Vol. 37 (2006) ACTA PHYSICA POLONICA B No 7

APPLICATION OF NEURAL NETWORKS TO
SIMULATED DATA FOR LIQUID ARGON TPC'S

Dorota Stefan, Tomasz Wjcha®a

Department of Neutrinos and Dark Matter
The Henryk Niewodnicza«ski Institute of Nuclear Physics
of the Polish Academy of Sciences
Radzikowskiego 152, 31-342 Krakdw, Poland

(Received June 14, 2006)

The paper presents the capability of a Liquid Argon TPC to distin-
guish between electrons and °'s and also between proton, kaon and pion.
Neutral pions are very dangerous background in the study of autrino oscil-
lations while hadronic identi cation is important to look f or proton decay.
The analysis was based on the data from Monte Carlo simulatio and was
achieved by means of Neural Networks. Two methods of analysifocus
on the particle energy loss by ionization. One concerns el@ons inside
electromagnetic cascades, the other one decaying hadrons.

PACS numbers: 14.60.Pq, 12.10.Dm, 07.05.Mh, 29.40.Gx

1. Introduction

The ICARUS experiment [1] will start next year at the Gran Sasso lab-
oratory in Italy. Its detector was rst proposed by Carlo Rub bia in 1977 [2]
and is based on Time Projection Chambers (TPC) lled with Liquid Argon.
The two modules of the ICARUS detector are being installed ad in the
next step will be lled with 600 tons of Liquid Argon. The tech nology of
this detector was checked in several tests and the results @wvery promising.
Thanks to high energy resolution and very good granularity CARUS will
provide 3D imaging for tracking and calorimetric measuremats. The high
sensitivity of this type of detector will make it ideal to explore oscillations
of neutrinos while a bigger detector would be perfect to lookfor nucleon
decay [3].
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The Liquid Argon TPC was also proposed for the T2K experiment[4, 5]
which will be realized at the Japanese Proton Accelerator Reearch Com-
plex (J-PARC). T2K will be a second generation long-baselie neutrino-
oscillation experiment. The most important measurement caried out there
concerns the mixing angle ;3.

The detector technique based on Liquid Argon is so interestig that there
are many ideas for building a much bigger detector of this tyg in the future.
They were presented at the dedicated workshop recently orgézed at Gran
Sasso [6].

In order to study neutrino oscillations it is essential to distinguish be-
tween electromagnetic cascades produced by electrons angose which ap-
pear from © decays which are the most dangerous background. In searcigin
for proton decay the hadronic identi cation is important. T hese two prob-
lems will be discussed in the following chapters.

In the second chapter the software needed to perform the angis is
described. The third chapter focuses on the details of the ettron/ © dis-
crimination while the fourth concentrates on the proton deay identi cation.
Finally, the last part of the paper is a summary and outlook.

2. Description of the method

All events used in our analysis were generated and reconstrted by the
T2K-LAr software, which is a dedicated tool for a proposed Lquid Argon de-
tector in T2K experiment. This software was mostly developd by A.Rubbia
and his group. Generation of the Monte Carlo data was perforrad using
a G4T2Kgenerator based on theGeant4 environment [7]. Generated events
were mono-energetic, with no additional particles in the iitial state and no
noise. Particles were shot into the detector along one dir¢ion and events
were fully contained. Reconstruction was done using the T2KLAr Qbatch
program.

In our analysis events were classi ed using the neural netw& library
from the ROOpackage [8]. We used simple Multilayer Perceptron networks
with:

Input layer containing a number of neurons (inputs) which i s de-
pendent on the number of parameters used for classi cation.

One hidden layer the number of neurons in this layer was adjusted
empirically (to maximize the quality of classi cation).

Output layer containing a number of neurons (outputs) whic h de-
pends on how many types of particles we want to distinguish aiwng.
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Before starting the whole procedure, the set of the generateévents was
divided into two parts: training set and testing set. The training set con-
tains, apart from parameters used as inputs for the neural nmvork, also a
value of true network output for each of the events. This set$ used to
train the neural network. The testing set is used to test the gality of the
classi cation.

A very convenient way of testing the quality of the classi cation by a
neural network is to usepurity-e ciency plots (cf. Fig. 2). By gathering the
network answers for all the events in the testing set, we gettte distribution
for the network output. To distinguish between two classes bevents: signal
(one of the particles) and background (the other ones), we regl to establish
a cut (threshold) on the distribution of the network output. Let us de ne
the two variables for a given threshold applied to the netwok output:

1. Purity:
= 0, .
Purity 100A)Nbg(0utput)+ N 5 (OUtPUY : (2.1)
2. E ciency:
E ciency =100% ————— 2.2
y Nsig(Input) (2.2)

Nsig(Set) and Npg(Set) are the numbers of signal and background events
in a given set. Input is the set of the events which is being cksi ed and
Output is the set of the network answers which are above a givethreshold.
If the purity e ciency curve is located higher on the plot t he quality of
classi cation is better and the network can separate betterthe signal from
the background.

