Advancing learned algorithms
for 2D X-ray computed tomography

Maximilian B. Kiss







Advancing learned algorithms
for 2D X-ray computed tomography

Proefschrift

ter verkrijging van
de graad van doctor aan de Universiteit Leiden,
op gezag van rector magnificus prof. dr. ir. H. Bijl,
volgens besluit van het college voor promoties
te verdedigen op vrijdag 7 november 2025
klokke 13.00 uur

door
Maximilian Benjamin Kiss

geboren te Regensburg, Duitsland
in 1995



Promotores:
Prof.dr. K. J. Batenburg
Prof.dr. T. van Leeuwen

Co-promotor:
Dr. F. Lucka

Promotiecommissie:

Prof.dr. M. M. Bonsangue

Prof.dr.ir. F. J. Verbeek

Prof.dr. C. Brune (Universiteit Twente)

Prof.dr. A. Hauptmann (University of Oulu)
Prof.dr. C.-B. Schonlieb (University of Cambridge)

The research presented in this dissertation was carried out at the Centrum Wiskunde &
Informatica (CWI) in Amsterdam and in collaboration with the Cambridge Image
Analysis (CIA) group at the Department for Applied Mathematics and Theoretical
Physics (DAMTP) of the University of Cambridge (chapters 5 and 6).

Financial support was provided by the Dutch Research Council (NWO), project
number OCENW.KLEIN.285. The FleX-ray Laboratory is supported by the Dutch
Research Council, project number 639.073.506.

Cover design by Paul van Laar and Johannes Krauf.
Printing by Ridderprint.
(©) 2025 Maximilian B. Kiss






Contents

1 Introduction 1
1.1 Computed tomography . . . . . . . . ... .. ... ... ... ... . 1
1.1.1 Generalintroduction . . . . . . ... ... ... ... ... 1

1.1.2 Tomographic reconstruction as an ill-posed inverse problem .. 3

1.2 Challenges for computed tomography . . . . . ... ... ... .. ... 5
1.2.1 Objects . . . . . . . e 5
1.2.2 Imaging . . . . . . . . . . . 5

1.3 Machinelearning . . . . . . . . .. ... 12

1.4 Machine learning for computed tomography . . . . . . ... ... ... 15

1.5 Research questions . . . . . . . ... ... .. ... . ... ... . 18

2 Tailoring CT Acquisitions in the FleX-ray Lab 25

2.1 Functionalities of the FleX-ray scanner . . . . ... .. .. ... .... 25

2.2 Extensions to the FleX-ray scanner . . .. ... ... .......... 26
2.2.1 Samplestagedisks . . . . ... ... ... ... ... L. 26
2.2.2 Sample stagecylinders . . . . . .. ... ... ... ... 27
2.2.3 Beamfiltration . . . .. ... ... ... 30

2.3 Guideline for choosing suitable acquisition parameters . . . . ... .. 33

3 Beam filtration for object-tailored X-ray CT of multi-material cultural

heritage objects 37
3.1 Background . . . . ... ... 40
3.1.1 Polychromatic X-ray spectrum and metal artifacts . . . . . . . . 40
3.1.2 Contrast between materials . . . . ... ... ... ... .... 41
3.1.3 Noise and detector saturation . . . . . . ... ... ....... 41
3.2 Methods . . . . .. . . .. ... 42
3.2.1 Concept of beam filtration . . . . . . ... ... ......... 42
3.2.2 Hard-andsoftware . . . . . . ... ... ... .. ... .... 43
3.3 Experimentsandresults . . . ... ... ... ... ... ... 45
3.3.1 Thecasestudies . ... .. ... ... ... ... . ....... 46
3.3.2 General concept of steps for an object-tailored CT scan . . . . . 56

3.4 Discussion and conclusion . . . . . . . . ... 57



4 2DeteCT - A large 2D expandable, trainable, experimental Computed

Tomography dataset for machine learning 61
4.1 Methods . . . . . . . 64
4.1.1 X-ray computed tomography scanner . . . . ... ... ... .. 64
4.1.2 Experimentaldesign . . ... ... ... ... ... .. ..... 64
4.1.3 Dataacquisition . . . . . .. .. ... e 71
4.1.4 Computational processing . . . . . . .. ... ... ... ... . 72
4.2 DatarecordS. . . . . . ... 76
4.3 Technical validation . . . ... ... ... ... .. ... ... ... 77
4.4 UsageNOtes . . . . . . . . o v it 77
4.4.1 Rawprojectiondata . . ... ... ... ... ... ..., 77
4.4.2 Reconstructions and segmentations . . . . . . ... ... .. .. 77
4.4.3 Expansion possibilities . . . . . ... ... o 0oL 77
4.4.4 Furtherusage . . . . . . . . .. .. ... 78
4.5 Codeavailability . . . .. ... ... .. 78
5 Learned denoising with simulated and experimental low-dose CT data 81
5.1 Methods . . . . . . . 83
5.1.1 Relatedwork . . . ... ... ... ... ... ... 83
5.1.2 Noise simulation . . .. ... ... ... ............. 84
5.1.3 Trainingdata . . . ... ... ... ... ... 86
5.1.4 Method development. . . . . .. ... ... ... ........ 89
5.1.5 Comparison metrics . . . . . . . .. ..o 89
5.1.6 Computational experiments . . . . . . .. ... ... ...... 90
5.2 Resultsand discussion . . . . ... ... ... ... ... L. 91
5.2.1 Empirical selection of noiselevel . . . . ... ... ... ... .. 91
5.2.2 Sinogramdenoising . . . ... ... ... ... ... ... .. 92
5.2.3 Optimization in the reconstruction domain: mapping directly
from Sinogram to Reconstruction . . . . . . .. ... ...... 96
5.3 Discussion and conclusions . . . . . ... ... ... ... ... 96
5.4 Codeavailability . . . . ... ... ... ... o 99
6 Benchmarking Learned Algorithms for Computed Tomography Image
Reconstruction Tasks 101
6.1 Relatedwork . . . ... .. ... .. ... 103
6.2 Data-driven CT reconstruction . . . . . . . . . .. .. .. ... ..... 104
6.2.1 Tomographic reconstruction as a linear inverse problem . . . . 104
6.2.2 Data-driven methods for tomographic reconstruction . . . . . . 105
6.3 Benchmarkdesign . ... ....... ... ... ... ... . 107
6.3.1 CT Image reconstructiontasks . . . . . . ... ... ... .... 109
6.3.2 Pipeline . . ... ... 110
6.3.3 Performancemetrics . . . . ... ... ... ... 111
6.4 Numerical experiments . . . . . . . .. ... ... L 112
6.4.1 Pre-processing . . . . . . . . . ... 112

6.4.2 Evaluated methods . . . . . . . . . . . ... ... ... .. ... 112



6.4.3 Trainingdetails . . . . . ... ... ... ... ... ... ... 115

6.5 Resultsand discussion . . . . . . ... ... 117
6.5.1 Relevance and difficulty of CT image reconstruction tasks . . . 117

6.5.2 Quantitative and qualitative analysis of the evaluated methods 123

6.5.3 Limitations and broader impact . . . . . .. ... ... ... .. 124

6.5.4 Code and data availability . . . . . ... ... ... ... ... 126

6.6 Conclusion . . ... . . ... ... 126

7 Conclusion and outlook 129
7.1 Contributions and limitations . . . . . .. ... ... ... ....... 129
7.2 Outlook . . . .. .. .. 132
Bibliography 135
List of publications 155
Samenvatting 157
Curriculum Vitae 165

Acknowledgements 167









1

Introduction

The contents of this thesis revolve around four general topics that will be introduced in
the following: the technique of computed tomography (CT), the challenges associated
with acquiring CT scans, the possibilities to tailor this acquisition, and the use of
machine learning for CT reconstruction. In the first section of this introduction the
technique of computed tomography is introduced as well as its application areas and
mathematical background. Furthermore, important concepts and technical terms
needed for the rest of this thesis will be explained. In the second section, challenges
for computed tomography imposed by either the objects to be scanned or by the
circumstance of the imaging process are discussed. In the third section, the possibilities
to tailor CT acquisitions to overcome these challenges are presented. In particular, the
functionalities of the FleX-ray scanner at the Centrum Wiskunde & Informatica and
the extensions introduced to it in the course of this PhD thesis. In the fourth section,
the field of machine learning is generally introduced and the importance and role of
open-access datasets are discussed. In the two remaining sections of this introduction,
research at the intersection of the first two areas, computed tomography and machine
learning, is presented and the research questions of this thesis are introduced.

1.1 Computed tomography

1.1.1 General introduction

Computed tomography is a non-invasive X-ray absorption contrast technique that
has been used in a range of fields, including medicine, materials science, the food
industry, and the manufacturing industry. While in the medical sector the geometry
and acquisition protocols of state-of-the-art CT scanners have been optimized to the
general characteristics of a patient’s body, the other fields commonly utilize more
versatile laboratory equipment called micro-CT scanners [83] (cf. Figure 1.1).
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Figure 1.1: Comparison of a medical CT scanner (on the left, photo credit [44]) and a laboratory
micro-CT scanner (on the right).

Basic operating principles of micro-CT scanners The setup of such a micro-CT scan-
ner typically consists of an X-ray source, a detector and a rotation stage on which the
object under investigation is mounted. Usually, these components can be adjusted
individually and enable not only changing the acquisition geometry but also parame-
ters such as the tube voltage, the number of projections, or the exposure time. To
acquire a single X-ray image, also called radiograph or projection, X-rays are projected
onto the detector, with the object in between. Part of the radiation is attenuated
by the object, based on the properties of the material. The resulting image on the
detector is a composite projection of the various materials encountered along the path
of the X-rays. For a CT scan, the object is usually rotated by 360°, while images
are taken at small angular intervals. In many micro-CT scanners the X-ray beam is
cone-shaped and the detector is a two-dimensional array of pixels. The resulting data
of the CT acquisition in such a cone-beam CT scanner therefore is a large number of
2D X-ray projections from the full angular range. In a simplified version, the X-ray
beam is fan-shaped or only the middle detector line of a cone-beam CT setup is used.
This way only 1D line projections are acquired over the full angular range. This
large number of line projections can be combined into a 2D image, a so-called sinogram.

