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The GRAPES-3 experiment located in Ooty consists of an array of 400 plastic scintillator detectors
spread over an area of 25000m? and a large area (560 m?) muon telescope. Every day, the
array records about 3 million showers induced by the interaction of primary cosmic rays in the
atmosphere. One of the primary objectives of the experiment is to measure the energy spectrum
and composition of the cosmic rays in the TeV-PeV energy range. However, some of the detected
showers have cores outside the array. This fraction increases with energy due to the higher lateral
spread of shower particles at higher energies. Identifying these events is thus crucial for accurate
measurement of the cosmic ray energy spectrum. This work will describe simple cut based as well
as machine learning based strategies for identifying and excluding such events and their impact
on the cosmic ray energy spectrum as measured by the Bayesian unfolding technique.
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1. Introduction

The acceleration and propagation mechanism of cosmic rays is a century-old mystery and one
of the ways to probe it is by the study of cosmic ray (CR) energy spectrum. However, there are
systematic effects hampering the precise measurement of the energy spectrum. Figure 1 shows
the unfolded spectrum energy spectrum (unfolded by the Bayesian unfolding method using the
ROOUNFOLD package [1]) deviating from the input energy spectrum generated from simulation.
This is because high energy showers landing hundreds of metres away from the array also trigger
the array, and such showers often have their reconstructed cores inside the array due to improper
reconstruction. This work demonstrates methods to remove such contaminated showers by using
simple cut based and machine learning strategies, and the subsequent improvements in energy
spectrum measurements caused by these methods.
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Figure 1: The unfolded spectrum shows some deviation from the expected true spectrum of CORSIKA
simulated showers with spectral index -2.5, the showers were thrown in a circular radius of 150 m

2. GRAPES-3 experiment

The GRAPES-3 (Gamma Ray Astronomy at PeV Energies Phase-3) experiment is located at
Ooty (11.4°N, 76.7°E, 2200 m a.s.l.), India. The GRAPES-3 extensive air shower (EAS) array
consists of 400 plastic scintillator detectors. Each of these detectors records particle densities and
relative arrival times of particles in an air shower [2]. The scintillator array covers an area of 25000
m?. GRAPES-3 uses two level trigger, level-0 trigger is a simple 3-line coincidence in 100 ns time
window and level-1 trigger requires at least 10 detectors hit in 1 ps time window. The scintillator
detectors are arranged in hexagonal geometry, with an inter-detector separation of 8§ m. GRAPES-3
also has 560 m? tracking muon detector consists of 3712 proportional counters (PRCs) [3]. A
schematic of GRAPES-3 with the fiducial area (14560 m?) is shown in Figure 2.

3. MC simulations

Simulated air shower data is produced by using CORSIKA (version 7.69) simulation package.
5 x 108 air showers with proton primaries and spectral index -2.5, having energies from 1 TeV to
10 PeV were simulated using hadronic interaction generators SIBYLL-FLUKA. The showers are
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Figure 2: Schematic of GRAPES-3 air shower array, the area enclosed by the black dashed line marks the
fiducial area

thrown within a circular area of radius ’r’ such that the trigger fraction is less than 1% outside this
circle. The value of ’r’ is within 300-500 m for showers having energies of a few hundred TeV, and
within 500-800 m for showers with energies above a PeV. The detector response of these simulated
showers is then calculated using GEANT-4, followed by shower reconstruction similar to data in
order to obtain the shower parameters.

4. Reconstruction of shower

The particle densities recorded in the detectors are fitted by the well known Nishimura-Kamata-
Greisen (NKG) function to obtain the shower parameters as described in [4], namely, the shower
size (N.), age (s) and the shower core (X, Y. ), as shown in Figure 3.
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where p; is the expected particle density at i*” detector, r; is the distance of i*” detector from shower
core. 1y, is the Moliere radius which is 103 m at Ooty.

The NKG fit is performed by negative log-likelihood minimisation. For an expected density
of p;, the probability p; of detecting n; particles in the i-th detector can be expressed by a Poisson

distribution,
(piAicos8)"
= — ¢

1

—piAicosO (2)
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where A; is the detector area which is 1 m?2.
L= 1—[ Di (3)
i

Calculation of products is computationally intensive. Hence, the product is converted to a
summation by taking its natural logarithm.

In(L) = Z(nl- X In(p;cosO) — p;cosd — In(n;!)) @)



Veto cores M. Chakraborty

o
.
3

Particle density(m?)

