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Abstract

In the context of increasing number of computer tomography (CT) examinations, also the
importance for fast and patient specific dose assessment grows. Machine learning (ML) offers
a promising approach to achieve fast and user-friendly organ dose assessment in clinical CT
workflows. Previous studies have shown that neural networks can reproduce Monte Carlo
(MC)-calculated organ doses with reasonable accuracy; however, the representation of the
radiation field properties, defining the spatial and energy distribution of the X-ray beam during
acquisition, and the characterisation of the training data distributions vary widely. Furthermore,
a comprehensive uncertainty assessment over the entire dosimetry process has not been
addressed. This thesis presents a framework for personalised CT dosimetry based on ML
methods, combining a validated newly implemented particle source for MC simulations,
measurement-based radiation field characterisation and systematic uncertainty assessment at
every stage of the process. In addition, the work investigated the influence of training data
composition in regarding the role of synthetic and real patient geometry data. The proposed
approach achieves accuracy comparable to previous studies, while providing a complete

uncertainty assessment methodology.
Kurzfassung

Mit der steigenden Anzahl von Computertomographie (CT)-Untersuchungen nimmt auch die
Bedeutung einer schnellen und patientenspezifischen Dosisabschitzung zu. Maschinelles
Lernen (ML) bietet einen vielversprechenden Ansatz fiir eine schnelle und benutzerfreundliche
Erfassung von Organdosen. Bisherige Studien haben gezeigt, dass neuronale Netze in der Lage
sind, mit Monte Carlo (MC) berechnete Organdosen mit einer Genauigkeit von wenigen
Prozent zu reproduzieren, wobei die Beschreibung der Strahlungsfeldeigenschaften, die die
rdumliche und energetische Verteilung der Rontgenstrahlung wéhrend der Aufnahme
definieren, und die Charakterisierung der Trainingsdateneigenschaften stark variieren. In dieser
Arbeit wird ein Ansatz zur personalisierten CT-Dosimetrie auf der Basis von ML-Methoden
vorgestellt, der eine messtechnische Charakterisierung des Strahlungsfeldes, eine validierte,
neu implementierte Partikelquelle fiir MC-Simulationen und eine systematische
Unsicherheitsbestimmung in jeder Prozessphase umfasst. Dariiber hinaus wurde der Einfluss
der Zusammensetzung der Trainingsdaten hinsichtlich der Rolle synthetischer und realer
Patientengeometriedaten untersucht. Der vorgeschlagene Ansatz erreicht eine mit fritheren
Studien vergleichbare Genauigkeit und bietet gleichzeitig eine umfassende Methodik zur

Unsicherheitsbestimmung.
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1. Introduction
1.1 Background and Motivation

The invention of computer tomography (CT) in the early 1970s by Sir Godfrey Hounsfield
started a new chapter of medicine, allowing new levels of diagnostic precision compared to
two-dimensional imaging techniques. Dosimetry concepts followed the invention. In 1977,
Jucius and Kambic introduced the pencil chamber and presented the first comprehensive CT
dosimetry publication [5]. The Computer Tomography Dose Index (CTDI) was initiated in 1981
in the Unites States by Shope et. al. to “provide [...] a means to characterize the doses resulting
from CT procedures”, characterizing the air kerma per slice in a cylindrical PMMA (polymethyl

methacrylate) phantom [6].

CT underwent a major leap in development in the 1990s. Spiral CT [7] and multirow detectors
increased imaging speed, patient comfort and the number of CT examinations. This trend is still
present. Between 2007 and 2018, the number of CT scans in Germany increased by 25 % [8].
The introduction of preventive examinations such as lung cancer screening in Germany, started

in 2024 (LuKrFrithErkV), can potentially increase the number of examinations even further.

The evolving CT technique needed to be followed by adaptations of dosimetry concepts. Spiral

CT and increasing collimations required the mathematical concept of the CTDI to be rethought

[9].

With the increasing awareness of possible risks from even low doses (linear no-threshold dose
response theory) of ionizing radiation [10], many steps have been taken in recent decades
concerning patient dose estimation. Over many decades several European research groups [ [6],
[7], [8]] investigated the calculation of effective dose using anthropomorphic phantoms. As one
result conversion factors for effective dose estimation from CTDI measurements were
calculated using radiation transport simulations [14]. Correction factors to consider patient size
were introduced resulting in the size-specific dose estimate (SSDE) [15]. The effective dose is
defined as the risk based weighted sum of specified organ doses and was meant to estimate risk

concerning the stochastic effects of ionizing radiation.

The applications of effective dose values mentioned by the International Commission for
Radiation Protection (ICRP) in ICRP report 147 are epidemiological studies concerning CT and
choice of imaging techniques [16]. Both applications facing problems when based on effective

dose calculated from CTDI values. Dose estimation in studies is often affected by lack of

1



personalization, which reduces the reliability [16]. Using the tabulated conversion factors to
estimate effective dose from CTDI and DLP, does not account for tube current modulation, field
inhomogeneities, differences in scan length and therefore for radiated body parts and organs, or
individual body properties besides diameter. Hence, the patient dose estimation can only be
seen as a broad estimation [17]. Using conversion factors also do not allow the calculation of

individual organ doses.

In the context of imaging technique choice the comparison of effective doses via measured
quantities, such as kerma area products (DAP) for cone beam CT or air kerma length products
(DLP) in CT, is difficult [18]. Technical measures like CTDI, DLP, or DAP are not sufficient to
characterize the radiation field of the respective device so precisely that conversion into

effective dose can be done, suitable for modality comparisons [18].

Even though there were multiple works on rethinking CT dosimetry [[19], [20], [21], [22]] and
adapting it to the current CT technology, the clinical practice of using technical measures like

CTDI has not changed accordingly, as discussed by John Damilakis [23].

The problems arising from using CTDI-based effective dose estimation can be solved by using
Monte Carlo (MC) radiation transport simulations, which offer high accuracy and flexibility.
MC simulations are adaptable to the scanner-specific parameters and individual patient
properties, allowing organ dose calculations[[24], [25], [26]]. However, despite their accuracy,
the clinical use remains limited. Their implementation requires high computational resources,
detailed patient segmentation and specialised expertise in radiation physics and modelling [23].
Additionally, the information necessary for this modelling are often not openly available. As a

result, the use of MC simulation remains restricted to research applications.

To overcome some of these limitations, machine learning (ML) has emerged as a promising
approach for CT dose estimation. Several studies have demonstrated the potential of ML-based

approaches for fast scanner and patient-specific calculations (e.g. [27], [28], [29]).

1.2 Problem Statement and Objectives

In the context of clinical workflows, patient dose, especially organ dose assessment, needs to
be user-friendly and fast. Being able to generate a database of reliable dose values, can serve as
a valuable resource for researchers, enabling them to assess the effects of low doses while also
optimizing clinical scanning protocols. Furthermore, a personalised dosimetry tool can be

practical for comparing imaging modalities.



Machine learning can be one approach to achieving the goal of personalized CT dosimetry [30].
Several studies have demonstrated that ML models, particularly neural networks, can reproduce
organ doses calculated by MC simulation with deviations up to 20 % (e.g. [28], [29]). Mayer
et. al. [27] and Salimi et. al. [31] reproduced full three-dimensional (3D) dose distributions. A
major difference among these studies lied in how they represent the radiation field properties
in the network input. For instance, Mayer et. al. employed a water-equivalent patient geometry
attenuation map, whereas Tzanis and Damilakis [32] used one-dimensional information such
as mean Hounsfield unit values of organ tissues, tube current, patient position and water-

equivalent diameter of the patient.

The selection and quality of the input quantities required by an ML algorithm for accurate dose
prediction is a key research question. Equally important is the quality and statistical distribution
of the training data. Many publications describe the patient cohort in terms of age and sex, while
Maier et al. [27] additionally report the range of effective patient diameters covered by the data.
Other potentially relevant parameters such as patient height, organ volumes or adipose tissue
content are rarely discussed. The distribution and control of these features is often limited by
data availability and heterogeneity. The use of synthetic patient geometries as training data
offers significant potential in this context, as it allows for controlled data distributions and
systematic exploration of influencing factors. While synthetic anatomical models and data
augmentation have demonstrated considerable potential in the field of diagnostic applications
of machine learning[[33], [34]], their utilization in personalised CT dosimetry remained open.
This thesis investigates the potential of synthetic data in machine learning-based personalised

dosimetry and to evaluate the efficacy of integrating real and synthetic datasets.

Although both MC-based simulation frameworks for CT dosimetry and ML-based approaches
for personalised dose estimation are presented in the literature, comprehensive uncertainty
assessments are typically missing from the methodological validation. A complete and
transparent uncertainty assessment covering all stages - from data generation to model

prediction - remains an open challenge.

The overall aim of this thesis was to establish a framework for personalised CT dosimetry using
ML methods. The work explicitly addressed the uncertainty evaluation at every stage of the
process, implementing a new particle source based on measurement data and additionally
utilizing measurement-based radiation filed characteristics as model input. This input is realized
as an 3D-air kerma attenuation curve in water, based on measured energetic and spatial photon

distribution.



The specific objectives of this work were the following:

1)

2)

3)

Implementation of a new particle source for the calculation of CT dose distributions,
which can be adapted to any CT scanner using a simple set of measurements, including
metrological validation and uncertainty evaluation.

Development of ML based patient dose estimation approach. This includes the
generation of a representative training dataset from validated MC simulations,
investigating the potential of the use of synthetic patient geometry data, and the design
and training of a neural network model capable of estimating patient- and organ-specific
dose values from measurement-based radiation field inputs.

Integration of uncertainty analysis into ML-based dosimetry, by propagating training

data uncertainty and analysing training stability



2. Materials and Methods

This chapter presents the theoretical foundations, simulation techniques, experimental

procedures and computational methods used in this work.

It begins with a description of computer tomography principles (2.1) and CT dosimetry (2.2)
introducing key dosimetric quantities and measurements. Section 2.3 provides an overview of
Monte Carlo simulations for radiation transport, covering fundamental principles, types of
cross-sections, sampling methods, modelling of photon and electron interactions, along with

relevant transport parameters.

Building on this foundation, section 2.4 presents the development and integration of a new
particle source model for CT dose calculations. This includes measurement procedures, the
implementation within the simulation environment, experimental validation steps and

associated uncertainty quantification.

Section 2.5 introduces machine learning concepts, focusing on neural networks, which are
employed in the subsequent deep learning-based dose prediction framework. It additionally
outlines the generation of training datasets required for neural network development, including
simulations with virtual patient data (XCAT phantoms), real patient data and preprocessing
steps. It finally presents the design, implementation and validation of the dose calculation U-

Net, including training procedures and an analysis of the associated uncertainties.

2.1 Computer Tomography

Computer tomography is a medical imaging modality that reconstructs sliced 3D-images of
patients using the difference in X-ray attenuation characteristics of various tissue types. A
schematic of a CT system is shown in Figure 1. The X-ray tube A) rotates around the patient
together with bowtie filter B) and the collimators C), generating a series of projection signals

recorded by the detector array D). The object to be imaged is placed on the patient table E).

The photon field used for imaging is defined by the components A) — C). The X-ray tube,
typically operated with a tube voltage U between 70 kV and 150 kV, produces the primary

photon spectrum with an intensity defined by the tube current I.
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Figure 1. Schematic drawing of a Computer Tomography System and the basic components:

A) X-ray tube, B) Bowtie-Filter, C) Collimator, D) Detector and E) Patient Table.

In clinical practice the CT output intensity is characterized by the time current product Q = I -
t, which is the product of tube current I and tube rotation time t. The bowtie or shaping filter
modulates the photon fluence along in transversal patient axis. Due to the non-uniform patient
thickness in this direction, the filter compensates for the attenuation differences, thereby
yielding a more uniform detector signal. The collimators restrict the beam in longitudinal

patient direction and determine the amount of detector rows radiated at the same time.

The measured projection data, commonly referred to as sinograms, are subsequently processed

through mathematical reconstruction techniques into a volumetric image.

The CT scanner used in this work was an Optima CT 660 (GENERAL ELECTRICS, Chicago,
IL, USA, S/N: 108502CTO01). It is equipped with a patient table made from carbon-fiber-
reinforced plastic and an X-ray tube with a tungsten anode, which can operate at four different
tube voltages of 80 kV, 100 kV, 120 kV and 140 kV. The X-ray tube had an anode angle of 7 °.