The main uncertainty in the determination of the purity e ¢ iency curves
comes from the uncertainty in the purity:

o 2 @urity L2 @urity 2

purity N sig (Output) @I\Jig(Output) N g (Output) @Ng(iOUtput) :

(2.3)

In both parts of the analysis, e= © discrimination and proton decay

search, the basic parameter used as input for the neural netwk was the

ionization signal from the wires. It is very well measured bythe Liquid
Argon detector [1].
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3. Electron/  © discrimination

The best way to get the neutrino's signature in thecharged current (CC)
reactions is to measure the signal from the charged lepton ithe nal state.
In the case of an electron in the nal state, an electromagnét shower is
produced. The energy of the shower can be precisely measurdde to the
good energy resolution of LAr TPC. This is the reason why the © events
with the electron in the nal state are the so called golden tannel for
Liquid Argon TPCs.

The electron signature is used to recognize CC interactionsf neutrinos
of two avors:

Electron neutrinos and their interactions:
etnN! e +p (3.2)

which are important in the T2K experiment where the very low
I ¢ oscillation signal will be searched for.

Taon neutrinos and the:
+N!  +X (3.2)

reaction, where decays into an electron and two neutrinos occur
with an 18% branching ratio. This reaction will be important in the

ICARUS experiment (CNGS beam) where the ! oscillations

will be searched for.

A considerable background forcharged current reactions are theneutral
current (NC) interactions, where ° mesons are produced:

+n! + %+ X: (3.3)

In 98.8% of cases the © in the nal state of this reaction decays after
traveling an in nitesimal way into two photons. Photons giv e rise to elec-
tromagnetic showers and can imitate electron or taon signal when one of
the showers starts close to the interaction vertex. Confusin is possible
especially in two situations:

1. One of the photons coming from a ° decay has very low energy and
only the second one initiates the electromagnetic shower.

2. Showers produced by the two photons overlap.
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Fig.1. Electromagnetic showers in the Liquid Argon TPC initiated by electron
(upper part) and © (lower part).

The mistake may also be made when a neutral pion decays into ae" e
pair and a photon (Dalitz decay in 1.2% of cases). Examples of electron and
0 events in the T2K Liquid Argon TPC are shown in gure 1. Electron/ °
discrimination has its aim to separatecharged current and neutral current

neutrino interactions.

A set of Monte Carlo electron and © events was divided into two com-
parable parts: training set and testing set. The energy of te generated
particles was set to 1 GeV because the average energy of the R2xperi-
ment beam will be close to that value. The neural network disdmination
method was applied by extracting some parameters from elegin and °
events and feeding a simple neural network with them. The nevork has
one output which gives us information which particle was reognized. Test-
ing the quality of the classi cation by a neural network was performed using
purity-e ciency plots. The basic parameter which was used was an average
energy loss on several wires from the cascade beginning:

€ 1%
dx. N . dx

(3.4)

An electron gives an immediate ionization signal unlike the © meson. ©

decays into two photons that convert into €" e pairs after an average dis-
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tance equal to the radiation length in liquid argon (Xg = 14cm). Before
the shower starts to develop, the signal from are* e pair created by the
conversion of a photon coming from a © decay should be twice as high as
the signal from a single electron. This fact is the main motiation for using
the ?j—'f( as a parameter. The number of wires taken into account in caldat-
ing the average energy loss was adjusted to have the purity @ne ciency
as high as possible. Results of the neural network analysi2{2-1 network)
using only f(‘j—')f information are represented by the lowest purity-e ciency
curve in Fig. 2. They are promising but one can obtain better esults by
extracting more information from the events in the detector.

To improve the quality of classi cation, additional parameters were used
as input variables for neural network. These parameters arthe results of the
shape analysis of electromagnetic showers produced by dlens and ©'s.
Some of the variables which were added to the analysis are tiesl below:

1. Average width of the event in the wire plane.

2. Total number of reconstructed electron tracks in the eletomagnetic
cascade.

3. Length of the track with the largest number of hits.
4. Average radius of the event in the space.

5. Average angle between the direction of the primary partite and the
reconstructed hits in the space.

Adding the parameters from topological analysis of events @ye a con-
siderable improvement in the quality of the classi cation. Results of using
the 7-2-1 network with %—E and topological parameters used as inputs are
represented by the middle purity-e ciency curve in Fig. 2.

