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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).

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
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set of 1D line projections / 
sinogram

reconstructed slice
(cross-sectional image)

scanning object /
sample tube

2D X-ray projections
(red = 1D line projection)

X-ray source

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

integral. Given an angle and position, the initial intensity I0 of the X-rays at the
source undergoes absorption along this line l determined by the material dependent
coefficients µ(z) and reaches the detector with an intensity I(ℓ) = I0e

∫
ℓ
−µ(z)dz ac-

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: I(ℓ) =

∫

I0(E)e
∫
ℓ
−µ(E,z)dzdE [66]. Usually, this

energy-dependence is neglected though and an effective absorption coefficient µeff (z)
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(ℓ) =

∫

ℓ
x(z) dz, ℓ ∈ L, where L represents the

lines in R
2 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:

Ax = y + ẽ (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
ẽ 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:

x̂ = argmin
x

D(y,Ax) +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 µm resolution, features of the
object that have a size of one pixel are 60 µm 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 SDD

SOD
; 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 ≥ π

2S [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 µeff [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



1

12 CHAPTER 1. INTRODUCTION

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 0.1mm, Cu 0.2mm, Al
0.5mm) from an X-ray source operated with 90kV and 90W.
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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 (x(i), y(i))
of input and target variable. Formally, we want to learn a function h : X 7→ Y , called
hypothesis, mapping from input manifold X to output manifold Y . 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 ŷ 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
Data Provided

Mechanism

Supervised
learning (SL)

Labelled data The algorithm uses the
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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This metric varies depending on the application but a common choice is the mean
squared error:

L(ŷ, y) =
1

m

m
∑

i=1

(

ŷ(i) − y(i)
)2

=
1

m

m
∑

i=1

(

h(x(i))− y(i)
)2

(1.3)

Those datasets are then commonly split into three separate subsets of different
sizes: A training set used to optimize the ML algorithm on with the aim of the
smallest possible loss. A validation set used to fine-tune and compare different ML
algorithms. A testing set used to see how well the chosen algorithm generalizes to
unseen examples. Depending on the available size of the dataset common splits are
60/20/20%, 80/10/10%, or 98/1/1%. It is of vital importance that all these subsets
come from the same distribution to avoid systemic flaws. Particularly, the validation
and testing set should be close to the training set distribution but also to future
unseen examples. This also touches on the widely observed sim-to-real gap [152, 205].
Especially, early computer vision algorithms often used small-scale datasets under
laboratory conditions for their development and lacked the ability to generalize to the
real world. Having good data became therefore of increasing importance and led to
the emergence of the field of data science, a new research area at the intersection of
statistics, computer science, and machine learning devoted to maximizing the value
from vast collections of information [184]. A popular adage of this field is the concept
"Garbage In, Garbage Out", which underlines the idea that the quality of the output
is inevitably connected to the quality of the input.

The acquisition and release of datasets developed into a more and more important
research area and both publishers and conferences devote entire journals and submission
tracks to this. This pays tribute to the fact that the releases of large-scale, open-
source datasets such as MNIST [123], CIFAR [119] and ImageNet [46] have been key
enablers in the field of computer vision that helped the research community to develop
standardized benchmarks and continuously advance the state-of-the-art.

1.4 Machine learning for computed tomography

Over the past decades methods used for solving ill-posed inverse problems such as
reconstructing a CT image from measurement data focused on incorporating regular-
ization, priors and/or learned knowledge to improve the reconstruction quality. In
the beginning, mathematical models for medical image reconstructions were mostly
handcrafted and designed by expert knowledge or hypotheses on the reconstructed
images. After that, hybrid approaches combining handcrafted and data-driven mod-
eling emerged where parts of the models are learned from observed data while they
still mostly rely on human design. More recently, advances in machine learning and
developments regarding available data and computational resources enabled models
which are mostly learned and rely only minimally on human design [225].
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These models, however, require large-scale, versatile, experimental datasets to be
trained on, and the field of X-ray CT lacked such datasets for developing machine
learning methods. Especially two-dimensional, reconstructed CT slices would play an
important role in advancing method development since the corresponding learning
and reconstruction tasks require less computational resources compared to their
three-dimensional counterparts. Generally, a large-scale benchmarking dataset for
2D computed tomography may be a first step to enabling similar breakthroughs in
machine learning based CT image reconstruction.

Deep learning methods for CT image reconstruction have been categorized in different
ways. A book about deep learning for biomedical image reconstruction by Ye et al.
[219] divides models, for example, into three groups: Pre-processing, post-processing,
and raw-to-image, where the CT images are directly reconstructed from the raw
measurement data. On the one hand, the pre-processing methods face challenges, as
analytical reconstruction algorithms are sensitive to errors introduced during the pre-
processing of measurement data, which can lead to the emergence of new artifacts in
the reconstructed images. On the other hand, also post-processing methods encounter
problems, e.g. when the output of classical reconstruction algorithms of suboptimal
data has too severe artifacts to be mitigated, or when they create structures/features
that are not consistent with the data, so-called “hallucinations”. Lastly, the raw-
to-image group encompasses a wide variety of different methods that differ in their
methodological approach and their inherent challenges.

To further clarify the landscape of deep learning approaches for image reconstruction,
a domain-based categorization was proposed by Ravishankar et al. [166], which
classify methods into image-domain learning, hybrid-domain learning, AUTOMAP
[230] (which learns a direct mapping between measurement and image domains), and
sensor-domain learning. While this classification offers insight into where learned
algorithms fit within the process of transforming raw data into reconstructed images
(cf. Figure 1.9a), it mixes different methodological models.

(a) Image-domain Learning. (b) Hybrid-domain Learning

(c) AUTOMAP (d) Sensor-domain Learning

Figure 1.9: Domain-based categorization of deep learning methods for CT image reconstruction.
Adopted from Ravishankar et al. [166]
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Another recent survey [11] focused on this more methodological component in their
general categorisation of supervised learning methods for solving inverse problems
using data-driven models. Following mainly this last classifications, we consider the
following four method categories in chapter 6: post-processing networks, learned /
unrolled iterative methods, learned regularizer methods, plug-and-play methods.

While any strict categorization may overlook or misrepresent certain methodologies
from the literature, such as self-supervised learning or unsupervised approaches, this
framework effectively encompasses the majority of techniques found in the (weakly)
supervised learning literature on data-driven CT reconstructions.

Due to the substantial mathematical and computational differences among the models
outside of these four method categories, we have opted to exclude them from the
comparison analysis presented in chapter 6. To establish a foundation for benchmark-
ing, we prioritize established techniques from these four categories that can serve as
reliable baselines, omitting some newer techniques based on, e.g. transformers and
generative models, as explained in chapter 7.
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1.5 Research questions

In this thesis, we present our contributions to advance learned algorithms for 2D X-ray
computed tomography by answering the research questions outlined in this section.
Below, we indicate how the individual chapters in this thesis deal with the research
questions and how they influenced and built upon each other.

The starting point for our investigations was analyzing the problems in the development
of ML methods for CT. As indicated in the general introduction to machine learning
having good data is of vital importance for developing, training, and testing ML
algorithms for CT reconstruction. However, in the imaging community algorithm
development and data collection often do not go hand-in-hand, but are carried
out by separate institutions with limited interaction. Algorithms are developed on
simulated data and their generalization to real-world tomographic applications are
rarely examined. Therefore, realistic experimental data is highly important but scarce
and its acquisition immensely difficult.
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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 (50 kV, 700 µA, no filter) a) and an
object-tailored acquisition (70 kV, 1000 µA, 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).

A1 A2 A3 S2

PD

Raw projection data / sinograms (PD)

Description of the
scanning geometry

Pre-processing,
reconstruction, and 
segmentation scripts

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

Figure 1.11: Overview of the scope of the 2DeteCT dataset.
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Especially in the field of low-dose CT acquisitions and the denoising of CT data many
of the existing research studies are based on simulated CT data. With the rise of ML
algorithms used for denoising also their training is based on simulated low-dose CT
data and their generalization to real-world experimental low-dose CT data is to be
discussed.
Research question 3:
How does the performance of machine learning methods for denoising differ when
trained on clean and simulated noisy CT data compared to clean and experimental
noisy CT data?

In chapter 5 we utilize the large 2D computed tomography dataset for machine
learning presented in chapter 4. We carry out for the first time a comprehensive
study on the differences between the observed performances of algorithms trained on
simulated noisy data and on real-world experimental noisy data. The study compares
the performance of two common CNN architectures that are trained and evaluated
on both simulated and experimental noisy data (see Figure 1.12). The results show
that sinogram denoising performs better with training on simulated noisy data when
evaluated in the sinogram domain on both experimental and simulated noisy test
data. However, this performance does not carry over to the reconstruction domain
where training on experimental noisy data shows a higher performance in denoising
experimental noisy data. Training the algorithms in an end-to-end fashion from
sinogram to reconstruction significantly improves model performance, emphasizing the
importance of matching raw measurement data to high-quality CT reconstructions.
The study furthermore suggests the need for more sophisticated noise simulation
approaches to bridge the gap between simulated and real-world data in CT image
denoising applications. It gives insights into the challenges and opportunities in
leveraging simulated data for machine learning in computational imaging.
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Figure 1.12: Training and testing scenarios for learned denoising networks (U-/MSD-Net illustrations
adopted from [160]).
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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).
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Figure 1.13: CT Image Reconstruction Tasks.
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2
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 20 keV and 90 keV with a tube current
between 10 µA and 1000 µA; ii) a rotation stage, on which samples of different sizes
(up to 40 cm × 40 cm × 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 µm2 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 µA (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 1× 1 (HW1SW1); 2× 2 (HW2SW1); 4× 4 (HW4SW1)
HWX X ×X pixels are grouped to SWY Y × 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× 114.9mm

Source Object Distance (SOD) ca. 15 mm - ca. 1009 mm

Source Detector Distance (SDD) ca. 139 mm - ca. 1098 mm

Magnification Factor α = SDD
SOD

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×6.38cm×0.32cm
(LxWxH) to fit in a LEGO™ base-plate of 8× 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 4.0mm. 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 ≥ π

2S [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:
voxelsize

SOD
= detectorpixelsize

SDD
to calculate the corresponding scaling factor SOD

SDD
and

to determine whether the object under investigation can fit onto the detector
with this geometry: geometrydiameter = detectorwidth × SOD

SDD
as well as

geometryheight = detectorwidth× SOD
SDD

. 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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3. 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).

4. 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 1.5 keV to 70 keV [93].

5. 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].

6. 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 texp,min; second, the maximal exposure
time restricted by the saturation of the detector texp,max−det; third, the maximal
exposure time restricted by the total available scanning time texp,max−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:

texp,max−time =
ttotal−image−series

(#PPI +#proj) ∗#avg

(2.1)

where the variables are given as:

• texp,max−time - maximal exposure time restricted by the scanning time

• ttotal−image−series - available scanning time for the total image series
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• #PPI - number of pre-processing images which is the sum of all dark and
flat field images (before+after)

• #proj - number of projections

• #avg - number of averages

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.

In this section, we have outlined the essential steps for setting up a CT scan and
choosing suitable acquisition parameters such as SOD, SDD, tube voltage and current,
beam filtration, and exposure time tailored to specific samples. By following these
guidelines, researchers can effectively optimize their CT scanning outcomes while
balancing factors like noise, resolution, contrast, and scan speed. Although some of
the contents of this chapter are specific to the FleX-ray Lab, the extensions can be
implemented in other laboratories as well and the structured approach above can
foster a deeper comprehension of how varying parameters influence the CT scanning
process.
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3
Beam filtration for object-tailored

X-ray CT of multi-material

cultural heritage objects

Computed Tomography (CT) is a non-invasive X-ray imaging technique. The scanning
setup consists of an X-ray source, a detector and a rotation stage on which the object
of interest is mounted. A single X-ray image, also called radiograph or projection, is
created by shooting X-rays at the detector, with the object in between. Part of the
radiation is attenuated by the object, based on material properties such as density,
thickness, and atomic composition. The resulting image on the detector is an overlay
of the materials in the direction of the X-rays. For a CT scan, the object is rotated,
while 2D X-ray images are taken at small angular intervals. Afterwards, computer
algorithms are used to create a tomographic reconstruction of the data. This is a
3D representation of the interior of the object, a grey scale map where the pixel/CT
values represent the relative densities of materials in the object. This 3D image can
for example be viewed as a stack of 2D images, called slices, which show a virtual
cut through the object [79, 83]. Since the development of X-ray CT, its applications
broadened from the medical sector to various other fields, e.g. manufacturing industry,
food industry, and material sciences [196].

This chapter is based on:
M. B. Kiss, F. G. Bossema, P. J. van Laar, S. Meijer, F. Lucka, T. van Leeuwen, and
K. J. Batenburg. “Beam filtration for object-tailored X-ray CT of multi-material cultural
heritage objects”. Heritage Science 11.1 (2023), p. 130.

37
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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 artifacts1.

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 3.1: Heavy visual errors (image artifacts) exhibited by an untailored CT scan of a multi-
material cultural heritage object.

In contrast, objects scanned in the cultural heritage sector are all different in size and
material composition and there is limited knowledge on what is in the object and
what it is made of. As CT scans are typically carried out with laboratory-setups, the
acquisition parameters can be adjusted and researchers can interactively investigate
the effect of these parameter choices [231]. We will show that the aforementioned
challenges can be overcome by tailoring the acquisition parameters to the object
under study. This enables not only cleaner and more expressive 2D X-ray projections
(radiographs) but also more informative reconstructions. Therefore, it is advisable to
analyse the objects to be scanned for taking possible causes of image artifacts into
account (cf. "Background" section).

Contributions The contributions of this work are as follows: Firstly, we briefly
introduce several of the key factors that influence computed tomography image
formation in the context of cultural heritage objects to make this work accessible to a
broad audience including museum professionals as well as X-ray imaging specialists.
We address the underlying physics and discuss the use of filters to manipulate the
emitted X-ray beam to improve image quality for these multi-material objects. This
can be achieved with limited resources in a low-cost DIY fashion as described in the
"Hard- and software" section. 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 (cf. "The case
studies" section), which were scanned at the FleX-ray Lab of the Centrum Wiskunde
& Informatica, Amsterdam, The Netherlands. With this we provide insights and
intuitions on how to design a CT scan and on choosing suitable acquisition parameters,
illustrated by these case studies. Thirdly, we extract a general concept of steps for
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museum professionals to design an object-tailored CT scan for individual cases.

As this work is positioned at the interface between scientific imaging and cultural
heritage, it will be necessary to sometimes make certain obvious statements, to ensure
a common ground of understanding between professionals with different backgrounds
and technical knowledge.

3.1 Background

In this section we will address how the multi-material nature of cultural heritage
objects presents a challenge 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 can hinder effective reconstruction and visualization of the
acquired data but also limit the information or complicate its interpretation. The
three main factors that contribute to lower image quality are (i) the polychromatic
X-ray spectrum and metal artifacts; (ii) the contrast between materials; (iii) noise
and detector saturation.

3.1.1 Polychromatic X-ray spectrum and metal artifacts

The X-ray beam used for CT imaging commonly has a polychromatic nature, meaning
that the beam emitted from the X-ray source emits a spectrum of photon energies.
Exceptions for these polychromatic beams can be found in specialized synchrotron
facilities which generate a monochromatic beam, with photons of one specific energy.
Furthermore, the attenuation of X-ray photons traversing a material is energy depen-
dent. The attenuation coefficient of materials commonly present in cultural heritage
objects decreases as the photon energy increases. [5]

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. However, 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 due to the energy-dependence of the attenuation. This is called
beam hardening and causes a variety of image artifacts. [35, 158]. Two signs of these
beam hardening image artifacts are "cupping" and "streaking". When regions in
the scanned sample appear brighter (higher density) at the edges than at the center
(decreased brightness) this is called a cupping artifact. Streaking artifacts show as
dark and light streaks around structures with a high density. Visual examples of both
image artifacts can be found in Figure 3.2.

An extreme example of such dense materials are metals. The attenuation coefficients
of metals are much higher than those for lighter materials such as ceramics, wood,
or textiles and can lead to incomplete attenuation profiles. In particular, around the
K-edge of metal elements - a sudden increase in X-ray absorption when the energy
of the X-rays is just above the binding energy of the innermost electron shell - the
absorption properties change substantially and cause errors in the reconstructed CT
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Figure 3.2: Simulated scans without (top row) and with (bottom row) beam hardening, showing
that dark streaks occur along the lines of greatest attenuation, and bright streaks occur in other
directions. Also note the subtle "shadows" beneath the surface, which is caused by beam hardening
and is called cupping artifact. Reprinted with permission from [21].

image. Metal objects in the field of view can therefore also lead to severe streaking
image artifacts. This is due to a combination of beam hardening and photon starvation
but can also originate in extreme contrasts within the radiographs. Photon starvation
is an effect where the attenuation of a material is so high that almost no signal for a
given X-ray beam is detected behind the object in some of the orientations. Without
a measured signal, star-like streaks originating in the metal structure appear in the
CT reconstruction (cf. Figure 3.2).

3.1.2 Contrast between materials

The concept of contrast is generally hard to measure and quantify. A common aim
when conducting CT scans is to have a high difference in absorption between the
features of interest inside the object and their surroundings, including the scanning
medium (air, sand, water, etc.) [174]. A high contrast-to-noise ratio (CNR) enables
visual interpretability and might be very case-dependent. For many materials common
in cultural heritage the absorption curve has a steeper slope for lower photon energies.
Therefore, lower photon energies in the X-ray beam enable more contrast between
the different materials [142]. This property can be utilized to achieve higher contrast
between the different materials by creating a beam spectrum with photons whose
energy is low but sufficient to penetrate the object.

3.1.3 Noise and detector saturation

In a CT scan, all angular projections are acquired using a fixed exposure time and
source current, which jointly determine the beam intensity that reaches the detector
after interacting with the object. When acquiring the projection images, it must be
ensured that for each individual projection the detector measures a sufficient signal
across the X-ray image, while at the same time not saturating the detector at any
particular location.
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For a given exposure time, the maximum source intensity is limited by the values
measured at the detector without an object present between the X-ray source and the
detector (the so-called "flat-field"), which should not trigger detector saturation. The
minimum suitable values for intensity and exposure time can be found by rotating the
object to find the line of sight that has the largest attenuation, resulting in the lowest
signal at the detector across the full CT scan. As a rule of thumb, this value should
be at least a factor 2-3 greater than the signal measured with the source turned off
(the so-called "dark-field") or around 5% of the total count range [188].

It is noteworthy that the photons in the low-energy range of the spectrum contribute
to detector saturation, while at the same time may hardly contribute to the actual
signal measured while scanning the object. Filtering out these photons at the source
can therefore be useful in improving penetration of the object while avoiding detector
saturation. Within these limits, increasing the beam intensity will lead to a higher
signal-to-noise ratio (SNR) of the projections, resulting in reduced noise in the
reconstructed CT image.

3.2 Methods

In this section we describe the concepts and resources used for the investigation of
the two case study objects.

3.2.1 Concept of beam filtration

As described in the background section, the interplay between a broad beam spectrum
and the energy-dependent absorption of the sample’s materials can create a range
of image artifacts. In this section, we discuss the concept of beam filtration which
is the placement of materials into the X-ray beam that modify the spectrum of the
beam. We describe how beam filtration can reduce the low-energy portion of the X-ray
spectrum, commonly referred to as "pre-hardening the beam", and allows mainly
higher energy X-rays to pass through the scanned object. This narrows the standard
beam spectrum for CT imaging as well as shifts its mean photon energy towards higher
energies, minimizing image artifacts due to beam hardening and avoiding saturation
of the detector.

The 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 the 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. One well-established compound filter is the so-called
Thoraeus filter, which consists of tin, copper and aluminum at varying thicknesses.
This compound filter can effectively filter out photons carrying an energy of 1.5 keV
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Figure 3.3: Beam spectra of a tungsten target X-ray source with an X-ray exit window made of
300 µm Beryllium simulated by TASMIP software [22]. a) at different tube voltages 50kV, 75kV,
90kV (A continuous distribution of energies composed of Bremsstrahlung photons and discrete lines
of characteristic radiation [for tungsten 58 and 69keV] can be seen. The maximal photon energy
of the beam spectrum is determined by the tube voltage. This maximal energy though is hardly
represented by photons, while most of the photons are at roughly one third of this peak energy); b)
at tube voltages of 50/75kV filtered with either aluminum, copper or tin of varying thicknesses (see
legend); c) at varying tube voltages 60, 65, 70, 75kV filtered with a Thoraeus compound filter of Sn
0.25mm, Cu 0.5mm, Al 0.5mm

to 70 keV [93]. In practice, very low energy photons are filtered out already by the
X-ray tube exit window itself. In Figure 3.3 the beam spectra of a tungsten target
X-ray source operated at different tube voltages and with different filters are shown.

3.2.2 Hard- and software

This explorative study is a collaborative work of conservators, curators and researchers
from the Rijksmuseum, Amsterdam, and CT imaging scientists from the Centrum
Wiskunde & Informatica (CWI) Amsterdam. All scans were conducted in the custom-
built FleX-ray Lab at CWI, which contains a highly flexible X-ray CT scanner,
developed by TESCAN XRE NV [216]. Generally, this laboratory is used to conduct
proof-of-concept studies in the field of mathematics and computer science [43]. The
scanner has three main components: i) a cone-beam microfocus X-ray point source
emitting polychromatic X-rays between 20 keV and 90 keV with a tube current between
10 µA and 1000 µA; ii) a rotation stage, on which samples of different sizes (up to
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Figure 3.4: Scanning setup for the case study objects in the FleX-ray scanner

40 cm×40 cm×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 µm2 each, onto which the X-rays are projected.
The off-set counts (“dark currents”) and the maximal readout of this detector are
given by ∼ 1, 000 and 65,000 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 3.4.

We point out that the maximum tube voltage available for the FleX-ray scanner is
lower than other commercial systems that range between 40 to 225 kV. The purpose
of this work however is to investigate the two case study objects and to give general
guidance on designing object-tailored CT scans. Particular results will be dependent
on the individual scanners used. Specifically, the available maximum tube voltage
will have a strong impact on the ability to penetrate the objects. For some of the
experiments in this work the maximum tube voltage of the FleX-ray scanner limits
the shaping of the beam spectrum tailored to the given materials in the objects
but because of their small thickness, it was possible to reduce the metal artefacts
sufficiently to reveal the layers and other materials in the object.

For the purpose of beam filtration we designed an extension to the current FleX-ray
Lab setup to have a stable, exact and reproducible way of filtering the X-ray beam.
The key idea is to attach a tool on the X-ray tube that enables to place various
filters into the beam line. These filters should be held in a fixed position and also
the use of multiple filters of different materials and thicknesses should be possible.
Therefore, we modelled a beam filter holder for 3D printing, which can be mounted on
the tube, and corresponding filter frames in which the filter materials can be clamped
in. Similarly to a slide projector these filter frames can then be placed into one of
five slits of the beam filter holder. We designed the filter frames so that they are
always tightly positioned within the slits and can host filter materials with a thickness
ranging between 0.1 and 4.0mm. The technical drawings can be found in Figure 3.5
and the construction files can be made available upon request.
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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:

I =
P −D

F −D
(3.1)

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.

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× 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 µm (green velvet purse) and 45.0 µm (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 [8].

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
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Figure 3.7: From left to right, top to bottom: Radiographs of the "Green velvet purse" with
different tube voltages between 20kV and 50kV in 5kV steps with the same tube current (1000 µA),
same exposure time (200ms) and no filtration.

drawstring of braided gold thread with a silver core. These metal parts in particular
make it difficult to scan and have to be investigated with radiographs to make sure that
there is limited photon starvation and that sufficient radiation reaches the detector.

Insights and intuitions on the scan design and acquisition parameter choices. To de-
termine the minimal photon energy necessary to penetrate the object, we empirically
determined the rotation of the scanned object under which we observe the lowest
detector counts. This corresponds to the largest attenuation in the line of sight and
was found to be in the orientation visible in Figure 3.7 where the braided gold/silver
wire balls overlay the drawstring outline. In this orientation we increased the tube
voltage with steps of 5kV while observing the minimal detector count.

We observed that for tube voltages between 20 and 40 kV the object is not well
penetrated resulting in dark/occluded areas where almost no signal was detected
behind the object in this line of sight. When using tube voltages above 40 kV we see a
sudden increase in the minimal count which implies that a minimal photon energy of
40/45 keV is needed to penetrate all regions of the object in this orientation and in the
current configuration of Source-Object-Distance (SOD) and Source-Detector-Distance
(SDD). Simultaneously, we observed that without filtration the detector is saturated
for a tube voltage of 50 kV and a tube current of 1000 µA.

