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Abstract

This thesis investigates simulating X-ray computed tomography with two primary objec-
tives: developing a virtual representation of an X-ray computed tomography scanner and
generating labelled synthetic training data for deep learning-based fibre segmentation. A
simulation pipeline to generate X-ray projections based on the Beer-Lambert law was de-
veloped using the open-source framework gVirtualXray.

The first part explores developing a virtual representation of a laboratory-based X-ray
computed tomography scanner at Tetra Pak. This was achieved by optimising simulation
parameters such as filtration and detector response in gVirtualXray to match experimen-
tally acquired projections. This method proved successful in improving the accuracy of
the virtual representation, which produced simulated projections with a root mean square
error of 0.0123 when compared to the experimental projections. Despite promising results,
this method is limited in its generalisability and a more advanced optimisation would be
required to take multiple X-ray computed tomography settings into account.

The second objective explores generating labelled synthetic X-ray computed tomography
datasets for training convolutional neural networks to segment fibres. For this purpose,
a pipeline was designed to generate multiple diverse datasets of synthetic fibre scans by
varying simulation parameters. A U-NET model architecture was trained exclusively on
this synthetic data and then evaluated using an experimental dataset. The models showed
good performance where the best model managed to generate an F1-score of 0.956, success-
fully demonstrating the use of synthetic data for training convolutional neural networks in
segmentation tasks. However, the work is limited to binary 2D image segmentation, and
future advancements should focus on multi-class and 3D volumetric fibre segmentation.
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Chapter 1

Introduction

1.1 Motivation

X-ray computed tomography (XCT) is a non-destructive imaging method for visualising
the internal structure of objects in three dimensions (3D) with a typical spatial resolution
on the low micron scale, making it useful for studying materials’ internal microstructure
[1]. These capabilities have driven its widespread adoption across both academic research
and industrial applications. Tetra Pak, the industrial partner for this thesis project, has
seven in-house XCT scanners used for research and development, product evaluation and
component inspection. Tetra Pak is a food processing and packaging solutions company
with an interest in developing more sustainable packaging materials, using XCT for study-
ing their paper-based materials.

Computer simulations and numerical modelling are used in various scientific fields for repli-
cating and complementing physical experiments. The Virtual Modelling team at Tetra Pak,
within which this project is conducted, are interested in performing virtual experiments for
improving the understanding of materials and processes. In the context of XCT, a virtual
representation of both a scanner and scanned object offers several advantages. Because ex-
perimental scans require significant time and resources, such a simulation allows settings to
be tested and optimised prior to an experimental scan, while doing so in a timely manner.
Simulation of XCT is widely used in research and has been applied to the development of
medical simulators [2], educational tools for teaching XCT [3][4], prediction of image qual-
ity and artefacts in materials science [5], and the generation of large datasets of realistic
images for training machine learning algorithms [6].

Experimental XCT produces enormous amount of data.! Due to the complex, densely
packed cellulose fibre networks with irregular geometry found in paper-based materials,
such as those used at Tetra Pak, it remains challenging to fully analyse the resulting large

!The Human Organ Atlas Hub at the European Radiation Synchrotron Facility (ESRF) produces
datasets that can reach hundreds of gigabytes [7]



datasets. Segmenting and tracking individual cellulose fibres through an XCT volume
would enable quantitive understanding of the microstructure of paper-based materials,
and enable studies on how it is related to mechanical properties and adsorption of fluids on
a macro-scale. Manual segmentation is however far too slow to be practical at the required
scale where many thousands of fibres are present in one XCT volume. This makes auto-
mated approaches essential, with one possible solution being deep learning segmentation.
However, training such deep learning models requires large amounts of data with known
ground-truth labels for the objects of interest, which are difficult to obtain. One possible
application of a virtual XCT scanner, paired with a virtual representation of cellulose fi-
bre networks, would be to generate synthetic training data with an automatically known
ground truth for the fibres.

As well as working closely with Tetra Pak to develop a virtual XCT scanner, this project
also contributes to the AI-TOMO project. This is an ongoing collaboration between Lund
University, MAX IV, the Research Institutes of Sweden (RISE), Tetra Pak, and Billerud,
which aims to develop deep learning methods for the segmentation of paper-based materi-
als. [8]

1.2 Objectives

This thesis explores developing a virtual representation of an XCT scanner at Tetra Pak
and subsequent deep learning applications by implementing the open-source framework
gVirtualXray (gVXR) [5], which simulates X-ray projections based on the Beer-Lambert
law of attenuation. Two main objectives are defined:

1. Develop a virtual representation of an XCT scanner: The simulation framework is
applied to generate a virtual representation of an experimental XCT scanner, with
the purpose of simulating data similar to the experimental setup. The simulated data
is compared to experimentally acquired data for evaluation.

2. Generate labelled synthetic training data for deep learning segmentation of cotton
fibres: The simulation pipeline is extended to simulate labelled XCT datasets of a
simple cotton fibre network, which are used to train a convolutional neural network
(CNN). The model is evaluated on its ability to segment an experimentally acquired
cotton fibre dataset.

1.3 Thesis Outline

The outline of the thesis is as follows:
Chapter 2 provides the theoretical background, covering the principles of XCT and the
fundamentals of CNNs. The general simulation method is then introduced in Chapter



3, motivating the choice of implementing gVXR and detailing how the framework is im-
plemented to simulate XCT. This method is then applied in Chapter 4 and Chapter 5,
each structured as an individual experimental section with its own method, results, and
discussion, corresponding to the two objectives defined in the previous section. Chapter 4
concerns the development of a virtual XCT scanner, while Chapter 5 focuses on the gen-
eration of labelled synthetic training data for deep learning segmentation of cotton fibres.
Finally, Chapter 6 summarises the conclusions of the work.



Chapter 2

Theoretical Background

This chapter presents the theoretical background of the thesis, providing the necessary
foundation for the methods and results. In the first section, XCT is explained, with a
focus on laboratory-based XCT scanners utilising a cone-beam geometry. It begins with
a general overview of X-ray physics, covering how X-rays interact with matter to obtain
image contrast, as well as how they are generated and detected. This is followed by a
description of the imaging procedure, explaining the acquisition and reconstruction of the
3D image. The second section covers the foundations of deep learning-based segmentation
by introducing neural networks and their underlying principles.

2.1 X-ray Computed Tomography

XCT was initially developed for medical imaging in the 1970s, and is widely used in diag-
nostics [1]. The principle was later adapted for materials science and industrial applications
where its use has expanded rapidly over the last two decades [9]. Synchrotron facilities,
such as MAX IV located in Lund, Sweden, are the high end of XCT imaging, achieving
both high spatial and temporal resolution. However, this thesis focuses on laboratory-based
XCT scanners, which are often more accessible in industry and academia.

X-rays are high-energy photons that can penetrate matter, and XC'T utilises this property
to acquire several two-dimensional (2D) radiographs of the object from different angular
positions, a process called a CT-scan. These projections are processed by a reconstruction
algorithm to produce cross-sectional slices of the object that constitute the 3D image of
the object’s internal structure [10]. The general setup for laboratory-based XCT scanners
is visualised in Figure 2.1, consisting of an X-ray source, a sample mounted on a rotating
stage, and an X-ray detector recording the projections. The source is an X-ray tube gener-
ating a polychromatic energy spectrum in the shape of a cone, which is the most common
geometry because it utilises most of the emission from the X-ray tube [10].
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Figure 2.1: Schematic figure an XCT setup utilizing a cone beam geometry [10].

2.1.1 X-ray’s Interaction with Matter

X-rays are high-energy electromagnetic waves with wavelengths in the region of 1071° m
which, due to their high energy, are able to penetrate objects that would otherwise seem
opaque at visible wavelengths [11]. As X-rays penetrate an object, complex mechanisms
cause the intensity of the X-rays to be reduced exponentially. This intensity reduction is
referred to as attenuation and is primarily caused by mechanisms such as the photoelectric
effect and scattering [1]. The specific refractive index of an object is dependent on the
effects of attenuation but also the phase shift the X-rays undergo as they pass through
the object [10]. These relations are used in X-ray scans to obtain attenuation contrast
and phase contrast of the scanned sample. Of these, conventional laboratory-based XCT
scanners primarily operate in attenuation contrast mode [1].

Attenuation Contrast

The amount an X-ray attenuates within a given object depends on the material dependant
attenuation coefficient, p, which is given by

N
= (pMA) o, (2.1.1)

where p,, is the mass density, M is the molar mass, N, is Avogadro’s number, and o, is
the absorption cross-section per atom [12]. The value of o, is experimentally determined
and can be found in material science databases. The relation of o, to an element’s atomic
number, Z, and the photon energy of the X-ray, &, can be approximated to

o, x 2483 (2.1.2)



for the photoelectric effect [1][12]. In general, the attenuation coefficient is not constant
throughout an object, but varies with position, x, reflecting spatial variations in material
composition and density. Given an incident X-ray intensity, [y, the transmitted intensity,
I, after propagation through an object along of thickness, L, can be expressed as

I(L) = Iye™ Jo n)de (2.1.3)

This expression is known as the Beer-Lambert law of attenuation [1]. The principle is
visualised in Figure 2.2.
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Figure 2.2: Schematic image demonstrating the principle of Beer-Lambert law of attenua-
tion, as presented in Equation 2.1.3.

However, Equation 2.1.3 assumes a monochromatic beam, i.e., all photons have the same
energy, which is not true for laboratory-based XCT scanners. Since the attenuation coef-
ficient, p, depends on energy via o, (Equation 2.1.1 and 2.1.2), the attenuation through
an object varies with a dependency on the incident polychromatic energy spectrum. For
a polychromatic X-ray beam with a maximum photon energy of &,,,., the Beer-Lambert
law is instead given by

8ma:c
I(L) = / Io(8)e Jo ez g (2.1.4)
0

Phase Contrast

As an X-ray enters an object it undergoes a phase shift that depends on the spatial fre-
quency of the material [13]. The difference in phase of the X-rays emerging from the object
to those that have propagated only through air give rise to a detectable phase contrast.
For materials with low atomic number in which X-rays attenuate weakly, such as tissue or
fibres, the phase shift will be much greater than the attenuation [13]. The resulting phase
contrast image will therefore be much better at distinguishing these materials compared
to an attenuation contrast image of the same sample [10].