-

Particle density (m)

Y >
s : =
E | | | | | |
Y (m) R TR S ! ARRIN SR
Lateral distance from core (m)

(a) The particle densities recorded in an air shower (b) The NKG fit of the lateral density profile of the

shower

Figure 3: The shower profile (left) and its lateral distribution fitted by NKG function (right). The core is
around the region where the highest particle densities are recorded.
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(a) The true cores and their respective reconstructed (b) The shower size distribution for showers with true
cores, that contribute to contamination cores outside and inside

Figure 4: Showers with true cores outside but mis-reconstructed cores inside having energies within 100

TeV < E < 158 TeV (left), and the shower size distributions for showers with the same energy are shown for
well and mis-reconstructed showers (right). The mis-reconstructed showers have lower shower size.

—In(L) is minimised in order to fit and obtain the shower parameters as described in [5].

5. Selection criteria
The following shower selection criteria are applied,
» Showers with successful NKG fit
* Zenith angle is restricted to 25°

¢ Showers with reconstructed cores within the fiducial area.
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Figure 5: Particle sum ratio for showers with true cores outside is higher
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Figure 6: LnNKGP and Age distributions for shower size 4.6 < logi9[N.]| < 4.8, both the variables show a
good distinction between well and mis-reconstructed showers

6. Analysis

The showers that have their true cores outside, but reconstructed cores inside (Figure 4(a)) have
lower shower size due to a partial shower front lying within the array, and hence they are interpreted
as lower energy showers by the array as shown in Figure 4(b). Variables that can distinguish
well-reconstructed and mis-reconstructed showers are selected and cuts are developed as a function
of shower size. The variables selected are as follows:

* Particle sum ratio (PSumRatio): It is defined as the ratio between the total particle density
collected outside the fiducial area and the total particle density collected within the fiducial
area. This ratio is higher when the true cores lie outside the array as shown in Figure 5.

* Quality of NKG fit: The mis-reconstructed showers have a poor NKG reconstruction. Thus,
the best value of the log-likelihood function used for NKG fit as described in section 4,
denoted by LnNKGP in Figure 6(a) serves as a distinguishing variable.

* Age: Age is mostly very high in the case of improper core reconstruction as shown in Figure
6(b).
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Figure 7: Decision of cut for PSumRatio for 4.6 < logo[N.] < 4.8, cut was applied at 0.46. This repeated
for all other variables in all other shower size bins

* Age error: The error in age parameter is usually greater than 0.5 in the case of mis-
reconstruction.

* x?: x? of the planar fit performed on the relative arrival times of the air shower in order to
obtain the shower direction.

6.1 Manual cuts

The guiding properties to decide cuts on the above mentioned variables are the signal sig-
nificance, the fraction of mis-reconstructed showers reduced, and well reconstructed showers lost
due to a particular cut value. Cuts are chosen at the value where the signal significance, given by
S/VS + B, attains its maximum. Here, S is the number of showers having both true and recon-
structed cores inside the array and the B is the number of showers having their true cores outside but
reconstructed cores within the array. The % reduction in background and the % signal loss, after
applying the chosen cut, are then evaluated to test the performance of the cut. If the % decrease in
background is less than or comparable to the % signal loss, then the cut is loosened or not used.
This is repeated for all other shower size bins using all the variables. As an example, in Figure 7,
the decision of cut for PSumRatio for shower size 4.6 < logio[N.] < 4.8 has been shown.

6.2 Machine learning

A gradient boosted decision tree (BDT) from the TMVA package [6] is used to separate the
mis-reconstructed showers from well reconstructed showers. The simulated dataset is split into two
statistically independent parts, one is used to train and the other is used to test the performance
of the BDT. The hyperparameters and input variables were optimized to ensure that the integral
of receiver-operator-characteristic curves (ROC) for train dataset is close to 1. In order to avoid
possible overtraining, we ensure that the Kolmogorov-Smirnov (KS) probability between train and
test distributions of the BDT output variable is above 0.05 . We also compare the performance of
the BDT by plotting the ROC for the train and test datasets, as shown in Figure 8.
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Figure 8: ROC and KS test results of BDT output variable for 4.6 < logg[N.] < 4.8
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Figure 9: Contamination and signal loss (in %) after applying the cuts with both the methods (Preliminary)

7. Results and discussion

After applying the cuts, we calculate the contamination reduction and the resulting signal loss

with true energy. The preliminary results are shown in Figure 9. The contamination increases with
increase in energy due to the lateral spread of the shower but is largely reduced with both the methods
with a corresponding signal loss with 20%. At higher energies, the manual cuts are seen to perform
better and its impact on energy spectrum measurements was studied. After applying the manual
cuts, the deviation in the unfolded energy spectrum from the input spectrum was largely reduced as
shown in Figure 10. At 50 TeV, the initial deviation before applying any cuts is around 15% from
the input spectrum which is reduced to around 3% after applying manual cuts. Further analysis is

in progress to improve the results of this analysis in order to perform precise measurements of the

CR energy spectrum.
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Figure 10: Energy spectrum before and after applying the cuts (Preliminary). The deviations are seen to
reduce significantly
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