From measurement to reconstruction To get from these X-ray projections or sino-
grams to cross-sectional images computer algorithms are then applied to this data
to obtain a so-called CT reconstruction. This is a 3D representation of the interior
of the object, a gray-scale map where the pixel/CT values represent the relative
densities of materials in the object. This 3D image can be viewed, for example, as a
stack of 2D images, called slices, which show a virtual cut through the object [79].
The CT reconstructions from 2D sinograms can be interpreted straightforward as a
cross-sectional image, a 2D representation of the intersection of the fan-beam and the
scanned object (cf. Figure 1.2).

Physically, each of the projections represents the cumulative X-ray attenuation along
straight lines through the sample, which can be mathematically expressed as a line



1.1. COMPUTED TOMOGRAPHY 3

ws, 0%,
& .
Q. o @ o
.86
L}
L) Y e
® L0
¢ set of 1D line projections /
sinogram
X-ray source :
2D X-ray projections
(red = 1D line projection)
scanning object / reconstructed slice
sample tube (cross-sectional image)

Figure 1.2: Basic terminology of (2D) Computed Tomography.

integral. Given an angle and position, the initial intensity Iy of the X-rays at the
source undergoes absorption along this line [ determined by the material dependent
coefficients u(z) and reaches the detector with an intensity I(¢) = Iyele ~#(2)d= g¢-
cording to Beer-Lambert’s law [79]. In principle, this is a simplified version assuming
that all X-rays have the same photon energy. However, micro-CT scanners commonly
operate with polychromatic X-ray spectra. This means that the X-rays emitted from
the X-ray source have multiple photon energies. To accurately describe the physical
process with respect to the Beer-Lambert’s law, an energy-dependent non-linear
integral model would be necessary: 1(£) = Io(E)ele ~#(F:2)d2qF [66]. Usually, this
energy-dependence is neglected though and an effective absorption coefficient i (2)
is assumed for the CT reconstruction which creates image artifacts. These can be
either mitigated through pre-processing the projection data or by physically filtering
out parts of the X-ray spectrum as described in the section "Beam filtration".

Another common practice to pre-process the projection data, consisting of raw photon
counts per detector pixel, is the so-called dark- and flat-field correction. The dark-fields
represent the offset counts of the detector system and the flat-fields are the values
measured when irradiating the detector without an object present between the X-ray
source and the detector. These two additional measurements are usually acquired
before and /or after the acquisition of the 360°projections and used to remove the dark
currents of the detector and to normalize its pixel-dependent sensitivities.

1.1.2 Tomographic reconstruction as an ill-posed inverse problem

The tomographic reconstruction problem in 2D is an inverse problem which means
it involves deducing an unknown quantity from observable measurements. It can be
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described as an image recovery problem given some measurements after application
of the Radon transform [163, 164] as y(¢) = ,x(z)dz,£ € L, where L represents the
lines in R? from the X-ray source to each detector element, defined by the scanner
geometry and rotation. To compute the CT reconstruction the continuous Radon
transform must be discretized, i.e. both the continuous function and the integral
operations are approximated leading to a discrete version of the problem, which can
be expressed as:

Az =y+eé (1.1)

where A represents the so-called forward operator which encapsulates the integral
computations over these lines. Here, A is a matrix where each row corresponds to a line
integral over the pixel grid of the object. In this context, x is a vector representing the
pixel values of the image, y is a vector representing the measured sinogram values, and
€ accounts for the noise or error, which may arise from the measurements themselves
or from the linearization of the forward operator.

Since the Radon transform specifies through the process of projection how an image
is mapped to a sinogram, an intuitive attempt in inverting this process, i.e. to recover
an image from its sinogram, is to perform a back-projection. But this is not the
true inverse of the Radon transform, it is only its formal adjoint. Using the Fourier
slice theorem one can obtain an inverse by first filtering the projection data and
then back-projecting it [79]. This simple reconstruction method is called Filtered
Back-Projection and was first introduced by Bracewell and Riddle [28] for astronomy
and rediscovered for electron tomography by Ramachandran and Lakshminarayanan
[165].

According to Hadamard’s criteria the tomographic reconstruction problem in Equa-
tion 1.1 is ill-posed, mainly because of the instability of the solution. The severity of
the inverse problem depends on whether the stability of the inverse problem can be
established. For tomography problems, when measurements are taken well-sampled
from all angles around an object, the problem is usually only mildly ill-posed. Con-
versely, in limited-data scenarios where measurements are restricted to a specific
angular range or are badly-sampled it becomes severely ill-posed [79].

To solve the inverse problem in Equation 1.1 in a robust manner, a variational regu-
larization approach [55, 176] can be employed. The reconstruction is defined by the
following minimization problem:

& = argminD(y, Az) + R(x), (1.2)

where D measures the data fidelity between the measurement and the reconstructed
image (most commonly the L2-distance in CT) and R is a regularization function
that promotes images of desired properties. The fidelity term D is usually chosen
according to the noise distribution, and a good choice of regularizer R is important for
achieving accurate results. Traditionally, regularization functionals were hand-crafted
to encourage the reconstruction x to have structures known to be realistic.
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In practice, Equation 1.2 is then solved using iterative optimization schemes, and the
quality of the reconstructions depends heavily on the choice of R. Many methods have
been proposed in the optimization literature to solve Equation 1.2, given particular
choices of D and R, which are oftentimes assumed to be convex. In certain cases,
these methods result in better reconstructions compared to the standard filtered
backprojection (FBP) [59, 150], when appropriate functions and parameters are
chosen.

While convexity of R may be analytically desirable to provide efficient optimization
schemes with various guarantees, in practice, reconstruction quality is significantly
enhanced for non-convex regularizers. This, however, comes at a cost: finding global
minima becomes impossible in general and sometimes even finding stationary points
cannot be guaranteed [182].

1.2 Challenges for computed tomography

Acquiring a CT scan of an object can be a challenging task. Although micro-CT
scanners offer many degrees of freedom in adjusting, for example, the geometry or the
acquisition parameters such as the tube voltage, tube current, or exposure time, they
usually have restrictions in the size of the objects that they can image. This can be
caused, e.g. by the limited dimensions of the scanning cabinet, the rotation stage that
can only host objects of a certain weight or size, or the detector’s dimensions that
limit the flexibility of the acquisition geometry or object size. Two principal sources
for the challenges of acquiring a CT scan, therefore, are usually either the object itself
or the imaging circumstances.

1.2.1 Objects

The objects scanned with CT imaging can be as diverse as the areas of applications the
technique has been used in. The objects exhibit not only different atomic compositions
and densities but also vary in their size. They show features of multiple scales and
also the object’s thickness can range from a few millimeters to tens of centimeters.
This multi-material and multi-scale nature of scanning objects presents challenges for
CT imaging that can lead to reduced image quality and errors in the perception or
representation of information called image artifacts. These image artifacts (cf. Figure
1.3) can inhibit effective reconstruction and visualization of the acquired data but also
limit the information or disrupt its interpretation. The challenges are, for example,
due to areas with metals or other very dense materials, or due to the sizes of the
objects and their respective areas of interest requiring partial or tiled CT scans.

1.2.2 Imaging

One of the first considerations when designing a CT scan usually is the desired scanning
resolution, a concept that encompasses a range of interpretations. Its definition can
vary based on whether it is defined in terms of the optics of the system — referring
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Figure 1.3: Image artifacts in CT imaging of various multi-material and multi-scale objects. From
left to right: a velvet knife holder with gold and silver embroidery causing metal artifacts; a cardboard
tube filled with dried fruits and nuts, coffee powder, and lava stones causing beam hardening artifacts,
a purse adorned with a drawstring of braided gold thread with silver core causing metal artifacts.

to the minimum size of features that can be distinguished — or in terms of pixel
size, which relates to the inherent resolution of the imaging detector. In this work,
we will consider resolution as the physical length within the scanned object that is
resolved by one detector pixel. For micro-CT scanning, this length is usually in the
range of micrometers. For example, for a scan with 60 pm resolution, features of the
object that have a size of one pixel are 60 pm big. But if the size of the object is
too big to realize the desired resolution, one experiences geometric constraints. They
result in so-called limited-view artifacts which are caused by a practical inability
to measure all the projection data that theoretically would be needed to obtain a
complete dataset. These artifacts can also appear in region-of-interest (ROI) scans
where one is only interested in a certain region of the object and not the whole object
is fitted on the detector. Since for certain projections parts of the objects are visible
on the detector but for other projections they are not, this leads to artifacts within
the reconstructions.

Artifacts can also occur for cone-beam CT scans when the object is moved very close
to the source. This results in a high beam angle at the upper and lower edge of
the field-of-view and the reconstructions show streaks at the boundaries of materials
near the edge of the detector. This problem can also occur when one conducts a
tiled scan for a big object at a larger source-to-object distance (SOD). For such a
tiled scan the detector is placed at multiple positions behind the object at the same
source-to-detector-distance (SDD) for the acquisition of the projections during a
full rotation. This is done to virtually create a bigger detector to cover the whole
object and is possible in both horizontal and vertical direction. Usually, the multiple
projections are stitched together and the reconstructions are computed with the
virtually extended detector. For these reconstructions of a circular-orbit cone-beam
geometry, an FBP-type reconstruction technique called FDK (Feldkamp-Davis-Kress)
[59] can be used. In the case of vertical tiling, one can also move both source and
detector and stitch together the reconstructed volumes. For horizontal tiling, however,
moving both source and detector necessitates an iterative solver for the reconstruction
(cf. Figure 1.4).
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Figure 1.4: Schematic representation of a CT setup illustrating two options for tiling with different

magnification factors %? left: vertical tiling with multiple source and detector positions; right:

tiling with fixed source position and multiple detector positions to virtually create a bigger detector
(adopted from [23]).