2.1.2 Generation and Detection of X-rays
X-ray Tube and Generated Spectrum

The generation of X-rays occurs within the X-ray tube, which consists of a filament (cath-
ode) and a metal target (anode) connected across a high voltage supply called the tube
voltage, as seen in Figure 2.3. The filament, which is usually a metal wire, is heated from
an applied current to emit electrons through thermionic emission. The tube voltage gives
rise to a potential difference between the filament and the target that will cause the emitted
electrons to accelerate towards the target with a kinetic energy equal to the applied tube
voltage multiplied by the electron charge [14]. The flow of electrons created is referred to as
the tube current. As the target is hit with electrons, X-rays will be generated in one of two
ways [15]. The atomic nucleus of the target may cause the incoming electrons to decelerate,
and the lost kinetic energy is emitted as X-rays in a phenomenon called 'Bremsstrahlung’.
Alternatively, the incoming electron may collide with a target atom’s orbital electron and
eject it from the orbital. This will result in an electron from a higher energy orbital taking
its place and the excess energy will be emitted as a characteristic X-ray with an energy
specific to the target’s material [15]. The emitted X-ray spectrum is polychromatic, mean-
ing it consists of multiple wavelengths and therefore a distribution of energy levels. The
spectrum contains a sharp peak from the characteristic X-rays [10], while the energy width
of the spectrum depends on the Bremsstrahlung X-rays and ranges from zero up to the
maximum energy of the accelerated electrons, determined by the applied tube voltage [15].

The distribution and amplitude of the generated polychromatic X-ray energy spectrum are
mainly affected by the following factors:

e Tube voltage
e Tube current-time product
e Anode angle and material

e Filtration

The tube voltage affects both distribution and amplitude, where increasing the voltage
shifts the spectrum to a higher mean energy while increasing the overall intensity [1].
The tube current controls the rate of emitted photons and the exposure time defines the
duration of emission. They both scale the amplitude of the spectrum without affecting the
distribution of X-ray energies, so their product, the current-time product, determines the
total number of emitted X-rays. The anode angle and material both affect the intensity of
Bremsstrahlung radiation. Materials with a higher atomic number produce more emissions,
which is why tungsten is commonly used as a target material. Increasing the anode angle
yields a similar intensity improvement [1].
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Figure 2.3: Schematic image of the X-ray tube generating X-rays [15].

To remove unwanted X-ray energies emitted from the polychromatic spectrum, a metal
sheet filter can be applied between the X-ray source and the sample. The most common
use of filters is to absorb the low energy X-rays that would otherwise mostly be scattered or
absorbed by the sample before hitting the detector. Applying an X-ray filter will increase
the quality of the radiograph [16] and reduce artefacts in the reconstructed volume [15].
However, this will also decrease the intensity of the desired X-ray energies and increase
the required exposure time [16]. Additionally, the X-ray tube housing provides an inherent
filter to the X-ray output. The inherent filter of the X-ray tube is conventionally expressed
in aluminium thickness equivalent [16] [17].

X-ray Detector

X-ray detectors are designed to capture the spatial distribution of transmitted X-ray inten-
sities. Most XCT systems employ indirect detection schemes, in which X-rays are converted
to visible light by a scintillator, and then subsequently detected and converted into digital
signals by a photodetector pixel array [10]. The general principle is visualised in Figure 2.4.

When an X-ray is absorbed or scattered in a scintillator, it deposits energy locally in the
material by creating electronic excitations. The medium de-excites by emitting photons in
a lower energy range around the visible light spectrum. The efficiency of this conversion
process depends on the scintillator material and its thickness. A thicker layer absorbs a
larger fraction of the incident X-rays, increasing detector efficiency. At the same time, the
generated photons spread laterally as they cross the scintillator, leading to optical blur.
Therefore, a thin layer results in improved spatial resolution [14]. Additionally, the proba-
bility of absorption in the scintillator is strongly dependent on X-ray energies, resulting in
an energy-dependent detector response.

The visible light emitted by the scintillator is detected by a photodetector array, commonly
a charge-coupled device (CCD) or complementary metal-oxide-semiconductor (CMOS)

8



photodetector. Most detectors operate as energy integrating detectors, in which each pixel
integrates the incident light over the exposure time and converts it to a proportional charge
or voltage [18].

Incident X-rays

bl

Scintillator

l Generated photons l

FEb
AR EEEEEN

Pixel array

Figure 2.4: Schematic image demonstrating the operation of an indirect X-ray detector.

Noise and Calibration

The integrated signal recorded by the detector includes dark current accumulated inde-
pendently of incident photons. This together with variations in sensitivity across pixels,
introduce a fixed noise pattern in the detector. Additionally, the illumination provided
by X-ray sources is far from uniform. To compensate for these effects, a calibration step
is often required [10]. Flat-field correction uses a dark-field image Iqa, recorded with no
X-ray exposure to capture the dark current offset, and a flat-field image Iy, recorded with
a uniform X-ray beam and no sample present. A corrected projection image ..., is then

obtained as

Iraw -1 ar
“raw  -dark (2.1.5)

Icorr - )
Tar — Tqark

where .., is the uncorrected measurement. A systematic detector miscalibration across
projections will appear as ring artefacts in the reconstructed volume.

However, in the resulting image there is always noise present due to the randomness of
light, so called photon shot noise. The number of photons detected per pixel fluctuates
statistically between exposures, which follow a Poisson distribution. If a pixel detects on
average N photons, the signal-to-noise ratio (SNR) is:

SNR = VN, (2.1.6)

which shows that increasing the number of detected photons reduces the noise level.



Resolution and Geometric Blur

Due to the X-ray beam being emitted in the form of a cone, a geometric magnification
occurs, where the sample appears magnified on the detector. The geometric magnification
is given by

SDD
SSD’
where SDD is the source-detector distance and SSD is the source-sample distance [19].
Hence moving the sample closer to the source will make it appear bigger. The observable
area, or the field of view (FOV), is also affected by the geometric magnification as FOV is
given by

magnification = (2.1.7)

FOV — detector size (2.1.8)

magnification’
Due to the size limitations of the detector, the FOV is limited as magnification increases
[20]. In a digital representation of a volume, the basic unit of each element is called a voxel
[10]. The resulting voxel size, affecting the resolution of a CT-scan is given by

pixel size

Voxel size = (2.1.9)

magnification’

where the pixel size is the dimension of the individual pixels in the detector.

The spot where the electron beam is focused on the anode in the X-ray tube, called the
focal spot, has a finite size. This will result in X-rays being emitted from multiple ideal
point sources, causing geometric blurring in the recorded radiograph, given by

geometric blur = f(magnification — 1), (2.1.10)

where f is the focal spot size. As the blur scales with f, it directly affects the resolution of
the XCT scanner. Conventional scanners have a spot size larger than 0.1 mm, microfocus
scanners a spot size of a few microns, while nanofocus scanners require a spot size lower
than 1 pm [1].

2.1.3 Acquisition and Reconstruction
Acquisition of Projections

To reconstruct an XCT volume, a set of projections first has to be acquired. The sample is
rotated while X-ray projections are recorded from different angles over a full 360° rotation
at uniform angular intervals [14]. Since each projection encodes the linear attenuation
coefficient along a given ray path, combining projections from multiple angles allows a
three-dimensional map of u(z,y,z) to be constructed. Most reconstruction algorithms
operate on the projection value p, defined as the negative logarithm of the normalized

10



transmitted intensity [1]. Under the idealised conditions of the monochromatic version of
the Beer-Lambert law (Equation 2.1.3), this represents the integrated attenuation along
the path L from source to pixel,

I

p=—In— = / p(x,y, z)de. (2.1.11)
Iy L

Each projection row has an attenuation profile, p(v, #), dependent on the vertical detector
location, v, and angle, #. For a simple egg-like object with a ”yolk”, examples of the at-
tenuation profile for a fixed vertical position v at 8 = 0 and 6 = 90 are shown in Figure
2.5.

Projection at 0° Projection at 90°

Figure 2.5: X-ray attenuation profiles of a simple egg-like object at two different projection
angles [21].

The theoretical number of projections, N,, needed to accurately reconstruct an image slice,
derived from the Nyquist theorem, is

N, = ng (2.1.12)

where N, is the number of horizontal detector pixels in each projection [10]. The effect
of varying the number of projections can be visualised in Figure 2.6 for the simple egg-
like object, where the Nyquist limit is 120 projections. While a few projections provide
very little information about the scanned object, increasing the number of projections will
gradually increase the accuracy of the reconstructed object [21].

11



4 projections 8 projections 24 projections 120 projections

Figure 2.6: Resulting vertical slice for different total of back projections at equiangular
rotations [21].

Reconstruction Algorithms

A variety of algorithms have been developed for reconstructing XCT projection data
into volumetric images, including algebraic reconstruction techniques (ART), iterative re-
construction methods, convolution back-projection approaches, and more recently, deep
learning-based reconstruction methods [21]. Among these, filtered back projection (FBP)
remains the most widely used [21]. However, the conventional FBP algorithm is limited to
XCT systems utilizing parallel-beam geometry. In laboratory-based XCT systems, which
often utilize cone-beam geometries, the Feldkamp-Davis—Kress (FDK) algorithm is instead
utilized [22]. The FDK algorithm extends the principles of FBP to cone-beam geometries.

In FDK, initial distance-based weighting is applied to weight each detector element at
coordinate (u,v) of the projection value p(u,v,0) [23][24]. The weighted projection is
calculated as

SDD
VSDD? + u? + v?
The weighted projection compensates for intensity fall-off due the divergence of the cone
beam and the associated variation in ray path length [23]. The weighting is followed by a
spatial filtering process in order to reduce blurring in the final reconstruction [14]. Here
Pw(u,v,0) undergoes a row wise 1D Fourier transformation F for each row v in every
projection at angle 6 [21]. A frequency filter H(w) is applied to the Fourier transformed
weighted projections before applying an inverse Fourier transform to yield

Pw(u,v,0) = p(u,v,0). (2.1.13)

p(u,v,0) = F 1 (H (W) - Fopw(u,v,0))), (2.1.14)

z

where p(u,v,0) are the filtered projections [25]. The unfiltered and filtered of the egg-
like object can be observed in Figure 2.7. Some of the most common filters are Ramp,
Ram-Lak, Shepp-Logan and Hann [26].

12



120 projections 120 projections with
ramp-filter

Figure 2.7: Comparison of using no filter and using a ramp-filter for the reconstructed
egg-like object using 120 projection [21].

Lastly, the filtered and weighted projection rows, p(v, ), are at this stage back projected
across image space for each angle 6 [22]. All back projections are then overlapped to
generate a vertical slice. The final attenuation coefficient distribution, u(x,y, 2), is obtained
by integrating over the full range of projection angles.

wz,y, z) = /ﬁ(u(x,y,z,Q),v(x,y,z,@),@)dQ. (2.1.15)

Here, each angle, 6, is mapped onto a corresponding detector position, (u,v), and the
filtered projection values corresponding to each voxel position, (z,y, z), is accumulated.

Artefacts

Artefacts in XCT are systematic deviations between the reconstructed voxel values and
the true attenuation coefficients of the scanned sample [27]. They arise from violations
of assumptions underlying the reconstruction process. In real systems, the measured pro-
jections deviate from the line integral model (Equation 2.1.11) due to the polychromatic
X-ray spectrum, the presence of scattered radiation, and detector imperfections. Artefacts
can appear in various ways in the reconstructed volume, including streaking, shading, and
rings.

