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Abstract

Dosepix is a pixelated semiconductor-based hybrid photon detector designed for dosimetry
measurements. 16 16 pixels with two different pixel sizes are realized on a 300 pm thick sil-
icon sensor. Each pixel can detect single photons and acquire the corresponding deposited
energy individually. The Dosepix detector can be operated in different data acquisition
modes. T'wo of them are used in this thesis for dose measurements. A dosemeter consisting
of three Dosepix detectors with different metal filters is used in the experiments. The filters
alter the impinging photon spectrum that is then acquired by each detector. This increases
the energy information about the initial spectrum and enables the dosemeter to perform
dosimetry in photon fields with energies up to 1.3 MeV. Test measurements are performed
to investigate the detector concerning different calibration methods and adjustable mea-
surement parameters. The performance of the Dosepix dosemeter using the spectroscopic
photon-counting mode fulfills the legal requirements for new personal dosemeters. Quanti-
ties like the energy of the applied X-ray spectrum or the applied dose rate are tested. For
the energy dependence, the personal dose equivalents ,10" and p,0 07" are investigated.
The maximum applied dose rate that produces a response that is still within the required
limits is over 100 times higher than the mandatory value. The behavior of the Dosepix
detector changes with the applied dose rate due to pile-up in the pixel electronics. The
effects pile-up can have on a dose measurement depend on the energy distribution of the
initial spectrum. This dependence is examined for several unfiltered X-ray spectra.

The behavior of the Dosepix detector changes significantly in short-pulsed photon fields
with high dose rates as they are applied by portable X-ray generators. Characterization
measurements with different measurement parameters are performed in such pulsed pho-
ton fields to investigate the behavior of the detector. The approach to measuring the dose
under these extreme conditions with photon-counting fails. For this case, another method
is introduced. A simulation of the data acquisition in an integrating operation mode of
the Dosepix detector in these high dose rate photon fields is outlined. A deep learning
analysis that uses training data from this simulation is used to estimate the dose quanti-
ties p,10" and p,007". Different network architectures are investigated concerning their
performance on simulated data. Measurements with two portable X-ray generators that
apply different photon spectra are performed. For both devices, the selected neural network
yields stable results over a wide dose rate range up to about 24 108 Sh—v The deep learning
analysis to reconstruct the personal dose equivalent p,10" is tested on short X-ray pulses
produced via laser-driven emission. Here, a significant contribution to the dose from elec-
trons occurs. The dose measured with the Dosepix dosemeter is very similar to the dose
measured separately with a spectrometer. A coincidental agreement cannot be ruled out
since the Dosepix detector was not tested so far in mixed electron / photon fields.

The neural network analysis to estimate the dose in continuous radiation fields, as they
are legally required, is tested and shows good results. Almost all tested requirements are
fulfilled with the deep learning analysis. This is unexpected since the simulation that gen-
erates the training data for the neural network is not designed for continuous radiation.
Furthermore, the deep learning analysis, which is performed with an integrating operation
mode, is tested with different irradiation times to vary the applied dose. The resulting
response is stable over a wide dose range up to 82 mSv, which shows that the performance
of the neural network does not depend on the irradiation time.



The experiments and analysis performed in this thesis show that pile-up, as it occurs in
pulsed, high dose rate photon fields, has a significant impact on dose measurements. It is
shown that a dosemeter based on Dosepix detectors is capable of measuring personal dose
equivalents under these extreme conditions. Further research might enable the Dosepix
dosemeter to expand its applications beyond personal photon dosimetry and put it to use
in other fields of science.



Kurzzusammenfassung

Dosepix ist ein pixelierter, hybrider Halbleiterphotonendetektor, der fiir Messungen in der
Dosimetrie entwickelt wurde. Der 300 um dicke Siliziumsensor ist in 16 16 Pixel mit zwei
verschiedenen Groflen unterteilt. Jedes Pixel kann einzelne Photonen und die entsprechende
deponierte Energie individuell registrieren. Der Dosepix-Detektor kann in verschiedenen
Aufnahmemodi betrieben werden. Zwei davon werden in dieser Arbeit fiir Dosismessungen
benutzt. Ein Dosimeter, das aus drei Dosepix-Detektoren mit unterschiedlichen Metallfil-
tern besteht, wird in den Experimenten verwendet. Die Filter verindern das auftreffende
Photonenspektrum, das dann von den Detektoren gemessen wird. Dies erhoht die En-
ergieinformation iiber das urspriingliche Spektrum. Dadurch ist es mit dem Dosimeter
moglich, Dosismessungen in Photonenfeldern mit Energien bis zu 1.3 MeV durchzufiihren.
Testmessungen werden durchgefiithrt, um den Detektor hinsichtlich verschiedener Kalib-
rierungsmethoden und einstellbarer Messparameter zu untersuchen. Im spektroskopisch
aufgelosten Photonenzéhlmodus erfiillt das Dosepix-Dosimeter die gesetzlichen Anforderun-
gen fiir neue Personendosimeter. Es werden Gréflen wie die Energie des applizierten Ront-
genspektrums oder die applizierte Dosisleistung getestet. Die Personendosen p,10” und

p»0 07" werden beziiglich ihrer Energieabhéngigkeit untersucht. Die maximal applizierte
Dosisleistung mit einer Response, die noch innerhalb der geforderten Grenzen liegt, ist
mehr als 100-mal hoher als der vorgeschriebene Wert. Das Verhalten des Dosepix-Detektors
andert sich mit der applizierten Dosisleistung aufgrund von Pile-up in der Pixelelektronik.
Welche Auswirkungen Pile-up auf eine Dosismessung haben kann, hdngt von der Energiev-
erteilung des eintreffenden Spektrums ab. Dieser Zusammenhang wird fiir mehrere unge-
filterte Rontgenspektren untersucht.

