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We live in strange times... 



Data Science as the fourth pillar 
of the scientific method
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A loose taxonomy
● Inference/prediction/forecast:

– Surrogate models

– ROM models

Goals: 

– devise a model that runs faster than a baseline (trade-off accuracy vs speed)

– Forecast output of interest in the future (space weather: “understanding is neither 
necessary nor sufficient for prediction”)

● Data-driven discovery of models / algorithms

Goals: 

– Discover new physics from data (in intelligible way)

– Find new parameterizations of missing physics in models



The literature is exploding!
Solar flares
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Segmentation of coronal holes in 
solar disk images

● Segmentation of solar disk images 
(supervised or unsupervised):

– Automatically extract different solar regions 
(that are associated with different solar 
wind/geoeffectiveness) 

Courtesy of Dan Seaton and J. Marcus Hughes, NCEI, CIRES, and University of Colorado Boulder



Radiation belt flux



Solar wind



Solar wind classification
● The geoeffectiveness of solar wind is related to its source region

● Xu & Borovsky (2015) introduced a 4-category solar wind: ejecta, coronal holes, 
sector reversal, streamer belts

● 40 years of OMNI data have been automatically categorized (based on a training set 
of ~9,000 hours covering 1995-2008)



Unsupervised classification



Solar wind speed



Solar wind
https://fdl.ai/benchlab-solar-wind-prediction-2026



Coronal Mass Ejection (CME)



Geomagnetic indices



Geomagnetic indices



Neutral density estimate



The bottom line... 

● In the last 5 years or so, Machine Learning has been 
applied to ANY task in space weather forecasting.

● Typically, a ML algorithm claims to be outperforming 
its physics-based equivalent (in terms of accuracy, 
computational cost, etc)

● Often times, this is the case when the baseline model 
is very weak (i.e., persistence or climatology)

 





Why does it work (so well) ? 
A short digression
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A short digression

“The miracle of the appropriateness of the language of mathematics for the 
formulation of the laws of physics is a wonderful gift which we neither 

understand nor deserve.”



Why does it work (so well) ? 

We are not in the same boat with image and text recognition, self-driving, or 
recommendation systems! 



Why does it work (so well) ?
Physics to the rescue! 

● Physical properties such as invariance, symmetry, conservation laws, etc. 
reduce drastically the ‘search space’ of parameters

● Any system that follows ‘laws of physics’ should be learnable by Machine 
Learning

● Any simulation can be emulated by ML

● The major hurdle is Data Quality & Quantity!



Extra resources
● On the myth of analogy with meteorology: 

https://www.youtube.com/watch?v=rHBeM2JPRT0 
● 10 ways of using ML:

https://eos.org/opinions/ten-ways-to-apply-machine-learning-in-earth-
and-space-sciences 

● Coming up: 10 ways of using LLMs...

● Timeline of Machine Learning for Space Weather: Past, 
Present, and Future

https://prezi.com/view/Ww8VeVqttGqZDRGVrI3n/



(six) Open challenges



1) The information problem 
(aka feature extraction)

     200 M pixels                                 a few scalar outputs
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2)  The gray-box problem 
(physics vs data)



3) The surrogate problem

     Work by Prateek Mayank (CU Boulder)



4) The knowledge discovery problem
• How do we distill some knowledge from a machine learning model and 

improve our understanding of a given system? 

• How do we open the black-box and reverse-engineer a machine learning 
algorithm? 

Standard model    +      missing physics



5) The uncertainty problem
(a forecast is not a forecast if it is not probabilistic)

Most Space Weather services provide forecast in terms of single-
point predictions. There is a clear need of understanding and 

assessing the uncertainty associated to these predictions. 



6) The too often too quiet problem
(aka imbalanced regression: 

interesting events < 1% of dataset)



The too often too quiet problem
 Dataset imbalance is rapidly becoming the number one challenge in using data-driven 

methods (machine learning) in space weather.

 Examples:

Solar flare prediction: ratio of days without over with an X flare  40∼

Geomagnetic index:

Dst < -100 nT (0.7%)

Dst < -200 nT (0.07%)

Dst < -300 nT (0.01%)

 ALL Regression targets in space weather are skewed 

 This imbalance makes standard ML methods under-performing!



The Dst sandbox



ML as an accelerator
● Computing L* in radiation belt simulations



ML as an accelerator
● Accelerate computational tasks within PIC simulations

Precondition GMRES solver

Estimate Compton scattering
Calculate electric field from 
particle phase space



ML as an accelerator
● High-order statistics-informed NN (H-SiNN) for dimensionality  

reduction



A recent (2021) breakthrough: 
from function approximation to

functionAL approximation

2200+ 
citations

~1800 citations
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MHD solar wind surrogate



WSA+ Neural Optimizer



MHD (turbulence) surrogate



MHD (turbulence) surrogate

Low Re



MHD (turbulence) surrogate

High Re



MHD (turbulence) surrogate



Discovering new physics

● Symbolic regression (SINDy, Weak SINDy, etc.)
● Physics-informed Neural Networks



Discovering new physics:
closure problem
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Discovering new physics:
Electron transport in Radiation Belts

Standard New



Discovering new physics:
Electron transport in Radiation Belts

● After solving the inverse problem

PINN is the only method that can solve a general inverse problem (no a-priori 
paramerization for unknown coefficients...)