Furthermore, we reviewed the material composition of the scanned object, i.e. silver
and gold, and their main K-edges lie at 25.51 keV and 80.72 keV. To exclude these
photon energies, the tube voltage should be set below 80 kV and the filtration should
be chosen such that it filters out all photons below an energy of e.g. 30 keV to exclude
the silver K-edge. We point out that a tube voltage of 80kV is low for these materials
and realize that such low tube voltages are a limiting factor for penetrating thick
layers of metal but for our particular CT-system the tube voltages available are bound
by regulatory requirements. However, thin layers of metal as presented by the case
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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. 85 keV.

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 50 kV and a tube current of 700 µA. A second choice aiming for better object
penetration would be choosing a higher tube voltage of 75 kV as well as a reduced
tube current of 200 µA 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 µA 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 200ms. 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 ∼ 25 keV to ∼ 60 keV 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)



333

50 CHAPTER 3. OBJECT-TAILORED

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 50 kV to 75 kV 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 75 kV 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 40/45 keV and the chosen Thoraeus filtration filters
out photons with energies between 1.5 keV ≤ Ephot ≤ 40 keV. 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 50 kV 50 kV 75 kV 75 kV 75 kV 75 kV
Tube current 700 µA 700 µA 200µA 1000 µA 1000 µA 1000 µA

Filters None Al 0.5mm None Cu 0.5mm Sn 0.25mm

Sn 0.25mm
Cu 0.5mm
Al 0.5mm

Camera settings
Exposure time 200ms
Nr. of projections 2881
Nr. of averages 1
Geometry
Source-Object-Distance (SOD) 447mm
Source-Detector-Distance (SDD) 609mm
Object voxel size 54.9 µm
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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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object’s analysis because of the limited beam hardening and photon starvation artifacts.
This is also visible in the histograms of the reconstructed slices (cf. Figure 3.8 which
show that less pixels have negative or very high values in comparison to the majority
of the pixels in the object-tailored scan 6. With more available scanning time the
noise level can be compensated by increasing the exposure time but could not be done
for our experiments because of time restrictions regarding the scanning of the cultural
heritage objects.

Significance for the image interpretation and analysis of the object. Through the object-
tailored CT scan (scan 6), in which the shadows caused by the metal thread trimmings
were filtered out, it was possible to closely examine the interior of the purse. In both
the unfiltered and filtered reconstructions, it became clear that the purse itself is not
hollow, but instead stuffed with several layers of a certain material. Counting the
layers and identifying the material of this stuffing was complicated in the unfiltered
scan, due to the image artifacts introduced by beam hardening. In the filtered recon-
struction, it was possible to identify 11 layers of a non-woven material. The fact that
this material showed irregular thicknesses, no evidence of weaving, and no different
properties on its different sides, as would be the case for leather, strongly suggests
that felt was used.

It was possible to identify a leather lining on the pouch on the front of the object. The
CT scan, however, clearly revealed that this lining was only attached at the top and
bottom of the pouch, and detached throughout the rest of the pouch (cf. Figure 3.8).
The velvet is furthermore damaged in certain parts, and repaired with a paper-like
material with a matching green colour.

The object-tailored CT scan allowed through its artifact reduction for an easier analy-
sis of the cultural heritage object, for the identification of the filler material based
on its structural characteristics as well as provided insights into its build-up. While
it was possible to disprove the hypothesis of the purse being hollow and made for
holding scissors or other small objects, its precise use remains unknown for now.

Case study object 2: "Purple velvet knife holder"

This early-17th century purple velvet knife holder is elaborately decorated with gold
and silver embroidery, and freshwater seed pearls in floral motifs. The removable cap
reveals golden decorations of two hands holding a flaming heart and three internal
compartments, the contents of which are unfortunately lost. The question arises
what it could have contained, besides presumably a knife and a fork, the case being
too narrow to contain a spoon unless quite small and shallow. The materials used,
and type of decorations present, are reminiscent of a contemporaneous pouch at the
Rijksmuseum (BK-NM-11110).

The CT scan was conducted to investigate the construction and material composition
of the velvet knife holder. The shape and depth of the third cavity might provide
insight into what kind of third object the case once held. Additionally, we wanted
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Figure 3.9: Radiographs of the 0 degree and 90 degree position of the knife holder with same tube
voltage (35 kV), the same tube current (1000 µA), same exposure time (100ms) and no filtration.

to discover if the textile was pre-embroidered and how it was attached to the case.
The answers to these questions can be found in the section Significance for the image
interpretation and analysis of the object.

The Rijksmuseum knife holder has dimensions of roughly 22.0 cm in length, a maximum
of 3.4 cm in width and a maximum of 2.5 cm in thickness. The relevant materials used
are paper or wood in its interior, with a velvet exterior decorated with gold and silver
thread as well as small pearls.

Insights and intuitions on the scan design and acquisition parameter choices. For this
second case study object, the availability of prior information of scanning a similar
object (case study object 1) in terms of materials (velvet, leather, gold/silver threads)
simplified the scan design process. In contrast, the dimensions of this object were a
bit different. A reconstruction with a standard, untailored parameter selection, which
exhibits severe image artefacts, was already shown in Figure 3.1. Here, we will focus
on the importance of choosing the correct rotation and the trade-off regarding the
fine tuning of the tube voltage. The impact of the different parameter choices will be
shown with the corresponding beam spectra, radiographs and reconstructions.

The purpose of the radiographs shown in Figure 3.9 is to illustrate the importance
of quantitatively determining the respective minimal count that corresponds to the
largest attenuation in the line of sight. Although it might be non-intuitive the 0 degree
position is causing a higher attenuation than the one in the 90 degree position. With-
out determining this rotational position there might be lines of sight where the object
is not penetrated sufficiently. This can lead to image artifacts due to photon starvation.

After finding this rotational position we determined the minimal photon energy needed
to penetrate the object again. We observed that the needed minimal photon energy
is 35/40 keV and that with no filtration for a tube voltage of 60kV our detector was
already saturated. For a tube voltage of 50 kV we saw sufficient minimal detector
signal when not taking the object’s characteristics into account. But with prior
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knowledge from the previous case study we decided again to use a "Thoraeus filter"
and to stay below a tube voltage of 80 kV because of the K-edges of gold.

To illustrate the trade-off between the reduction of beam hardening image artifacts,
improved contrast, and reduced noise we designed four CT scans with identical
acquisition parameters which only differ in their respective tube voltage (see Table
3.2). To have enough signal we had to choose the maximal tube current of 1000 µA
for all of them. 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 200ms

Table 3.2: Acquisition parameters of the scans of case study 2: "Purple velvet knife holder"

Scan 1 Scans 2-5
Beam parameters
Tube voltage 50 kV 60/65/70/75 kV
Tube current 500 µA 1000 µA

Filters None

Sn 0.25mm
Cu 0.5mm
Al 0.5mm

Camera settings
Exposure time 200ms
Nr. of projections 2881
Nr. of averages 1
Geometry
Source-Object-Distance (SOD) 234mm
Source-Detector-Distance (SDD) 389mm
Object voxel size 45.0 µm

The impact of the different parameter choices can be already seen in the corresponding
beam spectra in Figure 3.3 and will be described and illustrated in more detail in the
radiographs and reconstructions in Figure 3.10. When looking at the four different
beam spectra it can be seen that three important changes are introduced: (i) The
change of the maximal photon energy in the spectrum; (ii) the change of the mean
photon energy in the spectrum; (iii) the change in overall intensity of the beam. This
will influence the penetration of the X-ray photons in the object, the contrast of the
images, and the overall SNR.

Radiographs and reconstructions of case study 2: "Purple velvet knife holder". In
Figure 3.10 we show the results of our investigation trying out different tube voltages
between 60 and 75 kV while keeping all other acquisition parameters the same. This
was done since for many materials common in cultural heritage the absorption curve
has a steeper slope for lower photon energies. This leads to higher contrast between
the different materials. The radiographs in Figure 3.10 show, similarly to the beam
spectra in Figure 3.3, that with lower tube voltage also the overall signal decreases
which makes the radiographs a bit more noisy. For tube voltages of 60 or 65 kV the
signal measured by the detector is very low and is even close to the dark currents of
our detector.

At the same time the change of tube voltage influences the extent of the beam
hardening image artifacts due to the shift of the mean and maximal photon energy in
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Figure 3.10: From top to bottom: Reconstruction slices and radiographs of the "Purple velvet knife
holder" of scans 2 - 5 with the specific acquisition parameters listed in Table 3.2.The cross-section
images shown are taken from slice 1084.
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the beam spectrum. Whereas for scans 4 and 5 there are almost no image artifacts
present in the inside of the object, scans 2+3 show more dominant image artifacts.
Also, the beam hardening image artifacts in the cavities close to the outer casing are
more prominently visible for these two. Nevertheless, there is an increased contrast
noticeable between the different materials. This shows that there is a trade-off between
having less image artifacts, improved contrast and reduced noise. Scan 4 exhibits a
reduction of beam hardening effects with overall acceptable noise as well as contrast
levels and was found qualitatively the best trade-off between these objectives.

Significance for the image interpretation and analysis of the object. A clear improve-
ment is noticeable when comparing the unfiltered reconstruction slices of scan 1 with
the filtered reconstruction slice of scan 4. In the scan 1 reconstruction (as presented
in Figure 3.1), features of the inner structure are hard to interpret as a result of the
image artifacts introduced by beam hardening. In the scan 4 reconstruction, however,
these features are more well-defined and easier to distinguish.

This difference in scan quality, supplemented with visual observation of the object,
allowed us to gain a better understanding of the materials used and the construction
of the object. The three compartments are separate cylindrical shapes, made from
(possibly stiffened) paper, that are inserted into a leather outer shell that holds them
together. The velvet exterior is attached to this leather outer shell, presumably using
glue. The middle cylinder, or cavity, gets pressed together by the adjoining cavities, as
the case gets narrower towards its bottom. The shape of the cavities did not give any
indications on what the third object could have been that the knife holder once held.
The crisp features of the filtered reconstruction allowed us to investigate whether the
leather outer shell had any holes, indicating that the exterior was embroidered after
attaching it to the object. As no holes were found, however, we concluded that the
pearls and floral motifs were applied to the velvet prior to it being glued to the object.
The golden plated strips running along the sides of the case covering the seams could
perhaps be added after application, as these are most likely glued onto the velvet as
opposed to being stitched.

3.3.2 General concept of steps for an object-tailored CT scan

With the insights and intuitions we gained while investigating the two case study
objects, testing various acquisition parameters and observing their influence on the
CT image formation, we reflected on a general concept of steps for designing an
object-tailored CT scan. Although all investigations were carried out for a specific
CT system as well as specific objects and need to be optimized for individual cases,
the following six steps can guide cultural heritage professionals through the process of
finding suitable CT acquisition parameters:

1. Determine a suitable SOD and SDD to achieve the desired resolution in the CT
reconstruction of the object under investigation. Please be aware that a later
change in the tube current or exposure parameters might affect the focal spot
size and reduce your resolution.
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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,
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current and longer exposure times since it prevents the X-ray detector to become
saturated through the low-energy photons in the beam spectrum.

The results presented in this manuscript are of course for a specific CT system as
well as specific objects and need to be tailored to new individual cases. With the
concept of steps for an object-tailored CT scan design we provided a short guidance
for this, while the two case studies provide insights and intuitions on choosing suitable
acquisition parameters that take the objects’ characteristics into consideration and
improve image quality in CT reconstructions.
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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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able to reach a high number of acquired CT reconstruction slices. This requires the
ability to automate the acquisition process as much as possible.

In this work, 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: The first step was to choose suitable scan pa-
rameters for the acquisition such as beam filtration, X-ray tube voltage and current,
detector exposure time, binning and averaging, the number of projection angles and
source, object and detector positions. The aim behind these choices was to acquire
a rich projection dataset for each image slice that can be used for a wide range of
imaging tasks such as supervised or unsupervised denoising, sparse-angle scanning,
beam-hardening reduction, super-resolution, region-of-interest tomography or seg-
mentation. It therefore provides a starting point for algorithm development with
realistic experimental data. As a second step, a scanning object had to be designed in
such a way that 2D slice scans resemble image features found in medical abdominal
CT scans. For this a cylindrical tube was filled with a mix of samples of similar
density but different shapes immersed in a powder. In the third step, an experimental
set-up and a script generator program was developed that allowed to automate 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 we acquired
5,000 slices over a duration of almost five months. Each of these slices was acquired in
three different acquisition modes resulting in "clean", "noisy", and "artifact-afflicted"
reconstructions. Furthermore, additional 750 out-of-distribution (OOD) slices were
acquired, for which each ingredient was scanned separately, and scans with different
parameters and/or samples were designed. This was done to accommodate robustness
tests or help with segmentation / foreign object detection tests.

To make this dataset accessible to a broad range of researchers including those who
do not have high-performance computing facilities readily available, we provide also
reference reconstructions and segmentations, additionally to the raw projection data
in sinograms and an implementation of the complete computational pipeline based on
open-source software (cf. Figure 4.1).

The structure of this work is as follows: The section "Experimental design" describes
the overall study design, the experimental design of the acquisition and data processing
protocols. In the section "Data records" the file structure of the data collection is
described, while the "Usage notes" section contains all details on how to access and
use it.
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Figure 4.1: Overview of the scope of the 2DeteCT dataset.

4.1 Methods

4.1.1 X-ray computed tomography scanner

The data collection has been acquired using a highly flexible, programmable and
custom-built X-ray CT scanner, the FleX-ray scanner[43], developed by TESCAN-
XRE NV (https://info.tescan.com/micro-ct), located in the FleX-ray Lab at the
Centrum Wiskunde & Informatica (CWI) in Amsterdam, Netherlands. It consists
of a cone-beam microfocus X-ray point source (limited to 90 kV and 90 W) that
projects polychromatic X-rays onto a 14-bit CMOS (complementary metal-oxide
semiconductor) flat panel detector with CsI(Tl) scintillator (Dexella 1512NDT, [131])
and 1536× 1944 pixels, 74.8 µm2 each. To create a 2D dataset, a fan-beam geometry
was mimicked by only reading out the central row of the detector. Between source
and detector there is a rotation stage, upon which samples can be mounted, cf. Figure
4.2. The machine components (i.e., the source, the detector panel, and the rotation
stage) are mounted on translation belts that allow the moving of the components
independently from one another. Furthermore, we developed an in-house software
toolbox for designing executable scan scripts for the scanner. With these, the scanner
performs sophisticated acquisition protocols automatically without human intervention.
The acquisition procedure that we programmed with this toolbox will be described in
more detail in the "Data acquisition" section.

4.1.2 Experimental design

The three general aims of this data collection are as follows. First, to provide the
computational imaging community with a dataset that encompasses raw experimental
measurement data that can be used to develop and test techniques in CT imaging for
real world applications. These also include medical CT by producing similar image

https://info.tescan.com/micro-ct
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Figure 4.2: FleX-ray Lab: the computed tomography set-up used for the data acquisition. 1)
cone-beam X-ray source; 2) Thoraeus filter sail; 3) Rotation stage; 4) Sample tube; 5) Flat panel
detector. The objects 1, 3, 4, and 5 move from their red transparent front position to the mid position
for the acquisitions of mode 3. In both positions 3,601 projection images per slice are taken while
the object rotates 360 degrees.

features and contrast in the dataset slices as exhibited in medical abdominal CT
scans. Second, the possibility to expand the current scope of the dataset by adding
more detailed multi-class segmentations or by adding more slices with the same or a
different sample mix because of a reproducible setup. Third, to have a large enough
dataset such that it can be used for developing deep learning algorithms for different
computational imaging applications, including low-dose acquisition, limited or sparse-
angle scanning, beam-hardening artifact reduction, super-resolution, region-of-interest
tomography or segmentation. The three key features to achieve this were firstly, the
design of a semi-automatic data acquisition; secondly, finding a scanning object and
sample mix that is both, diverse enough as well as stable over the long scanning
time; and thirdly, creating a scanning setup and experimental design that enables
the aforementioned applications. A total of 9 months went into the experimental
design, developing and scripting the semi-automatic data acquisition, selecting and
testing the different samples, designing the scanning setup and determining suitable
acquisition parameters.

Semi-automatic data acquisition

To maximize the number of scanned CT slices it was strictly necessary to limit the
amount of human intervention during the data acquisition. The idea was to use the
flexibility of the scanner and its ability to be scripted to automate the acquisition
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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.

Object Density (g/cm3)
Cardboard tube 0.689
Cereal coffee powder 0.260
Banana 0.422
Coffee beans 0.432
Walnut 0.494
Almond 0.507
Raisin 0.612
Fig 0.629
Lava stone 1.5 - 1.9*
*depending on its porousness of 20 – 50%

Table 4.1: Reference densities of the final
sample mix as published by the Agricultural
Research Service of the U.S. Department of
Agriculture (https://www.aqua-calc.com)

To fulfill these requirements a variety of dried
fruits and nuts were scanned and their ap-
pearance as well as their relative intensities in
the reconstructed image slices were evaluated.
Although the actual attenuation coefficients
of the samples are not the same as for organs,
bones and connective tissue in medical CT
scans, the ratio between dense and soft re-
gions are similar. Furthermore, some of the
dried fruits and nuts have shapes that resem-
ble organs, e.g. walnuts resembling brain tis-
sue. The tested samples included: dried apri-
cots, bananas, dates, figs, mangoes, raisins,
and coffee beans as well as almonds, cashews,
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.

Sample
Mix 1

(slices 1 - 1,800)
Mix 2

(slices 1,801 - 3,720)
Mix 3

(slices 3,721 - 5,000)
Mix OOD

(slices 5,521 - 6,370)
Cereal coffee powder 400 g 400 g 400 g 400 g
Banana 75 g 79 g 80 g 80 g
Coffee beans 60 g 58 g 54 g 54 g
Walnut 84 g 73 g 79 g 79 g
Almond 117 g 112 g 111 g 111 g
Raisin 111 g 100 g 110 g 110 g
Fig 282 g 285 g 290 g 290 g
Lava stone 171 g 154 g 177 g 177 g

Fresh fig 0 g 0 g 0 g 5 pieces*
Grape 0 g 0 g 0 g 121 g*
Hazelnut 0 g 0 g 0 g 105 g*
Pistachio 0 g 0 g 0 g 87 g*
Peanut 0 g 0 g 0 g 55 g*
Titanium prostheses screws 0 g 0 g 0 g 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 (109.4mm) a cardboard tube
with 10 cm inside diameter and 34 cm of height was used. To prevent unwanted
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scattering from the aluminum sample stage the sample tube was elevated by a few
centimeters with a 3D-printed PETG sample stage cylinder of 50.0mm in height. To
ensure that the setup remains the same this cylinder can be steadily and reproducibly
positioned into a carved out circle on the sample stage and the cardboard tube was
positioned centrally onto this sample stage cylinder using superglue.

For the additional 750 out-of-distribution (OOD) slices, each ingredient in the mix was
scanned separately and new samples were included to accommodate robustness tests
or help with segmentation or foreign object detection tests. The OOD sample objects
were fresh figs, grapes, hazelnuts, pistachios, peanuts and titanium prostheses screws.
The latter were chosen to have objects in the sample mix that create even more severe
artefacts than the lava stones and furthermore are used in clinical practice.

Scanning setup and parameter choices

The scanning setup had to be designed in such a way that the different application areas
for the data collection could be served. Namely, denoising, sparse-angle scanning, beam-
hardening reduction, super-resolution, region-of-interest tomography or segmentation.
Since data for sparse-angle, super-resolution and region-of-interest tomography can
be generated from scans with a large amount of angle projections and high resolution,
the objectives were to acquire at least a noisy, a beam-hardening artifact-inflicted and
a "clean" scan as a ground truth and starting point for constructing a high-confidence
segmentation.

Therefore, data has to be acquired in three different acquisition modes: Mode 1 being
the noisy, low-dose acquisition; mode 2 being the clean, high-dose acquisition; and
mode 3 being the beam-hardening artifact-inflicted acquisition. To achieve both
beam-hardening artifact-inflicted and "clean" images from the same sample it is
necessary to scan with and without beam filters. Since the FleX-ray scanner does not
encompass an automatic filter wheel we developed a new kind of setup within our
scanner cabinet. To be able to scan multiple vertical slices with a filter we built a
"filter sail" which was placed between the X-ray tube and the sample tube. Since the
source, rotation stage and detector can be moved at the same time it was possible to
get this filter sail into the beam axis without human interaction during the process
(cf. red arrows in Figure 4.2).

For this a second scanning position in the scanning cabinet was identified which is
located in the front instead of the middle of the scanner (on the transversal axis).
After testing that this scanning position yields indistinguishable results with otherwise
identical acquisition parameters to the "mid position" a scanning script was developed
that will move between these two position depending on which acquisition mode shall
be used at that moment.

The "front position" was used for mode 1 and 2 whereas mode 3 was acquired in the
"mid position". This distinction was necessary since mode 1 and 2 require a filter
setup while measurements in mode 3 are acquired without a filter. This means in the
"front position" the X-rays go through the filter sail whereas in the "mid position"
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they are not filtered. To limit the time spent on motor movements the scans were
carried out in batches of 10 slices in each mode.

The next choice for the scanning setup regarded the positioning within the scanner
cabinet and encompassed three objectives: Sufficient photon flux, high resolution, and
good detector coverage. These are mainly influenced by two parameters, the so-called
Source-to-Object Distance (SOD) and Source-to-Detector Distance (SDD). The bigger
the SDD is, the more parallel the beam geometry is. At the same time though the
photon flux decreases. While it is desirable to have a parallel beam geometry, a
decrease in photon flux necessitates longer scanning times or the noise increases which
prolongs the data acquisition significantly. The SOD and its ratio with the SDD, called
magnification factor mag = SDD

SOD
, determine the resolution of the scan. This means

what length inside the object is covered by one detector pixel det and accordingly, the
resolution can be calculated as follows: res = det

mag
. We strived to maximize spatial

resolution subject to the constraint that the size of the scanned object does not exceed
the size of the detector.

The positioning of both sample tube and detector was limited by the dimensions of
the inside of the scanner, the sample tube, the size of the detector, and the possible
motor movements. With a minimal motor position distance between detector and
rotation stage of 63mm on the magnification axis, 529mm was found to be a suitable
SDD and increasing the distance to the sample tube to an SOD of 431mm increased
the footprint of the scanned object with respect to the width of the detector. This
resulted in a sufficient photon flux and a resolution of 60.95 µm3. Although the size
of our scanning object (10 cm diameter) is much smaller than a patient’s body in
medical CT scans (up to 50 cm diameter) the ratio between the typical resolution and
size are comparable (60 and 300 µm respectively).

After the selection of the sample mix and sample tube as well as the positioning
suitable beam parameters for the desired application areas had to be found. Two
main problems arise though for the chosen scanning setup and experimental design:
Firstly, lab X-ray sources emit a spectrum of X-ray energies. They have a so-called
polychromatic beam in contrast to synchroton facilities which have a monochromatic
beam consisting only of X-rays of one distinct energy [5]. The broader the beam
spectrum is, the larger the occurring beam hardening effects are [35, 158]. Secondly,
low energy photons are absorbed more strongly by larger objects limiting the amount
of detected photons. Therefore, a low average beam energy leads to high noise.
Hence, the beam spectrum of the X-rays needed to be optimized to produce "clean"
reconstructions with limited noise and beam-hardening artifacts.

For this different combinations of tube voltage and filters to shape the beam spectrum
were tested. First, the lower bound of the X-ray energy required to penetrate the
object was determined. A tube voltage of 40.0 kV produced virtually no signal on the
detector and the noise was too high. For a tube voltage of 60.0 kV and maximum
current of 1000 µA a sufficient amount of photons was measured, but without using
filters noticeable beam hardening artifacts were observed in the reconstructions. Next,
the tube voltage was set to the maximum of 90.0 kV and beam filtration was used
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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 (0.01mm - 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 1.5 keV to 70.0 keV. 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 = 0.5mm. To have sufficient signal the tube current
had to be set again to the maximum of 1000 µA. 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.
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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 µm 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
140 kV and sometimes also use tin filtration between 0.4 and 0.8mm [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 µA resulting
in a tube power of 3.0W. 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 400mAs
[168]. The clean, high-dose acquisition of mode 2 has a “tube current”-“exposure
time” product of ∼ 18.0mAs, whereas the one of the noisy, low-dose acquisition of
mode 1 is given by 0.6mA 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 π/2[94], which amounts to 1912 × π

2 = 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 50ms (20Hz) 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 90.0 kV 90.0 kV 60.0 kV 90.0 kV
Tube power 3.0W 90.0W 60.0W 1.5W
Filters used Thoraeus*1 Thoraeus No Filter Thoraeus

Exposure time 50.0ms
Effective detector pixel size 74.8 µm
Source to object distance *2 431.020mm

Source to detector distance *2 529.000mm
Number of projections 3601

Angular increment 0.1 deg

Table 4.3: Summary of the acquisition parameters used. *1 (Thoraeus = Sn 0.1mm, 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
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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 1mm 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:

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

• "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.

