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Introduction
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EAS and its detection

What can we estimate?
e Direction
e Energy

e Composition
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Three components: nucleus
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Detector set up Detectors
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Proposal
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What is the efficiency of a logistic classification algorithm to separate traces containing muons
from traces without muons in a simulated WCD?



Simulations
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Particle simulations
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Simulated traces with muons and without muons

Detector and traces simulations —
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Photons

Information from each trace

Simulated trace with its information
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Integral: Total number of
photons that arrived to the PMT.

Max amplitude: The maximum
number of photons on the trace.

Max amplitude time: Time when
the trace reached the maximum
number of photons.

Trace width: Time interval since
the number of photons got over
the 40% of the max amplitude
until it got under the 40% of the
max amplitude.
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DATA SETS

B Training data
set

‘Testing data
set




Classification algorithm

Binary logistic regression



How can we determine the probability that a trace contains

a muon?
» Trace width at 40 % (X; 1)

» Max amplitud time (X; o)

= Log of trace integral (X; 3)
Linear combination:

%= X0 = 0y + X; 10, + X205 + X, 505
Probability:

P=F(z)=

Coefficients:
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How can we determine the coefficients?
fly)=P'(1—P)

} mo ., oK
Likelihood:  L(§: X):H(

Bernoulli;

0 = [0y, 01, 62,03

Coefficients | Estimate | Error
6o -7.24 0.06
01 0.004 0.001
(5 0.0048 0.0001
03 2.49 0.02
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Projection of the tracks on the integral and the width of the
track plane

Histogram of traces in the Log(Integral) vs Width plane
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Proyeccion de las trazas en el plano de la integral y de la
posicion de la amplitud maxima

Histogram of traces in the Log(Integral) vs Max amplitude time plane
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Analysis and results



Confusion matrix
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How to determine the threshold?
Efficiency vs Threshold
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How to determine the threshold?
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Cross validation

e = (0.785 + 0.003
§=0.841 +0.003
E =0.729 + 0.003




Variation of efficiency as a function of proportion
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Summary



Summary

It is possible to discriminate tracks with at least one muon from tracks
without muons with an efficiency of € = (78.5 £ 0.3)%, which forms the basis
for discriminating gamma primaries in the ALPACA experiment.

The efficiency is not a reliable metric because it changes as the proportion
of tracks with muons varies.

The metrics to evaluate are sensitivity S = (84.1 £ 0.3)% and
specificity E = (72.9 £ 0.3)%
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Summary

We have a simple model and a low-cost
detector with a single PMT, yet seemingly
better results compared to other similar
articles using more advanced techniques
and a WCD with multiple PMTs.

array (dense vs sparse). The proposed method was effective
for both vertical and inclined induced events, where roughly
the 70% of stations with slightly contaminated muons and
the 50% of all stations with muons had P;S') > 0.5. For
inclined events, just 10% of the stations without muons had
P,i') > 0.5, while for vertical events the same happens for
P,Y) > 0.

y [m]

X [ml]

[11] R. Conceicdo, B. S. Gonzdlez, A. Guillén,
M. Pimenta, B. Tomé, 2021, Muon identi-
fication in a compact single-layered water
Cherenkov detector and gamma/hadron dis-
crimination using machine learning techni-
ques, (https://doi.org/10.1140/epjc/s10052-021-
09312-4)
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IVES

Perspect

Histogram of traces in the Log(Integral) vs Width plane
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Perspectives

Neural networks Add a second gT
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Método de maxima verosimilitud

El método de maxima verosimilitud es una técnica fundamental en
estadistica que se utiliza para estimar los pardmetros de un modelo
probabilistico al encontrar los valores de los pardmetros que maximizan la
probabilidad de observar los datos que realmente se observaron.

m

L(gly) = | | f(vil®) (6)

i=1

Donde llamaremos a L(¢) la funcién de verosimilitud y donde f(y|®) es la
funcién de densidad de probabilidad con parametros ¢ que ajustaremos al
modelo

Para poder aplicar el método se deben cumplir las siguientes condiciones:

@ Los errores deben ser independientes entre si.
@ Los errores deben seguir una distribucién f(y|¢p)

@ Las variables independientes X deben ser independientes entre si.
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Distribucion de Bernoulli

La distribucidon de Bernoulli es una distribucién de probabilidad discreta
que modela el resultado de un experimento aleatorio que tiene dos posibles
resultados: éxito (generalmente denotado como 1) o fracaso (generalmente
denotado como 0). Es importante destacar que estos resultados deben ser
mutuamente excluyentes y exhaustivos, es decir, solo puede ocurrir uno de
los dos resultados posibles. Esta esta descrita de la siguiente forma:

p ify=1
f =
(vlp) {qzl—p fy =0

o también:

f(vIp(¢)) = (p(#))” - (1 = p(¢))* ™ (7)

donde y = 0,1 y p es la funcién que describe la probabilidad de éxito para
el modelo. Por ejemplo para una distribucién normal, se usara su
cumulativa.
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Método de maxima verosimilitud

L(gly) = Hp (8)) - (L= p())'™

I(¢ly) = Z[yl Inp(¢) + (1= yi) In(1 — p(0))]
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Distribucion Logistica

Densidad de probabilidad:

A s(1+ e_w)2
Cumulativa: ]
p(X0) = 1+ e X0

Funcion de verosimilitud.

i(0ly. X Z[y, g (L )i~ )
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