I N7z, 2o DfEHRIE, BREEEDI RSO TVAZ e 2 IdR LD, 77—/ 4 X
St UTCHIRIEETH 2 2 L 2RT. HMETE, EEXEIRE T —X /) 4 R L THEEEEZRFODICOVWTD, #
ERBERZEDPNT 3.



