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CNNCat: Categorizing high-energy photons in a Compton/Pair J G ‘ U

A Compton/Pair telescope, designed to provide spectrally resolved images of cosmic photons from sub-MeV to GeV energies, records a wealth of data in a combination of tracking
detector and calorimeter. Onboard event classification can be required to decide on which data to downlink with priority, given limited data-transfer bandwidth. Event classification Is
also the first and one of the most crucial steps in reconstructing data. Its outcome determines the further handling of the event, I.e., the type of reconstruction (Compton, pair) or,
possibly, the decision to discard it. Errors at this stage result in misreconstruction and loss of source information. We present a classification algorithm driven by a Convolutional Neural
Network. It provides classification of the type of electromagnetic interaction, based solely on low-level detector data. We introduce the task, describe the architecture, and present the
performance of this method in the context of the proposed (e-) ASTROGAM and similar telescopes.

Events in Compton/Pair Telescopes
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* Compton/Pair telescopes are designed to measure over the range of 100 keV to several GeV

* Typical designs consist of stacked Silicon detectors (either DSSDs or pixel detectors) as tracker
(D1) and a solid state calorimeter as absorber (Csl, Nal, CeBr3) (D2).

* Up to 10 MeV, the telescopes detects photons mainly via Compton scatter.

* Pair creation is the dominant detection mode for higher incident energies.

* In order to protect the detector from charged primary and secondary cosmic rays, the setup is
surrounded by an anti-coincidence veto (AC) made of plastic scintillator.

* e-ASTROGAM!? was envisioned with 56 layers of DSSDs as D1 and small Csl finger crystals as
D2 covering an area of roughly 1 m=.:

Primary electron track D2-First Pair event

* Compton scatters can occur with and without visible recoll electron track (tracked and untracked
Compton event).

* For untracked Compton events, the origin of the photon can be restricted to a circle on the sky.

* For tracked Compton events, the recoll electron track allows to restrict the circle to an arc.

* Electron-Positron pairs created in the tracker (D1-first pairs) can be backprojected to the origin
of the photon.

* Pairs created in the calorimeter can create hit patterns resembling Compton and D1-first pairs,
while not containing any relevant information about the source.

* Charged patrticles leaking in can create track-like patterns that could resemble legit events. In
contrast to D2-pairs, they are a genuine background component.
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Model Architecture
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* The test set is composed out of 2.5 M unseen samples in the range of 100 keV to 3.5 GeV and 102 | 103 | 104

0-180 degrees incident angle equally binned in energy and incident angle.
* The final model recognizes the learned classes very well.
* Compton events are tagged reliably up to 10 MeV.
* D1-pair events are tagged at or above 90% 20 MeV.
* D2-pairs and charged primaries are tagged reliably above 60 MeV.

Incident Energy[keV]

* Tagging accuracy is improved compared to the default MEGAIib classification-by-reconstruction
* Separation of low energetic D1-pair events from Compton events is improved significantly

* Compton tagging is improved over the whole range

* D2-first pairs are also removed more efficiently
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