Generally speaking, acquiring CT images is a finite measurement. In an ideal setting,
we would have continuous information and optimal signal from all angles, but this
is not always the case. In fact, we are limited by the nature of the measurement
process and introduce artifacts to our X-ray projections and reconstructions by that.
These occur due to the ill-posedness of the inverse problem which is getting stronger
with badly-sampled measurement data as described in section 1.1.2. Subsequently, we
introduce different causes for a suboptimal measurement process:

Limited-angle

Another cause for limited-view artifacts are limited-angle scans. They become relevant,
for example, when the object cannot be fully rotated within the scanner cabinet which
could be the case for e.g. big paintings. Because the rotation of the object is limited,
projections from different angles are not available and undersampling artifacts occur
within the reconstruction. When limiting the angular range for fan-beam CT scans
to e.g. 180° or less, the missing information causes visible image artifacts such as
streaking, elongation, ghost tail, and missing boundaries. In the following overview (cf.
Figure 1.5), we present the artifacts occurring in an FBP reconstruction of projection
data with limited angles of 180°, 150°, 120°, 90°, or 60° and show the corresponding
fully sampled FBP reconstruction. FBP reconstruction of projection data from a
limited angle 60° are already dominated by artifacts and a further sub-sampling is
omitted. Generally, the difficulty of a limited-angle reconstruction increases with
decreasing available angular range.

Sparse-angle

Next to limited-angle artifacts there are also so-called under-sampling errors [89].
When taking a CT scan of an object, a sampling process takes place in both the
number of pixels the object covers on the detector and the number of angles from
which projections are taken. The number of projections and their angular distribution
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Figure 1.5: From top to bottom, left to right: FBP reconstructions of a limited-angle CT acquisition
based on projection data with a limited angle of 180°, 150°, 120°, 90°, or 60° and a fully sampled
CT acquisition.
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plays an important role, particularly for calculating the reconstruction. Ideally, mea-
surements are available continuously around 360 degrees and earlier research showed
though that with the Nyquist-Shannon theorem one is able to determine the minimal
number of projection angles to yield an unique reconstruction. Applied to the field
of computed tomography, the theorem yields a relationship between the number of
scanned points S in one projection line and the number of necessary projections P:
P > 7.5 [94]. These projections have to be equally distributed around 360 degrees.

For the experimental setup of the 2DeteCT dataset presented in chapter 4 a minimal
number of ~ 3,000 projections is required for sufficient sampling. Noticeable differ-
ences, however, only occur for under-sampling by factors of five or more. We tested
specifically under-samplings based on 720, 360, 120, 90, and 60 projections and show
the severity of the artifacts in Figure 1.6. The difficulty of sparse-angle reconstruction
increases with decreasing number of available projections.

Low-dose

Another origin for artifacts caused by finite measurement is related to the average
photon fluence and the signal of the attenuated photons in the detector. The average
fluence, defined as the product of flux and exposure time, is inherently constrained
by factors such as radiation safety limits and practical time restrictions. These
limitations becomes particularly significant when considering the quantum nature of
photons, which results in a discrete number of detected photons that exhibit random
fluctuations proportional to the average fluence. Consequently, in scenarios with low
photon counts, the signal-to-noise ratio (SNR) tends to be low, making it challenging
to discern meaningful signals from background noise. Additionally, when digitizing
these signals, considerations regarding dynamic range become crucial. For a good
measurement all detector pixels should measure some photons and should not measure
close to full capacity. For the measurement of the photons, we are limited by the
number of counts the computer system is able to store. Usually, this is given by the
bit-length which limits the measurement to e.g. the range of 0 and 65,535 for a 16-bit
unsigned integer. For a signal that would cause higher counts the detector saturates in
the projection images and this yields artifacts in the reconstructions. But also at the
small end of the count range one can run into problems. If the measured signal from
the attenuated photons yields counts that are in the range of the offset counts (“dark
currents”) of the detector, the pre-processing of the data can involve negative values
or divisions by zero which generate artifacts as well. Furthermore, a low detector
signal creates noisy projection images and subsequently noisy reconstructions.

In medical imaging, a low-dose setting is typically chosen to achieve images of adequate
quality for clinical purposes while minimizing radiation dose to the patient. The
“tube current"-“exposure time” products usually range from 50 to 400 mAs in clinical
practice. For the 2DeteCT dataset presented in chapter 4 the high-dose acquisition has
a “tube current”™“exposure time” product of 18.0 mAs, while the low-dose acquisition
has a product of 0.6 mAs. The low-dose setting presented in Figure 1.7 uses a 1/30
tube current compared to the high-dose setting next to it which has been optimized
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Figure 1.6: From top to bottom, left to right: FBP reconstructions of a sparse-angle CT acquisition
based on 720, 360, 180, 120, 90, and 60 projections and a fully sampled CT acquisition.
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Figure 1.7: From left to right: FBP reconstruction of a high-dose and low-dose CT acquisition.

for the best image quality. The figure shows what artifacts are introduced by such a
CT acquisition.

Beam-hardening and photon starvation

The standard computational models used in CT imaging rely on the assumption
that the X-ray beam is monochromatic, assigning a single attenuation coefficient
to each material. But this is not the case for common micro-CT scanners. In fact,
the beam emitted from their X-ray sources usually provides a spectrum of photon
energies. This spectrum shows a continuous distribution of photon energies composed
of bremsstrahlung photons and discrete lines of characteristic radiation, which are
dependent on the target material used within the X-ray tube. The low-energy photons
within the beam are preferentially absorbed by the scanning object, which causes the
beam spectrum to shift to higher energies as it passes through more and more material.
The beam becomes progressively "harder" (increased average photon energy) and this
changes the effective absorption coefficient fior¢ [158]. Therefore, the polychromatic
nature of the X-ray beam leads to an error in the attenuation coefficients and the linear
relationship between them and the material thickness. This is called beam-hardening
and causes a variety of artifacts in images [35]. Two easily visible signs of these
beam-hardening artifacts are cupping and streaking. When objects in the scanning
sample appear brighter at the edges than at the center this is called a cupping artifact.
Furthermore, beam-hardening can also create streaking artifacts which are displayed
as dark and light streaks around very attenuating structures. A more severe effect
related to the high attenuation of particular objects in the CT scanner is the so-called
photon starvation which refers to the fact that the density of a material is so high
that for an X-ray beam in a given direction the number of photons that penetrate
the material is so low that it falls within the range of dark current fluctuations.
With such a low measurement signal the reconstruction algorithm fails and creates
star-like streaks originating in the highly dense structure. These image artifacts due
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to beam-hardening can be minimized by so-called beam filtration, the placement of
materials into the X-ray beam. With this the X-ray spectrum can be modified and
its low-energy portion reduced, which is commonly referred to as "pre-hardening the
beam". It shifts the mean photon energy towards higher energies and narrows the
standard beam spectrum for CT imaging. In Figure 1.8, we show the beam spectra
and reconstructions of two corresponding CT acquisitions: one uses an unfiltered
beam spectrum emitted from an X-ray source operated with 60kV and 60W whereas
the other uses a filtered beam spectrum (Thoraeus filter: Sn 0.1lmm, Cu 0.2mm, Al
0.5mm) from an X-ray source operated with 90kV and 90W.

Beam spectra for a tungsten target X-ray source

0054~ 90KV - No added filtration
: 60kV - No added filtration

- —— 90kV - Thoraeus filter: Sn 0.1mm, Cu 0.2mm, Al 0.5mm
c
3 0.04 4
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Figure 1.8: From left to right: FBP reconstruction of a filtered and an unfiltered CT acquisition

exhibiting beam-hardening artifacts and the corresponding beam spectra (green and orange) simulated
with the TASMIP software [22].

1.3 Machine learning

Artificial intelligence (AI) is the branch of computer science that focuses on creating
systems capable of performing tasks that typically require human intelligence, such as
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understanding language, recognizing patterns, and making decisions. Machine learning
(ML), a sub-field of AI, focuses on the development of algorithms that allow computers
to learn from and make predictions based on data [56]. In addition to computer
science, which develops these new algorithms, a wide range of natural sciences has
also exhibited a strong research interest in utilizing ML to enhance their respective
fields.

Although ML has been already defined in 1959 by Arthur Samuel [175], a more modern
but still general definition was given by Tom Mitchell: "A computer program is said to
learn from experience E with respect to some class of tasks T and performance measure
P, if its performance at tasks T, as measured by P, improves with experience E" [6]. In
other words, the computer program increasingly improves its performance on carrying
out a task that it has not been explicitly programmed for. Overall, machine learning
is viewed as a disruptive technology that with the support of big data and accelerated
computation is able to bring forth tremendous algorithmic innovations [215]. Within
this broader field of ML lies deep learning (DL), a specialized area that focuses on
techniques based on neural networks (NNs) and representation learning. The adjective
deep emphasizes the multiple levels of representation involved to transform input data
into more complex and abstract representations [122].

Following the initial definition for ML, methods can be grouped depending on what
experience E, performance P, or task T they use. Examples of tasks carried out by
a ML algorithm include classification, regression, transcription, machine translation,
anomaly detection, denoising, and many more. The performance measures P often
relate to the accuracy of a model or the error rate the ML model produces. The
experience E can be understood to relate to the way a ML algorithm is trained. The
two common general categories for this are unsupervised and supervised learning
which refer to how the ML algorithm experiences a dataset [72]|. For unsupervised
learning (UL), it experiences a dataset with many features as a whole and tries to
derive structure, clustering and relationships among possible variables in the data
without feedback on the prediction result. In supervised learning (SL) with a given
dataset encompassing input data X and correct output/target data Y the algorithm
focuses on learning a mapping between those two. A comprehensive overview of
different types of machine learning is given in Table 1.1.

In this thesis, we mainly focus on supervised learning methods. For this kind of
algorithm datasets need to be composed of so-called training examples, with indices
i=1,...,m (total number of training examples) which are given by a pair (z(,y®)
of input and target variable. Formally, we want to learn a function h : X — ), called
hypothesis, mapping from input manifold X to output manifold ). As a performance
measure for the accuracy of our hypothesis function a so-called cost or loss function is
introduced, which measures the "difference” between the predicted value § and the
actual target value y with some chosen metric.
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Table 1.1: Characteristics of different types of machine learning (adopted from [36]).

Type of ML Type of Mechanism
Data Provided
Supervised Labelled data The algorithm uses the

learning (SL)

pairs of input and target
data to infer the relation
that maps between the
data.