Collimation could be set to different values. In this work a collimation of 40 mm was used.



2.2 CT Dosimetry

In CT dosimetry, air kerma is the most used measured quantity. When referring to patient risk
the effective dose and organ doses are calculated. In this chapter, the dosimetric quantities used
in this work are explained and the measurement procedures are described. The following
definitions of the dosimetric quantities are based on ICRU Report 60 [35], ICRU Report 90
[36] and for the clinical relevant definitions ICRU Report 87 [37].

2.2.1 Dosimetric Quantities

To describe a photon radiation field, the simplest quantity is the particle fluence

B dN_ZAs

—a—w. (1)

It is defined as the number of particles N that cross an area A and therefore has the unit cm™2.

As shown in equation (1) it can also be described as the sum over the particle track length As in

an elementary sphere with volume dV.

The derivative of the particle fluence by the energy is named spectral fluence ®p = Z—E .

In dosimetry the goal is to evaluate the energy transfer of the photon radiation to a certain
material. The energy transfer can be described as a two-stage process. The term kerma stands
for “kinetic energy released per unit mass” and is the quantity describing the first part of the
energy transfer process. It describes the amount of initial kinetic energy transferred to secondary
charged particles E},, liberated by uncharged ionizing particles in a mass element dm. The

kerma K can therefore be formulated as

2

The transferred energy

dEy = U dl "E-N (3)

depends on the number of incident photons N, the photon energy E and the interaction
probability characterized by the energy transfer coefficient p;, and the thickness of the mass
element dl. With this expression and dm = p - dV, as the product of the material density p and

the volume element dV, equation (2) can be expressed as



N -dl
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The term in the square brackets is the sum of all track length in the volume element, which is
the particle fluence as described in equation (1). For a spectral photon beam in air equation (5)

converts to

Emax (E)
Ky = f E-®g- <“ ah ) dE . 5)
Y p air

In the second stage of the energy transfer, the charged particles transfer their energy. The
absorbed dose D is defined
dé

D=—— (6)

as the mean energy d & imparted in a mass element dm. The unit of absorbed dose and air kerma

is Gy, with1 Gy = 1] -kg™?.

The described quantities air kerma and absorbed dose can be measured using calibrated
ionisation chambers. An additional measurement quantity is the air kerma length product KLP,
measured with a pencil chamber, which integrates the kerma along its active length. The unit is

of KLPis cm - Gy.

In the clinical environment more complex quantities like the CTDI and dose length product
(DLP) - not to confuse with KLP - are used to quantify the radiation field of CT scanners.
However, the determination of CTDI and DLP is based on simple air kerma length product
measurements. The CTDI first introduced in 1981 is still a dominant dose measurement concept

in clinical practice and is theoretically defined as

1 ©o
CTDI, = ﬁj_mK(z)dz (7)

with K (z) describing the air kerma in a phantom in dependence of the position z along the scan
axis. The nT term is the product of the number n of tomographic section imaged in a single
axial scan (one rotation of the X-ray tube) and the nominal width of this section along the z axis.
It can also be described as the axial scan interval. The CTDI,, was described as the measure of
the average absorbed dose at the centre of a scanned volume, produced by multiple gantry

rotations, assuming the scan length is sufficient to reach its asymptotic upper limit. Hence the



integration over an infinite length is not possible, the CTDI;,, was introduced using an

integration length of 100 mm, the length of a typical pencil chamber.

The average CT DI, across the field of view of an CT scanner can be calculated by

2 1
CTDI = 3 CTDIlOO,peripheral + 3 CTDIIOO,central~ 3

The value can be measured as the weighted sum of the mean value CTDI; g peripheral Of the
four peripheral values and one central value CT DI,y central Of an CTDI phantom as depicted in

Figure 8. The measurement is performed for one 360° rotation of the X-ray tube. The dose

length product

DLP = CDTI -1 9)

is than defined as the product of CTDI and the scan length [.

Personalized dosimetry uses quantities that cannot be measured directly, e.g. the organ doses.
The organ dose Dgrgan is defined as the absorbed dose in the tissue of the organ. Another
commonly used measure is the effective dose Eqfr. This quantity is defined in such a way that
it should correlate with the risk of developing cancer because of the irradiation. The eftective

dose

Eeff,organ = Z Dr-wr (10)
T

is a weighted sum of specified tissue doses D, weighted with risk related factors w;, which
were determined from epidemiology, radiobiology and population-based risk modelling [14, p.
103]. By using tabulated values for conversion factors w from the European guideline for

quality assurance [13], an estimate for the effective dose can be calculated by

Eeff,calc = DLP-w. (1T)

To account for the patient size, correction factors fsi,e Were defined by the American

Association of Physicists in Medicine in the AAPM report 204 [15].



The size specific dose estimate SSDE = CTDI - f;,e, can be used for effective dose estimates

in the same way as the CTDI, but is not recommended in clinical use:

Eeff,SSDE = SSDE-l-w. (12)

2.2.2 Dosimetric Measurements

Air kerma can be measured with ionisation chambers. An ionisation chamber is a gas filled
cavity with two electrodes. Between the electrodes an electrical voltage is applied. The air is
ionised by the radiation and the produced charge moves along the electric field, which results

in a measurable charge M. To convert the charge into air kerma

Kair = MQ ) NKaier ) kp' (13)
a calibration coefficient Ny _. o and an air density correction k, must be applied.

All measurements in this work were conducted using an RC0.6 Farmer-type ionisation chamber
(RADCAL, Monrovia, CA, USA, S/N: 9414) as shown in Figure 3. The charge collected in the
chamber was measured with a UNIDOS electrometer (PTW, Freiburg, DE, S/N: 100006). Time-
resolved data acquisition was achieved by combining the RC0.6 chamber with the ACCU-Gold
read-out system (RADCAL, Monrovia, CA, USA).

The chamber was calibrated against the primary standards of Physikalisch-Technische
Bundesanstalt (PTB) for radiation qualities @ RQTS8, RQT9 and RQTI10, as defined in
IEC 61267:2005. The air density correction factor

ky = = — (14)

corrects all measured values for the air density at T, = 20 °C and p, = 1013.25 hPa using the
temperature T and atmospheric pressure p measured during the experiment. Air pressure during
the measurements was continuously monitored using a pressure sensor, model 278 (SETRA,
Boxborough, MA, USA, S/N: 3997310). The air temperature was recorded with a PT100

(resistance thermometer), which had been calibrated at the PTB.
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2.3 Monte Carlo Simulation of Radiation Transport

The Monte Carlo method can be used to solve complex mathematical problems. For radiation
transport, the Boltzmann transport equation describes the interaction between radiation and
matter. In this case, the Monte Carlo method is a statistical method based on random numbers
to simulate an ensemble of particles based on known cross-sections (see 2.3.1). The statistical
estimator for a physical quantity can be determined by summing the contributions of the
individual particles. Statistical uncertainty can be reduced by using many particles to exploit
the law of large numbers, which states that the average of a result obtained from a large number

of independent samples approximates to the true value [38].

The fundamental principle of radiation transport calculations is the stepwise tracking of each
particle along its trajectory until it either leaves the simulation geometry, or its energy falls
below a defined energy threshold due to interactions. The step length, the interaction type at the
end of each step and the resulting particle properties are sampled from probability distributions

as described by Kawrakov et. al. [39].

2.3.1 Cross-section Types

The named probability distributions are based on measured material and energy-dependent
interaction characteristics, the cross-sections. There are three types of cross-sections as

described in [40].

The microscopic cross-section o can be seen as an “effective area” of an atom for a given
particle type, particle energy E and interaction type. The total cross-section o(E) = ) 0;(E)

is the sum of the cross-section for each interaction.

The macroscopic cross-section describes the probability of an interaction per unit length. For
photons, this cross-section is called attenuation coefficient u and is defined for a given density
p, with u(E) = p-o(E). It describes the loss in photon number with increasing depth in the
material.

For electron interaction, the describing quantity for interaction probability is stopping power

S(E). In contrast to photons, it characterizes energy loss and not the decrease in particle number.

To describe the final state variables of a scattered particle, differential cross sections are used,

as they specify any energy or directional dependencies:

doi(EE") doi(EE'Q)
dE' ° dE'da
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with E and E' describing the energy before and after interaction and the angle Q

characterizing the change in direction.

2.3.2 Sampling Methods

Monte Carlo simulations of radiation transport are based on probability distributions describing
the different properties of the particles to be transported. The sampling from probability
distributions can be utilized through several different methods; however, only those used in this

work are discussed here.

The inverse sampling method [41] requires a defined probability density function (PDF) p(x)
of the variable x. The cumulative distribution function (CDF) F(x) = | Ox p(x) dx is defined as

the integral of the PDF. Using the inversion method the sampling of x can be done by generating

a uniform random number r € [0, 1] and evaluating the inverse of the CDF for r:

x= F(r)™L (15)

In some cases, the inversion of a function is difficult to determine. The so-called alias method
[42] is an efficient method for sampling from discrete distributions. The distribution is
converted into a form that allows sampling to be carried out in constant time O(1) by
precomputing two tables, a probability table and an alias table. The method is realized by a so-
called "decision rule", which enables a reduced representation of the potential results. This rule
is applied in a threshold probability and a replacement choice (alias table), which is referred to
as an "alias”. As part of the sampling process, a random index is first determined, ensuring that
the probability of each result is the same. A second random number is then used to decide
whether to keep the selected result or switch to its alias. The process is characterized by using

only two uniform random numbers.

2.3.3 Photon Transport

Photons interact with matter through various energy dependent mechanisms, the most
significant being absorption (photoelectric effect), incoherent scattering (Compton scattering)
and pair production. In the case of coherent scattering, Rayleigh and Thomson scattering are
the most important ones to mention. With extremely high photon energy, photonuclear reactions
can also occur. The energy range for photons in x-ray diagnostics is approximately 10 keV —
150 keV. Therefore, pair production (minimal photon energy of 1.022 MeV required) and
photonuclear reactions are impossible in this energy range. In Figure 2 the interaction cross

sections for water are shown. As the figure shows, the photoelectric effect and Compton

12



scattering dominate the energy range of X-ray diagnostics (red area) in water. The interaction

probabilities for human tissue are very similar, which mainly consists of water.

Photon cross sections for liquid water
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Figure 2. Energy dependent photon cross sections for liquid water [43], showing the total
attenuation and the different interaction components. The red area shows the energy range of

diagnostic X-rays.

Based on this interaction properties, four steps are necessary to simulate the transport of a

photon with given energy E and direction d through matter as described in [40]. The distance
to the next interaction x can be sampled from the particle's energy using the mass attenuation

coefficient u for a constant medium m. The interaction PDF is defined as

p(x) = p(E,m)- e HEMW™, (16)

The inversion method as described in 2.3.2 allowed the interaction distance to be sampled using

a random uniform number r and evaluate the following equation:

_ In(r)
=- (17)
The particle transport is done in a straight line in the incident particle direction d for the distance
x. At the interaction point, the interaction is sampled using the microscopic cross sections

describing the probability for each interaction type as shown in Figure 2.
13



The interaction probability for each interaction is calculated as the ratio

wi=— (18)

of the interaction cross-section for the individual mechanism g; and the total interaction cross-

section 0.

In the final step the final state of the photon using the differential cross-section is determined.
For example, in the case of the Compton effect, both the scattering angle and the resulting

energy change are sampled.

2.3.4 Electron Transport

Electron transport as described in [40], considerably more complex, primarily due to the
electron charge, which significantly increases cross-sections compared to uncharged particles
like photons and resulting in multi-scattering events. In the process of slowing down electrons
interact thousands of times and their energy loss can be described as nearly continuous. Due to

these interactions, they follow a curvilinear path.

