NsiEny”

Machine Learning approach to
Background Estimation in Fermi/GBM

lightcurves

Riccardo Crupi

21 February 2022



Fermi GBM




Background estimation

2200 -
_____________________________________ AR
/'\ . 2000 -
' .\/ '
\/ / % 1800 -
" = 0
€
" 8
1600 -
©
o

N

\ 1200 -

—— Light Curve
- Background
Il Seclection

Bkg. Selections

100 150



Background estimation

Background physical model*:

* Detector Response Matrices (DRMSs)

« Earth albedo

« South Atlantic Anomaly (SAA)

e point sources (e.g., the Sun)

« extended sources (e.g., cosmic gamma-ray background)
* Other factors...

*Bjorn Biltzinger, Felix Kunzweiler, Jochen Greiner, Kilian Toelge, and J Michael Burgess.
A physical background model for the fermi gamma-ray burst monitor. Astronomy & Astrophysics, 640:A8, 2020.



ML Background estimation

Input variables:

e Latitude GBM

* Longitude GBM

« Altitude GBM

« Detectors pointing
« SSA zone

e Sun position



ML Background estimation

Input variables: output variables:
« Latitude GBM « Counts det nO

* Longitude GBM « Countsdetnl

« Altitude GBM . ...

« Detectors pointing « Counts det n9

« SSA zone « Counts det na

« Sun position « Counts det nb



ML Background estimation
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4 seconds bin Energy range (KeV): [28, 50], [50, 300], [300, 500]
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esiduals (28, 50) KeV
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Predicted signal
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Drowbacks

Discontinuos prediction over
time

Possible solution: change
architecture to a recurrent
neural network or apply a filter
to get a smoother signal

Difficult to explain why.
Possibile solution: use
algorithm of explainability for
black box (what feature was
importat for the prediction)
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count rate
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Conclusion

 Collect photon counts and data info
about the satellite

« Estimate the background with a data
drived approach

« Use a trigger algorithm to discover faint
long event
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