2.2 Neural Networks

In supervised machine learning, models are trained to connect input data to a correspond-
ing mask [28]. A widely studied problem in supervised learning is segmentation, where
a label is predicted for each individual element in the input, for example a pixel in an
image [28]. This section will focus on how these problems are solved using artificial neural
networks (ANNs) to segment data into different classes.

13



input layer hidden layer 1 hidden layer 2 output layer

Figure 2.8: The basic structure of an ANN [29].

ANNS are computational machine learning models inspired by the structure and function of
biological neural networks [30]. An ANN typically consists of three main layers, an input
layer, a hidden layer and an output layer, as seen in Figure 2.8. Each layer consists of
interconnected processing units which are commonly referred to as neurons. Each neuron
in the hidden layer receives multiple input signals, x, where each signal is associated with
a weight, w. The weighted sum of each signal is computed and passed into the activation
function, ¢, together with a bias, b [30]. The non-linear output, y, of a neuron can be
expressed as

y=¢ (Zn: wiT; + b) : (2.2.1)

An ANN learns by adjusting its weights and biases, through a process called backpropa-
gation. In this process, the network first performs a forward pass to generate predictions
and compute a loss value. The loss value measures how accurate a prediction is compared
to the ground-truth, where a low loss value shows that the prediction is accurate. The
backpropagation algorithm then calculates the gradients of the loss function with respect
to each parameter using the chain rule. These gradients are used in gradient-based op-
timization methods, such as gradient descent, to iteratively update the parameters in a
direction that minimizes the loss. Over time, this enables the network to learn meaningful
patterns from the data [30].

In segmentation tasks, ANNs operate by mapping input features to output labels at a finer
level, performing classification at the level of individual pixels or regions [31]. The ANN
learns to associate these feature representations with corresponding class labels and errors
are computed using loss functions to update weights and minimize future prediction errors.
This learning process allows the network to capture non-linear relationships in data and
improve segmentation accuracy compared to traditional methods. However, since standard
ANNSs are usually fully connected [30], they do not explicitly preserve spatial structure,

14



which limits their effectiveness for image segmentation tasks and motivates the use of other
machine learning architectures [32], such as convolutional neural networks (CNNs).

Unlike standard fully connected ANNSs, each neuron in a CNN is connected to a small
region of different inputs which preserves spatial information throughout the network [33].
This makes CNNs highly suitable for processing data with a grid structure, such as images
[30]. The most basic hidden layers in a CNN are convolutional layers, activation layers
and pooling layers [34]. The convolutional layers consist of filters that are able to detect
spatial hierarchies [30]. Convolutional layers are often followed by an activation function to
introduce non-linearity. The pooling layers reduce the spatial dimensions, further reducing
the number of parameters within that activation [34].
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Chapter 3

Simulation Method

In this work, the open source framework gVXR was employed to simulate X-ray projections.
The simulation pipeline was implemented in Python. As gVXR requires no commercial
licence, the source code is accessible and reproducible. This chapter describes the simula-
tion method, detailing the implementation of the framework to simulate XCT. We start by
providing a background to simulation of XCT, motivating the choice for employing gVXR.
Subsequently, the implementation is described in detail, including the configuration of the
virtual XCT scanner through the definition of the X-ray source, sample, and detector,
followed by the acquisition of projections and the reconstruction approach.

3.1 Background and Motivation

There are several approaches to simulating XCT, with many commercial and open-source
software are available. Monte Carlo (MC) simulations are regarded as the most accurate
method for simulating X-ray projections. They can model the underlying physics by track-
ing a high number of photons as they are emitted from the X-ray source, interact with the
sample through absorption and scattering processes, and reach the detector. Geant4 [35]
is widely considered the state-of-the-art MC framework, offering comprehensive physical
models for photon transport. However, MC methods are computationally heavy, and a
high resolution XCT volume with realistic noise levels can take several days to simulate
[36]. Deterministic simulations based on the Beer-Lambert law of attenuation, described
in Section 2.1.1, can provide a good compromise between speed and accurate simulation.
These models neglect scattering noise, although the latter can be approximated in a post-
processing step if required.

After reviewing several deterministic simulation frameworks, the open source framework
gVXR was selected to simulate X-ray projections. It is optimized for computational speed
through a GPU-based implementation of Beer-lambert law of attenuation. This aspect was
valued because of the prospect of quickly generating large labelled synthetic datasets for
deep learning. The framework has been validated against both MC simulations performed
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with Geant4 and experimental projections, demonstrating its capability to produce realis-
tic results [36]. In a comparison to the frameworks ASTRA and TIGRE, gVXR provides
greater flexibility in configuring the source, detector, and sample [37]. For example, gVXR
supports modelling of a polychromatic X-ray spectrum, while ASTRA and TIGRE are
limited to a monochromatic spectrum.

As gVXR enables modelling of a detector response and objects consisting of several ma-
terials, this results in the following polychromatic version of the Beer-Lambert law of
attenuation, where I(x,y) is the integrated energy received by detector pixel (z,y):

I(z,y) = Y R(E;) D(E;) e > B dile), (3.1.1)

The polychromatic spectrum is discretized into energy bins with energies E;, where D(E;)
represents the number of photons emitted in each bin. The detector response is described
by R(FE;), which accounts for the energy-dependant efficiency of the scintillator. Each
scanned material, indexed j, is characterized by an energy-dependent linear attenuation
coeflicient, 1;(E;). The path length through material j from the source to pixel (z,y) is
denoted dj(z,y) [5].

3.2 Implementation

3.2.1 Configuration of Virtual Imaging System

Configuring the virtual XCT scanner is the first step in the simulation pipeline, and defines
how the resulting X-ray projections are simulated. It involves defining the X-ray source,
sample, X-ray detector and their relative positions. Figure 3.1 visualizes an example of the
simulation environment after configuration, where the sample is a cube.

Source Detector

Figure 3.1: Illustration of the gVXR simulation environment, visualising the point source,
cone beam, sample, and detector. The sample is composed of two different materials, which
is reflected by the intensity distribution on the detector. [36]
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X-ray Source

The X-ray source is configured by setting the X-ray tube voltage, tube current-time prod-
uct, anode angle, and eventual X-ray filter material and thickness. From these parameters,
a polychromatic spectrum is modelled from a tungsten-anode X-ray tube, where the vali-
dated spectrum-generation toolkit SpekPy is employed [38]. In the simulation, the resulting
photon fluence energy distribution at the specified source-detector distance is expressed in
units of photons per pixel and discretized into energy bins. In this work 50 bins are used
as a trade-off between spectral accuracy and computational speed.

As discussed in Section 2.1.2, inherent filtration occurs in the X-ray source, where ma-
terials in the X-ray tube and its housing absorb low-energy photons. As inherent filtration
is conventionally expressed in units of aluminium-equivalent thickness, this phenomenon
is modelled by adding an aluminium filter with specified thickness to the source. Figure
3.2 illustrates this effect by displaying two spectra generated with identical settings: one
without filtration and one with a 0.5 mm aluminium filter.!

20000 No filter

0.5 mm Al filter
17500

15000 +
12500 {
10000 +

7500 1

Photons per pixel

5000 4

2500 +

0 10 20 30 40 50 60

Energy [keV]
Figure 3.2: Simulated spectra from a tungsten-anode X-ray tube with 60 kV tube voltage,
1 mAs tube current-time product, 12°anode angle, 100 cm source-detector distance and 1

mm? pixel size. The spectra are shown without filtration and with a 0.5 mm aluminium
filter.

The X-ray source in this work is modelled as a cone beam with an ideal point source. This
is a simplification of real XCT systems, where a finite focal spot introduces geometrical
blur, discussed in Section 2.1.2. Accurately modelling this effect would require simulating
multiple point sources, which increases computational time significantly. This is possible
to implement in gVXR, but was excluded to reduce computational cost.

'This example is for demonstration purposes; actual simulations may use different settings depending
on the experiment.
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Sample

In gVXR, samples are represented using triangular meshes, a technique commonly used in
computer graphics for describing three-dimensional structures. The sample can consist of
one or several triangular meshes. Once the mesh is added to the simulation, its material
properties are defined. This involves defining the elements present in the material, the
relative mass fraction of each element, and the material density. Based on this provided
information, gVXR internally approximates the linear attenuation coefficient for the ma-
terial. Xraylib [39], a library connected to multiple X-ray databases is used by gVXR to
fetch the absorption cross section for each of the elements. These are directly related to
the linear attenuation coefficients, described by Equation 2.1.1.

X-ray Detector

The detector is configured by specifying its pixel size and the number of pixels along both
the height and width. It is operated in energy-integrating mode, where each pixel records
the total energy deposited by incident X-rays over the exposure time. A scintillator material
with a specified thickness can be assigned to model a more realistic energy-dependant
detector response, as discussed in Section 2.1.2. Then, the detected signal is reduced
relative to the incident photon energy to mimic the actual efficiency of the scintillator.
Note that while scintillator thickness also governs detector blur in practice, this effect is
not captured by the scintillator model in gVXR. The blur can however be approximated
by specifying a line spread function (LSF), which describes how the detector spreads the
signal from an ideal line source, and is a one-dimensional approximation of the point spread
function (PSF). In this work, the LSF is approximated as a Gaussian:

1 x?
exp| —— |, 3.2.1
oV 2w P ( 20 2) ( )
where z is the pixel coordinate relative to the centre and o is the standard deviation in

units of pixels, controlling the degree of blur. If no line spread function is assigned, the de-
tector is idealized using a Dirac PSF leading to no correlation between neighbouring pixels.

LSF(z,0) =

Photon shot noise is modelled using a feature available in gVXR. As this noise is propor-
tional to the number of incident photons per pixel, it is directly influenced by the source
parameters used to generate the spectrum and detector settings. The number of incident
photons is mainly affected by the tube-current time product, the aluminium filter thickness
and pixel size. It is important to note that the projection model (Equation 3.1.1) is derived
based on a idealized detector without photon shot noise, and that these effects are added
as a post-processing step within gVXR, introducing additional computational cost while
enhancing realism.
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3.2.2 Acquisition of Projections

Once the sample, source and detector is configured, the imaging procedure is carried out.
The number of projections is set, and the virtual sample is rotated incrementally while pro-
jections are simulated at each position. Before reconstruction, the projections are converted
by taking the negative logarithm of the normalized transmitted intensity (Equation 2.1.11).

Flat-field correction can be enabled during acquisition by defining a number of flat-field
images. No dark images are acquired since the virtual detector does not contain any dark
current, and would just consist of an array of zeros. Each projection is then divided by the
average flat field image. In experimental XCT, this procedure calibrates the detector and
reduces ring artefacts in the reconstructed volume as discussed in Section 2.1.2. However,
in the virtual system the effect is the opposite: since the flat-field images are simulated
with photon shot noise, dividing by them imprints a fixed spatial noise pattern onto every
projection, which then simulates ring artefacts.

