
Figure 6: (a) Receiver operating characteristic (ROC) curve for the 
forecasts. (b) Histograms of predicted probability of substorms
forecasted for both onset (maroon) and non-onset (green) classes.

Table 2: Parameter ranking. Precision, recall and F1-score of onsets 
and non-onsets when different IMF and solar wind parameters are 
given as inputs to the model.
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Summary & Conclusions

In this study, we present the first deep learning based 
approach to predict the onset of a magnetic substorm, 
defined as the signature of the auroral electrojects in ground 
magnetometer measurements. Specifically, we use a time 
history of solar wind bulk speed (Vx), proton number 
density (Np), and interplanetary magnetic field (IMF) 
components (Bx, By, Bz) as inputs to forecast the occurrence 
probability of an onset over the next one hour. The model 
has been trained and tested on a dataset derived from the 
SuperMAG list of magnetic substorm onsets compiled 
between 1997 and 2017 and achieves ~75 precision and recall 
rates. The ability of our model to forecast a substorm onset 
based on solar wind and IMF inputs prior to the actual 
onset time and the trend observed in IMF Bz prior to onset 
suggest a majority of the substorms may not be externally 
triggered by northward turnings of IMF. Furthermore, we 
find that IMF Bz and solar wind velocity (Vx) have the most 
significant influence on model performance and thereby 
provide maximum predictive power. Finally, principal 
component analysis shows a significant degree of overlap in 
the solar wind and IMF parameters prior to both substorm 
and non-substorm intervals. This overlap suggests that solar 
wind and IMF alone may not be sufficient to forecast all 
substorms, and perhaps other factors, such as the dynamics 
of the magnetotail, or stochasticity are also important.
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❑ We present the first deep learning based approach to 
predict the onset of a magnetic substorm. The model 
can correctly predict substorm onsets ~75% of the 
time.

❑ We find that IMF Bz and SW speed Vx have the most 
significant influence on model performance and 
provide maximum predictive power.

❑ External features such as IMF and SW can provide a 
predictive power of ~75%. Internal features such as 
the dynamics of the magnetotail may be necessary to 
further improve the prediction accuracy.
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Figure 5: Example model predictions, clockwise from top left are True 
Positive (TP), False Positive (FP), False Negative(FN) and True 
Negative(TN) predictions. The dashed black lines and/or the shaded 
regions mark the prediction interval and the dashed red lines indicate 
actual onset time provided by SuperMAG. The probabilities 
associated with each forecast are shown in red text.

Sample Predictions 

Table 1: Model performance for train, validation, and test datasets.

Figure 7: Variability in IMF Bz with respect to prediction time for 
the four forecast categories.

Figure 4: A schematic of ResNet CNN architecture with two ResNet
Units for multivariate time series processing of solar wind & IMF 
data. The input layer takes a 2D input array with 120 × 5 elements 
and the output layer renders probability estimates for substorm 
non-substorm classes. 

Overlay in the Input Parameters

Figure 8: Principal component analysis of the input 2D arrays of 
substorm and non-substorm events.

Table 3: Precision, recall and F1-score of the model when different 
coupling functions are given as model inputs.

Figure 3: Conversion of prediction times into binary labels based on 
the presence/absence of a substorm within the next 60 minutes (left).
An example of data point classification to a deep learning mode
(right).

Figure 2: An example of a magnetic substorm occurred at 21:50 UT 
on January 3rd, 1997, as seen from SML index. 

Figure 1: An example of an auroral substorm occurred  at 21:47 UT 
on January 3rd, 1997, captured by cameras onboard of Polar UVI 
satellites.

S-M Coupling Function as Input

❑A substorm, often referred to as the magnetospheric 
substorm or an auroral substorm, is a complex 
phenomenon involving energy transfer from the 
magnetotail to the auroral ionosphere (Akasofu, 1964). 
Figures 1-2 show a substorm observed from Polar UVI 
satellites and ground magnetometers.

❑ In this study, we present the first deep learning based 
approach to predict the onset of a magnetic substorm.


