
Master Thesis

Denoising by Deep Neural Network in COMET experiment

Saitama University
Graduate School of Science and Engineering

Physical function system Major
Physics course Department

21MP114 Ikuya Sato

February 27, 2023



Abstract

The Standard Model can explain a lot of phenomena with four fundamental forces. And it is consistent
with many results from experiments. But there are still some mysteries even with Standard Model.
So, we want to �nd the "Beyond the Standard Model" theory, called the BSM theory.

To collect BSM physical information, there are some particle physics experiments around the world.
COMET experiment which is conducted in Japan is one such experiment. In this experiment, we
expect to see muon-to-electron conversion, called � - e conversion. This conversion is not imagined
from Standard Model in particle physics. It is because Standard Model does not expect such an
interaction which has lepton 
avor violations, called LFV. But we already know that there should be
such interaction, for example, neutrino oscillation, in nature. Because of this, we can expect � - e
conversion though it’s still not discovered. To know whether this phenomenon can occur or not, we
need to see this phenomenon with high sensitivity. To achieve this high sensitivity, we need to remove
noise hits from background phenomena.

Then, we have been wondering whether true signal hits and background hits can be identi�ed or
not. We hope there are any features to identify in trajectory information. Maybe it is a Geometrical
pattern. If so, it might be that we can achieve this de-noising using a deep neural network model since
in general, Deep Neural Network is known to outperform with such a pattern recognition.

In this thesis, I will show how to remove noise hits using deep neural networks, especially segmen-
tation models.
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1 Introduction

It is known that the Standard Model can explain a lot of phenomena around particle physics. But
there are still some mysteries, for example, neutrino oscillation, dark matter, etc...

Recent research in particle physics aims to discover a new theory called "Beyond the Standard
Model"(in short "BSM"). COMET experiment is one such experimental research.

COMET experiment aims to observe� - e conversion as mentioned later. The� - e conversion was
identi�ed by energy-momentum on each event. At this moment, of course, the detector system would
su�er from noisy background hits. To get high sensitivity and do computation e�ciently, we thought
that we need to remove noisy background hits. In detail, we thought that there are 3 stages to get
accurate momentum on each event:

ˆ De-noising: Remove background hits in the detector on each event.

ˆ First Turn Extraction: Extract 1st turn hits from hits which conversion electron left

ˆ Energy Momentum Estimation: Estimate energy-momentum from 1st turn hits

In this thesis, I'll mention the 1st stage, de-noising. Technically we need to classify all hits to hits of
conversion-electron or just noise hits for energy-momentum estimation. But for now, I tried to remove
noise hits with my Cell-level analysis though we need actually Hit-level analysis, not Cell-level analysis.
The "Cell-level" means that we can only recognize whether each cell has hits of conversion-electron or
not, in other words, we don't have the ability to label each hit to something.

2 COMET experiment

2.1 Introduction

This experiment will be done in J-PARC. J-PARC has a world-class large facility that emits proton-
beam. Pion which is created by proton-beam is desirable as the source of muon this experiment
requires. In this section, we overview the COMET experiment but I mention about Standard Model
before.

2.2 Standard Model

The Standard Model (theory) can explain a lot of phenomena in particle physics. This model as-
sumes that there are fundamental 3 interactions which are strong interaction, weak interaction, and
electromagnetic interaction. In this theory, many phenomena such as muon decay can be explained
well but the existence of dark matter and Lepton Flavor Violation, called LFV, mentioned later can-
not be explained. Recent particle physics experiments are done to collect information about physical
phenomena that still cannot be explained. In especially COMET experiment will be done to collect
information about the LFV process.

In Standard Model, there are lepton particles that interact with weak interaction and electromag-
netic interaction (See Figure 1). Leptons have 3 generations same as quarks. Electron and muon and
tau particles are called charged leptons. In contrast to it, the neutrino has 3 kinds same as charged
leptons. In addition to them, there are anti-particles to each particle.

