Machine learning model of the plasmasphere to forecast
satellite charging caused by solar storms.
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The PAGER project aims to provide forecast of satellite
charging, part of it is the modeling of the plasmasphere.
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The plasmasphere is a toroidal region of cold plasma
around the Earth.
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In PAGER, forecasted solar wind and Kp are used as
Inputs to the plasmasphere model .
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To develop the model we use In-situ density
measurements and measured solar wind at L1 and Kp.

Van Allen Probes: density measurements Discovery spacecrafts give solar wind
between 6-102 and 3:104 Km, 1 min features at L1 with 1 min resolution,
resolution ~4 years time span, 9 hour orbit. from OMNIWeb.

Credits: NASA's Goddard Space Flight Center Credits: Nasa



Using time aggregates of the features and feedforward
network constitutes an effective approach.

PINE model, Zhelavskaya et al. 2017
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Kp index, v, B; and
p, are important for

the plasmapause
dynamics (He et al.
2017)
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We choose V, - B and p, as solar wind features, and
we consider history up to three days in the past.

Inclusion of proper
time history is crucial
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We distribute data in chunks of 35 days to train and test
sets to avoid data leakage and cover solar rotation period

Keep together adjacent times when doing the
train/test split for time series.
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We scale differently the different features since we have
different distributions

Kp at given time P, mean past 3 hours vsw- Bs mean past 3 hours
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We checked several numbers of neurons for a network
with 1 hidden layer and 15 neurons gave the best RMSE.

Number of neurons vs Train/Test RMSE
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We reproduce the main structure of the plasmapause,
also during storm times.

a) 10-jJun-2001 06:33 UT b) 28-May-2001 22:17 UT c) 0B-May-2001 18:24 UT d) 20-Mar-2001 13:59 UT

Kp=3.3 Kp=4.3 Kp=7.3
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We reproduce the erosion of the plasmasphere and the
eastward movement.

a) 26-jJun-2001 11:51 b) 26-Jun-2001 19:33 c) 26-Jun-2001 22:06 d) 27-Jun-2001 00:09 e) 27-Jun-2001 11:23 UT
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Future work

Include the model in the
PAGER pipeline.

N

Include the modelin  Check the |
a docker container performance with
the PAGER inputs

Try to improve the

model
Add new Include Try
solar wind regularization recurrent
features. neural

networks



We can reconstruct the structure of the plasmasphere,
with solar wind and Kp, also during storms.

a) 10-Jun-2001 06:33 UT b) 28-May-2001 22:17 UT c) 0B-May-2001 18:24 UT d) 20-Mar-2001 13:59 UT
Kp=3.3 Kp=4 Kp=4.3 Kp=7.3
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