3.2.3 Reconstruction

In this work, the Core Imaging Library (CIL) [40] is used to perform the reconstruction. It
is an open-source library that provides many of the popular reconstruction algorithms, such
as FDK for cone beam geometry, which is employed in this work. Many reconstruction
filters are available, including Ramp, Ram-Lak, Shepp-Logan and Hann. The resulting
volume is saved as a Tagged Image File Format (TIFF), which is a stack containing each
reconstructed vertical slice.
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Chapter 4

Virtual Representation of an XCT
Scanner

A realistic virtual representation of an XCT scanner enables virtual experiments to be
performed, producing results comparable to those obtained experimentally. Tetra Pak are
interested in performing virtual experiments as a preparation for and compliment to exper-
imental scans. Here we develop a virtual representation of one of Tetra Pak’s experimental
XCT scanners, applying the simulation method using gVXR, described in Chapter 3. As
some simulation parameters are not known or directly measurable, an optimisation ap-
proach is used to estimate them by matching simulated data to experimentally acquired
data.

By recreating an experimental XCT scanner virtually, it becomes possible to scan the
same sample both experimentally and virtually, enabling quantitative comparison of the
generated data down to the pixel level. The results reveal the capabilities and limitations
of the simulation approach, forming a foundation for its use in future experiments.

4.1 Experimental XCT Scanner

The experimental XCT scanner of this work is a Phoenix Nanotom M (Waygate Technolo-
gies) [41] at Tetra Pak’s Lund site, visualised in Figure 4.1. It features a nanofocus X-ray
tube, designed for high resolution imaging. The operating principles of laboratory-based
XCT scanners are described in the theoretical background (see Section 2.1), and more
detailed information on this particular scanner can be found in the manual provided by
the manufacturer [41]. The XCT volume reconstruction is performed using the integrated
Phoenix datos|x [41], which operates with limited transparency, leaving many processing
steps such as calibration, artefact reduction, and details about the reconstruction algorithm
unknown.
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Figure 4.1: Phoenix Nanotom M (Waygate Technologies) [41].

4.2 Development of Virtual Representation

The general methodology we employ for designing a virtual representation of the Nanotom
XCT scanner is summarised in Figure 4.2. First, a real-world sample is scanned to acquire
experimental data. From the reconstructed volume, a triangular mesh of the sample is ex-
tracted through segmentation, where voxels exceeding a threshold are classified as sample
rather than background. This mesh serves as the geometric input to the simulation, where
the scan is recreated virtually using identical scanning parameters to those used in the
experimental scan. Finally, the simulated and experimental data are compared quantita-
tively. This experiment primarily focused on comparing projections and not reconstructed
volumes.

Experimental XCT Data
Scan real-world sample

v

Reconstruction & Mesh
Generate 3D model of sample

1

Simulated XCT Data
Recreate scan virtually with identical
parameters

1

Evaluation
Quantitative comparison of projections

Figure 4.2: Workflow of the method used to develop a virtual representation of an XCT
scanner.
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This section first covers how the virtual scanner is configured to match the experimental
scanner, explaining both known and unknown simulation parameters. An optimisation
method is then described for determining the unknown parameters, using a sample with
known composition and density. Finally, the evaluation experiment is presented, where a
different sample is used to assess the generalisation of the optimised simulation.

4.2.1 Configuration to Match Experimental Scanner

To recreate an experimental scan virtually, the simulation must be configured to match
the experimental scanner as closely as possible. Table 4.1 provides an overview of the
adjustable parameters when configuring the virtual scanner, categorised into X-ray source,
sample, X-ray detector, and geometry. We describe these parameters in detail in Section
3.2.1. In this experiment detector blur is not modelled. Some parameters are directly
known from the experimental setup, and these are marked in the known column. These
include the tube voltage, tube current- time product, pixel array and geometry between
source, detector and sample which are all set when configuring the experimental scanner.
The pixel size of the detector is a known property, which is found in the manual [41].
Sample composition and density are not marked, as these depend on the specific sample
being scanned and must be determined or estimated separately.

Category | Parameter Known
Source Tube voltage (kV) Yes
Tube current-time product (mAs) | Yes
Anode angle (°) No
Al filter thickness (mm) No
Detector | Pixel array (width, height) Yes
Pixel size (pm) Yes
Scintillator material No
Scintillator thickness (pm) No
Sample Composition -
Density (g/cm?) -
Geometry | Source-sample distance (cm) Yes
Source-detector distance (cm) Yes

Table 4.1: Adjustable parameters in virtual XCT scanner configuration, and whether they
are directly known from the experimental setup.

The anode angle, scintillator material, and scintillator thickness are internal hardware
properties not reported by the scanner manufacturer. The aluminium filter thickness is an
approximation of the inherent filtering of the source, and is not an actual property, and
therefore needs to be estimated. These are unknown properties to the XCT scanner and
cannot be measured directly, and must instead be determined through an optimisation
procedure, described in the following section.
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4.2.2 Optimisation of Parameters

In order to set up an accurate virtual representation of the experimental XCT scanner,
an optimisation method was designed. The aim of this method was to find the optimal
values for the unknown filter thickness, anode angle, scintillator material and scintillator
thickness (see Table 4.1). An aluminium crucible (see Figure 4.3a) was chosen as the
reference material for this optimisation method. It was chosen because of its simple struc-
ture and because it is made purely out of aluminium. With pure aluminium, applying
the correct chemical composition and density in gVXR is straightforward to implement,
and is therefore assumed to be a known property in the virtual XCT scanner configuration.

We imaged the aluminium crucible using the Nanotom XCT scanner at Tetra Pak. The
settings used for this scan are displayed in Table 4.2. To image the aluminium crucible, it
was attached to a holder by its bottom half. Due to only wanting to include pure aluminium
in the scan, only half of the aluminium crucible was imaged to avoid parts of the holder
being visible. After the scan, the 2000 projections obtained were used to reconstruct the
XCT volume. This allowed for the extraction of a 3D mesh of the aluminium crucible, which
can be seen in Figure 4.3b. As observed at the bottom of the aluminium crucible mesh,
the mesh is missing a small part of its volume. This is due to reconstruction artifacts
appearing at the edges of the reconstructed volume, making the bottom of the sample
appear less dense than it actually is. Because of this, the intensity values near the bottom
of the sample appears close to that of air, making the extraction of the entire mesh volume
difficult. Further, both experimental and simulated projections will be cropped to not
include the bottom in order to make comparisons fairer. Using gVXR, the mesh was
imported into the virtual Nanotom XCT scanner and the material properties were defined
as pure aluminium with a density of 2.698 g/cm?. The virtual XCT parameters were set
as the parameters used in the experimental XCT scan (Table 4.2).

(b)

Figure 4.3: (a) The aluminium crucible and (b) the mesh of the aluminium crucible.
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Setting Value
Pixel array (width, height) (2048, 1000)
Source-detector distance (mm) 500
Source-sample distance (mm) 25
Tube voltage (kV) 60
Current (mA) 0.3
Exposure time (ms) 375
Number of projections 2000

Table 4.2: Experimental parameters of the Nanotom XCT scanner for the scan of the
aluminium crucible.

The optimisation algorithm used to find the optimal filter thickness, anode angle, scintilla-
tor material and scintillator thickness was based on automatically testing all combinations
of these parameters within a reasonable range of values (see Table 4.3). All the scintil-
lator materials available in gVXR were tested in the optimisation, these can be found
in Appendix A. For each parameter combination, a projection at 0° was generated and
compared to the corresponding experimentally acquired projection, and their similarity
evaluated by calculating the selected metrics (see Section 4.3). The set of parameters that
gave the best result was saved for a combined score that took all metrics into consideration.

Parameter Min | Max | Spacing
Filter thickness (mm) 0.1 | 1.1 0.01
Anode angle (°) 6 20 1
Scintillator thickness (um) | 100 | 1100 5

Table 4.3: Range of values and materials tested for the optimisation of the unknown
parameters.

4.2.3 Evaluation Experiment

To evaluate the virtual representation of the Nanotom XCT, a LEGO® Minifigure (see
Figure 4.4a) was chosen as a simple test object. The aim of this experiment was to test
the accuracy of the virtual representation using a different object than used for the opti-
misation. As previously described, an experimental XCT scan was initially performed to
acquire both the mesh of the LEGO Minifigure and experimental data for comparison. The
parameters of the experimental XCT scan are displayed in Table 4.4. For this purpose a
holder was built using LEGO bricks (see Figure 4.4b) to minimize the number of different
materials used.
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Figure 4.4: (a) The LEGO Minifigure and (b) the experimental setup of the Nanotom XCT
scanner.

Setting Value
Pixels array (width, height) (1300, 2048)
Source-detector distance (mm) 400
Source-sample distance (mm) 95
Tube voltage (kV) 60
Current (mA) 0.3
Exposure time (ms) 375
Number of projections 2042

Table 4.4: Experimental parameter of the Nanotom XCT scanner for the scan of the LEGO
Minifigure.

Following the experimental scan and reconstruction it became apparent that three differ-
ent materials are present in the LEGO Minifigure. The hands, the body and the white
print on head and torso had given rise to different attenuations of the X-rays, meaning
they posses different densities. In this experiment the minifigure was therefore exported as
three different meshes. These are shown separate and together in Figure 4.5. These were
imported into gVXR and a CT-scan was performed using the same number of projections.

The elemental composition and density of the polymers of the LEGO Minifigure were
unknown. To find these, Fourier-transform infrared spectroscopy (FTIR) was performed
at Tetra Pak’s material analysis lab. The FTIR showed that the body and holder is made
of acrylonitrile butadiene styrene (ABS) and that the hands are made of Polyoxymethylene
(POM). The print on the torso and head were too small and thin to test using the FTIR
tool. Therefore, the print was assumed to be ABS and was modelled as part of the body.
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ABS is a polymer with the chemical composition (CsHs),(C4Hs),(C3H3N), and a density
between 0.9-1.53 g/cm3. The different ratios of the monomers (z,y, z) in ABS gives rise
to an uncertainty in both exact elemental composition and density. In this work ABS
was modelled with an elemental mass fraction of 87.1% carbon, 8.1% hydrogen and 4.8%
nitrogen, and a density of 1.04 g/cm®. This mass fraction and density was chosen for ABS
was based on the typical values given by standard grade ABS [42]. POM is a polymer
with the chemical composition (CH;0),, and a density of 1.41 g/cm?®. POM was therefore
modelled with an elemental mass fraction of 40% carbon, 6.7% hydrogen and 53.3% oxygen.

(a) (b) (c) (d)

Figure 4.5: The mesh of (a) the LEGO Minifigure bricks and body, (b) hands and (c) the
print and (d) the meshes in (a), (b) and (c) together.