By the way, in Standard Model, the generation also known as the 
avor is important because such
a process violating 
avor is de�nitely prohibited. But in fact, we know that a neutrino can become
another neutrino that belongs to di�erent species because of neutrino oscillation. Of course, it's 
avor
violating process. For this reason, the COMET experiment expects that such a 
avor-violating process
also happens between charged leptons. This is� - e conversion.
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Figure 1: Standard Model

2.3 Muon to Electron Conversion

In general, Muon can decay into 3 particles including electrons.

� � ! e� + �� e + � � (1)

But this is called muon-decay not � - e conversion. Muon-decay conserves lepton 
avor. See Table 1.

Table 1: lepton 
avor of � - e conversion

muon number electron number tau number
start +1 0 0
end +1 0 (= 1 � 1) 0

where anti-particle has � 1 as lepton 
avor. We can see muon-decay conserves lepton 
avor easily.
On the other hand, � - e conversion would be interaction between atomic nucleus and� � [8]. So,

the muonic atom would be required. A muonic atom is an atom that binds a muon instead of an
electron.

� � + N (A; Z ) ! e� + N (A; Z ) (2)

Neglecting atomic nucleus, lepton 
avors are like Table 2.

Table 2: lepton 
avor of � - e conversion

muon number electron number tau number
start +1 0 0
end 0 +1 0
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Obviously, the lepton 
avor is violated.
As a kinematic result, since the atomic nucleus is much heavier than the electron mass, electrons

coming from � - e conversion, which is called conversion-electron, can have an energy of about muon
mass. In detail, the expectede which is conversion-electron should have

E �e = m� � B � � E recoil (3)

whereE �e is energy of conversion-electron,m� is muon mass (105 MeV),B � is binding energy between
� and atomic nucleus,E recoil is recoil energy.

To observe � - e conversion, we have a detector that can identify whether a charged particle has
105 MeV or not.

2.4 Experimental Flow

Basically, the 
ow of this experiment is:

1. � are created by proton decaying

2. � are decayed into�

3. Make muonic atom by a collision between� and Aluminum

4. (Expect to see)� - e conversion

As I mentioned, we want to identify conversion-electron by detecting minus charged particle which
has 105 MeV. But we can do this only if there is not any such energetic electron coming from the
other phenomena. In fact, there is an obstacle that emits electron which has over 100 MeV. It's
decay-in-orbit, called DIO.

6



Figure 2: DIO spectrum and conversion-electron spectrum calculated[1]

To understand this, see Figure 2. Blue peak means DIO spectrum. Red peak means� - e conversion
spectrum. The two peaks has bit overlap. So, to identify conversion-electron by the energy-momentum,
we need high resolution enough to divide this two peaks.

In COMET experiment Phase-I, we demonstrate a part of the COMET experiment (See Figure 3
and Figure 4).
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Figure 3: Total schematic layout of COMET experiment. Yellow part corresponds Phase-I [1]
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Figure 4: Schematic layout of COMET Phase-I [1]
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In the following section, I concentrate to explain only the detector part in COMET Phase-I.

2.4.1 Detector System

In this experiment, Cylindrical Drift Chamber called CDC which is a kind of cylindrical detector
(called CyDet) is adopted as the detector. In addition to it, Cylindrical Trigger Hodoscope called
CTH and Muon Stopping target are. See Figure 5

Figure 5: A cross-sectional view of CyDet showing the layout of the CTH. [1]

Muon Stopping targets are several aluminum (in detail it's not pure aluminum) disks to make
muonic aluminum. There were several other candidates, for example, Ti and Pb, aluminum are
decided for considering the lifetime of a muonic atom and etc [1].

Cylindrical Drift Chamber consists of about 4 thousand cells and wires. In this chamber, the
magnetic �eld is applied along the z-axis. Ideally, a conversion electron should be emitted from a
muonic atom. Then, the electron should follow the spiral path in the magnetic �eld depending on its
momentum. The cells and wires tell us the electron's trajectory in the x-y plane. Actually, to observe
rough momentum along the z-axis of charged particles, wires, and cells are �xed to have a slight slope
with the z-axis.