Electrons interact with matter by four processes. When an electron interacts with another
electron in the atomic shell via its charge over a relatively large distance, the bound electron
can be knocked off, called ionisation, or the interaction changes the energy level of the electron,
called excitation. This kind of interaction is called soft collision, due to the small amount of
transferred energy. Soft collisions are the most common type of interaction. Hard collisions are
interactions between the two electrons over a short distance and with large energy transfers.
The interaction releases a “knock-on” electron, which has large kinetic energy and can induce
ionisation itself. The atomic nucleus also contains charged particles and can interact with
electrons. If the interaction results in a direction change with no energy transfer, it is called
elastic scattering. If an energy loss occurs, the transferred energy is emitted as a so-called
bremsstrahlung photon, therefore it is a bremsstrahlung interaction. The interaction with the

atomic nuclei is the main reason for the convoluted electron path through matter.

Different methods are used to overcome the challenges of continuous energy loss and
curvilinear particle trajectories for electron transport in Monte Carlo codes. Simulating every
step and interaction of an electron would be too time-consuming. The condensed history method

(CH) [44] groups a series of scattering steps and accounts for the scattering angle by using
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multi-scattering theory. The energy loss is modelled either continuously or by large energy

transfers and the production of a secondary electron.

2.3.5 Monte Carlo Transport Parameter

When using Monte Carlo methods for radiation transport, several parameters determine the
transport and interaction behaviour. For the MC Code EGSnrc, used in this work, they are
described in NRCC Report PIRS-701 [45]. Most important are the thresholds for the transport
of primary particles and the production of secondary particles. For EGSnrc the transport cutoffs
are called ECUT for electrons and PCUT for photons. The particles are transported until they
leave the geometry or if their energy falls under the defined cutoff-energy. If the energy of a
particle is lower than the defined threshold, the energy of the particle is deposited locally, except

for positrons. For positrons, the annihilation photons can escape.

The thresholds to produce secondary particles are called AE and AP. AE defines the minimal
energy of a secondary electron so that the interaction is handled discretely and the secondary
electron is followed through the simulation geometry. For an energy lower than AE, the energy
is treated as part of the continuous energy loss along the primary particle track. AP describes

the threshold for bremsstrahlung photon production.

Another important parameter is the cross-section database. As described above, the cross-
section data determines the interaction probabilities in the simulation. In EGSnrc, there are
different options to choose from, and different effects can be turned on and off. In this work,
the mcdf-xcom database [43] was used for the photon cross-section parameter. It contains data
for the photoelectric effect, Raleigh scattering and pair/triplet production. The mcdf-xcom
database provides theoretically determined cross section data. It is based on the
Multiconfiguration Dirac-Fock (mcdf) mechanism as described in [CRU Report 90 [36], which

accounts for relativistic effects and electron correlation.

2.4 Implementation of a New Particle Source

For the training data generation for the neural network, it was necessary to be able to calculate
3D-dose distributions. In a previous publication from our group [46], an experimental method
for characterizing the spectral photon fluence of any CT scanner was presented. This method
involves a simple set of measurements that can be performed under clinical conditions. It
determines the spectrum of the CT scanner by measuring the aluminium attenuation curve and

assesses the shape of the bowtie filter by angle-dependent air kerma measurements.
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Importantly, this approach does not require access to proprietary manufacturer information.
Building on this technique, our group developed a comprehensive personalised dosimetry
approach for CT, which is described in detail in [47]. This approach used ImpactMC, a
discontinued commercial software [48]. To advance this line of research the EGSnrc MC toolkit
[39], particularly its C++ extension modules, was used to implement a customizable CT scanner
source. EGSnrc is widely used for high-accuracy radiation transport simulations and offers
multiple user codes for different objectives. For instance, the new implementation of the particle
source allows the simulation of dosimetric quantities using an ionisation chamber model and

image data (egs_cbct) using the same MC algorithm and simulation settings.

The implementation and validation of the source is part of this thesis and was published in [1]

by the PhD candidate.

2.4.1 Measurement Procedure of CT Source Model

To characterize the radiation field of a CT scanner, there are two important pieces of information
to determine: the energy distribution and the spatial distribution of the radiation. To characterize

the energy distribution, the spectral photon fluence @ in the centre of the gantry is needed.

Figure 3. Experimental setup for measuring the aluminium attenuation curve and form filter
characteristics. An RC0.6 chamber was placed approximately 25 cm from the gantry centre

and aluminium sheets of varying thickness were aligned with the chamber. The bowtie filter
profile was recorded in air with the patient table removed, from [1], Licensed under CC BY

4.0 (https://creativecommons.org/licenses/by/4.0/).

The spectral photon fluence were derived by analysing its aluminium attenuation properties. A
Radcal RCO0.6 ionisation chamber was placed at 7, = 25 ¢cm from the isocentre within the
gantry. Aluminium plates of increasing thickness were mounted on a holder positioned on the

patient table (see Figure 3). The chamber, connected to an ACCU-Gold digitizer, recorded time-
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resolved signals as the X-ray tube rotated and the table moved. From this signal, an attenuation
curve was obtained. Using a custom optimization algorithm, a reference spectrum generated
with SpekPy [49] was iteratively adjusted by adding aluminium filtration until it matched the

measured attenuation characteristics.

The spatial distribution is influenced by the bowtie filter of the CT and the collimators.
Figure 4 shows a systematic drawing of the collimation setup. The collimation width ¢ is
chosen by the operator. The bowtie filter can be described by an angular dependent thickness

d(0) calculated from an angular dependent attenuation f(8).

X-ray source

bowtie filter

collimator

Figure 4. Schematic drawing of the collimation system of a CT scanner including the X-ray
source, the bowtie filter with fan angle 6 dependent thickness d(6) and the collimator with
collimation width c. The figure also shows the effect of the bowtie filter and collimator on the

radiation field intensity (red: high intensity, yellow: low intensity).

To characterize the filtration properties of the bowtie filter, the COBRA methodology
(Characterization of Bowtie Relative Attenuation) was employed, following Boone [50]. This
approach allows for the determination of the spatially varying filtration introduced by bowtie

filters. The experimental setup involved placing a Radcal RCO0.6 ionisation chamber 25 cm
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away from the isocentre, positioned outside the central axis of the gantry, as depicted in
Figure 3, but without additional filtration. During data acquisition, the X-ray tube was
continuously rotated while the chamber recorded time-resolved signals corresponding to
different angular positions of the beam. This procedure resulted in a detailed attenuation curve

as a function of angle, f(6).

Using the X-ray spectrum previously derived from aluminium attenuation measurements, an
angularly dependent aluminium-equivalent thickness profile of the bowtie filter was computed.
This was achieved by calculating the additional aluminium thickness to fit the measured air

kerma attenuation curve, using the method described by Rosendahl et. al. 2019 [47].

One example of the resulting aluminium equivalent source model can be displayed by the three

plots in Figure 5.

Bowtie attenuation Spectrum Al. eq. bowtie
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Figure 5. Example of a dataset describing the aluminium equivalent source model, left: measured
relative angle dependent bowtie air kerma attenuation, middle: aluminium equivalent photon

spectrum, right: calculated angle dependent aluminium equivalent bowtie filter thickness.

2.4.2 Implementation of the Particle Source

To define a new particle source for the C++ library of EGSnrc, the sampling of two particle

properties must be implemented: direction d and energy Epp.

The direction vector

d

Elkx

) tan(0)
=5\ tan(a) ), (19)
1
is characterized by two angles 8, which represents the angle in the xz-plane and a corresponds

to the angle in the yz-plane, as illustrated in Figure 6.
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Figure 6. Example of photon track output of the implemented aluminium equivalent CT
source and spatial orientation, from [l1], Licensed under CC BY 4.0

(https://creativecommons.org/licenses/by/4.0/).

The sampling of 6 was based on the relative kerma attenuation f(6) of the bowtie filter, which

was used as a PDF for the fan angle 6.

To perform sampling, the inversion method as described in 2.3.2 was employed, solving the

equation:

0 =Fg'(r), (20)
where 7 is a random number uniformly distributed in [0,1] and F; * denotes the inverse CDF
Fyg = [ f(8). To facilitate numerical inversion, the distribution was first smoothed using a
convolution-based approach, followed by linear interpolation. Numerical integration was
carried out using the trapezium rule [51]. Finally, the value of 8 was obtained by solving

equation (20) as a root-finding problem using Brent’s method [52].

The angle a was sampled from a uniform distribution [—®yax, @maxl, constrained by the

collimation in the z-direction. For this the maximal angle

c
Amax = tan™? <Z/dsc> (21
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was calculated from the collimation ¢ and the source-gantry-centre-distance d..

In a second refined implementation, the build in sampling function of EGSnrc was used for the
fan angle distribution sampling, using the continuous sampling option, which is based on the

alias sampling method explained in 2.3.2.

The energy sampling of a particle is based on the determined photon spectrum @ in the centre
of the gantry and the angular dependent aluminium equivalent thickness of the bowtie filter.
For the sampled fan angle 6 the corresponding aluminium thickness d;(€) is used to calculate

an attenuated spectrum

‘DE,filtered (E,0) = CDE(E) . e(_ﬂAl'pAl'dAl(e))' (22)
using Beer-Lambert law, with the total attenuation coefficient of aluminium p,; and the

aluminium density p,;. The attenuation coefficients, including coherent scattering effects, were

obtained from the linear interpolated XCOM database [43].

2.4.3 Validation of the Particle Source Implementation

To verify the method, the developed EGSnrc particle source class was applied to a CT scanner
setup and simulated air kerma values were compared with experimental measurements and a
detailed BEAMnrc [53] source simulation based on manufacturer information. Initially, source-

specific features such as the bowtie filter attenuation and the X-ray spectra were validated.

Properties of the used CT scanner are described in 2.1. Measurements were performed at all

four tube voltages, using a 40 mm collimation and the large body bowtie filter.

2.4.3.1 Monte Carlo Simulation of Air Kerma
For validation purpose air kerma values had to be simulated. For this purpose, the EGSnrc C++
user code cavity was used. The data post-processing and analysis were performed using Python

3 (version 2.8.13). The transport parameters used are listed in Table 1.

To replicate the axial scan acquisition in the simulations, the particle source was rotated and
shifted to reproduce the physical scan trajectory of the CT scanner's X-ray source. A separate
MC simulation was performed for each discrete source position. An angular step of 1 © was

used for the rotation.
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Table 1. Monte Carlo transport parameter for particle source validation simulations, from [1].

Parameter Description
Code EGSnrc release version 2020 [39]
Timing PTB computing cluster (CPU),

approx. 107 - 108 histories per hour depending on the

geometry
Cross-sections mcdf-xcom [43]
Transport parameters electron cutoff 0.512 MeV (includes rest energy)

photon cutoff 0.001 MeV

Variance reduction none

Number of histories 108 - 1019 histories per simulation

Scored quantities fluence, deposited energy

Statistical uncertainty <01%

Postprocessing Conversion of scored quantities to air kerma
Normalization

For the validation of the bowtie attenuation the photon fluence with respect to energy @5 (E)

was scored. The air kerma was calculated

Emax

Kae = ) @p(B)-E -Hr)/, (3)

Emin
using the mass energy-transfer coefficients Her (E)/ p for air. The coefficients were simulated

with the EGSnrc usercode g [54].

. . . E . .
For all the other simulations the air kerma K. = % was determined as the quotient of the

deposited energy Eqep and the mass m of the scoring volume. For the energy range of X-rays,

this 1s a sufficient approximation, due to short electron range.

2.4.3.2 Validation against BEAMnrc CT Model

For the simulation of the realistic CT scanner source geometry the simulation tool BEAMnrc
[55] was used. The source geometry was modelled using component modules, listed in Table

2. The schematic drawing of the different components is shown in Figure 7.
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Figure 7. Schematic drawing of an example CT source geometry in BEAMnrec. left: Front view,

right: Side view.

The geometry information was based on manufacturer information. In contrast to the image
shown a photon spectrum calculated with the python module SpekPy [49], a validated software
tool for the calculation of X-ray spectra, was used as input instead of the anode with an electron
beam. This decision was made to speed up the simulation. As source ISOURC=1 was used, an

isotropic point source, with the defined photon spectrum.

Table 2. Used component modules for different CT source components.

component component module
Filtration SLABS

Bowtie JAWS
Collimators JAWS

To save later calculation time phasespace files of the BEAMnrc source output were calculated,
using 108 photons each. For each tube voltage 1000 phase space files were generated and

randomly chosen during following simulations to avoid correlations.

The new implemented source was compared to the BEAMnrc source for the aluminium

attenuation curve and the bowtie profiles, presented in section 3.1.1.

