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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.

1 I . 1 N IS . | | | BN NI IENENI BN 0 EE
1.0 1.0

0.8 1 0.8 1

» Here, a Convolutional Neural Network (CNN) utilized 30 minutes of time 0.6 gﬂ-ﬁ-
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Figure 4. Area Under the Precision-Recall curve and Heidke Skill Scores. The bounds indicate

) lnClUdmg ground magnetometer dat.a raises concerns about the models . ———  — v m | e —— the 95" percentile and the points indicate the median result of the 100 models.
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