Abstract
Conventional approaches to deconvoluting piled-up waveforms

Pulse Pile-up Deconvolution Methods via

Machine Learning produced by scintillator gamma detectors use techniques such as FFT
filtering to approximate the true arrival times and amplitudes of the
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be performed on the data beforehand 1n order to obtain a ground truth

Approach 1: Wiener Deconvolution-based The data for Approach 1 and 2 were collected via a positron beam—the piled-up

Wiener deconvolution is a conventional pulses are therefore due to the delayed annihilation of re-emitted positronium (Ps).
technique that uses an FFT high-pass filter with
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This approach is identical to the unsupervised Fig. 11
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