Unsupervised
learning (UL)

Unlabelled data

The algorithm searches
for rules - if-then-
associations - to discover
patterns within the data.

Semi-supervised
learning (SSL)

Small amount labelled,
but mostly unlabelled
data

The algorithm uses the
small amount of labelled
data to develop an ini-
tial model that is iter-
atively applied to the
greater amount of unla-
belled data.

Reinforcement
learning (RL)

No labelled data neces-
sary, but numerical perfor-
mance scores

The algorithm tries to
maximize a reward func-
tion or reinforcement sig-
nal to achieve a predefined
goal under a given set of
rules.
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Designing a data collection suitable for training ML methods for CT reconstruction
requires a thorough understanding how objects with different characteristics have to
be imaged differently to obtain high-quality CT scans. Especially, for a supervised
learning setup it is necessary to acquire pairs of data which on the one hand exhibit
image artifacts due to their challenging nature and on the other hand are acquired in
an optimized way to be artifact-free.

Research question 1:
How can we improve the acquisition of CT scans through beam-filtration for challenging
multi-material scanning samples such as cultural heritage objects?

In chapter 3 we show how untailored acquisitions of CT scans of multi-material objects
can lead to reduced image quality and heavy visual errors called image artifacts, which
can influence the perception or representation of information. We demonstrate how a
tailored acquisition can reduce these artifacts and lead to a higher information gain
(see Figure 1.10). We discuss how the X-ray beam properties and the beam-object
interaction influence CT image formation and how to use filters to manipulate the
emitted X-ray beam to improve image quality for multi-material objects. We showcase
that this can be achieved with limited resources in a low-cost DIY fashion with thin
sheets of metal as filters, 3D-printed filter frames and a filter holder. Secondly, we give
a qualitative analysis of the influence of the CT acquisition parameters illustrated with
two case study objects from the textile collection of the Rijksmuseum, Amsterdam,
The Netherlands. With this we provide insights and intuitions on tailoring CT scans
to cultural heritage objects. Thirdly, we extract a general concept of steps for museum
professionals to design an object-tailored CT scan for individual cases.

Figure 1.10: Reconstruction slice of a standard acquisition (50kV, 700 yA, no filter) a) and an
object-tailored acquisition (70kV, 1000 pA, Thoraeus filter (Sn 0.25mm, Cu 0.5mm, Al 0.5mm) b)
for the case study 2 "Purple velvet knife holder" from chapter 3
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To advance learned algorithms for 2D X-ray computed tomography and to overcome
their lack of generalization to real-world tomographic applications, a suitable CT
dataset has to be acquired in an experimental manner instead of being simulated.
Furthermore, this dataset needs to be designed in a versatile way such that its samples
resemble the natural variations of images from, e.g. clinical applications, and offer the
imaging community suitable data for different image reconstruction tasks.

Research question 2:
How can we acquire a versatile experimental CT dataset for the development of
machine learning methods for CT image reconstruction?

In chapter 4 we design a versatile, open 2D fan-beam CT dataset suitable for developing
machine learning techniques for a range of image reconstruction tasks such as super-
vised or unsupervised denoising, sparse-angle scanning, beam-hardening reduction,
super-resolution, region-of-interest tomography, or segmentation. We describe in detail
the steps involved in acquiring an unprecedented X-ray data collection by making
extensive use of a highly flexible, programmable and custom-built X-ray CT scanner.
Based on the insights from chapter 3 we choose suitable scan parameters for the
acquisition such as beam filtration, X-ray tube voltage and current, detector exposure
time, binning and averaging, the number of projection angles as well as source, object
and detector positions. Furthermore, we develop a sophisticated, semi-automatic scan
procedure that allows to automatize the collection of 50 slices during an 8.5h scan.
In 111 scanning sessions (each with a different sample mix) and a total scanning
time of more than 850 hours over a duration of almost five months a diverse mix of
samples with high natural variability in shape and density was scanned slice-by-slice
(5000 slices in total) with high angular and spatial resolution and three different beam
characteristics: A high-fidelity, a low-dose, and a beam-hardening-inflicted mode. In
addition, 750 out-of-distribution slices were scanned with sample and beam variations
to accommodate robustness and segmentation tasks. We provide raw projection data,
reference reconstructions and segmentations based on an open-source data processing
pipeline (see Figure 1.11).

Description of the
scanning geometry

L . Pre-processing,

. Raw projection data / sinograms (PD) ( [A | reconstruction, and

[ . segmentation scripts
=

n Iterative image reconstructions (A1-3) Reference segmentations (S2)

Figure 1.11: Overview of the scope of the 2DeteCT dataset.






22 CHAPTER 1. INTRODUCTION

Throughout the last decades many different ML methods from various method cate-
gories have been developed to perform the most common CT image reconstruction
tasks. Oftentimes, these algorithms were developed using datasets that are not
openly available, utilize a lot of simulation, or are of various sizes. Furthermore,
the corresponding research studies use different pre-processing pipelines and model
implementations, which causes a general lack of comparability between the different
ML methods. With the 2DeteCT dataset from chapter 4, this issue and the following
question can be addressed.

Research question 4:
How do machine learning methods from different method categories perform on
common CT image reconstruction tasks in comparison?

In chapter 6 we address how the lack of large-scale, open-access datasets has hindered
the comparison of data-driven state-of-the-art methods in CT image reconstruction.
We use the 2DeteCT dataset from chapter 4 for benchmarking machine learning
based CT image reconstruction algorithms. We categorize these methods into post-
processing networks, learned /unrolled iterative methods, learned regularizer methods,
and plug-and-play methods, and provide a pipeline for easy implementation and evalu-
ation. Using key performance metrics, including SSIM and PSNR, our benchmarking
results showcase the effectiveness of various algorithms on tasks such as full data
reconstruction, limited-angle reconstruction, sparse-angle reconstruction, low-dose
reconstruction, and beam-hardening corrected reconstruction (see Figure 1.13).

Figure 1.13: CT Image Reconstruction Tasks.
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Tailoring CT Acquisitions in the
FleX-ray Lab

One important concept of this thesis is tailoring CT acquisitions to the scanning
samples. The relevance and impact of this concept is illustrated in more detail in
chapter 3 for two cultural heritage case study objects. In this section, we present
the specific laboratory CT scanner used for the experiments conducted in this thesis.
The FleX-ray scanner is a custom-built, highly flexible X-ray CT scanner, developed
by TESCAN XRE NV [216] located in the FleX-ray Laboratory at the Centrum
Wiskunde & Informatica (CWI) in Amsterdam, The Netherlands. Generally, this
laboratory is used to conduct proof-of-concept studies in the field of mathematics and
computer science [43].

2.1 Functionalities of the FleX-ray scanner

The scanner has three main components: i) a cone-beam microfocus X-ray point
source emitting polychromatic X-rays between 20keV and 90keV with a tube current
between 10 nA and 1000 nA; ii) a rotation stage, on which samples of different sizes
(up to 40cm x 40cm x 40 cm) can be mounted; and iii) a CMOS (complementary
metal-oxide semiconductor) flat panel detector with a CsI(Tl) scintillator (Dexella
1512NDT, [131]) with 1536 x 1944 pixels, 74.8 um? each, onto which the X-rays are
projected. The offset counts (“dark currents”) and the maximal readout of this detector
are given by ~ 1,000 and 65,535 counts respectively. Translation stages enable all
three components to move independently from one another. An image of the scanning
set-up is shown in Figure 2.1.

25
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Figure 2.1: FleX-ray scanner setup with X-ray source (1), attached beam-filter holder
(2), rotation stage with mounted object (3), and flat panel detector (4).

The main features of the FleX-ray scanner: X-ray voltage and current, motor move-
ments for source, detector, and sample positioning, as well as detector features can be
programmed for the full duration of a scan. These technical specifications, also listed
in Table 2.1, enable better suited data acquisition and were instrumental to realize
the CT scans in this thesis.

2.2 Extensions to the FleX-ray scanner

Although the FleX-ray scanner by itself already was a highly flexible micro-CT scanner,
its operation required at times less reproducible and provisional research practices. To
standardize and unify, for example, the positioning on the sample stage two extensions
to the FleX-ray laboratory were created: sample stage disks and sample stage cylinders.
Furthermore, the functionalities of the scanner were extended to use beam filtration
for the CT acquisition by creating a beam filter holder and a set of exchangeable and
combinable beam filter frames.

2.2.1 Sample stage disks

The rotation stage within the FleX-ray scanner is made of aluminium and has a sample
stage disk made of aluminum as well placed on top of a carved out ring-like area. The
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Table 2.1: Technical specifications of the FleX-ray scanner, HW: Hardware, SW: Software

Parameter Value

Tube voltage 20 - 90 kV

Tube power 2 -50/90 W ("microfocus" / "high power")

Tube current 10 - 1500 pA (depending on the focus mode, standard 100)

Exposure time 11.7/14.3/38.5 - 5000 ms (dependent on hardware binning)

Number of frames to average free choice in full integers

Hardware binning 1x1 (HW1SW1); 2 x 2 (HW2SW1); 4 x 4 (HW4SW1)
HWX X x X pixels are grouped to SWY Y x Y pixels on the software side

Detector rows 1536 (ROI = 1520;8 — 1527)

Detector columns 1944 (ROI = 1912;32 — 1943)

Physical detector size 145.9mm x 114.9mm

Source Object Distance (SOD) ca. 15 mm - ca. 1009 mm
Source Detector Distance (SDD)  ca. 139 mm - ca. 1098 mm

Toomifieat] _ SDD
Magnification Factor a = 255 1.087 - 73.133

Number of projections free choice in full integers, usually multiples of 360 +1 are used:
e.g. 1, 361, 721, 1081, 1441, 1801, 2161, 2521, 2881, 3241, 3601

diameter of this ring on which the aluminium sample disk is placed was measured to
be 110mm and we produced several additional aluminum disks. We produced 10 disks
with a plain top surface for basic scans that require no exact positioning or mounting
within the rotation stage diameter. They can also be taped to wooden boards, sponge
materials or anything else that might be necessary for mounting the respective sample
for the CT scan. Furthermore, 10 disks with a special design were created. They
feature a sketch of angle markers and circles of different radii for exact positioning.
At designated locations there are also holes to fit in LEGO™ studs or poles for exact
positioning (cf. Figure 2.2).