  

Parameter estimation pipeline
                  Assumption: 
The physics obeys FP equation

   PINN
 
   Optimal 
coefficients

Feature 
selection

Train a ML model that 
predicts DLL and C 

at a given time

Solve the equation with 
PINN-discovered and 
ML-learned coefficients!



  

The final frontier: Interpretable AI
                  Assumption: 
The physics obeys FP equation

   PINN
 
   Optimal 
coefficients

Feature 
selection

Train a ML model that 
predicts DLL and C 

at a given time

Solve the equation with 
PINN-discovered and 
ML-learned coefficients!

Instead: approximate DLL and C with 
cubic interpolation



  

Automatic Event Identification



Summary
ML 4 SWx is the quintessential interdisciplinary field. 

These 6 problems not only hinder progress in Space Weather,  
but pose fundamental challenges in the fields of AI and UQ.

● The information problem
● The gray-box problem
● The surrogate problem
● The uncertainty problem
● The too often too quiet (rare events) problem
● The knowledge discovery and explainability problem

Enrico.camporeale@qmul.ac.uk



Extra slides



The engines under the hood 
at U. Colorado (SWx-TREC)

● ACCRUE (ACCurate and Reliable 
Uncertainty Estimate)
– A forecast is not a forecast if it is not probabilistic!

– Ref: Camporeale, E., & Carè, A. (2021). ACCRUE: 
Accurate and reliable uncertainty estimate in 
deterministic models. International Journal for 
Uncertainty Quantification, 11(4).

● ProBoost (Probabilistic Boosting)
– Ref: in preparation!



ACCRUE:
Accurate and Reliable Uncertainty 

Estimate
How to estimate the uncertainty of a deterministic model?

Heteroskedastic uncertainty



ACCRUE:
Accurate and Reliable Uncertainty 

Estimate
How to estimate the uncertainty of a deterministic model?

Given a deterministic model that produces a scalar output μ for a given input

Given the true values (noiseless observations) 

We want to produce a probabilistic forecast in terms of Gaussian probability 
density with mean μ and unknown variance.

How do we define the “optimal” variance? 
We want it to be accurate and reliable



Continuous Rank Probability Score
(probabilistic forecast of continuous 

variables)

Closed form for Gaussians

Becomes the Mean Absolute 
Error for sigma -> 0



Reliability diagram
Reliability is the property of a 

probabilistic model that measures 
its statistical consistency with 

observations. 

For example, for forecasts of 
discrete events, the reliability 

measures if an event occurs on 
average with frequency p, when it 
has been predicted to occur with 

probability p. 

Underconfident

Overconfident



Two-objective optimization problem
Accuracy and reliability are competing objectives!



ACCRUE algorithm
• The optimal Gaussian width (sdt) is the one that optimizes both accuracy and 

reliability.
• This is a two-objective optimization problem, because reliability and accuracy 

are competing objectives. 
• We define the Accuracy-Reliability (AR) cost function: 

                                AR = CRPS + RS 

• Accuracy and Reliability cannot both be minimized simultaneously and we 
have to find the best trade-off 

• The minimization problem can be solved in a number of ways 

In multiple dimensions, a deep neural network works well to minimize the cost 
function 



ACCRUE model

Deterministic 
model

ACCRUE

A-posteriori UQ estimate of a deterministic 
model (enforcing accuracy and reliability)

Probabilistic
model

● No need to run ensembles
● Plug-and-play
● Code available on

https://zenodo.org/record/
1485608



Gradient Boosting in one slide
● A hierarchy of models is built

● Each model is trained on the 
errors of the previous one

● The final model is an additive 
combination of all sub-models

● One of the strongest algorithm

– But it under-performs on 
imbalanced datasets 

Model 1 Model 2 Model 3 Model 4



ProBoost in one slide
● We can use the power of ACCRUE to identify regions (in feature 

space) where a predictor works well and where it doesn’t



ProBoost in one slide
● We can use the power of ACCRUE to identify regions (in feature 

space) where a predictor works well and where it doesn’t
● An ensemble of models is built by sub-sampling the training set

– The sub-sampling criterion is based on the ACCRUE uncertainty



ProBoost in one slide
● We can use the power of ACCRUE to identify regions (in feature 

space) where a predictor works well and where it doesn’t
● An ensemble of models is built by sub-sampling the training set

– The sub-sampling criterion is based on the ACCRUE uncertainty
● Sub-models are combined weighted by their precision = 1/σ2



LiveWire: Regional 
GeoElectric field forecast

1-hr ahead forecast of the horizontal 
Electric field (Eh)

Interactive map: 
the time series of 

magnetic and electric fields are 
shown everywhere on the map



Typical approaches to imbalance 
regression

• Resampling strategies
 Oversample rare events or undersample frequent ones

 Synthetic data generation (SMOTE, ADASYN)

• Re-weighted Loss Function
 Use weighting schemes such as inverse frequency or dynamic 

scaling.



PARIS: results with 75% pruning! 
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