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Introduction

¢ The solar wind's interaction with the Earth’s
magnetic field can cause Geomagnetically Induced
Currents (GICs), which are hazardous to power
and communications infrastructure.

¢ Changes in the horizontal component of the
ground magnetic field (dBy) or its time derivative
are used as a proxy for GIC measurements.

% Our goal is to obtain a dBy, forecast at every point
in a large region using the Spherical Elementary
Current Systems interpolation technique.

s+ We used a neural network to model the physics
that connects the solar wind to localized dBy.

“* We used Integrated Gradients to explain forecasts
of dB, and its regional roughness R_ . in terms of
their solar wind drivers.

Conclusions and Key Insights

**Preliminary results include:
“*v, tends to not become important (except for
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Spatial Interpolation as a Non-Learnable Layer

Solar wind Input data .
parameters (OMNI) ;
. Neural ) Local B-field
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Target data

Ground-level

magnetometer data
(SuperMAG)

Interpolation

Regional B-field
perturbation forecast

¢ Each of the 24 magnetometer stations has an associated convolutional
neural network (CNN) trained to predict only that station’s measurements
using 30-minute time history (similar to Pinto+ 2022; Coughlan+, 2023).
Spatial interpolation is performed afterward.

*«p x Number of stations

*** Theoretical Advantage: Each model has a relatively simple task, so each
model needs to learn less information than if a single larger CNN were
used.
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*The magnetometer forecast vector (CNN outputs) is used to fit a grid of Spherical
Elementary Current Systems, representing ionospheric currents, to derive 1-
minute cadence dBy; values across the region during storm time in Solar Cycle 24
(2009-2019).

“*Interpolations are validated by leaving each station out 1 by 1 and at comparing
at that station’s site.

**The entire process is differentiable (though not learnable), which enables
attribution methods such as Integrated Gradients.

**An automated algorithm identifies localized geomagnetic disturbances (black
contours) in the prediction.

pulses) until several hours into storm main phase Which Inputs Influence the Model’s Prediction at any Given Moment?

“*Reconnection E-field (||v x B,||) is influential at
long lookback times (>20 min. ago).

“*B, strongly promotes localized dB (large R,.)-
across all lookback times.

“*So far only solar wind inputs are used. The next

iteration will include ionospheric data from DMSP,
SuperDARN, and AMPERE.

A differentiable contour-finding algorithm is
desired so that contours’ properties can be included
in the Integrated Gradients analysis.
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v OMNIWeb data from omniweb.gsfc.nasa.gov

¢ SuperMAG data obtained from supermag.jhuapl.edu
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