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Goals
ÅUnderstand how ML addresses key 

Heliophysicschallenges

ÅLearn how to frame scientific questions 
as ML problems

ÅIdentify suitable ML tools and data 
preprocessing steps

ÅRecognize strengths/limits of 
discriminative approaches

ÅUnderstand physics-based loss functions 
and hybrid approaches

ÅLearn how AI methods enable data-
driven modeling and simulation in 
Heliophysics



Heliophysics Challenges Overview

Å Physical complexity
ï Multi-scale, nonlinear processes

ï Coupling across systems (SunƝ
HeliosphereƝGeospace)

Å Operational needs

ï Space-weather forecasting and 
mitigation

ï Realtime data processing

Å Observational challenges
ï High data volumes from multi -instrument 

missions
Å Remote sensing data 

(filtergrams, spectrographic data)

Å In-situ measurements

Å Wide range of spectral-band

ï Missing or incomplete data: only a fraction 
is observed



Supervised Training - Neural Networks

4

Å Machine learning tries to find a mapping between the input data 
and output labels.

Å Neural Networks are general function approximators
ï Consist of a large amount of parameters

ï For a sufficiently large NN an arbitrary complex mapping between input -output pairs 
can be found

f(.)Input Output



Supervised Training - Neural Networks

Å A large amount of data is required to find a 
reliable general mapping

Å Example: Classification
ï Input can have an arbitrary representation

ï Output is represented by a probability

Å Heliophysics can directly profit from recent 
advancements in computational science

(from Krizhevsky et al. 2012)

(MNIST)



ML Opportunity

Å Advantages:
ï Short inference time, even for complex tasks

ï Can handle multi-dimensional data

ï Can learn complex patterns 
(identify shapes and structures)

ï Inherently probabilistic

ï Per default statistically evaluated/tested

ï Typically stable and robust (within the trained domain)

Å Shortcomings:
ï Large amounts of data required

ï Often neglects physical understanding
data vs physics Ą black box

ï Hyper-specialization prevents extrapolation 

Å Training ML models is not hard, 
but defining the task right and preparing the data is

SDO/AIASDO/HMI KSO



Heliophysics Challenges Overview

Å Understand the physics of the Sun -Earth system
ï Statistical studies

ï Event analysis

ï Modeling and Simulation

Å Forecasting (space-weather impacts)

ï How do space -weather events impact Earth?

ï Requirement for real-time

Å Data processing
ï Image enhancement

Å Stellar and Planetary connection

Supervised training

Physic-Informed Machine Learning

ML is just a tool to address 

these challenges



Toolbox Review

Å Tasks:
ï Classification: Ὢὼȟώ ὴὧȿὼȟώ

ï Regression: Ὢὼ ώ

ï Segmentation: Ὢὼ ȟȟ ὴὧȿὼ

ï Data transformation:Ὢὼ ώ

Å Data:
ï Time series (1D)

ï Images (2D)

ï Video sequences (3D)

ï Extracted features (1D)

Å Models:

ï Classical Approaches (e.g., thresholding, linear fit)

ï ML: Support -Vector-Machine, Random Forest, etc.

ï Deep Neural Networks (Multi-Layer-Perceptron)

ï Convolutional Neural Network

ï Transformers Segmentation



Case Study: Solar Wind

Å Science application:
ï Forecasting of extreme events

Ą Geomagnetic storms

ï Understand the origin of the solar wind

ï Understand physical processes that 
drive the solar wind

Å What to predict?
ï Solar wind velocity

ï ὄ?

ï Dst

Å How to address this challenge?
ï Classification?

ï Regression?

ï Segmentation?

ï Data transformation?

ï Modeling?

ï Other?
OMNI data - May 2024 event from Pierrard et al.