• "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. mode1 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 both dark-
and flat-fields are acquired the pixel sensitivities and dark currents of the individual
detector should not play a role. Table 4.4 lists which slices have been acquired on
which detector and with which sample mix.

4.1.4 Computational processing

The above described data acquisition process yielded a total of 540,195,000 files for
the 5,000 standard slices in three modes each. The scanning of every slice produced
per mode 3,601 projection data files (images of size 1 x 1912 in TIFF format) and for
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every 1st and 10th slice of a 10-slice-batch per mode there are either an additional
pre-batch dark- and flat-field or an additional post-batch flat-field, respectively.

Sinogram production

To facilitate using the data collection, the 3,601 projection data files for one slice and
mode were combined into one sinogram (image of size 1912 x 3601 in TIFF format)
and stored in a folder together with copies of the dark- and flat-fields which belong
to the respective 10-slice-batch. The script used for this (sinogram_production.py)
can be found on GitHub: https://github.com/mbkiss/2DeteCTcodes.

Reconstruction production

The sinograms contain the raw photon counts per detector pixel that have to be
corrected by offset counts (“dark currents”) via the dark-field (D) and pixel-dependent
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Figure 4.4: Visualization of the scanning procedure.
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Sample Detector 1 Detector 2
Mix 1 (slices 1 - 1800) slices 1 - 1800 -
Mix 2 (slices 1801 - 3720) slices 1801 - 2830 slices 2831 - 3720
Mix 3 (slices 3721 - 5000) - slices 3721 - 5000
Fig (OOD Pure) slices 5521 - 5570 -
Almond (OOD Pure) slices 5571 - 5620 -
Banana (OOD Pure) slices 5621 - 5670 -
Raisin (OOD Pure) slices 5671 - 5720 -
Walnut (OOD Pure) slices 5721 - 5770 -
Coffee beans (OOD Pure) slices 5771 - 5820 -
Lava stone (OOD Pure) slices 5821 - 5870 -
Mix 3 (OOD Noise) - slices 5871 - 5920
Titanium prostheses screws (OOD Mix 3) - slices 5971 - 6070
Peanut (OOD Mix 3) - slices 6121 - 6170
Pistachio (OOD Mix 3) - slices 6171 - 6220
Hazelnut (OOD Mix 3) - slices 6221 - 6270
Grape (OOD Mix 3) - slices 6271 - 6320
Fresh fig (OOD Mix 3) - slices 6321 - 6370

Table 4.4: Overview of all slices in the dataset assigned to their respective sample mix and
used detector.

sensitivities via the flat-fields (F). According to the following formula the combined
sinograms (S) can be corrected and converted into a beam intensity loss image (I)
following the Beer-Lambert law after applying the negative logarithm to it:

y = − log (I) = − log

(

S −D

F −D

)

(4.1)

The conversion of the sinograms into beam intensity loss images can in some cases
yield negative or zero pixel values which were then replaced by the value 1× 10−6 to
ensure strictly positive values as a pre-requisite for the subsequent negative logarithm
transform. Although the filtered back-projection (FBP) is a widely used analytical
technique to solve the inverse problem of CT reconstruction, noisy and beam-hardening
artefact-inflicted measurements yield reconstructions with streaking artifacts. [33]

Therefore, the reconstructions for each slice were obtained by using an iterative
reconstruction technique to solve a non-negative least squares (NNLS) problem using
100 iterations of Nesterov accelerated gradient descent [151] with a step size of τ = 1/L,
where L is the Lipschitz constant of the forward operator. The forward and backward
projection operators were implemented using the CUDA kernels in the ASTRA toolbox.
All reference reconstructions were computed from downscaled sinograms (956×3, 601),
yielding reconstructions of 1, 024 × 1, 024 to limit the memory size of the dataset.
To reduce the extent of artifacts - especially due to beam hardening in mode3 - a
reconstruction plane of 233.0mm2 was used that was resolved by 2, 0482 pixels of
physical size 113.8 µm2. After the reconstruction the images were cropped to the
central square of 1, 024× 1, 024. The computation for one reconstruction took about
63s on a NVIDIA GeForce RTX 3070 with 8GB of GDDR6 memory and an Intel Core
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i7-10700KF 8-core processor. The total dataset was reconstructed on a gpu-server
with 4 NVIDIA GTX 1080Ti (11GB) and 2x Intel Xeon 8-core processor in 83.25
hours. Examples of reconstructed slices are shown in Figure 4.5. The reconstructions
for mode1 display a strong noise due to the limited amount of photons while image
slices for mode2 appear clean, noise- and artifact-free and those for mode3 exhibit
strong beam-hardening artifacts.

Figure 4.5: From left to right: Sinograms and reconstructions from slice 1661 (mode1 -low-dose),
slice 4300 (mode2 - artifact-free), slice 560 (mode3 - artifact-inflicted) and segmentation of slice 4300
based on the mode2 reconstruction. To illustrate the variation in the sample mix we selected different
slices for each mode.

Segmentation production

The reference 4-class segmentation is based on the noise- and artifact-free reference
reconstructions of mode2. The segmentation distinguishes between background, tube
wall, filler material and sample mix objects and is created in six steps. First, a fixed
mask for the tube wall is matched to the correct location within the respective slice
by maximizing the total sum of the overlap between the mask and the reconstruction
via the Nelder-Mead simplex algorithm [65]. Second, everything outside of the
tube wall is classified as background. Third, the sample mix objects and tube wall
are identified by applying a thresholding algorithm based on average thresholds
[0.00110607, 0.00407358] found through a three-class multi-otsu thresholding [129] for
some sample slices. Fourth, the sample mix objects are distinguished by removing
the tube wall and background from the thresholding segmentation. Fifth, the filler
material is identified by removing all other classes from the whole image. Sixth,
after checking that all pixels are classified once but not more than that the four-class
segmentation is put together and integer values are assigned to the different classes.

The values are: background - 1, tube wall - 2, filler material - 3, sample mix objects -
4. The computation for the segmentation of the total dataset took about 4.25 hours
on a NVIDIA GeForce RTX 3070 with 8GB of GDDR6 memory and an Intel Core
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i7-10700KF 8-core processor. An example of such a four-class segmentation is shown
in Figure 4.5.

4.2 Data records

The 2DeteCT dataset is published as open access on zenodo (https://zenodo.org)
in 12 repositories. The complete data collection is organized as follows: There are a
total of 5,000 slices with standard sample mix and standard acquisition parameters
which are split into 10 ZIP archives containing 1,000 slices each. Additionally there
are 750 OOD slices which are split into two ZIP archives. To simplify the usage of the
data collection the raw projection data are split from the reference reconstructions
and segmentations. Each of the raw data archives is ca. 40 GB in memory size and
the corresponding reference reconstructions and segmentations amount to ca. 12 GB
archives. The separate DOIs for the raw data are as follows: Slices 1 - 1,000 [102],
slices 1,001 - 2,000 [104], slices 2,001 - 3,000 [106], slices 3,001 - 4,000 [108], slices
4,001 - 5,000 [110], OOD slices 5521 - 6370 [112]. The reference reconstructions and
segmentations can be found under these DOIs: Slices 1 - 1,000 [103], slices 1,001 -
2,000 [105], slices 2,001 - 3,000 [107], slices 3,001 - 4,000 [109], slices 4,001 - 5,000
[111], OOD slices 5521 - 6370 [113]. Each slice folder slice00001 - slice05000 and
slice05521 - slice06370 contains three folders for each mode: mode1, mode2, mode3.
In each of these folders there are the sinogram, the dark-field, and the two flat-fields
for the raw data archives, or just the reconstructions and for mode2 the additional
reference segmentation.

• sinogram.tif is a 16-bit unsigned integer TIFF file of shape 1, 912 × 3, 601
containing the measured projection data of 3,601 projections acquired in a full
rotation of 360◦ combined into one sinogram (cf. Figure 4.5); size: 13,460KB.

• dark.tif is a 16-bit unsigned integer TIFF file of shape 1, 912× 1 containing
the dark-field measurement; size: 3.82KB.

• flat1.tif and flat2.tif are 16-bit unsigned integer TIFF files of shape
1, 912× 1 containing the flat-field measurements before and after every 10-slice-
batch scanned; size: 3.82KB.

• reconstruction.tif is a 32-bit floating point TIFF file of shape 1, 024× 1, 024
containing the NNLS reconstruction computed from the pre-processed singoram
according to 4.1 by 100 iterations of Nesterov accelerated gradient descent (cf.
Figure 4.5); size: 4,097KB.

• segmentation.tif is 8-bit unsigned integer TIFF file of shape 1, 024× 1, 024
containing the reference segmentation based on the mode2 reconstructions (cf.
Figure 4.5); size: 1,025KB.

https://zenodo.org
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4.3 Technical validation

The FleX-ray scanner is subject to regular maintenance and calibration. Log-files of the
scans have been recorded with which we can trace what happened during the scans. Fur-
thermore, the sanity of all collected data was checked via sinogram_production.py

including that the number of files, their names and their dimensions are correct.
Finally, a histogram analysis of all sinograms was performed to ensure that there is
no over-saturation present.

4.4 Usage notes

4.4.1 Raw projection data

The projection data for each slice are shared as combined sinograms of 16-bit unsigned
integer TIFF files containing the raw photon counts per detector pixel. TIFF files
can be interpreted and manipulated by common image visualization software such
as ImageJ [177] or scientific computing languages such as MATLAB [139] or Python
[191], e.g., through the imageio package [115]. In order to be used by tomographic
reconstruction algorithms, they typically need to be pre-processed as described above
and as shown in the provided scripts.

4.4.2 Reconstructions and segmentations

In general, all reconstructions described in the previous sections can be computed
from the projection data with the scripts provided. Depending on the computational
resources available this could, however, require a large amount of computing time.
Therefore, reference reconstructions are included in the data collection as well. They
can be also used as comparison images to test novel reconstruction algorithms, or as
ground truths for supervised learning algorithms. Furthermore, they can be used for
CT image analysis tasks. Each reconstruction is given by a 32-bit floating point TIFF
file.

The reference segmentations of the mode2 reconstructions can be computed by the
users with the provided script segmentation_production.py as well but have been
included in the uploads as well for the same reasons. Each segmentation is given by
an 8-bit unsigned integer TIFF file.

4.4.3 Expansion possibilities

Although the current scope of the 2DeteCT dataset is already offering a lot of
versatile applications, the reproducible setup and experimental design as well as the
availability of our highly-flexible laboratory X-ray CT scanner enable us to expand
the dataset upon reasonable request. Expansion possibilities include among others:
First, adding more slices with the same sample mix to increase the size of the data
collection to host possible coding challenges. Second, including various new samples
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in the sample mix or using an entirely different sample mix for smaller expansions
of the data collection. Third, adding more detailed multi-class segmentations to
the dataset to train more powerful segmentation algorithms. We encourage the
computational imaging community to approach us for suggestions or collaborations
on such expansions.

4.4.4 Further usage

This dataset can be used for developing both classical and ML-based algorithms
for a variety of computational imaging applications, including low-dose acquisition,
limited or sparse-angle scanning, beam-hardening artifact reduction, super-resolution,
region-of-interest tomography or segmentation. With the provided raw projection data
and the reference reconstructions in the three different modes, high-fidelity, low-dose,
and beam-hardening-inflicted, it is possible to create training data pairs for supervised
learning in both the sinogram and the reconstructed image domain. For example, either
the A1 (low-dose) or A3 (beam hardening-inflicted) iterative reference reconstructions
can be paired with the A2 high-fidelity reference reconstruction (cf. Figure 4.1) to
train a denoiser or an artifact-reduction algorithm. For image segmentation the
high-fidelity measurements or reference reconstructions of mode2 and the provided
4-class reference segmentation can be used. Alternatively, the user could use their
own multi-class segmentation approach. The provided reconstruction scripts can
also easily be modified by the user to represent different scan scenarios: Limited or
sparse angle tomography can be experimentally simulated by simply loading only
subsets of the raw projection data; Super-resolution experiments can be conducted
by either artificially binning the raw projection data into larger pixels, or by binning
the reconstructed volumes into larger voxels; Region-of-interest tomography can be
achieved by a combination of suitable sinogram sub-sampling and binning. In each of
these cases, the provided iterative reconstruction using the full data can be set as a
ground truth.

With this dataset we provide a starting point for general algorithm development
with experimental X-ray CT data. Due to the design of the dataset, trained machine
learning algorithms may generalize to the medical imaging domain, but further research
with raw clinical projection data would be needed to demonstrate this. For ethical
and regulatory reasons such data is commonly not publicly available for medical CT
scanners [207].

4.5 Code availability

Python scripts for loading, pre-processing and reconstructing the projection data in the
way described above are published at https://github.com/mbkiss/2DeteCTcodes. They
make use of the ASTRA toolbox, which is openly available on ( www.astra-toolbox.com
) or accessible as a conda package (conda install -c astra-toolbox astra-toolbox).
ASTRA is currently only fully supported for Windows and Linux. Installing it on
Mac OS is possible but in the current state very involved and version-dependent.
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All reference reconstructions provided have been computed with the Python scripts.
Furthermore, while the scripts allow for angular sub-sampling the projections and
the reference reconstructions were computed with all projections as mentioned in the
subsection "Reconstruction production" above.
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5
Learned denoising with simulated

and experimental low-dose CT

data

Computed tomography has proven itself as a powerful non-invasive imaging technique
in many fields such as materials science, industrial testing, and medicine. It uses
X-ray technology to create detailed cross-sectional images of the scanned object using
computational methods. Since it uses harmful radiation the imposed dose on objects
and patients raises concerns and safety guidelines have been established to minimize
radiation exposure [32, 52]. The ALARA principle [140], which stands for "As Low
As Reasonably Achievable" advises healthcare providers to use the lowest possible
radiation dose necessary to produce high-quality images. However, the minimization of
radiation dose through lowering the tube current or exposure time seriously degrades
the resulting CT images if no corresponding noise compensation is applied before or
during image reconstruction [82, 127]. Noisy images can also occur when there are,
for example, constraints on the available time or the number of projection angles. In
either setting, it is desirable to reduce the amount of noise through computational
methods.

Like in many other research fields, recent developments in computational imaging have
focused on developing machine learning (ML) approaches to tackle its main challenges.
To improve the performance of algorithms, ML methods are used for different image

This chapter is based on:
M. B. Kiss, A. Biguri, C.-B. Schönlieb, K. J. Batenburg, and F. Lucka. “Learned denoising
with simulated and experimental low-dose CT data”. arXiv preprint arXiv:2408.08115

(2024).
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processing tasks. These tasks are for example segmentation, artifact removal, or noise
reduction.

Generally, these ML methods heavily rely on the availability of high-quality data
on which they are trained. When there is a lack of such data, usually existing
data is augmented, or new data is generated artificially through simulations. These
simulations mimic the problem the ML algorithms shall solve and try to resemble
real-world data as good as possible.

The fundamental question arising from this approach is to which extent algorithms
trained on simulated data are applicable to real-world experimental data. This work is
investigating the performance of noise reduction for two common convolutional neural
networks (CNNs). These networks are trained on either simulated or experimental
noisy data and are applied to both experimental and simulated noisy data.

Typically, researchers would not have access to raw measurement data because CT
manufacturers consider them proprietary. This severely limited both, the analysis
of noise simulations but also the performance comparison of algorithms trained on
simulated data [207]. The data used in this work are 2D slices of X-ray computed
tomography images published in the carefully designed study “2DeteCT – A large 2D
experimental, trainable and expandable CT data collection for machine learning” [98].
This experimental data was acquired by the group for Computational Imaging at the
Centrum Wiskunde & Informatica and is openly available on zenodo [102–113]. The
data collection consists of 5,000 distinct image slices acquired in three different modes.
The resulting images are either clean, noisy, or artifact-inflicted.

Using the paired data of clean and noisy images, we create a setting for supervised
learning that the CNNs can be trained on for noise reduction. In this work, the
clean data is used as a measurement basis to add computationally fast, yet accurate
simulated noise. With this data collection and the newly simulated data we have
three types of sinograms available: an experimental noisy, an experimental clean and
a simulated noisy sinogram. We can pair those sinograms with the clean reconstructed
target images to show the difference between training on simulated noisy data and
using experimental noisy data for the task of learned denoising.

In this paper, we utilize a large 2D computed tomography dataset for machine
learning to carry out for the first time a comprehensive study on the differences
between the observed performances of algorithms trained on simulated noisy data
and on experimental noisy data. For this we train two common neural networks such
as the generic U-Net [173] and the more tailored MSD-Net [160] on both types of
noisy data, experimental and simulated. These networks are applied to the data they
have been trained on but also to their respective counterparts. The evaluation follows
via quantitative metrics in the sinogram and reconstructed image domain as well as
qualitative visual inspection in the reconstructed image domain only.

The structure of this study is as follows: After a brief overview of related work in
noise modelling and mitigation in the field of computed tomography, we focus on the
pre-processing of computed tomography data, previous noise simulation approaches
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and how they influenced our choices for simulating noisy training data. In the following
subsections we describe the preparation of our training data, the method development,
the employed comparison metrics, and how we set up the computational experiments.
In the results and discussion section, we present the empirical selection of the noise
level for our simulated noisy data and analyse the performance of the differently
trained networks applied to the two types of noisy data. We focus on three aspects in
our analysis: The choice for the evaluation domain, the influence of the image content,
the choice of the training setting.

5.1 Methods

5.1.1 Related work

There is a vast amount of literature investigating the theoretical derivation of accurate
noise models for computed tomography images. Generally, they agree that the image
noise is directly related to the imaging process and its design criteria such as exposure
time, pixels size, slice width, and reconstruction algorithm [58]. Faulkner et al. [58]
therefore distinguish between algorithmic and non-algorithmic contributions to noise,
and between spatial as well as statistical errors in a CT scan. They note that the sta-
tistical noise in the reconstructed images is independent of the number of projections
and that the uncertainty is only dependent on the total number of detected photons.
Hsieh [83] distinguishes between two principal sources of noise in CT measurement
data: quantum noise and electronic noise. Yu et al. [221] showed that the latter
usually can be neglected except when the number of detected photons is low and
approaches the electronic noise floor. Furthermore, they emphasize that the major
difficulty in simulating very-low dose CT measurement data is photon starvation
artifacts. These become apparent in reconstructed image slices as ripples or rings in
the central region or streaking artifacts between high-density regions. Yu et al. [221]
furthermore concluded that their proposed method is not able to simulate images
with very-low dose because the photon starvation artifacts are quite complicated.
Additionally, they reiterated the call of numerous researchers to get access to raw CT
data to allow for testing algorithms for iterative reconstruction and noise reduction
[155]. Manufacturers of clinical CT scanners usually introduce nonlinear filters [83]
on the measured data to counter beam-hardening and photon starvation artifacts.
Therefore, real-world experimental raw data prior to this nonlinear filtering would
enable more accurate noise simulations but are usually unavailable.

In practice, it is very challenging to bound the concept of noise in CT image recon-
struction from artifacts originating from sources such as sample movement, geometric
misalignment, or under-sampling. In this work, we choose to confine our investigations
purely to the noise in the sinograms induced by the photon detection in the detector.
We note, however, that in reality it is hard to completely disentangle these artifacts
and their origins.



55555

84 CHAPTER 5. NOISE-SIMULATION

5.1.2 Noise simulation

Zainulina et al. [223] concluded in their work that adding noise to the images artificially
could bias the predictions of a convolutional neural network (CNN) depending on
the accuracy of the noise simulation. This noise simulation requires an in-depth
understanding of the actual CT system and might not be feasible at times. The noise
in low-dose CT measurement data is influenced by many factors such as the quantum
noise, the logarithmic transformation of the measurements, or pre-reconstruction
corrections for system calibration which makes modeling the noise in the reconstructed
images particularly challenging [130].

Pre-processing A 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 (D in Equation 5.1) represent the offset counts of the detector system
and the flat-fields (F in Equation 5.1) 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. With this, the sinograms (S) can then be
converted into a beam intensity loss image (ILI) following the Beer-Lambert law after
applying the negative logarithm to it according to the formula:

y = − log (ILI) = − log

(

S −D

F −D

)

(5.1)

Such calibrated projection data no longer follows a compound Poisson distribution but
is close to a Gaussian distribution with signal-dependent variance [127]. Furthermore,
it has been shown that particularly the logarithm operation significantly amplifies the
noise when the signal is low [82]. If we want to denoise the low-dose CT measurements
before reconstruction, this is best done in the stage of the beam intensity loss image
(ILI), so before taking the negative logarithm. If we would denoise the X-ray absorption
sinogram (y) instead of the beam intensity loss image (ILI), the application of the
negative logarithm would have amplified the noise and changed its distribution.

Based on these findings and considerations we pre-process the raw sinograms of the
experimental noisy measurements to beam intensity loss images (ILI) as shown in
Equation 5.1 and apply the denoising before taking the negative logarithm. For
the preparation of the simulated noisy sinograms we pre-process the sinograms of
the high-dose CT measurements of "mode 2" with dark- and flat-field corrections
before applying simulated noise to them. With this we prevent our data to experience
distributional shifts that might influence the performance of the denoising networks.

Noise simulation approaches To date, there have been proposed several different
approaches to simulate the noise in CT measurement data [7, 17, 63, 121, 137, 138,
140, 206–208]. Under the condition that the raw data of a high-dose and low-noise
scan is available many studies simulated low-dose and high-noise projection data by
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applying synthetic Poisson noise or a combination of synthetic Poisson and Gaussian
noise to a high-dose scan [53, 54]. The common models for noise simulation use a
relatively simple model of CT acquisition considering a monochromatic X-ray source.
This source generates photons that are attenuated by a scanned object and detectors
counting surviving photons which are governed by Poisson statistics. More complicated
methods range from a detailed characterization of signal statistics of X-ray CT [206–
208] over noise equivalent quanta [137, 138] to accounting for energy-integrating
detectors [121, 137]. The interested reader may be pointed to the study of Zabic et al.
giving a broad overview on the state-of-the-art [222].

To motivate our noise simulation approach we highlight what approaches have been
used in practice by previous publications in the field. In particular, there are three
noise challenges that have been conducted in the past ten years that have attracted
attention to deep learning based denoising. Firstly, the Mayo clinic low-dose CT
challenges of 2016 [141] and of 2021 [144] which encompass 30 and 300 patient scans
respectively of roughly 70 slices each with noisy reconstruction and projection data
simulated from clean reconstructed volumes. Secondly, the LoDoPaB-CT dataset [124]
which uses 800 patient scans selected from the LIDC/IDRI database and contains
over 40,000 scan slices. Thirdly, the IEEE ICASSP Grand Challenge 8 [20] which also
utilizes the LIDC/IDRI database and contains 1010 3D cone-beam CT (CBCT) images.
All three noise challenges rely on vendor reconstructed images that subsequently are
backprojected to create corresponding projection data / sinograms which then are
supplemented with simulated noise. Whereas the first two publications simulate their
noisy data only by applying Poisson noise to the projection data, the third generates
CBCT projection data with a custom noise simulator that accounts for photon counts,
flat-fields, electronic sources, and detector cross-talk as sources of noise. Similar
approaches have been undertaken by Bruno de Man et al. from GE research [45, 212]
and Jingyan Xu and Benjamin M. W. Tsui [217] and shall be the basis for this work’s
noise simulator as well.

