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Abstract

The AGATA detector array makes it possible to track the paths of individual γ-rays hitting the detector.
The possibility to train a neural network with simulated data to discriminate between neutrons and γ-rays
hitting the AGATA detector array have been tested. Sources emitting neutrons and γ rays will have a
background from neutrons interacting with the high-purity germanium in the detector. In order to improve
the performance of the AGATA detector, separating neutrons and γ rays is of high importance.

Simulated data using Geant4 and the AGATA simulation package was used to train a multi-layer
perceptron to separate the neutrons and γ rays in both simulated and experimental data. The accuracy
of the neural network on simulated data was over 90% for the majority of tests and could reach upwards
of 99.99% in some cases. For experimental data the neural network found patterns indicating that it was
very possible to discriminate between neutrons and γ rays there as well. The experimental data which
was collected by using a 252Cf source and a 60Co source were tested and the neural network had promising
results showing that a neural network can be used to separate neutrons from γ rays in experimental data.



Sammanfattning

AGATA-detektorn gör det möjligt att följa individuella γ-strålar när de träffar detektorn. Möjligheten
att träna ett neuralt nätverk med simulerad data för att skilja på neutroner och γ-strålar som träffar
AGATA-detektorn har testats. Källor som emitterar netroner och γ-strålning kommer ha en bakgrund från
netroner som växelverkar med germanium i detektorn. För att förbättra prestandan i AGATA-detektorn
är det av stor betydelse man vill skilja på neutroner och γ-strålar.

Simulerad data skapad i Geant4 och ”AGATA simulation package” användes för att träna en multi-
layer perceptron att skilja på neutroner och γ-strålar i både simulerad och experimentell data. Precisionen
av det neurala nätverket på simulerad data var över 90% i de flesta fall, men kunde komma upp till 99.99%
i vissa fall. För experimentell data kunde det neurala nätverket hitta mönster som tydde på att det var
möjligt at skilja mellan neutroner och γ-strålar även där. Den experimentella datan bestod av en 252Cf
källa och en 60Co källa och det neurala nätverket kunde hitta utmärkande drag för bägge källorna som
tydde på att ett neuralt nätverk kan skilja på neutroner och γ-strålar i experimentell data.
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1 Introduction
The AGATA (ADvanced Gamma Tracking Array) detector array [1] is being constructed with the aim of
tracking the paths of individual γ rays hitting the detectors. The fully constructed AGATA is expected to
increase the experimental sensitivity by orders of magnitude for detecting γ rays emitted after a nuclear
reaction. The full AGATA will be a 4π detector array covering the full space around the target area and
is expected to be finished after 2025, however, the existing detectors are being used in experiments since
2011. AGATA detectors are arranged in triple clusters (ATC) and each detector consists of a 36 fold
segmented high-purity germanium (HPGe) crystal. The setup which is simulated in this work consists of
both the full 4π AGATA array with 60 ATC:s and a smaller array with only 4 ATC:s.

Following a typical nuclear reaction, charged particles like protons and alpha particles are emitted
as well as chargeless particles like γ rays and neutrons. Neutrons do not interact via electromagnetic
interaction and can travel long distances. They can easily hit the AGATA detectors and deposit energy
interfering with the γ-ray measurements. In order to improve the performance of AGATA and rejecting
neutrons hitting the detectors, several studies have been done earlier [2–6]. These were based on the
detector signal analysis [2] or on the γ-ray tracking technique [3]. All these methods work to some degree,
but they also have shortcomings like misinterpreted events.

It is of interest to discriminate neutrons in the AGATA detector in order to reduce background radiation
in the γ-ray detection. In sources with high neutron emissions such as 252Cf the background can cause the
γ-ray tracking to be poor. If the neutrons could be separated from γ rays, not only would the quality of
the γ-ray tracking increase, but AGATA could also be used as a neutron detector.

For large data sets, a neural network can find patterns which would be near impossible for a human
eye [7]. A neural network can be trained with labeled data to understand what is typical for each label,
in this case neutrons and γ rays. After this training, the neural network can be used to separate neutrons
from γ rays. Since the experimental data is normally not labelled for different particles, the training of
the neural network can be done by using the simulation software Geant4 [8] with the AGATA simulation
package [9].

The scope of this study is to investigate if a neural network could differentiate the data more efficiently
and more precisely than other methods. Since different hit patterns have been found in neutrons and γ
rays, a neural network with the right training should be able to perform as well or better than earlier
studies.

In this work, the training of the neural network is done only by using simulated data which provides
information for each interaction point in the detector. This information is the deposited energy and the
position (x, y, z - coordinates) for each interaction point in an event. The time-of-flight for an emission
from the source position to the hit point is also used in parts of this work. Testing of the trained neural
network is done by using simulated data in section 6 and experimental data from a 252Cf source and a
60Co source in section 7.
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2 γ-ray interactions
When γ rays interact with matter the dominant interaction process depends on the Z-value of the matter
and on the γ-ray energy [10]. The most important γ ray processes are photoelectric effect, Compton
scattering, pair production and Rayleigh scattering. Figure 1 shows the linear attenuation coefficient
(inverse mean free path) for a γ ray in germanium. The attenuation coefficient µ is related to the cross-
section as µ = Nσ, where σ is the cross-section and N is the density of atoms.

For the lowest energies of a few hundred keV, photoelectric effect is the dominating interaction type.
The photoelectric effect is a absorption process in which a γ ray interacts with an atom and is completely
absorbed. The absorbed γ ray causes the atom to emit a photoelectron from one of its shells. The electron
will have an energy

Eelectron = Eγ − Ebinding (1)

where Eelectron is the energy of the emitted electron, Eγ is the energy of the interacting γ ray and
Ebinding is the binding energy of the electron.

Figure 1: The attenuation coefficient µ for different γ-ray interaction processes in natural germanium.
Pair production in a nuclear field is shown with a solid line and pair production in a electron field is

showed as a dashed line [11].

For γ rays with energies above about 100 keV, Compton scattering starts to dominate. Compton
scattering takes place between a γ ray and an electron in the absorbing material. The γ ray is deflected on
an electron by an angle θ with respect to the incoming direction of the γ ray and transfers a portion of its
energy to the electron. The electron is emitted with the transferred energy and the γ ray is scattered with
a lower energy in direction θ. The energy transferred by the γ ray depends on the scattering angle and it
can vary from zero to a large fraction of the γ-ray energy. The energy of the scattered γ ray is calculated
by using the Compton formula
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E′
γ =

Eγ

1 +
Eγ

mec2
(1− cosθ)

(2)

where Eγ is the energy of the incoming γ ray, Eγ ’ is the energy of the outgoing γ ray and me is the
electron rest mass. The probability for a γ ray to scatter into a solid angle dΩ is given in the differential
cross section, known as the Klein-Nishina formula, for Compton scattering

dσc

dΩ
=

r2e
2(1 + α(1− cosθ))2

(
1 + cos2θ +

α2(1− cosθ)2

1 + α(1− cosθ)

)
(3)

where re is the electron radius and α =
Eγ

mec2
.

Rayleigh scattering is a type of scattering in which the γ ray interacts with with all the electrons in
the atom coherently. The Scattering γ ray does not excite the atom and retains all of its energy, only the
direction of the γ ray changes.

If the energy of a γ ray exceeds 1.022 MeV, twice the rest mass energy of an electron, pair produc-
tion may occur. The interaction must take place within the fields of a nucleus or electron to conserve
linear momentum. Figure 1 shows that pair production in the field of a nucleus is many times larger than
that of pair production in the field of an electron. During pair production the γ ray is replaced with an
electron positron pair where all the energy above 1.022 MeV is shared as kinetic energy between the pair.
The positron will after slowing down annihilate with another electron and create two γ rays with energy
511 keV.

3 Neutron interactions
Neutrons are chargeless particles that interact either in the form of scattering or through a nuclear reaction
with a nucleus in the material. The kinetic energy of the neutron plays an important role in the interaction
process. The neutron interactions create charged particles or γ rays which in turn can be detected by a
detector.

In this specific case, the materials which the neutrons interact with are the AGATA detector and its
surroundings. The AGATA detector consists mainly of high-purity germanium and has a 0.8 mm thin
aluminum casing (27Al) protecting the germanium crystals [1]. The detector construction also has parts
made by iron (56Fe). Other materials can also be present in the experimental set-up, for example other
detectors that are used together with the AGATA detector or a lead shield (208Pb). The detector crystals
are made from natural germanium and the purity of the germanium crystals are usually higher than
99.999% [5]. Natural germanium is composed of 5 isotopes of Ge: 70Ge (20.52%), 72Ge (27.45%), 73Ge
(7.76%), 74Ge (36.52%) and 76Ge (7.75%). The cross-section gives the probability for a neutron with
energy E to interact with the target. In this work, an energy interval between 1 keV and 10 MeV was
used. In this interval elastic scattering has the largest cross-section, inelastic scattering becomes important
above about 500 keV and neutron capture is present but with a very small cross-section [2].