CDC has a sensor layer that consists of many cells lined up. Cells have an electric �eld to collect
ionized particles in each cell into a central sense wire which is charged positively. The size of the
cells is 16.8mm and 16.0mm in width and height. These values are mostly constant in all parts of
the CDC. The ionized particle which will be provided by a collision between charged particles such as
conversion electron and mixed gas particle di�used in CDC makes Avalanche ampli�cation by collision
with another gas particle. Of course, the ionized particle is drifted while it goes to the central sense
wire. To see this drift, see Figure 6. The collected ionized particle can be read out as an energy deposit
(It will be transformed into ADC SUM mentioned later [6]). The inner diameter and outer diameter
of CDC were decided so that CDC avoids hits from DIO electrons having a smaller energy-momentum
than 60 MeV while CDC can detect conversion electron has about 105MeV.

Thus we can track charged particle roughly because we can know where charged particle passes
through in CDC.

The detector part also includes CTH. There is the CTH in upstream and downstream along the
inner wall of the CDC. CTH consists of 48 modules which are a pair of plastic scintillators and a
Cherenkov counter. This part tells us which hits are electrons from the protons from nuclear muon
capture and cosmic-ray muons by a four-fold coincidence. See Figure 7. CTH also provides a criterion
of time information called trigger timing. For our method, we need time information (See Equation (4))
of each hit though we'll mention it later.

10



Figure 6: Simulated drift motion in the cell. [1]

(T imeInformation ) = ( CdcHitT iming ) � (CthT riggerT iming )

= ( Drif tT ime ) + ( F lightT ime ) � (CthT riggerT iming )
(4)

Figure 7: How Cylindrical Trigger Hodoscope works with four-fold coincidence [1]

This detector was designed to avoid hits that are from DIO electron and proton beams it can. In
this detector, major particles which leave background hits are DIO electrons and less energetic protons.
Regarding the protons, we can identify them easily because protons leave big energy deposits about
100 times what an electron leaves [1].

In this way, we can identify which cells are on the path of charged particles. In my method, In
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addition to location information of cells, I also use time information and ADC SUM and relative
position referring CTH information.

3 Deep Learning

3.1 Introduction

As I mentioned above, Deep Learning has a grateful capability. Especially for image recognition,
there is so many application. It's a kind of machine-learning algorithm. Machine learning algorithms
have Boltzmann machines, and support vector machines other than deep learning. In the �rst place,
machine learning is a kind of function that doesn't need to be explicitly implemented by humans to
execute any tasks. The machine learning model has a trainable parameter to get a smaller loss. If we
can train the model successfully, then it looks like getting spontaneously smart to do a given task.

In the following sections, I mention about the models and algorithms of deep learning.

3.2 Neural Network

Neural Network also called NN is literally a kind of network imitating a neuron's network. So, we can
say that the concept of NN is based on biological networks. Please see Figure 8 to understand the
behavior.

This neuron has an input and output path which individually has di�erent weight values indicating
the strength of the connection between two neurons. If the summations of all input values are bigger
than the threshold, then it is activated and output to the next neurons. These combinations of simple
forwarding enable to make complex decisions.

Figure 8: Mathematical Neuron Networks. x i is input data. wi is The
trainable parameter. y is the output of the neuron. � is a threshold
value.

In Figure 8, x i is input to the neuron, wi is the strength of weights with the next neuron, � is what
neuron has as the threshold. In the following, if there is not any notice,x i and wi and � will be de�ned
like this. Then the output of a neuron is:

y = � 0(
X

i

wi x i � � ) (5)

where y is output and � is Heaviside's step function. Sincewi is the trainable parameter, NN can
make complex decisions if we can adjust successfully. In general, if we stack many neuron layers then
NN can perform to express complicity. To understand the general architecture of NN, see Figure 9

The leftmost layer is the input layer which is fed some input data. The rightmost layer is the
output layer which literally outputs data. The middle layers are called hidden layers. Now let us pay
attention to the j -th unit in the l-th layer. De�ning summation of all input values as u, threshold
function which is called activation function as f , trainable bias each unit has asb, output value should
be:

12



Figure 9: Neural Networks. Green nodes are the input layer. Blue nodes
are the middle layer. Red nodes are the output layer.

z( l )
j = f ( l ) (u( l )

j + b( l )
j ) = f ( l ) (

X

i

w( l )
ji z( l � 1)

i + b( l )
j ) (6)

where wji means weight value between uniti and j , in addition to it I sum up about index i because
this is index of unit in front layer. And I assume that all activation functions in l-th layer f ( l ) are the
same at all.