4.3 Metrics for Evaluation

To evaluate the quality of the simulation, a projection of the simulation, Pg, is compared to
the corresponding experimental projection, P,;. Their similarity is evaluated based on two
metrics: Root Mean Square Error (RMSE) and Histogram Intersection (HI). The RMSE
measures the pixel-wise differences between P, and Pg, and it is defined as the square
root of the mean squared error. RMSE is always non-negative, and lower values indicate
that the projections are similar on a pixel level. It is defined as:

—_

r—1 c—1
1

RMSE =, | — (Ps(i, ) — Pas(i, )2, (4.3.1)
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where r is the number of rows and c¢ is the number of columns of the projections. A
histogram of a projection is the distribution of intensity values. The HI metric compares
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the histograms Hj; and Hg, derived from P,; and Pg, respectively. It is defined as:

HI = min(hs(i), hu(i)) (4.3.2)
i=1
where hj; and hg are the normalized histograms with equal binning n. The score is be-
tween 0 and 1, where a higher value indicates more overlap between the histograms. HI
is especially useful for capturing differences and similarities in global patterns, including
the background noise. However, two projections can have identical histograms yet differ
locally, and is therefore complemented by RMSE.

Prior to comparison, both projections are divided by the background intensity to obtain
the normalised transmitted intensity. For Pg this is straightforward, as the background
intensity is known directly from the simulation. For P, this is estimated by averaging pixel
values in rows where no sample is present. Theoretically, flat-field correction (Equation
2.1.5) should already yield normalised projections. However, the experimental projections
obtained from Phoenix datos|x are not output in this range, and additional normalisation
was therefore required.

4.4 Results of Virtual Representation

4.4.1 Pre-Optimisation

A first virtual projection was acquired before the optimisation, using no filter applied to the
source and no scintillator applied to the detector, while anode angle was set as the default
(12°). This virtual projection along with the experimental projection can be observed
in Figure 4.6, along with each projection’s respective histogram plot. It is clear from
both the projection comparison and the histogram comparison that the intensity values
in the simulated projection are much lower than those in the experimental projection.
The mean intensity in the experimental projection is 0.909 and the mean intensity in the
simulated projection is 0.819, yielding a HI value of 0.541 and a RMSE of 0.135. The lower
intensity values of the simulated projection compared to the experimental projection is also
highlighted in the intensity line plots in Figure 4.7. The intensity line plot compares the
intensities of the experimental projection (green) and simulated projection (orange) for a
given detector row. At every point of the LEGO Minifigure the simulated intensity (orange)
is displaced at a much lower intensity value compared to the experimental intensity (green).
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Figure 4.6: Experimental and simulated projections of the LEGO Minifigure acquired at
6 = 0°, along with corresponding histogram distributions.
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Figure 4.7: Intensity line plots for three different detector rows, comparing the experimental
(green) and the simulated (orange) intensities, for a projection taken at 6 = 0°.

4.4.2 Optimisation

To find the unknown parameters of the Nanotom XCT scanner (see Table 4.1), the opti-
misation method described in Section 4.2.2 was performed, and the results of this method
will be presented in this section. The parameters that resulted in the best combined HI
and RMSE score during the optimisation can be found in Table 4.5. The combined score
weighted HI and RMSE equally and was was calculated as HI/2 + (1 — RMSE)/2.

Parameter Optimal setting
Filter thickness (mm) 0.26
Anode angle (°) 12
Scintillator thickness (um) 525
Scintillator material CdWO,

Table 4.5: The resulting optimal settings for the unknown parameters.

With these settings applied, a virtual XCT scan of the aluminium crucible was performed.
A projection and histogram comparison of the simulated projection (orange) and exper-
imental projection (green) are shown in Figure 4.8 and yields a HI value of 0.930 and a
RMSE of 0.0118. The average HI value and RMSE for ten different projections taken
at even intervals between 0°and 360°were calculated to be 0.923 and 0.0110, respectively.
Figure 4.9 shows intensity line plots for three different projections. As can be observed in
all three line plots, the intensities at this line in every projection overlap very closely.
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Figure 4.8: Experimental and simulated projections of the Al crucible with a histogram
comparison, after the optimisation was performed.
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Figure 4.9: Intensity line plots for the same row taken at (a) 0°, (b) 72°and (c) 288°.

4.4.3 Post-Optimisation

Applying the parameters found in the optimisation step to the virtual XCT scanner and
performing an acquisition generated a new set of simulated projections of the LEGO
Minifigure. A resulting simulated projection of the minifigure compared to the experi-
mental projection is shown in Figure 4.10, along with their respective histogram plots.
Both projections are acquired at the same angle, § = 0°. The mean intensity value of the
simulated projection is now 0.911, yielding a HI value of 0.873 and a RMSE of 0.0112. The
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Figure 4.10: Experimental and simulated projections of the LEGO Minifigure, along with
corresponding histogram distributions.

average HI value and RMSE for all 2042 projections acquired is 0.824 and 0.0123 respec-
tively. The line intensity plot for the same detector rows as in Figure 4.7, but now for the
optimised projection, is shown in Figure 4.11. Comparing Figure 4.6 to Figure 4.10, as
well as Figure 4.7 to Figure 4.11, it is clear that optimising the unknown parameters had
positive effect on the accuracy of the virtual representation of the Nanotom XCT scanner.

The most noticeable variation in the histograms in Figure 4.10 can be observed in the
peaks at the intensity value approximately at 0.73 (marked by the red vertical line) and at
0.75 (marked by the blue vertical line). Here the small peak of the simulated projection’s
histogram curve (orange) is shifted to a lower intensity value relative to that of the peak
of the experimental projection’s histogram curve (green). The intensity line plot seen in
Figure 4.11c shows a similar offset in intensity values at the position off the hands. The
same values as for the peaks in the histograms are here marked by a red and blue horizontal
line. This indicates that the observed offset in the histogram peak can be connected to the
incorrect attenuation in the hands of the LEGO Minifigure, where the simulated projec-
tions show higher attenuation than the experimental projections. The greatest deviation
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Figure 4.11: Intensity line plots for three different detector row positions, comparing the
experimental (green) and the simulated (orange) intensities, for a projection taken at 6 =
0°.

in intensity can however be seen in the hair of the LEGO Minifigure. This is clear in both
the intensity line plot in Figure 4.11a and in the absolute errors seen in Figure 4.12. Figure
4.11a indicates that the attenuation of the hair region in the simulated projection (orange)
is underestimated relative to the experimental projection (green). It is also observable in
Figure 4.12 that the intensity errors are greater at some angles than others. This would
explain why the average HI value is lower and the RMSE is higher compared to the HI
value and RMSE of the single projection at 6§ = 0°.

Due to computational limitations, full-scale reconstruction of the simulated projections
was not feasible using CIL. Reconstruction was therefore performed on a reduced dataset,
using 100 central detector rows, and the resulting central slice was used for evaluation. An
attempt was made to use a common reconstruction method for both simulated and exper-
imental projections, but this was not achieved within the scope of the project. The central
slice from both datasets are displayed in Figure 4.13, where the experimental volume was
reconstructed using the integrated software of the Nanotom XCT scanner, Phoenix datos|x,
and the simulated volume using CIL with the Shepp-Logan filter. No quantitative com-
parison is performed, as the reconstructed intensity values are arbitrary and dependent on
the reconstruction pipeline. However, the slices appear visually similar. The hands appear
brighter due to their higher attenuation coefficient (red box), and reconstruction artefacts
are visible as dark streaks parallel to the body. The metallic print on the body appear
bright in the experimental reconstruction (blue box), but as it was assigned the same den-
sity as the body in the simulation, it does not appear bright in the simulated volume.
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Figure 4.12: The absolute error of simulated projections of the LEGO Minifigure at (a) 0°,
(b) 72°, (c) 144°and (d) 216°. The error is defined as the absolute difference between the

experimental and simulated projection intensity values.

(b)

(a)

Figure 4.13: A reconstructed slice from the (a) experimental projections using datos|x
software, and (b) simulated projections using CIL. The vertical slice is located at the centre
of the reconstructed volume, and displays the inertial structure of the LEGO Minifigure
body and arms. The red box in (a) highlights a hand, while the blue box marks the print.
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4.5 Discussion

4.5.1 Virtual Representation Performance

This experiment demonstrated a procedure for obtaining a virtual representation of an
experimental XCT scanner, using an optimisation approach to determine unknown pa-
rameters of the simulation. The resulting simulated projections show strong similarity to
experimentally acquired projections, where the average HI value was 0.824 and the RMSE
was 0.0123 for the entire acquisition set, suggesting that the simulation captures the es-
sential behaviour of the scanner.

The main deviations of the simulated projections compared to the experimental projec-
tions are found in the attenuation of the hands and the hair of the LEGO Minifigure.
The attenuation error in the hands is most likely caused by inaccurate modelling of the
material properties of POM. This is unexpected since there was a greater uncertainty in
the material properties of ABS (see Section 4.2.3), which the body was modelled after.
However, as seen in Figure 4.11c, the body is the most accurate in terms of intensity as
the intensities overlap very closely. The observation that the hair was more attenuating in
the experimental projections than in the simulated projections could be caused by several
factors. Because of the hair being a brighter colour than the rest of the minifigure, there is
a possibility that the ABS of the hair is mixed with a pigmentation that contains slightly
heavier particles which would result in more attenuation in the experimental projection.
This effect would not be captured in the simulation as everything except the hands was
modelled as pure ABS.

The errors that arise in intensity of the simulated projections largely seem to be con-
nected to uncertainties in material modelling, rather than inaccurate simulations of X-
ray characteristics. The presence of multiple materials within the sample increases the
complexity of accurately reproducing X-ray attenuation behaviour, an issue that becomes
more prominent when modelling polymers. Even though material modelling can explain
the main deviations between simulated and experimental projections there are some effects
that might be attributed to other causes. As seen in the absolute error plot in Figure
4.12, the edges of the LEGO Minifigure often contain an error, which could be explained
by imperfections in the extracted mesh. Another possible reason is geometric and optical
blurring effects, which are not captured in the simulation, which would make edges appear
unnaturally sharp in the simulation. As the simulation in gVXR is attenuation based, the
lack of simulating scattering and phase effects could also contribute to errors.

4.5.2 Limitations and Future Work

The main limitation of this experiment is that the optimisation and evaluation were per-
formed using a single set of scanning parameters, with tube voltage, tube current, and
exposure time kept constant throughout. Therefore, no conclusions can be drawn about
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how well the virtual representation generalises to other parameter combinations. This is
particularly relevant for the scintillator response, which is energy dependent. The optimal
scintillator, 525 ym CdWOQOy,, may be an accurate match at the evaluated energy range,
but could differ from the experimental detector response at higher tube voltages. Future
work should therefore repeat the optimisation across a range of scanning parameters and
to evaluate and improve the generalisability of the virtual representation. Applying the
optimisation procedure to another experimental XCT scanner would further assess how
well the developed method generalises beyond the Nanotom.

Another limitation of the optimisation method is that it is based solely on one projec-
tion. This choice was made to speed up the process, but makes the results sensitive to
that specific angle of the aluminium crucible. The LEGO Minifigure demonstrated that
metric values vary considerably across angles, as reflected in the difference between the
single-projection HI of 0.873 at # = 0° and the all-angle HI of 0.824. Incorporating multi-
ple angles into the optimisation would reduce this sensitivity.