Chosen noise simulation approach In this work, we use a simplified version of the
noise model used in XCIST [212]:

Ii = fCONV

∑

k

Ek · P(DQEik · (Aik + Sik)) +N (σelectronic) (5.2)

I = Γσcross−talk
[I1, I2, ..., II ]

T (5.3)

where i is the pixel index of the detector I, Ek is the energy level with energy
index k, Aik are the incident photons in the pixel, Sik the scattered photons in the
detector. DQEik is the detector quantum efficiency and fCONV the energy to electron
conversion rate. The noise process is described by P, a Poisson random generator,
and N (σelectronic) is a zero mean Gaussian random generator with standard deviation
σelectronic. Finally, Γσcross−talk

is a R
D×D matrix that models detector cross-talk,

defined as a fraction of the signal σcross−talk that is shared between adjacent pixels.
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This describes a full model of the detector behaviour given incident photons. In
XCIST, the incident photons can be simulated by a Monte Carlo particle simulation
based on a known source energy spectra and material decomposition of a sample. If
the precise behavior of the energy-integrating detector is well understood for each
energy level, the parameters fCONV , DQEik, and Ek can be incorporated. These
parameters relate to the conversion of incident photons to measurements. However, for
machine learning applications, the physics simulation would demand an unreasonably
high computational time (several years for a sufficiently large dataset), necessitating
simplifications of the model. In particular, the approximations done in this work
assume that the measurement photons were produced by a monochromatic source
(k = 1) and that there are no scattered photons measured (Sk = 0). Additionally,
both the detector quantum efficiency of the pixels DQEk and the photon-to-electron
conversion rate fCONV are assumed to be equal to one. As a detector specific
calibration of these values is unknown and not easily obtainable without specialized
lab equipment. This means that all photons reaching the detector are assumed to
be measured and no loss of signal is present. These assumptions of course limit how
close the simulation is to reality and following paragraph discusses their effects. The
assumption of a monochromatic source is very common in the field of CT reconstruction
and is the basis of the most commonly used version of the Radon transform. The effect
of this assumption on the noise simulation is that there is no energy-dependent noise
being added, but not that there is no noise. The assumption that no scattered photons
are measured refers to omitting spatially dependent scatter which can be assumed to
be low in comparison to the measured signal. However, the modeled Poisson noise
itself still considers intensity-dependent scatter, as all noise in CT comes from photons
that "attenuated", i.e. did not follow a straight path. Assumptions on the detector
quantum efficiency of the pixels and the photon-to-electron conversion rate as well as
the aforementioned two are simplifications that are made to limit the computational
complexity of the noise simulation model. Adding noise that accounts for those effects
requires is nowadays mainly available via Monte Carlo physics simulators like the
mentioned XCIST software that we base our model on. This software has been used
by GE Healthcare to validate their models for clinical implementation and can be
assumed to be reasonably accurate. However, their computational footprint makes
them infeasible to use for ML-sized datasets and requires us to limit the parameters
of our noise simulation.

Thus, the chosen noise simulation approach to model the final measurement in the
detector ID is:

Ii = P(Ai) +N (σelectronic) (5.4)

I = Γσcross−talk
[I1, I2, ..., II ]

T . (5.5)

5.1.3 Training data

For the development of a ML-based denoising algorithm the most important element
is adequate high-quality training data. In a supervised training framework that means
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that there are pairs of input and target data. The algorithm is trained on these data
pairs and learns a mapping from the input images to the target images. Zainulina et al.
[223] concluded that such supervised deep learning methods show the best performance,
but the requirement of paired images may not always be easy to accomplish. For the
case of image denoising, this means noisy CT sinograms/reconstructions as an input
and noise-free or “clean” CT sinograms/reconstructions as a target data.

Since the publication of the 2DeteCT dataset in 2023 [98], these paired images for
supervised learned CT denoising are available. The 2DeteCT dataset comes with pairs
of real measurements of the same object, one with near-zero noise, and one with high
levels of noise. For this work, we deal with three types of sinograms: experimental
clean sinograms that have been measured, experimental noisy sinograms that have
been measured, and simulated noisy sinograms (based on the experimental clean
data) that were simulated to contain the same level of noise as the experimental noisy
sinograms. The corresponding acquisition parameters of this experimental data can
be seen in Table 5.1).

In the remainder of this chapter, we will use the term "experimental noisy data" in

Table 5.1: Summary of the acquisition parameters of the 2DeteCT dataset, adapted from [98]. Mode
1 corresponds to the experimental low-dose, high-noise data; Mode 2 corresponds to the experimental
high-dose, low-noise data. The Thoraeus filter is a compound filter made of Sn 0.1mm, Cu 0.2mm,
Al 0.5mm. The SOD and SDD values are based on the motor readings of the FleX-ray scanner which
get translated into physical quantities and are subject to alignment errors.

Acquisition parameter Mode 1 Mode 2
Tube voltage 90.0 kV 90.0 kV
Tube power 3.0W 90.0W
Filters used Thoraeus Thoraeus

Exposure time 50.0ms
Binned detector pixel size 149.6 µm

Number of binned detector pixels 956
Source to object distance (SOD) 431.020mm

Source to detector distance (SDD) 529.000mm
Number of projections 3601

Angular increment 0.1 deg

reference to raw low-dose CT measurement data acquired by a real-world experimental
CT system. The term "simulated noisy data" will be used for artificially generated
data for which artificial noise was applied to "clean" raw measurement data.

For experimental noisy data, the creation of corresponding image pairs requires a
careful acquisition design to avoid that the algorithms would also learn a transformation
or change of image content. The exact same CT slice needs to be scanned twice
which makes it necessary to change the acquisition settings without infringing with
the scanned object. The five main influencing acquisition parameters for the noise
level within the CT images have been identified as source current (I), source voltage
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(V ), exposure time (t), number of projections (nproj), and number of averaged images
(navim) [172]. Overall, the quantum noise in the reconstructed CT images is then
inversely proportional to the square root of the number of detected photons. The
aforementioned factors have their individual proportional influence on this number,
which is given by: V 1.3√

I×t×nproj×navim

Analysing this formula, we can determine the relationship between the acquisition
parameters and the corresponding noise level in the reconstructed CT slices. Since the
used tube voltage V not only influences the noise level but also changes the energy
of the used X-ray photons, a change of this factor was omitted. The number of
averaged images navim could not be decreased further than one and since the scanner
was already operated close to the shortest possible exposure time t, changing that
parameter was also not feasible. To avoid artifacts due to insufficient sampling of
the object we did not decrease the number of projections nproj . Therefore, the tube
current I was the only feasible option to change and both the noisy and the clean CT
scans were acquired with the exact same parameters except for the tube current. For
the clean data this was 1000 µA whereas the noisy data had a 30 times smaller tube
current of 33.3 µA.

For simulated noisy data creating corresponding image pairs is more straightforward.
Given the "clean" data acquisition, a modification of the noise model in Equation 5.4
can be used to simulate artificial noise into the clean image. Given the noise-free
incident photons Ai and that the outcome of the Poisson process can be described
as an addition P(Ai) = Ai + Pi, where Pi is just the noisy photons, we can rewrite
Equation 5.4 for the acquisition of clean data as:

Icleani = Ai + P clean +N (σelectronic), (5.6)

where the assumption of P clean = 0 can be made. This is not strictly true, but for
a sufficiently large incident photon count Ai it is approximately true. For the noisy
acquisition thus the following holds:

Inoisyi = Ai + Pnoisy
i +N (σelectronic). (5.7)

Inoisyi = Icleani + Pnoisy
i (5.8)

InoisyD = IcleanD + Γσcross−talk
[Pnoisy

1 , Pnoisy
2 , ..., Pnoisy

I ]T . (5.9)

To appropriately simulate the low-dose measurements InoisyD , the noise distribution
part of the total signal Pnoisy

i has to be produced, i.e. the Poisson component of the
noise. Technically, Ai would be a different number of photons for the clean and noisy
images, as the noise mostly arises from the low photon count in our experiments and
simulations. However, direct measurement of photon counts is not available and thus
direct extraction of this noise from measured data is not possible. Therefore, the
noise is parameterized by multiplying the flat-field corrected sinogram ILI ∈ [0, 1]
(see paragraph "Pre-processing") by a parameters corresponding to the number of
photons in vacuum, I0, and generating Poisson statistics from its result as

Pnoisy
i = I0 · ILIcleani − P(I0 · ILIcleani ). (5.10)
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In this model, I0 is the parameter to control the level of noise added to the clean data,
a lower value representing noisier data. Based on the value in the XCIST software
[212], a σcross−talk of 5% of the signal is added.

5.1.4 Method development

The noise simulation and the algorithms for learned denoising in this work have been
developed in LION (Learned Iterative Optimization Networks)[132], an open-source
toolbox for learned tomographic reconstruction implemented in Python. With a
designated data loader for the 2DeteCT dataset and with CT experiments set up in a
reproducible way it serves as an environment for a standardized comparison of the
methods described below.

For the learned denoising algorithms we selected two common convolutional neural
networks (CNNs) for image processing tasks that have been used for both natural
images but also for computed tomography images in particular: The generic U-Net
[173] and the mixed-scale dense neural network (MSD-Net) [160]. The U-Net, originally
developed for the segmentation of biomedical images, has been adopted in many fields
as a baseline for image reconstruction based on neural networks. The MSD-Net has
proven to be particularly effective for computed tomography [125, 159]. Its three main
advantages are as follows: First, it has an advanced neural network architecture that
uses dilated convolutions instead of traditional scaling operations to learn features
at different scales. Second, it uses significantly fewer feature maps and trainable
parameters which makes training it less computationally demanding and reduces the
risk of over-fitting. Third, it has been applied to denoising large tomographic images
and it has been proven that it can be easily applied to similar problems with minimal
changes [160].

5.1.5 Comparison metrics

To evaluate the performance of the CNNs trained on either experimental or simulated
noisy data, we consider two main comparison cases. In the first case, we test the
performance of the algorithms in the setting that they have been trained on, i.e.
settings in which they are supposed to work well. This means that if an algorithm is
trained for denoising simulated noisy data this situation is used to score their overall
performance. The same holds true for algorithms trained on experimental noisy data.
For this we compare the output of our learned denoisers to the "clean" target data
using the comparison metrics described below. In the second case, we want to compare
the performance of the algorithms in settings for which they have not been trained for.
This serves the purpose of checking their generalization to other tasks. It answers the
question whether the algorithm generalizes to another noise model and its severity.
In other words, whether the learned algorithms can also denoise input data without
being trained on the specific noise of that data. This is particularly interesting for
the case in which the learned denoisers are trained on simulated data and applied to
experimental noisy data.
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Using these comparison cases, we require comparison metrics with which we can
evaluate the performance of the algorithms. Namely, how close the denoised images
obtained from these algorithms are to the ground truth images. These metrics have to
be able to measure two qualities: How well does the algorithm recover the structure
of the imaged object from the noisy data? How well does it restore a good signal with
respect to the overall noise in the reconstructed image?

Two commonly used metrics for these tasks are the structural similarity (SSIM) [202]
and the peak signal-to-noise ratio (PSNR) [69]. The SSIM is a metric that indicates
in a range from 0.0 to 1.0 how similar the compared image is to a ground truth, where
1.0 means they are identical. The PSNR is a metric that calculates the ratio between
the highest attainable value of a signal and the strength of corrupting noise that
impacts the fidelity of the image. Higher values in both metrics indicate a better
algorithm performance. It is worth noting that these two commonly used quantitative
metrics, may not be suitable for tomographic reconstruction or scalar fields [30, 31].
In reconstruction tasks such as CT imaging in medicine, PSNR and SSIM do not
necessarily reflect a task-dependent better image [73, 136]. Therefore, it is suggested
that evaluations consider such downstream tasks of the imaging rather than solely
relying on traditional metrics. Additionally, the unbounded nature of CT images
poses challenges for metrics like PSNR and SSIM, as the range of pixel values can vary.
Different approaches to evaluating reconstruction performance, such as clipping or
preserving the result range, can significantly impact reported performance. However,
these metrics are still commonly used for a quantitative assessment of images. Since we
are interested in measuring performance differences rather than rating the performance
itself, they are also used in this work.

In our performance analysis we follow previous work by Zeng et al. [224] who argued
that image artifacts due to beam hardening and photon-starvation are particularly
difficult to evaluate meaningfully with quantitative metrics in the sinogram domain.
They require a visual inspection in the reconstructed image domain. Therefore, we also
include a qualitative, visualization-based evaluation between the results of denoised
low-dose CT scans in the reconstructed image domain.

5.1.6 Computational experiments

For this work, we first applied the denoising in the projection domain, i.e. denoising
beam intensity loss images (ILI), for three reasons: i) quality of denoising recon-
structed images depends on the used reconstruction method; ii) artifacts caused by
the noise in the projection domain are harder to remove after reconstruction; iii) noise
in the projection domain is spatially uncorrelated. After evaluating the results of this
approach we additionally trained denoising algorithms with an optimization in the
reconstruction domain mapping directly from sinogram to reconstruction. For this,
we included an FBP reconstruction in the pipeline of the models described below and
visualized in Figure 5.1.
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Figure 5.1: Training and testing scenarios for learned denoising networks (U-/MSD-Net illustrations
adopted from [160]).

We prepared the training data for our learned denoisers by simulating noisy data from
the "clean" experimental measurement data as described in Section "Training data"
and using the unchanged clean data as ground truth target data. Consequently, there
are two respective image pairs for supervised learning available: First, the simulated
noisy data as an input and the experimental clean data as a target. Second, the
experimental noisy data as an input and the experimental clean data as a target.

These image pairs were split into ∼ 80% training data (3930 slices), ∼ 10% validation
(550 slices) and ∼ 10% testing data (470 slices). Each algorithm was trained for 100
epochs using the Adam optimization algorithm [97]. The final model parameters were
selected based on minimal validation loss. The computations were carried out on a
GPU-server with 4x RTX 2080Ti (11GB), 384GB RAM, and 2x 16-core Xeon CPUs
as well as a GPU-server with 2x RTX A6000 (48GB), 1TB RAM, and 2x 16-core
Xeon CPUs.

After the training of the two neural network architectures on the two supervised
learning settings, each of the four resulting trained networks was applied to their own
test sets but also to the test sets of the data type they have not been trained on. A
visual overview of this is given in Figure 5.1.

5.2 Results and discussion

5.2.1 Empirical selection of noise level

For our comprehensive study on the differences between the observed performances
of algorithms trained on simulated noisy data and on experimental noisy data it
was particularly important to have noise levels in our simulated noisy data that are
representative of the noise levels present in our experimental noisy data. Therefore,
we tried out various values of I0 for our noise simulation approach and compared
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both the resulting simulated noisy data and the experimental noisy data to the
"clean" sinogram data with respect to PSNR and SSIM. Furthermore, the quantitative
comparison was also carried out in the reconstruction domain, i.e. comparing the
FBP-reconstructed images of the experimental and simulated noisy data to the "clean"
reference reconstructions of the 2DeteCT dataset. Observing similar numerical values
w.r.t. PSNR and SSIM for both experimental and simulated noisy data we can
argue that our noise model generates simulated noisy data with a similar noise level.
The results of this comparison can be found in Table 5.2. For all noise levels of
the simulated noisy data the SSIM and PSNR values in the sinogram domain are
significantly larger than the respective values for the experimental noisy data. A visual
comparison of the different noise levels in the sinogram domain proofed uninformative
as displayed in Figure 5.2.

Corresponding quantitative and qualitative analyses in the reconstruction domain
showed similar image metrics for both the simulated and experimental noisy data.
For a noise level of I0 = 200 the PSNR value is closest to the same metric for the
experimental noisy data, whereas the SSIM value shows its best agreement for a noise
level of I0 = 300. Since the task at hand is learned denoising, we chose to rely on the
agreement with respect to the PSNR value and chose a noise level of I0 = 200 for
our computational experiments. A qualitative inspection of the images in Figure 5.3
agrees with this parameter choice.

A detailed inspection of Figure 5.3 furthermore showed a strong influence of the
attenuation of the objects in each scan on the similarity between reconstructions
based on simulated and experimental data. Simulated noisy image slices with no or
only small objects with high attenuation (stones) appear to be visually close to the
experimental noisy images. However, if those objects are bigger or grouped closely,
the experimental noisy images show streaking artifacts caused by beam hardening, not
visible in the reconstructions of the simulated noisy data. As previously mentioned,
the noise model used in this work assumes mono-energetic photons and consequently
cannot capture this behaviour. For the high-dose measurement data, which is the
basis for the simulated noisy data, a high enough number of photons is detected and
the reconstructed images do not present streaking artifacts due to beam hardening
and some level of photon starvation.

5.2.2 Sinogram denoising

The quantitative analysis of the performance of the different CNNs trained on either
experimental or simulated noisy data was carried out in both the sinogram and
the reconstruction domain (FBP of model output) and is presented in Table 5.3.
The evaluation in the sinogram domain shows that for both CNN architectures, U-
Net and MSD-Net, the training on simulated noisy data performs better in both
application cases, experimental and simulated noisy data. Applying the U-Net trained
on experimental noisy data to simulated noisy data performs similarly well whereas the
MSD-Net trained on experimental noisy data is not able to generalize well. Applying
the U-Net trained on simulated noisy data to experimental noisy data yields a lower
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Figure 5.2: Visual comparison of the sinograms of experimental and simulated noisy data with
different levels of I0 (200, 250, 300, 350) from the 2DeteCT dataset for the slices with indices 72,
134, 182, 220, 257.
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Figure 5.3: Visual comparison of the FBP-reconstructed images of the experimental and simulated
noisy data with different levels of I0 (200, 250, 300, 350) from the 2DeteCT dataset for the slices
with indices 72, 134, 182, 220, 257.
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Table 5.2: Empirical selection of the appropriate noise level I0 to generate the simulated noisy
training data based on the SSIM and PSNR values of the data with respect to the ground truth (wrt
GT) data of "mode 2".

Type of Noisy Data Noise Level Evaluation in Sinogram Domain
Evaluation in Reconstruction Domain

(FBP of Noisy Data)

SSIM (wrt GT) PSNR (wrt GT) SSIM (wrt GT) PSNR (wrt GT)

Experimental Noise - 0.2658 ± 0.0963 19.8130 ± 4.6583 0.1899 ± 0.0987 21.8024 ± 3.5996

Simulated Noise I0 = 200 0.2965 ± 0.0409 25.7190 ± 0.8567 0.1364 ± 0.0307 21.4468 ± 1.8307

Simulated Noise I0 = 250 0.3448 ± 0.0435 26.6607 ± 0.8634 0.1627 ± 0.0356 22.3976 ± 1.8311

Simulated Noise I0 = 300 0.3854 ± 0.0451 27.4191 ± 0.8678 0.1865 ± 0.0397 23.1659 ± 1.8317

Simulated Noise I0 = 350 0.4201 ± 0.0459 28.0517 ± 0.8725 0.2083 ± 0.0432 23.8089 ± 1.8325

performance of the learned denoiser on the test set images. The overall PSNR is 3dB
lower and also the SSIM metric is 0.0522 lower than its application to simulated noisy
test set data. For the MSD-Net this gap is even more significant. The MSD-Net
trained on simulated noisy data applied to experimental noisy data yields a 21.7057
dB lower PSNR and a 0.1323 lower SSIM on the test set images compared to its
application to simulated noisy test set data. This might be due to the much lower
number of parameters of the MSD-Net which is not able to capture the experimental
noise equally well as the simulated artificial noise.

However, CT reconstruction is an inverse problem that can exacerbate noise from
the sinogram during the reconstruction process. Furthermore, applying the required
sinogram pre-processing steps changes the nature of the noise model in a complex way.
Therefore, evaluating the performance of the denoisers in the reconstruction domain
is scientifically more relevant since even small errors in the sinogram domain might
be larger in the reconstruction domain. For this reason, Table 5.3 also compares the
performance of the sinogram denoisers in the reconstruction domain (FBP of model
output).

In there we can observe that the high performance in denoising the sinograms does not
carry over to the reconstruction domain. Both the structural similarity and the PSNR
in this domain drop substantially. Additionally, the evaluation in the reconstruction
domain shows that learned denoising of experimental noisy data performs best if the
CNNs are trained on experimental noisy data, as it is expected. Furthermore, the
U-Net architecture seems to pick up the image content in terms of structural similarity
(SSIM) better than the MSD-Net when trained on experimental noisy data. The
PSNR performance is better for the MSD-Net in all training settings except for the
case of training on simulated noisy data and testing on experimental noisy data.

After the uninformative visual inspection of the simulated noise in the sinogram
domain, and considering that the ultimate goal is to obtain better reconstructed
images, the qualitative analysis of the model performances was only carried out
in the reconstruction domain which can be found in Figure 5.4. The qualitative
visual inspection, also in comparison to the reference images displayed in Figure 5.5,
shows that the models for sinogram denoising (found within the first four rows of the



55555

5.2. RESULTS AND DISCUSSION 95

Table 5.3: Quantitative performance analysis with PSNR and SSIM of the differently trained models
in the reconstruction domain for the two different testing data with respect to the ground truth data
from the iterative reference reconstructions of "mode 2" from the 2DeteCT dataset.

Method Training Data Metric
Testing Data

Experimental Noisy Data Simulated Noisy Data

Evaluation in Sinogram Domain

U-Net 2 Experimental Noisy Data
SSIM 0.8126 ± 0.0194 0.8167 ± 0.0199
PSNR 18.4966 ± 0.6278 19.3181 ± 0.5575

U-Net 1 Simulated Noisy Data
SSIM 0.8273 ± 0.0240 0.8795 ± 0.0206
PSNR 33.4602 ± 0.9533 36.6016 ± 0.5616

MSD-Net 2 Experimental Noisy Data
SSIM 0.8613 ± 0.0211 0.8239 ± 0.0216
PSNR 36.2182 ± 0.7214 20.4747 ± 0.6793

MSD-Net 1 Simulated Noisy Data
SSIM 0.7512 ± 0.0226 0.8835 ± 0.0198
PSNR 16.3208 ± 1.3965 38.0265 ± 0.7412

Evaluation in Reconstruction Domain (FBP of model output)

U-Net 2 Experimental Noisy Data
SSIM 0.6134 ± 0.0732 0.6273 ± 0.0717
PSNR 26.7127 ± 1.9780 27.5290 ± 1.9405

U-Net 1 Simulated Noisy Data
SSIM 0.5504 ± 0.0677 0.6351 ± 0.0713
PSNR 28.3307 ± 2.0810 32.5568 ± 2.0169

MSD-Net 2 Experimental Noisy Data
SSIM 0.5984 ± 0.0741 0.6152 ± 0.0723
PSNR 30.9185 ± 1.9707 28.3031 ± 1.9314

MSD-Net 1 Simulated Noisy Data
SSIM 0.3854 ± 0.0469 0.6372 ± 0.0469
PSNR 11.6366 ± 2.3636 32.6552 ± 2.0173

Evaluation in Reconstruction Domain (model output)

FBP+U-Net 2 Experimental Noisy Data
SSIM 0.8161 ± 0.0592 0.7466 ± 0.0681
PSNR 29.8398 ± 2.1834 28.0435 ± 2.0848

FBP+U-Net 1 Simulated Noisy Data
SSIM 0.5957 ± 0.0844 0.6693 ± 0.0820
PSNR 26.8841 ± 3.4800 28.8134 ± 3.9418

FBP+MSD-Net 2 Experimental Noisy Data
SSIM 0.7829 ± 0.0749 0.7892 ± 0.0731
PSNR 32.0684 ± 1.9309 32.0704 ± 1.9580

FBP+MSD-Net 1 Simulated Noisy Data
SSIM 0.7615 ± 0.0702 0.8204 ± 0.0567
PSNR 30.6211 ± 2.0626 33.1053 ± 2.0120
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figure) do not produce high-quality reconstructions, particularly regarding fine image
features/details. The images exhibit lower noise than the FBP reconstructions of the
noisy data directly, but there is a noticeable loss of image sharpness.

5.2.3 Optimization in the reconstruction domain: mapping directly from

Sinogram to Reconstruction

Having observed that a good model performance in the sinogram domain does not
necessarily carry over to the reconstruction domain we wondered whether training
the denoising algorithms with an optimization in the reconstruction domain mapping
directly from noisy sinograms to "clean" reconstructions, would prove more effective
as well. The model performance w.r.t. clean target reconstructions can be found
in the bottom third of Table 5.3 and in the bottom half of Figure 5.4. The relative
performance of the networks for the respective combinations of training and testing
settings is the same as before, but the results are substantially better. We observe
an increase of 0.2027 in the SSIM for the best performing model in the constellation
experimental noisy training data and experimental noisy testing data and an increase
of 0.1832 in the SSIM for the best performing model in the constellation simulated
noisy training data and simulated noisy testing data. Also the performance with
respect to the PSNR for each corresponding constellation of training and testing data
is better if the models are optimized in the reconstruction domain.

A qualitative analysis of the images in Figure 5.4, also in comparison to the reference
images displayed in Figure 5.5, show that the performance drop of training on simulated
noisy data but testing on experimental noisy data is more substantial than what
the performance metrics would suggest, as these metrics capture global performance
rather than local. In all of the slices inspected, this particular train/test case produces
the worst images of the quadruplet, for both models. Increased "graininess" permeates
the entire image, and the low-intensity objects appear more porous than expected.

5.3 Discussion and conclusions

In this work, we aimed to answer the question to which extent algorithms trained on
simulated noisy data are applicable to real-world experimental noisy data. This was
achieved through the implementation of a realistic yet computationally efficient simu-
lation method and utilizing less-commonly available raw experimental measurement
data.

After tuning the noise simulation to the experimentally measured noise level, our
empirical selection of I0 to set the noise level proved to be an adequate choice both in
the qualitative and quantitative assessment (PSNR and SSIM) in the reconstruction
domain.

Differences in the simulation were mainly observed in the presence of large or closely
grouped high-attenuation samples in the respective image slices, i.e. when beam
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Figure 5.4: Qualitative performance analysis of the differently trained models in the reconstruction
domain for the two different testing data (slices indices 205, 366, 408).
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Figure 5.5: Reference reconstructions for the qualitative performance analysis of the differently
trained models in the reconstruction domain for the two different testing data (slices indices 205,
366, 408).

hardening is present. This is expected, as the chosen noise model for simulation
assumes monochromatic sources and thus cannot simulate highly non-linear effects
such as beam hardening.