Das Verhalten des Dosepix-Detektors dndert sich deutlich in Photonenfeldern mit kurzen
Pulsen und hohen Dosisleistungen, wie sie von tragbaren Rontgengeneratoren erzeugt wer-
den. Messungen zur Charakterisierung werden in solchen gepulsten Photonenfeldern mit
unterschiedlichen Messparametern durchgefithrt, um das Verhalten des Detektors zu un-
tersuchen. Die Dosis unter diesen extremen Bedingungen mit dem Photonenzdhlmodus zu
messen, schlagt fehl. Fiir diesen Fall wird eine andere Methode présentiert. Eine Simulation
der Datenerfassung in Photonenfeldern mit hohen Dosisleistungen mit einem integrierenden
Aufnahmemodus des Dosepix-Detektors wird vorgestellt. Fine Deep-Learning-Analyse, die
Trainingsdaten aus dieser Simulation verwendet, wird benutzt, um die Dosisgrofien p,10”
und p,0 07" zu bestimmen. Verschiedene Netzwerkarchitekturen werden hinsichtlich ihrer
Leistungsfahigkeit auf simulierten Daten untersucht. Es werden Messungen mit zwei trag-
baren Rontgengeneratoren, die unterschiedliche Photonenspektren erzeugen, durchgefiihrt.
Fiir beide Gerite liefert das ausgewahlte neuronale Netz iiber einen weiten Dosisleistungs-
bereich bis etwa 2 4 10° SFV stabile Ergebnisse. Die Deep-Learning-Analyse zur Rekonstruk-
tion der Personendosis p,10" wird in kurzen Rontgenpulsen, die durch lasergetriebene
Emission erzeugt werden, getestet. Dabei tritt ein erheblicher Beitrag zur Dosis von Elek-
tronen auf. Die Dosis, die mit dem Dosepix-Dosimeter gemessen wird, stimmt mit der
Dosis, die separat mit einem Spektrometer gemessen wird, gut iberein. Es kann nicht
ausgeschlossen werden, dass die gute Uberelnstlmmung zufallig zustande kommt, da der
Dosepix-Detektor bis jetzt noch nicht in gemischten Elektronen-/Photonenfeldern getestet
wurde.

Die Analyse mit dem neuronalen Netzwerk zur Abschidtzung der Dosis wird in kontinuier-
lichen Strahlungsfeldern, wie sie gesetzlich vorgeschrieben sind, getestet und zeigt gute
Ergebnisse. Mit der Deep-Learning-Analyse werden fast alle getesteten Anforderungen
erfillt. Dies ist unerwartet, da die Simulation, die Trainingsdaten fiir das neuronale Net-
zwerk generiert, nicht fiir kontinuierliche Strahlung ausgelegt ist.



Weiterhin wird die Deep-Learning-Analyse, die mit einem integrierenden Aufnahmemodus
durchgefiihrt wird, mit unterschiedlichen Bestrahlungszeiten getestet, um die applizierte
Dosis zu variieren. Die resultierende Response ist iiber einen weiten Dosisbereich bis zu
82 mSv stabil, was zeigt, dass die Leistung des neuronalen Netzwerks nicht von der Be-
strahlungszeit abhangt.

Die in dieser Arbeit durchgefiihrten Experimente und Analysen zeigen, dass Pile-up, wie
er in gepulsten Photonenfeldern mit hohen Dosisleistungen auftritt, einen signifikanten
Einfluss auf Dosismessungen hat. Es wird gezeigt, dass ein Dosimeter, das aus Dosepix-
Detektoren besteht, dazu geeignet ist, um unter diesen extremen Bedingungen die Person-
endosis zu messen. Weitere Forschungen kénnten es ermoglichen, den Anwendungsbereich
des Dosepix-Dosimeters liber die Photonendosimetrie hinaus zu erweitern und in anderen
Wissenschaftsbereichen einzusetzen.
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Chapter 1

Introduction

Wilhlem Conrad Rentgen discovered the X-ray radiation in 1895 [1]. Since then, this
high energetic part of the electromagnetic spectrum has played a signi cant role in non-
destructive material testing, security, the food industry, and of course, in science. The
most important eld of application, however, is human medicine. With the rst X-ray ex-
amination, the meaning of this ground-breaking discovery became clear. Today, using this
technology to look inside the human body is well-established and forms a cornerstone of
modern medicine. A variety of diseases and injuries can be recognized using X-ray imaging.
Besides the pure examination purposes, curative aspects of X-rays are fundamental. Here,
oncology bene ts the most since X-rays can destroy cancer cells within the irradiated area
of the human body.

Although the destructive properties of X-rays or Wradiation can bene cially be used, it is
also the most signi cant disadvantage of this technology. Unwanted exposure is dangerous,
especially since humans cannot sense this kind of radiation. The exposure might therefore
be unnoticed. Monitoring exposed personnel is, therefore, necessary and legally required.
A passive personal dosemeter, which the person at risk wears, acquires the amount of ion-
izing radiation over a certain period (usually one month [2]). After that, the dosemeter is
read out and provides information about the acquired dose.

This procedure, however, still harbors the risk of harmful exposure, for example, in the case
of an accident due to malfunctioning of an X-ray tube or broken shielding. Active personal
dosemeters (APDs) provide more immediate information about the acquired dose. In Ger-
many, however, those dosemeters cannot be legally used due to their insu cient accuracy
in pulsed photon elds with high dose rates. Such pulsed radiation can lead to a signi cant
underestimation of the applied dose or even a complete failure of the measurement device
[3, 4]. However, X-ray applications with such high dose rates (up to 40@ [4]) can occur
in the direct beam. The medical sectors of interventional radiology and cardiology are
particularly interesting for an immediate dose reading [5].