2.4.3.3 Table Density Estimation

The scanner included a carbon-fibre-reinforced plastic patient table, which served to support

the experimental setup and is referred to as the patient table in this manuscript.
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The patient table significantly attenuates the photon radiation and therefore must be considered
when comparing measurements and simulations. The composition of the table material and thus
the attenuation of the radiation, is normally unknown. To overcome this problem, a semi-
empirical method for modelling the patient table was developed as described in [1]. The method

is based on a comparison of MC simulation results and dose measurements.

To characterize the attenuation caused by the patient table, the ratio of the air kerma at the
bottom position Kex,(p6) of a PMMA CTDI body phantom, which is more strongly affected
by the table attenuation, to the air kerma at the top of the phantom K,y,(p12), which
experiences less attenuation, was evaluated (Figure 8). The ratio is defined as

ey = P (PO) Ko (012) - 24)
The CTDI phantom consists of a 15 cm long PMMA cylinder with a 32 cm diameter and has

five holes for placing an ionisation chamber—four on the periphery and one at the centre.

For the material definition in the Monte Carlo simulation a composition of 40 % epoxy resin
and 60 % carbon fibres were assumed [56]. Based on the chemical composition of epoxy resin
from [57], the elemental composition of the patient table material was defined as 68 % carbon,
27 % hydrogen and 5 % oxygen. The volume fraction, the mass fractions, the densities and

chemical compositions of the two components are presented in table Table 3.

Table 3. Material composition of the CT scanner table: volume fraction, density, mass fraction

and chemical composition of the two components, from [1].

Volume fraction Density | Mass fraction
Material (%) (g-em™) | (%) Chemical composition
Carbon fibre | 60 1.80 68 C
Epoxy 40 1.25 32 C12H1604(C18H2003)24

The simulations were carried out with an identical CTDI-phantom setup for a range of different
densities p between 1.5 g cm™ and 3.5 g cm™ of the patient table modelled from carbon fiber

reinforced plastic. For the resulting density dependent simulated attenuation values

awe(p) = {MePOS oy =ap+b, (5)
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a linear relationship was seen in the data. Therefore, a linear fit was calculated, with the fitting
parameters a and b. The material density corresponding to the experimental values can be

determined using the following equation:
1
PTabieMc = a (Kexp - b) (26)
For the uncertainty estimation the values from the covariance matrices were used.

To further verify the table's density, primary photon attenuation was measured at the centre of
the gantry using a Farmer-type ionisation chamber. A time-resolved measurement curve was
recorded during a complete rotation of the X-ray tube around the chamber, and this curve was

replicated using the determined table density in the simulation.

2.4.3.4 Phantom Measurements and Simulation

Figure 8. Measurement set-ups of the phantom measurements at the GE OptimaCT 660 with
marked measurement positions (top). Simulation geometries of the two phantoms (bottom).
CTDI phantom (left) and thorax phantom (right). from [1], Licensed under CC BY 4.0

(https://creativecommons.org/licenses/by/4.0/).

The X-ray spectra and bowtie attenuation were measured as previously described in 2.4.1.

Additional validation was carried out using two phantoms: a CTDI phantom (PTW, Freiburg,
Germany) and a thorax phantom (CIRS, USA). The simulation and measurement geometries

are shown in Figure 8.
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The anthropomorphic thorax phantom, mimics human anatomy using three materials
representing soft tissue, lung and bone. It also has five equivalent measurement positions (see

Figure 8).

Measurements were taken at each of the possible positions in both phantoms, with the
remaining holes filled using matching material rods. Scans were conducted in axial mode using
a single rotation, a 2-second rotation time and a tube current of 100 mA. The centre of each

phantom was aligned with the CT scanner’s isocentre.

For the comparison between measurement and simulation results a conversion factor ky
between time current product Q at the CT scanner and number of particles N in the simulation

was needed. The conversion factor was calculated by

Kexp ref N
kyo= ' , 27
ne Q KMC,ref ( )

... K . .
with %’ref measured with an RC0.6 Framer chamber free in air in the centre of the CT gantry

K . .
and %ref simulated at the same position.

To ensure the linearity between measured value and time current product, measurements were

performed for each tube voltage and eight current values from 50 mA to 400 mA.

2.4.4 Uncertainty Estimation
The uncertainty evaluation follows the guidelines outlined in JCGM 100:2008 [34]. The air

kerma estimated from MC simulations is calculated using the following model equation:

Ksim
Kvc = kno =~ " Q *ksprc “ kpr " kpr * k- (28)

Equation (28) defines how the simulated air kerma value Ky is estimated for a given current-
time product Q. The factor ky o converts the MC simulation result Ksﬁ , which is normalized

per particle N, into a value normalized by the CT scanner's operational parameter Q.
Several correction factors are included to account for additional influencing parameters:
e kgpgc: spectrum correction
e kj,: material definition
e kgr: bowtie filter shape

e kpr: patient table density

25



The uncertainties associated with these factors, denoted g;, are summarized in the results in
Table 11 in section 3.1.4. For measured air kerma values, uncertainty was evaluated both for
in-air measurements and those conducted with phantoms. When using the RC0.6 Farmer-type
ionisation chamber in free air, a combined standard uncertainty (0¢exp) of 0.72 % (with a
coverage factor (k = 1)) was determined. The full uncertainty budget is detailed in Table 12 in
section 3.1.4. This measurement uncertainty contributed most significantly to the overall

uncertainty in the normalization factor ky q.

To assess the uncertainty in the simulation, a sensitivity analysis was conducted on the various
contributing factors. For the material correction factor kj, the PMMA density was varied
between 1.17 g/cm? and 1.19 g/cm?. These boundaries were chosen based on literature data
(material data EGSnrc, [57]) and the measurements of 7 PMMA probes at the PTB (Table 16).
For the patient table correction kpr, uncertainty in the material density was derived from the
linear regression described in Equation (25), with propagation of uncertainty applied to the

value calculated using Equation (26). This resulted in a density range of 1.88 g/cm® to
2.43 %. The corresponding effect on the simulated air kerma was used to estimate uncertainty,

assuming a rectangular distribution.

As the same experimental approach was used as in [47] and the uncertainty related to the bowtie
filter shape had already been assessed in that prior study, no new sensitivity analysis was

conducted for kg; the previously determined uncertainty value was adopted.

The statistical uncertainty of the simulated value K, was taken directly from the MC

simulation output.

To evaluate uncertainty in the X-ray spectra, additional simulations were carried out using the
CTDI phantom and two alternative spectra with different mean energies, as shown in Figure 9.
The lower-energy spectrum was generated using the SpekPy Python module [49], based on the
specified tube voltage, anode angle and filter materials provided by the manufacturer. For the
higher-energy spectrum, an extra aluminium filter was added to achieve an equivalent mean

energy shift in the opposite direction.
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Figure 9. Illustration of the spectra used for uncertainty estimation for the X-ray spectrum
dependency of the simulated air kerma results, from [1], Licensed under CC BY 4.0

(https://creativecommons.org/licenses/by/4.0/).

2.5 Machine Learning for Dose Calculation

This chapter discusses selected principles of machine learning, as presented in [59]. Machine

learning refers to computational models that are able to adjust based on data.

There are different types of ML algorithms, for example, neural networks, decision trees,
supported vector machines and Bayes networks. In this work, only neural networks were used,
hence this chapter will focus on those. Neural networks (NN) belong to the ML subfield of deep

learning.

2.5.1 Neural Networks
The simplest type of neural network is the fully connected neural network (FCNN). An example

of the structure of a FCNN is shown in Figure 10.

The term “fully connected” denotes that every neuron in a layer is connected to every neuron
in the subsequent. In the input layer, the input feature vector X, is entered into the NN. The

values of layer n are calculated by

Xn = U(Wn "Xpq + bn), (29)

with the weight matrix W, bias vector b,, and the non-linear activation function ¢. The layers

between input and output layer are called hidden layer.
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Input layer Hidden layer Output layer

Figure 10. Schematic drawing of a fully connected neural network. The network consists of
an input layer, two hidden layers, in which each neuron applies a activation function o, and

an output layer.

The training of a neural network is the adjustment of the weights according to the provided

data. The neural network output y is compared to the ground truth y’ by evaluating a loss
function L(y, y’). An example loss function is mean-squared-error MSE = % o —vH2

Based on such a function the networks’ weights are adjusted to minimize the loss function. For

the minimizing process an optimization algorithm is used.

The convolutional neural network (CNN) is a specific type of neural network. It employs
convolutions to extract features from multidimensional data. The convolution matrices
represent the weights that are applied to the input data. The primary benefit of CNNss is their
ability to significantly reduce the number of weights needed for processing multidimensional
data compared to FCNNs. One special form of CNN is the so-called U-Net. Developed by
Ronnenberger, et. al. [60] it is very efficient in several imaging-based tasks. The name is based
on its shape, as shown in Figure 11. In the contracting downward path (encoder), the input is
analysed (convolutions) and down-sampled (pooling) and the key components of the input are
determined. In the expanding path (decoder), this information is refined to the original size by
applying up-convolutions. In addition, localization information is provided by cross-connection

between the down and upward paths.

28



l |
||l 188
| I

(B B [(H-H-H
| 1
I S [— PR % convolution
l I | max pooling
I up-convolution

copy

— ) EE—— ) EE—

Figure 11. Schematic drawing of a U-Net Structure, with the arrows describing mathematical

operations. Blue arrows: convolution, red: max pooling, green: up-convolution, grey: cross-

connections.
The network architecture used in this work was a 3D-U-Net with a depth of four, as shown in
Figure 11. For each step in the encoder path a convolutional block is applied, consisting of two
convolutions (blue arrows) with a kernel size of 2x2x2, each combined with a batch
normalization. The used activation function was ReLu (rectified linear unit). The down
sampling was achieved by applying max-pooling layers (red arrows), also with a kernel size of
2x2x2. The decoder path was constructed similarly, using 2x2x2 transposed convolution kernels
(green arrows). For the last layer a 1x1x1 convolution kernel was applied to get the output dose

map.

2.5.2 Generation of Training Datasets

The neural network implemented in this work is supposed to calculate a 3D-dose distribution.
The dose prediction network gets two input features as presented in Figure 12. The first is an
electron density map of the patient geometry to provide geometrical information. The second
input provides the radiation field information by presenting an 3D-air kerma attenuation curve
in a water cylinder. The network output is a 3D-dose map of the patient geometry. For the

ground truth training data, MC simulated dose distributions were used.

Anatomically realistic human body models serve as the foundation for generating these data.
The following sections describe the datasets used, including synthetic phantoms and real patient
data, followed by the generation of network inputs and target dose values through simulations

and data preprocessing.
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Network Input — Electron Density Map and Radiation Field

Figure 12. Example network inputs and ground truth MC data. Top: Electron density map

overlaid with the radiation field characterization map. Bottom: MC ground truth data.

2.5.2.1 Virtual Phantom Dataset

To create realistic virtual patients for simulation purposes, XCAT version 2 software [61]
developed at Duke University was used to create human body phantoms. The aim was to create
a population of virtual patients with a variety of body sizes and organ volumes. The XCAT
software required several input parameters including organ volumes, fat layer thickness and
body height to define each phantom. The complete list of parameters is presented in Table 4.
To achieve a diverse data set, the values were sampled from uniform distributions with defined

boundaries.

Patient body heights were sampled from a uniform distribution ranging from 1.50 m to 2.10 m,
covering the expected range for adult males and females. The generation of organ volumes was
based on reference data from ICRP Publication 145 [62]. For each organ, values were sampled
from a uniform distribution centred around the mean reported in the ICRP data, with a 10 %

range applied.
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To account for differences in body composition, different scaling factors were used. These
factors, sampled from the range [0.90, 1.10]. A single fat layer scaling factor was applied

consistently across all regions of each phantom to maintain anatomical proportionality.

For each parameter, 200 values were generated and random combinations of these were used to
create 200 synthetic adult phantoms—comprising 100 female and 100 male models. Three

example phantoms from the dataset are shown in Figure 13.

Figure 13. Example of three phantoms from the generated phantom dataset, each representing
a different body shape. The coloured regions indicate the simulated scan areas, along with the

segmented organs used for effective dose calculation, from [2].

