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Van Allen Radiation Zone
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Region of space filled with energetic charged particles 

(e-, p+) that are captured by Earth’s magnetic field. 

inner zone
0.2 – 2 RE

Outer zone
3 – 7 RE

Radiation hazard for manmade space systems :

• Long-term electron dose effects

• Surface and deep-dielectric charging 

As of Oct 2025 (https://orbit.ing-now.com/) 

~14000 space objects in orbit including 6961 

in LEO, 521 in GEO, and 191 in MEO. 

Its properties vary according to the solar activity. 

Challenge: How the charged particles are accelerated 

to very high energies of several million e- volt (MeV) ?  

https://orbit.ing-now.com/


Satellite operational anomalies
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Black dots: spacecraft anomalies registered onboard 

SWARM in 2013 – 2019. Colour: magnetic field strength 

South Atlantic Anomaly: weakened magnetic field 

region pushing radiation belt particles towards the Earth. 

Nature, 2016

Predicting the variations of radiation belt 

energetic particle fluxes are thus critical 

• NOAA: Linear Prediction Filter Analysis of 

Relativistic Electron at GEO orbit (Baker et al. 1990)

• ESA space weather demo product: Radiation Belt 

Forecast And Nowcast (RB-FAN) by ONERA. 

Intelsat, 2010
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Predicting energetic radiation belt electrons with AI 

• NOAA-15 Polar Operational 

Environmental Satellite (POES): 

• e- flux measurements

Modeling MeV electron fluxes from precipitating electrons 
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PreMeVE model series:

• Chen+2019: linear prediction filters

• Pires de Lima+2020: linear regression; 

neural networks: FNN, 1D-CNN, LSTM.

• Feng+2024: CNN with Transformer layers 

Data

+ solar wind speed upstream of Earth 

Benchmarked with the Van Allen probe 
(2013-2016) and LANL’s GEO satellite. 
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SPARTAI – developing our own pipeline 

ML algorithms

POES at t-δt, … t-1

Vsw, …, at t-δt, … t-1

GOES at t-δt, … t-1

!

POES 1-MeV 
at t, t+Δt

Ø Taking advantage of large datasets from Space Environment Monitor (SEM) onboard weather satellites

(similar to PreMeVE)

(equivalent to LANL s/c) (equivalent to the 
Van Allen probe)

Geostationary Operational Environmental Satellite: GOESPolar Operational Environmental Satellite (POES) / MetOp
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Benchmarking against PreMeVE2.0

Ø Modeling 1-MeV e- flux, L by L, using linear 

regression and neural networks  

§ Train Feb 2013 – June 2015 (67%); Validate July –

Dec 2015 (14%); Test: Jan – Aug 2016 (19%).

ex: P6 flux in 2018

L-
sh

el
ls

Inputs (inspired by PreMeVE2.0): 

SPARTAI – data preparation 

• GOES-15 SEM:
• E1 (> 0.8 MeV) e- flux

• Solar wind speed (V) 
upstream of Earth 

• POES-15 SEM-2:

• E2 (> 100 keV) & E3 (> 300 keV) e- fluxes 

• P6 (> 1 MeV) flux, designed for p+ but mostly 

contaminated by 1-MeV e- flux (Chen+2019). 

L-shells between 2.8 and 6.0, then at 6.6

Coordinates L-value: the set of magnetic field lines 
which cross the magnetic equator at a number of RE

POES trajectory
L-shells

Data processing

Original SEM 2s data: 
F (time, lat, lon, …, fluxes) 

Round, group by time and 
L-value using average

Tabular data: temporal 
flux variation for each L
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SPARTAI – benchmarking results  
Average R2 of the test data

Our models are about 5% worse on 
average, but they are 40% better for GEO. 

Model PreMeV-E 2.0
2.8 ≤ L ≤ 6.0

SPARTAI
2.8 ≤ L ≤ 6.0

Linear Reg 0.887 0.845

FNN-64-32-elu 0.879 0.841

LSTM-128 0.886 0.844

CNN-64-relu 0.890 0.828

Model PreMeV-E 2.0
L = 6.6 (GEO)

SPARTAI
L = 6.6 (GEO)

Linear Reg 0.587 0.861

FNN-64-32-elu 0.524 0.821

LSTM-128 0.589 0.768

CNN-64-relu 0.363 0.601

Observations

Our linear model 

The 1-MeV e- flux variation during geomagnetic storms (e-

penetration to low L) are reproduced, despite some different details. 
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SPARTAI – development 

Data Train + validate: 2013 – 2023 (11 years); test: Jan – June 2024 

(solar max) (solar max)(solar min)

Training strategy: Walk forward validation

More AI models 

• Ridge regression

• XGBoost

• Transformer Encoder 

• Time series foundation model 

(decoder only).  

More solar & geomagnetic 

activity indicators: 

SW speed (V), density (N), 

magnetic field (Bz), storm 

disturbance index (Dst), Kp

i. A model is trained from scratch and then validated. 

ii. The training is resumed from previous step with the shifted 

window, and then validated with the adjacent data. 

iii. Repeat until arriving at the test data. 