Besides human medicine, pulsed X-ray radiation frequently occurs in the other application
elds mentioned above. Portable X-ray generators are used for non-destructive testing [6]
and veterinary medicine [7]. Some of those devices produce X-ray pulses with pulse lengths
of 10ns to 50ns [8]. The corresponding dose rates can reach up toﬁl%. These high
dose rates, which are already orders of magnitudes higher than what can be measured with
currently available APDs, are exceeded by dose rates that are produced by X-ray pulses
as they occur in some laser facilities. The short bursts generated by laser-induced X-ray
emission reach even lower pulse durations. With laser pulses that are only 0.7 ps long, dose
rates up to 10S3¥ can occur.



1. INTRODUCTION

In this thesis, measurements in radiation elds with such high dose rates as they occur in
di erent applications are performed. In doing so, a new kind of APD is used. The Dosepix
detector forms the basis of this new kind of APD. Characteristics of this pixelated, photon-
counting, semiconductor-based detector concerning its energy calibration are investigated.
Further, Its spectrum-dependent response and its behavior in high dose rate photon elds
are evaluated. The signals measured by the individual pixels of three Dosepix detectors
with metal lters are used to determine di erent dose quantities. Here, two methods are
used. One of those methods is based on a neural network trained with simulated high dose
rate photon elds.
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Theoretical background
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In this chapter, the theory and the de nitions that are necessary for this thesis are intro-
duced. The X-ray sources used in the experiments are outlined, and the main interaction
mechanisms of photons with matter are explained. A brief introduction to the analytical
methods that are based on deep learning and neural networks is given. Relevant dosimet-
ric quantities and the associated requirements for a new dosemeter to gain admission are
presented. Finally, an overview of currently used dosemeters in the medical sector is given.

2.1 Physical background
2.1.1 Origin of X-rays and  Wradiation

As mentioned above, X-rays andWradiation are used in a wide range of scientic elds.
Reliable sources of high-energy photons are therefore indispensable. In the following, the
sources of X-rays andWradiation used in this thesis are introduced.



2. THEORETICAL BACKGROUND

X-ray tube

One standard device that produces X-ray radiation in a laboratory is an X-ray tube.
Fig. 2.1 depicts a schematic of its working principle. Electrons are liberated from the
cathode via thermionic emission. These electrons (red) propagate through the evacuated
tube in an applied electric eld towards the anode. Here, the electrons interact with the
anode material [9]. The X-rays (blue) produced in the anode material exit the tube through
a thin window. These X-rays are produced in two ways in the material [9, 10]:

" Bremsstrahlung: An electron is de ected by the Coulomb eld of a nucleus in the
anode material. Thereby, the electron loses energy which is emitted in the form of
photons. The energy spectrum of these photons is continuous.

Characteristic Lines: An incoming electron ionizes an atom by liberating an electron
from an inner shell. This leaves a hole that is lled by an electron of an outer shell. A
photon with an energy equal to the di erence between the energy levels of the outer
and inner shell is emitted. Since the energy levels of the shells are xed, all emitted
photons have the same energy for each transition. The energy transitions are di erent
for each element [11] and are, therefore, characteristic for the anode material. These
characteristic photon energies appear as narrow lines in the photon energy spectrum.

Besides the applied voltage* that determines the electric eld, the resulting X-ray spec-
trum is in uenced by the anode material, the angle between the anode and the electron
beam in the X-ray tube [11], the material and thickness of the exit window, and internal
and external lters. External metal lters with specic thicknesses are used to generate
standard spectra in, e.g., type test evaluations (see sec. 2.3.2).

Figure 2.1 Schematic of the working principle of an X-ray tube. Image adapted and
modi ed from [9].
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Laser induced X-ray emission

If a high-power laser is focused on a target, hot plasma is formed on its surface. In this
plasma, a signi cant number of energetic electrons (often referred to aghot\) [12] is pro-
duced. These electrons can reach energies in the magnitude of MeV [12]. The electrons
interact with the plasma material and generate X-rays via three interaction processes [13]:

~ Bremsstrahlung: Free electrons in the plasma emit Bremsstrahlung by interacting
with the Coulomb potential of other ions. The spectrum of the emitted radiation is,
as for the X-ray tube, continuous. The Bremsstrahlung power, g depends on the
electron density = and electron temperature) ¢ in the produced plasma [13]

1
gl =2) 2" (2.1
According to [13], the electron temperature depends on the absorbed laser intensity
abs Via
1
yo 1 2Bsod =2, (2.2)

5= ‘B
where5 Y 1 denotes a ux limiter parameter and : g the Boltzmann constant. Energy
loss mechanisms are not included in this expression. It, therefore, tends to overesti-
mate the electron temperature. However, from equ. 2.1 and equ. 2.2 an increasing
dependence of the Bremsstrahlung power with the absorbed laser intensity can be
derived.

Recombination: Free electrons are captured by an ionized atom and transit into a
bound state. Here, the energy \of the emitted photon is described via

w= e, z° (2.3)

where ¢ is the kinetic energy of the electron and J is the energy of the nal atomic
state with Z the ion charge and n the principal quantum number. Since the kinetic
energy of the free electrons in the plasma is continuous, the X-ray spectrum produced
by this process is also continuous.

Characteristic Lines: The transition of an electron from an excited bound state to a
lower bound state in an atom leads to the emission of an X-ray photon with discrete
energy. Therefore, the energy spectrum that originates from this mechanism is not
continuous and appears, as for the X-ray tube, as narrow lines in the photon energy
spectrum.

Nuclear Wsources

Besides arti cially produced X-ray radiation, Wradiation from nuclear sources is also com-
monly used in radiation physics. When a nucleus of a radioactive isotope decays, the
residual nucleus can remain in an excited state. When the nucleus transits from this en-
ergetically excited state to the ground state, aWphoton can be emitted [14]. Like the
characteristic X-ray emission, all photons emitted by the nucleus that undergoes such a
transition have the same energy. Therefore, the photon energy spectrum of ¥v/source
forms narrow characteristic lines in the photon energy spectrum.
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2.1.2 Interactions of photons with matter

Figure 2.2 Mass attenuation coe cient for photoelectric absorption, Compton scattering,
Rayleigh scattering, and nuclear pair-production. Data taken from [15].