Assuming that we know the location of the primary vertex of the neutrino
interaction (the point where the electron or ° was produced) we can further
improve the quality of classi cation. This was done by usingan additional
parameter to feed the neural network:Xon,. The value of Xjo, is the distance
between the location of the primary vertex and the point whee the rst
ionization signal was registered by the detector. Using theo, parameter
gives us very big improvement in classi cation. Itis illustrated by the highest
purity e ciency curve in Fig. 2. Although adding Xjon is essential, we should
stress that the information about the location of the primary vertex is often
unavailable, especially at low neutrino energies.
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Fig. 2. Purity-e ciency plots for three levels of the analysiis.

4. Proton decay

Proton decay is predicted by many Grand Unication Theories. Al-
though the newest data from Super-Kamiokande conrm the extusion of
the simplest group SU(5) [10], there are many other interestg symmetries
in which proton decays very naturally [11]. The golden chanel for Liquid
Argonis p > K * [12] which is favored by SUSY. For this channel one
event observed in the LAr TPC is enough to prove that proton deays.

Initially 2000 of events for each particle type (proton,K* and *) were
generated inside the detector. In the simulation particleswith kinetic energy
of 1 GeV were traveling in the direction of the longest side othe detector.
They were allowed to loose their energy until they stopped oy via ionization
of Liquid Argon. All the particles were fully contained inside the detector.

As was mentioned before, a standard three layer perceptronfmeural
network was used. In that case there were three output nodesielated
each to one particle type. The input layer consisted of 9 neums, each
one corresponding to the energy loss on one wire, startingdm the track
end. For improving the quality of the network's result the last wire was not
taken into account. For this wire the area from which ionizaion electrons
are collected was often smaller than the one for other wires.
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The correction for energy loss in each of the 9 wires was madg bonsid-
ering the angle between the particle track and the wires. Figre 3 shows the
energy distribution for the total energy loss. For each paricle the network
e ciency recognition was always above 90% and the contamintion from
other particles was below 10% when the electronic noise wa®ttaken into
account.
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Fig. 3. Energy distribution for the total energy loss in 9 wires for the three particles
( *;K™*;p) using the corrected energy loss.

Finally, the in uence on particle identi cation by changin g the geometry
of neural network was checked. In order to receive faster rpsnse only one
input instead of nine was used. It turned out that the sum of sk energy
losses in six wires, was enough for the net to give a good resahd optimized
the calculation time.

5. Summary and outlook

In our analysis we applied neural network techniques a very e cient
way of classi cation of events. These techniques were usedrfe = © discrim-
ination and particle identi cation for proton decay. We fou nd that the ?j—'f(
information is crucial for the discrimination of the particles. We also found
that some additional parameters describing the topology othe events can
be very useful, especially in electron/© distinction.

The preliminary results are promising. Our plan is to improve the anal-
ysis by using some other classi cation algorithms: in partcular more ad-
vanced types of neural networks (ontogenic neural networRs It is also im-

portant to apply our classi cation techniques to the ICARUS T600 detector
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where the wire geometry is di erent from that of the T2K-LAr d etector. The

rst data from running the T600 detector on the CNGS beam are pected
in 2007 and will give a great opportunity to test our analysis Making the

algorithms useful for analysis using real data requires kneledge of the detec-
tor noise. Itis our purpose to test the quality of classi cation on events with
noise. Applying our techniques to Monte Carlo data for the T@®O0 detector
implies using a di erent event generation software. Adjusing our software
to accept FLUKA [9] generated data is then one of our future taks.

REFERENCES

[1] S. Amerioet al. (ICARUS Collaboration), Nucl. Instrum. Methods A527 , 329
(2004).

[2] C. Rubbia, The Liquid Argon Time Projection Chamber: a new concept for
Neutrino Detector, CERN-EP/77-08 (1977).

[3] ICARUS Collaboration, A Second-Generation Proton Decg Experiment and
Neutrino Observatory at the Gran Sasso Laboratory, LNGS-P3B/2001.

[4] Y. Hayato et al., Letter of intent of neutrino oscillation experiment at JHF ,
January 2003.

[5] E. Kearnset al., A proposal for a detector 2km away from the neutrino source,
May 30, 2005.

[6] Cryogenic Liquid Detectors for Future Particle Physics, LNGS, March 13 14,
2006, webpagenttp://cryodet.Ings.infn.it

[7] Geant4 webpagehttp://geant4.web.cern.ch/geant4
[8] ROOT webpagehttp://root.cern.ch
[9] Fluka webpagehttp://www.fluka.org

[10] K. Kobayashi et al. (Super-Kamiokande Collaboratio), Phys. Rev. D72,
052007 (2005) liep-ex/0502026].

[11] P. Nath, P. Fileviez Perez,hep-ph/0601023, submitted to Phys. Rep

[12] ICARUS TM 05-05, The ICARUS Detector at the Gran Sasso: @& Upgraded
Analysis.



