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Abstract

This study deals with developments to increase the possibilities offered by laboratory
X-ray computed tomography (CT) in material science by focusing on contrast enhancement
and on time resolution aspects. First, the feasibility of using a new generation photon-counting
detector (PCD) in lab-CT was evaluated. The characterization of the standard imaging perfor-
mances and the spectral capabilities of four PCDs were carried out and compared to a standard
flat-panel detector. The potential of PCD towards spectral and single-shot K-edge imaging was
investigated. Second, a model-based optimization strategy is developed to define the suitable
CT scanning parameters for dynamic in situ acquisitions with an image quality allowing qual-
itative or quantitative analysis. The model is based on three modules: modelling noise in the
feature of interest, X-ray absorption simulation tool, and the screening algorithm that outputs
the different possible scanning configurations associated with the probability of detection of
the interested feature size for each configuration. A real-time in-situ test with the sub-minute
temporal resolution was performed with the experimentally optimized CT setup. The experi-
mental configuration is confronted with the proposed optimization model configurations, which
were found to be in-line with the chosen setup. The application corresponds to the real-time
monitoring of microstructural evolution of 3D printed cellulose parts during air-drying phenom-
ena with qualitative and quantitative analysis. It illustrates the quantitative characterization
capabilities of lab-CT for high-speed in-situ imaging.

Keywords: X-ray tomography, In-situ tomography, Time-resolved imaging, Photon-
counting detector, Parameter optimization, Image analysis
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Resumé

Cette étude a l’objectif de développer les possibilités offertes par la tomographie à
rayons X de laboratoire utilisée en science des matériaux en se concentrant sur l’amélioration du
contraste et sur l’aspect de la résolution temporelle. Tout d’abord, la faisabilité de l’utilisation
d’un détecteur de comptage de photons (PCD) de nouvelle génération en laboratoire CT a été
évaluée. La caractérisation des performances d’imagerie standard et des capacités spectrales
de quatre PCD a été réalisée et comparée à un détecteur à écran plat standard. Le poten-
tiel de la PCD vers l’imagerie spectrale et mono-coup K-edge a été étudié. Deuxièmement,
une stratégie d’optimisation basée sur un modèle est développée. Elle vise à sélectionner les
paramètres de scanner appropriés pour des acquisitions dynamiques in-situ avec une qualité
d’image permettant une analyse qualitative ou quantitative. Le modèle est basé sur trois mod-
ules : la modélisation du bruit dans la caractéristique d’intérêt, l’outil de simulation d’absorption
des rayons X et l’algorithme de dépistage qui produit les différentes configurations de balayage
possibles associées à la probabilité de détection de la taille de la caractéristique intéressée pour
chaque configuration. Un test in-situ en temps réel avec une résolution temporelle inférieure
à la minute a été réalisé avec la configuration CT expérimentalement optimisée comme aspect
d’application de la thèse. La configuration expérimentale est confrontée aux configurations
de modèle d’optimisation proposées, qui se sont révélées conformes à la configuration choisie.
L’application correspond au suivi en temps réel de l’évolution microstructurale des pièces en
cellulose imprimées en 3D lors des phénomènes de séchage à l’air avec analyse qualitative et
quantitative. Elle illustre les capacités de caractérisation quantitative du lab-CT pour l’imagerie
in-situ à grande vitesse.

Mots-Clés: Tomographie à rayons X, Tomographie in-situ, Imagerie temporellement
résolue, Détecteur compteur de photons, Optimisation des paramètres, Analyse d’image
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0.1. General introduction

0.1 General introduction

The mechanical and physical properties of heterogeneous or structured media such as geomateri-
als, fiber-reinforced polymer composites, biological fabrics, or metals are strongly dependent on
their microstructure: the volume fractions of the phases constituting the materials, the connec-
tivity between the phases as well as the connectivity between the different objects (precipitates,
pores, intermetallics) constituting the phases, their shape and their crystallographic orientations
(in the case of crystalline materials).

The quantification of these microstructural parameters at the micro or nano-metric
scale is a necessary step to a better understanding and to enrich the modelling of the behaviour
of these materials. Such an understanding can also be used for materials optimization.

X-ray micro-computed tomography (CT) is an innovative technique that allows to
obtain a non-destructive 3D mapping of the internal structure of the materials. It has allowed
such quantification possible [Salvo et al., 2003, Maire and Withers, 2014], and has revolutionized
both the experimental and numerical research in material science. X-ray CT technique can
also be applied to follow the structural changes in materials during mechanical or thermal
treatment in real-time and under real conditions by adding specialized experimental devices to
the tomography setup, such as mechanical devices or furnaces. Such acquisitions are referred to
as in-situ acquisitions or time-resolved CT or 4D imaging.

The obtained 3D datasets at different timescales of in-situ acquisitions, called 4D
datasets, can be quantified for microstructure evolution [Salvo et al., 2010, Buffiere et al., 2010,
Withers et al., 2021]. The quality of the microstructural analysis that can be performed depends
entirely on the contrast and quality of the images obtained from X-ray CT.