When a neutron scatters elastically natGe(n,n)natGe the kinetic energy and momentum is conserved
between the neutron and target, the neutron is slowed down by this process but no energy is transferred
to nuclear excitation, instead the kinetic energy transferred is deposited in the detector. The energy
transferred from a neutron with non-relativistic energies to the target nucleus is expressed as:

Enucleus =
4mM

(m+M)2
Encos

2θ (4)

where m is the neutron mass, M the mass of the nucleus and θ is the angle of the recoiling atom.

3



0.01 2.5 5 7.5 10 12.5 15 17.5 20
Incident Energy [MeV]

10-4

10-3

10-2

10-1

100

101
C

ro
ss

-s
ec

tio
n 

[b
ar

ns
]

Cross-section 74Ge

Total
Neutron elastic scatter
Neutron inelastic scatter
Neutron capture

Figure 2: Neutron cross-sections for 74Ge [12].

When a neutron scatters inelastically, natGe(n,n’γ)natGe, momentum is conserved but the kinetic
energy is not conserved and some energy is transferred into nuclear excitation from the collision and the
excited nuclei may radiate a γ ray [10]. The transferred energy from inelastic scattering can be found by
modifying Equation 4 and neglecting the recoil energy due to the emission of γ rays. The new formula
then becomes:

Enucleus =
2m2MEncos

2θ ± 2
√
m4MEncos2θ(MEncos2θ − Eex(m+M))−m2Eex(m+M)

m(m+M)2
(5)

where Eex is the excitation energy of the nucleus before it emits a γ ray [11]. The neutrons which scatter
inelastically will cause the target nucleus to de-excite and emit a γ ray. In the case of the AGATA detector,
most of the neutrons will scatter on germanium. Some of the lowest transitions in the different germanium
isotopes are given in Table 1.

For neutron capture the neutron is fully absorbed by the target nucleus creating a new nuclide. The
absorbed energy can be found using:

Eex = [(m+M)−M∗]c2 + En

(
1− m

M∗En

)
(6)

where M∗ is the mass of the excited nucleus produced after the neutron capture. The first part of Equation 6
inside the bracket is known as the Q-value and is the amount of energy absorbed during the nuclear reaction.
The second part of the equation is approximately the incident energy of the neutron. The cross-section of
neutron capture is small in the energy interval used in this work however, its effects are visible.
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Table 1: Some of the lowest transitions in different germanium isotopes found in natural germanium [5].

Isotope Energy
73Ge 69 keV
76Ge 563 keV
74Ge 596 keV
74Ge 608 keV
72Ge 690 keV
72Ge 834 keV
70Ge 1040 keV
74Ge 1204 keV
74Ge 1464 keV

4 AGATA
The Advanced GAmma Tracking Array known as AGATA is a detector array consisting of electrically
segmented high purity germanium crystals [1]. Due to the segmentation, the path of each γ ray moving
in the detector can be tracked and the correct energy of the γ ray can be determined.

4.1 Simulation
In this work, Geant4 simulation package [8] was used together with the AGATA detector geometry [9].
Since the latest version (4.10.5) had an error in reading the correct neutron cross-sections, an earlier version
was used (4.9.6) for this work.

The first simulations were performed with the full AGATA array with a 4π geometry as seen in Fig-
ure 3a. A full 4π geometry means that the source is almost completely surrounded by detectors, 60 AGATA
triple clusters in total resulting in 180 detectors [13]. In the second simulation, only 4 ATC:s were used in
order to match with the experimental data, see Figure 3b.

(a) Full 4π AGATA in simulation. (b) 4 ATC detectors in simulation.

Figure 3: Geometries used in the simulation of data. The geometries are defined in the AGATA
simulation package, see reference [9]
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For experimental data, multiplicity is a very important property of the emission. Multiplicity is the
number of neutrons or γ-rays emitted for one event. Multiplicity can be simulated in the software, and it
was done for one test sample. In other simulations multiplicity 1 was used for both neutrons and γ rays.

After a simulation, a GammaEvents-file is created with all the data from the simulation. The structure
of the GammaEvents-file can be seen in Table 2. The first column in the table marks the start of an event,
and tells what type of event it is. If the number in the first column is -1 it is a gamma event and if it is
-2 it is a neutron event. The following 4 columns gives the incident energy and the direction in x, y and
z. The 6th and 7th columns give the event number and the type of initial particle.

The lines that start with a positive integer shows that a detector was hit by a neutron or γ ray. The
first column is the detector number which is followed by the deposited energy and hit point coordinates
(x, y ,z). The 6th column is the segment number which is 00 in this example and the 7th column shows
the time interval between the emission and the interaction in nanoseconds.

Looking at Table 2 the first line is a neutron without any hit points following it, this means that the
neutron was not detected by AGATA. Line 2 of the table shows a gamma event which has one hit point
following it at line 3 meaning that the γ ray was detected in detector number 146. As one can see in the
table, the events have different amount of hit points following them. This means that the length of each
event, the number of hits, can be very different.

In order to make a realistic simulation we introduced an energy cut and packing. Packing of the
energies were done by a script in Python which packed the hit points after the simulation. A packing of
5 mm was used where hits that were within this range were summed and a new position was found using
the energy-weighted average position. A threshold energy was also introduced to the simulation to get a
more realistic result, this energy was set to 5 keV based on the actual HPGe detectors in AGATA [2] and
energies below this were removed.

Table 2: Part of a GammaEvent-file. The file is created after a simulation and contains data from the
events. Column 1 shows the event type or the detector number and column 6 shows event number or

segment number.

Line number E [keV] x y z Type/Time
1 -2 476.010 0.17829 0.17266 0.96871 2732 neutron
2 -1 743.510 -0.38887 0.37050 0.84351 2733 gamma
3 146 44.563 -105.876 100.871 229.653 00 0.908
4 -2 887.223 -0.62761 -0.77547 -0.06891 2734 neutron
5 176 19.63 -71.712 -78.298 252.551 00 43.535
6 176 2.094 -81.259 -79.807 208.129 00 39.958
7 73 39.496 -157.094 -194.106 -17.249 00 19.227
8 -1 552.230 -0.53669 0.41255 0.73604 2735 gamma
9 -2 975.854 0.65283 -0.37451 -0.65845 2736 neutron
10 41 6.796 165.465 -103.598 -209.930 00 21.378
11 -1 931.399 -0.37766 0.52465 0.76296 2737 gamma
12 146 166.433 -98.566 136.904 199.097 00 0.871
13 146 57.037 -98.522 144.005 207.546 00 0.907
14 146 190.147 -95.016 152.233 217.219 00 0.951
15 146 222.48 -108.088 171.294 232.007 00 1.043
16 146 70.902 -105.351 176.210 231.106 00 1.062
17 142 100.238 -66.720 177.750 192.054 00 1.245
18 142 124.161 -67.856 173.076 198.645 00 1.272

1 2 3 4 5 6 7
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4.2 Experimental data
The experimental data used in this study was obtained from 252Cf and 60Co sources by using 4 ATC:s. The
data was collected in the Ge AGATA detectors at INFN Laboratori Nazionali di legnaro (LNL) in Italy as
seen in Figure 4. This means that for the experimental setup, less interactions occur in the detector array
and the majority of neutrons and γ rays are emitted in a direction that will not hit the detector array at
all. For a smaller number of detectors there is also a high probability that the neutrons and γ rays that
do hit the detector scatter and exit the detector without being fully absorbed.

Figure 4: The setup used when collecting the experimental data for 252Cf [6].

The detector array was calibrated using 60Co which emits two consecutive γ rays at energies 1173 keV
and 1332 keV. The 60Co data was also used to test the neural network performance on a pure γ-ray source.
After the calibration the 252Cf was placed in the detector setup as seen in Figure 4. 252Cf decays with
either α-decay (96.91%) or with spontaneous fission (3.09%). 252Cf is one of the most used fission neutron
sources, small samples provide a strong source.

A 5 cm thick lead shield was placed between the source and the detectors to increase the relative yield
of neutrons compared to γ rays, this reduced the γ rays by 95% and the neutrons by 50% [6]. Apart from
AGATA detectors, several BaF2 detectors were also used in this experiment for measuring the time of
flight of neutrons and gamma rays. The experiment used a trigger condition which required an interaction
in one of the AGATA detectors as well as in the BaF2 detectors to record the data. The aim of the trigger
condition was to study the high multiplicity prompt γ rays and neutrons which are emitted during the
fission.

5 Neural Network
A neural network is a computational system consisting of weights or so called nodes. The nodes are
arranged and trained using different methods for different types of neural networks. The training is
usually done by some mathematical formula which updates the numeric value of each node by using the
value of the input data. In the majority of neural networks the structure has to be constant. This means
that for the neural network the input size, the output size and the number of and size of hidden layers
cannot be changed after training [7].