Finally, the evaluation would benefit from testing on additional samples with known ma-
terial properties, which would provide a more decisive assessment of how accurately the
virtual representation recreates the Nanotom XCT scanner. In addition to comparing pro-
jections, extending the evaluation to reconstructed volumes would provide a more complete
assessment. A final evaluation of the virtual representation would also require investigat-
ing its performance for various resolutions. As magnification increases, the geometric blur
should have greater effects (Equation 2.1.10), and blurring might be necessary to incorpo-
rate to the virtual representation.
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Chapter 5

Segmentation of Fibres

XCT can be used to study the internal material structure of fibre-based materials. These
materials often consist of complex matrices of closely packed fibres, such as paperboard.
Tracking individual cellulose fibres through such volumes would enable obtaining essential
material properties such as fibre length and orientation. Simple segmentation approaches
such as thresholding do not produce reliable results for this purpose, making deep learning-
based segmentation a more promising alternative. However, training such deep learning
models requires large amounts of labelled data, which is difficult to obtain. One solution
is to generate synthetic datasets from simulated XCT volumes, which are already labelled
by construction.

Here we investigate whether the simulation method described in Chapter 3 and 4 can
generate synthetic fibre XCT data, used to train a CNN segmentation model that gener-
alises to experimentally acquired fibre data. The experiment is designed as a preliminary
validation using a dataset of a simple fibre structure consisting of a single cotton thread.
Additionally, the segmentation is a binary segmentation task, classifying voxels as either
fibre or air, rather than tracking individual fibres through the volume. This experiment,
therefore, serves as a first step in the broader goal of segmenting individual fibres in a
complex volume.

5.1 Experimental Fibre Dataset

A cotton thread was selected as the subject of the experimental fibre dataset. Compared
to a paperboard fibre network, where cellulose fibres are randomly oriented and densely
packed, it is a simpler and more manageable case, as the fibres are aligned in a single
direction. However, the individual fibres still share the most important structural features.

The initial idea was to obtain the fibre dataset using the Nanotom Phoenix M Scanner, de-

scribed in Section 4.1. The thread sample is visualized in Figure 5.1a, mounted in its holder
and wrapped in tape to avoid movement during the scan. According to the manufacturer,
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the scanner is capable of a minimum voxel resolution of 0.3 um [41]. However, in practice,
achieving low voxel sizes proved difficult, and after several attempts the best resolution
obtained was 1.5 pm. At this resolution it is possible to distinguish the individual fibres,
but it is insufficient to resolve the fibre structure in detail, as seen in Figure 5.1c and 5.1d.
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Figure 5.1: (a) The thread sample. (b) The experimental setup. (c) A reconstructed slice,
with a white square marking the close-up of fibres shown in (d).

Therefore, the fibre dataset used in this work was instead provided by the 4D Imaging Lab
at LTH, which was acquired using a Zeiss XRM520 at the Division of Solid Mechanics,
Lund University. The cotton thread sample was scanned at a voxel resolution of 0.72 pum,
providing a higher image quality and better resolved fibre structure. A representative slice
of the reconstructed volume is shown in Figure 5.2, with a close-up on one fibre. Individual
fibres are clearly distinguishable from the background, and in some cases the hollow lu-
men can be observed as a dark interior cavity. A characteristic feature of the dataset is the
phase contrast fringe appearing at the fibre boundaries. Constructive interference of X-rays
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produces a bright edge, while destructive interference results in a dark edge surrounding
each fibre. Although laboratory-based XCT scanners often focuses on attenuation con-
trast, phase effects are always present to some degree and become particularly noticeable
when imaging low attenuation materials such as cotton fibres, as discussed in Section 2.1.1.
Streak artefacts are also present, likely arising from scattering.

Figure 5.2: Representative preprocessed slice from the dataset. A close-up of a single fibre
clearly illustrates phase effects, visible as a dark outer edge and a bright inner edge.

To obtain a test set for evaluation of segmentation models, the experimental fibre dataset
was preprocessed and manually segmented. The raw volume, with a shape of 996 :x 996 x 996,
contains a circular masked region at the edges, probably introduced to suppress artefacts
in those areas. To focus the dataset on the fibres, the masked region was removed through
a crop in the transverse plane to 636x636 pixels. The top and bottom 1 % of intensity
values throughout the volume were then clipped to remove extreme outliers caused by
reconstruction artefacts, producing a more even intensity range. To reduce the amount of
manual segmentation required, every 50th slice was retained, resulting in a final dataset of
20 slices and a total test set of size 20x636x636. These slices were manually segmented
using the software tool 3D Slicer [43], where fibres were parted from background to generate
a ground-truth mask. The hollow lumen was not included in the mask.
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(a)

Figure 5.3: Processing pipeline and segmentation for the experimental fibre dataset, dis-
played for one: (a) raw slice, (b) preprocessed slice, including cropping and removal of
outliers, (c¢) manually segmented slice.

5.2 (Generation of Synthetic Training Data

The initial idea was to generate the synthetic data using the virtual representation of
the Nanotom XCT scanner, described in Chapter 4, and to base the scanning parameters
on the experimental scanner configuration used to acquire the experimental fibre dataset.
However, the experimental dataset was ultimately acquired using a different scanner for
which no virtual representation was developed, so the simulation parameters could not be
based on a known scanner configuration. Instead, simulation parameters were randomly
sampled in a plausible range, with the purpose of generating a diverse dataset acquired
under different imaging conditions. The idea is that a trained model can learn to generalise
and segment the experimental dataset, even though none of the synthetic datasets directly
represent the experimental scanner, a strategy known as domain randomisation.

5.2.1 Simulation of X-ray Computed Tomography

As input to the simulation model, 10 virtual cotton fibres were used, each represented as
a triangular mesh as shown in Figure 5.4. The meshes were segmented from the experi-
mental fibre data described in the previous section, ensuring that the fibre geometries are
representative of actual cotton fibres. Experimental cotton fibres consist of approximately
90% cellulose, but are in this work modelled as pure cellulose (CgH1¢O5), with elemen-
tal mass fractions 44.4% carbon, 6.2% hydrogen, and 49.4% oxygen, and a density of 1.5
g/cm®. However, to vary the linear attenuation coefficient across datasets, the density was
treated as a free parameter and sampled within a plausible range. The sample orientation
was varied by applying two rotations: pitch and yaw. Although the same 10 fibres and
relative geometry is preserved across all generated XCT volumes, this ensures fibres appear
at different positions and orientations within the reconstructed volume.
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Figure 5.4: Triangular meshes of cotton fibres used as input to the simulation model.

The pixel array was kept constant at 996x996 to ensure that the generated XCT volumes
and the raw experimental dataset had the same dimensions. Later, the volumes were
cropped in the transversal plane, exactly like the experimental dataset, to 636 x636 pixels.
The geometry between source, detector, and sample as well as pixel size were configured
to obtain approximately the same resolution of 0.72 yum in the experimental dataset. Oth-
erwise, parameters were varied to generate diverse datasets, with varying contrast, noise
levels and spatial blur. The ranges of parameters is summarised in Table 5.1. The volumes
were reconstructed using a variety of filters. Cross sectional slices with the same index
from three volumes generated with different combinations of parameters are visualised in
Figure 5.5.

Figure 5.5: The same index cross sectional slice for three XCT volumes generated with
parameters within ranges of Table 5.1. The effect of yaw and pitch rotation causes the
same 10 fibres to appear in different locations. Slice (a) is generated without flat field
correction, while (b) and (c) are generated with flat field correction, which produces the
circular noise pattern. Note that these slices have been cropped to 636x636 pixels.

The flat field correction feature was used, where specifying a number of flat field images
greater than zero simulates ring artefacts in the reconstructed volume. Among the XCT
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Varied Parameter Range Unit

Tube voltage 40 — 80 kV
Tube current time-product 2-8 mAs
Aluminium filter thickness 02-1 mm
Source-sample distance (SSD) 813 mm
Sample density 1-1.52 g/cm?
Yaw (sample offset around z-axis) —60 — 60 °
Pitch (sample offset around y-axis)  —20 — 20 °
Line spread std. deviation (o) 0.01 - 0.05 -
Number of flat field images 050 -
Number of projections 1200 — 1601 -
Fixed Parameter Value Unit
Anode angle 12 °
Source-detector distance (SDD) 20.42 mm
Detector pixel size 1.35 pm
Pixel array (width, height) (996, 996)
Scintillator material CAdWO, —
Scintillator thickness 525 pm
Fibre composition CsH1005 —
Photon shot noise Enabled -

Table 5.1: Parameters used for XCT data generation. Varied parameters were sampled
within the stated ranges; fixed parameters were held constant across all volumes.
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slices visualised in Figure 5.5, this was applied in the generation of (b) and (c). Although
the experimental fibre dataset does not exhibit visible ring artefacts, the flat field correc-
tion is included to introduce additional variability, making the trained segmentation models
more robust to artefacts.

The Line Spread Function (LSF) was applied when generating the XCT volumes. In
experimental datasets, photon shot noise exhibits spatial correlation between neighbour-
ing voxels, caused by optical blur in the detector system, as discussed in Section 2.1.2.
Without the LSF, we found that the reconstructed slices exhibited an unnatural pixelated
background noise inconsistent with this behaviour. Applying a Gaussian LSF, as described
in Section 3.2.1, introduces spatially correlated noise more representative of experimental
data, as illustrated in Figure 5.6. Therefore the standard deviation (o), which determines
the amount of blur, was treated as a free parameter.

(b)

Figure 5.6: Two slices from datasets generated with identical parameters except for (a) no
LSF, (b) Gaussian LSF with o0 = 0.02. The slices are cropped to display 100x100 pixels.

5.2.2 Ground Truth Generation

The ground truth mask is a binary image marking the pixels where a fibre is present. There
are several ways to obtain this mask when the geometric input to the simulation model
is known. In this work we designed a simple method where the mask of a synthetic XCT
volume was obtained through a noiseless scan using identical parameters but with photon
shot noise disabled, no LSF and a monochromatic energy spectrum. The monochromatic
energy spectrum, consisting of 1600 incident photons with the assigned tube voltage en-
ergy, is used to avoid beam-hardening artefacts. Since a polychromatic energy spectrum,
noise modelling, and LSF convolution all increase the computational cost of generating a
projection, the noise-free scan was significantly faster to simulate than the corresponding
synthetic XCT volume. The resulting noiseless volume was then segmented using Otsu
thresholding, producing a binary mask. Since the fibre and background intensities are well
separated in the noiseless volume this segmentation method is reliable.
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5.2.3 Modelling of Phase Effects

As gVXR is solely attenuation-based, phase contrast effects are not captured in the simu-
lation. In an attempt of matching experimental fibre dataset characteristics, a method for
modelling the phase contrast fringe was developed. This is a post-processing step applied
after the synthetic XCT volume and corresponding ground truth mask has been generated.
For each slice, the binary mask is morphologically dilated and eroded to define two edge
regions: an outside edge (3 voxels wide) and an inside edge (2 voxels wide). The dark
outside edge is assigned an intensity lower than the local air value, defined as the slice min-
imum. The bright inner edge is assigned an intensity greater than the local fibre intensity,
defined as the mean intensity within the masked region. The intensities are controlled by
empirically determined scaling factors of 0.3 and 4.3 for the dark and bright edges respec-
tively, ensuring the edges remain darker than the surrounding air and brighter than the
fibre interior.