Different sources can be used to perform the X-ray CT: (i) lab-based X-ray tubes
that produce a divergent and polychromatic X-ray beam and offer a limited X-ray flux, (ii)
synchrotron radiations that produce a coherent X-ray beam with a very high flux (at least 1000
times larger than the lab X-ray tubes).

Different modes to perform tomography are currently available with synchrotron sources
such as absorption tomography, holotomography, phase-contrast tomography, diffraction con-
trast tomography, and spectral tomography. Laboratory tomographs, which are easier to access,
appeared in early 2000, do not offer all the imaging potential of synchrotron radiation in a
systemic and simple way and often remain limited to imaging in absorption mode despite some
advances in phase imaging and diffraction contrast imaging [King et al., 2013, Labriet et al.,
2019, Maire and Withers, 2014].

This thesis only deals with absorption tomography, so other modes are not discussed.
Absorption tomography provides a 3D mapping of the sample density and relies on the fact
that the intensity of the incident beam decreases exponentially with increasing propagating
distance in the matter. The decrease is directly related to the linear attenuation coefficient of
the material, which is further related to the density and the atomic number of the material. The
larger the difference in the attenuation coefficient of materials, the more contrasted will be the
image suitable for quantification.

Synchrotron absorption CT is currently used to obtain the internal structure of a
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sample at a resolution of 1 µm with an acquisition time of the order of a minute or even in
seconds. Developments have been made to obtain 3D data sets at nano-metric pixel sizes in
a few seconds [Maire and Withers, 2014, Villanova et al., 2017]. These very short acquisition
times are made possible thanks to a very high X-ray photon flux and to very sensitive and high
frame-rate detectors. Moreover, due to the pink X-ray beam, very high quality and contrasted
images are obtained, which can be subjected to quantitative analysis.

In laboratory tomographs, the spatial resolution is generally in the order of a few
microns. Although the spatial resolution aspect has been partially solved (some laboratory
tomographs allow sub-micron resolutions), the temporal resolution aspect and the discrimina-
tion power between two close chemical constituents still remain an issue to a wider range of
applications with laboratory CT.

Laboratory CT is limited in comparison to the synchrotron CT on the following two
major points:

✧ Acquisition times are significantly longer (in the order of an hour): this is due to the
low power of the X-ray beam and is associated with the efficiency of the detectors (Flat-
panel, CCD, or CMOS type equipped with scintillators). Due to this, high-speed in-situ
acquisitions remain limited.
Figure 1 shows the achieved pixel size against scan time for in-situ CT experiments from
the literature (between 1995 and 2020) using synchrotron (red shades) and laboratory
(green shades) CT. Figure 1 reveals that most of the high spatial resolution and fast scans
have been performed using synchrotron CT illustrating the limitation of laboratory CT.

Figure 1: State of the art of in situ X-ray tomography: pixel size versus scan time illustrating
the state of the art for in situ X-ray synchrotron and laboratory computed tomography. [Vil-
lanova et al., 2017, Zwanenburg et al., 2021]
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✧ The image quality and the contrast obtained on the images that allow the microstructural
characterization is low for materials, especially with low X-ray absorption coefficients such
as biological tissues or polymers, because of the polychromaticity of the lab X-ray source
beam.

The obtained image quality of a CT scan also depends on the selected acquisition
parameters. These acquisition parameters are user-defined and include X-ray source, geometry,
and detector parameters settings. The selection of different parameters for a CT scan will result
in a difference in image quality. The influence of the acquisition parameters on the image quality
was reported by a number of studies [Carmignato, 2012, Gómez and Smith, 2020, Plessis et al.,
2018]; however, no accepted global optimization protocols exist for the suitable selection of
acquisition parameters for a CT scan. The optimum selection of these parameters becomes even
more important when high-speed scans are required during the imaging of the dynamic process
because, in such cases, the image quality is further reduced due to the motion blurring.

Due to the limitation of lab-based hardware, traditionally faster in-situ acquisitions
were largely performed at a synchrotron. However, limited access to synchrotrons restricts the
number of experiments that can be performed; therefore, the developments in laboratory-scale
tomographs have increased drastically over the last few years since they’re easily accessible,
small-scale, and inexpensive facilities compared to synchrotrons. This increased interest in lab-
CT can also be observed in the number of publications involving faster scanning applications in
the last ten years, as shown in Figure 2 [Zwanenburg et al., 2021].