Other than the neural network structure, training parameters can be chosen and adjusted to give the
best result from the training. Contrary to the structure, the training parameters can be changed during
training and adjusted between training sessions [15]. One of these parameters is learning rate which decides
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how much each input affects a node during training [16]. Another training parameter is epochs, which is
how many times the neural network should be trained with the training data.

Figure 5: Representation of AGATA-data in the form of an image. The image is 5 pixels wide and 400
pixels high. The width represents the different data points. From left to right it is: deposited energy,
x-coordinate, y-coordinate, z-coordinate and time-of-flight. The solid grey from line 15 symbolizes the
numeric value 0, anything brighter is a negative number and anything darker is a positive number.

During this study a multilayer perceptron (MLP) was used. A MLP can be used to classify non-linear
data and every node is connected to all of the nodes in the previous and next layer [17]. Since an event
from the AGATA detector has a fairly random number of hit points and a neural network has a predefined
input size, the data had to be adjusted before training. The neural network was built in Python using the
Tensorflow and Keras libraries.

The data was adjusted to work with the neural network by making each event the same length. Since a
MLP has a predefined input size, the data had to be the same size for each interaction. Two methods were
tried to solve this. The first method took the mean value of every parameter and created a 1 × 6 vector
containing: energy, x-coordinate, y-coordinate, z-coordinate, time of the hit and the amount of hit points.
This made for a quick and simple neural network but with a lower accuracy, around 80%. The second
method instead added empty data to each event to make them all have the same amount of hit points
and therefore the same size. A pre-decided number was chosen so that each event could be transformed
into events of the same length. A large number was used as the max size to make sure that no event was
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larger than this, if an event would be longer it could not be used in the neural network. Most events had
fewer than 100 hit points, but some high energy neutrons could reach up to 200 hit points. The maximum
number of hit points was therefore chosen to be 400 and all events that had less hit points than that had
zeros added to the data to get the same length.

The input size of this method was therefore a 5× 400 matrix, where 400 was the length of one event.
Using this method the accuracy reached upwards to 99% but the larger input size made it so that it took
longer to process the data and the file size of the processed data grew very large. Each event from AGATA
was first transformed into a 1 × 2000 vector to easily pad with zeros at the end, after that the data was
turned into 5 × 400 matrices represented by images as seen in Figure 5. Each image was 5 × 400 pixels
and each value in the event was represented by a gray scale value within the image.

Since this study mainly focused on the accuracy of the neural network, the second method was chosen.
Even though the method created some issues which will be discussed later, it had a greater accuracy and
better classification.

When training a neural network two parameters are monitored between epochs, accuracy and loss.
Accuracy is simply how accurate the neural network is, the percentage of correctly predicted data points.
Loss on the other hand is a dimensionless value indicating how sure the neural network is at its prediction,
with a lower value being better [17]. In the case of predicting neutrons and γ rays there will be two
outputs, one for neutron events and one for gamma events. This output is visualized as a vector with size
1 × 2 were the first value of the vector is for the gamma event and the second value is for the neutron
event. Each output will have a value between 0 and 1 with the sum of the outputs being 1. This value
indicates what the neural network believes for each output, 0 being sure that it is not the output and 1
being sure that it is. For example the output vector [1 0] says that the neural network is completely sure
that the input is a gamma event and [0 1] says that the network is completely sure that the input is a
neutron event. If the output vector would be [0.3 0.7] the prediction would still be a neutron, but the
neural network is not as sure at its prediction. This uncertainty in the prediction is what is known as loss.
The total loss is calculated as:

Loss =

N∑
i=1

[yilog(ŷi) + (i− yi)log(1− ŷi)]

where ŷi is the predicted value, yi is the true value and N is the number of inputs. This formula is
from the loss function sparse categorical cross entropy which fits well with image recognition [15]. The
loss therefore is a measurement of the certainty of the network, although a low loss could also indicate
overfitting meaning that the neural network is doing very well but only at the training data. The training
data is split up into a training set and a validation set, the accuracy and loss comes from testing the neural
network on the validation set. As the network trains the accuracy and loss changes between epochs as
seen in Figure 6. The figure is from the training data used in 6.2. From the figure it was decided to only
train the neural network for 5 epochs, at 5 epochs the loss is minimized and the accuracy is high enough.
Using more epochs than 5 was not an option since the accuracy decreases dramatically after 6 epochs.
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Figure 6: Change in loss and accuracy between epochs in training. Y-axis for accuracy displays fraction
of correct classification, higher is better. Y-axis for loss is a dimensionless value where lower is better.
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6 Neural network training and predictions using simulated data
While training and making neural network predictions, three different histograms are created for each data
set. The first one is called ”hit point energy” and it shows the number of hit points in AGATA versus the
energy deposited at each hit point. These energies are the individual energies of each interaction and are
read from the GammaEvents-file produced by the simulation code, see Table 2. Both γ rays and neutrons
can be plotted separately since the simulation has labeled each event making it possible to separate the
data, such a figure is shown for every simulated data set to compare different sets and to see how neutrons
and γ rays deposit energies in the detector.

The second and third histograms shows the summed energies of the hit points and the predictions made
by the neural network. Both histograms are shown in one figure called ”Summed energies”. The histogram
for summed energies uses the GammaEvents-file to display the sum of hit energies for each event with the
true labels for neutrons and γ rays. These true lines are called ”True neutron” and ”True gamma”.

The histogram with the predictions from the neural network shows the sum of hit points for each event
in the GammaEvents-file but with the predicted labels from the neural network. These lines will be called
”Predicted neutron” and ”Predicted gamma”. Since the neural network is trained to identify an event and
label it, this figure is a good visual representation of what the neural network sees and uses for its training
and predictions. For most figures both the true and predicted neutrons and γ rays will be shown.

When showing training data, only the true neutron and gamma will be shown since no prediction is
done on this data. When the neural network is used to predict the experimental data, the data is not
labeled so the true neutron and gamma can not be shown, the prediction figure only has the histogram
for the predicted neutrons and γ rays.

Table 3: Different simulated data sets used for training the neural network and their properties. All
training data is produced by emitting equal amounts of neutrons or γ rays per keV. Training data sets 1
to 3 were used on both simulated and experimental data while the training sets 4 to 8 were used only on

experimental data.

Nr Neutron energy γ-ray energy Parameters Number of emissions Geometryand multiplicity

1 1 keV - 1500 keV 1 keV - 1500 keV E, x, y, z, t NN=1.5 · 106, Nγ=1.5 · 106 Full-AGATA
MN=1, Mγ=1 no lead shield

2 1 keV - 10000 keV 1 keV - 10000 keV E, x, y, z, t NN=5 · 105, Nγ=5 · 105 Full-AGATA
MN=1, Mγ=1 no lead shield

3 1 keV - 10000 keV 1 keV - 10000 keV E, x, y, z NN=5 · 105, Nγ=5 · 105 Full-AGATA
MN=1, Mγ=1 no lead shield

4 1 keV - 8000 keV 1 keV - 4000 keV E, x, y, z, t NN=2 · 106, Nγ=4 · 106 4ATC
MN=1, Mγ=1 no lead shield

5 1 keV - 8000 keV 1 keV - 4000 keV E, x, y, z NN=2 · 106, Nγ=4 · 106 4ATC
MN=1, Mγ=1 with lead shield

6 1 keV - 8000 keV 1 keV - 4000 keV E, x, y, z NN=2 · 106, Nγ=4 · 106 4ATC
MN=1, Mγ=1 no lead shield

7 1 keV - 10000 keV 1 keV - 10000 keV E, x, y, z NN=1 · 106, Nγ=1 · 106 4ATC
MN=1, Mγ=1 with lead shield

8 1 keV - 10000 keV 1 keV - 10000 keV E, x, y, z NN=1 · 106, Nγ=1 · 106 4ATC
MN=1, Mγ=1 no lead shield

Large data sets were produced using the Geant4 simulation package and the AGATA geometry. These
data sets were created with the aim of training and testing the neural network. All data sets used for
training are summarized in Table 3 with their respective attributes. The trained neural networks were
then tested on different data sets. The aim of the tests were to separate the neutron and gamma events
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with as high accuracy as possible. The attributes of the testing sets as well as their accuracy with different
training sets is noted in Table 4.

In this section, first a few examples of AGATA Geant4 simulations are shown and the observed physical
processes are discussed. Later the training and prediction results are discussed in detail.

Table 4: The simulated data used to test the training sets and the results from the predictions. Training
data # refers to the training data in Table 3.