Detecting photons and quantifying their energy requires the interaction of the photon with
the detector material. The thickness and the density of the material, the photon energy,
and the kind of interaction contribute to the number of photons that are absorbed in the
detector material. The exponential attenuation law [9]

10= 410 g e (2.4)

describes the radiation intensity * ° of photons with energy after the penetration of a

material with thickness ; and density d. ¢! ° is the initial radiation intensity, and "t ° the

mass attenuation coe cient that depends on the photon energy, the penetrated material,
and the kind of interaction. Its unit is given in » %= e | the case of the Dosepix detec-
tor, the sensor consists of 30m silicon. Fig. 2.2 shows the mass attenuation coe cient
for four kinds of interactions (data taken from [15]) that are explained in the following

[10, 11]:

Photoelectric absorption

Photoelectric absorption, also called total absorption, occurs when a bound electron fully
absorbs a photon with energy w If wis higher than the binding energy  of the electron
to its atom, the electron is emitted with the kinetic energy

e= w b’ (2.5)
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The interaction cross-sectionf for photoelectric absorption increases with increasing atomic
number/ and decreases with increasing photon energy. ForyY 100 keV, the relation [11]

/ 5

Y (2.6)

holds. Here,a denotes the frequency of the photon, the Planck constant, and ny the
rest mass of an electron. Photoelectric absorption is the dominant process up to photon
energies of about 60 keV.

Compton scattering

Compton scattering, also called incoherent scattering, occurs when an incoming photon
with energy wtransfers part of its energy to a free or only loosely bound electron. The
transferred energy results in the kinetic energy ¢ of the electron, whereas a second photon
is emitted with the residual energy

w= w e (2.7)

Fig. 2.3 depicts the ionization process via Compton scattering. The secondary photon is
emitted under the anglei . Its energy  depends on this angle via [11]

W= v . (2.8)

w1 i 00
s TocZ 1 cosi

where my denotes the rest mass of an electron and c the speed of light. = 180 represents
a special case. Here, the maximum energyg® is transferred from the initial photon to
the electron. Using equ. 2.7 and equ. 2.8, this maximum electron energy is calculated via

W ”
e = P———— (2.9)
.1.> 2_W

Figure 2.3 Schematic process of Compton scattering. An initial photon with energy w
transfers part of its energy ¢ to an electron which scattered under the angle . A secondary
photon with energy p is emitted under the anglei . Image taken and modi ed from [10].
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Rayleigh scattering

Rayleigh scattering, also called coherent scattering, occurs when an initial photon is scat-
tered from an atom without losing any of its energy. In this case, the whole atom can take
the recoil of the photon, and no ionization takes place. Since there is no electron dislodged
that might propagate through the detector material, Rayleigh scattering is not detected by
the Dosepix detector.

Nuclear pair production

Pair production denotes the process where particles and their anti-particles are created
from an initial photon. The initial photon must have an energy wthat is higher than the
rest energy of the created patrticles. In the case of an electron-positron pair,wmust be at
least two times the electron rest energy wi 1022keV to create those particles. The pro-
cess can, for example, take place in the Coulomb eld of a nucleus. Since the e ect occurs
only at energies higher than 1022 keV and can still be neglected for energies of 1.3 MeV,
the e ects of pair production are not discussed in this thesis.

Within the scope of this work, Compton scattering and photoelectric absorption are the
most important interactions. Concerning photons, these interaction types are the only
ones that can lead to energy deposition in the sensor material of the Dosepix detector and
produce an output signal (neglecting nuclear pair production).

2.2 Deep learning

Determining physical quantities from measurements usually requires precise knowledge
about the underlying physics truth. Correlations between the detector output and the
measurands can be too complex to be expressed using classical methods, which might
therefore fail or provide results with insu cient accuracy. Deep learning methods are ap-
plied to make predictions without prior knowledge about these correlations. However, a
neural network needs to be provided with a large amount of training data. Therefore, data
samples are often generated synthetically. There are many tasks (e.g., classi cation and
denoising) that neural networks can e ectively be used for. Since determining a dosimetric
guantity requires a numeric value as output, the focus lies on regression [16] in this work.
Within this thesis, simulation data samples are used for supervised machine learning. A
neural network is provided with known input and corresponding output data throughout
the training process. In the following, neural networks in general, the training process, and
evaluation methods are introduced.

2.2.1 Neural networks

Fig. 2.4 shows the basic architecture of a feed-forward neural network. Such a network
is characterized by a data ow from input to output where, e.g., no recursions (feedback
connections) take place [16]. It consists of an input layer (blue), one or more hidden layers
(yellow), and an output layer (red). Each layer comprises several neurons. Each neuron |
is associated with a valuel j, the so-called activation of the Fh neuron.



2.2 Deep learning

It depends on the activations of the ' neurons in the prior layer. I is calculated via [17]
!

€]
lj = Fili, 1 (2.10)
|
whereFj, is a weight that is associated with the connection between neuron i and neuron
j. # denotes the total number of neurons in the layer.1; is a bias that is associated with
the j™ neuron and is added to the sum. is the so-called activation function. Various
activation functions can be used. Two examples of common activation functions are [17]

1
1 [ —
sig'@ 1 66 (2.11)
and
tanh 1@ = tanh1@” (2.12)

A very prominent activation function is the so-called recti ed linear unit [16] (ReLU). Itis
de ned as
1@ = maxi0- @’ (2.13)

The neural network is provided with input data for the rst layer, from which the neural
network predicts one or more output values~¢ at the output layer. In a network, where
every neuron of a layer is connected to every neuron of the subsequent layer, the layers are
called fully connected.