Since as for the other output valuesz( l )
k we can write down similarly, we can con�rm in vector form:

u ( l ) = W ( l ) z ( l � 1) (7)

z ( l ) = f ( l ) (u ( l ) + b( l ) ) (8)

where activation function f ( l ) operates individually elements of vectors. Here if I assumes that I
add unit z( l )

0 = 1 which always outputs 1 as 0-th unit in l-th layer and w( l )
j 0 = b( l )

j , then we can write
more clearly:

z ( l ) = f ( l ) (u ( l ) ) (9)

In the following I adopt this form having bias. Now we can write down recurrently

y � z (L ) = f (L ) (W (L ) f (L � 1) (W (L � 1) f (L � 2) : : : W (2) f (1) (x ))) (10)

from Equation (7) and Equation (9).
In general, It is known that performance will be improved if we grow the number of hidden layers.

This is why we call "Deep" Neural Network.
I mentioned about feed-forward Neural Network which passes signals forwardly above. There are

also other kinds of NN, for example, recurrent ones, but I omit them in this thesis.

3.3 Activation Function

As I mentioned above, Neural Networks imitate biological neuron networks. Neuron has a threshold to
make whether it is activated and output to the next neuron or not. In Neural Network, the threshold
is called the activation function. We have some kinds of functions as activation functions in the neural
network. To know some activation functions, see Figure 11. The activation function mainly used in
our models is the ReLU function. There are many other activation functions [2].
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Figure 10: Classic Activation functions [2]

Figure 11: ReLU functions [2]

3.4 Learning Algorithms

Deep Learning models can be trainable when we implement them with trainable parameters and loss
functions. We generally need to label data and input data which generates output from NN to calculate
the loss. There are many Deep Learning models, learning ways, and loss functions in the computer
science �eld. But in this thesis, I concentrate on what I often use for our study in the following.

3.4.1 Loss and Metric

Deep Learning models are trained to try to minimize loss value with any learning algorithms. Here I
mention about loss function, and metric function to see the training status.
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We want to make binary classi�cation models that tell us "which hits are what really conversion-
electron left". So, we chose binary cross entropy loss (called BCEloss) as the loss function:

BCEloss =
� 1
N

1X

n =1

f yn logxn + (1 � yn ) log(1 � xn )g (11)

whereN is the number of pixels,xn is output from model to n-th pixel, yn is n-th pixel of label image.
We calculate this loss function with input-output-image pair for our study. We call this learning way
which needs both input and output data SupervisedLearning in computer science.

And we chose Intersection over Union(called IoU; also known as Jaccard Index) as the metric
function:

IoU =
TP

TP + FP + FN
(12)

where TP, FP, FN are the number of true positive, false positive, and false negative hits. Hence, NN
was trained following the binary cross-entropy loss and we can monitor the network model by IoU. It's
called a learning curve which has the values of loss and metric. (See Figure 12 ) We can choose the
best-tuned parameters of the network by monitoring IoU. In training, we use Adam as an optimizer.
We run 50 epochs on each dataset, and then we chose the best-tuned model.

By the way, learning way of Deep Learning model is ideally minimization of loss function:

w � = argmin
w

L(w) (13)

where w is trainable weights and L means loss function. To achieve this, more pragmatically we rely
on Gradient Descent. Gradient Descent literally means:

w ( t +1) = w ( t ) + � w ( t ) (14)

� w ( t ) � � � r L (w ( t ) ) (15)

where � means the learning rate which should be from 0 to 1. The� adjusts how the gradient should
be scaled. This is a kind of hyper-parameter that we cannot decide through training. The (t) or ( t +1)
means the index of the update iteration. In this way, the Deep Learning model can be trained through
the loss function on every update iteration. Deep Learning is based on this way. In the following
section, I mention more pragmatic details.
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Figure 12: Example of Training curve

3.4.2 Back Propagation

As I mention, we need to calculate � w ( t ) to train NN models. As we know our models can be smarter
when it becomes deeper. So we need a more e�cient way to calculate the gradient (Equation (15)),
not like individual di�erentiation to all weight parameters.