2.2.2 Sample stage cylinders

When acquiring a CT scan, we also want to limit the number of scattered photons
in our projections. One source of this unwanted scattering is the rotation stage
within the FleX-ray scanner which is made out of aluminium. This scattering can be
circumvented, though, by elevating the sample a few centimeters above the rotation
stage. For this we used the diameter of the ring on which usually the aluminium
sample disk is placed and 3D-printed cylinders with this diameter with varying heights
and designs on the top surface (cf. Figure 2.3).

The motivation for varying heights comes from the fact that, depending on the region
of interest that we want to use for both the object and the detector, we need a higher
sample stage cylinder to prevent the metal rotation stage to be within the field-of-view
or too closely adjacent. We created three different designs which are available in
heights of 20, 50, and 100mm. The first design features a plain top surface for basic
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Figure 2.2: The rotation stage within the FleX-ray scanner with the two new sample
stage disk designs (left: plain, right: with markers and holes).

scans that require no exact positioning or mounting within the rotation stage diameter.
The second design encompasses a carved out volume of area 6.38cm x 6.38cm x 0.32cm
(LxWxH) to fit in a LEGO™ base-plate of 8 x 8 studs. The third design re-models the
design of the second sample stage disk and contains the same sketch of angle markers
and circles of different radii for exact positioning including the holes at designated
locations. These holes always reach half-way through the different heights of the
sample stage cylinders.
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Figure 2.3: Technical sketches and 3D-printed realization of the three different
heights and design choices for the sample stage cylinders.
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Figure 2.4: The set of 3D-printed filter frames with thin sheets of metal of different
thicknesses and the 3D-printed beam filter holder.

2.2.3 Beam filtration

As described in section 1.2, the interplay between a broad beam spectrum and the
energy-dependent absorption of the sample’s materials can create a range of image
artifacts. With so-called beam filtration, the placement of materials into the X-ray
beam, we can modify the X-ray spectrum and reduce its low-energy portion which
is commonly referred to as "pre-hardening the beam". This shifts the mean photon
energy towards higher energies and narrows the standard beam spectrum for CT
imaging. It can minimize image artifacts due to beam-hardening and avoid saturation
of the detector.

This filtration of the beam typically happens at or near the X-ray tube window in the
direct path of the X-ray beam. The filters applied to the X-ray beam are commonly
thin sheets of metal, such as aluminum (Al), copper (Cu), iron (Fe), tin (Sn), and
tungsten (W), but studies have shown that combination filters of different materials
and thicknesses are even more effective in reducing image artifacts [77, 87, 96]. These
compound filters combine the different attenuation characteristics of various materials
and result in more effective filtering by reducing intensity of low-energy photons over
a wider band.

To enable a stable, exact, and reproducible beam filtration for the FleX-ray scanner,
we designed a tool that can be mounted on the X-ray tube and allows for the place-
ment of various filters into the beamline. This tool should hold the filters in a fixed
position and allow also the use of multiple filters of different thicknesses and materials.
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Figure 2.5: Technical sketches of filter holder and filter frames.

We designed a 3D-printed beam filter holder similarly to a slide projector with five
slits. The corresponding filter frames were designed so that they are always tightly
positioned within these slits and can host filter materials with a thickness ranging
between 0.1 and 4.0 mm. The technical sketches and 3D-printed realizations can be
found in Figures 2.5, 2.4, and 2.6.
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Figure 2.6: Setup of beam filter holder on X-ray tube.
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2.3 Guideline for choosing suitable acquisition parameters

Setting up a CT acquisition for a chosen scanning sample can be an extensive and
laborious task. Over the course of this PhD thesis, we developed a guideline for the
FleX-ray scanner to help researchers with a step-by-step process to determine suitable
acquisition parameters. Of course, some of the steps are more specific to our CT
system and need to be adapted for a different system, but they might give the reader
an initial idea and basic insight in how different choices influence the outcome of the
CT acquisition.

We found four common basic objectives when scanning a sample: low noise, high
angular and spatial resolution, high contrast, and fast scans. For a good signal-to-noise
ratio it is important to consider how different acquisition parameters influence the
noise level within the CT images such as source current, source voltage, exposure
time, number of projections, and number of averaged images [172]. The number of
projections necessary to have sufficient sampling and high angular resolution can be
calculated considering the Nyquist-Shannon theorem with P > 7.5 [94]. Depending
on the experiment, there might be limitations in the choice of one or multiple of the
acquisition parameters, but it might be possible to compensate for these choices with
adjusting other values.

As a prerequisite for applying the subsequent guideline, the minimal and maximal
available values of the following three CT acquisition parameters should be known:
tube voltage, tube current, exposure time. Furthermore, the dynamic range of the
detector in use should be determined, namely the lower bound, given by the offset
counts (“dark currents”), and the maximal readout of the detector (at FleX-ray
Laboratory: ~ 1,000 and 65,535 counts). This is done to identify the necessary photon
flux for the CT acquisition. The aim should be to have counts of at least a two- to
three-fold of the dark current at any location in all radiographs and never to saturate
the detector.

1. Determine a suitable SOD and SDD to achieve the desired resolution in the

CT reconstruction of the object under investigation. Use the intercept theorem:
”"geolSD”E = det“t‘gg’gel‘me to calculate the corresponding scaling factor ggg and
to determine whether the object under investigation can fit onto the detector

with this geometry: geometrydiameter = detectorwidth X % as well as

geometryheight = detectorwidth x %. If the object does not fit, it might be
necessary to acquire a tiled scan where multiple reconstructions are stitched
together vertically or the detector needs to be placed at multiple positions and

a bigger virtual detector is stacked together.

2. Empirically determine the rotational position with the lowest detector signal
which corresponds to the largest attenuation in the line of sight. This usually
corresponds to the thickest part of the object and/or where the object is com-
posed of denser materials.
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. Investigate the minimal photon energy needed to penetrate the object in this

rotational position by slowly increasing the tube voltage in small steps of e.g.
5kV while observing the minimal detector signal. The measured signal should
be a two- to three-fold of the dark current (at FleX-ray Laboratory: 2000-3000
counts).

. Choose adequate filtration that can filter out the low energy part of the spectrum,

i.e. photons that have a lower energy than the energy found in the step above.
The mean photon energy within the beam spectrum should be above the minimal
penetration photon energy and also the minimal photon energy of the spectrum
should be close to that. This may require to use a peak tube voltage (kVp) that is
considerably higher than the tube voltage corresponding to the minimal photon
energy. To find a suitable beam filtration for the object under investigation the
corresponding beam spectra can be simulated with the TASMIP software [22].
For lower minimal photon energies thin sheets of Copper (e.g. 0.01 - 0.50mm)
can be used whereas higher energies may require thin sheets of Tin (e.g. 0.10 -
0.50mm) or compound filters such as the Thoraeus filter of (e.g. Sn 0.25mm,
Cu 0.5mm, Al 0.5mm) that can effectively filter out photons carrying an energy
of 1.5keV to 70keV [93].

. Exclude the K-edges of any metals within the object by adjusting the tube

voltage accordingly. A list of absorption edges can be found, for example, at the
following website [57].

. Calculate the maximal feasible acquisition time per projection image of the

detector from the total available scanning time to achieve the highest signal-
to-nois-ratio (SNR) that satisfies the given time and saturation constraints.
Also, consider taking multiple frames for averaging each projection, if the total
available scanning time allows for that. The three important values for this
are: First, the minimal feasible exposure time available determined by the
electronics of the CT scanner / detector tegp min; second, the maximal exposure
time restricted by the saturation of the detector tc,p maz—det; third, the maximal
exposure time restricted by the total available scanning time tc;p maz—time. The
second upper bound can be simply measured when moving the scanning object
out of the field of view and radiating the detector with the previously found tube
voltage, chosen beam filtration and the maximal tube current and increasing the
exposure time from the minimal value until the detector saturates. The other
upper bound can be calculated by the following formula:

ttotal—image—@eriee
tewpmaz—time = —serics (2.1)
copmarTime (#PPI + #proj) * #avg

where the variables are given as:

® terpmaz—time - Maximal exposure time restricted by the scanning time

® tiotal—image—series - available scanning time for the total image series
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Computed Tomography in Cultural Heritage Computed tomography has also proved
to be a powerful non-invasive tool to analyse cultural heritage objects [34]. It has been
successfully applied to a variety of such objects over the past decades: for example,
wooden statues for dendrochronology research [49] and large wooden objects [24,
167], Egyptian funerary masks [192], antique glass [61], musical instruments [50, 185],
ancient basketry [9], anthropological studies [135, 143] and historical paintings [146,
193]. In cases where it is not possible to see the interior of an object using visual
inspection, CT enables museum professionals to obtain 3D information about the
interior of the object. In particular, CT scanning gives a much more detailed overview
than radiography because it is three-dimensional, allowing to isolate specific features
and parts by virtually cutting through the object in any location and direction. These
insights can help with the conservation or restoration of the objects, as well as provide
contextual information on the object’s history or making process [209].

Challenges specific to CT in Cultural Heritage Cultural heritage objects exist in a
wide variety and have characteristics which present challenges for CT scanning: multi-
scale internal features, a diversity of sizes and shapes, and multi-material objects
[23]. The last challenge is even greater when the multiple different materials of the
object have varying densities, especially when one of the materials is a metal [86].
A multi-material object might be for example made out of fabric, leather, metal
thread and different kinds of beads as well as designed in a multi-layered way. Hidden
intermediate layers that could give insight into the object’s history and making process
might be difficult to analyse. Additionally, the actual dimensions and characteristics of
these layers are usually not visible from the outside. Investigating these characteristics
using X-ray radiographs (2D X-ray projections) will only give a limited amount of
information, whereas CT-scanning will be more informative. Acquiring CT scans of
these objects with standard lab/museum CT scanners in an untailored way yields
images with heavy visual errors (see Figure 3.1) called image artifacts®.