Figure 2.4 Architecture of a feed-forward neural network. It consists of an input layer,
one or more hidden layers, and an output layer. Each layer consists of individual neurons
that are connected layer-wise. The connections are associated with weights and biases. The
image is adapted and modi ed from [17].
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2.2.2 Learning process

The following explanation of the learning process is taken from [17]. The actual true output
values (labels)~ need to be known for the training process in supervised learning. The loss
! is a measure of the deviation between predicted outputsy and labels~. The predicted
outputs correspond to input values. The loss function is de ned to optimize weightsF and
biasesl. A common choice for the loss function is the mean squared error (MSE), de ned
as ~
10 o2
b= j~18? ~1gPjce (2.14)
S
where = denotes the number of training samples, s an individual training sample;-1s° the
labels, and~¢1s° the predicted outputs of s. Basically, any di erentiable function can be
used to determine! . A reasonable choice strongly depends on the kind of problem (e.qg.,
classi cation or regression). The goal of the learning process is to adjusE and 1 such
that ! is minimized. This optimization is realized using backpropagation. In doing so, it
is important to understand how ! changes with variations of F and 1. A notation that
simpli es the argument in the activation function in equ. 2.10 is introduced
O
0 = Fiqli” (2.15)
i
Biases can be included in the sum by using an extra neuron and weight with an activation
xed at +1. This allows the explanation of backpropagation without an explicit discussion
of 1. From equ. 2.10 and equ. 2.15 follows

|j = 1Oj°" (2.16)
The change of! with Fj; can be expressed via

m! _m! mQ

mki MmO mk,

(2.17)

using the chain rule for partial derivatives. One term in equ. 2.17 is evaluated using equ.
2.15

mp _ I 2.18
il (2.18)
and the error X is de ned as
m!
X = Fﬁ) (2.19)
Therefore, equ. 2.17 can be written as
m! "
mF =X%1i (2.20)

As previously mentioned, the goal of backpropagation is to understand how changes when
F and 1 are altered. Equ. 2.20 describes this change in terms of a product of the errof
and the activation of neuron i.

10



2.2 Deep learning

For the output layer, the error X is calculated using equ. 2.19, wheré is expressed as

1 1
ls=Zj~ ~J?=Zj 0 2.21
s=5m T =51 0k°j (2.21)
for a single training set s. This leads to
_mk _ 1A 00 mk
X = mo - Ok e (2.22)

with ~ = I for the output layer and  10,°°the derivative of 10x°. To calculate the errors
for hidden layers, the chain rule is used again

_ms_© mLmg,

x_@_ mo mo (2.23)
Using equ. 2.15, equ. 2.16, and equ. 2.19 in equ. 2.23 yields the back-propagation formula
0
X= %0°  FijX’ (2.24)

k

It is an expression for the errors that are multiplied by the activations of the neurons in the
second to last hidden layer depending on the erroi. This process is repeated for every
layer from back to front in the neural network by applying equ. 2.24 recursively.

The back-propagation algorithm to determine all nT—,%i is summarized in the following steps:

" Calculate all 0 of all neurons in the network by propagating a data sample s through
the network using equ. 2.15 and equ. 2.16.

" Obtain !¢ and X using equ. 2.21 and equ. 2.22.

" Evaluate equ. 2.24 to calculate allX for all neurons of each hidden layer in the
network.

" Apply equ. 2.20 to obtain the required derivatives.

The back-propagation algorithm, as explained above, is applied for all s to calculate the
total loss ! for all training sets s. The individual derivatives are summed up for a batch B
of individual training sets ~
mg O mg,
mii  mA

(2.25)

S

Each batch denotes a subset of the utilized training samples. For example, gradient descent
can be applied to determine the new weights ;4 via

m!
°

v i = Fj aXmE.i

(2.26)

wherea is a positive number called the learning rate. It denotes a measure for how much
the weights can change their values at each back-propagation process. Here, the mean of
m—,!:i is used in equ. 2.26. Once all batches have been used to train the network, a so-called
epoch has passed. Then, the batches are shu ed randomly and the optimization process
starts over.

11



2. THEORETICAL BACKGROUND

For the calculation of the new weights, ., di erent methods, so-called optimizers, can be
used. Depending on the optimizer, di erent parameters like the learning rate are varied
during the training to increase e ciency. Within this thesis, only regression networks are
used to predict scalar outputs. For optimization, adaptive moment estimation (ADAM)
[18] is used to train the networks in this thesis.

2.2.3 Evaluation and over tting

Depending on the architecture of a neural network, the number of free parameters (weights
and biases) that are optimized can become signi cantly larger than the number of individ-
ual training samples used to train the network. Therefore, it is possible that weights and
biases are adjusted so that the input training data is matched perfectly to the correspond-
ing labels. If predictions made by evaluating the network with unseen data worsen with
an increasing number of epochs, this process is called over-tting. One way to monitor
the training and stop it before over tting occurs is to evaluate a second data set during
training. A criterion to abort the training can be that the loss of the second data set has
not improved within a xed number of epochs. This so-called validation data set originates
from the same population as the training data but is excluded from the training process
[17]. At some point during the training, the loss of the validation data set converges since
optimization has reached a local minimum. If over tting takes place, the validation loss
starts to rise again. An approach to nding a network with a good performance on new
data is to train and evaluate various networks. The resulting loss on the validation data of
the networks is compared, and the network with the smallest loss is selected. This approach
is called the hold out method[17].

However, there is still the chance that the chosen set of validation data is biased some-
how. This is especially then a problem if the validation data set is small. Therefore, a
chosen architecture is trained multiple times, where the validation data set is exchanged
with an equally sized subset of data from the whole data pool. This procedure is called
cross-validation and provides a method to estimate the average test error on the validation
data using all data samples from the whole data pool [16].

