A machine-learning oriented remote and in-situ database for forecasting SEP occurrence and properties
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We present a new parameter-rich dataset that is tailored for the forecasting of solar energetic
particle (SEP) events. The dataset comprises numerous parameters from in situ and remote
observatories. It contains over 18,000 flare events and their associated remote images, along with
their measured X-ray, radio, proton, electron, upstream interplanetary (IP) plasma, and magnetic

SunPy connector to query HEK for GOES Flare Event List
(Figure 3).

Calculate SEP related properties (peak flux, fluence, event
duration) and save to dataset.
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Pre-flare data is the solar wind data 6 hours before the flare onset obtained from the ACE can learn more about the work related to and involving this dataset here

spacecraft at 1 AU. We average valid data from the SWEPAM, ULEIS, and SIS instruments
during this time to incorporate 15 values into the dataset. This data provides a snapshot of
what is occurring in the solar wind prior to a flare onset.

the Helio ML conference by visiting Subhamoy Chatterjees’ poster
“Forecasting the Occurrence Probability and Properties of Solar Energetic
Particle Events using a Multivariate Ensemble of Convolutional Neural
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if there are less than 5 images the event is rejected from the dataset.
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1 1 1. Dataset will be available on a dedicated website for community use
X-Ray Electron 2. Additional data relevant products will be added and validated in the coming months
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