While sinogram denoising achieved better results with simulated noisy data when evalu-
ated in the sinogram domain, the performance did not carry over to the reconstruction
domain where training on experimental noisy data showed a higher performance in
denoising experimental noisy data. As previously mentioned, this is caused by the
inherent ill-posedness of CT reconstruction, that amplifies any remaining noise in
the process. Therefore, training the denoising algorithms with an optimization in
the reconstruction domain mapping directly from sinogram to reconstruction showed
significant improvements in model performance. This is especially noticeable in terms
of structural similarity and qualitative visual inspections of the reconstructions. It
seems that the artifacts introduced by the FBP reconstruction are not too severe to
mitigate via the subsequent post-processing network.

Our findings highlight the importance of carefully designing a noise simulation ap-
proach and choosing appropriate noise levels that match experimental data well. If
possible the training should be conducted with an optimization in the reconstruction
domain, i.e. mapping from raw measurement data to desired target reconstructions.
In machine learning for computational imaging, simulated data can be quite different
from experimental data, which can impact the transfer of learned systems to the
real-world. In particular, the distributions of the training and testing data should be
as close as possible and therefore training on experimental noisy data, if available, is
preferable when the models are subsequently applied to experimental data. In our
experiments, models trained on simulated data exhibit a measurable quantitative
performance drop from simulated noisy testing data to experimental noisy testing
data. This is even more noticeable by qualitative visual inspection, because these
models produce the noisiest images from all the cases.

Ultimately, this research shows that appropriately simulating real noise is important in
learned CT research. While computationally fast noise models, like the one presented
in this work, will produce data that are close enough to experimental data to make



5.4. CODE AVAILABILITY 99

the models transferable to real-world applications, a drop in performance is expected.
Hence, it is advisable to utilize real-world experimental data for training learned
denoisers whenever feasible. Furthermore, one should be cautious with, presenting
performance outcomes solely based on simple performance metrics when training only
on simulated noisy data. As discussed before, our simulation model already captures
much of the complexity of the experimental noise in the measurements. However,
this work shows that the non-linearity of the imaging process is not captured well
enough and that future work should investigate computationally efficient ways of
including effects such as beam hardening or photon starvation. Possibly, generative
models trained on experimental noisy and "clean" data could solve this challenge or
alternatively simplified Monte Carlo particle simulations could be investigated. This
study can serve as a starting point for crafting and testing even more sophisticated
noise simulation approaches that might be able to close the sim-to-real gap [152, 205]
for CT image denoising.

5.4 Code availability

Python scripts for setting up the neural network training as well as the evaluation of
the noise reduction performance in the way described above are published on GitHub:
https://github.com/CambridgeCIA/LIONscripts/paper_scripts/noise_paper. They
make use of the ASTRA toolbox [1, 154, 190], which is openly available on ( www.astra-
toolbox.com ) and tomosipo [81].
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6
Benchmarking Learned

Algorithms for Computed

Tomography Image

Reconstruction Tasks

Computed tomography (CT) is a widely used non-invasive diagnostic method which
is applied in various fields such as medicine, materials science, industrial testing,
and cultural heritage research. Based on X-ray projection images acquired from
360 degrees, cross-sectional images of an object or patient can be calculated using
computer algorithms. For reconstructions of CT data that is, for example, badly
sampled (limited- or sparse-angle), low-dose, or exhibits artifacts caused by e.g.
metals or other dense materials, typically, a variety of image processing techniques
are necessary for quality improvement.

The rise of deep learning [122] and widespread availability of large scale computing
systems have led to substantial advances in computer vision, including tasks such as
object detection, classification, segmentation or image denoising. A key enabler was
the release of corresponding large-scale, open-source datasets such as MNIST [123],
CIFAR [119] and ImageNet [46], which helped the research community to hill-climb on
standardized benchmarks and continuously advance the state-of-the-art. The last five

This chapter is based on:
M. B. Kiss, A. Biguri, Z. Shumaylov, F. Sherry, K. J. Batenburg, C.-B. Schönlieb, and F.
Lucka. “Benchmarking learned algorithms for computed tomography image reconstruction
tasks”. Applied Mathematics for Modern Challenges 3.0 (2025), pp. 1–43.
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years have also seen a rapid development of machine learning approaches specifically
for CT image reconstruction [4, 11, 40, 88, 125, 126, 157, 179, 199, 213, 218], which
hold great potential for further reducing patient dose, speeding up acquisitions, and
improving image quality in challenging acquisition settings [29, 71].

Despite increasing research activity at the intersection of CT and machine learning,
the field of CT image reconstruction still lacks large-scale, open-access, real-world
datasets that employ standardized evaluation metrics and benchmarking baselines.
Many CT studies use datasets that are either not openly available to the research
community or largely consist of synthetic data, which may suffer from the broadly
observed sim-to-real gap [152, 205]. Furthermore, most of them use different pre-
processing pipelines and datasets of various sizes. This hinders the comparison of
different state-of-the-art methods and makes reproducing as well as validating results
a cumbersome and challenging task.

Early computer vision algorithms were often developed using small-scale datasets
under lab conditions and showed a significant lack of generalization in the real world.
The ability to generalize improved significantly with the emergence of large-scale
datasets, which initially consisted of images sourced from the internet and later
expanded to encompass increasingly unstructured data. Today, we have access to
massive multi-modal (visual and language) datasets scrapped off the internet, enabling
foundational models and large language models (LLMs) to achieve unprecedented
levels of information processing and synthesis. Accordingly, developing a large-scale
benchmarking dataset for 2D computed tomography may be a first step to enabling
similar breakthroughs in data-driven CT image reconstruction.

In this paper, we utilize real-world experimental data instead of simulated CT data and
design standardized experiments for various common CT reconstruction tasks, allowing
for more systematic and standardized comparisons between learned algorithms on
one unified dataset. The contributions of this paper are: (i) a benchmarking study
for a fixed set of data-driven methods on a recently published dataset of real-world
experimental measurements, the 2DeteCT dataset [98]; (ii) a toolbox for benchmarking
that enables seamless addition of new methods; (iii) an option to load the 2DeteCT
dataset differently within the toolbox for extensions to other problems and different
CT reconstruction tasks. This work provides a starting point for the community
to develop, test, and compare new methods on real-world experimental data in a
straightforward and reproducible way, which can shorten the overall development time
of new data-driven CT image reconstruction algorithms considerably.

In the remainder of this paper, we give a brief overview of related work in the field of
CT datasets and present details about the mathematical foundation of data-driven
CT reconstruction. We provide a short categorization of learning-based methods for
solving inverse problems such as CT image reconstruction to give context for the
information content of the benchmarking framework. Afterwards, we introduce the
benchmarking design, including the various CT image reconstruction tasks, the data
pipeline, and the performance metrics. Subsequently, we elaborate on the employed
pre-processing of the benchmarking dataset, the evaluated methods of our numerical
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experiments, and their training details. After presenting the benchmarking results
we discuss the limitations of the dataset, its broader impact, and the code and data
availability.

Table 6.1: A summary of publicly available CT datasets, supported tasks, their size, and their raw
data availability. (✓) = possible through data generation.

Dataset
CT Image Reconstruction Tasks

Size (>100 samples) Raw Data
Low-Dose Limited-Angle Sparse-Angle Beam-hardening reduction

Mayo [141, 144] ✓ (✓) (✓) ✗ ✗[141] / ✓[144] ✗

LoDoPaB [124] ✓ (✓) (✓) ✗ ✓ ✗

ICASSP GC8 [20] ✓ (✓) (✓) ✗ ✓ ✗

Walnut CBCT [47] ✗ ✓ ✓ ✗ ✗ ✓

2DeteCT [98] ✓ ✓ ✓ ✓ ✓ ✓

6.1 Related work

Computer science has played a vital role in overcoming limitations of traditional
imaging systems such as CT and magnetic resonance imaging (MRI). In combination
with applied mathematics and advanced engineering, computer science forms the field
of computational imaging. The main goal of computational imaging is to improve
image quality, enhance resolution, enable novel imaging capabilities, and extract
valuable information or hidden details and features that may not be directly visible
by traditional imaging methods.

The field has undergone many technological advances throughout the last 15 years
[68, 84, 171, 200] but the most recent focus has been on employing machine learning
techniques [199]. Despite their clear necessity, the computational imaging field to
date offers few large-scale datasets and benchmarks on real-world experimental data.
Researchers of NYU and Facebook recently addressed this need for the case of MRI
scans by publishing raw measurement data in their fastMRI [116] dataset, while the
field of CT still lacked an open-access dataset of comparable scope (cf. Table 6.1).
Acquiring such data in the medical sector presents particular challenges, including
the radiation exposure patients receive from multiple CT scans and the lack of access
to raw measurement data from commercial CT scanners. Previous attempts in the
field of low-dose CT, such as the Mayo Clinic low-dose CT challenge of 2016 [141]
and 2021 [144], the LoDoPaB dataset [124], and the IEEE ICASSP Grand Challenge
8 [20] have sought to bridge this gap, but relied on simulated data. These issues are
further exacerbated due to the lack of raw projection data along with corresponding
reconstructed image slices. Although the second release of the Mayo Clinic low-dose
CT challenge of 2021 [144] already released raw projection data, the noise for these
low-dose datasets remains simulated.

Only recently, the 2DeteCT dataset [98] overcame these shortcomings by providing
raw measurement data with complementary features that can be used for a wide
range of imaging tasks such as supervised or unsupervised denoising, limited- and
sparse-angle scanning, beam-hardening reduction, super-resolution, region-of-interest
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tomography or segmentation. In contrast to the clinical, in-vivo datasets such as
the LIDC-IDRI [10] or the Mayo Clinic [141, 144], the 2DeteCT dataset would be
categorized as an in-vitro dataset that only simulates the behavior of natural tissue.

Having one joint dataset instead of individual datasets of various research groups helps
to train algorithms on a uniform set of data, to test them in a standardized way, and
to compare them against other algorithms for different imaging tasks. Particularly,
the problem of defining a ground truth or “gold standard” is prevalent in CT imaging.
Usually, it involves some sort of choice or trade-off with respect to the image acquisition
or generation whereas for the 2DeteCT dataset the “mode 2” acquisition provides
clean data since its acquisition was designed in a high-resolution setting with an
over-sampling in the number of angular projections, a high-dose tube setting, and
with a beam filtration in place. Therefore, we treat the reference reconstructions of
the 2DeteCT dataset as a ground truth or “gold standard” in this work. They utilize
a Nesterov accelerated gradient descent (AGD) algorithm on a bigger reconstruction
plane and subsequently crop the resulting reconstructions to their center region. These
reconstructions can be used as target images for matching noisy or artifact-inflicted
measurements of “mode 1” and “mode 3” respectively and for limited- or sparse-angle
measurement data extracted from “mode 2”. A more detailed description of these
acquisition modes can be found in section 6.5.1 and a visualization is presented in
Figure 6.1. This figure also illustrates types of artifacts present in each reconstruction,
highlighting the diverse challenges that data-driven CT reconstruction must address.

6.2 Data-driven CT reconstruction

In this section, we present the mathematical background of data-driven CT recon-
struction, specifically focusing on 2D tomography, i.e. reconstructing 2D slices from
1D projection data. Furthermore, we briefly introduce how the four classes of methods
explored in this work fit within this framework.

6.2.1 Tomographic reconstruction as a linear inverse problem

Tomographic reconstruction is an inverse problem which can be described as an
image recovery task based on measurements obtained through the Radon transform:
y(ℓ) =

∫

ℓ
x(z) dz, ℓ ∈ L. In this equation, L represents the lines in R

2 from the X-ray
source to each detector pixel, defined by the scanner geometry and rotation. Typically,
this problem is linearized and discretized as

Ax+ ẽ = y (6.1)

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
ẽ accounts for the noise or error, which may arise from the measurements themselves
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or from the linearization of the operator.

Classically, to solve the inverse problem in Eq. 6.1 in a robust manner, a variational
regularization approach [55, 176] is employed. The reconstruction is defined by the
following minimization problem of the variational objective:

x̂ = argmin
x

{D(y,Ax) +R(x)} , (6.2)

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 data 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.

In practice, Eq. 6.2 is solved using iterative optimization schemes, and the quality
of reconstructions is largely influenced by the choice of the regularization functional
R. A variety of methods have been proposed in the optimization literature to solve
Eq. 6.2 with particular choices for the data fidelity term D and the regularization
term R, often under the assumption that these functions are convex. In certain cases,
these optimization methods yield superior reconstructions compared to the standard
analytical approach of the inverse Radon transform, known as filtered backprojection,
especially when suitable functions and parameters are selected.

While convexity of R is analytically desirable for providing efficient optimization
schemes with various guarantees, it is often observed that non-convex regularizers
yield superior reconstructions in practice. However, this advantage comes at a price:
finding global minima becomes generally infeasible, and sometimes even finding
stationary points cannot be guaranteed.

6.2.2 Data-driven methods for tomographic reconstruction

In response to the limitations of classical knowledge-driven approaches, data-driven
methods have rapidly advanced over the past decades. These methods can be catego-
rized in different ways, including based on the amount of expert knowledge involved,
which components are parameterized as neural networks, the domain of application,
and the methodological approach employed (cf. Table 6.2).

In this work, we follow the general categorization of supervised learning methods
of Arridge et al. [11] and consider the following methods in our benchmarking de-
sign: post-processing methods, learned/unrolled iterative methods, learned regularizer
methods, plug-and-play methods.
While any strict categorization may overlook or misrepresent certain methodologies
from the literature, such as self-supervised learning strategies, this framework ef-
fectively encompasses the majority of techniques found in the (weakly) supervised
learning literature on data-driven CT reconstructions.

In the following section, we briefly introduce and describe each of the method cate-
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Table 6.2: Method Categorizations

Article Categorization

Zhang et al., 2020 [225] Amount of expert knowledge involved: hand-
crafted, hybrid approaches, mostly learned

Ye et al., 2023 [219] Point of learned processing: pre-processing, post-
processing, and raw-to-image

Ravishankar et al., 2019 [166] Domain of application: image-domain, hybrid-
domain, AUTOMAP [230], sensor-domain

Arridge et al., 2019 [11] Methodological: post-processing methods,
Learned / Unrolled Iterative Methods, Learned
Regularizer Methods, Plug-and-Play Methods

gories for historical and methodological context. It is not intended as a state-of-the-art
review of methods in the literature.

Direct solvers: Directly learning a reconstruction from measurement y as x̂ = Nθ(y)
has been proposed for MRI in AUTOMAP [230]. Recently, a similar direct method
has been proposed for CT [64], but due to the limited success of this approach, we do
not explore it further.

Post-processing methods: A straightforward approach to incorporating data-driven
methods to overcome the ill-posed nature of CT reconstruction is to initially use
classical method for reconstruction and subsequently train a network to learn the
mapping from the manifold of inadequate reconstructions to the manifold ground
truth reconstructions[75, 78, 88, 91, 228]:

x̂ = Nθ(F(y)), (6.3)

where F is a reconstruction (e.g. FBP in this work), and Nθ an appropriately param-
eterized neural network (NN).

Learned/Unrolled iterative methods: This method category arises from the realization
that many iterative solvers, such as FISTA [14], have a resemblance to convolutional
neural networks (CNNs) [74]. Notably, Barbu [12] introduced the idea of unrolling
iterative methods. By unrolling a handcrafted iterative algorithm and using it as
a building block of a deep neural network (DNN), the parameterized mathematical
operators inherit hyperparameters, image priors, and data consistency constraints
from the iterative methods [219]. A common way to design these methods is to find
a particular step of an iterative solver, e.g. a proximal step, and replace it with an
iteration-dependent shallow CNN. A broader overview of these methods is given in
the review by Monga et al. [145].

The resulting unrolled iterative methods have more interpretable architectures com-
pared to traditional “black-box” denoisers, commonly exhibit much fewer trainable
parameters than standard DNNs, and enable combining domain knowledge with deep
learning [225]. However, it is important to acknowledge that while these methods may
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be more interpretable, they lose their mathematical guarantees when incorporating
learned networks. Since these methods utilize the operator within the network, they
are often referred to as model-based networks. In this context, the physics of the
model, represented by the operator A, is provided to the network rather than learned.

Learned regularizer methods: This approach is based on learning the regularization
functional R in Eq. 6.2 from data. Traditionally, the regularization functional was
hand-crafted for the problem, and over the past decades many hand-crafted functionals
have been proposed; see Benning and Burger [16] for an overview. In contrast to
standard DNNs, the minimization of the variational objective can be analyzed mathe-
matically[149]. Examples include dictionary learning [39], generative [203], network
Tikhonov [126], and adversarial regularization [183]. See Habring and Holler [76] or
Dimakis et al. [48] for an overview.

Plug-and-Play methods: A special sub-case of learned regularizers is the field of Plug-
and-Play (PnP) methods where proximal algorithms are used to optimize the inverse
problem when either the data fidelity or regularization term is non-smooth. Two widely
used iterative algorithms minimizing such composite functionals are the Alternating
Direction Method of Multipliers (ADMM) [27] and the FISTA [14] which use proximal
operators to avoid differentiating the non-smooth function. The proximal step in these
algorithms can be replaced by a more general black-box denoiser (“plugged”-in) while
the optimization algorithms run (“play”) as before. This approach of PnP methods
was developed by Venkatakrishnan et al. [194] and an overview of theory, algorithms,
and applications can be found in a recent review by Kamilov et al. [90]. Although PnP
methods are heavily inspired by variational approaches, the study of their properties
as convergent regularization methods is an area that is still under active development,
with some initial work establishing results in this direction [51, 80].

6.3 Benchmark design

Following best practices on reproducibility for benchmarks [204] we define the purpose
and scope of our benchmark as providing the research community with a benchmarking
framework based on a real-world experimental dataset under CC BY 4.0 license. The
framework consists of a versatile toolbox and a pipeline to evaluate and compare
different algorithms. The toolbox can be used to set up reproducible, reusable
experiments for different image reconstruction and processing tasks in X-ray computed
tomography. The methods selected cover the full range of common categories of
supervised learning methods for solving inverse problems. For each category we
implement three well-established methods and evaluate their respective performance.
The parameters for the CT image reconstruction tasks represent common choices in
the field and all methods are implemented in recent Python and PyTorch versions. The
evaluation is done with key quantitative performance metrics such as the structural
similarity index (SSIM) and peak signal-to-noise ratio (PSNR). The results of the
different methods are documented in Tables 6.5, 6.6, and 6.7 as well as in a visual
overview for a selected image slice in Figure 6.2. All trained models are saved and made
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available on GitHub. The LION toolbox https://github.com/CambridgeCIA/LION/,
used for setting up the benchmarking experiments, enables future extensions by
implementing other CT experiments or other ML-based methods. The codebase is
open-source and licensed under GNU General Public License v3.0. The aim of the
benchmarking design is threefold. Firstly, we give an overview of different categories of
data-driven methods for CT image reconstruction. Secondly, we set-up an easy-to-use
pipeline for implementing and testing algorithms on real-world experimental data.
Thirdly, we provide a baseline comparison of the aforementioned data-driven methods
on the most common CT image reconstruction tasks [219].

The benchmark design described in this work is unique in its combination of realism,
dataset scale, variety of measurement settings and variety of reconstruction methods
considered. Our major contribution is that we have developed a benchmarking
framework that for the first time relies completely on real-world experimental data
and investigates the whole range of common CT image reconstruction tasks. Existing
studies on data-driven CT reconstruction usually focus on one of the method categories
and a singular task for which a newly developed algorithm is compared to the most
recent state-of-the-art and classical reconstruction methods. Often the data used for
these assessments are not the same as the data the other method was tested on, e.g.
the acquisition geometry, the sub-sampling, or the pre-processing might differ. All
these factors limit their comparability and necessitate a benchmarking design with
one common dataset and standardized CT reconstruction tasks as outlined below and
visualized in Figure 6.1.
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Figure 6.1: CT Image Reconstruction Tasks.

https://github.com/CambridgeCIA/LION/
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6.3.1 CT Image reconstruction tasks

2DeteCT encompasses raw experimental data of various acquisition modes for different
CT image reconstruction tasks unified in one dataset. Defining and setting up CT
image reconstruction tasks from the 2DeteCT dataset requires loading subsets of the
experimental measurement data and defining the geometry for the reconstructions
(see Table 6.3). For this work, we use the 2DeteCT sinograms of shape 956× 3600
and reference reconstructions of shape 1024× 1024.

Table 6.3: Summary of the acquisition parameters of the 2DeteCT dataset, adapted from [98]. The
Thoraeus filter is a compound filter made of Sn 0.1mm, Cu 0.2mm, Al 0.5mm. The SOD and SDD
values are based on the motor readings of the FleX-ray scanner which get translated into physical
quantities and are subject to alignment errors.

Acquisition parameter Mode 1 Mode 2 Mode 3
Tube voltage 90.0 kV 90.0 kV 60.0 kV
Tube power 3.0W 90.0W 60.0W
Filters used Thoraeus Thoraeus No Filter

Exposure time 50.0ms
Binned detector pixel size 149.6 µm

Number of binned detector pixels 956
Source to object distance (SOD) 431.020mm

Source to detector distance (SDD) 529.000mm
Number of projections 3601

Angular increment 0.1 deg

Each of the tasks utilizes different properties of the 2DeteCT dataset, necessitates
a corresponding data pairing and requires a pre-processing which we will discuss in
Section 6.4.1. The “gold standards” set as target images for all tasks are the reference
reconstructions of “mode 2” of the 2DeteCT dataset. The details of these tasks are
described in the following and visualized in Figure 6.1.

Full data reconstruction: We use the complete raw projection data of the “mode 2”
acquisition (full sinograms) and use the corresponding iterative reference reconstruc-
tions of the 2DeteCT dataset as target images. Since these were generated through
an AGD algorithm on a bigger reconstruction plane and subsequently cropping the
resulting reconstructions to their center region, the evaluated methods actually learn
to mimic the final output of AGD for this task. However, the full data reconstruction
serves as a reference for the performance of the evaluated methods on other CT image
reconstruction tasks.

Limited-angle reconstruction: We limit the raw projection data of the “mode 2” ac-
quisition to a smaller angular range. Depending on the used wedge of 120◦, 90◦, or
60◦ only the first 1200, 900 or 600 projection lines of the 956× 3600 sinograms are ex-
tracted. With this missing information a standard reconstruction will show streaking,
elongation, ghost tail, and missing boundaries artifacts of increasing severity with
decreasing angular size of the wedge [13, 62]. The “gold standard” is a reconstruction
of a complete sinogram and therefore we use the iterative reference reconstructions of
the 2DeteCT dataset as target images.
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Sparse-angle reconstruction: We sub-sample the raw projection data of the “mode 2”
acquisition. Depending on the number of angles used 360, 120, or 60 projection lines
evenly distributed over the full angular range are extracted from the original 3600
projections of the sinograms. Undersampling of this kind violates the Nyquist-Shannon
sampling theorem and introduces aliasing artifacts [89]. The “gold standard” is a
reconstruction of a fully-sampled sinogram and therefore we use the iterative reference
reconstructions of the 2DeteCT dataset as target images.

Low-dose reconstruction: We use the complete raw projection data of the “mode 1”
acquisition (full sinograms). Due to the low-dose setting of the acquisition, the
measurements show very low photon counts and their corresponding iterative recon-
struction slices show streaking artifacts and high granularity as manifestations of
image noise. The “gold standard” for this task is a reconstruction of the corresponding
high-dose acquisition of “mode 2” and we use the iterative reference reconstructions of
the 2DeteCT dataset as target images.

Beam-hardening corrected reconstruction: We use the complete raw projection data
of the “mode 3” acquisition (full sinograms). Due to the unfiltered beam spectrum
of the X-ray source during the acquisition of the measurements, the corresponding
iterative reconstruction slices show streaking and shadowing-like “cupping” artifacts as
manifestations of beam-hardening and photon starvation [35, 158]. The “gold standard”
for this task is a reconstruction of the corresponding filtered acquisition of “mode 2”
and we use the iterative reference reconstructions of the 2DeteCT dataset as target
images.

6.3.2 Pipeline

The benchmark framework was set up using LION (Learned Iterative Optimization
Networks), an open-source Python toolbox for learned tomographic reconstruction.
There are other open-source libraries that focus on providing a robust set of forward
(and backward) operators, like ODL [2] or tomosipo [81] or libraries that focus
on providing variational (non-ML) reconstructions, such as ASTRA [1, 154, 190]
or TIGRE [18, 19]. Given such existing libraries, obtaining an operator for the
experiments described above, can be straightforward, but creating such operators for
real measured datasets is not always trivial and loading this data accordingly can be
challenging.

