
VAE (Pinheiro Cinelli et al. 2021)
Projects non linearly the data onto the latent space
(LS) keeping the important information.
Decodes the LS to reconstruct the original data.

The Solar activity ensures an energy transfer from the
Sun to the near-Earth space environment via the solar
wind and transient structures: CMEs and solar flares.
When interacting with the E magnetosphere,
these structures can strongly deform it and cause
geomagnetic storms which have numerous
consequences on human activity, mainly
disrupting satellite operations, communication
systems and power grids.

Deep-learning for the prediction and modelisation of the effect 

I. Context and objectives

Proposed solutions to enhance the 
predictions 

Use images at high spectral (512x512) and
temporal resolution (1 image/6mins)
SDO-ML dataset (Galvez et al. 2019).

Adapt a physical feature extractor for solar
imagery.

Use initial CME parameters that affect the
most its geoeffectiveness as additional input
to the model.

M. Tahtouh(1), G. Bernoux(1), A. Brunet(1), A. Sicard(1), D. Standarovski(2)

(1) DPHY, ONERA, Université de Toulouse, F-31000 Toulouse, France; (2) CNES, Toulouse, France

ML-based models

Physics-based models

Credits: SDO

Geomagnetic activity prediction, directly from
solar imagery, with parameters such as the
solar wind speed and geomagnetic indices
(Kp, Dst, etc.)

III. Feature extraction from images and Kp index predictions using SERENADE

Reduced representations 
of the images at different 

wavelengths

Limitations
Models using ML show limitations in their capacity to predict
storms associated to CMEs. This could be due to the
nature of the input data.

Upendran et al. 2020
Brown et al. 2022
Bernoux et al. 2022
Hu et al. 2022

SERENADE 
(Bernoux et al. 2022)

Probabilistic predictions 
of the daily maximum of 
the Kp index at t + days

GoogLeNet (Szegedy et al. 2015, used in 
SERENADE)

ImageNet (Deng et al. 2009) pre-trained
Convolutional Neural Network.

2. Sampling 3. Upsampling
Output = 

decoder(z)

Encoder Decoder

LS

Preliminary results
GN predictions very unstable could lead to false alerts.
VAE predictions much more stable and smooth.
Lower CRPS for VAE  (Continuous Ranked Probability Score, equivalent to the 
MAE in the case of a probabilistic forecast).

Next steps
Exhaustive test-bench.
With further fine-tuning better capture of CME associated storms.
Experiment with images of different nature (magnetograms and coronographs) 
and initial CME parameters. 

Solar wind

Stream Interaction Region
(SIR)

Coronal Mass Ejections (CMEs)
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Solar flares
Credits : SDO/NASA Geomagnetic stormsCredits : SDO

II. Problematic and approach

Obtained by comparing different 
dimensionality reduction 
methods: 
- Pre-trained GoogLeNet
- Principal Component Analysis 1

- AutoEncoders 2

- Variational AutoEncoders

Initial CME parameters

Development of a metamodel
describing EUHFORIA + SWING
(Collaboration with KU Leuven) for
quantifying the uncertainties and
analyzing the sensitivity of the
geoeffectiveness of a CME to its
initial parameters.

Probabilistic model to 
estimate the intensity 
and time of arrival of a 

storm

IV.

Define a 
distribution

( , )
1. Projection

Case study CME July 2012

SWING
Space weather modelisation
tool (Pomoell and Poedts, 
2018).

RNN predict geomagnetic
indices such as Kp and Dst 
(Bernoux et al. 2021).

Polynomial chaos expansion3: 
metamodel describing the 2 models

Sobol indices4: quantify the effect of each 
input parameter on the final output: max Kp. 1 Greenacre et al. 2022, 2 Bank et al. 2023, 3 Crestaux et al. 2009, 4 Owen 2013

Variation of the CME initial parameters given to EUHFORIA 

What affects the value of  
maximum Kp index the 
most?
- From the first order 

index The variation of 
the density parameter.

- From the total order 
the interaction between 
the density and the rest 
of the parameters, 
namely with the radius 
parameter.