Table 4. Input parameter for XCAT phantom generation: Mean values for organ volumes and

list of scaling factors, each with a range of [0.90, 1.10].

parameter mean value [62] Scaling factors
Organ volumes in cm3
male female
prostate 17.1 phantom_height scale
testes 35.8 hrt scale x
liver 22349 1707.5 hrt_scale y
stomach 427.6 387.8 hrt _scale z
pancreas 166.3 138.6 lung_scale
spleen 215.5 176.8 head height scale
gall bladder 66.3 54.5 head skin x scale
right kidney 203.0 154.8 head skin y scale
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left kidney 197.9 184.4 chest_skin long axis_scale
right adrenal 8.4 8.4 chest_skin short axis scale
left adrenal 8.4 6.6 abdomen_skin long axis scale
small intestine 1172.3 1004.1 abdomen_skin short axis scale
large intestine 764.7 743.5 pelvis_skin long axis scale
bladder 241.4 231.5 pelvis_skin short axis scale
right thyroid lobe 11.1 9.3 arms_cir_scale

left thyroid lobe 11.1 9.3 arms_length scale

thymus 25.1 19.9 arms_skin_cir_scale

salivary 85.4 69.6 legs cir scale

pituitary 0.6 0.6 legs length scale

eyes 15.1 15.1 legs skin cir scale

right ovary 6.0 bones_scale

left ovary 6.0

ftubes 2.1

uterus 80.3

larynx 27.2 18.4

trachea 10.1 8.0

esophagus 72.0 62.2

epidy 3.8

right breast 13.2 261.5

left breast 13.2 261.5

breast glandular 10.1 200.8

breast adipose 16.3 322.8

brain 1457.6 1296.4

heart tissue 367.1 276.8

To assess the dosimetric behaviour across the dataset, a small simulation study was conducted
by the PhD-candidate and presented in [2], using the three example phantoms: one
corresponding to ab average adult, and two representing anatomical extremes. In the study the
organ based effective dose and the effectives doses based on CTDI and SSDE as described in
section 2.2.1 were simulated. For the simulation the previously presented particle source was
used. The simulation was performed for a typical lung scan between the cervical vertebrae and

adrenal gland [63].
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2.5.2.2 Real Patient Dataset

The synthetic dataset was complemented with 116 anonymized whole-body CT scans obtained
from Klinikum Braunschweig, comprising scans from 54 female and 62 male adult patients.
Using the TotalSegmentator software [64], the CT scans were segmented into 104 distinct
organs and tissues. For the purposes of simulation, several of these tissues and organs were

grouped together (see Table 5).

Although the original data encompassed the entire body, this study focused solely on the
thoracic region. To isolate this area, an automated region-of-interest (ROI) extraction was
performed using anatomical landmarks, capturing slices from the cervical vertebrae down to
the adrenal glands. An additional 30 slices were included at both the upper and lower

boundaries.

2.5.2.3 Training Data Set Generation and Preprocessing Steps

As ground truth data MC simulated dose distributions were calculated using the particle

source described in section 2.4.

Table 5. Material definition parameters for radiation transport simulation for training data

generation.

material density in electron density in density correction file
g/cm3 m~3 - 1026 [65]

Air 0.0012 33 air_dry nearsealevel
Muscle 1.04 3480 muscle skeletal icrp
Lung 0.27 862 lung_inflated icru 1986
Spine Bone 1.85 5950 bone cortical icrp
Rib Bonde 1.85 5950 bone compact icru
Fat 0.92 3180 adiposetissue icrp
Blood 1.06 3510 blood icrp
Heart 1.06 3510 heart blood-filled icru 1986
Kidney 1.05 3480 kidney icru 1986
Liver 1.06 3510 liver icru 1986
Pancreas 1.04 3460 pancreas_icru_ 1986
Intestine 1.03 3420 gitract_intestine icru 1986
Scull 1.85 5950 bone compact icru
Brain 1.03 3460 brain_icrp
Spleen 1.06 3510 spleen_icru 1986
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For the source parameters 120 kV and a 40 mm collimation were chosen. For every anatomy
eight axial source positions along the scan axis were simulated. Beforehand all data was
resampled to the same resolution of 3mm x 3mm x 4mm. For the simulation the same MC
parameters were chosen as presented in Table 1 only differing in scored quantity, which was

the dose per particle for each voxel saved in a .3ddose file for the phantom simulations.

Two inputs were used for the neural network as illustrated in Figure 12. The segmented patient
geometries were converted to electron density distribution, to represent the radiation interaction
properties of the tissue. For the conversion the electron densities from the ICRU Report 46 [65]

were used.

Radiation field input

As input to characterize the radiation field an air kerma attenuation of the CT radiation field
was calculated using a ray tracing algorithm based on the software implemented by Lehner

et.al. [66].

First, a direction is sampled in given boundaries, and a ray is traced along with the given
orientation. During this process, the materials of the traversed voxels are identified. Next, the
water equivalent distance d is calculated based on the voxel dimension. This distance is used

to determine the kerma. The kerma K in water distance d is calculated by

K(d) = ZE(QD(E) v e rwErowd) gLy () AE, (30)

with the discrete photon fluence @ (E’) exponential attenuated by the given thickness of water,
the mass energy transfer coefficient of air u, 4, summed over the spectral energies E and bin

width AE of @(E).

Finally, the corresponding value is set and weighted by the angular probability w given by the
measured bowtie filter attenuation and attenuated using the distance-square-law. To reduce
computation time, the resulting kerma value map is rotated and translated to mimic the CT

source positions and their respective dose contributions.

An example of the three-dimensional attenuation is shown in Figure 14.
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Figure 14. Example of a three-dimensional attenuation curve for a CT scan in a water

cylinder with a diameter of 32 cm. left: z-x view, right: x-y view.

Data preprocessing

To prepare the data for training of the neural network, the data was pre-processed to ensure fast
data loading during training. As a first step began random points were selected within the body
volume of each patient or phantom. Sampling was restricted to anatomically relevant regions,

ensuring underrepresentation of air voxels in the training data.

For each position, a three-dimensional patch with a size of 32x32x32 voxels were extracted
from both the input data and the corresponding dose distribution from MC simulations. An

example is shown in Figure 15.

Figure 15. 2D-representation of patch sampling from a phantom geometry. Patch centre points
were sampled inside the phantom geometry and 32x32x32 patches were extracted around the

centre point.
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To ensure numerical stability, all input and output data were normalized to the range [0,1].
Normalization was performed globally for the entire data set using fixed scaling parameters

derived from the expected maximum values of each variable.

After normalization, the dataset was split into non-overlapping subsets for training and
validation. A test dataset consisting only of real patient data from 28 patients was taken out

beforehand.
The processed data were serialized and stored as Python pickle files.

2.5.3 Network Training

In the development process, in a first step a dose prediction network was trained, whose only
output was a dose map u(x). In a second step the network output dimension and the loss
function were modified to account also for uncertainty estimation as described in section 2.5.4.

The training procedure was the same for both networks.

The neural network was trained to determine a 3D map of continuous dose values for each voxel
x. The loss function was defined as a voxel wise mean squared error

1 n
Luss =~ () = D@)? - M) o
x=1

between the neural network prediction p(x) and the ground truth values D (x).

To focus the training on relevant areas, a binary mask M was used that only considers voxels
that belong to the patient's body volume. This mask was created based on the segmentation of
the patient's body and applied to the loss during training so that only the masked voxels were

used to calculate the gradient. This serves to avoids unnecessary optimization outside the body.

The Adam optimizer was used as the optimization algorithm. The initial learning rate was set
to 0.001. The training was performed over 1000 epochs, which took depending on training
dataset size roughly 24 h. Model checkpoints were saved at intervals of 100 epochs to later

select the optimal working network and detect overfitting.

For the training a computer unit with an NVIDIA RTX A5000 GPU (24 GB VRAM), an Intel
Core 19-14900K processor, 128 GB DDRS5 RAM and the Windows 11 Pro operating system
was used. The implementation was carried out with PyTorch version 2.3.1, using CUDA 12.1

for GPU acceleration. The training pipeline was developed entirely in Python.
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2.5.4 Uncertainties of a Neural Network

In a second step the network output and the loss function was adapted to account for uncertainty
evaluation. For the uncertainty analysis the approach presented in [67] by Lakshminarayanan
et al. was adapted, analysing two sperate uncertainty aspects: the uncertainties rooted in the
training data (aleatoric uncertainty) and the uncertainties from the model training (epistemic
uncertainty). A central component of the method proposed by Lakshminarayanan et al. was the
training of an ensemble of neural networks, where each model is initialized with different
random weights and trained independently. Different initializations and different orders of the
training data can lead to convergence to different local minima. As a result, each network in the
ensemble learns a different function, even when trained on the same dataset. This diversity
among ensemble members is crucial for capturing epistemic uncertainty, which reflects the
uncertainty of the model about its own parameters due to limited data. During inference, the
predictions of all nets y;(x) are averaged to obtain a final output distribution. For the epistemic

uncertainty the variance

5
1
Ucezpistemic(x) = 52(#1' (x) — D(x))z (32)
i=1
over the five trained networks was used.

The selection of an appropriate loss function is essential in training neural networks for the
estimation of the aleatoric uncertainty. In this work the negative log-likelihood was used as loss
function. For the loss function it was assumed to model an output y € R? as a Gaussian
distribution with a mean u(x) and a variance o2(x) for each voxel x. The negative log-

likelihood of a heteroscedastic Gaussian model is given by

L) = S exp (~1og () () — u(®)” + 3108520 (33)

which was used as the loss function of the training. This function ensured that the model predicts
a distribution and not just a point estimate, which was realized by two output layers, which
presented the mean and the logarithmic variance for each voxel. The function was minimized
when the predicted distribution matched the ground truth distribution. The loss function
penalized both inaccurate mean estimates and an inadequate uncertainty estimate. It also
prevented a trivial solution due to oversized variance values, as the logarithm of the variance is

explicitly part of the cost function.
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For the total loss

Liowal = ) MEOLE) (34)

The function from equation (33) was again multiplied with the binary mask, to only optimize

on dose prediction inside the patient body.

To incorporate the uncertainty of the Monte Carlo ground truth data of 5.5 % (k=1) [1] it was
added to the output values by

log &2;(x) = log(0?;(x) + (;(x) * 0.055)?) (35)

in the last layer of the network. The aleatoric uncertainty

5
1O .
aalzleatoric = gZ Gzi(x) (36)
i=1
was than calculated as the mean value over all five ensemble networks.

The total uncertainty

O-total(x) = \/O-ezpistemic (x) + O-:Ieatoric (37)
was calculated as the square root of the sum of the two variances.

For the organ doses, the uncertainty of each voxel was propagated to determine the individual
organ dose uncertainties. To ensure scalability, the calculations assumed full correlation of
uncertainties between voxels. This simplification was necessary because computing and storing
the full covariance matrix for the large 3D dose maps, would require handling on the order of
10* covariance terms, corresponding to several petabytes of data — making the computations

expensive in both time and memory.

Under the assumption of full correlation, the variance of the mean can be expressed as

2

1 Norgan Norgan 1 Norgan
Oorgan = 2 Z Z O-tot(i)o-tot(j) = 2 Z atot(i) ’ (38)
Norgan i1 =1 Norgan =

with Ngpganas the number of organ voxels.
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2.5.5 Network Performance Evaluation

For the evaluation of the network performance, organ doses were calculated by applying the
segmentation map to the estimated 3D dose distribution D. The organ doses were computed

using the following equation:

1
Dorgan = EZL'DL' ) Mi,organ > (39)

where M gan Was a binary mask for each organ. The voxel dose values within each organ were

summed and then divided by the number of voxels belonging to the organ.

The organ doses and summed organ doses were compared to the values obtained by MC
simulations. The uncertainty values for the organ doses and the sum were calculated using

uncertainty propagation of the voxel uncertainties, determined as described in 2.5.4.