LION focuses on using libraries such as tomosipo to build a toolbox for loading, pre-
processing, simulating, and reconstructing CT data as well as training and evaluating
data-driven methods in CT. As forward operators, LION currently supports the
aforementioned tomosipo, which uses ASTRA’s ray-driven forward projector and an
unmatched voxel-driven backprojector.

To our knowledge there is only one other maintained open-source library for deep
learning that supports CT reconstruction, DeepInv [187]. DeepInv is a comprehensive
library for inverse problems and learning. However, it does have limitations in terms of
specificity, which is often overlooked by more generalist libraries. For instance, it does
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not provide complex dataset definitions, topic-specific experiments, or application
specific noise models that are crucial for certain applications.

Through this benchmarking study LION now features a designated data loader for
the 2DeteCT dataset [98] and defines tasks and modes such that the data loader
sources the corresponding data from this dataset. It performs a split into training
(79.4%, 3930 slices), validation (11.11%, 550 slices), and test data (9.49%, 470 slices),
defines the CT geometry and parameters of CT data processing, creates a forward
operator, and loads and pre-processes sinograms and reconstructions. Furthermore, it
contains designated experiment classes for the above CT image reconstruction tasks
and PyTorch implementations of various models from the different method categories
outlined above. A significant development effort was undertaken to ensure a consistent
implementation of all deep learning methods using the same data and operator
framework for the variety of CT image reconstruction experiments. Additionally, the
toolbox defines metrics for training and evaluation, contains an optimizer for supervised
learning settings and allows for saving all relevant information in a parameter file to
completely reproduce models. These parameter files store among others, the used
dataset parameters, training parameters, loss, epochs, optimizer, and the CT geometry.
Lastly, the toolbox allows for saving trained models to compare against them and for
storing scripts that have been used in papers to specifically reproduce experiments of
that particular study.

To summarize, the motivation for this benchmarking design is providing the community
with an easy pipeline to load real-world experimental data and conduct standardized
experiments. It lays the foundation for the computational imaging community to
easily implement and test methods on the 2DeteCT dataset using a custom data
loader as well as tailored and standardized CT benchmarking experiments. This
greatly extends the utility of the 2DeteCT dataset since researchers do not need
to spend time on the implementation of their own data loaders or reconstruction
tasks and can easily compare against other methods. It makes it easier than ever
to start experimenting with deep-learning-based (and non-deep-learning-based) CT
reconstruction in realistic settings, without the need for expert knowledge or simulating
data. In particular, it allows users to avoid many of the pitfalls of trying to simulate
appropriate measurement data and focus instead on the development of reconstruction
methods.

6.3.3 Performance metrics

One common metric for evaluating CT reconstructions, especially in the case of limited
or noisy data, is the peak signal-to-noise ratio (PSNR)[69]. It quantifies the ratio of
the maximum possible value of a signal to the power of corrupting noise that affects
the fidelity of the image. Furthermore, the structural similarity (SSIM) [180, 195, 202]
indicates in a range from 0.0 to 1.0 how similar an evaluated image is to a reference
image, where 1.0 means they are identical. For both metrics, higher scores indicate a
better algorithm performance and a ground truth reference image is necessary. The
ground truth reference images used in this work are the reference reconstructions
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of “mode 2” of the 2DeteCT dataset which utilize an AGD algorithm on a bigger
reconstruction plane which is then cropped to its center.

6.4 Numerical experiments

6.4.1 Pre-processing

All numerical experiments for the different CT image reconstruction tasks are set
up as sinogram-to-reconstruction experiments. They do not perform sinogram-to-
sinogram or reconstruction-to-reconstruction experiments such as sinogram denoising,
artifact reduction, inpainting, beam-hardening reduction. This means that the ML-
based algorithms take a sinogram as input data and corresponding iterative reference
reconstructions from acquisition “mode 2” as target data. In principle, it is possible
to also perform sinogram-to-sinogram or reconstruction-to-reconstruction experiments
within the LION toolbox but this would make the comparison between e.g. post-
processing methods and learned/unrolled iterative methods less fair. Therefore, we
chose to only use sinogram-to-reconstruction experiments in this benchmarking study.
The sinograms are pre-processed with LION using modules such as ASTRA [1, 154,
190] and tomosipo [81] according to the description in the original dataset publication
and as outlined below.

The sinograms are pre-processed into a beam intensity loss image by subtracting
detector offset counts (“dark currents”) from the measured photon counts per detector
pixel and by dividing by so-called “flat fields”, the pixel-dependent sensitivities of the
detector. To perform a CT reconstruction, the data is then transformed with the
negative logarithm to follow the Beer-Lambert law. For more details please refer to
the original dataset publication [98].

6.4.2 Evaluated methods

The method selection in this work focuses on (weakly) supervised learning methods,
excluding self-supervised and unsupervised approaches to establish a foundation for
benchmarking. To this end, we prioritize established supervised learning methods that
can serve as reliable baselines, omitting some newer techniques based on transformers
and generative models, as explained at the end of this subsection. In the following, we
introduce which methods from the literature will be used in this benchmark. To limit
the broad scope of this work, we use three methods from each subclass presented in
Section 6.2.2.

Table 6.4 lists the different methods that have been evaluated for the benchmarking
and in which of the described method categories they fall. The details of the networks’
training can be found in Section 6.4.3 and in the GitHub repository mentioned in the
section “Code and Data Availability”. Additionally, we evaluate classical reconstruction
methods on the test data. Analytical methods such as filtered backprojection (FBP)
or iterative methods such as AGD [151] or regularized methods such as the Chambolle-

https://astra-toolbox.com
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Pock (PDHG) [37] solver with total variation (TV) regularization are highly effective
and still widely used in practice [15].

Table 6.4: Evaluated methods

Category Method (Year and Reference)

Classical Methods FBP [79], AGD [151], PDHG [37]
Post-Processing Methods U-Net [173], MSD-Net [160], DnCNN [227]
Learned / Unrolled Iterative Methods Learned Gradient [4], TV-regularized Learned Gradient,

Learned Primal Dual [3]
Learned Regularizer Methods AR [134], TDV [117], ACR [147, 148]
Plug-and-Play Methods DnCNN-PnP [227], DRUNet-PnP [226], GS-PnP [85]

Post-processing methods: In this work, the evaluated post-processing methods are the
U-Net [173], the MSD-Net [160], and the DnCNN [227]. The U-Net, originally designed
for image segmentation tasks, is well known in many fields of machine learning and
consists of a contracting path, which captures both low and high-frequency features,
a bottleneck layer, and a symmetric expanding path. The expanding path integrates
information from corresponding layers in the contracting path, effectively translating
learned features back into the image space at each resolution. The MSD-Net has
proven itself particularly effective for CT image reconstruction problems in the litera-
ture. Its neural network architecture, incorporating dense connections between layers
at different scales, helps to effectively capture both local and global information in
images. The DnCNN is a deep learning architecture specifically designed for image
denoising tasks. It uses a series of convolutional layers with batch normalization to
learn noise patterns and remove them from images. It has achieved state-of-the-art
results in image denoising benchmarks.

Learned / Unrolled iterative methods: The first unrolled method we consider is Learned
Gradient (LG) [4], which seeks to directly learn the update step in the gradient descent
solver rather than relying solely on an additive step. The LG method parameterizes a
fixed number of gradient steps to approximate the optimal direction based on the true
gradient of the variational objective. The second method is an extension of this model
including a TV regularization in its update rule (LGTV). In both of these methods,
a small four-layer CNN is employed to replace the update step, taking the current
image estimate and gradient(s) as inputs. The last method considered is the Learned
Primal Dual (LPD) algorithm [3]. LPD solves the variational optimization problem
by learning proximal-like steps in both primal and dual variables simultaneously. By
jointly training two networks to update primal and dual variables, this algorithm can
efficiently solve tasks such as image reconstruction and denoising and is known to
produce high-quality results, using a minimal set of learned parameters. In LPD, each
gradient step is substituted by a shallow four-layer CNN.

Learned regularizer methods: Learned regularization methods, which directly param-
eterize the regularization functional using a neural network, typically differ in either
their training strategy, network architecture, or variational objective optimization
scheme. For evaluation, the adversarial regularizer (AR)[134] and its convex coun-
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terpart (ACR)[147, 148] are considered alongside total deep variation (TDV)[117].
Both adversarial regularizers are trained using a Wasserstein-1 distance-based loss,
while TDV is trained by minimizing the distance between the ground truth and
the reconstruction achieved via a fixed number of gradient steps on the variational
objective. AR is parameterized using a standard CNN with a single dense layer,
and the variational objective is optimized via accelerated gradient descent with early
stopping. ACR utilizes an input convex neural network, and the variational objective is
optimized with accelerated gradient descent and backtracking. TDV is parameterized
using a multiscale convolutional neural network.

Plug-and-Play methods: There are various axes along which the settings of PnP meth-
ods can be varied, including the choice of splitting method and the architecture of the
denoiser. In this work, we will fix the splitting to be a forward-backward splitting of
a variational objective, and consider the effect of varying the denoiser architectures:
two of them will be “unconstrained”, differing mainly in model capacity, while the
last one has a structural constraint that allows for provable convergence. To be
more specific, the first method (DnCNN-PnP) replaces the proximal operator of the
regularization functional by DnCNN [227], while the second method (DRUNet-PnP)
uses a DRUNet [226] instead, which gives improved denoising performance at the
cost of significantly more parameters and increased computational time. Finally, the
third method (GS-PnP) splits the variational objective in the opposite way, taking
a gradient step on the regularization functional and a proximal step on the data
discrepancy functional. It has been shown that it is possible to obtain high-quality
PnP reconstructions in this way, while retaining the interpretation of minimizing
a variational objective [85]. To compute the output of the denoiser in GS-PnP, it
is necessary to perform an intermediate backpropagation on the backbone denoiser,
resulting in significant extra computational cost, both in terms of memory and time.
As in the work of Hurault, Leclaire, and Papadakis [85], we deal with this by scaling
down (both in number of blocks and width of the blocks) the backbone DRUNet, as
compared to the DRUNet used in DRUNet-PnP.

The field of deep learning methods is rapidly evolving, with new architectures and
methods constantly being released. For this reason, we necessarily have had to omit
some methods from consideration in this benchmark such as the most recent strides
using transformers and diffusion models for CT reconstruction.

In the context of CT reconstruction, transformer-based reconstructions [198] generally
take the form of what we have called a post-processing method in the benchmark, the
only difference being the architecture of the “denoiser” used. In our benchmark, all of
the architectures considered were convolutional. On the other hand, diffusion-model-
based approaches [133, 186] are most similar to what we have called plug-and-play
methods, as they alternately implement data-consistency steps, utilizing the forward
model, and prior-consistency steps. In deterministic plug-and-play the latter involves
applying a denoiser or executing a sampling step in stochastic restoration based on
diffusion models.
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In summary, we believe that our selection of method classes encompasses many
methods of interest, even if some specific methods mentioned are not included in the
presented comparison of twelve exemplary well-established approaches.

6.4.3 Training details

The basis for this benchmarking framework is the 2DeteCT dataset [98]. This dataset
was split in a sophisticated way to ensure that no scanned sample mixes are shared
between the training, validation, and test data. The data split is as follows: training
data (79.4%, 3,930 slices), validation data (11.11%, 550 slices), test data (9.49%,
470 slices). The training was carried out without extensive hyperparameter tuning
to achieve as good a result as possible. We prioritized adequate performance over
extensive hyperparameter tuning to produce baseline results for a comparative analysis
among techniques. The reported total training times for each method vary significantly,
reflecting the differences in data size associated with each CT image reconstruction
task.

Post-processing methods

The post-processing methods have all been trained with the same parameters: Adam
optimizer [97] for 100 epochs with a learning rate of 10−4 and parameters β1 = 0.9
and β2 = 0.99. The final models were chosen based on the minimum loss in the
validation set. The total training times are dependent on the used machine, the CT
image reconstruction task and the evaluated method:

• FBP+U-Net, total training time per CT image reconstruction task ranges
between 26− 73 hours,

• FBP+MSD-Net, total training time per CT image reconstruction task ranges
between 83− 120 hours,

• FBP+DnCNN, total training time per CT image reconstruction task ranges
between 56− 93 hours,

Learned / Unrolled iterative methods

These methods have been trained exactly the same way as the post-processing methods,
however, LG and LGTV required a learning rate of 10−5 for stable training. The final
models were again chosen based on the minimum loss in the validation set. The total
training times are dependent on the used machine, the CT image reconstruction task
and the evaluated method:

• LG, total training time per CT image reconstruction task ranges
between 24− 117 hours,

• LGTV, total training time per CT image reconstruction task ranges
between 19− 116 hours,
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• LPD, total training time per CT image reconstruction task ranges
between 23− 153 hours,

Learned regularizer methods

All models were trained using an Adam optimizer with a learning rate of 10−4 and
parameters β1 = 0.9 and β2 = 0.99. These hyperparameters were picked according to
the original methods [117, 148], and were fixed for all tasks. Order of magnitude for the
hyperparameters in minimization of the variational objective were found for one tasks,
the sparse-angle reconstruction with 90 projections, and were adjusted for other tasks
based on the operator norm. The adversarial regularization methods have been trained
for 25 epochs, with a reduced validation set. Minimum validation loss model was then
chosen. TDV was trained for 10 epochs, due to its computationally expensive training.
The number of steps was chosen to be the maximal number allowing for the network
to fit on a 24 GB GPU. Due to the relatively low SSIM numbers we hypothesize that
the number of steps ideally would need to be increased for all experiments, but due
to the sizes, remains infeasible. The total training times are dependent on the used
machine, the CT image reconstruction task and the evaluated method:

• AR, total training time per CT image reconstruction task ranges
between 50− 75 hours,

• ACR, total training time per CT image reconstruction task ranges
between 50− 75 hours,

• TDV, total training time per CT image reconstruction task ranges
between 90− 110 hours,

Plug-and-Play methods

As above, we trained the denoisers for the PnP methods using the Adam optimizer,
with a learning rate of 10−4 and parameters β1 = 0.9 and β2 = 0.999. We normal-
ized the inputs by rescaling with the maximum pixel value found on the training
set. We trained denoisers on Gaussian denoising tasks with a range of noise levels
{0.001, 0.005, 0.01, 0.02, 0.03, 0.05, 0.07}, corresponding to (average) PSNRs of approx-
imately 50 dB, 36 dB, 30 dB, 24 dB, 20 dB, 17 dB and 13 dB respectively. After
training, we plugged the denoisers into the methods described in Section 6.4.2, se-
lecting separately for each experiment the denoiser that performed best on the PnP
reconstruction task on the validation set. Each denoiser was trained for 25 epochs,
with total training times per denoiser being as follows:

• DnCNN, total training time 6 hours,

• DRUNet, total training time 10 hours,

• GS-DRUNet, total training time 15 hours.
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6.5 Results and discussion

We report on the performances of different data-driven methods on the most common
CT image reconstruction tasks in both a quantitative (see Tables 6.5, 6.6, and 6.7)
and qualitative analysis (see Figure 6.2). The metrics are averaged over the whole test
dataset and include their standard deviation whereas the qualitative analysis is for one
specific slice (index 182) of the test dataset. While an extensive quantitative analysis
of the performance describing trends in different performances is out of the scope
of this paper, we provide a detailed but short quantitative and qualitative analysis
below. In CT image reconstruction the qualitative analysis, i.e. the visual inspection
of reconstructed images, is a crucial tool to augment the quantitative results reported
in Tables 6.5, 6.6, and 6.7 and shall serve as a starting point for further analysis.

6.5.1 Relevance and difficulty of CT image reconstruction tasks

The basis of the benchmarking framework of this work are the selected CT image
reconstruction tasks. Namely, Full Data, Limited-Angle, Sparse-Angle, Low-Dose and
Beam-Hardening corrected reconstruction. In the following, we want to give a better
insight about their respective relevance and difficulty.

Full data reconstruction: The Full Data CT image reconstruction task can be consid-
ered purely as a reference for each of the algorithms and does not pose any particular
challenges. This is due to the fact that this task uses the full data of the “mode 2” ac-
quisition of the 2DeteCT dataset which was designed in a high-resolution setting with
an over-sampling in the number of angular projections, a high-dose tube configuration,
and with a beam filtration in place. Classical methods such as FBP, AGD, and PDHG
will perform well in these settings and there is no need for learned reconstruction
methods.

Limited-angle reconstruction: If this data is limited or sparsified in the angular range,
undersampling artifacts occur. Theoretically, acquisitions from 180◦ with sufficient
angular sampling can produce an artifact-free image. When limiting the angular
range further, the missing information causes more visible image artifacts such as
streaking, elongation, ghost tail, and missing boundaries. The challenge of limited
angle acquisition occurs for example in industrial product inspection and medical
imaging mammography. During the selection of the angular span of the wedge, we
tested a limited angle of 150◦ for a few algorithms and decided that the task at hand
is not yet challenging enough. Therefore, we chose wedges of 120◦, 90◦, or 60◦ for our
limited angle reconstruction tasks. Since classical reconstructions of 60◦ are already
dominated by artifacts, a further undersampling was omitted. The difficulty of these
tasks increases with decreasing available angular range.

Sparse-angle reconstruction: For undersampling in terms of sparsity, the Nyquist-
Shannon sampling theorem [89] can give an approximation of how many projections
are necessary for a well-sampled CT scan. For the experimental setup of the 2DeteCT
dataset a minimal number of approximately 3000 projections is required for sufficient
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sampling. Noticeable differences, however, only occur when undersampling by factors
of five or more. Decreasing the number of projections is often used to speed up the
CT acquisition process or to reduce dose for the scanned subject or sample. We
tested undersamplings based on 720, 360, 180, 120, 90, and 60 projections for one
classical, one post-processing, and one unrolled algorithm to decide which experiments
to include in the benchmark. Since 720 and 360 projections both showed a relatively
similar severity in artifacts we chose to include only the 360 projections case in our
benchmarking. For the lower end of this undersampling range we concluded that 60
projections, so an undersampling of a factor 60 in comparison to the full data, was
still feasible for some of the tested learned algorithms and should be considered as a
challenging task for our benchmarking. To distribute the number of projections for
our sparse-angle reconstruction we chose 360, 120, and 60 projections for our final
experiments. Again, the difficulty of these tasks increases with decreasing the number
of available projections.

Low-dose reconstruction: For the low-dose CT image reconstruction task, we use the
acquisition data of “mode 1” which uses a 1/30 tube current compared to “mode 2”
acquisition that has been optimized for the best image quality. In medical imaging,
a lower dose is typically chosen to achieve images of adequate quality for clinical
purposes while minimizing radiation exposure. The “tube current"-“exposure time”
products range from 50 to 400 mAs in clinical practice. “Mode 2” has a high-dose
acquisition with a “tube current”-“exposure time” product of 18 mAs, while “mode
1” has a low-dose acquisition with a product of 0.6 mAs. It is important to note
that the size of the scanning object and the setup geometry differ from a traditional
medical CT scan, as the scanning object is much smaller with a circumference of
approximately 35 cm compared to 50-100 cm for standard abdominal circumferences
in children and adolescents [168]. Nevertheless, the low-dose CT reconstruction task
can be viewed as having a similar or even higher noise-level than medical (extreme)
low-dose CT data.

Beam-hardening corrected reconstruction: For the beam-hardening corrected CT im-
age reconstruction task, we use the acquisition data of “mode 3”. Since the beam
spectrum of the X-ray source remains unfiltered during the acquisition process, the
corresponding iterative reconstruction slices show streaking and shadowing-like “cup-
ping” artifacts as manifestations of beam-hardening and photon starvation [35, 158].
These artifacts are of a highly non-local and non-linear nature and corresponding
data of beam-hardening afflicted CT images and physically filtered and corrected
acquisition data are a novelty introduced by the 2DeteCT dataset [98]. In both
medical and industrial settings, having high-attenuating areas in the region-of-interest
causes severe artifacts and poses challenges. The severity of the challenge of learning
to map between these data distributions was to date unknown and is reported in this
work for the first time.

Overall, the limited-angle reconstruction from 60◦ and the beam-hardening corrected
reconstruction can be considered the most difficult tasks.
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Figure 6.2: Qualitative analysis of all evaluated methods for slice 182 of the test dataset in
comparison to the “gold standard” iterative reference reconstruction of the 2DeteCT dataset (green
box).
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Table 6.5: Quantitative analysis of all evaluated methods with respect to PSNR and SSIM on their
performance in the CT image reconstruction tasks: Full Data “mode 2”, Low-Dose “mode 1”, and
Beam-Hardening “mode 3”.

Method Metric
CT Image Reconstruction Task

Full Data Low-Dose Beam-Hardening

Classical Methods

FBP
SSIM 0.7463 ± 0.0296 0.0838 ± 0.0212 0.3367 ± 0.0464
PSNR 35.0285 ± 2.0907 18.6437 ± 2.0508 14.5594 ± 1.9056

AGD
SSIM 0.7753 ± 0.0380 0.0727 ± 0.0182 0.3483 ± 0.0650
PSNR 35.1006 ± 2.2801 17.7062 ± 2.0517 14.4294 ± 1.9255

PDHG
SSIM 0.7689 ± 0.0498 0.6820 ± 0.0749 0.4492 ± 0.0616
PSNR 34.3251 ± 1.9703 31.9637 ± 1.9824 15.0090 ± 1.9094

Post-Processing Methods

FBP+U-Net
SSIM 0.6499 ± 0.0681 0.7632 ± 0.0780 0.6336 ± 0.0760
PSNR 32.6998 ± 1.9512 27.6772 ± 3.0133 28.0629 ± 3.8439

FBP+MSDNet
SSIM 0.8481 ± 0.0384 0.7253 ± 0.0864 0.7991 ± 0.0665
PSNR 33.2999 ± 1.9492 31.6910 ± 1.9559 31.4389 ± 2.0988

FBP+DnCNN
SSIM 0.8324 ± 0.0403 0.7127 ± 0.0806 0.6328 ± 0.0751
PSNR 32.2575 ± 1.9506 29.7645 ± 1.9748 28.2405 ± 2.0374

Learned / Unrolled Iterative Methods

LG
SSIM 0.7498 ± 0.0708 0.6685 ± 0.0772 0.6025 ± 0.0747
PSNR 32.4409 ± 1.9527 30.4679 ± 1.9945 28.4148 ± 1.9584

LGTV
SSIM 0.8221 ± 0.0532 0.7008 ± 0.0797 0.6656 ± 0.0774
PSNR 33.3312 ± 1.9493 30.9991 ± 1.9328 29.5372 ± 2.0008

LPD
SSIM 0.8447 ± 0.0370 0.8282 ± 0.0519 0.8352 ± 0.0568
PSNR 33.3086 ± 1.9466 32.6685 ± 1.9656 33.1382 ± 1.9759

Learned Regularizer Methods

AR
SSIM 0.8196 ± 0.0385 0.8039 ± 0.0505 0.3125 ± 0.0479
PSNR 32.3583 ± 1.9621 31.0472 ± 1.9763 19.5692 ± 1.9612

TDV
SSIM 0.7282 ± 0.0652 0.6047 ± 0.0815 0.5494 ± 0.0635
PSNR 33.1204 ± 1.9496 28.2429 ± 1.9433 25.7832 ± 2.0109

ACR
SSIM 0.8518 ± 0.0362 0.8163 ± 0.0522 0.6742 ± 0.0505
PSNR 33.7131 ± 1.9450 32.2621 ± 1.9689 18.5708 ± 1.7824

Plug-and-Play Methods

DnCNN-PnP
SSIM 0.8585 ± 0.0402 0.7795 ± 0.0523 0.5989 ± 0.0375
PSNR 32.8506 ± 1.9306 31.3986 ± 1.9424 15.4667 ± 1.9107

DRUNet-PnP
SSIM 0.8573 ± 0.0405 0.7984 ± 0.0517 0.5945 ± 0.0375
PSNR 32.8935 ± 1.9327 31.5762 ± 1.9480 15.4543 ± 1.9102

GS-PnP
SSIM 0.7856 ± 0.0590 0.7727 ± 0.0683 0.5131 ± 0.0562
PSNR 32.5734 ± 1.9331 31.7931 ± 1.9444 15.3466 ± 1.9128
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Table 6.6: Quantitative analysis of all evaluated methods with respect to PSNR and SSIM on their
performance in the CT image reconstruction tasks of Limited-Angle.

