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Abstract

The ATLAS detector is being built in CERN at the LHC. It is a gen-
eral purpose detector that will be used for a variety of experiments, such
as searching for the Higgs Boson. The electromagnetic calorimeter is a
component of ATLAS responsible for measuring the energy deposited by
e+, e−, and γ. This paper presents a study of the resolution of the E-M
calorimeter using data simulated by GEANT 4. Also included is a study
in the use of Neural Networks to classify particles, specifically e−/π±,
using data from the E-M calorimeter.
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1 Introduction

1.1 The ATLAS Detector

The Large Hadron Collider currently being built in CERN will be able to collide
protons at 14 TeV, and the ATLAS detector is being built to detect the result of
such high energy collisions. Potentially, the detector will be able to find evidence
for the Higgs Boson. The detector is built in multiple layers in order to detect all
possible flavors of particles and thus accurately reconstruct the original event.
The innermost layer measures the momentum of charged particles by applying
a magnetic field and calculating the resulting curvature of the tracks using pixel
detectors. Next is the electromagnetic calorimeter, which measures the energy
of electrons, photons, and positrons, followed by the hadronic calorimeter which
obtains the energy of protons, pions, and other heavier particles. Finally the
muon spectrometer identifies muons. Any missing energy is then attributed to
neutrinos which are not seen by the detector.

1.2 The Electromagnetic Calorimeter

The electromagnetic calorimeter is designed to measure the energy of in-
cident electrons, positrons, and photons. It is also able to obtain direction
and depth data. The calorimeter uses the phenomenon of the electromagnetic
shower to obtain its measurements. An electromagnetic shower is a description
of the combination of two main effects; electrons or positrons radiating photons
through bremsstrahlung radiation, and photons turning into electron/positron
pairs. In the calorimeter, this process takes place as a result of lead plates.
Electrons or positrons passing near a lead atom are scattered by the electrons
of the lead and radiate a photon. The photon in turn decays into a e−/e+

pair as a result of interaction with the lead. This branching continues and the
number of particles increases until the particles reach a critical energy at which
the process stops. The energy of each electron/positron is measured as it passes
through Liquid Argon between the lead plates. The Liquid Argon becomes ion-
ized and electric fields between the plates force the ionized electrons to drift
towards electrodes that record the energy.

The calorimeter needs to be able to measure particles over the full range of
0 < |η| < 3.2, and therefore it has two parts, the barrel and the end cap. The
barrel measures particles in the range 0 < |η| < 1.5, and the end cap measures
particles in the range 1.5 < |η| < 3.2. However, this architecture creates a
crack in the calorimeter at η = 1.5 where the barrel and end cap meet. This
crack becomes important for measurement resolution, discussed later. In the
barrel region, the incident particles encounter more passive material at higher
η values. To compensate for this problem, in the regions |η〉 0.8 thinner lead is
used. However, this creates a nonuniformity at η = 0.8 where the two regions
meet, and this nonuniformity causes problems in resolution that need to be
corrected for.
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The calorimeter is made up of four regions, the presampler, first sampling,
second sampling, and third sampling regions. The presampler corrects for energy
lost in the passive material such as cryostat walls in front of the calorimeter. It
is in front of the rest of the sampling regions and is read out independently of the
rest of the calorimeter. The presampler is used only for energy measurement; its
granularity (4η ×4φ = .025× .1) is too coarse for making any measurements
on the direction of the shower. The first sampling, in contrast, has very fine η
granularity (4η ×4φ = .003× .1) and is used to distinguish between π0 → γγ
decays and single photons. The second sampling has a medium granularity as
it uses towers of size (4η × 4φ = .025 × .025). The second sampling region
can be used to gather information of the shower shape in both the φ and η
directions. Most of the energy is deposited in this region. The third sampling
region is mainly used to obtain the remaining energy from high energy particles
that failed to deposit all tier energy in the first regions. Below is a picture of the
three sampling regions, their granularities, and also the previously mentioned
material change at η = 0.8.

Figure 1: Granularity and depth of the three sampling regions

2 Electron-Pion Classification

2.1 Neural Networks
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Artificial Neural Networks are powerful nonlinear methods of solving com-
plex physical problems such as pattern recognition that are not easily solved
by standard methods. Specifically, neural networks can be used in high energy
physics to distinguish between different particles, given a set of data. Neural
networks are essentially nodes organized into three layers: the input layer, the
hidden layer, and the output layer. The structure of the neural network can
thus be viewed as:

Figure 2: A three layered neural network. There are 4 input nodes, 5 hidden
nodes, and 1 output node.

All three layers can correspond to various number of nodes, but typically
hidden layer will have the same order of nodes as the input layer, and the
output layer will one node. There can be more than one hidden layer, but this
does not necessarily coincide with an increase to performance and instead raises
the complexity of the network.

