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m has long been known that studying connection between solar flares and properties of magnetic field in active regions is very important for understanding the flare physics and developing space Weathm Institute

&

forecasts. The Helioseismic and Magnetic Imager onboard the Solar Dynamics Observatory (SDO/HMI) obtains tremendous amounts of the magnetic field data products. However, the operationa

NOAA

Space Weather Prediction Center (SWPC) forecasts of solar flares still represent prediction probabilities issued by the experts. In this research we investigate the possibilities to enhance the daily

operational flare forecasts performed at the SWPC/NOAA by developing a synergy of t
based criteria, we consider the descriptors of the Polarity Inversion Line (PIL, previous

2014) and derive from them daily characteristics of the entire Sun. We also consider t

ne expert predictions and physics-based criteria, and by emp

y tested by Sadykov and Kosovichev 2017) and Space weat

oying machine-learning methods. Among the physics-
ner HMI Active Region Patches (SHARP, Bobra et al.

he daily descriptors of the GOES Soft X-ray (SXR) 1-8A f

ux such as the flare history of the previous days and

averaged X-ray flux. We estimate the effectiveness in separation of flaring and non-flaring cases for each characteristic, as well as for the expert prediction probabilities, and find that some PIL, SHARP,
and SXR descriptors are as effective as the expert prediction probabilities and should be considered to issue the flare forecast. Finally, we train and test several Machine-Learning classification algorithms
(Support Vector Classifiers with various kernel functions, k-Nearest Neighbor Classifier, Random Forest Classifier, and Neural Networks) using the most effective descriptors and expert prediction
probabilities, and compare the obtained predictions with the current SWPC/NOAA forecasts.

Primary goal: investigate the possibility of enhancement of the SWPC NOAA operational forecasts by employing machine-learning algorithms to

combine expert predictions with magnetic field and soft X-ray flux characteristics
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1.

The data are obtained for May 01, 2010 — Dec 31, 2017 time period.
For each day for the midnight time, we obtain the following features

B
Data Sources and Descriptors

SWPC NOAA operational forecasts (probabilities) of M/X-class
flares for the next day (ftp://ftp.swpc.noaa.gov/pub/warehouse/)

Statistics of M/X-class flares from https://helioportal.nas.nasa.gov/

Kosovichev, 2017)

(SHARPs, Bobra et al. 2014)

SXR 1-8A flux obtained by GOES/XRS

Polarity Inversion Line (PIL) characteristics obtained from [
SDO/HMI line-of-sight magnetic field data (Sadykov and

Space Weather HMI Active Regions Patches for NOAA ARs

y

Feature Selection Algorithm

1. The labels for the data set are assigned: 1 if there is an M/X-class flare which happened on the next day, O otherwise. The days when
the flares were only located close to the limb are ignored.

2. The features are ranked according to their Fisher ranking score F(i) =
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3. The dataset is randomly shuffled and divided 10 times into the train-test subsets with the ratio 2/1.
4. For each classification algorithm, metrics to maximize, and feature type (PIL, SHARP, SXR), the following algorithm is performed:

a. Select two features with the highest F-score (or the feature of the highest F-score and SWPC prediction probabilities)

b. Find the classifier parameters which maximize the mean of the metrics (score) across the train-test data sets

c. Introduce the feature with the next highest F-score and temporarily add it to the previously-considered features

