RFI Detection Across Six Orders of Magnitude in Intensity:
A Unifying Framework with Weakly Supervised Machine Learning
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RFl and 21 cm Cosmology Research Progress Using Image Space to Identify Interference

= 1 cm cosmology experiments must integrate > 1000 hours of data to detect = Developed a framework to reliably train U-Net models on MWA data using

the faint spectral signature of neutral hydrogen in the early Universe non-ML detection method ground truths.
<1 mJy(1Jy=10"20 W m—2 Hz1) of residual RFI in the final integration can = Developed a method to evaluate trained U-Net model performance by

preclude a successful detection (Wilensky et al. 2020) comparison to non-ML method, using metrics such as the
= Experiments are built at radio quiet locations (e.g. the MWA in Western intersection-over-union.

Australia), but faint sources include reflections of RFI from below the horizon = Began development of new methods to identify RFl sources in image space.
= Need techniques that can detect RFI below the noise level of a single

observation, but also need a way to combine the multiple techniques (including
those which find bright RFI) in an internally-consistent way
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