2.3 Dosimetry

2.3.1 Dosimetric quantities

Di erent dose quantities are used to estimate the harmfulness of ionizing radiation. A
selection of them is listed in the following. The physical quantities are the absorbed dose,
the photon uence , and the so-called air kerma 5 [19]. Here, the fundamental quantity
is the absorbed dose since every radiation e ect on the human body is based on radiation
absorption. The dose quantities are:

~ Absorbed dose de ned as [19]
dy

d<
where dY denotes the mean energy imparted to the matter & via ionization. Its unit
is joule per kilogram, also calledGray

. (2.27)

Jn

» Yie le=1kg

(2.28)
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2.3 Dosimetry

~ Photon uence de ned as [11, 19]

d#
= . 2.29
5 (2.29)
where d is the number of photons on a sphere of cross-sectional area dlts unit is
> Vi 2 (2.30)
b= ——& .
cm?

Kerma (kinetic energy released per unit masp de ned as [19]

:d tl'.
d<

(2.31)

where d  denotes the sum of all initial energies of the charged particles that are
generated by irradiation of a volume of matter &< with uncharged ionizing particles.
Its unit is joule per kilogram, also called Gray

Ju

» YE1Gy = lkg

(2.32)

Dose equivalent de ned as [19]
= & (2.33)

where denotes the absorbed dose at a pre-de ned point in tissue an& is a dimen-
sionless quality factor that is dependent on the linear energy transfer in water. Its
unit is joule per kilogram. It is also called Sievert

» Vi 1Sv= 1;_9" (2.34)

Ambient dose equivalent 13° at a point in a radiation eld is de ned as the dose
equivalent that would be produced by the applied radiation eld in a depth 3 of an
ICRU sphere [19] lled with ICRU-tissue (density d = 10%, mass composition: 76.2 %
oxygen, 11.1% carbon, 10.1 % hydrogen and 2.6 % nitrogen [20]). *3° depends on
the orientation of the incident radiation eld [19]. Its unit is joule per kilogram, also

called Sievert p
» 139Y=1Sv= 1k—g" (2.35)

Personal dose equivalent ,13° de ned as the dose equivalent in a depth o8 millime-
ters in ICRU-tissue [19]. Within this work, especially ,*10° (so-called deep dose
equivalent) and 007 (so-called skin entrance dose) are of interest. Its unit is
joule per kilogram, also calledSievert

J
» p18%F 1Sv=1 k_g” (2.36)
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2. THEORETICAL BACKGROUND

" The dose rate %,%3° is de ned as the applied personal dose equivalent in a depth of
3 per unit of time  C
130
p ”
C
A common dimensioning of the unit is Sievert per hour

g 120 —
P3_

(2.37)

Sv

» Cp 1301/4: 1 F”

The path length from the surface of an ICRU-tissue medium to a point in a depth3 of
the medium depends on the incident angleU of an applied radiation eld SiP (see g.
2.5). Therefore, a di erent dose equivalent in a depth3 is expected for di erent U. [19]
provides conversion factors that match, for example, 30 ° ! pt3+ 9 depending on
the incident photon energy. Test measurements for dosemeters are carried out on so-called
phantoms, where the dosemeter is mounted onto. The phantom serves as a substitute for
the human body and is important since backscattering in tissue signi cantly in uences
measurements. There are various kinds of phantoms representing parts of the human
body. Each phantom has a di erent geometry and, therefore, di erent scattering properties.
Within this work, only an 1ISO water slab phantom (further referred to as slab phantom)
[21] is used to determine the dose. This phantom is a 30cm 30cm 15cm container
with polymethyl methacrylate (PMMA) walls lled with water. The applied dose ;130 °©
on a slab phantom can be expressed as a function of the photon energy and the photon
uence. [19] provides conversion factors matching an energy-dependent photon uence to
air kerma 1 ©° | a and air kerma to personal dose equivalent 5 ! pt100 ° and
a! plO070°.

Figure 2.5 Scheme of the angular dependence of the personal dose equivalent,13° is
de ned as the dose equivalent in a depth o8 in ICRU-tissue and alters with the path length
in the tissue. The path length depends on the incident angleJ of an applied radiation eld
SR
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2.3 Dosimetry

130
p 13

Figure 2.6 Dose per uence as a function of the energy of the initial photon eld
for p11C° (red) and 007 (black) for an angle of incidence of 0. The data is valid for
an 1SO water slab phantom. The data is taken from [19].

These relations are used to calculate the personal dose equivalent per photon uence de-

pending on the photon energy. Fig. 2.6 shows this relation for p*100° and 2290 ° for

a slab phantom. The red and black crosses mark the data points extracted from [19] for
pt100°and 0070 °. A cubic data interpolation [22, 23] is applied (red (black) line

in g. 2.6) since only a few data points are given over a wide energy range. Using this

data, 100 °and (10070 ° are calculated for known photon spectra depending on the

photon uence.

2.3.2 PTB requirements

Personal dosemeters (active or passive) need to be tested and approved before they can
be legally used for radiation protection purposes. National and international standards
regulate the requirements for personal dosemeters. In Germany, so-called type tests are
performed by the national metrology institute of Germany (P hysikalisch-T echnische

B undesanstalt (PTB) [24]) to evaluate personal dosemeters concerning metrological and
non-metrological requirements. For this work, only a selection of the metrological ones is
of interest. Tab. 2.1 lists these requirements for ,11(° and tab. 2.2 for ,1007°. The
limits on the dose rate are usually tested in pulsed radiation elds. An important quantity
that is used for evaluation is the response of a dosemeter to an applied radiation eld. The
response is de ned as the fraction of the measured dose mes and the truly applied dose
(the reference dose) ¢

Co= T (2.38)
0
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2. THEORETICAL BACKGROUND

The normalized response  is de ned as
n=—¢ (2.39)

where' ¢ denotes the response at a reference value for each measured quantity respectively.
The allowed range for' , is given by the limits 5nin and Snax

5nin 'n 1 5nax" (2-40)

Tab. 2.1 and tab. 2.2 list the nominal range of use, the reference value that is to be used
for ' o, and the allowed limits for each quantity for ,110° and 007,

Quantity Minimum nominal Reference value Snin """ Rax
range of use
- 80keV to 1250keV | 662keV ( of 137Cs)
and and and -29%...+67%
U 60 U, 60 0
Dose 0.1mSv to 1Sv 1mSyv
and and and -13%...+18%
Dose rate 01+ to 1 1msv
Pulse duration 0.1mSvto 10s Response in
and continuous -20%...+20%
Peak pulse dose rate 0 to 13V radiation

Table 2.1: Selection of PTB requirements for personal dosemeters for,210f [25]. This
table only lists requirements that are relevant to this work.

