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A disaster waiting to happen...
● If a space weather event causes a power outage, we estimate costs to 

U.S. electricity consumers that may be ~$400 million to ~$10 billion 
for a moderate event and ~$1 billion to ~$20 billion for a more 
extreme event.

● The adverse impact of space weather is estimated to cost $200–$400 
million per year;

● Losses to satellite companies range from thousands of dollars for 
temporary data outages up to $200 million to replace a satellite

The book of bunny suicides



ML in Heliophysics

● In the last 10 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)



Open Challenges



Open Challenges
The information problem: What is the minimal physical information 
required to make a forecast? (and how to extract features...)

200M pixels 1 scalar value



Open Challenges
The gray-box problem: What is the best way to make an optimal use 
of both our physical understanding and our large amount of data in 
the Sun-Earth system? 



Open Challenges
The uncertainty problem: How to estimate the uncertainty of a 
deterministic model? And how to propagate those uncertainties?



Open Challenges
● The too often too quiet problem: Space weather data sets are typically 

imbalanced: many days of quiet conditions and a few hours of storms. This 
poses a serious problem for any machine learning algorithm. It is also 
problematic for defining meaningful metrics that actually assess the ability of 
a model to predict interesting but rare events. 

Interesting region



Three engines under the hood
(Take home messages...)

● ACCRUE (ACCurate and Reliable Uncertainty Estimate):

– Takes a deterministic model and makes it into a probabilistic one
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Three engines under the hood
(Take home messages...)

● ACCRUE (ACCurate and Reliable Uncertainty Estimate):

– Takes a deterministic model and makes it into a probabilistic one
● PARIS (Pruning via Analysis of Representer-based Influence Scores)

– Prunes a dateset to remove uninformative/redundant samples and 
improve performance for an imbalanced regression problem

● ProBoost (Probabilistic Boosting)

– Create ensemble of uncertainty-aware sub-models, each one 
specialized on a subset of feature space 

(more or less probabilistic extension of Gradient Boost)



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



Accuracy of a probabilistic forecast
(continuous output)

 
● Several metrics to define ‘accuracy’. 

We use Continuous Rank Probability 
Score (CRPS)

● CRPS is a generalization of Brier score

● It has a simple graphical interpretation

● CRPS = 0 for perfect forecast

● CRPS = ∫(C ( y )−H ( ŷ))2dy

Empirical 
CDF

Step function 
(Heaviside)

CRPS 
proportional 
to this area



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



● The optimal Gaussian width (std) 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 Recipe

Accuracy    Reliability



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
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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



LiveDst in real-time

https://swx-trec.com/dst/

Real-time
1-to-6 hours 

ahead 
probabilistic 

forecast of Dst

University of 
Colorado

portal



PARIS
● Simple idea: pruning the training dataset to get rid of 

uninformative/harmful samples



Summary
I apply ML techniques to problems in space physics 
and space weather.

Some of the open problems I am interested in:

● Feature extraction (the information problem)
● Uncertainty quantification for ML
● Extreme and rare events (the too often too quiet 

problem)

Enrico.Camporeale@qmul.ac.uk
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