Back Propagation did it. Now consider L (w ) as a loss function. To one weight parameters, using
di�erentiation of composite functions, we get:

@L

@w( l )
ji

=
@L

@u( l )
j

@u( l )
j

@w( l )
ji

(16)

where u( l )
j is summation of all input values to j -th unit on l-th layer. Here de�ne:

� ( l )
j �

@L

@u( l )
j

(17)

On the other hand, seeing Equation (9), another factor on the right-hand side should be like the
output of the unit. Therefore,

@L

@w( l )
ji

= � ( l )
j z( l � 1)

i (18)

By the way, as for � we can apply di�erentiation of composite functions:

� ( l )
j =

@L

@u( l )
j

=
dl +1 � 1X

k=0

@L

@u( l +1)
k

@u( l +1)
k

@u( l )
j

(19)
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whether dl +1 is the number of units in l + 1-th layer. Now we can write

u( l +1)
k =

X

j 0

w( l +1)
kj 0 f (u( l )

j 0 ) (20)

So, we can get

� ( l )
j =

dl +1 � 1X

k=0

� ( l +1)
k w( l +1)

kj f 0(u( l )
j ) (21)

This equation explicitly provides us � which passes backwardly. We don't need to calculate di�er-
entiation to all weight parameters individually anymore. This saves computation costs.

3.4.3 Adam

In recent research, Adam is often chosen as an optimizer. If without an optimization method like
this, we wouldn't get stable and fast training. There are many other optimizers to solve instability in
training, e.g. RMSprop, AdaGrad [9] and AdaDelta [10].

Adam is a kind of optimizer. This optimization method aims to use estimates on momentum when
it descends on loss function gradient well [11]. To see what "momentum" means, see the �rst term in
Equation (22).

� w ( t ) = � � w ( t � 1) � (1 � � )� r L (w ) (22)

It just includes the last incremental weight values scaling with � which is from 0 to 1. It's a
momentum factor. By the way, Adam rewrites Equation (22) with the �rst-order moment and second-
order moment. See Equation (23) and Equation (24)

mi;t = � 1mi;t � 1 + (1 � � 1)r L (w ( t ) ) i (23)

vi;t = � 2vi;t � 1 + (1 � � 2)( r L (w ( t ) ) i )2 (24)

where � 1, � 2 are hyper-parameters. Both moments are initialized with 0. Solving Equation (24), we
can get:

vi;t = (1 � � 2)
tX

s=1

(� 2)( t � s) (r L (w (s) ) i )2 (25)

Since we choose we should consider expectation values:

E [vi;t ] = (1 � � 2)
tX

s=1

(� 2)( t � s) E[(r L (w (s) ) i )2]

� E [(r L (w ( t ) ) i )2](1 � � 2)
tX

s=1

(� 2)( t � s)

= E[(r L (w ( t ) ) i )2](1 � � t
2)

(26)

The approximation in the second line can be done becauseE[vi;t ] is really stationary or � 2 is small
enough to neglect contribution from too far in the past. Hence, we can adapt

v̂i;t =
vi;t

(1 � � t
2)

(27)

As for the �rst-order moment, something similar can be done. So

m̂i;t =
mi;t

(1 � � t
1)

(28)

Therefore we can adopt Equation (29) as incremental weight values:

� w ( t )
i = � �

m̂i;tp
v̂i;t + �

(29)

This is Adam.
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3.4.4 OneCycleLR

As I mentioned above, Neural Network models need a learning rate while it's trained but we cannot
decide it through training. In this section, I mention how it can be dealt with. How the learning rate
should be decided was talked about in the early epoch of Deep Learning. Many ways were proposed.
But I use OneCycleLR.