Nr Training Neutron energy γ-ray energy Multiplicity Loss Accuracydata #

1 1 250 keV - 1000 keV 250 keV - 1000 keV MN=1, Mγ=1 0.0039 99.97%

2 1 250 keV - 1500 keV 250 keV - 1200 keV MN=2, Mγ=5 0.0365 99.98%

3 1 250 keV - 1000 keV 250 keV, 500 keV, MN=1, Mγ=1 0.0217 99.98%750 keV and 1000 keV

4 1 1 keV - 10000 keV - MN=1, Mγ=1 2.053 73.41%

5 1 - 1 keV - 10000 keV MN=1, Mγ=1 1.785 99.77%

6 2 250 keV - 1500 keV 250 keV - 1200 keV MN=2, Mγ=5 0.0123 99.99%

7 2 250 keV - 1000 keV 250 keV, 500 keV, MN=1, Mγ=1 0.009 99.99%750 keV and 1000 keV

8 2 1 keV - 10000 keV - MN=1, Mγ=1 0.005 99.89%

9 2 - 1 keV - 10000 keV MN=1, Mγ=1 0.0056 99.99%

10 3 250 keV - 1500 keV 250 keV - 1200 keV MN=2, Mγ=5 0.2974 89.60%

11 3 250 keV - 1000 keV 250 keV, 500 keV, MN=1, Mγ=1 0.2944 90.06%750 keV and 1000 keV

12 3 1 keV - 10000 keV - MN=1, Mγ=1 0.1211 95.49%

13 3 - 1 keV - 10000 keV MN=1, Mγ=1 0.1373 95.34%
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Figure 7: Results from simulated Geant4 data with full AGATA. Neutrons and γ-rays are emitted with
initial energies of 100 keV (a and b), 1 MeV (c and d) and 10 MeV (e and f) from the center of the

array. Figures show the individual hit point energies and the sum of hit point energies for each event.
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6.1 Analysis of the simulated spectra
Figure 7 shows the hit point energy and sum of hit point energy obtained by sending monochromatic
neutrons and γ rays with energies 100 keV, 1 MeV and 10 MeV to the full AGATA detector array. For 100
keV γ rays, in the hit point energy spectrum seen in in Figure 7a, there is only a photopeak at 100 keV and
its Compton background as expected from γ-ray cross-section shown in Figure 1. In the summed energy
spectrum, Figure 7b, the Compton background decreases and the 100 keV photopeak increases slightly.

For 1 MeV γ rays in the hit point spectrum there is also only a photopeak at 1 MeV and its Compton
background, see Figure 7c. In the summed energy spectra, seen in Figure 7d, the Compton background
has decreased and the photopeak has increased significantly. The large increase in the photopeak between
the hit points figure and the summed energy figure is due to Compton scattering being the dominating
interaction for energies over 100 keV, and summing the deposited energies from the Compton scattering
results in the energy of the photopeak.

For 10 MeV γ rays in the hit points spectrum there are photopeaks, a Compton background and pair
production visible. In Figure 7e, three large peaks are visible at 511 keV, 8978 keV and 9489 keV which are
related to pair production. When a 10 MeV γ ray causes pair production to occur, an electron positron
pair is created where the electron is stopped and detected and the positron is annihilated in the vicinity of
the interaction point and most likely within the packing distance. This will result in one single interaction
point. With a large probability, both of the 511 keV annihilation γ rays will travel further and interact
via photoelectric effect or Compton scattering outside the interaction point where they were created. In
such a case, there will be at least three hit points one at 8978 keV and two at 511 keV, if the Compton
scattering possibility is disregarded. In the summed energy spectra for 10 MeV seen in Figure 7b, the
Compton background has decreased and there are two high energy peaks, where the higher peak is the 10
MeV peak. The lower peak with energy 9489 keV is the single escape peak, where one of the 511 keV γ
rays created by annihilation has escaped the AGATA detectors and not been detected at all.

Looking at the hit point energies and summed energies for neutrons in Figure 7, the lowest energy parts
are due to elastic scattering and are visible at 100 keV, 1 MeV and 10 MeV, and in both the hit point
energy and summed energies spectra. Above about 300 keV, several discrete peaks can be seen in the
hit point energy spectra. These peaks are from the γ-ray transitions in germanium isotopes which are
excited during inelastic neutron scattering. Some of these energies can be found in Table 1. These discrete
peaks will be discussed in more detail in coming subsections. In the summed energies spectrum, these
discrete peaks broaden and are visible in Figure 7d and Figure 7f. The broadening is due to the recoil
energy of the germanium isotopes being added to the γ-ray energy. As an example, a 1 MeV neutron
scattering inelastically with 74Ge will deposit between 0 keV and 53 keV in recoil energy. If the excited
74Ge emits a 595 keV gamma, the peak for that transition will be a broad bump in the summed energy
spectra extending from 595 keV to 648 keV.

The high energy peaks seen in both the hit point energies spectra and summed energies spectra for
100 keV and 1 MeV are due to the neutron capture process. By using Equation 6 from section 3, the
germanium isotopes which undergoes neutron capture can be identified. In Figure 7b the peaks have the
energies 6880 keV, 7515 keV and 10295 keV, these energies are found to correspond to germanium isotopes
72Ge, 70Ge and 73Ge respectively. In Figure 7d the peaks have energies 7780 keV and 8415 keV, these
energies correspond to germanium isotopes 72Ge and 70Ge respectively.

The reason why the neutron capture peaks for 70Ge, 72Ge and 73Ge are clearly visible in Figure 7b
and Figure 7d, but not 74Ge and 76Ge is because 70Ge, 72Ge and 73Ge have much higher cross-sections
for neutron capture than 74Ge and 76Ge. Even though 74Ge is the most abundant isotope (36.52%), the
cross-section for neutron capture is too small.

6.2 Training with 1 keV - 1500 keV neutrons and gamma
For the first part of the study the neural network was trained with γ rays and neutrons with energies
between 1 keV - 1500 keV, the training data is produced by emitting equal amounts of neutrons and γ
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rays per keV, see training data 1 in Table 3. Every energy was emitted 1000 times resulting in 1.5 million
neutrons and γ rays being emitted. The full 4π AGATA array was used when simulating the data.

Figure 8 shows the hit point energies for neutrons and γ rays. In the neutron spectrum, there is a large
increase in counts below 100 keV, which is due to the elastically scattered neutrons. The discrete peaks
which are marked in the figure are from low lying γ-ray transitions in the germanium isotopes which are
excited during inelastic scattering of neutrons.

In the sum energy spectrum, Figure 9, the low energy peak from elastic scattering get broader and
extends to about 300 keV. This is due to multiple scattering of neutrons being summed over. The discrete
peaks from γ-ray transitions in germanium, marked in Figure 8, also get broader in Figure 9 due to the
recoil energy which is explained in subsection 6.1.

For the γ rays, the Compton background in Figure 8 is reduced in the summed hit points spectrum
seen in Figure 9.
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Figure 8: Hit point energies from training data 1 in Table 3 with 1 keV - 1500 keV neutrons and γ rays.
γ rays produced after inelastic neutron scattering on natural germanium can be seen as labeled peaks in

the neutron line.
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Figure 9: Summed hit point energies from training data 1 in Table 3 with 1 keV - 1500 keV neutrons and
γ rays.

16



The first prediction was made on a flat energy distribution of neutrons and γ rays between 250 keV
and 1000 keV. The simulation emitted 105 neutrons and γ rays each. The prediction had an accuracy
of 99.97% and a loss of 0.0039, see number 1 in Table 4. This was an indicator that the training was
sufficient enough to distinguish between neutrons and γ rays. Figure 11 shows the summed hit points for
true neutrons and true γ rays as well as the predicted neutrons and γ rays. Since the accuracy is so high
in Figure 11 the predicted values and the true values are on top of each other and at this energy interval
only two lines are visible in the figure. The shape of the γ-ray distribution between energies 250 keV and
1000 keV and the neutron bump between 600 keV and 800 keV in Figure 11 agree with Figure 9. There are
also similarities between neutron and γ-ray spectra shown in Figure 8 and Figure 10 such as the discrete
γ-ray peaks in the neutron spectrum.
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Figure 10: Hit point energies of neutrons and γ rays with energies between 250 keV - 1000 keV. Shows
the deposited energy from each hit point.
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Figure 11: Spectrum for the true and predicted summed hit point energies for 250 keV - 1000 keV
neutrons and γ rays with predictions from training data 1. Accuracy is so high that the lines for the true

γ rays and neutrons are hidden behind the prediction lines.
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For the next prediction the test data changed and was made on neutrons and γ rays with different
energy ranges and multiplicity, 250 keV - 1500 keV neutrons with multiplicity 2 and 250 keV - 1200 keV
γ rays with multiplicity 5, see number 2 in Table 4. In Figure 12 there are only two lines visible because
the accuracy is so high. The hit points are almost identical to the ones in Figure 10 with the exception of
different energy ranges for neutrons and γ rays. This result indicates that using slightly different energy
ranges and different multiplicity values for neutrons and γ rays does not affect the performance.
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Figure 12: Spectrum for the true and predicted summed hit point energies for 250 keV - 1500 keV
neutrons and 250 keV - 1200 keV γ rays with predictions from training data 1. Multiplicity is 2 for

neutrons and 5 for γ rays. Accuracy is so high that the lines for the true γ rays and neutrons are hidden
behind the prediction lines.
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The next prediction was made on neutrons with a flat energy distribution between 250 keV - 1000
keV and γ rays with discrete energies 250 keV, 500 keV, 750 keV and 1000 keV, see number 3 in Table 4.
Looking at Figure 13 the γ rays look very different from what was used in training. The network had
no issue with classifying the γ rays, even though the energy distribution was different. This prediction
indicates that the type of energy distribution and shape of the spectrum is not a learning parameter, or
at least not the main one during training. The prediction results are shown in Figure 14.
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Figure 13: Hit point energies of neutrons with energies between 250 keV - 1000 keV and γ rays with
energies 250 keV, 500 keV, 750 keV and 1000 keV. The neutrons have a flat energy distribution and the γ

rays have a discrete energy distribution.
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Figure 14: Spectrum for the true and predicted summed hit point energies for of 250 keV - 1000 keV
neutrons and 250 keV, 500 keV, 750 keV and 1000 keV γ rays with predictions from training data 1.