d. Find the classifier parameters which maximize the mean of the metrics across the train-test data sets
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e. If the score is higher than previously-obtained plus certain threshold, add the feature permanently. Discard it otherwise. Return to the step c.
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of the solar activity: Considered classification algorithms: Support Vector Machines with linear (SVM linear), Radial-Basis Function (SVM RBF), and sigmoid
1. Averaged and peak SXR fluxes during the 1-3 preceding days (SVM Slgm0|d) kemels; k-NearesF Neighbors (KNN), Random Forest (RF), Ngaural_ Networks Wlt_h two hidden layers with 200 neurons
_ each (NNA1), five hidden layers with 200-100-50-25-10 neurons (NNAZ2), and five hidden layers with 200 neurons each (NNAJ3)
5 -rl)-?etgled?#gmdbaeyrs A e et Tl Bt Considered metrics: True Skill Statistics (TSS) and Heidke Skill Score (HSS) for the binary (yes/no) forecast, Brier Skill Score (BS) for
probabilistic forecast. If TP is the number of correctly-predicted days with flares, TN — correctly-predicted non-flaring days, FP — incorrectly-
3. Daily mean and maximum values of the PIL characteristics ] predicted non-flaring days, and FN — incorrectly-predicted days with flares, P; is the predicted flare probability for the day i, and Q; is its label, then:
(maxima over ARs are selected) . a1 n
_ _ - Credits: https://helioportal.nas.nasa.gov/, Sadykov and TP FP 2 X [(TP x TN) — (FN x FP)] 1
4. Daily mean and maximum values of the SHARP characteristicS  Kosovichev 2017, Bobra et al. 2014, RHESSI Browser TSS = . HSS = , BS = —z(Pi—Qi)z
9 (maxima over ARs are selected) (http://sprg.ssl.berkeley.edu/~tohban/browser/) ¥y € TP+ FN FP+ TN (TP + FN) X (FN + TN) + (TP + FP) x (TN + FP) n =
- ) : N o - <
Properties of the SWPC NOAA Operational Forecasts Enhancement of the Binary (Yes/No) Forecast
h - - e preion S Tars prpsence frcese Ly sreg) BT redon S S Sk mpin e ey e We investigate the possibility to enhance the binary (yes/no) forecast of M-class and X-class flares by combining the
. e current daily operational forecasts at the SWPC s} L ! 0 i . /
are made by forecasters for each of the three %es| — — SWPC_ NOAA expert predictions (probabilities) with various features (SXR, PIL, SHARP). The results are the
upcoming days using a modified three-component % os| | | following:
Zurich class (MclIntosh 1990) and magnetic class o« L o » Support Vector Machine Classifiers (SVMC, SVC) perform better than other considered machine-learning
ﬁmith 8|c ||'|0Vl¥ard 1965'8) f01[_ ef?Ch aCti\fOe tf)(?lgiOn and ;o o o algorithms/classifiers (k-Nearest Neighbor, Random Forest, Neural Networks of different architecture)
flljilt(?t?cfr? O?Oacl;i?/etarezsiof’]) Cl:;g’ pﬁ%,.?né I%S?gr; S B S S b » The classifier trained on just one of the feature group (SXR, PIL, SHARP) performs at the same level as expert
grOWth/ decay Of SunSpOtS' The CaICUIated Expert predictions VS fl-;i::ee[:l)args:;lu(:r: (X-class, 1 day ahead) Expert predictions VS SXR dT;riT: Ir?qgé:i?:rjm flux (X-class, 1 day ahead) predICtIOnS/prObabl|I’[IeS
probability is corrected by forecasters based on their |~~~ . &+ o L » The classifier trained on all available features except SWPC NOAA expert predictions significantly outperforms
EXperience. N | the SWPC NOAA expert predictions in terms of TSS and HSS
» The flare prediction probabilities are correlated ¢os| | | _— i
next-day activity o o L— D-S0RE0OL ' ' ' ' ' ' ' '
§ o o 0.601+0.041  0.598+0.035 | 0.601+0.040 0.541:0.033 0.295:+0.045 0.572+0.042 0574:0.041 0.577+0.042
* Nevertheless, the expert-based probabilities "¢ =+ | wld) 0.560+0.024 | 0.586+0.00 = 0579+0.029 0515+0.045 0.285+0.033 0.551+0.041 0.537+0.035  0.506+0.059
represent valuable information for the flare forecast. T e T et 0.568+0.040 0.567+0.038 0.568+0.043 0.470+0.029 0.233+0.027 0.546+0.028 0.549+0.039  0.545:0.039
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and various SXR characteristics of the flare activity
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0.573:0.0.37 0.583:0.034 | 0.587x0.082 0.510:0.040 0.244+0.033 05570033 0.535:0.045  0.527:0.039
4 e gl M 0.564:0.043 | 0.570£0.039  0.569+0.036 0.463+0.035 0.216+0.027 0.541+0.039 0.543:0.028  0.535:0.042
EFnhancement of the Probabilistic Forecast 3 : 0.619:0.030  0.627:0.033 |JOICGOROIAIN 0.553:0.038 0.289:0.046 05640049 0.499:0.052  0.529:0.057
» Performance of the probabilistic forecast can be measured by Brier Skill Score BS = 1E(P]-I—Qi)z . Lower BS indicates
netter probabilistic forecast. o 0.412:0.014 ‘ : ' ' ' ‘ ' '
_ 3 _ . _ 0.444+0.031 | 0.445+0.035  0.444+0.029 0.396+0.023 0.352+0.044 0.428+0.039 0.424+0.028  0.431+0.023
* Probabilities estimated by Support Vector Classifiers (Platt 1999) trained on all features except the SWPC NOAA expert vl Toawoom | oo | ooeramms | oiami | oimenie | oimmnn
predictions have lower BS (give better prediction) than expert-based probabilities. 0.417+0.021 | 0.417+0.019 0.412+0.020 0.361+0.035 0.286+0.049 0.403+0.024 0.394+0.011  0.386+0.024
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_ _ _ Comparison of M-class flare probabilities _ 0.505+0.226  0.556+0.166 = 0.608+0.179 0.367+0.168 0.031+0.067 0.164+0.093 0.154+0.137  0.199+0.187
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= % = . . i : 0.664+0.086  0.659+0.080 = 0.667+0.039 0.411+0.129 0.084+0.091 0.368+0.288 0.117+0.188  0.207+0.270
€ °%f : " 1y . 0.416+0.238  0.413+0.216 | 0.464+0.165 0.410+0.193 0.036+0.073 0.129+0.097 0.096+0.132  0.107+0.068
2 04 : o : | 0.774+0.066  0.755+0.078  0.761+0.069 0.581+0.146 0.047+0.077 0.494+0.205 0.321+0.214  0.406+0.219
;_é 03 : : \ & | 0.774+0.066 |JOMGEROMBON 0.761+0.069 0.720+0.146 0.051+0.082 0.152+0.130  0.039+0.082 0.057+0.087
0.2 . | |
00 LWL el M A AW Y. l —) g
| 200 300 N 2041060 600 700 § S u m m a ry
« SWPC NOAA operational forecasts (flare probabilities) are strongly correlated with the current flare activity rather than
= with the future activity.
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« Support vector classifiers outperform other classifiers for the flare prediction problem

« Binary (yes/no) forecasts of M/X-class flares based on each feature group (PIL, SHARP, SXR) separately have the same
or better performance than the SWPC NOAA operational forecasts.

* |t iIs possible to significantly enhance binary forecast of M/X-class flares by considering joint magnetic (PIL, SHARP)
and Soft X-ray characteristics.

* Probabilistic forecast of M-class and X-class flares based on the Support Vector Machine is better than the SWPC NOAA
operational forecasts in terms of Brier Skill Score.
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