Removing Stellar Activity from RVs Using Neural Networks
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Exoplanet detection with precise radial velocity (RV)
observations is currently limited by spurious RV signals
introduced by the host star in the form of stellar activity (i.e.
faculae, starspots). These stellar signals can mimic or hide
the signals ot exoplanets.

o We find that these techniques predict and remove stellar activity from both
simulated data (improving RV scatter from 82 to 3 cm/s) and real
observations of the HARPS-N Solar Telescope (improving the RV scatter

from 147 cm/s to 78 cm/s, a factor of ~ 1.9 improvement). Our results for

HARPS-N Observations across all three architectures are summarized in
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