OneCycleLR was invented by observing that a big learning rate helped to train in a much smaller
time (This phenomenon is named "super-convergence".) [12]. But if we have a big learning rate
constantly, we would've seen an oscillation of loss value at the end of the learning iteration. So
OneCycleLR adapts to decreasing learning rate as it proceeds. To look at the learning rate curve for
our study, see Figure 13

Figure 13: Learning rate example when I adopt OneCycleLR. The hor-
izontal Axis means epoch number.

3.5 Convolutional Neural Network

I already mentioned the basis of the Neural Network above. In this section, let me explain especially
how the Neural Network works with images as input and output data successfully. Most of the
tips are based on the visual cortex. In the following subsections, I'll explain how it is implemented
mathematically in Deep Learning algorithms.

3.5.1 Convolution layer

As I mentioned, in general, the Deep Learning model has so many layers. To imitate the visual cortex,
the convolution layer was invented. There are many variants [13]. The convolution layer aggregates
pixels using trainable �lters also known as convolution �lters and kernel. To understand how it works,
see Figure 14

In this �gure, the blue grid means the input image. The yellow grid means the convolution layer
which actually has 
oating values, not like integers. Changing the position of the kernel, the convolution
layer sums pixels in the kernel multiplying trainable parameters. Depending on trainable parameters,
we can detect "line", "curve" or other features on the image.

We call models which have a Convolution layer Convolutional Neural Networks. In general, when
we use the convolution layer, we increase the number of channels though the number is basically,
initially 3 which means red, green, and blue. It corresponds to increasing the number of feature maps
simultaneously. This meansWeightSharing . In addition to it, usually, our kernel size of convolution
is limited to smaller than the original image size like Figure 14. This helps us to limit weighted
connections and not to be dense. This means a reduction of computation cost.
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Figure 14: How Convolution �lter works. Blue grid means input images.
Yellow grid means convolution �lter. Convolution operation means sum-
ming up following convolution �lter

3.5.2 Pooling layer

The pooling layer doesn't have any trainable parameters. This pooling layer aggregates pixel intensities
in the pooling kernel. There are some aggregation ways but I introduce 2 basic pooling operations
here.

ˆ Max Pooling: summing over neighborhood pixels in the kernel.

ˆ Average Pooling: averaging over neighborhood pixels in the kernel.

There are many variants [14]. Unlike the convolution layer, it doesn't need any trainable parameters.

3.6 Models

In this subsection, I will show you some models which work with images for image processing.

3.6.1 Denoising Convolutional Neural Network

Denoising Convolutional Neural Network called DnCNN is oriented to remove some stains from images
[15]. DnCNN has simpler architecture than following some image processing models. You can see the
architecture in Figure 15. The "Conv2d" means convolutional layer, which has trainable parameters
to work with 2d-like inputs. ReLU means a layer that has ReLU functions as activation functions.
Sigmoid means a layer that has sigmoid functions as activation functions.

DnCNN Blocks has three kinds of layers which are the convolution layer and Batch-Normalization
layer [16] and ReLU functions. We chose 17 as the number of stacked DnCNN Blocks. Especially we
call this DnCNN in this thesis.

Figure 15: DnCNN architecture

The output of the sigmoid function has range from 0 to 1. So we can consider it as the probability
to be true electron signals.
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3.6.2 Unet

Unet [3] was developed for image segmentation tasks. Image segmentation tasks are mainly divided
into the following 3 sections which are instance segmentation, semantic segmentation, and panoptic
segmentation [17]. The concept of this network is "We should have clearly divided, several feature
maps which have scale dependency". As we know, most convolutions reduce image size unless you
take some speci�c operation such as padding, stride, etc. The output feature map should be smaller
than the input one. Anyway, to retain di�erent size feature maps, unet has skip � connection . (See
Figure 16)

Figure 16: Unet architecture [3]

In addition to these plain Unet models, there is Unet++ which has more adaptive feature maps [4].
To understand how Unet evolved to Unet++, see Figure 17 displaying the di�erence between plain
Unet models and Unet++. Red, Green, and blue mean new architecture.