Accuracy is so high that the lines for the true γ rays and neutrons are hidden behind the prediction lines.
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Another prediction was made by using neutrons with a flat distribution of energies between 1 keV -
10000 keV, see number 4 in Table 4. Since the training was only made on energies up to 1500 keV, this test
determined how well the neural network worked on energies outside of its training range. Looking only at
the hit points in Figure 15 the general pattern of the neutron hit energies are similar to the previous tests
with the exception of having a much steeper decline at after about 100 keV. The prediction seem to have
an error evenly distributed relative to the energy, see Figure 16. Since the neural network was trained
using energies between 1 keV - 1500 keV it should be the most accurate for these energies. Since it is not,
it suggests that the higher energy neutrons confuses the neural network in some way. It is possible that
the higher energy neutrons interacts and deposits energies in such a way that the neural network identifies
it to be a γ ray.
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Figure 15: Hit point energies of neutrons with energies between 1 keV - 10000 keV. Since no γ rays are
emitted in this simulation only a neutron line is visible.
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Figure 16: Spectrum for the true and predicted summed hit point energies for of 1 keV - 10000 keV
neutrons with predictions from training data 1.
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The same prediction was made again but with a flat energy distribution of γ rays between 1 keV -
10000 keV, number 5 in Table 4. As seen in Figure 18, all the incorrectly predicted γ rays have energies
above 3500 keV, suggesting that training for higher energies would improve the accuracy.
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Figure 17: Hit point energies of γ rays with energies between 1 keV - 10000 keV. Since no neutrons are
emitted in this simulation only a γ-ray line is visible. A visible peak for electron annihilation can be seen

at 511 keV.
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Figure 18: Spectrum for the true and predicted summed hit point energies for of 1 keV - 10000 keV γ rays
with predictions from training data 1. The true γ-ray line is hidden behind the predicted γ-ray line and

only a few incorrectly predicted neutrons are visible.

From the predictions in this training set it is believed that the predictions are independent of the energy
ranges of neutrons and γ rays as long as the predicted energy is within the energy range of the training.
Multiplicity is also believed to not affect the performance of the neural network. The neural network has
some capacity of predicting energies outside the energy range of the training, but it is not optimal as seen
in Figure 16. It also appears as if the distribution of γ rays and neutrons is not important, as shown in
Figure 14, but this will be studied further.

Next, it will be tested if Figure 16 can be improved by using a larger energy range during training and
if this affects other predictions.
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6.3 Training with 1 keV - 10000 keV neutrons and γ rays
The second training set was made using a band distribution of neutrons and γ rays between 1 keV - 10000
keV with 50 emitted neutrons and γ rays for every energy with 1 keV interval resulting in 5 · 105 emissions
each, training data 2 in Table 3. The events were emitted in a 4π geometry of AGATA. This training
was used to test if the neural network was able to predict neutrons and γ rays with higher energies than
1500 keV, which was used in the previous training set, and if it was still able to keep its accuracy for the
data sets with energy ranges below 1500 keV. The training data can be seen in Figure 19 and Figure 20.
Comparing the hit point energies with the one from the previous section, Figure 8, it is visible that when
higher energy neutrons are present, the number of low energy hits relative to the amount of higher energy
hits increases. This most likely comes from a increased number of elastic scatterings in the detector. The
same is true for Figure 9 and Figure 20 where there are more low energy neutrons.

To test energy ranges below 1500 keV only some of the previous test sets will be used. As seen in
Table 4, number 2, 3, 4 and 5 will be tested with this training set. Only the figures with predictions by
the neural network will be shown since the spectra are the same as in the previous section.
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Figure 19: Hit point energies from training data 2 in Table 3 with 1 keV - 10000 keV neutrons and γ
rays. γ rays produced after inelastic neutron scattering on natural germanium can be seen as labeled

peaks on the neutron line.
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Figure 20: Summed hit point energies from training data 2 in Table 3 with 1 keV - 10000 keV neutrons
and γ rays.

27



The first prediction on 250 keV - 1500 keV neutrons and 250 keV - 1200 keV γ rays with different
multiplicity, seen as number 6 in Table 4, was more accurate and had a lower loss than with the previous
training set. Even though there are no neutrons with energies higher than 1500 keV and no γ rays with
energies higher than 1200 keV, using the training data with a range between 1 keV - 10000 keV improved the
accuracy and loss. The increase in performance is very small, but can still be considered when analyzing
the results. This indicates that it is better to have energies higher than the range which is to be predicted.
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Figure 21: Spectrum for the true and predicted summed hit point energies for 250 keV - 1500 keV
neutrons and 250 keV - 1200 keV γ rays with predictions from training data 2. Multiplicity is 2 for

neutrons and 5 for γ rays. Accuracy is so high that the lines for the true γ rays and neutrons are hidden
behind the prediction lines.
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The next prediction on 250 keV - 1000 keV neutrons and 250 keV, 500 keV, 750 keV and 100 keV γ rays
also had a higher accuracy as well as a lower loss then the previous prediction, see number 7 in Table 4.
This indicates as before that the neural network performs better when the training is made with a larger
energy range.

0 100 200 300 400 500 600 700 800 900 1000 1100

Energy [keV]

100

101

102

103

104

105

C
ou

nt
s

Summed energies of 250 keV - 1000 keV neutrons and 250 keV, 500 keV, 750 keV and 1000 keV gammas
Accuracy: 99.99%, Loss 0.009

True neutron
True gamma
Predicted neutron
Predicted gamma

Figure 22: Spectrum for the true and predicted summed hit point energies for of 250 keV - 1000 keV
neutrons and 250 keV, 500 keV, 750 keV and 1000 keV γ rays with predictions from training data 2.

Accuracy is so high that the lines for the true γ rays and neutrons are hidden behind the prediction lines.
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In the next prediction on 1 keV - 10000 keV neutrons the most dramatic change in performance was
observed, see number 8 in Table 4. Looking at Figure 23 there are only a few neutrons being incorrectly
classified as γ rays. The increase in performance most likely come from the training data having energies
between 1 keV - 10000 keV.
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Figure 23: Spectrum for the true and predicted summed hit point energies for of 1 keV - 10000 keV
neutrons with predictions from training data 2. The true neutron line is hidden behind the predicted

neutron line and only a few incorrectly predicted γ rays are visible.
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In the next prediction on 1 keV - 10000 keV γ rays the performance increased as well, mainly in the
loss but also accuracy, see number 9 in Table 4. Here the improvement in performance is also most likely
due to the increase in the energy range of the training data.

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Energy [keV]

100

101

102

103

C
ou

nt
s

Summed energies of 1 keV - 10000 keV gammas
Accuracy: 99.99%, Loss 0.0056

True gamma
Predicted neutron
Predicted gamma

Figure 24: Spectrum for the true and predicted summed hit point energies for of 1 keV - 10000 keV γ rays
with predictions from training data 2. The true γ ray line is hidden behind the predicted γ ray line. No

incorrectly predicted neutrons are visible.

This training set showed that a larger energy range than is to be predicted is preferable. Next is to test
how time affects the training and prediction of simulated data. Mainly this is done because the definition
of time is different between simulated and experimental data.