Difference to medical CT challenges Although both the medical and the cultural
heritage sector need an acceptable image quality for interpretation and face similar
challenges in the CT acquisition, they are fundamentally different [34, 70]. In medical
CT scans the scanned subjects (humans) are similar with respect to their anatomy
and the material composition. The human body is generally more homogeneous with
respect to its density distribution compared to cultural heritage objects. Although
metals may be present in the form of prostheses, these are confined to specific regions
whereas metals in cultural heritage can also occur scattered throughout the object.
Furthermore, the energy regime of the photons is different and improvements to
medical CT have been extensively researched, e.g. the tuning of tube voltage and
current, using filters and software-based artifact correction algorithms [156]. Lastly,
the medical sector lacks an extensive adaptability of acquisition parameters since
commercial CT scanners are used that have a limited number of adjustable settings.

1The word artifact is used in this work only in reference to visual errors in CT images, not in reference
to an object shaped by human workmanship (sometimes referred to as ’artefact’).
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Figure 3.5: Technical drawings of the 3D-printed DIY filter holder.

For the processing of the CT data and 3D reconstruction in this article, the FleXbox
software [118] was used. First the data was flat- and dark-field corrected using the
corresponding recorded dark-fields (D) and flat-fields (F). Each projection image
consists of raw photon counts per detector pixel. With the dark-fields we correct
for the off-set counts of the detector system and the flat-field images are used to
normalize pixel-dependent sensitivities of the detector. This way the projection images
(P) can be corrected and converted into a beam intensity loss image I following the
Beer-Lambert law with the following formula:

P-D
 F-D
After applying the negative logarithm a reconstruction was obtained using the FDK
algorithm [59]. Apart from the flat- and dark-field corrections the data was not post-
processed with any computational processing filters to correct/reduce image artifacts.
Our purpose in this study is to single out the impact of the different acquisition
settings on the image formation.

1

(3.1)

3.3 Experiments and results

In this section we show the influence of different filters and acquisition parameters on
the CT image formation and give general guidance on choosing suitable acquisition
parameters.
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3.3.1 The case studies

To demonstrate the need for an object-tailored acquisition process for cultural her-
itage objects, we have chosen two case study objects from the textile collection of
the Rijksmuseum, Amsterdam, The Netherlands. The objects under investigation
were a late 16th-century green velvet purse [169] (case study object 1) and an early
17th-century purple velvet knife holder [170] (case study object 2) which are shown in
Figure 3.6. In the following section we will investigate the influence of CT acquisition
parameters on the image formation and give general guidance on how to scan these
objects. Restricted by the limited time that the cultural heritage objects were available
for scanning at our institution we calculated the maximal exposure time available
to each scan and kept it at a static value across all scans to be able to conduct
all the scans in the different acquisition modes within the available time. Keeping
the exposure time constant across different measurements furthermore allowed for
a better comparison between the scans and with this we show the necessity for an
object-tailored CT acquisition.

To our knowledge there is currently no suitable framework that would give a good
indication of improved image quality for visual interpretation and analysis for cultural
heritage objects. As there is no ground truth to compare reconstructions to, and
as the interplay between artifacts, noise, and contrast will lead to complications for
any quantitative metric such as PSNR, SSIM or MSE, we chose to focus here on
qualitative evaluation in the context of the ability to answer specific questions about
the object based on the CT-images.

The aim of the CT scans was to uncover information about very thin layers within
the objects. Therefore, we chose the full detector resolution with 1911 x 1520 pixels
with no hardware binning and used 2881 projections (motivated by the Nyquist-
Shannon theorem [94]) for both case studies. All projections have been taken with
one frame without averaging. Furthermore, 50 dark- and flat-fields both before and
after the scans have been acquired for all case study scans to allow for an adequate
pre-processing of the projection data according to formula 3.1.

To be able to detect very thin layers with our scans we aimed to have a voxel-size
within our object of 54.9 pm (green velvet purse) and 45.0 pm (purple velvet knife
holder) and positioned the object and detector accordingly. Due to this choice of
resolution the objects did not fully fit on the detector in the vertical direction. There-
fore, we conducted scans with the detector and source at different heights, to obtain
tiled scans of the full object. These were first reconstructed independently and then
the resulting volumes were stitched together using the merging capabilities of the
FleXbox software [118]. For the velvet purse we used two and for the knife holder four
vertical tiles. The total scan time and data size amounted to 163 min and 201.3 GB for
the six scans of case study 1 and 138 min and 184.4 GB for the five scans of case study 2.
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Figure 3.6: Case study objects "Green velvet purse" (BK-KOG-29 [169]) and "Purple velvet
knife holder" (BK-NM-3086 [170]) from the textile collection of the Rijksmuseum, Amsterdam, The
Netherlands.

Case study object 1: '"Green velvet purse'

At first sight, this peculiarly shaped object looks like a case for a pair of scissors with
a small, leather lined purse on its front with a drawstring. However, the fact that
it is not possible to open the case itself complicates probing this hypothesis. Of the
three examples surviving in the Netherlands (Rijksmuseum BK-KOG-29, Amsterdam
Museum KA-18660, and Oranje-Nassau Museum) two are covered with plain velvet
and the third is embroidered with seed pearls and gold thread. Other examples, in
France (Musée de Cluny, Paris) and Italy (Bargello, Florence) are similar to the Dutch
examples. In the Amsterdam Museum example, three coins were found, one of which
dates from 1591, indicating that it might have served as a purse for coins. Besides the
function as a scissor-case or purse, the strong resemblance of the object’s shape to a
phallus makes an erotic connotation possible as well [§].

Through the use of CT scans, we hoped to determine how the purse was made, which
materials were used and what gives it its shape. One of our main research questions
was whether the object box is empty, indicating it might have been a case, or if there
is something inside and if so, what. The answers to these questions can be found in
the section Significance for the image interpretation and analysis of the object.

The purse has dimensions of roughly 11.0 cm in length, 7.5 cm in width and 3.0 cm
in thickness. The materials used are velvet on the exterior with metal eyes on the
top, as well as leather lining in the pouch on the front. The velvet is adorned with a







3.3. EXPERIMENTS AND RESULTS 49

study objects can also be penetrated with the available tube voltages and enabled
still acceptable results. With higher tube voltages it might then be advisable to filter
out photons with an energy lower than e.g. 85keV.

To give the readers of this work insights and intuitions on how different choices of
acquisition parameters would influence the resulting radiographs and reconstructions
we designed in total six CT scans for the "Green velvet purse". The six conducted
scans include two untailored and unfiltered acquisitions, three single-material filtered
CT scans as well as one with a Thoraeus compound filter.

For the untailored scans a standard choice simply based on the radiographs and
the measured detector signal would result in an unfiltered scan with a tube voltage
of 50kV and a tube current of 700 pA. A second choice aiming for better object
penetration would be choosing a higher tube voltage of 75kV as well as a reduced
tube current of 200 pA to avoid saturation of the detector.

For the filtered scans common filter choices would for example be thin sheets of
aluminum filtration to filter out very low-energy photons [61] or to use small amounts
of copper or tin filtration at higher tube voltages. Lastly, we conducted a scan with a
Thoraeus compound filter. To have enough signal we set the maximal tube current of
1000 pA for all of them.

The case study object has not been moved between the different acquisitions to avoid
the necessity to register the reconstructed image volumes. If the object would have
been moved between the scans a registration of the image volumes would be necessary
to be able to compare the scans directly with each other since the orientation of
the 2D slices might be slightly different. Therefore, the acquisition parameters were
changed digitally and the replacement of the chosen filtration was carried out very
carefully avoiding to touch the scanned object. All scans have been conducted in
the “High Power’-mode of the FleX-ray scanner which uses a focal spot size below
45 micrometer for operations up to 90W [43]. The exposure time selected for all the
scans was limited by the total available scanning time and had to be restricted to a
static value of 200 ms. All other details of the scan settings for this case study that
we selected for illustrative purposes can be found in Table 3.1.

Furthermore, all six corresponding beam spectra used for scanning the case study
1: "Green velvet purse" can be found in Figure 3.3. The main insight from this is
that the mean photon energy in the spectra shifts continuously to higher energies
from ~ 25keV to ~ 60keV from scan 1 to scan 6. This means that a higher fraction
of the X-ray photons within the beam spectra have sufficient energy to be able to
penetrate the object and that dependent on the chosen filtration the severity of photon
starvation artifacts will be reduced.

Radiographs and reconstructions of case study 1: ''Green velvet purse'. In the follow-
ing section we will show radiographs and the reconstructions of these six CT scans and
analyse them. In Figure 3.8, two horizontal cross-section slices from the reconstruction
at different heights in the object and the radiographs of all the different scans (1-6)
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are presented. We have selected these two cross-sections because they show two levels
of severity of the beam hardening and metal artifacts. Once caused by four and once
by eight metal trimmings visible in the slices.

In the radiographs for the different acquisition parameters it is visible that changing
the tube voltage from 50kV to 75kV led to an increased object penetration. Adding
aluminum filtration decreased the overall signal but there is no other change in the
radiograph observable. Adding stronger filtration leads to less occlusion in the radio-
graph, which remains only noticeable where multiple metal parts of the velvet purse
overlap in the line of sight. However, it also significantly decreases the number of
counts and the radiographs appear darker and noisier. The shown projection images
have not been adjusted in brightness/contrast level to visually illustrate the decreasing
detected signal. Therefore, it is hard to see that there is an increased penetration of
the metallic parts of the velvet purse. In the reconstruction the increased penetration
of the object can be observed more clearly and how this helps the analysis of the object.