Case Study: Solar Wind

Å Classical approach
ï Empirical relation

Å Regression

ï Time series prediction

ï Convolutional Neural 
Network

ï Attention can highlight 
relevant regions

Å Classification
ï Wind categories

ï Probabilistic Ą
uncertainty estimate

Å Modeling
ï ENLIL, EUHFORIA, etc.

What is the easiest approach to forecast solar wind speed?

From: Rotter et al. 2015



Case Study: Solar Wind

Å Classical approach
ï Empirical relation

Å Regression

ï Time series prediction

ï Convolutional Neural 
Network

ï Attention can highlight 
relevant regions

Å Classification
ï Wind categories

ï Probabilistic Ą uncertainty 
estimate

Å Modeling
ï ENLIL, EUHFORIA, etc.

From: Upendran et al. 2020
From: Brown et al. 2022

4 hour forecast with Vision Transformer

Grad-CAM attention maps for 

more interpretable forecasts

Solar Wind Speed forecasting



Case Study: Solar Wind

Å Classical approach
ï Empirical relation

Å Regression

ï Time series prediction

ï Convolutional Neural 
Network

ï Attention can highlight 
relevant regions

Å Classification
ï Wind categories

ï Probabilistic Ą uncertainty 
estimate

Å Modeling
ï ENLIL, EUHFORIA, etc.

4 category classification: ejecta, coronal 
hole origin plasma, streamer belt origin 
plasma, and sector reversal origin plasma

From: Camporeale et al. 2017

From: Rüdisser et al. 2022

Classification/Detection of 
ICMEs
U-Net for sequence-to-
sequence ƕtranslationƖ



Case Study: Solar Wind

Å Classical approach
ï Empirical relation

Å Regression

ï Time series prediction

ï Convolutional Neural 
Network

ï Attention can highlight 
relevant regions

Å Classification
ï Wind categories

ï Probabilistic Ą uncertainty 
estimate

Å Modeling
ï ENLIL, EUHFORIA, etc. From: Hu et al. 2022

Probabilistic forecasting of 

Dst<-100 nT 24hr ahead based 
on observations from SOHO



Case Study: Solar Wind

Å Classical approach
ï Empirical relation

Å Regression

ï Time series prediction

ï Convolutional Neural 
Network

ï Attention can highlight 
relevant regions

Å Classification
ï Wind categories

ï Probabilistic Ą uncertainty 
estimate

Å Modeling
ï ENLIL, EUHFORIA, etc. From: Bernoux et al. 2022

Probabilistic 

forecasting of Kp

index using 

SDO/AIA data



Case Study: Coronal Holes

Å Science application:
ï Statistical studies

ï Solar cycle study of solar magnetism

ï Forecasting Ą fast solar wind streams

ï Comparison to magnetic models
Ą open magnetic flux problem

Å How to address this challenge?
ï Classification?

ï Regression?

ï Segmentation?

ï Data transformation?

ï Modeling?

ï Other?

Å What data/labels do we need?
ï EUV observations?

ï Magnetograms?