2.5.6 Optimization of the used Training Data Set

The composition of training data plays a critical role in determining a neural network's ability
to generalize and possible biases [68]. To address this issue, the utilization of synthetic training
data has become a common practice in domains such as lesion classification [33] and image
segmentation [34]. Russ et al. (2019) [69] demonstrated the feasibility of generating
anatomically realistic CT images from XCAT phantoms using CycleGANs, showing enhancing
performance of segmentation when synthetic and real data were integrated. In a similar vein,
the study by Khosravi et al. (2024) demonstrated that augmenting datasets such as CheXpert
and MIMIC-CXR with synthetic chest X-rays led to enhanced performance, with optimal gains

observed at a synthetic-to-real ratio of approximately 10:1 [70].

Computational models like XCAT facilitate the generation of datasets exhibiting anatomical

diversity, with controllable statistical properties.

Four neural networks, named according to the proportion of real patient data in their training
datasets, were trained using different ratios of real to synthetic data: 0% NN (0% real / 100%
synthetic), 10% NN (10% real / 90% synthetic), 20% NN (20% real / 80% synthetic) and 100%
NN (100% real / 0% synthetic). Each data set was divided into 85% for training and 15% for
validation. A separate, pre-defined test dataset - consisting exclusively of real patient data from
28 individuals - was used for evaluation. Only real patient data was selected for evaluation, as

this is the data domain in which the network will ultimately operate.
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3. Results

This chapter presents the results obtained throughout the development and evaluation of the
dose estimation pipeline for personalised CT dosimetry. The findings are organized according
to the key components of the workflow: validation of the CT particle source, dataset generation
and performance analysis of the proposed U-Net-based dose prediction model. Each section

presents quantitative evaluation and uncertainty discussions where applicable.

3.1 CT Particle Source

A customizable CT particle source was developed to simulate realistic photon fluences. This
section presents the validation free in air, followed by the density estimation for the patient table

material, air kerma evaluation in two phantoms and a detailed uncertainty analysis.

3.1.1 Free-Air Validation

To compare simulated and measured data conversion factors as described with equation (27)
between time current product and simulated particle number was determined. The factors were
measured for a current time product of Q =1 -t = 100 mA * 2 s = 200 mAs. The conversion

factors determined are listed in Table 6.

Table 6. Measured and simulated air kerma values and the resulting conversion factor to

compare simulation and measurement results.

Tube Kexp,ref/Q KMC,ref/N | kN,Q |
voltage U in ) ) in mAs per particle
in Gy - mAs™? in Gy per particle

kV

80 7.350E-05 3.972E-15 1.85054753E+10
100 1.335E-04 3.800E-15 3.51338668E+10
120 2.070E-04 2.729E-15 5.55144036E+10
140 2.927E-04 3.727E-15 7.85357668E+10

Figure 16 presents the measured air kerma values for various tube voltages as a function of the
selected tube current, with tube rotation time held constant. The plot demonstrates a strong
linear relationship, as indicated by the high R? values. Therefore, the conversion factors can be

seen as valid for the whole current range of the CT scaled by the respective used tube current.
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Figure 16. Measured air kerma values as a function of tube current for four different tube
voltages, with constant tube rotation time. Error bars represent combined measurement

uncertainty. Linear fits are shown as dashed lines, with corresponding R? values.

To validate the simulated photon fluence two aspects must be looked at: the energetic
distribution and the spatial distribution of the x-ray photons. To characterize the energy
distribution of the photons, an aluminium attenuation curve was determined by measurements
and simulations. The results are presented in Figure 17. The experimental measurements are
shown in black, the CT particle source simulations (al. eq. CT source) with blue stars and the
green triangles correspond to the simulations performed with the detailed geometrical model

implemented in BEAMnrec.

Both simulations followed closely the measured data across all four tube voltages. The
differences were separately displayed at the lower panel of each subplot, showing the relative
deviation between simulations and measurements. The largest difference for the CT particle
source is 6.3 % and occurred for 80 kV at larger filter thicknesses. For the other voltages all
deviations were smaller than 5 % and nearly all values the uncertainty ranges indicated by the
error bars include zero. The BEAMnrc simulation showed over all smaller deviations with a

maximum of 4.9 %.
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Figure 17. Comparison between measured and simulated aluminium attenuation curves for
the four tube voltages. The top panels show air kerma values K;;,- in mGy as a function of
the aluminium filter thickness dy; (top), including measurement, a simulation using the
evaluated source model and a reference simulation based on a detailed geometrical model.

The bottom panels display the relative deviation of each simulation from the measured data.

Table 7. Comparison of aluminium HVL and mean energy between measured and simulated

energy spectra.

80 kV 100 kV 120 kV 140 kV

measurement Emean,exp in keV 52.78 59.16 65.05 69.78

HVLexpin cm 0.623 0.720 0.834 0911

al. eq. CT Emean,exp in keV 53.05 59.21 64.94 69.56
Source .

HVLexpin cm 0.610 0.729 0.842 0.917

comparison Emean,exp/ Emean.al.eq 0.999 0.999 1.002 1.003

HVLexp/ HVLaieq 0.988 0.988 0.990 0.993
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As an additional evaluation, Table 7 shows the HVL (half value layer) and mean energy Emean
computed from the measured and simulated spectrum free in air. The experimentally
determined spectrum was based on the aluminium attenuation curve as described in 2.4.1. The
measured mean energies ranged from 52.78 keV at 80 kV to 69.78 keV at 140 kV, while HVL
increased accordingly. The results for the CT particle source matched the experimental data

within 0.3 % for the mean energies and 1.2 % for the HVLs.
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Figure 18. Comparison of bowtie filter attenuation profiles for the four tube voltages (top)

and relative deviation between simulations and measurements (bottom).
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For evaluation of the spatial distribution of the photon fluence the bowtie air kerma attenuation
was measured and simulated. The comparison is shown in Figure 18. Both simulation
approaches agreed with the measurements within the uncertainty range. The largest deviations
were visible at the low dose edges of the distributions with deviations around 25 % for the
aluminium equivalent CT source. In this area the measurement uncertainty was the largest. In

the central area nearly, no deviation is visible.

3.1.2 Patient Table Density

To evaluate the phantom simulations, a correct representation of the patient table material was
needed. The density was determined as described in 2.4.3.3. The graphical representation of the
used method is shown in Figure 19. The determined fit parameter for the density dependent
attenuation k, the measured table attenuation and the calculated densities are presented

in Table 8.

For the simulations an uncertainty weighted mean value pyean = 2.15(28) g cm™30of the four

densities determined for the four tube voltages was used.

Table 8. Regression parameters, measured attenuation, resulting fitted density and

corresponding regression parameters for each of the four CT tube voltages evaluated.

a b ping/cm3 Kmess
80 kV 20.72457420(95) | 0.9698542(54) | 2.2061(31) | 0.81
100 kV 20.06982672(85) | 0.9714593(48) | 2.1691(29) | 0.82
120 kV 20.06779355(77) | 0.9725538(43) | 2.102727) | 0.83
140 kV -0.06688593(69) | 0.9732707(39) | 2.142026) | 0.83

With the determined material density an angle resolved table air kerma attenuation profile was
simulated and compared with the measured profile, presented in Figure 20. For the central area
a mean deviation of 4.7 % was achieved. At the table edge the largest deviation of 53 % was

seen.
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Figure 19. Patient table density dependent table attenuation for the four tube voltages and the
linear fits. The dotted horizontal lines show the measurements results (same value for 140 kV

and 120 ). The black dots represent the intersection points of the linear fit with measured values,

from [1], Licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
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Figure 20. Comparison of the angular ¢ resolved air kerma attenuation profile of the patient
table for a tube voltage of 140 kV. In the bottom panel the relative deviation between
measurement and simulation is shown, from [1], Licensed under CC BY 4.0

(https://creativecommons.org/licenses/by/4.0/).
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3.1.3 Phantom Validation

Table 9 and Table 10 present the results for the comparison between measured and simulated
air kerma values in the CTDI phantom and the anthropomorphic thorax phantom. The values
were taken at five distinct positions within the phantoms: four peripheral positions (p12, p3,

p6, p9) and one central position as depicted in Figure 8.

For the CTDI phantom the measured and simulated values showed agreement within the
uncertainty range, shown as digits in the parentheses behind the values. The ratios between
experimental and simulated values Kairexp./ Kairsim Were close to one and deviations are mostly
under 3 %. The largest deviations were visible in the phantom centre with a maximum of 5 %
at 140 kV. For a tube voltage of 100 kV, the difference between measurement and simulations

were less than 2 % for all positions.

Table 9. Comparison between measured and simulated air kerma values in a CTDI phantom

for the GE Optima CT 660, from [1].

Voltage (kV) Position Kairexp. in MGy | Kairsim in mGy | Kairexp./ Kair,sim.
pl2 3.300(32) 3.28(18) 1.005(56)
p3 3.210(31) 3.24(18) 0.992(55)
80 po 2.664(26) 2.67(15) 0.995(56)
p9 3.217(32) 3.26(18) 0.987(55)
centre 0.7411(73) 0.765(42) 0.969(54)
pl2 6.280(62) 6.18(34) 1.017(57)
p3 6.125(60) 6.08(33) 1.007(56)
100 po 5.161(51) 5.07(28) 1.018(57)
p9 6.131(60) 6.12(34) 1.001(56)
centre 1.636(16) 1.613(89) 1.017(57)
pl2 9.988(98) 9.76(54) 1.023(57)
p3 9.746(96) 9.61(53) 1.015(57)
120 po 8.293(81) 8.07(44) 1.028(57)
p9 9.770(96) 9.67(53) 1.010(56)
centre 2.836(28) 2.75(15) 1.032(58)
pl2 14.37(14) 14.12(78) 1.020(57)
p3 14.01(14) 13.89(76) 1.008(56)
140 po 12.02(12) 11.70(64) 1.025(57)
p9 14.06(14) 13.97(77) 1.009(56)
centre 4.312(42) 4.10(23) 1.050(59)

The comparison of air kerma values in the thorax phantom shown in Table 10, showed similar
behaviour with slightly smaller deviations. The maximal deviation, also present in the central
position of the phantom but at a tube voltage of 80 kV, was 4.8 %. At the peripheral position

the discrepancies are within +£2.6 %. For 100 kV all deviations were smaller than 2 %.
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Table 10. Comparison between measured and simulated air kerma values in a thorax phantom

for the GE Optima CT 660, from [1].

Voltage (kV) Position Kair,exp. In mGy Kairsim. iIn mGy Kair,exp./ Kair,sim.
pl2 3.599(35) 3.67(20) 0.979(55)
p3 3.019(30) 3.10(17) 0.974(54)
80 po 2.900(28) 2.90(16) 1.000(56)
p9 3.025(30) 3.07(17) 0.984(55)
centre 1.242(12) 1.304(72) 0.952(53)
pl2 6.935(68) 6.97(38) 0.995(56)
p3 5.796(57) 5.87(32) 0.988(55)
100 po 5.634(55) 5.54(30) 1.017(57)
p9 5.818(57) 5.83(32) 0.997(56)
centre 2.713(27) 2.73(15) 0.993(55)
pl2 11.07(11) 11.01(61) 1.005(56)
p3 9.406(92) 9.35(51) 1.006(56)
120 po 9.102(89) 8.86(49) 1.027(57)
p9 9.320(91) 9.29(51) 1.004(56)
centre 4.669(46) 4.65(26) 1.004(56)
pl2 15.91(15) 15.90(87) 1.001(56)
p3 13.46(13) 13.59(75) 0.990(55)
140 po 13.06(13) 12.88(71) 1.014(57)
p9 13.49(13) 13.50(74) 0.999(56)
centre 7.096(70) 6.94(38) 1.023(57)

In summary the simulation results closely match the experimental measurements across all tube
voltages and positions. The observed deviations lied within the combined uncertainty of

measurements and simulations.

3.1.4 Uncertainties

To calculate the uncertainties of the air kerma values determined with the simulations described
the model equation presented as equation (28) was used. Each parameter in the equation has an
uncertainty associated with it, denoted as o; and listed in Table 11. The combined uncertainty

results in 5.5 % (k=1).

For the measurements using the RCO0.6 Farmer-type chamber the uncertainty budget is

presented in Table 12.
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Table 11. Listed uncertainty budget for air kerma simulations with the implemented aluminium

equivalent CT source using the MC framework EGSnrc, from [1].