Analysing the reconstruction slices shows an overall image quality improvement from
scan 2 towards scan 6. Adding aluminum filtration shows almost no visible difference.
The reconstructions of the scans with 75kV tube voltage show a better penetration
of the object but with no filtering there are severe beam hardening and metal image
artifacts visible in the cross-sections. With increasing filtering these image artifacts
decrease while the noise level rises. Finally, scan 6 has almost no image artifacts within
the purse and only small and reduced image artifacts on the corner trimmings. This
can be explained by the fact that the minimal photon energy necessary to penetrate
the object was determined to be 40/45keV and the chosen Thoraeus filtration filters
out photons with energies between 1.5keV < Eppos < 40keV. For the second slice
with eight metal trimmings the image artifacts within the left and right part of the
purse are almost fully removed but in the middle still heavy image artifacts can be
observed. This is due to the overlap of multiple metal trimmings in the line of sight
for most of the projection images. Although scan 6 exhibits a higher noise level and
even shows beginning ring artifacts due to very low detector signal, the reconstruction
cross-section slices provide more interpretable information for the cultural heritage

Table 3.1: Acquisition parameters of the scan of case study 1: "Green velvet purse"

Scan 1 Scan 2 Scan 3 Scan 4 Scan 5 Scan 6
Beam parameters
Tube voltage 50kV  50kV 75kV T5kV 75kV 75kV
Tube current 700pA 700 pA 200pA 1000 pA 1000 pA 1000 pA
Sn 0.25 mm
Cu 0.5 mm
Filters None Al 0.5mm None Cu0.5mm Sn 0.25mm Al 0.5mm
Camera settings
Exposure time 200 ms
Nr. of projections 2881
Nr. of averages 1
Geometry
Source-Object-Distance (SOD) 447 mm
Source-Detector-Distance (SDD) 609 mm

Object voxel size 54.9 pm
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Figure 3.8: From left to right, top to bottom: Two reconstruction cross-sections and one radiograph
for all six conducted scans of the "Green velvet purse" with the specific acquisition parameters listed
in Table 3.1. The cross-section images shown are taken from slice 1698 and slice 2108. Additionally,
comparisons of zoomed-in regions and histograms of scan 1, 3, and 6 of slice 1698 illustrate the

improved quality of the object-tailored scan 6.
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2. Empirically determine the rotational position with the lowest detector signal
which corresponds to the largest attenuation in the line of sight.

3. Investigate the minimal photon energy needed to penetrate the object in this
rotational position by slowly increasing the tube voltage while observing the
minimal detector signal.

4. Choose adequate filtration that can filter out the low energy part of the spectrum.

5. Exclude the K-edges of any metals within the object by adjusting the tube
voltage accordingly.

6. Calculate the maximal feasible acquisition time per projection image of the
detector from the total available scanning time to achieve the highest SNR
that satisfies the given time and saturation constraints. Also, consider taking
multiple frames for averaging each projection, if the total available scanning
time allows for that.

7. Find a balance for the trade-off between the reduction of beam hardening image
artifacts, improved contrast, and reduced noise by adjusting the tube voltage
and tube current within the given boundaries.

3.4 Discussion and conclusion

In this study we have introduced how the multi-material nature of cultural heritage
objects exhibit challenges for CT scanning and presented several key factors that
influence CT image formation. We addressed their underlying physics and discussed
how the concept of beam filtration can improve the image quality of CT scans.
Illustrated on two case study objects the influence of CT acquisition parameters was
investigated and we gave general guidance on how to design a CT scan and how
to choose suitable acquisition parameters. We showed that an object-tailored CT
acquisition of two case study objects yielded a clear image quality improvement and
helped the cultural heritage experts in their analysis. Lastly, we extracted a general
concept of steps for museum professionals to design an object-tailored CT scan for
individual cases.

Despite the clear image quality improvement of this object-tailored method compared
to an untailored CT acquisition, the main disadvantages are firstly that through
the filtering the beam intensity is reduced, which results in a decreased SNR, and
secondly that the beam hardening problem cannot be completely eliminated [87]. To
counter the degraded X-ray signal and greater image noise, longer exposure times and
averaging can be used [92]. Depending on the available scanning time and capabilities
of the scanning facility these disadvantages can therefore be mitigated. Overall, the
object-tailored choice of acquisition parameters can help though to produce a cleaner
image by absorbing the lower energy photons that do not reach the detector and that
tend to scatter more. The beam filtration also enables the use of a higher voltage,













4
2DeteCT - A large 2D expandable,
trainable, experimental Computed

Tomography dataset for machine
learning

X-ray computed tomography (CT) is a non-invasive X-ray absorption-based imaging
technique used in a range of fields, including medicine, manufacturing industry, food
industry, and materials science. For a CT scan, X-ray projection images of an object
are taken from multiple angular positions. To obtain a reconstruction of this acquired
data, an inverse problem has to be solved through analytical methods such as filtered
back-projection or iterative reconstruction algorithms. The overarching methodology
to reconstruct images from these measurements is called computational imaging.

In recent years, the field of computational imaging focused on developing data-driven
methods for image reconstruction [166]. With that focus also the need for large
datasets increased. In particular, image reconstruction based on deep learning (DL)
methods, such as deep neural networks (DNNs), requires a large amount of realistic
data for both evaluating the developed methods on real world applications as well
as for constructing the method itself. For example, supervised learning approaches
optimize the network parameters based on training data composed of a large number

This chapter is based on:
M. Kiss, S. Coban, K. Batenburg, T. van Leeuwen, and F. Lucka. “2DeteCT - A large 2D
expandable, trainable, experimental Computed Tomography dataset for machine learning”.
Scientific Data 10.1 (2023), p. 576.
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of representative pairs of input and desired ideal output data of the network (i.e., the
ground truth).

While in various application fields of DL there already exist large and open data
collections such as MNIST [123] for handwritten digit recognition or IMAGENET for
image classification/processing [46], suitable experimental data collections for compu-
tational imaging with high-quality ground truth reconstructions and/or segmentations
are scarce. For magnetic resonance imaging (MRI), the fastMRI dataset [116] is a
larger dataset containing raw (unprocessed) k-space data of knees and brains acquired
across multiple institutions and scanners. There are some datasets available for X-ray
CT but unfortunately they lack certain desirable characteristics: The Mayo clinic
low-dose CT challenge of 2016 [141] with 30 patient scans consisting of roughly 70
slices each has a fairly small number of scan subjects. Although their new release of
2021 [144] has 300 patients another important downside of both datasets is that noisy
reconstruction and projection data is simulated from clean reconstructed volumes.
The LoDoPaB-CT dataset [124] contains over 40,000 scan slices from around 800
patients selected from the LIDC/IDRI database. But despite the large size of the data
collection it still uses simulated low photon count measurements and not experimental
data. The walnut dataset [47] provides 42 three-dimensional cone-beam CT (CBCT)
scans of walnuts. Although it provides raw experimental data, the applicability of
the dataset is limited through the small number of samples of the same object type
and its design for a specific task in 3D CBCT. This makes it less useful for more
general methods development. Overall, the few available datasets are limited in their
applicability to one computational imaging task.

A key disadvantage of available datasets for X-ray CT is that they commonly use
commercial CT solutions with licensed software that have no (or limited) access
to raw projection data or the specifics of the experimental acquisition. Therefore,
mathematical and computational studies typically rely on artificial data simulated
with varying degrees of realism. To develop and train algorithms for computational
imaging tasks such as low-dose reconstruction, limited or sparse angular sampling,
beam-hardening artifact reduction, super-resolution, region-of-interest tomography or
segmentation it is necessary to have corresponding experimental training data. The
field of X-ray CT still lacks such a large-scale, versatile, experimental dataset for
machine learning. Especially two-dimensional, reconstructed CT slices would be useful
for method development since the corresponding learning and reconstruction tasks
require less computational resources compared to their three-dimensional counterparts.

Acquiring such a large 2D CT dataset encompasses various requirements: First, re-
search groups need to have a scanning facility readily available and be able to also
use it for a large-scale, time-extensive data collection process. Second, the geometry
and other acquisition parameters of this scanner must be highly adjustable to collect
a dataset that can be used for a wide range of machine learning applications. Third,
similar image characteristics as encountered in medical CT would be preferable because
of the great importance of medical imaging as an application area of X-ray CT means.
Last, it is necessary to limit manual intervention during the acquisition process to be
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process as much as possible. The only necessary human interaction would be to
prepare the next sample mix and to start a scanning protocol, which then would
acquire a certain number of slices automatically. In our optimized setting, acquiring
a batch of 10 slices takes a fixed time of 1h 42mins, while 50 slices can be acquired
in 8h 34mins. This way, the idle time of the scanner, e.g. at night, could be used to
reach a large amount of slices.

Sample preparation

One of the aims of this dataset was to produce images with similar image features and
contrast as abdominal medical CT scans. To achieve this, a container representing the
body was used as a scanning object and was filled with a mix of cm-scale objects mim-
icking the organs/bones submersed in a background medium resembling connective
tissue. Furthermore, this mix of sample objects should have a high natural variability
in both inter and intra-sample shape and density (see Table 4.1). In particular, one
of the samples should be dense enough to correspond to bones/teeth and introduce
beam-hardening effects. Lastly, this sample mix should stay stable during long lasting
high-intensity X-ray exposure and therefore have especially a certain temperature
stability.