A model is saved at every step. The best model is chosen for “test”. 
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The Transformer – model architecture [Vaswani et al. 2017: Attention is All You Need]

Encoder maps an input sequence (x1, …, xn) to (z1, …, zn)

Scaled dot-product attention

Query (Q): the element seeking info, e.g., each word

Key (K): signposts to locate important elements

Value (V): values carry the info, determining importance

Decoder 

This masking ensures that 

the predictions for 

position i can depend 

only on the known 

outputs at positions < i. 

“Generation of the outputs” 

The output 

embeddings are offset 

by one position

Encoder 
stack
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Time series foundation model 

Das+2024, ArXiv

Pretrained using a large time-series corpus, e.g., 

Google Trends (https://trends.google.com), Wiki 

pageviews, traffic, weather, electricity, synthetic, M4, 

…, with different granularities from hourly to monthly.Decoder style attention model with input patching 
(similar to a token in language models) 

(self-attention)

SPARTAI - our application (TimesFM 2.4)

§ Zero-shot (default) forecast

§ Linear regression on covariates (our input 

variables, shifted in time), then we apply 

the foundation model on the residual  

https://trends.google.com/
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SPARTAI – our development results 
R2 score for 6h forecast (Jan – June 2024) 

FM + Covariates
CNN
Linear
LSTM
XGBoost
TransEncode
Ridge
Persistence 
FM zero-shot

The TimesFM + covariates outperforms all models for all L-shells, 
reaching R2 over 0.9 for L < 4.6.  

Linear, CNN, LSTM are identical to 

the benchmarking experiment. 

Persistence: use last value as 

prediction. 

Other models: simplest working 

architectures with no fine-tuning.

We performed experiments to 

find best context length (history 

length used for prediction). No R2

improvement for > 24 hours.



12

SPARTAI – inference example 
TimesFM + covariates 1-MeV e- flux prediction for L=4.0

True
PredictedJan – June 2024 

Large-scale variations including 1-MeV e- flux 
enhancements during storms are reproduced 

Some underestimated peaks and 
delay during 1-MeV e- flux 
enhancement during the storm

Geomagnetic storm 
on 3rd March 2024 
(Kp = 6+) 

True
Predicted
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Classic ML approaches vs FM application

Similar to PreMeVE, we find that the linear regression model is the most successful. => The relationship 

between dynamics of trapped 1-MeV e- and the precipitation e- is dominated by linear components.  

Classic approach Introduction of FM model

• The training is done on the 11 years of data (with walk forward 

validation). Model is used with the latest context for a prediction.  

11 years • Zero-short prediction yields very 

poor results 

Ø We handle the linear part first, 

then compute the residuals 

Ø The pretrained model is used to 

estimate the residuals (nonlinear).  
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Summary and perspectives 

We develop a prototype pipeline for 1-MeV electron flux prediction for the outer radiation belt. 

Benchmarking: 

• We develop our own equivalent models (Linear, FNN, CNN, LSTM) to PreMeVE 2.0. 

• We train, validate, and test with our defined (equivalent) dataset

• Slightly poorer results to PreMeVE 2.0 (poorer data quality?) 

• Linear regression works best. 

Development:

• We add more models (Ridge, XGBoost, Transformer Encoder), as well as apply TimesFM.

• We train and validate with more data (1 solar cycle), and test in Jan – June 2024 (solar max)

ü Linear fitting on latest context + nonlinear fitting with TimesFM works best 

Perspectives: improve time cadence and forecast horizons, produce derived products. 

How do we explain this physically? 



Back-up slides
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Data processing
Original POES data (2s): geographical coordinates (lat, 

lon, alt), L-value, magnetic local time, flux measurements

Ø Round from 2s to 1h; round L-value to one decimal place 

Ø Limit 1.0 ≤ L≤ 20. Group by time and L using mean 

Processed POES data: hourly averaged flux at each L 

for each energy channel (191 * 3 = 573 columns)

Visualization of L-time diagram of e2 flux
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Performance of model forecasting with TimesFM + covariates
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Particles access to the Earth’s magnetic field Kallenrode, 1998
D. A. Bryant 1993 

Rigidity measures momentum of the particle. It refers to the fact that a higher momentum particle will 
have a higher resistance to deflection by a magnetic field. 

• able to traverse the 

magnetosphere 

• no long-lived trapped 

particle components with 

high rigidities exists
Particles hitting the low-latitude 

magnetosphere from the outside perform 

half a gyro-orbit inside the magnetosphere 

and then are reflected back into space.

High-rigidity particles  

Galactic cosmic rays (GCR)

Depending on their direction of 

incidence, they either 

• penetrate deep into the 

magnetosphere and interact 

with the upper atmosphere

• deflected back into space.

Low-rigidity particles

Only at the polar cusps can these particles 

penetrate into the magnetosphere

Long-lived component: particles are trapped inside the radiation 

belts. Their motion is regulated by the adiabatic invariants. 