6.4 Training with 1 keV - 10000 keV neutrons and γ rays without using time
For this training the same training data will be used as in section 6.3, although no time will be used in
the training of the neural network. This is to test if time affects the prediction of experimental data,
and how important it is to the prediction of simulated data. Since the definition of time is different for
simulated and experimental data, it is important to study the effect of time on the simulated data. The
same simulated data as in the previous section will be used for predictions, see training data 3 in Table 3.
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For 250 keV - 1500 keV neutrons and 250 keV - 1200 keV γ rays with different multiplicity, seen as
number 10 in Table 4, it shows that the by removing time as a training parameter the accuracy decreases
by about 10%. Even though the time was removed and the neural network only used energy and position
to predict the neutrons and γ rays, the accuracy is still fairly high, see Figure 25. There is an increase in
predicted neutrons and a decrease in predicted γ rays, but it is spread out over the entire energy range
suggesting that there is some confusion occurring for all energies and more training data could help remove
this error. The error is spread out evenly relative to the number of counts for that energy. Prediction
accuracy for γ rays lower than 250 keV decreases when time is not present. The decrease in energies
below 250 keV could be due to the way the training data looks. By looking at Figure 20, the number of
neutrons increase dramatically below about 250 keV. This indicates that the for energies lower than 250
keV, the neural network has some issue differentiating neutrons from γ rays and time was one parameter
that helped the neural network to do that. Without time, the neural network seems to predict based on
the amount of neutrons or γ rays with that energy.
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Figure 25: Spectrum for the true and predicted summed hit point energies for 250 keV - 1500 keV
neutrons and 250 keV - 1200 keV γ rays with predictions from training data 3. Multiplicity is 2 for

neutrons and 5 for γ rays. The incorrect predictions are spread out evenly relative to the true values. For
the lowest energies γ rays decreases dramatically.
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Similarly to the previous prediction, the prediction on 250 keV - 1000 keV neutrons and 250 keV 500
keV, 750 keV and 1000 keV γ rays shows that for all energies, more neutrons are predicted and fewer γ rays,
see Figure 26. For accuracy and loss see number 11 in Table 4. As in the previous prediction, accuracy
for γ rays below 250 keV decreases.
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Figure 26: Spectrum for the true and predicted summed hit point energies for of 250 keV - 1000 keV
neutrons and 250 keV, 500 keV, 750 keV and 1000 keV γ rays with predictions from training data 3. The

incorrect predictions are spread out evenly relative to the true values. For the lowest energies γ rays
decreases dramatically.
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Neutrons in the range between 1 keV - 10000 keV is predicted fairly well, see number 12 in Table 4.
Similarly to previous predictions with this training set, the error is spread out evenly relative to the number
neutrons. The γ-ray prediction decreases for lower energies as well but below about 100 keV, see Figure 27.
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Figure 27: Spectrum for the true and predicted summed hit point energies for of 1 keV - 10000 keV
neutrons with predictions from training data 3.
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For γ rays with energies between 1 keV - 10000 keV the prediction and accuracy is very similar to
the one with only neutrons, see number 13 in Table 3. The biggest difference is in the lower energies,
below about 500 keV, where the number of predicted neutrons increases and even surpasses the number
of predicted γ rays, see Figure 28. This suggests that there is something in the training data that makes
it more likely for the lowest energies to be neutrons. This is not a surprise when looking at the training
data where there are substantially more neutrons in the lowest energies. It could be possible that for those
energies there is no clear distinction between neutrons and γ rays and the network has been taught that
neutrons are more likely for those energies and therefore more often predicted. In previous predictions,
time was most likely something that differed the neutrons and γ rays for the low energies.
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Figure 28: Spectrum for the true and predicted summed hit point energies for of 1 keV - 10000 keV γ rays
with predictions from training data 3. The number of neutron increases while the number of γ rays

decreases for lower energies.

Training the neural network without using time has made a large difference in the performance. It
seems as if there is some error in the prediction which was solved by using time. This error is what gives
the prediction a small offset from the actual values, this can be seen fairly clearly in Figure 25 between
the energy ranges 250 keV - 1000 keV. It seems as if the error is based on the number of counts. What
this suggests is that when time is not present, the predictions have an error which is influenced by the
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distribution of γ rays and neutrons.

7 Predicting experimental data
When predicting experimental data there is not a straight forward way of knowing how well the neural
network classifies the events. Apart from special experiments where time of flight information is used, the
experimental data is not labeled, meaning that it is not known if the event is a neutron or a γ ray. Two
experimental data sets are tested, one with data from a 252Cf source and one from a 60Co source. Both
data sets were collected in 2011, during the first experiments with the segmented AGATA detectors when
the tracking and pulse shape analysis methods were still under development. This is why the determina-
tion of the hit point locations may not be as precise as it is today. The data from this experiment was still
used since it is the only one available with a long 252Cf source measurement. The 60Co source β-decays
to 60Ni with a half-life of t1/2 = 5.26 years, emitting two consecutive γ rays with energies 1173 keV and
1332 keV. Prediction of experimental data from 60Co will be easier to evaluate knowing all interactions
are from γ rays. 252Cf, on the other hand, emits both γ rays and neutrons and it is difficult to know how
well the neural network performs. 252Cf can both α-decay or fission spontaneously and it has a half-life of
t1/2 = 2.25 years. During fission 252Cf emits prompt neutrons and γ rays with average multiplicity 3.757
and 8 respectively. After the fission it can emit delayed neutrons and γ rays from fission fragments. The
energy distribution of the prompt neutrons peak at around 750 keV and extends to almost 10 MeV, with
an average energy of 2.14 MeV. The prompt γ rays have an energy distribution of 0 MeV - 3 MeV with an
average energy of 1 MeV. For more information see reference [14]. One of the metrics that can be used are
the known peaks that come from inelastic scattering. These peaks can be observed in the experimental
data and are known to be emitted after neutron inelastic scattering on germanium isotopes. Other than
that, the ratio between neutrons and γ rays can be approximated with the multiplicity values of prompt
neutrons and γ rays, which would give twice as many γ rays as neutrons. Although, when the lead shield
is present it reduces the amount of γ rays and neutrons by 95% and 50% respectively [6], meaning that
the distribution of neutrons should be 83% and γ rays should be 17%.

For 60Co, in Figure 29 the summed hit energy spectrum is shown and the two 60Co peaks at 1173
keV and 1332 keV are clearly visible as well as a sum peak at 2505 keV and a few peaks from natural
background radiation such as the 40K at 1461 keV at high energies. The Compton background is also
visible in the figure.

Hit point and summed energy spectra obtained by using the 252Cf are shown in Figure 30 and Figure 31
respectively. Due to the lead shield used in the experiment blocking out most of the prompt γ rays, the
largest peaks are from de-excitation of the germanium isotopes and surrounding materials. The energies
from transitions in germanium isotopes are found in Table 1. Peaks that come from transitions in other
materials than the germanium isotopes are 56Fe from the iron close to the experimental setup giving the
847 keV peak, 138Ba in the BaF2 detectors giving the 1436 keV peak and 208Pb in the lead shield giving
the 2615 keV peak. The transitions in 27Al from the aluminum casing of the detector gives the energies
1024 keV and 2211 keV. High energy natural background radioactivity can also be observed in the summed
energy spectra from 40K at 1461 keV, 214Bi at 1238 keV and 208Tl at 2615 keV. All the detected background
radiation is a result of random coincidences. The lowest energy peak below 50 keV is mainly due to the
recoil energy in germanium isotopes from elastic scattering and the bump between 50 keV and 300 keV
comes from single interaction points and Compton scattering γ rays. The main difference between the
hit point and summed energy spectra is the reduction of low energy counts and the increase of counts for
the discrete peaks in the summed spectrum. When the hit points are summed the Compton scattered γ
rays are added together to give larger discrete peaks as well as the high energy natural background peaks.
It can also be seen in the summed spectrum that the recoil energy from inelastic neutron scattering is
added to the discrete peaks which are due to the low energy transitions in germanium isotopes. The recoil
energy from inelastic scattering on the germanium isotopes is converted to an electron-hole pair, but the
conversion is not as efficient as an electron would be with the same energy. This causes the so called
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pulse-height defect which reduces energy of the recoil energy [3]. As an example, the recoil energy which
was calculated to have a maximum value of 53 keV in 74Ge reduces to 16.7 keV due to the pulse-height
defect [3]. If the recoil energy is below 10 keV, it will not be registered due to the threshold. The pulse-
height defect therefore gives a difference in the peak broadening between simulated and experimental data
as seen in Figure 32. Pulse-height defect can be corrected for but it has not been done in this study.
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Figure 29: Sum of hit point energies for 60Co, no labels exist to classify the data. Peaks at 1173 keV and
1332 keV are visible, as well as the 40K peak at 1461 keV.
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Figure 30: Hit point energies for 252Cf, no labels exist to classify the data. γ rays from background and
inelastic neutron scattering are labeled.
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Figure 31: Sum of hit point energies for 252Cf, no labels exist to classify the data. γ rays from background
and inelastic neutron scattering are labeled.
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(a) Simulated data. 1 keV - 10000 keV neutrons.
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Figure 32: Difference between the experimental data from 252Cf and simulated data in the energy range
between 500 keV - 1200 keV. The broad bumps which are related to the inelastic neutron scattering are

narrow in the experimental data due to the pulse-height defect.
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(a) Training data with lead shield
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(b) Training data without shield
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(c) Training data with shield
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(d) Training data without shield

Figure 33: Training data for each training set when predicting experimental data. Figures a-d correspond
to training data 5-8 in Table 3.