To fulfill these requirements a variety of dried  ~Qpject Density (g/cm?)
fruits and nuts were scanned and their ap- ~Cardboard tube 0.689

pearance as well as their relative intensities in Cereal coffee powder  0.260

the reconstructed image slices were evaluated. —_Banana 0.422

Although the actual attenuation coefficients Svoaflfzitbeans gigi

of the samples are not the same as for organs, —7 -+ 0507

bones and connective tissue in medical CT Raisin 0.612

scans, the ratio between dense and soft re-  Fig 0.629

gions are similar. Furthermore, some of the  Lava stone 1.5-1.9*

dried fruits and nuts have shapes that resem- *depending on its porousness of 20 — 50%

ble organs, e.g. walnuts resembling brain tis- Table 4.1: Reference densities of the final
sue. The tested samples included: dried apri- gample mix as published by the Agricultural
cots, bananas, dates, figs, mangoes, raisins, Research Service of the U.S. Department of
and coffee beans as well as almonds, cashews, Agriculture (https://www.aqua-calc.com)
hazelnuts, para nuts, peanuts, pecans, pista-

chios, and walnuts. Furthermore, different stone types were tested for the sample
selection as objects that introduce beam hardening effects such as different types of
basalt, granite, lime stone, lava stone, marble, quartz, and slate. To avoid air volumes
between the samples, various filler materials were investigated: cereal-based coffee
powder, sand, saw dust, (powdered) sugar, salt, and sweetener. The requirements
were similar or lower density than water, contrast to other samples, no/limited air
bubbles, not too coarse in its fine structure, rather homogeneous, and temperature
stable regarding aggregate state, physical extension, as well as density/humidity.


https://www.aqua-calc.com
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After evaluating all sample mix tests, the following sample mix was selected: almonds,
dried banana chips, coffee beans, dried figs, lava stones, raisins, and walnuts immersed
in cereal-based coffee powder as a filler material. These samples were chosen to have
three categories of densities, where in each category the objects differ mainly in size,
shape, and fine structure but have a similar density. This is comparable to the medical
imaging domain in which most organs have a similar density but differ mainly in
size, shape, and fine structure. For our dataset, dried banana chips and coffee beans
were chosen in the low-density category. In the medium-density category two samples
had to be chosen from a diverse mix of nuts. Due to the bigger size of their fine
structure walnuts were chosen over pecans. For the second nut, almonds were selected
over cashews, hazelnuts, para nuts, peanuts, and pistachios because of their medium
size and their simpler shape. In the high-density category raisins were selected as a
small-size sample and figs were found to be the most interesting samples in terms of
fine structure in comparison to apricots, dates, and mangoes. The respective densities
of these samples can be found in the appendix in Table 4.1. Since X-ray absorption is
related to the density and thickness of the scanned material, these values are a first
indicator for the measured intensities and their contrast to each other.

To avoid the samples to dry up too much over time through the long exposure to high
energy X-ray radiation, the sample mix was replaced three times in total. The amount
of each sample within the final mixes can be found in Table 4.2 and was based on
yielding a roughly equal share of volume within the sample mix.

Mix 1 Mix 2 Mix 3 Mix OOD
Sample (slices 1 - 1,800) (slices 1,801 - 3,720) (slices 3,721 - 5,000) (slices 5,521 - 6,370)
Cereal coffee powder 400g 400g 400g 400g
Banana T5g Mg 80g 80g
Coffee beans 60g 58¢g 54g 5dg
Walnut 84g 73g g g
Almond 117g 112¢g 111g 111g
Raisin 111g 100g 110g 110g
Fig 282¢ 285¢ 290 g 290 g
Lava stone 171g 154 g 177g 177g
Fresh fig Og Og Og 5 pieces*
Grape Og Og Og 121 g*
Hazelnut Og O0g Og 105g*
Pistachio Og Og Og 87 g*
Peanut Og Og Og 55 g*
Titanium prostheses screws Og 0g 0g 4 screws*®

Table 4.2: Sample distribution for the three different sample mixes. * only one of them included in
the mix during each OOD scan

The aforementioned sample mix was put into a sample container as a scanning object.
The requirements for this were apart from a stable positioning and temperature/ra-
diation exposure stability that the container did not absorb too much of the X-ray
radiation. After testing different paper and plastic (PE, PVC, etc.) based containers
a cylindrical cardboard tube was selected.

Because of the restrictions imposed by the inner dimensions of the scanner and the
maximal diameter usable on the scanner sample stage (109.4 mm) a cardboard tube
with 10cm inside diameter and 34 cm of height was used. To prevent unwanted
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to improve the image quality. To reduce the beam hardening effects the low-energy
photons were filtered out by placing thin sheets of metal between the X-ray tube
and the sample tube. A variety of filters of different materials (Al, Cu, Sn, W) and
thicknesses (0.0l mm - 0.50mm) as well as combinations of them were tested. A
popular compound filter in CT imaging, the so-called "Thoraeus filter" [93], showed
the best performance. Its compound consists of a tin filter, followed by a copper
and after that a aluminum filter of varying thicknesses and effectively reduces the
amount of photons carrying an energy of 1.5keV to 70.0keV. After testing a variety
of thicknesses for the different compounds the final filter setup was composed of Sn =
0.1mm, Cu = 0.2mm, and Al = 0.5 mm. To have sufficient signal the tube current
had to be set again to the maximum of 1000 pA. Figure 4.3 illustrates that with the
chosen compound filter almost all photons with energies below 40.0keV are filtered
out of the beam spectrum which will reduce the beam hardening artifacts.

Beam spectra for a tungsten target X-ray source
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Figure 4.3: Beam spectra of a tungsten target X-ray source with an X-ray exit window made of
300 pm Beryllium operated at 60kV with no added filtration and 90kV tube voltage with no added
filtration and filtered with a Thoraeus filter of Sn = 0.1mm, Cu = 0.2mm, Al = 0.5mm simulated by
TASMIP software [22].

Tube voltages employed by medical CT scanner commonly range between 80 and
140kV and sometimes also use tin filtration between 0.4 and 0.8 mm [161]. The
maximum tube voltage available for our particular CT-system is bound by regulatory
requirements to 90 kV but nevertheless can be considered comparable to medical CT
scanners. For the low-dose acquisition setting we chose a current of 33.3 pA resulting
in a tube power of 3.0 W. According to Lee W. Goldman the relationship between
dose and tube current is linear [70]. Therefore, mode 1 is a 1/30 dose acquisition in
comparison to mode 2. Note however, that we maximized the dose in mode 2 to obtain
the best possible image quality while ensuring sufficient slice throughput. In medical
imaging, the “full” dose is typically chosen as low as reasonably achievable (ALARA)
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to still obtain images with sufficient quality for the clinical task at hand. In clinical
practice, “tube current”-“exposure time”’ products range between 50 and 400 mA s
[168]. The clean, high-dose acquisition of mode 2 has a “tube current”“exposure
time” product of ~ 18.0mA s, whereas the one of the noisy, low-dose acquisition of
mode 1 is given by 0.6 mA s. However, this comparison has to be taken with caution
since the scanning object is much smaller compared to a medical CT scan and the
geometry of the scanning setup largely differs from a clinical setup. The circumference
of our scanning object is roughly 35cm whereas 50 to 100 cm are standard abdominal
circumferences for children and adolescents [168].

Lastly, the exposure time and the number of projections for the acquisition of the scans
was chosen. For the latter an application of the Nyquist-Shannon sampling theorem to
CT yields that the achievable image resolution is not limited by the angular sampling
rate if the number of projections is chosen greater than the number of detector pixels
times 7/2[94|, which amounts to 1912 x 7 = 3003 in our setting. Therefore, 3,601
projections were chosen where the first and last projection coincide to have a standard
angular increment of 0.1 deg. For the exposure time 50 ms (20 Hz) ensured that all
projections acquired for one slice are obtained within 3min scanning time without
saturating the detector in any of the acquisition modes. All projection images were
taken without any hardware binning or averaging. The summary of the acquisition
parameters used can be found in Table 4.3.

Acquisition parameter Mode 1 Mode 2 | Mode 3 | Noise-OOD
Tube voltage 90.0kV 90.0kV 60.0kV 90.0kV
Tube power 3.0W 90.0 W 60.0 W 1.5W
Filters used Thoraeus*! | Thoraeus | No Filter Thoraeus
Exposure time 50.0ms
Effective detector pixel size 74.8 nm
Source to object distance *? 431.020 mm
Source to detector distance *2 529.000 mm
Number of projections 3601
Angular increment 0.1deg

Table 4.3: Summary of the acquisition parameters used. *! (Thoraeus = Sn 0.1lmm, Cu 0.2mm,
Al 0.5mm), *2 these quantities are based on the motor readings of the FleX-ray scanner which get
translated into physical quantities and are subject to alignment errors.

4.1.3 Data acquisition

As described in the section "Experimental design" the data acquisition was done in
a semi-automatic fashion. Using our in-house script generator (cf. Section "X-ray
computed tomography scanner") we developed a scan protocol that can acquire 50
slices in all three acquisition modes in one continuous session lasting 8h 34mins. The
most time consuming processes in this acquisition protocol after acquiring the 3601
projections are the motor movements to change between the acquisition modes since
mode 1 and 2 are acquired in the "front position" while mode 3 is acquired in the "mid
position". This means that scanning them directly after each other would prolong




72 CHAPTER 4. 2DETECT-DATASET

the acquisition duration. To ensure that the sample mix does not move noticeably
between the different acquisition modes, 10 slices have been scanned consecutively
before switching the acquisition modes.

For each acquisition mode and each 10 slice batch a dark-field and flat-field consisting
of 100 averaged projections each were acquired for slice 1. Afterwards the 3,601 projec-
tions are acquired while the sample stage is rotating continuously. Subsequently, the
source and detector move down by lmm and the next 3,601 projections are acquired.
This process is repeated until the 10th slice of the batch, after which also a post-batch
flat-field is acquired. Then the acquisition parameters are changed for mode 2 and
the above process starts again before they are changed once again for mode 3 and the
process repeats one more time. After that the next 10 slice batch is scanned starting
again in mode 1. A visualization of the scanning procedure can be found in Figure
4.4. Depending on the available time and/or scanner errors occurring between 10 and
50 slices were acquired per scanning session. In total 5,000 slices were acquired in 111
sessions which lasted between 1h 42mins (10 slices) and 8h 34mins (50 slices).

Additionally to these slices acquired with the standard sample mix and the above
mentioned acquisition parameters, the following out-of-distribution (OOD) scans were
acquired:

e "pure-sample-ODD": Only one type of sample is mixed with the filler material,
scanned in the same way as the standard sample mix.

e "foreign-objects-ODD": A new type of sample not contained in the standard
sample mix is added and the resulting new mix is scanned with the standard
settings. The foreign objects used are fresh figs, grapes, hazelnuts, peanuts,
pistachios, and titanium prostheses screws, cf. Table 4.2.

e "Noise-OOD": the standard sample mix with a tube voltage of 90.0kV, the
Thoraeus filter but an even lower tube power of 1.5W compared to the 3.0W
used in mode 1. model contains the 1.5W measurements, mode2 the usual noisy
3.0W and mode3 the usual "clean" 90.0W measurements.

Remark. During the acquisition of the dataset the detector broke down. It was
exchanged by TESCAN-XRE NV and the FleX-ray scanner has been re-calibrated
before resuming the dataset acquisition. Since for every 10 slice batch