Method Metric
CT Image Reconstruction Task

Limited-Angle 120 Limited-Angle 90 Limited-Angle 60

Classical Methods

FBP
SSIM 0.3418 ± 0.0354 0.2369 ± 0.0323 0.1557 ± 0.0288
PSNR 22.4188 ± 1.9240 19.4251 ± 1.9405 16.9057 ± 1.9579

AGD
SSIM 0.4904 ± 0.0550 0.4411 ± 0.0555 0.4146 ± 0.0559
PSNR 25.7508 ± 1.9690 24.1128 ± 1.9528 22.8848 ± 1.9531

PDHG
SSIM 0.5923 ± 0.0550 0.5194 ± 0.0547 0.4658 ± 0.0510
PSNR 26.3646 ± 1.9443 24.4392 ± 1.9321 22.7556 ± 1.9428

Post-Processing Methods

FBP+U-Net
SSIM 0.7251 ± 0.0519 0.6338 ± 0.0659 0.5892 ± 0.0678
PSNR 28.7931 ± 2.0052 27.3875 ± 2.0441 23.8511 ± 2.8370

FBP+MSDNet
SSIM 0.7840 ± 0.0641 0.7695 ± 0.0579 0.7148 ± 0.0726
PSNR 30.7850 ± 1.9784 29.0111 ± 1.9740 27.4624 ± 1.9661

FBP+DnCNN
SSIM 0.5829 ± 0.0521 0.5661 ± 0.0528 0.5174 ± 0.0559
PSNR 20.4433 ± 2.5345 23.4066 ± 2.2764 21.2132 ± 2.5140

Learned / Unrolled Iterative Methods

LG
SSIM 0.6740 ± 0.0652 0.5746 ± 0.0655 0.5378 ± 0.0706
PSNR 28.1639 ± 1.9380 26.3188 ± 1.9508 24.7228 ± 1.9630

LGTV
SSIM 0.6804 ± 0.0647 0.5590 ± 0.0639 0.5091 ± 0.0643
PSNR 28.4131 ± 1.9300 26.0867 ± 1.9545 25.0225 ± 1.9687

LPD
SSIM 0.8296 ± 0.0410 0.8049 ± 0.0444 0.7724 ± 0.0571
PSNR 31.1723 ± 1.9607 29.2534 ± 1.9941 28.0734 ± 1.9589

Learned Regularizer Methods

AR
SSIM 0.6869 ± 0.0505 0.6100 ± 0.0543 0.5742 ± 0.0620
PSNR 23.8496 ± 2.1578 21.1830 ± 2.1772 22.2350 ± 2.0260

TDV
SSIM 0.5940 ± 0.0595 0.5459 ± 0.0572 0.5282 ± 0.0584
PSNR 26.3233 ± 1.9315 24.8127 ± 1.9399 23.3939 ± 1.9662

ACR
SSIM 0.7114 ± 0.0543 0.6575 ± 0.0541 0.5515 ± 0.0529
PSNR 27.1792 ± 1.9441 25.3342 ± 1.9442 23.4915 ± 1.9539

Plug-and-Play Methods

DnCNN-PnP
SSIM 0.7617 ± 0.0410 0.6981 ± 0.0441 0.6200 ± 0.0475
PSNR 26.9997 ± 1.9330 25.0658 ± 1.9248 23.4108 ± 1.9521

DRUNet-PnP
SSIM 0.7634 ± 0.0411 0.7002 ± 0.0443 0.6149 ± 0.0511
PSNR 27.0262 ± 1.9334 25.0829 ± 1.9254 23.4362 ± 1.9520

GS-PnP
SSIM 0.6396 ± 0.0670 0.5668 ± 0.0663 0.4989 ± 0.0625
PSNR 26.3318 ± 1.9328 24.5129 ± 1.9282 22.8225 ± 1.9481
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Table 6.7: Quantitative analysis of all evaluated methods with respect to PSNR and SSIM on their
performance in the CT image reconstruction tasks of Sparse-Angle.

Method Metric
CT Image Reconstruction Task

Sparse-Angle 360 Sparse-Angle 120 Sparse-Angle 60

Classical Methods

FBP
SSIM 0.2947 ± 0.0453 0.1231 ± 0.0225 0.0611 ± 0.0112
PSNR 24.9674 ± 2.0415 19.8769 ± 2.0124 16.6451 ± 1.9972

AGD
SSIM 0.3867 ± 0.0563 0.4142 ± 0.0630 0.4333 ± 0.0664
PSNR 26.9629 ± 2.0444 27.5127 ± 1.9948 27.2796 ± 1.9553

PDHG
SSIM 0.6998 ± 0.0685 0.6712 ± 0.0718 0.5952 ± 0.0728
PSNR 32.9158 ± 1.9739 31.7980 ± 1.9798 29.8020 ± 1.9326

Post-Processing Methods

FBP+U-Net
SSIM 0.7449 ± 0.0801 0.7518 ± 0.0657 0.7728 ± 0.0592
PSNR 30.4766 ± 3.4844 26.0785 ± 6.3779 19.5421 ± 9.9613

FBP+MSDNet
SSIM 0.8392 ± 0.0473 0.7993 ± 0.0650 0.7626 ± 0.0789
PSNR 33.1188 ± 1.9820 32.2993 ± 1.9928 30.9931 ± 1.9875

FBP+DnCNN
SSIM 0.7864 ± 0.0618 0.6701 ± 0.0864 0.6180 ± 0.0796
PSNR 31.7575 ± 2.0213 29.1817 ± 2.3053 28.6079 ± 2.3389

Learned / Unrolled Iterative Methods

LG
SSIM 0.7846 ± 0.0628 0.6795 ± 0.0790 0.6428 ± 0.0777
PSNR 32.5946 ± 1.9764 31.1950 ± 1.9658 29.9360 ± 1.9603

LGTV
SSIM 0.7811 ± 0.0659 0.7100 ± 0.0745 0.7081 ± 0.0689
PSNR 32.9404 ± 1.9666 31.4072 ± 1.9647 29.9021 ± 1.9357

LPD
SSIM 0.8433 ± 0.0479 0.8300 ± 0.0500 0.8206 ± 0.0508
PSNR 33.3809 ± 1.9513 32.7032 ± 1.9685 32.0583 ± 1.9789

Learned Regularizer Methods

AR
SSIM 0.8309 ± 0.0447 0.8117 ± 0.0553 0.7949 ± 0.0595
PSNR 32.8067 ± 1.9714 32.1030 ± 1.9577 30.8378 ± 1.9532

TDV
SSIM 0.6815 ± 0.0736 0.6235 ± 0.0741 0.5725 ± 0.0728
PSNR 32.2673 ± 1.9641 30.6585 ± 1.9357 28.9451 ± 1.8995

ACR
SSIM 0.8271 ± 0.0494 0.8074 ± 0.0539 0.7849 ± 0.0524
PSNR 33.1537 ± 1.9632 31.9181 ± 1.9666 30.5147±1.9338

Plug-and-Play Methods

DnCNN-PnP
SSIM 0.8405 ± 0.0432 0.8021 ± 0.0465 0.7637 ± 0.0484
PSNR 32.4627 ± 1.9309 31.3847 ± 1.9271 29.9350 ± 1.8980

DRUNet-PnP
SSIM 0.8398 ± 0.0433 0.8000 ± 0.0465 0.7658 ± 0.0498
PSNR 32.5065 ± 1.9324 31.3949 ± 1.9266 29.9518 ± 1.9085

GS-PnP
SSIM 0.7622 ± 0.0628 0.7588 ± 0.0684 0.6937 ± 0.0701
PSNR 32.1977 ± 1.9353 31.2728 ± 1.9370 29.5791 ± 1.8960
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6.5.2 Quantitative and qualitative analysis of the evaluated methods

For this benchmarking we compared a range of algorithms representative for different
categories of learned reconstruction methods in several CT image reconstruction tasks
and reported their performance with respect to SSIM and PSNR. However, it is
particularly important to note that the quantitative analysis presented in Tables 6.5,
6.6, and 6.7 does not capture the nuances of the quality of the reconstruction upon
visual inspection. This is particularly true in cases where the task at hand is more
challenging, e.g. limited-angle reconstruction from 60◦. In this case, the quantitative
analysis indicates that both post-processing methods and learned/unrolled iterative
methods perform similarly to the learned regularizer and PnP methods (e.g. ACR
has better SSIM than LG). However, the qualitative analysis (visual inspection of the
reconstructions) shows that for PnP and Learned Regularizer methods, limited angle
reconstructions are not performing well, arguably producing images as bad as FBP.
Thus, one should not fully trust the performance metrics when comparing models
solving such challenging inverse problem scenarios.

Along the same lines, the performance of all evaluated methods on the Full Data
reconstruction task should be considered carefully. The “gold standard” or ground
truth for this reconstruction task are iterative reference reconstructions computed
with an AGD algorithm on a larger field-of-view (2048 × 2048) and cropped to its
center region of (1024 × 1024). Given that this is a relatively well-posed problem,
AGD should have converged to the true minimizer of the data fidelity functional, and
thus the resulting image should be a good target for data-driven methods. However,
this is not strictly true, as noise in CT acquisition is much more complex than just
Gaussian, and this target is not really the exact ground truth. One could argue that
a solution from an explicitly regularized algorithm (e.g. Chambolle-Pock with TV)
would be also an appropriate target to use, and this would change the numerical
results of this work. This choice of using AGD as target, is likely not highly impacting
the conclusions of this work, but it is important to clarify that this is a choice, and
not a definition of the ground truth.

This explains why AGD performs excellently, and if the same scale of the reconstruction
would be kept, the SSIM would be 1 and PSNR infinity. But, as explained, this means
that all evaluated methods in the Full Data reconstruction are learning to produce
AGD-like results, not the actual ground truth. PnP and learned regularizer methods
produce a high SSIM because they are also optimized using Gradient Descent, but with
a learned regularization step. Therefore, they can mimic AGD more appropriately.

The beam-hardening corrected reconstruction is a particularly interesting case study
as the errors caused by beam-hardening are very non-local and non-linear. This
presents a greater challenge than tasks which are more similar to “denoising” such
as sparse-angle. Therefore all methods that do not learn to imitate the final results
directly (classical methods, PnP and adversarial regularizers) fail to produce a good
image. Beam-hardening corrected reconstruction appears to be a more challenging
task for variational regularization methods and learned regularizers and PnP methods.
This can be explained by the linearization of the forward operator which assumes
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monochromatic X-ray sources. However, beam-hardening is ultimately a non-linear
effect caused by wide beam spectra and their non-linear absorption. This operator
mismatch pushes the minimization into the wrong direction, causing artifacts, as the
forward model deviates from the physical process of acquiring the measurements.

As an overall discussion on performance, it is worth noting that post-processing
methods, albeit lacking mathematical guarantees, consistently produce quantitatively
and visually relatively good results on all CT image reconstruction tasks. As is seen
in Figure 6.1, for example for FBP+DnCNN in the Limited Angle reconstruction from
60◦, these methods, however, may suffer from “hallucinations”. This should not come
as a surprise as post-processing methods do not enforce data consistency.

Generally, learned/unrolled iterative methods tend to be better at ensuring consistency
in both data and image space, while (learned) regularization approaches provably
achieve consistency [176]. However, we emphasize that data consistency is necessary
but not sufficient for preventing hallucinations, especially as the ill-posedness of
the reconstruction problem increases, and as a result these methods may also suffer
from hallucinations. Indeed, even classical, model-based, approaches with theoretical
guarantees of data consistency have been seen to exhibit a sensitivity to adversarial
perturbations [67]. At the same time, training iterative unrolled methods requires
much more time than post-processing methods, although the number of parameters
are orders of magnitude smaller than standard networks like the U-Net.

Furthermore, we find that adversarial regularization and PnP approaches both tend
to be well-performing in both sparse and full-data settings, oftentimes reaching
performance of supervised learned/unrolled iterative methods, by the virtue of relying
on the variational formulation and ultimately interpolating the missing image data.
However, in the limited angle setting it is no longer an interpolation problem, but
instead an in-painting problem. Neither PnP nor AR have been designed for in-
painting directly and often rely on local image information. However, in-painting
inherently requires non-local information in order to fill-in the missing data.

6.5.3 Limitations and broader impact

In our benchmarking study, we aimed to establish a foundational understanding of
how learned algorithms of different method categories perform on standardized CT
reconstruction tasks with real-world experimental data. We prioritized adequate
performance over extensive hyperparameter tuning to produce baseline results for a
comparative analysis. However, we recognize that the interplay of hyperparameters
such as architecture, learning rates, regularization strengths, and iteration counts can
significantly affect performance.

Consequently, the results shown in Figure 6.2 and Tables 6.5, 6.6, and 6.7 should
be interpreted cautiously, as they reflect performance under limited tuning. Future
users must conduct thorough hyperparameter optimization tailored to their specific
applications to fully leverage each method’s potential.
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While other CT image reconstruction tasks such as region-of-interest tomography,
super-resolution, or segmentation are supported by the 2DeteCT dataset in principle,
they have not yet been fully implemented in the benchmarking framework. Further-
more, while the dataset was designed to resemble abdominal CT scans, there are
several remaining differences. However, 2DeteCT does provide realistic experimental
data for a range of research fields such as manufacturing industry, food industry,
and materials science. In an ideal case scenario, it would be possible to have raw
measurement data for medical CT scanners and medically relevant subjects. However,
medical CT manufacturers claim this data as proprietary and ethical concerns on both
patients’ privacy and radiation dose prohibit acquiring matching data pairs of e.g.
high-dose and low-dose scans or other acquisition modes. Moreover, the mismatch
between the 2DeteCT dataset and medical CT image characteristics and morphology
could create a significant performance gap that remains unexamined both in this
study and in the existing literature. As a result, there is no guarantee that the overall
performance trends observed in this work are transferable to medical CT cases. To
address this, future research will need to focus on acquiring medical datasets and
investigating retraining or transfer learning techniques to confirm or challenge these
findings.

Additionally, the dataset has been acquired using a specific acquisition geometry
and a non-medical micro-CT scanner, which could limit the generalization of trained
algorithms to other CT data. For that, the performance of models trained on 2De-
teCT could be evaluated under out-of-distribution (OOD) conditions in both image
distribution and forward operator. For instance, applying the trained models to a
different dataset would allow for assessing the models’ generalization capacity. This
type of experiment is particularly critical in the medical field, where out-of-distribution
changes are common [95].

Such an evaluation under OOD conditions should be conducted thoroughly, involving
a wide range of OOD cases rather than just one or a few specific instances. While
the extensive combinations of OOD tests and generalization scenarios pose significant
computational challenges, making them impractical for the current study, we release
the trained models and accompanying code on GitHub (see Section 6.5.4). We hope
this will facilitate future research in this area and believe that our comparison frame-
work lays a solid foundation for conducting comprehensive OOD studies.

There are also slight remaining beam-hardening artifacts in the filtered, clean acquisi-
tion of “mode 2”, indicating a reduction but not complete removal of beam-hardening.
The chosen performance metrics of SSIM and PSNR are common quality assessments,
but meaningful quality metrics for reconstructed (medical) CT images should be
clinically relevant, task dependent, and aware of unaltered image content [225]. De-
spite these challenges, trained models on this dataset could potentially be applied to
other data through transfer learning, with potential benefits for the medical sector.
Researchers must be aware of potential distribution shifts and validate their algorithms
on suitable data for the intended application. However, unlike other existing datasets,
the 2DeteCT dataset provides raw experimental measurement data and the presented
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benchmarks show how well existing algorithms work on real-world experimental data.
With this, we take a step towards closing the gap between developed algorithms and
real-world applications by utilizing real-world experimental data instead of simulated
data.

6.5.4 Code and data availability

The 2DeteCT dataset which serves as the foundation of this benchmarking paper is
hosted on zenodo [102] and the LION toolbox is hosted on GitHub by the Cambridge
Image Analysis group and maintained by Ander Biguri. This open-source toolbox
allows for easy access to a variety of methods, tools, and resources. Additionally, new
methods can be seamlessly added to the toolbox, with demos available to showcase how
code should be organized and set up within the LION framework. This holds also true
for future extensions of the available CT image reconstruction tasks mentioned in the
paragraph “Limitations and broader impact”. By regularly updating and expanding
the toolbox the benchmarking project remains relevant, efficient, and effective in
advancing the field of ML-based CT image reconstruction. The models and the scripts
to train and evaluate the models presented in this benchmark, will be made available in
the GitHub repository above and tagged with ‘AMMC_benchmark’ upon publication
of this work.

6.6 Conclusion

Our benchmarking study provides a comparison of a fixed set of data-driven CT
reconstruction algorithms with real-world experimental data in a reproducible and
reusable way. It provides a starting point to develop new methods significantly faster
as time-consuming implementations of data loaders, reconstruction tasks, comparison
methods and evaluation protocols do not have to be redone. The open-source toolbox
allows for seamless addition of new state-of-the-art methods and for extensions towards
other problems and different CT reconstruction tasks.

https://github.com/CambridgeCIA/LION/
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7
Conclusion and outlook

In this thesis, we highlighted the importance of tailoring the CT acquisition to the
respective scanning samples and used this concept to acquire an unprecedented 2D
expandable, trainable, experimental Computed Tomography dataset for machine
learning, the 2DeteCT dataset. With this dataset we advanced the development
of learned algorithms for 2D X-ray computed tomography, addressed the broadly
observed sim-to-real gap, and laid the foundation for the reproducible comparison of
machine learning based CT image reconstruction methods. In this chapter, we will
summarize the contributions and limitations of the work presented in this thesis. We
conclude with an outlook on subsequent work building on the contents of this thesis
and share perspectives on future research and their possible impact on the research
field.

7.1 Contributions and limitations

The contributions of this thesis can be classified as curiosity-driven, instructive, and
future-oriented. Many of the findings presented in this work have been results of simple
but fundamental questions such as: "How do we acquire an informative CT scan?",
"What are application areas that the field of CT imaging works on with machine
learning methods?", "Do we need real-world experimental noisy data or is artificially
simulated data enough?", "How do machine learning methods from different method
categories compare against each other on real-world experimental CT reconstruction
tasks?". The research presented in this thesis focused not only on publishable results
but also on how it can be instructive for other researchers and enable future work
building on its results.

In chapter 3, we showed the importance of tailoring the CT acquisition to the
scanned samples in the context of cultural heritage objects. To make the results
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comprehensible not only to X-ray imaging specialists but a broad audience including
museum professionals we introduced also several of the key factors that influence
CT image formation. In particular, we discussed the use of beam filtration and the
underlying physics of manipulating the emitted X-ray beam spectrum of a CT source
to improve the image quality of CT scans of multi-material and multi-scale cultural
heritage objects. We gave instructions on how this can be done with limited resources
in a low-cost DIY fashion. We not only presented the improved final result but
demonstrated the influence of the CT acquisition parameters on the radiographs and
CT reconstructions. Illustrated by case study objects from the textile collection of the
Rijksmuseum, Amsterdam, The Netherlands, we provided insights and intuitions on
choosing suitable acquisition parameters and on how to design an informative CT scan.
To enable future work of museum professionals building on these insights we extracted
a general concept of steps to design an object-tailored CT scan for individual cases.

Despite the clear image quality improvement of the object-tailored method presented
in chapter 3 compared to an untailored CT acquisition, there remain disadvantages.
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. Another limitation of the results presented in chapter 3 is, of course, that
they are from the usage of a specific CT system as well as specific objects which
necessitates tailoring them to new individual cases. With the concept of steps for an
object-tailored CT scan design we provided though a short guidance for this, while
the two case studies provide insights and intuitions on choosing suitable acquisition
parameters that take the objects’ characteristics into consideration and improve image
quality in CT reconstructions.

In chapter 4, we designed and acquired an unprecedented 2D expandable, trainable,
experimental Computed Tomography dataset for machine learning, the 2DeteCT
dataset. We deemed two-dimensional, reconstructed CT slices especially useful for
method development since the corresponding learning and reconstruction tasks require
less computational resources compared to their three-dimensional counterparts. We
started our research with the assessment that mathematical and computational
studies typically rely on artificial data simulated with varying degrees of realism.
Furthermore, we investigated what computational imaging tasks we wanted to serve
with our dataset - namely, low-dose reconstruction, limited or sparse angular sampling,
beam-hardening artifact reduction, super-resolution, region-of-interest tomography
or segmentation. To enable similar research we described not only the overall study
design but also explained the experimental design of the acquisition and the data
processing protocols. Additionally to the raw projection data in sinograms we provided
also reference reconstructions and segmentations as well as an implementation of
the complete computational pipeline based on open-source software. This makes the
dataset accessible to a broad range of researchers including those who do not have
high-performance computing facilities readily available.
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Although the dataset presented in chapter 4 resembles abdominal CT scans, it has a
limited selection of samples including dried fruits, nuts, coffee beans, and stones. This
fixed selection may restrict its applicability to the medical sector. Additionally, the
dataset has been acquired using a specific acquisition geometry and a non-medical
micro-CT scanner, which could limit the generalization of algorithms trained on this
dataset to other CT data. There are also slight remaining beam hardening artifacts
in the filtered, clean acquisition of “mode 2”, indicating a reduction but not complete
removal of beam hardening.

In chapter 5, we aimed to answer the important question whether it is enough to
train learned denoising algorithms on simulated noisy data or whether it is necessary
to use experimental noisy data. Although this question is simple, it targets the
implicit assumption of many machine learning studies that simulating noisy data is
sufficient. Without the 2DeteCT dataset and its matching data of both low-dose
and high-dose CT acquisitions it would have not been possible to investigate this
question. To observe the different performances of algorithms trained on simulated
noisy data and on experimental noisy data we trained two common neural networks
on both types of noisy data, experimental and simulated. The testing of the trained
networks was carried out on the data that they have been trained on but also
to their respective counterparts. The results were evaluated quantitatively in the
sinogram and reconstructed image domain as well as qualitatively in the reconstructed
image domain by visual inspection. We showed that it is important to choose
appropriate noise levels that match experimental data well when designing a noise
simulation approach. Leveraging simulated data for machine learning in computational
imaging can be challenging, if this data is quite different from the experimental data,
and can impact the transfer of learned systems to the real-world. An end-to-end
training, i.e. a mapping from raw measurement data to desired target reconstructions,
outperformed the sequential approach. Future work can build on our noise simulation
model that produces data that are close enough to experimental data to make the
models transferable to real-world applications or investigate more sophisticated noise
simulation approaches for CT image denoising applications to bridge the remaining
gap between simulated and experimental data.

Even though chapter 5 answers the question to which extent algorithms trained on
simulated noisy data are applicable to real-world experimental noisy data, its results
are limited to one simulation approach. This realistic yet computationally efficient
simulation method utilized less-commonly available raw experimental measurement
data and already captures much of the complexity of the experimental noise in the
measurements. However, this work shows that the non-linearity of the imaging process
is not captured well enough.

In chapter 6, we proposed a benchmarking framework of various machine learning
algorithms for different image reconstruction tasks in X-ray computed tomography. We
categorized these methods into post-processing networks, learned/unrolled iterative
methods, learned regularizer methods, and plug-and-play methods. We created
a pipeline for easy implementation and evaluation using key performance metrics,



7777777

132 CHAPTER 7. CONCLUSION AND OUTLOOK

including SSIM and PSNR, to 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.
To enable reproducibility and future extensions in machine learning based CT image
reconstruction research, both the dataset and toolbox are published open source.
This benchmarking framework also helps to develop new methods significantly faster
and to compare against different state-of-the art methods easier as time-consuming
implementations of data loaders, reconstruction tasks, comparison methods and
evaluation protocols do not have to be redone.

Overall, the performance of the different algorithms in the aforementioned four method
categories can be summarized as follows: The post-processing methods, while lacking
mathematical guarantees, generally produce strong quantitative and visual results
across CT image reconstruction tasks. However, they can suffer from "hallucinations"
due to the absence of data consistency enforcement. The learned/unrolled iterative
methods excel in ensuring data and image consistency, making them less prone
to hallucinations compared to post-processing techniques. Nonetheless, they are
computationally intensive to train, despite having fewer parameters than standard
networks like U-Net. The learned regularization methods are proven to achieve
consistency and can mitigate hallucinations. However, they are not immune to issues,
especially in highly ill-posed reconstruction scenarios where even model-based methods
with theoretical guarantees can be sensitive to adversarial perturbations. Also, the
Plug-and-Play (PnP) methods perform well in sparse and full-data contexts, often
matching the performance of supervised learned/unrolled iterative methods. However,
they struggle in limited angle settings, where the reconstruction task shifts from
interpolation to in-painting, requiring non-local information, which their design does
not readily facilitate.

While other CT image reconstruction tasks such as region-of-interest tomography,
super-resolution, or segmentation are supported by the 2DeteCT dataset, in principle,
they have not yet been fully implemented in the benchmarking framework presented in
chapter 6. Furthermore, the chosen performance metrics of SSIM and PSNR might be,
although being a common quality assessment, of limited significance since meaningful
quality metrics for reconstructed (medical) CT images should be clinically relevant,
task dependent, and aware of unaltered image content [225].

7.2 Outlook

Subsequent work of chapter 3 includes both work in the field of cultural heritage
[25, 26, 153] but also imaging science [38, 162, 178]. We expect that the instructive
and detailed description of an object-tailored CT acquisition including a low-cost
realization of beam filtration techniques with DIY approaches will see increasing
adoption and might help researchers in the future to acquire more informative CT
scans.