Impact on simulation with

Component Symbol EGSnrc pp g (%)
The shape of the bowtie filter (BT) OBT 2.5
Spectrum OSPEC 4.6

Air kerma Normalization oN 0.7
Statistic Uncertainty OSTAT 0.1
Material Definition oM 1.3

CT scanner’s table density Opr 0.04
Combined uncertainty (k = 1) O¢,sim 5.5

There two different budgets for measurements in free air and in the phantoms. They differ
mainly in the reproducibility uncertainty, which was in free air og = 0.34 % and for
measurements in phantoms og = 0.75 %. The values were determined by five times positioning
and measuring in the respective setup. The resulting combined uncertainties were free in air

Ocexp = 0.72 % (k = 1) and for the phantom measurements g ey, = 0.98 % (k = 1).

Table 12. Uncertainty budget for air kerma measurements free in air and in phantoms, from

[1].

Impact on air Impact on air kerma in

kerma free in air phantom
Component Symbol Uag (%) Ua,B (%)
Measured Value for Charge o) 0.074 0.029
Calibration Coefficient On, 0.48 0.48
Electrometer Og 0.10 0.10
Spectral Smearing Okg 0.38 0.38
Reproducibility OR 0.34 0.75
Temperature or 0.10 0.10
Air Pressure Op 0.10 0.10
Combined uncertainty (k= 1) Oc,exp 0.72 0.98
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3.2 Dataset Generation

This section presents the results related to the generation of the training dataset used for neural
network development. It includes the evaluation of the anatomical volume distributions derived
from the XCAT phantom dataset, ensuring the simulated anatomy is representative of the real
patient data. Additionally, the radiation field input was validated by comparing the used

algorithm to a full Monte Carlo simulation.

3.2.1 Virtual Phantoms

To evaluate the anatomical properties of the generated XCAT phantom dataset, a comparative
analysis of the organ volume distributions against those from the real patient (RP) data was
conducted. Figure 21 presents histograms of organ volumes across 17 different anatomical

structures, with XCAT data shown in blue and real patient data shown in orange.
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Figure 21. Comparison of organ volume distributions between XCAT dataset and real

patient dataset for 17 organs.
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Overall, the XCAT dataset replicates the main trends observed in patient anatomy, although
some differences in distribution width and central tendency are apparent. The XCAT phantoms
were deliberately designed to have a volume distribution that is broader than or comparable to
the RP data to ensure sufficient anatomical variability for training robust neural network

models.

Larger structures such as fat, muscle and liver show slightly broader distributions in XCAT,
while the RP data tend to be more tightly clustered. For smaller organs, including heart, kidney
and pancreas, the two datasets show similar mean volumes, although real patient data often

show less variation between subjects.

There is good agreement for bony structures such as spine bone and rib bone, although XCAT
volumes are often slightly larger, reflecting the intention to cover a wider range of body types.
Organs with physiologically variable volumes, such as the bladder and spleen, show greater

scatter in the real patient data - highlighting dynamics that are not fully modelled in the static

XCAT representations.
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Figure 22. Comparison of effective dose estimates using CTDI and SSDE vs. organ-based
effective dose estimate for 3 different sized XCAT phantoms, simulated for the four tube

voltages 80 kV, 100 kV, 120 kV and 140 kV, from [2].
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As a second evaluation we had a look at dosimetric quantities. The evaluation was presented in

[2] and shown in Figure 22. The figure presents the ratio of CTDI and SSDE based calculated
effective dose and organ dose based effective dose eff’calc/ « as a function of organ
eff,organ

based effective dose Eefforgan simulated for the four different tube voltages 80 kV, 100 kV,
120 kV and 140 kV and three different phantoms.

For the small-sized phantom A, the effective dose derived from CTDI values underestimated
the reference dose Eeff,organ by approximately a factor of two. When SSDE was used in place
of CTDI, the deviation was reduced but remained high as 30 %. In the case of phantom B, the
effective dose calculated using CTDI showed a maximum deviation of 41 % from the reference.
Substituting SSDE for CTDI markedly improved the agreement, with deviations reduced to
within 6 %. For phantom C, both CTDI- and SSDE-based estimates slightly overestimated the

effective dose, the largest discrepancies observed at the lowest tube voltage.
This behaviour reproduced the trend seen in literature [17].

3.2.2 Radiation Field Input

The radiation field input was calculated as described in section 2.5.2.3.

1.0 1 - MC with Rayleigh scattering and electron transport
Raytracing (kerma)
—— MC without Rayleigh scattering and electron transport
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Figure 23. Comparison of normalised air kerma or dose as a function of distance in water,
calculated using three methods for 120 kV spectrum: MC simulation with Rayleigh
scattering and electron transport (blue), attenuation-based kerma calculation (orange) and

MC simulation without Rayleigh scattering and electron transport (green).
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Figure 23 presents the normalized air kerma attenuation or dose as a function of distance in
water, comparing results from three methods: in blue a full Monte Carlo simulation including
Rayleigh scattering and electron transport, in orange an attenuation calculation and a Monte
Carlo simulation excluding Rayleigh scattering and electron transport in green. The attenuation-
based air kerma calculation shows good agreement with the Monte Carlo simulation without
Rayleigh scattering and electron transport, confirming the accurate reproduction of the primary

photon attenuation in water.

The full Monte Carlo simulation, which includes Rayleigh scattering and electron transport,
shows consistently higher values along the beam path. The increase reflects the contribution of
scattered photons and secondary electrons that are not captured by the simplified approaches.
Nonetheless, for the purpose of modelling primary beam attenuation, the raytracing method
provides a sufficiently accurate and computationally efficient alternative to full Monte Carlo

simulation.
3.3 Dose Calculation U-Net

3.3.1 Network Performance and Dataset Evaluation Without Uncertainties

Figure 24 showing violin plots of the distribution of relative deviations between NN-estimated
and MC-simulated organ doses across all patients and organs. Each violin plot summarizes the
spread of deviations for a specific training configuration. The 0 % NN shows a wide distribution
with pronounced outliers, while the 10 % and 20 % NNs display narrower distributions centred

closer to zero. The 100 % real-data model achieves the tightest distribution overall.
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Figure 24. Relative deviation of organ dose estimations between MC simulation results for

the 28 real patient test data cases.

Table 13 quantitatively summarizes the accuracy of summed organ dose predictions using three

deviation thresholds. The performance of the networks in estimating summed organ doses was

52



evaluated by comparing their outputs to MC reference simulations. Performance metrics

included pass rates at relative deviation thresholds (<7 %, <10 %, <20 %)).

At 0 % NN, only 10 % and 30 % of predictions fall within 7 % and 10 % deviation thresholds,
respectively, with a full pass rate only achieved at the <20 % deviation level. The mean

deviation in this case is 11 %, the highest among all tested configurations.

In contrast, networks trained with 10 %, 20 % and 100 % real data all show a substantial
improvement. For these configurations, pass rates at the <7 % and <10 % thresholds are
markedly higher, ranging from 60—-80 % and 90 % respectively. All three models reach 100 %

pass rate at <20 % deviation, with a consistent mean deviation of 5 %.

Looking at the absolute deviation for an assumed tube current of 200 mA, the overall agreement
of the organ doses were smaller than 0.5 mGy, with an increasing percentage when

incorporating real patient data.

An organ-level analysis, presented in the appendix (Table 15), demonstrated that predictive
accuracy varied considerably across different anatomical regions. Small-volume organs (e.g.,
gallbladder, esophagus) and organs located outside the primary irradiated field (e.g. stomach,
colon, kidneys) exhibit higher relative deviations from MC dose estimates. These discrepancies
are likely due to a combination of factors, including increased inter-patient anatomical
variability, lower absolute dose levels and reduced signal-to-noise ratios in the MC ground truth

for such regions. Larger deviations showed in most cases an overestimation by the NNs.

These results indicate that incorporating even a small percentage (10 %) of real patient data
significantly improves the accuracy of NN-based dose predictions. Together, Figure 24 and
Table 13 demonstrate that incorporating even a modest amount of real patient data during

training significantly enhances both spatial and statistical accuracy of dose predictions.
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Table 13. Percentage of pass rate of predicted organ doses for different accuracy levels for the
four different networks. Top: Absolute deviation for an assumed current value of 200 mA,

Bottom: Relative deviations for summed organ doses between MC and NN.

Deviation 0 % NN 10 % NN 20 % NN 100 % NN
<0.1 mGy 52% 69 % 62 % 72 %
<0.2 mGy 68 % 81 % 84 % 84 %

< 0.5 mGy 88 % 96 % 94 % 95 %
<7% 10 % 60 % 60 % 50 %

<10 % 30 % 90 % 90 % 90 %
<20 % 100 % 100 % 100 % 100 %
Mean deviation 11 % 5% 5% 5%

3.3.2 Network Performance and Dataset Evaluation With Uncertainties

The training of the uncertainty NNs resulted in slightly higher deviations from the MC ground
truth data, as shown in Table 14. Additionally, this can be seen by looking at the organ dose
deviations presented in Table 15. The models trained with real data still showed 100 % pass
rate for deviations smaller than 20 % and a similar dependence on the incorporation of real
patient data. The table also summarizes the aleatoric, epistemic and total uncertainty
components of the different models. A clear dependence between the overall model uncertainty
and the fraction of real data used during the training can be observed. The aleatoric uncertainty
remains nearly constant at about 6 % for models trained predominantly on synthetic data, with
a slight reduction to 3.6 % for the network based entirely on real cases. In contrast, the epistemic
uncertainty decreases substantially from 6.2 % for the 0 % NN to 2.6 % for the 20 % NN,
illustrating that even a limited amount of real data markedly improves model robustness and
predictive confidence. The increase for the 100 % NN could be a sign of less variability of data

compared to the mixed data sets.
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Consequently, the total combined uncertainty shows a continuous decline from 17.8 % (k = 2)

to 10 % (k = 2).

Table 14. Percentage of pass rate of estimated summed organ doses for different accuracy
levels for the four different networks, presented as relative deviations for summed organ doses
between MC and NN. In addition, the uncertainty components and the resulting extended

combined uncertainty is shown, adapted from [4].

rel. deviation Pass rate Oaleatoric(X)  Oepistemic(x) Combined
uncertainty
Ugor, k=2
0 % NN
<7% 3.6 %
<10% 3.6 % 6.1 % 6.2 % 17.8 %
<20% 50.0 %
mean deviation 21 %
10 % NN
<T7% 86 %
<10% 89 % 6.2 % 3.9% 14.6 %
<20% 100 %
mean deviation 3.9 %
20 % NN
<T7% 86 %
<10% 93 % 6.3 % 2.6 % 13.6 %
<20% 100 %
mean deviation 4.1 %
100 % NN
<7% 75 %
<10% 86 % 3.6 % 3.5% 10.0 %
<20% 100 %
mean deviation 54 %

In Figure 25 an example of the predicted dose maps, the deviations from the ground truth data
and the predicted combined uncertainty (k = 1) were shown. Deviations from the MC reference
are mainly observed outside the primary radiation fields. All networks reproduce the overall
spatial dose pattern of the reference, but there are subtle differences between the models,
especially in the peripheral regions. The model trained on synthetic data only (0 % NN) shows
larger discrepancies in high dose areas within the bone, corresponding to regions of increased

prediction uncertainty. Overall, the uncertainty maps closely reflect the spatial structure of the
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deviation maps - areas of greater deviation from the ground truth generally coincide with

regions of higher uncertainty, especially outside the main field.

MC ground truth
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Figure 25. Example of a predicted dose map based on a real patient geometry (left). The

corresponding relative deviations between NN und MC are shown in the middle. In the right

column the uncertainty is shown, from [4].
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4. Discussion and Outlook

The overall aim of this thesis was to establish a framework for personalised CT dosimetry using
machine learning methods, explicitly addressing the evaluation of uncertainty at every stage of
the process. By combining MC simulations, machine learning—based dose prediction and
uncertainty propagation, the work presented here contributes to the process of developing
clinically practical tools for patient- and organ-specific dose estimation. In contrast to
traditional CT dose metrics such as CTDI and conversion factors, the approach developed in
this study allows for individualized dose assessment that can be adapted to patient geometry
and measured scanner parameter. Furthermore, the explicit inclusion of uncertainty evaluation
provides a level of metrological robustness that is often lacking in current machine learning

applications to medical imaging dosimetry.