The main idea to invent Unet++ is training becomes easier when feature maps are semantically
modi�ed to be concatenated. To achieve it, just skip connection in Unet is replaced with a dense
connection in Unet++.

In this thesis, I combine it with spatial & channel SE modules proposed in [18].
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Figure 17: Especially (a), How Evolution from U-Net to UNet++. [4]

3.6.3 Feature Pyramid Network

Feature Pyramid Network called FPN is also a segmentation model[19]. As for the architecture, see
Figure 18. FPN has a lot of convolution layers and skip-connection like Unet between encoder and
decoder architecture. Now encoder-decoder architecture is also famous for transformer model [20] not
only image segmentation models.

Figure 18: FPN architecture

FPN has an encoder(called backbone) part and a decoder part. The encoder part should be
something like convolving input image several times, contracting image size, and outputting to the
decoder part. (We have so many options for the encoder part. e.g. Resnet, E�cientnet, etc.) So, the
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size of the encoder output is varied. Data 
ow coming from the encoder part is passing through the
convolution layer and FPNBlock which contains the convolution layer and extending layer. And then,
SegmentationBlock makes the sizes of data 
ow the same. MergeBlock literally merges four data-
ow
to make a segmentation mask.

FPN was invented to predict multi-scale objects in images, unlike Unet.

3.6.4 DeepLabV3+

DeepLabV3 is based on DeepLab which has atrous convolution also known as dilated convolution [21].
Atrous convolution is a variant of convolution. Usually, the convolution layer has a dense convolution
�lter that convolves some adjacent pixels. But the atrous convolution layer has a sparse convolution
�lter that convolves pixels separated from each other. Iteration of atrous convolutions can keep image
size relatively bigger [21]. DeepLabV3+ operates multiple atrous convolutions parallelly in Atrous
Spatial Pyramid Pooling called ASPP module [22]. Because of these modules, models can segment
some objects at multiple scales and can have richer feature maps. In Figure 19, the ASPP module is at
the top of the encoder. There are atrous convolutions that have di�erent dilation rates in them. After
that, the output from the ASPP module will be concatenated with another output from the DCNN
encoder.

Figure 19: The architecture of DeepLabV3Plus [5]

4 Evaluation way

In this section, I mention about evaluation way of models.

4.0.1 ROC curves

First, when we once decide threshold value, we can calculate the numbers of true positive(TP), false
positive(FP), true negative(TN), and false negative(FN) on each prediction event. Second, we combine
them to get Retention (also known as Recall and E�ciency), Rejection, and Purity (also known as
Precision):

Ef f iciency =
TP

TP + FN
(30)

Rejection =
TN

TN + FP
(31)

Purity =
TP

TP + FP
(32)
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These 3 values can be varied with changing threshold followed by an output layer. Since we
don't know the best threshold value, we don't have any other choice than we consider all possible
threshold values to evaluate the model trained. So we plot 3 values in many cases, gradually changing
the threshold values. This isReceiverOperatingCharacteristic curve called the Rejection-E�ciency
curve and Purity-E�ciency curve. To know the shape of the regular curves as an example, see Figure 21

Figure 20: Purity E�ciency curve as an example. Relatively large
square plots mean when threshold values are 0.3, 0.6, 0.9.

Figure 21: Rejection E�ciency curve as an example. Relatively large
square plots mean when threshold values are 0.3, 0.6, 0.9.

Obviously, if this curve is likely to be square, then it means that the model was trained successfully.

5 Application of DL in COMET experiment

In this chapter, I will show you how to apply Deep Neural Networks to our COMET experiment.
I use PyTorch [23] as a deep learning library.
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5.1 Simulation Data

COMET experiment is already started but it's incomplete. So I need to make datasets from simulation
data, not real ones. The full simulation requires us a huge amount of time to simulate all processes
from proton beam simulation to charged particle in CDC simulation. So I use events which has
conversion-electron hits(We also call these just "signal hits") simulated in CDC and unreasonable
noise hits randomly generated on each CDC cell. When I generate noise hits, signal hits could be
shadowed because of their time information. To see an example, See Figure 22

Figure 22: Left: Cells colored by hit information of representative hits.
Right: Cells that contain hits of conversion-electron colored with red.