Figure 5.7: Slice from synthetic XCT volume with (a) no phase effects, (b) added phase
effects in a post-processing step. Both slices are cropped to display 350x350 pixels.

5.2.4 Composition of Training Dataset

A synthetic training dataset consists of reconstructed slices and their corresponding ground
truth mask, combined from multiple XCT volumes generated with different parameter com-
binations. Since neighbouring slices within a XCT volume are nearly identical, only every
10th slice is retained to avoid over fitting and avoid redundancy. Phase effect modelling
is applied at the volume level, meaning all slices within a given volume either have phase
effects modelled or not. When splitting into training and validation sets, all slices from a
given volume are assigned to the same split, ensuring that the specific scanning parameters
of any volume appear in only one set. To match the experimental fibre dataset dimensions,
which serves as the test set in the segmentation model, all volumes are cropped in the
transversal plane from 996 x996 to 636 x636 pixels.
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5.3 Segmentation Model

For this work a simple U-NET architecture was chosen for the CNN model since this ar-
chitecture is commonly used for image segmentation purposes. Here each pixel is either
classified as either foreground (fibre) or background (air). The input for the training and
validation of this model is the synthetic datasets generated described in the previous sec-
tion, together with their respective binary masks. Each slice in the training and validation
data is normalised between 0 and 1 as part of the training.

5.3.1 Model Architecture

16 3x3 filters, ReLU Conv-
16 3x3 filters, ReLU Block
32 3xa3 filters, ReLU Conv- Conv- 32 3x3 filters, ReLU
32 3x3 filters, ReLU Block Block 32 3x3 filters, ReLU
MaxPooling
Bottleneck .
UpSampling

64 3x3 filters, ReLU = SkipConnection

1 1x1 filter, Sigmoid

Output

16 3x3 filters, ReLU

16 3x3 filters, ReLU

64 3x3 filters, ReLU

Figure 5.8: Schematic visualisation of the U-NET architecture used in this chapter.

The model follows the common encoder-decoder architecture for U-NET's with a symmetric
structure and skip connections and is displayed in Figure 5.8. The encoder progressively ex-
tracts hierarchical features using convolutional blocks combined with downsampling. Each
convolutional block in this model consists of two convolutional layers that are activated
using a rectified linear unit (ReLu) function. At the deepest level, the bottleneck performs
a convolution on a highly compressed representation of the input using a large number of
filters. This stage serves as a transition between the encoder and decoder. The decoder
reconstructs the spatial resolution of the feature maps through upsampling operations.
Each upsampling is concatenated with corresponding feature map in the encoder via skip
connections. The skip connections help maintain the finer spatial details that are otherwise
lost during the downsampling. The networks then outputs a segmentation map through a
1x1 convolutional layer with a sigmoid activation function. The sigmoid activation function
is given by

o(z) = (5.3.1)



and produces a value in the range [0,1] for each pixel. The output prediction for each image
will be a probability map where each value is the probability of that pixel belonging to the
true class (fibre). This prediction is turned binary by applying a threshold to decide the
upper limit at which probability a pixel will be considered a fibre. The optimal threshold is
found by calculating the precision (Equation 5.3.2) and recall (Equation 5.3.3) for a large
range of thresholds. Precision and recall are then used to calculate the Fl-score (Equation
5.3.4) and the threshold at which the F1-score is at its maximum is chosen as the threshold
for the entire predicted probability map.

5.3.2 Evaluation Metrics

The predicted classification of images can be evaluated by comparing the positive and
negative class distribution of the test data. These are the true positive, false positive, false
negative and true negative values for the binary classes which are explained below. These
quantifiers are important to assess whether there is a bias towards either of the classes [44].
The number of correctly classified positive samples is denoted by a true positive (T'P). The
number of pixels in an XCT slice containing a fibre is for example correctly predicted as
pixels containing a fibre. The number of incorrectly classified positive samples is denoted
by a false positive (F'P). The pixels in an XCT slice not containing a fibre is for example
falsely predicted as pixels containing a fibre. The number of incorrectly classified negative
samples is denoted by a false negative (F'N). The pixels in an XCT slice containing a fibre
is for example falsely predicted as pixels not containing a fibre.

The mentions quantifiers are used to calculate different metrics such as precision, recall and
F1-score. Precision measures the ratio between the correctly predicted pixels belonging to
the true class and the total number of pixels predicted as true, and is expressed as

Precision — ——1 (5.3.2)
reClSlOH—TP+FP. LO.

Recall measures the ratio of the correctly predicted pixels belonging to the true class and
all the pixels belonging to the true class, and is expressed as

TP
l=——. 3.
Reca TPLFN (5.3.3)

Both precision and recall are scores ranging between 0 and 1, where 1 represents a perfect
precision or recall. The harmonic mean of precision and recall is known as the F1l-score
and it penalizes extreme values of either of the two [44]. The Fl-score ranges between 0 to
1 and is expressed as

Fl—9 Recall - Precision

. 5.3.4
Recall 4 Precision ( )

where 1 represents both a perfect precision and recall score and 0 represents a zero for
either or both precision and recall.
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5.4 Results of Segmentation

5.4.1 Evaluation of Segmentation Models

The U-NET model described in Section 5.3.1 was used to train four different models.
Each model was trained on reconstructed slices from volumes generated with scanning
parameters in Table 5.1, varied to create variation in the dataset. The resulting size of
the synthetic dataset is determined by the number of XCT volumes it is based on, as each
volume contributes 99 slices. Generation of one XCT volume and corresponding ground-
truth mask took approximately 30 minutes. This means, a dataset composed from 12
volumes can be generated in 6 hours. Each model is presented with their precision, recall
and Fl-score, as well as the standard deviation for each metric, calculated for the entire
test set of 20 slices.

Model 1

This model was trained using a dataset comprised of six XCT volumes where four of them
were used for training data and two for validation. None of these volumes had been post-
processed with modelled phase effects. Model 1 generated the following metric scores:

e Precision = 0.888 =+ 0.0063
e Recall = 0.914 £ 0.0220
e F1 =0.901 £ 0.0105

The lower precision score means that the model generated more FP (red) than FN (blue).
This can be observed in Figure 5.9 where the dark phase effect around the edges of the
fibres are often predicted falsely as fibres.

GT / Prediction Overlap
Green=TP, Red=FP, Blue=FN

Absolute Error |GT - Prediction|

Figure 5.9: Input slice with respective GT/prediction overlap and absolute error for slice
8, as predicted by Model 1.
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Model 2

To evaluate the effect of increasing the amount of XCT volumes, Model 2 was trained on an
expanded dataset relative to Model 1. The dataset used to train Model two was comprised
of twelve volumes, of which eight were allocated for training and four were reserved for
validation. Similar to Model 1, this model was also excluded from being post-processed
with modelled phase effects. Model 2 generated the following metric scores:

e Precision = 0.884 + 0.0187
e Recall = 0.918 £ 0.0696
e 1 =0.901 &+ 0.0310

As seen in Figure 5.10, Model 2 also generates FP around the outskirts of the fibres. By
comparing the precision and recall, it’s clear that FP dominates slightly over FN.

GT / Prediction Overlap
Green=TP, Red=FP, Blue=FN

Absolute Error |GT - Prediction|

Figure 5.10: Input slice with respective GT /prediction overlap and absolute error for slice
8, as predicted by Model 2.

Model 3

To evaluate whether model performance could be enhanced by incorporating modelled
phase effects around the fibres in the synthetic data, a third model was developed. This
model was trained using the same dataset as Model 2, but this time all volumes in the
dataset were subjected to such post-processing. Model 3 generated the following metric
scores:

e Precision = 0.955 £+ 0.0190
e Recall = 0.940 £ 0.0785
o 1 =0.947 & 0.0517
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Model 3 showed a noticeable increase in all of the above scores. As seen in Figure 5.11,
this model showed a more accurate prediction of fibre edges than Model 1 and Model 2.

GT / Prediction Overlap

Green=TP, Red=FP. Blue=FN Absolute Error |GT - Prediction|

Figure 5.11: Input slice with respective GT /prediction overlap and absolute error for slice
19, as predicted by Model 3.

Model 4

To evaluate the effect of including more variation in the training data, this model was
trained using a dataset where only some of the samples had been post-processed to include
modelled phase effect. This model was trained using the complete set of twelve volumes,
consistent with the approach applied in Models 2 and Model 3. Within this dataset, five of
the eight training volumes and two of the four validation volumes were post-processed to
include modelled phase effects around the fibres. Model 4 generated the following metric
scores:

e Precision = 0.962 + 0.0087
e Recall = 0.949 £ 0.0104
e 'l = 0.956 £ 0.0075

As seen in Figure 5.12, Model 4 also shows a more accurate prediction of fibre edges
compared to Model 1 and Model 2.
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GT / Prediction Overlap
Green=TP, Red=FP. Blue=FN

Absolute Error |GT - Prediction|
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Figure 5.12: Input slice with respective GT/prediction overlap and absolute error for slice
19, as predicted by Model 4.

Model Comparison

The resulting precision, recall and F1-score for all the models is summarised in Table 5.2.
The difference in scores generated by Model 1 and Model 2 is negligible, with a mean F1
score of approximately 0.901 for both. A substantial increase was observed for Model 3 and
Model 4, which achieved mean F1 scores of 0.947 and 0.956 respectively. Model 4 achieved
the highest scores for all three metrics, while also exhibiting the lowest standard deviation
across slices.

Model 1 Model 2 Model 3 Model 4
Number of samples 6 12 12 12
Post-processed None None All 7/12
Value Std Value Std | Value  Std Value Std

Precision 0.888  0.0063 0.0187 | 0.955 0.0190 | 0.962" 0.0087
Recall 0.918  0.0696 | 0.940 0.0785 | 0.949 0.0104
F1-Score 0.9011 0.0105 0.0310 | 0.947 0.0517 £ 0.956"| 0.0075

Table 5.2: Comparison of precision, recall, and F1-score across the four trained models
under different datasets. The lowest and highest value for each metric is highlighted in red
and green respectively.

All four models shared a common result in that the lowest individual F'1 score was consis-
tently obtained for either the first or last slice of the test dataset, out of the total 20 slices.
These slices especially generate low recall, shown in the greater standard deviation of this
metric, meaning they struggle to find the fibres and instead classify them as air. The pre-
diction for the last slice is visualised for Model 3 in Figure 5.13, where the high amount of
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FN is seen as blue areas in the overlap. Model 4 was the exception which although it also
yielded its lowest individual slice score for these particular slices, all performance metrics
remained above 0.93. The prediction of slice 20 as predicted by Model 4 can be seen in
Figure 5.14.