Comparing the data files from experimental data with the simulated data, differences can only be found
in two of the measurements, the time and the number of interactions for each event. This suggests that
time could have a large influence when predicting neutrons and γ rays. The difference in the number of
interactions could be due to the geometry, having less detector clusters means that fewer neutrons and γ
rays will be detected as well as giving the scattered neutrons and γ rays a higher probability of escaping.
Because of this, in the prediction of experimental data new simulated data was created for the training.
Instead of using the full 4π geometry, 4 ATC detectors were used and in some cases a lead shield was
present. The geometry in the new simulations is seen in Figure 3b. The experimental setup is shown in
Figure 4, however the BaF2 detectors were not used in the simulations. It is of interest to see if data
simulated similar to the experimental data will improve the result. At the same time, all data is important
so that the neural network has good generalization of its predictions, and the lead shield will remove a large
part of valuable data. To see if it is more important to simulate data similar to the actual experimental
setup or to have more data but slightly different, both a shielded and an un-shielded simulation will be
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used for training and prediction. The new simulations are seen in Table 3 as number 4, 5, 6, 7 and 8.
Three of the simulated training data will have twice as many γ rays as neutrons emitted based on the

multiplicity of prompt neutrons and γ rays from 252Cf [14]. The simulation will emit 2 · 106 neutrons with
energies between 1 keV - 8000 keV and 4 · 106 γ rays with energies between 1 keV - 4000 keV. The energy
ranges are based on the neutron and γ-ray energies from 252Cf and the highest energy in the experimental
data. One simulation will have the lead shield, see Figure 33a, and one will not have the lead shield,
Figure 33b. A training set is also made with the same parameters but without a lead shield and with time,
number 4 in Table 3, to test how the neural network performs with the experimental geometry and with
time. Two of the simulated training data will have the experimental geometry but emit neutrons and γ
rays with energies between 1 keV - 10000 keV, see number 7 and 8 in Table 3. Just as before one of the
training sets will have a lead shield and one will not.

For training set number 5 in Table 3, after the simulation only 2.8 · 104 neutrons and 5.2 · 104 γ rays
were detected, the rest did not interact with the detector. The ratio between neutrons and γ rays are
the same but fewer. Using the exact same simulation but without the lead shield 2.7 · 104 neutrons were
detected and 6 · 104 γ rays were detected. Despite the shield not being present, the number of detected
neutrons are lower than with the shield. This is only a slight decrease in neutrons and is most likely due
to randomness. The number of γ rays increased from the removal of the lead shield, which was expected.
The training data can be seen as number 6 in Table 3. Comparing this training data, Figure 33b, with
the previous training data, Figure 33a, they are very similar to each other with some minor exceptions,
such as the 511 keV peak. The 511 keV peak in the previous training set most likely comes from pair
production in the lead shield.

Next a simulation with a lead shield present and equal amounts of neutrons and γ rays will be used for
training, see number 7 in Table 3. To avoid any prediction caused because of different amounts of neutron
or γ-ray events in the training data, both neutrons and γ rays are emitted with the same energies and
amounts. The simulation resulted in 1.5 · 105 neutrons and 1.5 · 105 γ rays being detected. Figure 33d can
be compared with the previous two training sets, Figure 33a and Figure 33b, it shows that the number
of detected neutrons have increased for lower energies, but when energies increase the difference between
detected γ rays and neutrons increase. Finally, as the previous simulation, equal amounts of neutrons and
γ rays will be used for training, but this time without a shield, see number 8 in Table 3. The simulation
resulted in 3.5 · 105 neutrons and 3.6 · 105 γ rays being detected..

Table 5: Results from the tests on 60Co experimental data with simulated training data. The training
data # refers to Table 3. Table shows the distribution of predicted neutrons and γ rays.

Prediction of 60Co
Nr Training data # Predicted Neutrons Predicted γ rays
1 1 100% 0%
2 2 100% 0%
3 3 11.25% 88.75%
4 4 100% 0%
5 5 1.42% 98.58%
6 6 0.56% 99.44%
7 7 2.85% 97.15%
8 8 14.23% 85.77%
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Using the first and second training set, training data 1 and 2 in Table 3, resulted in a prediction of
the experimental data from 60Co consisting of only neutrons, see Table 5. The 60Co source had the same
setup as the 252Cf source seen in Figure 4 with the exception of a lead shield and BaF2 detectors. For the
60Co source it is known that only γ rays should be detected, meaning that this training set is not suitable
for the experimental data. The neural network is using some learning parameter which confuses it with
the experimental data believing that all events are neutrons.

Using training data number 3 in Table 3, where no time was present the performance improved, see
Table 5 and Figure 34. What can be said for 60Co in Figure 34 is that there is some pattern that the
neural network has found that it uses to discriminate between neutrons and γ rays. Since the majority of
events are classified as γ rays, it seems as if the neural network can separate neutrons and γ rays to some
degree. The incorrectly classified neutrons seem to be distributed evenly relative to the number of γ rays.
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Figure 34: Prediction of experimental data from 60Co with training data 3 in Table 3. Both neutrons and
γ rays are present in the figure. The number of γ rays is close to the actual value of 100%
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For training set number 4 in Table 3, time was present as a parameter to test the performance with
only the new geometry. No lead shield was used. The results were as the other tests with time, and only
neutrons were detected for both 60Co.

Using training set number 5 in Table 3 on experimental data from the 60Co source the prediction is
significantly better. Figure 35 shows that with this training set 98.58% of all events were classified as γ
rays. It is not clear if the neural network is better at predicting the 60Co source with this training or
if the higher number of γ rays in the training set affected the prediction to have a higher probability in
predicting γ rays.
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Figure 35: Prediction of experimental data from 60Co with training data 5 in Table 3. The percentage of
γ rays is very high and only a few neutrons are predicted.
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For training data number 6 in Table 3, the prediction on the data from the 60Co source, seen in
Figure 36, is very similar to the previous prediction. The only difference is that the percentage of γ rays
has increased to 99.58% which is a very good result.
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Figure 36: Prediction of experimental data from 60Co with training data 6 in Table 3.
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When the new energy range 1 keV - 10000 keV is used, number 7 in Table 3, the prediction on data
from the 60Co source is still very good with 97.15% being classified as γ rays. The prediction seen in
Figure 37 is very similar to previous predictions with training data 5 and 6 in Table 3, with the exception
of predicted neutrons at around 500 keV, which has increased. Looking at the training data in Figure 33c,
the number of neutrons at 500 keV has increased compared to previous training sets which explains the
increase in the prediction.
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Figure 37: Prediction of experimental data from 60Co with training data 7 in Table 3.
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Using training set number 8 in Table 3 on data from 60Co, the prediction is not as good as with the
previous training sets. The number of neutrons has increased over all energies which is seen in Figure 38,
but with a prediction of 85.77% γ rays the result is still acceptable.
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Figure 38: Prediction of experimental data from 60Co with training data 8 in Table 3.
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Table 6: Results from the tests on 252Cf experimental data with simulated training data. The training
data # refers to Table 3. Table shows the distribution of predicted neutrons and γ rays.

Prediction of 252Cf
Nr Training data # Predicted Neutrons Predicted γ rays
1 1 100% 0%
2 2 100% 0%
3 3 27.39% 72.61%
4 4 100% 0%
5 5 9.86% 90.14%
6 6 5.38% 94.62%
7 7 11.28% 88.72%
8 8 30.65% 69.35%

As with the predictions of 60Co with training data 1 and 2, 252Cf was also only predicted with neutron
events as seen in Table 6. This should not be the case and there should be γ rays as well.

Using training data number 3 in Table 3, where no time was present the performance improved. For
252Cf the same pattern as for 60Co can be seen in Figure 39 where neutrons are evenly spread relative
to the number of counts over the entire energy range. Although there are some exceptions, for example
the peak for 511 keV annihilation peak is smaller for neutrons, and energies below about 250 keV is much
larger for neutrons. It was estimated that about 83% should be neutrons [14], which is much higher than
predicted, and the γ-ray transition peaks from neutron scattering are to small.

47



0 500 1000 1500 2000 2500
Energy [keV]

0

500

1000

1500

2000

2500

3000

3500

4000

4500
C

ou
nt

s
Summed energies of 252Cf source
27.39% neutrons, 72.61% gammas

Predicted neutron
Predicted gamma

Figure 39: Prediction of experimental data from 252Cf with training data 3 in Table 3.
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Just as before, when using training set number 4 in Table 3 which is trained using time, the data from
252Cf is predicted to be only neutrons.

