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What is F

FLARECAST is a g to develop
an advanced sola n system based on £’
automatically extracted physical properties of solar
active regions, coupled with state-of-the-art solar
flare prediction methods and validated using the
most appropriate forecast verification measures.

Top-level objectives: St < W

U Science: Understand the drivers of solar flare activity and improve flare prediction
1 R20: Provide a globally accessible flare prediction service that facilitates expansion

O Communication: Engage with SWx end users and inform policy makers and the public
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How do we chitecture

Step 1: Data
acquisition

Step 3: Prediction Step 4: Data
training / execution verification
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FLARECAST st pes in a nutshell

 Four steps; three da

o Step 1: Data acquisition o Step 2: Feature property extraction
o Step 3: Prediction training / execution
External data: o Step 4: Forecast verification

e SDO/HMINRT SHARPS

Science data:

e Extracted properties

e NOAA/SWPC SRS data

» Active region numbers

e Prediction algorithm config. Infrastructure data:

» AR locations e Predictions

¢ Algorithm management

» Flare occurrences

e \alidation e Workflow management
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Step

SDO/HMI Tracked AR (HARP) NOAA ARs HARPs
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Step 2: Feature property extraction

O Pretty much everything proposed as promising for flare prediction over the pasf

SWPC (To do/ In progress /
catalogues Under testing /
Delivered)

EMpctive conmecing magnenc feld stweg (B, ) (O

Details Solar Region Summary properties Delivered

Details GOES X-ray events Delivered

Fouser power S000s Index

CWT powar spectryl noix (Hew

Generitsen Comelnon amersion (G
SHAIDP progertes (B st l <o Dotveres
Holder exponent h [
MAgHLC Nty Ingecton ning (Berger & Fiadd 1584) €0 Detveros
ot Mauscort! dmersion DOh) (

MAgNetic eNegy INECTON rane (Kusar 2002 CO Detveres WM a2 TC0 509 (Yorter vestganed in

NON-PQUYSLIND Currenns | Geony . 2012) Detwveres
20%4)

Flow fold Charatierstcs g el o o Wang et 4 co Dedveros

ly Pwerson 0o CRaRCensncs (Mason &

MAgnetic SIOoA fadiure CRArcaaics <o Under 3aieg (harther rreesiouing
wWaa)

30 magnetc aull point

R v 2007T) = Oedvern:

Under g (Tarther mvesicied In Details LWL, (Falconer et al. 2008) * Delivered
wWRe)
Details Ising energy (Ahmed et al. 2010) Delivered

More than 100 features (predictors) for each WG 5o . 2015 -
m a g n etog ra m ! Details Magnetic helicity injection rate proxy (Park et al. 2013) Delivered




Property extraction: eéxamples

1 A number of papers published; more follow
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Overview of the F

AR Property Database Coverage
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Step 3: Prediction training / execution

O A total of 22 prediction algorithms tested, most of them in points in time and
some in timeseries
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Categories of F prediction algorithms

O Statistical ' O Machine-learning methods
o Standard

O Supervised learning o Advanced
o Innovative

O Unsupervised learning

 Timeseries analysis

- Timeseries (not impleme-

nted in this release of
FLARECAST

Typical flowchart of a genetic

Typical example of multi-layer perceptron

algorithm



Step 4. Foreca — binary

P

Binary validation: Flare (YES) or No Flare (NO)
Different skill scores for different

Forecast Forecast purposes:
Flare No-flare o Heidke (HSS - ref. random prediction)
2(TP + TN) — N
Observed Flare TP FN HSS = ( N )
Observed No-flare ™ o Appleman (HSS - ref. climatology)
AnSS — TP — FP
2 x 2 contingency table e = N

. TP : true positives Generalized skill score:

+ FN : false negatives
. PP falso poc AT SRR Ore = corcr TSS = POD — POFD

+ TN : true negatives SCOT€perfect — SCOTCref

o True skill statistic (TSS)




Step 4: Foreca — probabilistic

A probability 0 < p < 1 is assigned to each prediction

—_

o Correlates forecast probability with observed frequency
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Validation: prel

)

O Properties relying on line-of-sight field used (full earthward solar disk)

©)

Event definition:
o 2 M1.0 flares within 24 hours

Trained on 14-Sep-2012 to
31-Dec-2014

Tested on 1-Jan-2015 to
31-Mar-2016

Only showing verification for flare
yes/no classifying algorithms

Prediction Algorithm

Hybrid Lasso
Hybrid Logit
Random Forest

Probabilistic K-means

Support Vector Classifier

K-means
Sim. Ann. K-means

Fuzzy K-means

Probability
of Detection
POD

Probability of | True Skill
False Detection Statistic
POFD TSS

Courtesy: Shaun Bloomfield



Validation: preli

Skill comparison (at least C1 flares)