4.1 Particle Source Implementation and Validation

A fundamental prerequisite for this framework was the development and validation of a reliable
MC simulation environment capable of providing reference dose distributions for both training
and validation of the machine learning models. For this purpose, a dedicated particle source
class, tailored to the needs of CT dosimetry, was implemented within the EGSnrc MC
framework. The validation of this source was performed in several systematic steps. In the first
step, free-in-air simulations and measurements were compared in order to assess the accuracy
of the simulated X-ray output. The simulated and measured aluminium attenuation curves
showed excellent agreement, with all differences within the stated uncertainties. The largest
deviation observed was about 6.9 % for the 80 kV spectrum, while the average deviation over
all energies was only about 2.4 %. The bowtie filter characterisation also showed good
agreement between measured and simulated profiles, with most data points agreeing within

their respective uncertainty limits.

In the second validation stage, the simulated air kerma values were compared with experimental
measurements in two different phantom setups including the absorption properties of the patient
table. For air kerma measurements within the phantoms, simulations and measurements agreed
to within about 5 %. Slightly larger deviations were found in the central regions of the
phantoms, which showed an energy-dependent trend. With increasing tube voltage, the
simulated air kerma values tended to underestimate the measurements in the central region.
This discrepancy is probably related to the spectral composition of the simulated X-ray beam,
which may have been slightly softer than in the experimental setup. The simplified bowtie filter
model, implemented as varying aluminium thicknesses, does not fully reproduce the beam

57



hardening typically introduced by additional copper filtration as specified in IEC 61267:2005.
Consequently, the resulting photon spectrum may have had a lower mean energy, leading to the
observed underestimation of the central dose. The overall evaluated uncertainty of the MC
simulation results was about 5.5 % (k=1), which is a conservative estimate. Within this
uncertainty range, all simulated values agreed with the experimental results, corresponding to
a 68 % confidence interval. This comprehensive validation confirmed the reliability of the
developed MC framework as a basis for generating high quality, traceable dose data for

subsequent machine learning applications.

4.2 Dose Prediction Network Performance and Limitations

A major achievement of this work was the successful implementation of a neural network
capable of predicting organ- and patient-specific dose values based on MC-generated training
data, while also providing associated uncertainty estimates. The model’s performance showed
overall good agreement with reference MC results, meeting the IAEA TRS-457 guideline of a
20 % uncertainty limit for clinical dose estimation [71]. Although the predictions did not yet
achieve the 7 % uncertainty level typically associated with experimental reference dosimetry
[71]. The current results nevertheless indicate that the approach is a strong improvement over
state-of-the-art clinical methods. The approach presented in this work achieves an accuracy
comparable to other studies [27], [31], [32] reproducing MC results, while additionally

introducing a systematic uncertainty approach.

An interesting finding was that the neural network trained without the uncertainty estimation
layer achieved slightly better predictive accuracy than the version incorporating explicit
uncertainty modelling. This observation suggests that while the inclusion of uncertainty
modelling adds valuable interpretability and metrological information, it may also introduce
additional training complexity. A potential strategy to overcome this limitation would be to
employ a two-step training procedure in which a deterministic neural network is first optimized
for accuracy and subsequently used as a starting point for the uncertainty-aware model. Such
an approach could stabilize the learning process, reduce convergence issues and ensure that

uncertainty propagation does not compromise predictive accuracy.

The uncertainty propagation framework implemented in this thesis assumes of Gaussian-
distributed uncertainties, which allows for straightforward analytical propagation and
interpretation. This simplification is justified by the statistical properties of the MC training
data but may not fully capture asymmetric or multimodal uncertainty distributions arising from

non-linear dependencies within the network. Despite this simplification, the comparison
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between predicted uncertainties and empirical deviations from MC reference data showed good
agreement, indicating that the Gaussian approximation provides a reasonable first order
estimate for clinical applications. Nonetheless, future work could benefit from more
sophisticated uncertainty quantification approaches like including adversarial attacks and

comparing results to other uncertainty estimation methods like Bayesian neural networks.

For the data composition study, this work showed that organ dose estimation by neural networks
is highly sensitive to the composition of the training data set. A model trained only on synthetic
data performed poorly, with a total uncertainty of 17.8 % (k = 2), which is typical for an out-
of-distribution behaviour [72]. Adding just 10 -20 % real patient data greatly improved
accuracy, reducing total uncertainties to below 15 %. Analysis of the uncertainty components
showed that the aleatoric uncertainty remains almost constant, reflecting the inherent variability
of the data, while the epistemic uncertainty decreases significantly - from 6.2 % to 2.6 % - when
real data are introduced. This confirms that even small amounts of real patient data improve
model confidence and generalisation. These findings are consistent with those of Khosravi et.

al. [70], who reported optimal performance with 10% real data.

The current framework was trained and validated on a single scanner model and a limited range
of scanning energies. Extending the approach to multiple scanner types and broader energy
range will be essential for generalization and clinical transferability. Moreover, although
synthetic data generation allowed for controlled and balanced sampling of parameter space,
care must be taken to ensure that such synthetic data faithfully represent the variability observed
in clinical practice. Experimental validation against direct dose measurements in
anthropomorphic phantoms would provide an additional level of confidence in the model’s

performance and uncertainty estimates.

In addition, to look at the overall performance of the neural networks, we had a look at possible

limitations, that must be addressed in future investigations.

Further analysis revealed residual dependencies in the model’s predictions related to patient
size as shown in Figure 26. All networks showed a similar relative size dependence. An
examination of the absolute deviations revealed that the 10 % NN demonstrated the best
performance. Although the networks were trained on a representative dataset including
synthetic cases, the learned mapping between input quantities and dose still showed systematic
variations with patient body dimensions. This indicates that geometric scaling effects were not
fully captured by the current input feature set. The incorporation of size-dependent parameters,

such as effective diameter, could help to minimize this dependence.
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Figure 26. Ratio between NN estimated summed dose and MC based summed dose in

dependency of the effective diameter of the patients, from [4].

Additionally, the network was found to be sensitive to patient translation within the field of
view as presented by the PhD candidate in [3]. After training, the 0 % NN was also evaluated
on a dedicated test dataset of synthetic data designed to simulate patient misalignment
scenarios. For this purpose, laterally and vertically shifted versions of the original synthetic
patient geometries were created and, the corresponding input electron density maps were shifted
accordingly. This allowed a systematic assessment of the robustness of the network to patient
positioning errors. Figure 27 illustrates how the mean relative deviation of the estimated
summed organ dose, compared to the reference MC results, changed as a function of positional
displacement. For lateral displacements between 0 cm and 10 cm, the deviation increased
progressively in the positive direction. At the reference (centred) position, the mean organ dose
deviation was minimal (approximately -1.0 %) and served as a baseline. A lateral shift of 4 cm
increased the mean deviation to approximately +3.3 %, which further increased to +9.2 % at
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6 cm and +18.8 % at 8 cm. At the maximum evaluated displacement of 10 cm, a pronounced
deviation of approximately -32.5 % was observed. The associated standard deviations,
represented by the error bars in Figure 27, also increased with larger lateral displacements,

reflecting the increasing sensitivity of the model to changes in patient geometry.
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Figure 27. Mean relative deviation of summed organ doses between MC simulation and neural
network estimation for different lateral (left) and vertical shifts (right). The error bars indicate

the standard deviation of the XCAT test dataset, from [3].

In contrast, vertical displacements showed an asymmetric behaviour: downward (negative)
displacements of the patient (-1 cm to -4 cm) resulted in increasingly positive deviations up to

+11.4 %, while upward (positive) displacements resulted in increasingly negative deviations.

In Figure 28 the relative deviation pattern between MC simulations and the neural network
estimation for two lateral shift cases are further visualized, compared to the unshifted baseline
for three example geometries from the test dataset. The results demonstrated that the current
input encoding does not provide the network with explicit information about spatial positioning,
leading to errors when patients were shifted relative to the scanner isocentre. To address this,

future training datasets should include translated cases.
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Figure 28. Relative deviation between MC simulation and neural network dose estimation

for two different lateral shifts of the patient geometry compared to the unshifted case on the

left for three different patient geometries from the test dataset.
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S. Conclusion

This thesis presents the development and validation of a framework for personalised CT
dosimetry based on machine learning, with explicit consideration of uncertainty at all stages of
the process. By combining validated MC simulations, synthetic data generation and neural
network-based dose estimations, the work demonstrated that machine learning can serve as a
powerful and efficient tool for patient- and organ-specific dose estimation in clinical imaging
to be able to generate a database of reliable dose values. Two main contributions were presented

in this thesis.

First, a validated open-source particle source was developed, adaptable to real CT scanners
using a simple set of measurements without the need of disclosed manufacturer information.

A comprehensive uncertainty budget was also established to ensure reliable data generation.

Second, a neural network was implemented to predict organ doses with associated uncertainty
estimates derived from the input data. The achieved prediction accuracy met the IAEA TRS-
457 tolerance criteria of 20 % [71] uncertainty for clinical applications and significantly
outperformed conventional CTDI or conversion factor-based methods. The explicit integration
of uncertainty propagation into the machine learning framework represents an important

methodological advance towards metrologically traceable, data-driven dosimetry.

In addition, the findings of this work suggest, that synthetic data, when supplemented with even
a small amount of real patient data (10 %), can improve model development in personalised
dosimetry. The wide, controllable anatomical diversity in synthetic data sets significantly

improves model generalisation, while real data avoid the out-of-distribution problem.

Model evaluation revealed some dependence on patient diameter and positioning, indicating

areas for improvement in input data design.

Overall, this work demonstrates that the integration of physics-based simulation with data-
driven modelling offers a promising path towards accurate, uncertainty-aware and
computationally efficient patient-specific dosimetry. The framework developed here lays the
groundwork for extending machine learning-based dose prediction to different scanner types,
energy spectra and clinical protocols. Future work should focus on refining the input
parameterisation, improving the spatial generalisation and validating the predictions against

experimental measurements in anthropomorphic phantoms.

In conclusion, this work represents a fundamental step towards the routine use of machine

learning in clinical CT dosimetry.
63



6. Appendix

Table 15. Mean deviation in percent of organ doses between NN estimation and MC

calculation
0 % NN 10 % NN 20 % NN 100 % NN
Unc. NoUnc. Unc. NoUnc. Unc. NoUnc. Unc. No Unc.
NN NN NN NN NN NN NN NN
Muscle -11.1 7.0 4.1 3.6 -46 8.2 41 44
Lung 258 114 16.0 5.7 17.7 5.4 16.0 6.6
Fat 57 3.0 6.6 23 4.6 7.7 6.6 3.5
Blood -1.3 9.6 5.6 10.8 1.3 64 5.6 6.6
Heart - 7.2 -1.7 64 44 7.7 -1.7 6.1
10.5
Kidney 17.0 133 174 11.7 184 6.7 174 8.2
Liver 3.1 94 0.7 79 0.8 79 0.7 6.4
Pancreas -23 354 90 79 50 9.6 9.0 6.3
Brain 46 383 12.1 9.2 72 8.0 12.1 75
Spleen -0.9 83 -0.7 6.3 -39 8.0 -0.7 64
Red Marrow - 26.5 =72 3.6 -8.0 4.1 =72 3.8
37.4
Stomach 844 13.0 755 7.8 800 9.8 755 7.7
Gallbladder 928 18.0 983 195 1074 27.1 983 273
Adrenal Gland 31.9 90.8 222 158 234 353 222 123
Colon 282 113 254 7.0 30 54 254 44
Oesophagus 2085 107.9 2089 64.2 2000 222.2 2089 10.0
Part. effective dose* | 26.0 21.0 0.76 4.3 1.6 44 2.1 4.4

* Not all necessary organs for effective dose calculation were available in the

segmentation software.
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Table 16. Measurement results for density determination of PMMA probes from PTB
measurement report 1.13-06.05.03/0004#0006 by working group 1.13.

Identifier Density at T = 20 °C Uncertainty (k=2)
in g/cm3 in g/cm3
Probe 1 1.1874 0.0010
Probe 2 1.1874 0.0010
Probe 3 1.1874 0.0010
Probe 4 1.1875 0.0010
Probe 5 1.1874 0.0010
Probe 6 1.1875 0.0010
Probe 7 1.1884 0.0010
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