Interpretable Probabilistic Forecasting of Ground
Magnetic Perturbation Spikes at Mid-Latitude Stations e
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= The interaction between the solar wind and the Magnetosphere can produce March 201 . | Lo "’ o |
Geomagnetically Induced Currents (GICs) on the ground, which can s - ---r-- . > — — o
cause power outages and damage to crucial infrastructure. !- ' — Swmen
= Direct prediction of dB/dt consistently proves difficult. Probabilistic . o Swest e
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predictions of dB/dt exceeding a threshold can offer a way to determine the
risk of GICs without having to capture the exact geomagnetic fluctuations.

» Here, a Convolutional Neural Network (CNN) utilized 30 minutes of time
history to determine if the dB/dt value would go above the 997 percentile
threshold, between 30 and 60 minutes into the future at eight ground
magnetometer stations.

= The localization effect of dB/dt presents an issue for forecasting models that
are heavily dependant on data from solar wind monitors.
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» Including ground magnetometer data raises concerns about the models _ | I\ | i\ v
becoming no more useful than persistence models [1]. ol NV W ] . | YRR LAY
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_ _ O . ik \ | # W g Figure 5. Histograms of percent contribution as a function of input parameter value for a subset
Feature Feature Hidden Hidden Outputs < 051 r ] r LR m J 4 ,.t‘ A { : : C .
Inputs maps maps units units (softmax) \ J: AN & PN TR T A Sl Y A of Solar Wind Model inputs. Color bar indicates histogram count.
l@30x16 128@30x16 128@15x8 128 64 2 0.0 e Vs w ™ "M onsn b . —— TV WV i Jik
Mar 16 Mar 17 Mar 17 Mar 18 Mar 18 Mar 19 Mar 19
U. 12:00 00:00 12:00 00:00 12:00 00:00 12:00
Bt By™" BS="
Figure 3. Model outputs for March 2015 storm. The grey shading highlights periods of interest.
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Figure 1. The models consists of 1 CNN layer with ‘RELU’ activation, a MaxPooling layer, a
Flatten layer and two Dense layers with Dropout in between. The output layer is a Dense layer
with softmax activation.
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: The model was trained exclusively on storm time data. ___ B B il - b "
= The input features included solar wind data from the ACE satellite; AE Index o ER Combined Model o ) .
from OMNI; ground magnetometer data from the SuperMAG network. | = ; s

= 100 models were trained for each station using a bootstrapping method
which allows us to evaluate the uncertainty of the ensemble.
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: - Figure 6. Histograms of percent contribution as a function of input parameter value for a subset
AUC and HSS Scores _SZA of Combined Model inputs. Top two rows represent the same parameters as those in Figure 5.
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Figure 1 generated by adapting the code from https:/github.com/gwding/draw_convnet. our current understanding O]C the SO|ar
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tested storms. Stations are sorted in descending order of average magnetic latitude over the wind - magnetosphere system.
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