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New data source (IRIS Mg II Spectra)

Active region Pre-Flare
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What do we plan on doing with these four
data sets?

Separability
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N w Feature distributions of the 4 data sets
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Conclusions

« Specific solar regions produce distinct spectra

» This distinction can be leveraged by NNs to develop models that can be used as
rudimentary tools for flare prediction

« Therefore, spectral data should be considered as an additional source of
information alongside HMI magnetograms



Resources for solar physics and Machine learning

1.Monica Bobra and James Mason, interactive book, http://helioml

2.Cedric Huwyer , IRISreader, https://github.com/i4Ds/IRISreader
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