Next with training set number 5 in Table 3, the prediction of experimental data from 252Cf seems to
be worse than with the prediction with training set 3. One characteristic that is easy to compare from
other predictions are the energies from γ-ray transitions in germanium. The peaks from the transitions
are barely present in the figure.
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Figure 40: Prediction of experimental data from 252Cf with training data 5 in Table 3.
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Using training set number 6 in Table 3, the predictions in Figure 41 is very similar to the previous
prediction, the only difference is that the lowest energy neutron events have disappeared and the percentage
of neutrons have decreased. The decrease in neutrons is most likely due to the disappearance of the lowest
energy peak. This peak has been classified as neutrons for every other training set except for this one.
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Figure 41: Prediction of experimental data from 252Cf with training data 6 in Table 3.
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The prediction on data from 252Cf using training set number 7 in Table 3 shows a somewhat better
result than with training sets 5 and 6. Here the transition peaks from germanium isotopes are more visible
and the peaks from natural background radiation is not, as seen in Figure 43.
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Figure 42: Prediction of experimental data from 252Cf with training data 7 in Table 3.
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The prediction on data form 252Cf with training set 8 in Table 3 shows a much better result than with
training sets 5, 6 and 7. The transition peaks from germanium are the largest yet, as seen in Figure 43,
and the number of neutrons is predicted to be 30.65%, which is better but still not close to the expected
value of about 83%.
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Figure 43: Prediction of experimental data from 252Cf with training data 8 in Table 3.

8 Accuracy for different packing distances
The location precision of the AGATA detectors is energy dependent, being between 7 mm at 500 keV and
3 mm at 1 MeV - 4 MeV. For this reason a packing distance of 5 mm was introduced in the simulations. In
this section, the effects of packing distances are tested using training set 1 in Table 3. Packing the same
simulated data with 5 mm and 2 mm and then predicting the data will show if there is any difference in
accuracy between the packing distances. In Figure 44, Figure 45, Figure 46, Figure 47 and Figure 48 the
hit points can be studied for different data sets. Each figure only displays the first 100 hit points, both
the true neutrons and γ rays as well as the predicted neutrons and γ rays. Note that it is not individual
hit points that are classified in the neural network but the events which can consist of several hit points.
This means that most points in the figures are clustered since they are predicted together. Since most of
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the predictions have very high accuracy, it is difficult to find any incorrectly predicted γ rays and neutrons
to see if there is any pattern.

Most of the predictions did not have a major difference in accuracy apart from Figure 47 and Figure 48.
In Figure 47 there is an increase in accuracy when the packing is lower. Looking at the difference between
packing distances it seems that most of the hit points that were predicted incorrectly, are no longer there
in the 2 mm packing. It seems that they are packed together with other hit points and then predicted
correctly, or they are not packed with other hit points and have a energy lower than the threshold. For 5
mm packing more hit points are packed into a single point compared to 2 mm which packs the same hit
points into multiple points. From [3] it is known that neutrons have more hit points per event on average.
The increase in hit points per event due to the lower packing distance could be the reason for the slight
increase in accuracy.

For Figure 48 where the accuracy decreased, the same reason is believed to have increased the number
of predicted neutrons as before. What is not seen in the figures is the change in loss, all predictions had
almost the same loss between the different packing distances except for Figure 48. For the γ rays between
1 keV - 10000 keV, the loss increased from 1.785 to 94.065. This means that not only did the neural
network predict some hit points wrong, but it is no longer as sure on its predictions anymore. It seems
that changing the packing distance to 2 mm has a small beneficial effect for some simulations, but not as
big as one would wish. In the end using 5 mm, or if possible, a variable packing for different energies is
recommended.
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Figure 44: Position of hits on the xy-axis and xz-axis with 5 mm packing and 2 mm packing for data with
energies 250 keV - 1000 keV neutrons and γ rays. High accuracy for both 5 mm and 2 mm.
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Figure 45: Position of hits on the xy-axis and xz-axis with 5 mm packing and 2 mm packing for data with
energies 250 keV - 1500 keV neutrons and 250 keV - 1200 keV γ rays. High accuracy for both 5 mm and

2 mm.
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Figure 46: Position of hits on the xy-axis and xz-axis with 5 mm packing and 2 mm packing for data with
energies 250 keV - 1500 keV neutrons and 250 keV, 500 keV, 750 keV and 1000 keV γ rays. High

accuracy for both 5 mm and 2 mm.
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Figure 47: Position of hits on the xy-axis and xz-axis with 5 mm packing and 2 mm packing for data with
energies 1 keV - 10000 keV neutrons. Many visible errors, mainly in smaller groups of hit points.
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Figure 48: Position of hits on the xy-axis and xz-axis with 5 mm packing and 2 mm packing for data with
energies 1 keV - 10000 keV neutrons. Errors appear for 2 mm packing and seem to be in groups of 2-4

points.
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9 Summary and conclusions
In this study, Geant4 simulations with the AGATA detector geometry were made to produce data of
neutrons and γ rays interacting with the high-purity germanium detectors. The simulated data was used
to train a multi-layer perceptron to be able to differentiate between neutrons and γ rays. The data used
from each hit was: deposited energy, x-coordinate, y-coordinate, z-coordinate and time of flight. After
training, the neural network was used on another data set to see how well it could differentiate between
the neutrons and γ rays. The prediction was studied and analyzed to better understand what the neural
network does when predicting the data.

The neural network was trained with 8 sets of data and tested mainly on simulated data. Experimental
data was also tested on to see how well the neural network would separate experimental data when it was
trained with simulated data. Two different experimental data sets were tested on, one was collected by
using a 252Cf source and the other a 60Co source.

The tests were made with different energy ranges and in some tests different number of neutrons and
γ rays. Several parameters were adjusted in the simulation to see how well the neural network would
perform and what was important in the training. When testing on simulated data, the neural network
performed very well reaching accuracy’s over 90% most of the time, and many times nearly 100%.

From the first two training sets it was determined that time could not be used with the experimental
data since the definition was different between simulation and experiment. In the third training set, time
was removed form training. This resulted in a slight decrease in the accuracy of the prediction of simulated
data, giving an accuracy of around 90% to 95%. Although, the removal of time gave a better prediction
on the experimental data which was to be used in further training and testing.

After the first 3 training sets, 5 new training sets were made specifically for the experimental data.
Three of these training sets were made to be as similar as possible to the geometry of the experimental
data and the 252Cf source. The fourth and fifth training set had the same geometry but an energy range
between 1 keV - 10000 keV. It was believed that the geometry during training was of importance to give
a good result for the experimental data.

The testing on the experimental data showed that with reasonable training, the separation can be
improved. Depending on how the neutrons and γ rays were distributed in the simulation, a similar
distribution would be seen in the prediction. Even if the prediction was affected by the training, the
neural network was able to differentiate between neutrons and γ rays. In data from 60Co which was
supposed to be 100% γ rays, the percentage of γ rays was always significantly larger than that of neutrons
regardless of training, one reaching over 99% γ rays. In data from 252Cf, the γ-ray peaks which originate
from inelastically scattering neutrons could be seen in the figures and can be used as a measure to know
how well neutron interactions are identified.

It was also tested how packing affected the predictions. The tests made on simulated data were recre-
ated but with different packing distances, one with 5 mm packing and one with 2 mm packing. There was
no significant performance increase for either packing distance.

The results from the predictions have indicated that it is very possible for a neural network to separate
neutrons and γ rays. Even for the experimental data the neural network was able to find patterns which
it used during its predictions. The use of time was limited due to the different definitions, but if the
same time could be used in both simulation and experiment it can definitely be used as a parameter in
the network to imporove performance. It is also clear that the data used in training has an effect on the
prediction. If there are many γ rays in the training, the network predicts many γ rays.

There is a significant difference between the simulated and experimental data due to the peak and
bump structure which are related to the energy deposited during inelastic neutron scattering summed
with the γ-ray transition energies. The difference is due to the pulse-height defect which was studied
earlier [3] and can be corrected for. It was easy to see that the peaks from inelastic neutron scattering in
the simulated data was much broader than in the experimental data. No correction was made for this and
it could be one of the reasons why the predictions of the peaks from inelastic neutron scattering was not
that high.
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For future studies it would be of interest to look at how to optimize the neural network with the
training data. A multi-layer perceptron was used in this study, but there could possibly be another type of
neural network that works better. From this study it is believed that when the neural network is unsure,
it predicts based on the shape of the training spectrum. Studying how to best simulate data and train
the network to predict experimental data is also of interest for future studies. Also taking into account
other factors such as pulse-height defect and the time could improve the performance on experimental
data. Furthermore, the developed neural network should be tested on newer AGATA data where the
number of detectors are larger and the pulse shape analysis method is developed further for determining
the interaction point locations.
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