Case Study: Coronal Holes

Å Image segmentation
ï Thresholding

ï Clustering

ï CNN

ï Multi-channel relations

Å Classification
ï Threshold segmentation + ML 

classification

ï Image Patches

Å Modeling
ï PFSS extrapolation

From: Reiss et al. 2021

From: Reiss et al. 2015

From: Jarolim et al. 2021



Case Study: Coronal Holes

Å Image segmentation
ï Thresholding

ï Clustering

ï CNN

ï Multi-channel relations

Å Classification
ï Threshold segmentation + ML 

classification

ï Image Patches

Å Modeling
ï PFSS extrapolation

From: Jarolim et al. 2021



Case Study: Coronal Holes

Å Image segmentation
ï Thresholding

ï Clustering

ï CNN

ï Multi-channel relations

Å Classification
ï Threshold segmentation + ML 

classification

ï Image Patches

Å Modeling
ï PFSS extrapolation

From: Jarolim et al. 2021



Case Study: Coronal Holes

Å Image segmentation
ï Thresholding

ï Clustering

ï CNN

ï Multi-channel relations

Å Classification
ï Threshold segmentation + ML 

classification

ï Image Patches

Å Modeling
ï PFSS extrapolation

From: Wang et al. 2006



Case Study: Coronal Holes

Å Image segmentation
ï Thresholding

ï Clustering

ï CNN

ï Multi-channel relations

Å Classification
ï Threshold segmentation + ML 

classification

ï Image Patches

Å Modeling
ï PFSS extrapolation From: Armstrong et al. 2019



Case Study: Virtual Instruments

Å Science application:
ï Consistent spectral irradiance across 

multiple solar cycles

ï MEGS-A onboard SDO was active from 
2010 to 2014

ï MEGS-A instrument malfunction in 2014

Å How to address this challenge?
ï Classification?

ï Regression?

ï Segmentation?

ï Data transformation?

ï Modeling?

ï Other?

From: Szenicer et al. 2019



Case Study: Virtual Instruments

Å Linear Regression?

Å Convolutional Neural Network?

Å Both!
ï achieving a median error of 1.6% 

across MEGS-A lines

ï Can replace the MEGS-A 
instrument

ï But! Not trained for flaring time

Å See also:
Tremblay et al. (2024) and Indaco et al. (2024)

From: Szenicer et al. 2019



Case Study: Virtual Instruments

Å SDO-Autocalibration 
(Dos Santos et al. 2021)

Å EUV observations of SDO/AIA 
are subject to degradation

Å Calibration relies on sounding 
rockets which are launched 
infrequently

Å Trained with random 
degradations: degrade image 
and predict the 

Ą degradation correction 
learned from spatial features 
and multi -channel relation

From: Dos Santos et al. 2021
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Case Study: Solar Flares 

Å Science application:
ï The ƕHoly GrailƖ of space weather 

forecasting

ï Complex physics under sparse 
observational constraints

ï Starts the chain of space -weather 
effects

ï Can trigger immediate and severe 
geoeffects

Å How to address this challenge?

ï Classification?

ï Regression?

ï Segmentation?

ï Data transformation?

ï Modeling?

ï Other?
From: Nishizuka et al. 2018 



Case Study: Solar Flares 

Å Classification
ï Classical ML approach

ï Deep Neural Networks

ï CNN Ąmagnetograms

ï Interpretable flare 
prediction

SHARP parameters for flare prediction using a Support 

Vector Machine
From: Bobra et al. 2015



Case Study: Solar Flares 

Å Classification
ï Classical ML approach

ï Deep Neural Networks

ï CNN Ą
magnetograms

ï Interpretable flare 
prediction

Provides 6, 12, 24, or 48 hr forecast for single LOS magnetogram (HMI+MDI)

From: Huang et al. 2018



Case Study: Solar Flares 

Detection of preflare signatures in spectral lines from IRIS

MgII triplet emission, flows, as well as broad and highly asymmetric spectra 
show importance
(Panos et al. 2023)

Å Classification
ï Classical ML approach

ï Deep Neural Networks

ï CNN Ąmagnetograms

ï Interpretable flare 
prediction



Case Study: Solar Flares 

Å Comparison of models difficult
ï Different objectives

ï No unified test sets

ï Catalogs are not correct

ï Naturally ƓhighƔ skill for flaring active 
regions

Å High data volume
ï Frequently reduced to features, 

magnetograms, or single images

Å Can this even be solved?
ï Flux emergence happens over hours Ɲ

while forecasts are in the range of days

ï Flaring history is typically the best 
feature for forecasting

Evolution of AR 11158

From: Sun et al. 2012



Case Study: Coronal Magnetic Field

Å Science application:
ï Solar magnetic field only 

observed in the photosphere

ï Energy build-up and release is 
expected in the upper solar 
atmosphere

Å How to address this 
challenge?
ï Classification?

ï Regression?

ï Segmentation?