GT / Prediction Overlap
Input Green=TP. Red=FF Blue=FN

Absolute Error |GT - Prediction|

e
LI

Figure 5.13: Input slice with respective GT /prediction overlap and absolute error for slice
20, as predicted by Model 3.

GT / Prediction Overlap

Green=TP, Red=FP, Blue=FN Absolute Error |GT - Prediction|

Figure 5.14: Input slice with respective GT /prediction overlap and absolute error for slice
20, as predicted by Model 4.

5.4.2 Comparison to Threshold Segmentation

To enable comparison with the trained CNN models, a baseline segmentation was per-
formed using Otsu thresholding. The resulting metric scores are presented bellow:

e Precision = 0.9940 £ 0.0180

51



e Recall = 0.7779 £ 0.0143
e F'1 Score = 0.8728 £ 0.0129

It is clear that all trained CNN models achieve higher Recall and F1 score. However,
the thresholding model achieves the highest precision, which can be explained by the low
amount of FP, meaning that almost all predicted fibre voxels are fibre. The model however
struggles to predict the interior of the fibre including the lumen, visualised in Figure 5.15.

GT / Prediction Overlap
Green=TP. Red=FP Blue=FN

Absolute Error |GT - Prediction|

Figure 5.15: Input slice with respective GT/prediction overlap and absolute error for slice
17, as generated by threshold segmentation.

5.5 Discussion

5.5.1 Segmentation Models

One surprising result was that the CNN segmentation model did not improve when training
on a synthetic dataset combined from 12 compared to 6 generated XCT volumes, as no
significant difference in segmentation metrics was observed between Model 1 and Model 2.
This suggests that these first 6 volumes generalise sufficiently to the experimental data,
and that generating additional volumes did not provide further useful information to the
model. It can be observed in Figure 5.9 and Figure 5.10 that both these models struggled
with accurate edge detection, where the dark phase effect outside the fibres are mistakenly
predicted as fibres.

It is clear that adding post-processed phase had a positive effect for the model, demon-
strated in an increase in all segmentation metrics for Model 3. As seen in Figure 5.11, the
prediction by Model 3 contains noticeable less false positives around the outskirts of the
experimental fibres, which is also reflected by the increase in F1-score. However, the results
suggest that greater variation in the synthetic training dataset is favourable, demonstrated
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by Model 4 achieving the highest segmentation metrics overall, where the training data
combined slices with and without post-processed phase edges.

The key difference between Model 3 and Model 4 is reflected in the standard deviation of
their scores. Model 3 exhibited greater variable performance across slices, which was at-
tributed to poor predictions on the first and last slices of the test dataset. These boundary
slices correspond to the the first and last slice in the raw experimental fibre dataset, which
are known to exhibit different properties than the rest of the volume due to difficulties re-
constructing accurate intensities at greater angles of the cone beam. As the modelled phase
edges are defined relative to the local intensity distribution of each slice, the post-processing
homogenises the intensity distribution across slices, reducing the overall intensity variation
in the synthetic dataset. The lack of exposure to intensity variations during training could
explain the poor predictions of Model 3 on the first and last slice of the test dataset, the
latter displayed in Figure 5.13. Model 4, by contrast, retained greater intensity varia-
tion through its mix of post-processed and unprocessed volumes, and was therefore more
robust to the boundary slices, as seen in Figure 5.14. One suggestion for improving the
phase effect modelling in this aspect could be to vary the scaling factors of the phase edges.

The overall results of this experiment demonstrate that a CNN segmentation model trained
on solely synthetic computed tomography datasets can segment an experimental dataset
to a high degree of accuracy, demonstrated by a mean F1 score of 0.95 for the best model.
The experimental fibre dataset of this work is not particularity difficult to segment, and
even a simple threshold segmentation model obtains relatively good result, with a mean
F1 score of 0.87. The CNN models still outperform thresholding by capturing the full fibre
structure, including the fibre interior, which is reflected in the higher recall score of 0.95
compared to 0.78. It was demonstrated that the Otsu threshold model struggles to capture
the centre of the fibres, likely because the threshold is biased by the bright phase contrast
fringe at the fibre boundary. Lowering the threshold would recover the fibre interior but
would risk misclassifying background as fibre.

5.5.2 Limitations

One of the main limitations of the developed model is the is the restricted number of fibre
meshes available as input to the simulation. With only 10 meshes available, the geometric
variation within the simulated dataset is limited, which could affect the models ability to
generalise to fibres with other shapes. In this work, this was addressed by varying the posi-
tions and orientations of fibres across volumes, and the results suggest that the model can
segment all fibre types present in the experimental fibre dataset. However, it is important
to note that the meshes were segmented from the same experimental dataset used for eval-
uation, introducing a degree of geometric dependency between the training and test data.
A stronger evaluation would use fibre meshes sourced independently of the test dataset.
Expanding the model to more complex fibre networks would require a larger mesh library.
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These meshes were produced through manual segmentation, an approach that does not
scale well, and an automated mesh generation would therefore be necessary.

Another limitation concerns the physics of the simulation, as gVXR is solely attenuation-
based. By varying scanning parameters, different imaging conditions can be reflected, but
effects from scattering and phase contrast cannot be simulated directly. In this work, phase
contrast effects were approximated through a post-processing step, which proved effective
for segmenting the experimental cotton fibre dataset. However, we are concerned this ap-
proach might become more complex when applied to denser fibre networks with overlapping
fibres in several directions, such as in paperboard. It should be noted that models trained
without phase effects could still segment the fibres, but with less generalisation to the fibre
edges, as demonstrated by Model 1 and Model 2. This suggests that attenuation-based
simulation alone may be sufficient for segmentation, though whether this holds for more
complex fibre structures would need to be further evaluated.

5.5.3 Future Work

The work described in this chapter also shows a lot of promise for future experiments which
could not be performed due to time constraints. Three main future work approaches have
been identified with the overall goal to of combing them into a single approach.

Volumetric Segmentation

This work focused on the segmentation of fibres in individual slices of a volumetric dataset.
A natural extension of this work is to perform segmentation at the volumetric level. This
would involve using synthetic XCT volumes as training and validation data, while experi-
mental volumes would be employed for testing.

Multi-class Segmentation of Fibres

Another area of interest is the segmentation of individual fibres. This is a complex prob-
lem, largely limited by the availability of sufficiently labelled datasets for training. The
results of this work demonstrate that synthetic XCT data can be effectively used for binary
segmentation. Extending this approach to incorporate multi-class labelling in the synthetic
data could therefore represent a promising step toward enabling accurate segmentation of
individual fibres.

Segmentation of Synthetic Paperboard Fibres

The work in this chapter focuses on segmenting fibres from XCT data of a cotton thread.
As mentioned, this is a simplified problem to a much more complex one, which is to segment
fibres from XCT data of paperboard. The fibres in paperboard are not as unidirectional
as the fibres in a cotton thread, which all follow the same direction in a twinned manner.
Extending this approach to paperboard would not only require the generation of synthetic
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XCT data, but also the creation of realistic synthetic fibre structures to serve as input for
the simulations. Recently, a synthetic paperboard dataset developed by Morgan Gortz et
al. [45] has been made available, consisting entirely of individually generated synthetic
fibres. Integrating such datasets with XCT simulation frameworks would enable further
investigation into the use of fully synthetic data, both in terms of geometry and imaging,
for training deep learning models in fibre segmentation tasks.
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Chapter 6

Conclusions

The work in this thesis has focused on two distinct parts with their own objectives: devel-
oping a virtual representation of an XCT scanner and generating labelled synthetic training
data for deep learning-based fibre segmentation.

In the first part, a virtual representation of the Nanotom XCT scanner located at Tetra
Pak was developed using the open-source framework gVXR. The workflow included de-
signing an optimisation method to find the unknown internal parameters of the Nanotom
XCT scanner. By using a sample with known composition, different parameters were tried
iteratively to match experimentally acquired data as best as possible. The post-optimised
virtual representation produces radiographs where the intensity values strongly overlap
with the experimental equivalent, producing an average HI value of 0.824 and a RMSE of
0.0123 for the full acquisition while the non-optimised projection produced an HI of 0.541
and a RMSE of 0.135. The offsets in intensity values are thought to be related to uncer-
tainties in correct modelling of the chemical composition and properties of the virtually
scanned LEGO Minifigure. Even though promising results are exhibited, the extent of
the virtual representation’s accuracy still remains inconclusive due to only performing one
evaluation experiment, which covers a specific resolution with specific acquisition settings.
The specific acquisition settings and the fact that only one projection angle was used in
the optimisation procedure are limitations of this work, which creates uncertainties in the
found XCT parameters and their compatibility with other acquisition settings.

In the second part, the simulation model developed in the first part was used to generate
labelled synthetic XCT data of cotton thread fibres to train a convolutional neural network
for binary segmentation of experimental XCT data. The workflow developed to generate
the synthetic XC'T data of fibres included varying the simulation parameters to generate
diverse datasets, as well as a post-processing step to add a modelled phase effect around the
fibres in the simulated XCT slices. A U-NET architecture was used for the CNN models,
which trained on synthetic XCT data produced accurate segmentation results. The best
performing model produced an F1-score of 0.956, where a perfect and worst score possible
is 1 and 0 respectively. Overall, it was clear from the increase in Fl-score by Model 3

o6



compared to Model 2 (see Table 5.2) that adding the post-processing step of modelled
phase effects to the fibres improved the segmentation models ability to detect edges ac-
curately. The best segmentation model was the one containing the most variation in the
training dataset (see Table 5.2). Besides the variation of simulation parameters, whether
the modelled phase effect around the fibre edges was added or not also varied in the train-
ing data for this model. The limitations of this work include the access to accurate fibre
meshes to generate simulations with, as well as the simulation’s inability to generate phase
contrast in images. This introduces the need for incorporating modelled phase effects as a
post-processing step.

Due to time constraints, there still remains details to explore within both parts of this
work. To determine the general accuracy of the virtual representation, further evaluation
tests where the acquisition settings are varied would be required. This would also most
likely introduce the need for a more developed optimisation method that takes multiple
acquisition settings, angles and resolutions into account. The segmentation of fibres, al-
though successful, was a rather simple problem of binary segmentation of 2D images as
a proof of concept for using synthetic XCT data in deep learning. The future work is to
segment individual fibres with multi-class segmentation in 3D volumes, as well as doing
this for paperboard fibres, which are more complex and challenging than cotton thread
fibres.
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Appendix

A Optimisation

Scintillator materials available in gVirtualXray:

o (sl

o CAWO,

o Y503

o GdyO4

e (Y,Gd),03
o GdyOs5

e GdyO5S DRZ-Plus
e Nal

e La,HfO;

e Gd3Gas0Oq,
o Y3Al;049
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