The neural networks process input by using weights between different nodes,
as well as thresholds and a sigmoid activation function. Specifically the ith

output node, oi is determined by the formula:

oi (x1, x2, ...xn) = g

 1
T

∑
j

wijg

(
1
T

∑
k

wjkxk + θj

)
+ θi


- {xk} are the inputs

- The set {wij} of weights between nodes i and j

- Thresholds θi specific to each node

- Scaling factor T

- g(x) is the non-linear activation function, typically of the form:

g(x) =
1
2
[1 + tanh(x)]
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The values for the weights {wij} are determined by training the neural net-
work. Training is done by inputting data into the neural network with known
target output patterns t

(p)
i and then minimizing the mean square error,

E =
1

2Np

Np∑
p=1

∑
i

(
o
(p)
i − t

(p)
i

)2

The minimization can be done a various number of ways, ranging from the
simple back-propogation method, conjugate gradients, and second order meth-
ods that require computation of the Hessian. For HEP problems, it has been
found that back-propogation works best since conjugate gradient algorithms
break down on relativity flat error surfaces which could occur.

2.2 Analysis Setup

The Neural Network implementation used for this study is JetNet 3.0. It
is written in 1993 by Carsten Peterson and Thorsteinn Rgnvaldsson from the
Department of Theoretical Physics in the University of Lund, Sweden, and Leif
Lnnblad from the Theory Division in CERN, Switzerland. It is a fully functional
implementation that includes features such as different training algorithms, and
performance testing. However, JetNet is written in Fortran, and therefore in
order to use it through the ROOT program, it is necessary to use a bridge
between the two. The script Root to Jetnet developed by Catalin Ciobanu and
Phillip Koehn provides this interface, and therefore it is possible to use JetNet
through ROOT.

The input data for the electron-pion classification study were generated by
the GEANT 4 simulation program. Both pion and electron events were gener-
ated at fixed total energy = 20GeV and η = 0.3. A total of 1000 electron events
and 2000 pion events were generated by the simulation to be used for the neural
net study.

The input parameters for the neural network were:
- Fraction of Energy in Presampler

- Fraction of Energy in Sampling 1 (Strips)

- Fraction of Energy in Sampling 2 (Towers)

- Fraction Energy in Sampling 3

- Energy Leakage into the Hadronic Calorimeter

- Shower Shape in φ

- Shower Shape in η

- Transverse Energy / Transverse Momentum

Figure 3 shows histograms made for pions and electrons for a few of these
parameters. It is evident that although the distributions overlap, there are
significant differences between the two that would allow the neural network to
decide between a pion and an electron based on the data.
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Figure 3: These graphs show the differences for electrons and pions in the
distribution of: the fraction of energy deposited in the first sampling region,
the energy leakage into the hadronic calorimeter, the η shower shape, and the
φ shower shape

The neural net was setup to have 8 input nodes, 1 hidden layer having
between 1 and 30 nodes, and 1 output node. 500 pion and electron events were
then used to train the network using the back propagation learning algorithm.
The remaining 500 electron and 1500 pion events were later used to test the
performance of the neural network after it had been trained. The output target
was set that electron patterns would create an output of 1.0 and pions would
generate an output of 0.0.

2.3 Results

After training the neural network, the neural network is tested using the
remaining pion and electron events. An example of the output for electron and
pion events using 11 hidden nodes is shown in Figure 4. From these two figures,
it is clear that although the neural net does a good job in separating pions
and electrons, there are still some electrons in this case that are not completely
identified since the electron distribution is rather broad. Furthermore, although
it is not very clear from the graphic, there is a small percentage of pions that
have outputs close to 1, the electron target. These are misidentified pions and
one of the goals is to minimize the occurrence of these errors.
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Figure 4: Electron [blue] and Pion [yellow] event output using 11 hidden nodes

To classify an unknown event as an electrons, a cut must be made at for
example .95 so then all events that create an output > .95 are classified as
electrons. Setting this electron acceptance cut at a low value will increase the
number of electrons that are correctly identified, but it will also increase the
number of misidentified pions. Likewise, setting it too high will decrease pion
misidentification but also decrease electron identification efficiency. These two
variables, the pion misidentification efficiency and the electron efficiency are
plotted for different numbers of hidden nodes in Figures 5.

2.4 Discussion

A few important conclusions can be drawn from this preliminary neural network
study. From Figure 5, it can be seen that the performance of these neural
networks is very sensitive to the number of hidden nodes used. For example,
changing the number of hidden nodes from 10 to 12 drastically improved the
percentage of electrons that were correctly identified while still keeping the
number of pions misidentified low. This sensitivity is not very attractive since
it presents a very problematic instability. However, this might be due to that
lack of input data. With 10 hidden nodes and 8 input nodes and 1 output, there
are a total of 90 weights that need to be trained. With only 1000 different inputs,
500 for the electrons and 500 for the pions, this might not be enough to properly
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Figure 5: Electron identification efficiency and percent of pions miss-identified
for the same NN with different numbers of hidden nodes

train the network. However, even with this lack of data the neural network was
able to perform rather well. For 12 hidden nodes and a .95 electron acceptance
cut, the neural network identified 97.2% of electrons and misidentified 5.5% of
the pions. Although this is by no means a great result, it is still quite good and
most important rather promising.
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3 Resolution Study

3.1 Source Data

The data used to study the position (η) and energy resolutions were electron
events at fixed η values {0.3, 0.7, 0.8, 0.9, 1.3, 1.5} and fixed total energy values
{20, 100, 200, 300, 400, 500} GeV. Therefore there were a total of 42 input files,
and each one contained 1000 individual events. However, the η = 1.3 and
E = 200 GeV file was somehow broken and contained less than 200 events, and
therefore that input data was not used. All events were made with the GEANT
4 simulation program.