We can get ADC SUM[6] which we can get from a transformation of energy deposit, and time
information which corresponds to Equation (4), and delta phi which is the azimuthal angle between
the CTH trigger point and each cell from the simulation.

To look at the distributions of Time information, ADC SUM[6] and delta phi, see Figure 23,
Figure 24 and Figure 25.
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Figure 23: Distributions of time information on 30000 events. The 1st
�gure means the distribution of all hits. The 2nd �gure means the
distribution of �rst-turn hits. The 3rd �gure means the distribution of
all conversion-electron hits. The 4th �gure means the distribution of
noise hits.
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Figure 24: Distributions of ADCSUM [6] on 30000 events. The 1st
�gure means the distribution of all hits. The 2nd �gure means the
distribution of �rst-turn hits. The 3rd �gure means the distribution of
all conversion-electron hits. The 4th �gure means the distribution of
noise hits.
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Figure 25: Distributions of delta phi on 30000 events. The 1st �gure
means the distribution of all hits. The 2nd �gure means the distribution
of the �rst hits on each cell. The 3rd �gure means the distribution of all
conversion-electron hits. The 4th �gure means the distribution of noise
hits.
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5.2 Making Image Datasets

As you know, I applied Deep Convolutional Neural Network (called DCNN) to this analysis in the
COMET experiment. DCNN must be fed image, not raw binary data. Hence I needed to transform
raw binary simulation data to input and output image pairs to train DCNN models event by event.

In addition to this transformation, I need to pre-process the input and output data to make input-
label image pairs. All the processes are:

1. Read binary data which is simulation data.

2. Make label image.

3. Choose 1 hit on each CDC cell to make an input image.

4. Scale energy deposit, time information, and delta phi for pixel color values.

5. Making square wire image, not an x-y image.

As for making a label image, we need a label image that tells us whether the signal or contained
or not. Here I assume that we need to care only if each cell contains conversion-electron hits or not,
to get enough energy-momentum estimation.

5.2.1 Translation from Hit-level to Cell-level

As for choosing hits, we need to make an input image that has information from CDC cells. In my
analysis scheme, I assigned each cell to each pixel, that is one on one, of images for DCNN. I chose 1
hit on each cell to assign to a pixel on an image because one pixel can have only 3 values as RGB in an
image, not an in�nite number of values, though there can be multiple hits on each cell in simulation
data. Here I had 3 ways to select the hit on each cell:

ˆ Take �rst hit based on time information of hits.

ˆ Take hit which has highest score predicted by 2d-histogram is mentioned in Appendix A.

ˆ Take hit which is one hit of 1st turn track based on Monte-Carlo information

By the way, RGB values on each pixel correspond to:

1. First channel (Red) : Time information of the hit

2. Second channel (Green) : ADCSUM [6] of the cell

3. Third channel (Blue) : Delta phi which is the azimuthal angle between the cell and CTH trigger

5.2.2 Scaling scheme

As for the scaling, I need to transform the 3 kinds of values to be in the range [5; 250] to be assigned
in images (By the way ranges [0:5), (250:255] are not used.). To achieve this, I have a combination
of linear scaling and over
ow bin about Time Information and ADC SUM [6]. See Figure 23 and
Figure 24.

In the simulation, most of the conversion-electron hits are in the range (-50.0 nsec, 400 nsec) of time
information and range (0, 700) of ADC SUM. So I applied just linear scaling the hits in such range on
time information and ADC SUM and I made over
ow bin (See Section 5.2.2) about the others.

Table 3: Scaling Scheme

Scaling Scheme Time Info to color ADC SUM to color
just Linear Scale [� 50 ns, 900 ns]7! [5; 250] [0; 1350]7! [5; 250]

Limit Scale
[� 50 ns, 400 ns]7! [5; 250]

(400 ns, 900 ns]7! 250
[0; 700]7! [5; 250]
(700; 1350]7! 250

On the other hand, delta phi was scaled with just linear scaling. See the 4th plot in Figure 25 to
see distribution.
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