ï Data transformation?

ï Modeling?

ï Other?

Å What data do we need?

SDO (AIA 131 Å, HMI LOS magnetogram) ï

12h @12 min cadence

X1.5 flare - 2011-03-09 23:23:00



Physics -Informed machine learning

Learn new data

Learn new physics

(from Karniadakis et al. 2022)



Questions and Discussion?

Å Supervised Training in Heliophysics
ï Handles Data Volume Ÿ Learns directly from massive observational datasets

ï Event Detection Ÿ Automates solar wind, coronal hole, etc. identification

ï Forecasting Ÿ Predicts solar wind properties and geomagnetic indices

ï Feature Extraction Ÿ Finds complex patterns beyond human/manual analysis

ï Data processing Ą Acts as virtual instrument to support observations

ï Operational Use Ÿ Enables nearƝreal-time decision support for space weather



Å Small training data set

Å Known physics --> PDE

Å Generic function vs specific solver

Credits: Ben Moseley

Example: Damped Harmonic Oscillator



Physics -informed neural networks

Input NN

Target

Prediction

Loss + Optimization

Supervised Training

ὼ NN όὼ

PINNs

Boundary

Condition

Physical

Model
Automatic Differentiation

‬ȟȟὔὔ ‬ȟȟό



Automatic differentiation

ὔὔύȟὼ όὼMulti-layer perceptron (MLP)

Hidden  
Layer 1
Weights ὡ
Bias ὄ

Hidden 
Layer 2
Weights ὡ
Bias ὄ

Inputs Hidden 
Layer 3
Weights ὡ
Bias ὄ

ὡ ȟ

ὡ ȟ

ὡ ȟ

ὡ ȟ

ὡ ȟ

ὡ ȟ

Credit: Ben Moseley (ETH Zurich).
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Automatic differentiation

ὼMulti-layer perceptron (MLP)

Hidden  
Layer 1
Weights ὡ
Bias ὄ

Hidden 
Layer 2
Weights ὡ
Bias ὄ
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Bias ὄ
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Derivative with respect to inputs
Credit: Ben Moseley (ETH Zurich).

ὔὔύȟὼ όὼ



NNs vs. PINNs

PINNs differ from other neural networks: 

(Supervised) NNs PINNs

ÁTraining/validation/test sets.

ÁTrained once and used to perform a 
general task.

ÁOptimization: Overfitting = bad!

ÁPhysics: None or implicit.

ÁNO training/validation/test sets.

ÁBoundary condition problem: The 
solution is (supposed to be) unique. 
PINNs must be retrained for every single 
problem!

ÁOptimization: Overfitting.

ÁPhysics: Explicit ƝSupervised loss for 
BCs & ICs, and unsupervised 
regularization for PDEs.



Models in Heliophysics: PDEs

ÁExample of approximation/model: Magnetohydrodynamics (MHD) equations.

from: Charbonneau (2012)



Models in Heliophysics: Numerical simulations

Credit: M. Rempel

Intensitygram Ὅ(surface) Line-of-sight magnetogram ὄ (surface) Line-of-sight magnetogram ὄ (900 km)

ÁExample: MURaM simulation of the Quiet Sun atmosphere (Rempel et al.).



Models in Heliophysics: Finite differences/element/volume

ÁApproximating spatial & temporal derivatives using discrete data on a mesh:

ẗɳὄὼȟώȟᾀȟὸ
ὄ Ὥ ρɝὼȟὮɝώȟὯɝᾀ ὄ Ὥ ρɝὼȟὮɝώȟὯɝᾀ

ςɝὼ
ὕɝὼ

ὄ ɝὼȟὮ ρɝώȟὯɝᾀ ὄ ɝὼȟὮ ρɝώȟὯɝᾀ

ςɝώ
ὕɝώ

ὄ ɝὼȟɝώȟὯ ρɝᾀ ὄ ɝὼȟɝώȟὯ ρɝᾀ

ςɝᾀ
ὕɝᾀ

ɝὼ

ɝώ

Ὥ π Ὥ ρ Ὥ ς Ὥ σ ὼ Ὥɝὼ
Ὦ π

Ὦ ρ

ώ Ὦɝώ

Example of mesh

Example - Divergence-free condition (on a stencil):



PDE solvers vs. PINNs

PINNs act like PDE solvers, but with some differences: 

PDE solvers PINNs

ÁSolution: Discrete; computed on a 
mesh.