8 Probit
Neural Networks
Sensitity SVCLV
SimAnn Fuzzy C-Means
B SimAnn C-Means
Random Forest
®i)-logit
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Massone et al., (2018)
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Pariat et al. 2017
Study of eruptive flares in synthetic MHD configurations
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Understand solar magnetic
eruptions

Improve future flare prediction,
involving use of timeseries

Investigate suitability of forecast
window and latency

Advance CME prediction
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FLARECAST Sci ative research

- O Understand solar magnetic
‘ eruptions

125
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= o o I

O Improve future flare prediction,
involving use of timeseries

115

j?m O Investigate suitability of forecast
] window and latency
1 O Advance CME prediction
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Kontogiannis et al. 2017
Feasibility of non-neutralized currents in active regions as flare predictors



FLARECAST top ives: Technology

O API accessible databases (api.flarecast.eu)

L Open-source Architecture based on Docker engine and containers
L Pick-and-mix installation

hmi property | prediction I
service service service .
workflow| pipeline | = - - algorithm (Il
_service | _service o
-

Docker Engine




FLARECAST top- ctives: communication

d Communicating with the scientific community

http://flarecast.eu/research/publications
Pages / Management # Edit

v Favourite © Watching [2 S

| Publications and Conferences of F

FLARECAST Publication Plan

Created by D, Shaun Bloomfield, last modified by Etienne Pariat on Mar 31, 2017

At least nineteen (19) envisioned refereed papers, of which:

Q Six (6) are already published; two

L At least eight (8) are in preparation
(2) are in press

Q Three (3) are under review Al , either in open-access journals or in ArXiv



ation

government

- 0 First Stakeholders
. Workshop, Met Office
12-13 January 2017

M O Second Users
.| Workshop, ESWW14,
29 November 2017

http://flarecast.eu/second-
stakeholder-workshop

http://flarecast.eu/industry/first-stakeholder-workshop
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http://flarecast.eu/outreach-activities

FLARECAST communication

Il Secolo X

1l futuro & in citta

UNSOFTWARE SARA CAPACE Df PREVEDERE | BRILLAMENT!, FENOMENI PERICOLOSI NELLOSPAZIO [0 )

Ricercatori a caccia di tempeste solari

Universita e Cnr stanno creandouna squadra ditecnici e scienziati internazionali

EU Researchers Night,
Athens, 30.09.2017

EU Researchers nght 3
TCD, Dublin, 30.09.2016 ! A 5 S . ”
AA, Athens, 1311.2017 B Fet de laSelence, Par

! Zurich, 11.11.2016 41V
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FLARECAST use

ow it will work

O Three different levels of
service exploitation:

o Administrator: control,
workflow manager

o Scientist: edit
metadata; visualize data

o End user: view / query
data; visualize
prediction




Summary

stematic, cost- and effort-intensive
worldwide at this time.

 FLARECAST is
solar flare predic

O The project has diverse objectives, comprising Science, R20 and Communication.
Impressively diverse expertise has been used

(d FLARECAST data, codes and infrastructure are fully and openly accessible worldwide
and can be used to avoid effort duplication in future SWx forecasting efforts.

L FLARECAST architecture is modular and expandable. Integrated SWx forecasting
platforms might conceivably use and expand it
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FLARECAST

o 0o 0 0o 0 0 0o O

papers (so far)

A. McCloskey, et al.: Flari nd the Evolution of Sunspot Group Mclintosh Classifications, Solar Physics, 291,
1711, 2016, DOI: 10.1007/s11207-016-0933-y

G. Barnes, et al.: A Comparison of Flare-Forecasting Methods. I. Results from the “All-Clear” Workshop, Astrophysical
Journal, 829, article.id 89, 2016, DOI: 10.3847/0004-637X/829/2/89

S. Murray, et al.: Flare Forecasting at the Met Office Space Weather Prediction Center, Space Weather, 15, 577, 2017,
DOI: 10.1002/20165W001579

E. Pariat, et al.: Relative Magnetic Helicity as a Diagnostic of Solar Eruptity, Astronomy & Astrophysics, 601, A125,
2017, DOI: 10.1051/0004-6361/201630043

C. Guennou, et al.: Testing Predictors of Eruptivity Using Parametric Flux Emergence Simulations, J. Space Weather &
Space Climate, 7, A17, 2017, DOI: 10.1051/swsc/2017015

|. Kontogiannis, et al.: Non-Neutralized Electric Currents in Solar Active Regions and Flare Productivity, Solar Physics,
292, 159, 2017, DOI: 10.1007/s11207-017-1185-1

K. Florios, et al.: Forecasting Solar Flares Using Magnetogram-Based Predictors and Machine Learning, Solar Physics,
2017, in press

A. M. Massone, et al.: Machine Learning for Solar Flare Forecasting, In Machine-Learning Techniques for Space
Weather (E. Camporeale, S. Wing, J. Johnson, Editors), Elsevier, 2018, in press

Three more have been submitted; around ten are in preparation
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