3.2 Energy Resolution

The total energy as measured by the e-m calorimeter is the sum of the en-
ergies measured in the four sampling regions. The distribution of the total
energy is a gaussian with a fat low energy tail. The tail is a consequence of the
fact that electrons might loose energy through other processes such as emitting
bremsstrahlung radiation within the inner detector, while it is not possible for
the electron to obtain more energy than it starts with in the simulation. There-
fore to obtain the energy resolution, each energy distribution was restricted to
approximately E > µ−1.5σ where σ was initially estimated ad hoc. An example
of such a distribution and the corresponding gaussian fit appears in Figure 6.

There are three main elements that affect the resolution. The most sig-
nificant element comes from the pure sampling fluctuations. This sampling
fluctuation is

√
n, where n is the number of particles created in the shower, and

n ∝ E, then we have that σsample ∝
√

E. There is also a term that is due to
imperfect corrections to longitudinal leakage, φ modulation, and other factors,
leading to a σimperfection ∝ E. Lastly, there is a constant electronic noise term.
Adding these terms together in quadrature leads to the theoretical:

σE

E
=

√
a2

E
+ b2 +

c2

E2

After obtaining the σE from the gaussian fit for every energy and pseudo-
rapidity, the percent resolution, σE

E is plotted against energy, and then fit to
the theoretical equation above. Figure 7 shows plots made for different values
of η. There are a few important points to be seen from these plots. First, it is
important to note that the sampling term is gradually increasing from η = 0.3.
This is due to presence of more passive material in front of the detector at in-
creasing values of η. However, there is also a spike at η = 0.8. This is due
to the change of material density that occurs at that point in the barrel. This
nonuniformity therefore causes the spike in the resolution. Furthermore, the
increase in error at η = 1.3 is partly affected by the transition from the barrel
to the end cap that occurs at about η = 1.5. In the ATLAS E-M Calorimeter
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Figure 6: Energy distribution and gaussian fit of electrons at η = 0.7, E =
200GeV

TDR, the values obtained at η = 0.3 for the sampling error and the constant
term are a = 8.95± 0.23

[
%
√

GeV
]

and b = 0.35± 0.02 [%]. The higher values
obtained in the plots in Figure 7 show that the error corrections that are in
GEANT 3, used for the TDR, are not in place in the new GEANT 4 data.

The lack of corrections is also shown in a plot of the energy resolution as a
function of the pseudorapidity. Figure 8 shows such plots at energies of 20 GeV
and 100 GeV. These plots show the huge jump in error at the barrel-end cap
transition at η = 1.5 as well as the spike at η = 0.8.

3.3 Eta Resolution

As stated previously, both the inner detector and the e-m calorimeter are able
to measure the position variable η. The resolution of the η measurement in the
e-m calorimeter is obtained by taking the difference between the measurement
from the track in the inner detector and the measurement in the calorimeter,
and then fitting the resulting distribution to a gaussian. The measurement in
the calorimeter is separated into the first and second sampling regions to show
the difference between the resolution in the two measurements. These plots are
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Figure 7: Energy Resolution vs. Energy fit to σE
E =

√
a2

E + b2 + c2

E2 at different
values of η (Pseudorapidity) 0.3, 0.7, 0.8, 0.9, and 1.3 respectively

shown in Figure 9.
As seen before, the change in material at η = 0.8 and the transition from the

barrel to end cap at η = 1.5 affect the resolution. Furthermore, the resolution
in the first sampling region is about 2 times finger than in the second region.
This is expected from the difference in geometry of the two regions.

4 Conclusions and Future Work

This project looked at two separate aspects of the E-M calorimeter. The
resolution studies show that the GEANT 4 data still needs to have all of the
necessary corrections put into it to account for the crack between the barrel
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Figure 8: Approximate sampling term value for different values of η for electrons
at 20 GeV and 100 GeV

Figure 9: η resolution in two different regions of the e-m calorimeter at different
values of η

and end cap, as well as at the point of material change. However, aside from
these corrections, the resolutions fit to expected trends and values obtained from
previous such studies done with GEANT 4 data.

The work done with the neural networks, although still preliminary, shows
that the method will work for identifying between different particles once the
neural network is properly trained. Therefore future work should concentrate
on using much more data to train the network given the large number of free
variables, as well expanding the range of η and energy values. Ultimately, data
from other parts of the ATLAS detector, such as the inner detector and hadronic
calorimeter could be better incorporated to identify particles.
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