ÁDerivatives: Finite differences.

ÁEquations: Solved numerically 
(simulation).

ÁTime: Marching forward in time of 
solution (using finite differences).

ÁSolution: Functional approximation; 
continuous (no mesh).

ÁDerivatives: Smooth & continuous; 
Perform well for high-dimensional PDEs.

ÁEquations: Residuals are minimized 
(optimization problem).

ÁTime: Treated the same as spatial 
coordinates; all times are solved 
simultaneously (no marching).

ÁDo well with noisy data and incomplete 
models



Example: BurgersƔ equation (Raissi et al., 2019)

Top: Predicted solution along with the initial & boundary training data.
Bottom: Comparison of the predicted & exact solutions for 3
timesteps. Credit: Raissi et al. (2019).

ÁPDE for όὼȟὸ: 

Á Initial condition (IC):

ÁBoundary condition (BC):

ÁSampling of points for training:
ÁTotal of 100 points for IC + BC.

ÁTotal of 10000 points for PDE.

ό όό
Ȣ
ό π, ὼɴ ρȟρȟὸɴ πȟρȢ

όὼȟὸ π ÓÉÎ“ὼ. 

όὼ ρȟὸ όὼ ρȟὸ π. 



Robert Jarolim (robert.jarolim@uni-graz.at)

Solar- and Helio-physics applications of PINNs

1. Non-Linear Force-Free extrapolations
2. 2D MHD equilibrium
3. Earth's Radiation Belts Electrons
4. Spectropolarimetric inversions
5. Magnetic flux transport
6. Tomographic reconstructions



Robert Jarolim (robert.jarolim@uni-graz.at)

Non-linear Force-Free 
extrapolations with PINNs

Jarolim et al. 2023 
Nature Astronomy, Volume 7, p. 1171-1179

Jarolim et al. 2024 
ApJL963L21



Solar magnetic field

Å Magnetic field measured at 
photospheric heights

Å Understand the build -up and 
initiation of solar eruptions
requires estimation of the 
3D coronal magnetic field

Å Nonlinear force -free (NLFF)
modeling is applied to 
extrapolate photospheric
vector magnetograms 
(Wiegelmann et al. 2017)

ï ɇɳὄ π(divergence-free)

ï ὐ ὄ π(force-free)
SDO (AIA 131 Å, HMI LOS magnetogram) ï

12h @12 min cadence

X1.5 flare - 2011-03-09 23:23:00



Method ƝPhysics Informed Neural Network

Å Solve boundary-value problem determined by PDEs

Å Integrate observational data and physical NLFF model (Raissi et al. 2019)



Verification with analytical NLFF field

Å Solution of the Low and Lou (1990) model
ï Semi-analytical magnetic field

ï Test case for coronal magnetic fields

Å Configuration from 
Schrijver et al. (2006)
ï Comparison of 6 methods

Å Almost identical solutions to test field
for full boundary setting

ï Deviation of magnetic field vectors ρϷ



Comparison to EUV observation

Å NOAA 11158

Å Magnetic field line traces of the 
central components of the active 
region 
ï Central flux rope (pink)

ï Secondary flux ropes (black)

ï Eruptive structure (green)



Simulation of time series

ÅTemporal evolution of energy
build -up and release

ÅJumps in free 
magnetic energy
and helicity
relate to solar flares

ÅEnergy release
spatially aligns
with integrated
EUV emission