Quantity Minimum nominal Reference value hin """ Blax
range of use
h 30keV to 250keV | 65keV ( of A-80)
and and and -29%...+67%
U 60 U, 60 0
Dose 0.1 mSv to 10 Sv 3mSyv
and and and -13%...+18%
Dose rate 01+ to 1 1msv
Pulse duration 0.1mSv to 10s Response in
and continuous -20%...+20%
Peak pulse dose rate 0 to 13V radiation

Table 2.2: Selection of PTB requirements for personal dosemeters for, 1007 # [25]. This
table only lists requirements that are relevant to this work.
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2.3 Dosimetry

Dose range | Enax (%) |
oY o 15
1 oY1l | 16- —8
11 0 5

Table 2.3: Limits Enax on the coe cient of variation [25, 26] for di erent dose ranges.

In addition to the limits on the normalized response, a maximum variation of the response
for several measurements under the same conditions is required. The so-called coe cient
of variation is calculated via

a= fl_meso. (2.41)

1 meso .
where "1 e and f1 e denote the mean and the standard deviation of the measured
doses on a series witlr independent measurements. The maximum coe cient of variation
Enax is de ned for three dose ranges [26] (see tab. 2.3). Here,, = 0.1 mSv for 21 and
u =1mSv for ,1007.

Another important quantity that is not part of the PTB requirements, but is still evalu-
ated here, is the relative standard error S |t is de ned as the fraction of the standard
uncertainty of the mean stat on the dose measurement and the measured doSénes.
Since the measured dose depends on the energy of the applied photon eld, the relative
statistical error needs to be normalized to a xed dose value to make di erent measure-
ments at di erent energies comparable. Here, the reference dosey is set into relation to
a xed dose of 10uSv. Therefore, S is de ned as

S

stat — 0 »
=_ 2.42
mes 10 SV ( )

The measurements performed to evaluate a proper functioning of a dosemeter are carried
out using speci ed radiation elds. These are generated by applying certain metal lters

to an X-ray tube. The so-called A-series (ISO 4037 code: N-series [27, 28]) is used to
investigate the energy dependence of the normalized response. Tab. 2.4 lists the lItration
and tube parameters for these radiation qualities. In addition to the A-series, theWlines

of two radioactive sources are used3’Cs with an energy of 661.7 keV andf°Co with two
Wilines at 1173.2keV and 1332.5keV. The mean energy of tHECo lines is about 1253 keV.
X-ray spectra of the so-called RQR-series are used to investigate the normalized response
in dependence on the dose rate. Here, only aluminum lIters are applied to minimize the
reduction of photon ux. This provides a higher maximum dose rate. The C-60 spectrum,
which is not necessary to investigate in a type test, is used for additional examination in
this work.
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IEC 61267 | PTB | Tube voltage | Mean energy Total ltration
code code (kV) (keV) (mm)
Al Cu | Sn| Pb
A-15 15 12.0 0.5
A-20 20 16.4 1.0
A-25 25 20.3 2.0
A-30 30 24.7 4.0
A-40 40 33.3 4.0 | 0.21
A-60 60 47.9 40 | 0.6
A-80 80 65.0 40 | 2.0
A-100 100 83.1 40 | 5.0
A-120 120 101.1 40 | 50 | 1.0
A-150 150 120 4.0 2.5
A-200 200 166.5 40| 20 (30 1.0
A-250 250 210.2 4.0 20| 3.0
A-300 300 251.9 4.0 3.0| 5.0
A-350 350 291.2 4.0 45| 7.0
A-400 400 330.8 4.0 6.0 | 10.0
RQOR S8 100 50.8 3.36
RQOR9 120 56.6 3.73
C-60 60 38.2 3.9

Table 2.4: Selection of radiation qualities and their properties [27, 28].

2.3.3 Existing dosemeter systems

Two kinds of dosemeters exist for personal dosimetry: passive and active. Passive doseme-
ters integrate the dose over a designated period (usually one month) and are then read
out manually. Commonly used passive dosemeters are Im badges and thermoluminescent
dosemeters (TLDs). However, active dosemeters (APDs) are capable of measuring and
displaying the personal dose in a matter of seconds. Their detection principle is usually
semiconductor-based. Some of the APDs that are used in European hospitals were in-
vestigated by the EURADQOS working group 12 in [29]. The focus in this work is on the
performance of the dosemeters concerning the dose rate in laboratory tests. Tab. 2.5 lists
the energy range, the dose range, and the dose rate range the investigated devices are
made for. The dosemeter with the highest upper limit for the dose rate is the PM1610A by
Polimaster with 12 % However, dose rates in common X-ray examinations usually exceed
100%. The actual performance concerning the dose rate is tested in [29] as well, using
two di erent radiation elds. An RQR 8 spectrum with 10 ms long pulses and continuous
radiation from a ®°Co source. Fig. 2.7 shows the normalized responses for these spectra
for di erent applied dose rates for each of the investigated dosemeters. The response is
normalized to the response at L 2¥ for the RQR 8 spectrum and at 0013 for the ®°Co
source. The red dotted line indicates the speci ed maximum dose rate. All dosemeters
strongly underestimate the dose at dose rates higher than 10%, and most APDs even
show a normalized response close to zero. The Dosepix dosemeter that is developed to
measure dose rates in the range of several hundre@'ﬁﬁv has already been successfully tested
in laboratory conditions at PTB with an RQR 8 spectrum. A measurable energy range of
24.6 keV to 1250 keV [30] and a maximum measurable dose rate of 7@4 [31] was achieved
within the required limits given by PTB [25]. A further comparison of the performance of
the Dosepix dosemeter to the dosemeters listed in tab. 2.5 is given in sec. 7.1.5.
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2. THEORETICAL BACKGROUND