7.2. OUTLOOK 133

Also the 2DeteCT dataset from chapter 4 has already been used outside of this thesis
for a variety of publications [60, 201, 220] and its experimental design approach
has been re-used [181]. Future work on this dataset can include expansions of its
scope. Adding more slices with the same sample mix could be for example used to
increase the size of the data collection and to host possible coding challenges. Other
expansions could include various new samples in the sample mix or using an entirely
different sample mix. Especially, adding more detailed multi-class segmentations to
the dataset could enable work on deep learning based segmentation algorithms or
methods for simultaneous tomographic image reconstruction and segmentation. To
enable faster prototyping and testing of machine learning algorithms there has been
calls for smaller versions of the 2DeteCT dataset within the research community.
Therefore, we consider releasing a small-scale 2DeteCT version with smaller resolution
(sinograms of shape 478× 721 instead of 1912× 3601 and reconstructions of 256× 256
instead of 1024× 1024).

Future work on learned denoisers and noise simulation approaches as discussed in
chapter 5 could investigate how to include effects such as beam hardening or photon
starvation in a computationally efficient way. Both, simplified Monte Carlo particle
simulations or generative models trained on experimental noisy and "clean" data
could potentially solve this challenge.

Generally, releases of large-scale, open-source datasets such as MNIST [123], CIFAR
[119] and ImageNet [46] enabled machine learning researchers to establish standardized
benchmarks and to continuously advance the state-of-the-art. Accordingly, our work in
chapter 6 might be a first step to enabling similar breakthroughs in machine learning
based CT image reconstruction. Future work in this direction can include extensions
of the LION toolbox to incorporate tasks such as super-resolution, ROI-tomography,
foreign object detection, or segmentation. Furthermore, it is desirable to expand
the evaluated methods to transformers [197, 198, 214, 229], diffusion models [41,
42, 133, 186], and self- [189, 211] and unsupervised [91, 120, 128, 210] methods
and compare their performance against the provided baseline of (weakly) supervised
learning methods.

Lastly, the 2DeteCT dataset with its matching raw projection data and reference
reconstructions and segmentations of three different acquisition modes provides an
extensive basis for developing and testing machine learning methods and we hope the
full depth of it is used in future research in the field of computational imaging.
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Samenvatting

This chapter contains a layman’s summary of this thesis in Dutch, English, and
German. Thanks to Francien Bossema for her help with the summary in Dutch.

Samenvatting in het Nederlands: Ontwikkeling van zelflerende

algoritmen voor tweedimensionale computertomografie (CT)

Dit proefschrift behandelt de ontwikkeling van zelflerende algoritmen voor tweedi-
mensionale computertomografie (CT). CT is een beeldvormingsproces dat digitale
dwarsdoorsnedes berekent uit een groot aantal röntgenfoto‘s. Het verschil met eenvou-
dige röntgenfoto‘s is dat je niet alleen door objecten of lichamen heen kunt kijken, maar
ook hun interne structuur in doorsneden kunt bekijken zonder dat deze structuren
overlappen. De digitale beeldreconstructie is vaak gebaseerd op het gefilterde terug-
projectie algoritme, dat de mate van absorptie voor elk volume-element (voxel) van
het object berekent. De kwaliteit van deze beeldreconstructies is sterk afhankelijk van
de kwaliteit van de individuele röntgenfoto‘s waaruit de doorsnedes worden berekend.

In hoofdstuk 2 behandelen we het maken van CT-scans van kunstobjecten/culturele
artefacten. De beeldvorming van kunstobjecten is meestal bijzonder uitdagend, omdat
deze objecten vaak bestaan uit veel verschillende materialen met verschillende dicht-
heden, diktes en afmetingen. Vooral metaalstructuren in kunstobjecten kunnen leiden
tot een slechte visualisatie van de objecten in CT-scans. Het continue spectrum van
de stralingsbron/röntgenbuis speelt hier een doorslaggevende rol. De hoogenergetische
lichtdeeltjes - de röntgenstraling - die voor de CT-scan door het te meten object
worden gestuurd, hebben een statistische energieverdeling. Laag-engergetische licht-
deeltjes worden geabsorbeerd door het te meten object (vooral metalen structuren)
en kunnen niet aan de andere kant worden gemeten. Dit leidt tot problemen bij de
voorbewerking van de röntgenfoto’s en de berekende beeldreconstructies vertonen
fouten die artefacten worden genoemd. Een oplossing voor dit probleem ligt in het
filteren van het laag-energetische deel van het röntgenspectrum - de laag-energetische
lichtdeeltjes - zodat vooral hoger-energetische straling het object binnendringt. Deze
filtratie wordt uitgevoerd met dunne metaalfolies van aluminium, koper of tin van
verschillende diktes, die ook met elkaar gecombineerd kunnen worden. Hoewel deze
filtering leidt tot een hoger gemiddeld energiespectrum, vermindert dit proces ook de
intensiteit van de straling. Net als bij een foto die bij weinig licht is genomen, kunnen
de röntgenbeelden er daardoor slecht belicht en ruisachtig uitzien, wat ook een effect
heeft op de beeldreconstructies. Tegelijkertijd dragen lichtdeeltjes met een lagere
energie in de beeldvorming bij aan een beter contrast. De uitdaging bij CT-scans van
kunstobjecten is daarom om een balans te vinden tussen voldoende sterke filtratie en
een voldoende meetsignaal en contrast in de beeldreconstructies.
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In hoofdstuk 3 gebruiken we onze ervaring uit hoofdstuk 2 over het uitvoeren van op
objecten afgestemde en geoptimaliseerde CT-scans om een grote dataset te verkrijgen.
De basis van machinaal leren en de ontwikkeling van zelflerende algoritmen ligt in
het verwerven van betekenisvolle en gevarieerde data waarvan de algoritmen kunnen
leren. In het geval van tweedimensionale CT-beeldvorming bestaat dit uit de ruwe
data (een groot aantal röntgenfoto’s) en de bijbehorende beeldreconstructies. Met
deze combinatie van gegevens kunnen algoritmen worden getraind om de beelden
op een slimme manier te reconstrueren in plaats van klassieke wiskundige iteratieve
reconstructiemethoden te gebruiken. Dit is niet noodzakelijk een voordeel voor meet-
gegevens van hoge kwaliteit, maar wordt relevanter als de verkregen data niet perfect
is. Voor het verkrijgen van deze dataset gebruikten we een geavanceerde meetopstel-
ling waarmee we data van zowel hoge als lage kwaliteit van hetzelfde object konden
verkrijgen. We besloten om daarvoor data op te nemen met een lage stralingsdosis
en dus een verhoogde beeldruis, evenals data waarbij we het röntgenspectrum niet
van tevoren hadden gefilterd en waarvan de reconstructies sterke beeldartefacten
vertoonden als gevolg van de spectraal verschillende absorptie (de zogeheten beam-
hardening). Aangezien we corresponderende hoge kwaliteit en lage kwaliteit opnames
en hun respectievelijke beeldreconstructies hebben, kunnen we algoritmes trainen om
deze in elkaar om te zetten.

In hoofdstuk 4 onderzoeken we de vraag of het voldoende is om zelflerende algoritmen
voor het verwijderen van ruis te trainen op kunstmatig toegevoegde ruis of dat het
noodzakelijk is om hiervoor experimentele data die ruis bevat te gebruiken. Voor
dit doel koppelen we geoptimaliseerde data uit hoofdstuk 3 aan de corresponderende
ruisgevoelige “lage-dosis” data en trainen we twee veel gebruikte neurale netwerken
(zelflerende algoritmen voor beeldverwerking) om ze in elkaar om te zetten. Tegelij-
kertijd nemen we de geoptimaliseerde data als basis om er kunstmatig ruis aan toe te
voegen. De gesimuleerde ruis wordt ook gekoppeld aan de geoptimaliseerde data en
de neurale netwerken worden getraind om ze in elkaar om te zetten. In het onderzoek
laten we zien dat de neurale netwerken die zijn getraind op de gesimuleerde ruis beter
zijn in het verwijderen van de ruis op experimentele datasets. Bij het trainen van
data direct naar beeldreconstructies is het echter beter om de neurale netwerken te
trainen op experimenteel gegenereerde ruis. De simulatie voor kunstmatige ruis lijkt
niet complex genoeg om niet-lineaire artefactoorzaken zoals de hierboven genoemde
“beam-hardening” vast te leggen. Daarom kunnen de zelflerende algoritmen, die deze
artefacten niet zien tijdens hun training op data met kunstmatige ruis, deze achteraf
niet verwijderen wanneer ze worden toegepast op experimentele data met ruis.

In hoofdstuk 5 voeren we een groot vergelijkend onderzoek uit naar zelflerende algo-
ritmen voor CT-beeldreconstructie op basis van de dataset uit hoofdstuk 3. Hiervoor
gebruiken we de verschillende data om gestandaardiseerde reconstructie-experimenten
te definiëren. Als standaard gebruiken we de volledige geoptimaliseerde data van
het eerste CT-experiment. Daarnaast gebruiken we deze data voor zes andere CT-
experimenten door ten eerste de hoek van de gebruikte röntgenfoto’s te beperken tot
slechts 120°, 90° en 60° in plaats van 360° en ten tweede het aantal gebruikte foto’s
te reduceren tot 360, 120 en 60 röntgenfoto’s en deze te verdelen over 360°. Voor
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de laatste twee CT-experimenten gebruiken we de “low-dose” en “beam-hardening”
data die ruis en beam hardening artefacten bevatten. In totaal worden 3 klassieke
wiskundige reconstructiemethoden vergeleken met twaalf zelflerende algoritmen. Deze
zijn onderverdeeld in vier categorieën: Post-processing netwerken, geleerde iteratieve
methoden, geleerde regularisatiemethoden en plug-and-play methoden. In elke catego-
rie worden drie algoritmen vergeleken voor alle CT-experimenten. De implementatie
van de experimenten en algoritmen is uitgevoerd met open source code en kan worden
uitgebreid met meer CT-experimenten en algoritmen voor vergelijkingsdoeleinden.

Met deze onderzoeksprojecten hebben we een fundamentele bijdrage kunnen leve-
ren aan op objecten afgestemde CT-scans en de toekomstige gestandaardiseerde
ontwikkeling en onderlinge vergelijkbaarheid van zelflerende algoritmen voor CT-
beeldreconstructie.

Summary in English: Advancing learned algorithms for 2D

X-ray computed tomography

This doctoral thesis deals with the advancement of learned algorithms for two-
dimensional computed tomography (CT). This is an imaging process that calculates
digital cross-sectional images from a large number of X-ray projections. The differ-
ence to simple X-ray images or radiographs, is that it is not only possible to see
through objects or bodies, but also to view their internal structure in cross-sections.
Computer-aided image reconstruction is often based on the filtered back projection
algorithm and calculates the degree of absorption for each volume element (voxel) of
the object. The quality of these image reconstructions depends heavily on the quality
of the individual X-ray projections from which the cross-sections are calculated.

In Chapter 2, we look at the acquisition of CT scans tailored to cultural heritage
objects. The imaging of cultural heritage objects is usually particularly challenging,
as these objects often consist of many different materials with different densities,
thicknesses and sizes. In particular, metal structures in cultural heritage objects can
lead to a poor visualisation of the objects in CT scans. The continuous spectrum
of the radiation source/X-ray tube plays an important role in this. The high-energy
photons - the X-rays - that are sent through the scanning object for the CT scan have
a statistical energy distribution. Low-energy photons are preferentially absorbed by
the scanning object (especially by metallic structures within) and cannot be measured
on the other side. This leads to problems in the pre-processing of the X-ray projections
and the calculated image reconstructions show heavy visual errors known as image
artifacts. One solution to this problem lies in filtering the low-energy part of the X-ray
spectrum - the low-energy photons - so that mostly higher-energy radiation penetrates
the object. This filtration is carried out using thin sheets of metal made of aluminium,
copper, or tin of different thicknesses, which can also be combined with each other.
Although this beam filtration leads to a higher average energy spectrum, this process
also reduces the intensity of the radiation. Similar to a photograph taken in low light
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conditions, the X-ray images can therefore appear noisy, which also has an effect on
the image reconstructions. At the same time, lower-energy photons in the imaging
process contribute to a higher contrast ratio. The challenge for object-tailored CT
scans therefore is to find a balance between sufficiently strong beam filtration and a
sufficiently large measurement signal and contrast ratio in the image reconstructions.

In Chapter 3, we use our experience from Chapter 2 on how to perform object-
tailored CT scans to acquire a large dataset. The basis of machine learning and the
development of learned algorithms lies in meaningful and diverse data from which
the algorithms can learn. In the case of two-dimensional CT imaging, this is given
by raw measurement data, a large number of X-ray projections, and corresponding
image reconstructions. With this combination of data, algorithms can be trained
to reconstruct the images in a learned way instead of using classical mathematical
iterative reconstruction methods. This is not necessarily an advantage for high-quality
measurement data, but becomes increasingly more relevant when the input data is not
ideal. For the acquisition of this dataset, we developed a sophisticated measurement
setup that would allow us to acquire both high-quality and inadequate data from the
same object. For this, we decided to additionally record measurement data with low
radiation dose (low-dose) and thus increased image noise as well as measurement data
in which we did not filter the X-ray spectrum in advance and thus the images show
strong image artefacts due to the spectrally different absorption (beam-hardening).
Since we have corresponding optimised as well as inadequate measurement data and
their respective image reconstructions, we can train algorithms to convert them into
each other.

In Chapter 4, we investigate the question of whether it is sufficient to train learned
algorithms for image denoising on artificially noisy measurement data or whether it is
necessary to use experimentally noisy measurement data for this purpose. For this
purpose, we pair optimised ‘clean’ measurement data from the dataset from chapter
3 with the corresponding noisy ‘low-dose’ measurement data and train two common
neural networks (learned algorithms for image processing) to convert them into each
other. At the same time, we take the clean measurement data as a basis to simulate
and apply artificial noise to it. The simulated noisy data is also paired with the clean
measurement data and the neural networks are trained to convert them into each
other. We show in our studies that the neural networks trained on the simulated noisy
data are better at denoising experimentally noisy measurement data. However, when
training them to convert measurement data into image reconstructions, it is better to
train the neural networks on experimentally noisy measurement data. The simulation
approach for artificial noise does not seem to be complex enough to capture non-linear
artifact causes such as beam-hardening mentioned above. Accordingly, the learned
algorithms that do not see these artifacts during their training on simulated noisy
data cannot remove them afterwards when applied to experimental noisy data.

In Chapter 5, we perform a large comparative study of learned algorithms for CT
image reconstruction based on the dataset from Chapter 3. For this purpose, we use
the different measurement data of the dataset to define standardized reconstruction ex-
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periments. We use the complete ‘clean’ measurement data for the first CT experiment
as a general comparison value. In addition, we use the ‘clean’ measurement data for
six further CT experiments by firstly limiting the used X-ray projections to only 120°,
90° and 60° instead of 360° and secondly reducing the number of X-ray projections to
360, 120 and 60 distributed sparsely over 360°. For the last two CT experiments, we
use the noisy ‘low-dose’ and artifact-inflicted ‘beam-hardening’ measurement data. A
total of three classical mathematical reconstruction methods are compared with twelve
learned algorithms. These are divided into four categories: Post-processing networks,
unrolled/learned iterative methods, learned regulariser methods and plug-and-play
methods. In each category, three algorithms are compared for all CT experiments. The
implementation of the experiments and learned algorithms is done in an open-source
code collection and can be extended by further CT experiments and algorithms for
further comparisons.

With these research studies, we were able to make fundamental contributions to
object-tailored CT scans and the future, standardized development and comparability
of learned algorithms for CT image reconstruction.

Zusammenfassung auf Deutsch: Weiterentwicklung von Ler-

nalgorithmen für zweidimensionale Computertomografie (CT)

Diese Doktorarbeit befasst sich mit der Weiterentwicklung von Lernalgorithmen für
zweidimensionale Computertomografie (CT). Dabei handelt es sich um ein bildgeben-
des Verfahren, dass digitale Schnittbilder aus einer Vielzahl an Röntgenprojektionen
errechnet. Man könnte es alternativ auch Schichtröntgen nennen. Der Unterschied
zu einfachen Röntgenaufnahmen besteht darin, dass man nicht nur durch Objekte
oder Körper hindurchsehen kann, sondern auch deren innere Struktur in überlage-
rungsfreien Querschnitten betrachten kann. Die computergestützte Bildrekonstruktion
basiert häufig auf dem Algorithmus der gefilterten Rückprojektion und errechnet den
Absorptionsgrad der Röntgenstrahlen für jedes Volumenelement (Voxel) des Objektes.
Die Qualität dieser Bildrekonstruktionen hängt dabei stark von der Qualität der
einzelnen Röntgenprojektionen ab, aus denen die Querschnitte errechnet werden.

In Kapitel 2 beschäftigen wir uns mit der Aufnahme von CT-Scans zugeschnitten auf
Kunstobjekte/Kulturgüter. Die Bildgebung von Kunstobjekten ist zumeist besonders
herausfordernd, da diese Objekte häufig aus vielen verschiedenen Materialien mit un-
terschiedlichen Dichten, Dicken und Größen bestehen. Insbesondere Metallstrukturen
in Kunstobjekten können zur mangelhaften Darstellung der Objekte in CT-Scans
führen. Dabei spielt insbesondere das kontinuierliche Spektrum der Strahlungsquel-
le/Röntgenröhre eine entscheidende Rolle. Die hochenergetischen Lichtteilchen – die
Röntgenstrahlung – die für den CT-Scan durch das Messobjekt geschickt werden,
haben eine statistische energetische Verteilung. Niederenergetische Lichtteilchen wer-
den dabei besonders häufig vom Messobjekt (vor allem von metallischen Strukturen)
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absorbiert und können auf der anderen Seite nicht gemessen werden. In der Vor-
verarbeitung der Röntgenprojektionen führt dies zu Problemen und die errechneten
Bildrekonstruktionen zeigen Bildfehler sogenannte Artefakte. Eine Lösung für dieses
Problem liegt in der Filtrierung des niederenergetischen Teils des Röntgenspektrums –
der niederenergetischen Lichtteilchen – sodass größtenteils höherenergetische Strah-
lung das Objekt durchdringt. Diese Filtrierung erfolgt durch dünne Metallfolien
aus Aluminium, Kupfer oder Zinn von unterschiedlicher Dicke, die auch miteinander
kombiniert werden können. Wenngleich diese Filtrierung zu einem durchschnittlich
höherenergetischen Spektrum führt, verringert dieser Vorgang auch die Intensität der
Strahlung. Ähnlich zu einer Fotografie bei schwachem Licht können die Röntgenauf-
nahmen demnach schlecht belichtet und verrauscht erscheinen, was sich auch auf die
Bildrekonstruktionen auswirkt. Gleichzeitig tragen niederenergetischere Lichtteilchen
in der Bildgebung zu einem höheren Kontrastverhältnis bei. Die Herausforderung
bei auf Objekte zugeschnittenen CT-Scans ist entsprechend, eine Balance zu finden
zwischen genügend starker Filtrierung und ausreichendem Messsignal sowie Kontrast-
verhältnis in den Bildrekonstruktionen.

In Kapitel 3 nutzen wir unsere Erfahrungen aus Kapitel 2, wie man auf Objekte
zugeschnittene und optimierte CT-Scans durchführt, um einen großen Datensatz
aufzunehmen. Die Basis von maschinellem Lernen und der Entwicklung von Lernalgo-
rithmen liegt in aussagekräftigen und vielfältigen Daten, von denen die Algorithmen
lernen können. Für den Fall von zweidimensionaler CT-Bildgebung sind dies zum
einen die rohen Messdaten, eine Vielzahl an Röntgenprojektionen, und zum anderen
deren entsprechende Bildrekonstruktionen. Mit dieser Kombination an Daten kann
man entsprechend Algorithmen darauf trainieren, Rekonstruktionen der Bilder auf eine
gelernte Art und Weise zu errechnen anstatt klassische, mathematische iterative Re-
konstruktionsmethoden zu verwenden. Für hochqualitativ erfasste Messdaten ist dies
nicht unbedingt von Vorteil, aber wird umso relevanter, wenn die eingehenden Daten
nicht ideal sind. Für die Aufnahme dieses Datensatzes überlegten wir uns eine ausge-
klügelte Messanordnung mit der wir sowohl hochqualitative als auch eingeschränkte
Daten von dem gleichen Objekt erfassen können. Wir entschieden uns dabei dafür
zusätzlich Messdaten mit geringer Strahlendosis (sog. low-dose) und damit erhöhtem
Bildrauschen aufzunehmen als auch Messdaten, bei denen wir das Röntgenspektrum
nicht vorab filterten und die Bilderekonstruktionen demnach starke Bildartefakte
aufgrund der spektral unterschiedlichen Absorption (sog. beam-hardening) aufweisen.
Dadurch dass wir korrespondierende optimierte als auch unzureichende Messdaten
und deren jeweilige Bildrekonstruktionen besitzen, können wir Algorithmen darauf
trainieren, diese ineinander umzuwandeln.

In Kapitel 4 untersuchen wir die Fragestellung, ob es ausreicht Lernalgorithmen
für Bild-Entrauschen auf künstlich verrauschten Messdaten zu trainieren oder ob
es notwendig ist, experimentell verrauschte Messdaten dafür zu verwenden. Dafür
paaren wir optimierte „saubere“ Messdaten aus dem Datensatz aus Kapitel 3 mit den
korrespondierenden verrauschten „low-dose“ Messdaten und trainieren zwei übliche
neuronale Netzwerke (Lernalgorithmen für Bildverarbeitung) um diese ineinander
umzuwandeln. Gleichzeitig nehmen wir die sauberen Messdaten als Grundlage um
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künstliches Rauschen zu simulieren und auf diese anzuwenden. Auch die simuliert
verrauschten Daten werden mit den sauberen Messdaten gepaart und die neuronalen
Netzwerke darauf trainiert, diese ineinander umzuwandeln. Wir zeigen in unseren
Untersuchungen, dass die neuronalen Netzwerke, die auf den simuliert verrauschten
Daten trainiert wurden, besser darin sind, experimentell verrauschte Messdaten zu
entrauschen. Wenn das Training aber von Messdaten zu Bildrekonstruktionen erfolgt,
ist es besser die neuronalen Netzwerke auf experimentell verrauschten Messdaten zu
trainieren. Der Simulationsansatz für das künstliche Rauschen scheint nicht komplex
genug zu sein, um nicht-lineare Artefakt-Ursachen wie das oben erwähnte „beam-
hardening“ zu erfassen. Entsprechend können die Lernalgorithmen, die diese Artefakte
nicht im Verlauf ihres Trainings auf künstlich verrauschten Daten gesehen haben,
diese auch nicht im Nachgang entfernen, wenn sie auf experimentell verrauschte Daten
angewendet werden.

In Kapitel 5 führen wir eine große Vergleichsstudie von Lernalgorithmen für CT-
Bildrekonstruktion auf Basis des Datensatzes aus Kapitel 3 durch. Hierfür nutzen wir
die verschiedenen Messdaten des Datensatzes, um standardisierte Rekonstruktions-
experimente zu definieren. Als allgemeiner Vergleichswert nutzen wir für das erste
CT-Experiment die vollständigen „sauberen“ Messdaten. Zudem nutzen wir die „saube-
ren“ Messdaten für sechs weitere CT-Experimente, indem wir zum einen die genutzten
Röntgenprojektionen auf nur 120°, 90° bzw. 60° statt 360° limitieren und zum anderen
die Anzahl auf 360, 120 und 60 Röntgenprojektionen reduzieren und spärlich auf 360°
verteilen. Für die letzten beiden CT-Experimente nutzen wir die verrauschten und
Artefakt-behafteten „low-dose“ und „beam-hardening“ Messdaten. Insgesamt werden
drei klassische, mathematische Rekonstruktionsmethoden mit zwölf Lernalgorithmen
verglichen. Diese sind in vier Kategorien aufgeteilt: Nachbearbeitungs-Netzwerke, aus-
gerollte/erlernte iterative Verfahren, erlernte Regularisierungsmethoden und Plug-and-
Play Methoden. In jeder Kategorie werden drei Algorithmen für alle CT-Experimente
verglichen. Die Implementierung der Experimente und Lernalgorithmen erfolgt in einer
quelloffenen Code-Sammlung und kann um weitere CT-Experimente und Algorithmen
für Vergleichszwecke erweitert werden.

Mit diesen Forschungsstudien konnten wir einen grundlegenden Beitrag für auf Ob-
jekte zugeschnittene CT-Scans und die zukünftige, standardisierte Entwicklung und
Vergleichbarkeit von Lernalgorithmen für CT-Bildrekonstruktionen leisten.
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