Figure 2.7 Normalized responses for each evaluated APD. The normalization response
for pulsed X-rays (RQR 8 spectrum) is 0’1%" and O”Ol% for °Co. The dotted red line
indicates the speci ed maximum dose rate given by the manufacturer. The images are

taken from [29].
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Chapter 3

The Dosepix detector
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In this chapter, the Dosepix detector and its layout, signal processing, operation modes, and
adjustable measurement parameters are introduced. The setup of the Dosepix dosemeter
that consists of three Dosepix detectors is outlined. The occurrence of pile-up and its e ect
on the data acquisition is discussed. A brief examination of temperature dependence is
given. A simulation of the Dosepix dosemeter in X-ray radiation elds is presented. Energy
deposition spectra and the accompanying photon detection e ciency from this simulation
are outlined.

3.1 Sensor layout

Dosepix is a pixelated semiconductor-based hybrid photon detector that was developed
by W. Wong [32] in a collaboration between the University of Erlangen-Ndarnberg, IBA-
Dosimetry [33] and the Medipix-Collaboration at CERN [34]. Fig. 3.1 shows a schematic of
the main elements of its hybrid design. Its segmented sensor consists of 30 thick silicon
that is p-in-n doped with a total area of about (3 5 mm 35 mm). The sensor resides on
top of a readout ASIC (application-speci ¢ integrated circuit). The segments (pixels) of
the sensor are each connected to a charge processing electronics on the ASIC. The part of
the ASIC that is not covered by the sensor (called periphery) contains readout and control
circuits. Wire bonds connect the ASIC with a printed circuit board (PCB) for data readout
and power supply. Fig. 3.2a shows an image of the sensor and the ASIC that is connected
to the PCB via wire bonds. The pixels of the sensor are arranged in a grid of 16 16
pixels. Fig. 3.2b shows a schematic of the arrangement. The upper and lower two rows
of the matrix consist of pixels with an active area of 55 m 55 m (further referred to as
small pixels). The remaining pixels have an active area of 220m 220 m (further referred

to as big pixels).
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3. THE DOSEPIX DETECTOR

Figure 3.1 Schematic of the main elements of the detector ASIC with sensor. The image
is taken from [32].

(a) Dosepix detector (b) Pixel matrix layout

Figure 3.2 (a): Photo of the Dosepix detector. Wire bonds connect the ASIC to the PCB.
(b): Pixel matrix layout of the sensor. The pixel matrix has an edge length of 3.5mm.
Two di erent pixel sizes with 55 um (small pixels) and 220um (big pixels) are realized.

The setup of the Dosepix dosemeter is chosen as it was established in [35, 36]. The
dosemeter consists of three Dosepix detectors that reside on a readout-board (see g.
3.3). This board is placed in an acrylonitrile butadiene styrene (ABS) plastic box of
12cm 12cm  3%5cm. Each detector is covered with a metal lter. The lter on the
right-hand side consists of a hollow aluminum cylinder with an aluminum foil of 0.25mm
thickness on top that has an opening above the sensor. This Dosepix detector will further
be referred to asrst detector or Free. The Dosepix detector in the middle is covered with a
hollow spherical Iter made of 2 mm thick aluminum. This detector will further be referred

to as second detectoror Al. The Dosepix detector on the left-hand side is covered with a
hollow spherical Iter made of 1 mm thick V-tin. This detector will further be referred to

as third detector or Sn. Two di erent sets of lter caps are used. The rst measurement

is performed with one cylindrical and two hemispheric caps that are taped to the PCB
(see g. 3.4a). These caps are later replaced by a quadratic and two hemispherical caps
with an edge on the lower end to hold the lters in place (see g. 3.4b). The new caps
are mechanically more stable than the old ones. The mounts ensure that the caps can be
placed at the exact same location on the PCB after removing them. Which set of Iters is
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3.1 Sensor layout

Figure 3.3 Dosepix readout-hardware with lters applied to all three detectors. The lters
from left to right: Hemisphere made of tin, hemisphere made of aluminum, foil made of
aluminum with an opening above the sensor.

used is pointed out for each particular measurement.

The lter caps are necessary since the measurable energy of a single Dosepix detector
is limited to energy values, where the total absorption peak (photopeak) is still measur-
able. The energy deposition spectra of the three detectors di er due to the lIters. The

di erences between the measured spectra provide information about the initial spectrum.
The lower measurable limits vary for each individual detector and pixel and are also de-
pendent on the adjusted measurement parameters (see sec. 3.4). Some pixels are able
to measure the photopeak of an iron uorescence target at about 6.5keV. These pixels,
however, are the minority. Energies above 10keV are typically measurable for all pixels.
The measurement statistics limits the highest energy value at which the photopeak is still
measurable. The probability for photoelectric absorption decreases with increasing energy
and becomes subdominant in comparison to Compton scattering at about 60 keV in silicon
(see g. 2.2). Here, the highest measured photoabsorption energy from a monoenergetic
source is 81 keV from at33Ba source [37]. With the energy information of three di erently
Itered Dosepix detectors, dosimetry up to energies of about 1.3MeV is achievable (see
chap. 7).

(a) Filter caps without edges (b) Filter caps with edges

Figure 3.4 Di erent sets of lter caps. (a): Filter caps without edges. These were mounted
to the PCB using adhesive tape. (b): Filter caps with edges to mount to the PCB.
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