Figure 2: Publications on high-speed and in-situ scanning for synchrotron and lab-based CT
over the last years. [Zwanenburg et al., 2021]

It is now possible to achieve scan acquisition time the order of a few minutes in lab-
based facilities dependent on the sample, resolution, FOV, and the objective of analysis. How-
ever, faster acquisition in sub-minute timescale is still desired. Few examples can be found
in the literature, with the reported scan time under sub-minute, but these scans were mainly
qualitatively analyzed due to the limited image quality [Bultreys et al., 2016, Dewanckele et al.,
2020]. Therefore, there is a need to improve lab-based in-situ X-ray imaging techniques so that
high-speed CT capturing the dynamic material response with optimum image quality can be
made and can be further subjected to quantitative analysis.
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This doctoral thesis aims to improve the imaging capabilities of laboratory tomographs
for contrast-enhanced imaging and for fast in-situ acquisitions with quantifiable image quality.
The methodological aim of this PhD work is to develop original tools in order to improve the
aforementioned capabilities of laboratory tomographs. Two possibilities were studied to achieve
this objective.

✧ Investigating the recent possibilities offered by energy-thresholding photon-counting detec-
tors (PCDs) for laboratory X-ray imaging, particularly in terms of contrast improvement.
For this purpose, a PCD was subjected to quantitative characterization, and its potential
advantages and possible drawbacks were investigated using a polychromatic laboratory
X-ray source.

✧ Developing a global model-based optimization strategy that would guide the users through
the optimization of laboratory X-ray CT acquisition parameters to perform relevant in-situ
tests. An optimization model was developed for this purpose to determine the optimal CT
scan setting for given sample specifications in accordance with the level of analysis to be
performed on the reconstructed 3D image.

Based on the developed methodologies, real-time fast in-situ acquisitions were per-
formed as application aspects of the thesis. An application detailed in this thesis corresponds
to:

✧ Real-time monitoring of microstructural evolution of 3D printed parts made up of cellulose
during the air-drying phenomena with fast laboratory X-ray microtomography.
The optimization of the acquisition parameters was done in order to capture and quantify
the microstructural evolution and kinetic measurements during the drying phenomena.
The presented study indicates the quantitative characterization capability of laboratory
tomographs for high-speed imaging.
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0.2 Structure of the thesis

Following the objectives of the PhD work, this thesis is organized as follows:

✪ Chapter 1: Literature review

Chapter 1 presents a state of the art in terms of laboratory computed tomography. It
starts with the general principle of the X-ray CT technique and the use of X-ray CT
as a characterization tool in material science. The different types of analysis performed
on the images are categorized into three proposed levels. An overview of classical image
quality indexes to estimate the quality of a scan and the influence of the CT acquisition
parameters on the image quality is presented. After, the detail about the CT acquisition
parameters and their importance and effect on the image quality are introduced. The
chapter then focuses on the time-resolved CT, different types and constraints to perform
in-situ acquisitions, and the overview of the fast imaging in lab-CT is illustrated. Lastly,
the synthesis of the literature review and the objectives of the doctoral thesis are presented.

Part I: Methodological aspects

✪ Chapter 2: Characterization of direct photon-counting detectors and prelimi-
nary results from lab X-ray imaging

This chapter focuses on the characterization of the imaging performance of the energy
discriminating photon-counting detectors using a polychromatic X-ray laboratory source.
The chapter initially introduces the photon-counting detectors, their principle advantages,
and known drawbacks. Then, characteristics of four different photon-counting detectors
were compared, and a suitable detector was subjected to quantitative characterization.
The static and time-dependent defects of the detector were studied, and the imaging
performance of the detector was compared with the standard energy-integration detector.
The spectral K-edge radiographic imaging was explored as well, and the potential of such
detectors for lab-based contrasted-enhanced CT imaging is discussed.

✪ Chapter 3: Towards optimization of the acquisition parameters

This chapter details the attempt towards the optimization of the CT acquisition param-
eters. The global workflow of the optimization model is illustrated, and the different
modules of the optimization tool: the noise model, the X-ray absorption contrast simu-
lation tool, the screening algorithm, and the cost function are explained with examples.
Further, the efficiency of the model is demonstrated with the help of a user-defined case
study. The chapter also discusses the improvement that can be implemented for a better
performance of the optimization model.
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Part II: Application aspects

✪ Chapter 4: 3D real-time monitoring of air-drying of 3D printed part made up
of cellulose by fast laboratory X-ray microtomography

This chapter demonstrates the fast in-situ application performed with the laboratory CT
setup. The application corresponds to monitoring the air-drying mechanism of the 3D
printed cellulose cube. First, an experimental screening to optimize the CT acquisition
setup to perform the high-speed in-situ test is detailed and they were confronted with the
model predicted configurations. Then the detail about the 3D printed cellulose sample,
the data processing and analysis techniques for qualitative, microstructural quantifica-
tion, and kinetic analysis are described. The corresponding results at inter-filament and
intra-filament scales are presented, explaining the air-drying mechanics of the cellulose 3D
printed sample.

✪ Chapter 6: Concluding remarks and perspectives

This chapter summarizes the work described in the manuscript and highlights the key
contributions of this work. In addition, perspectives for future works and improvements
are also detailed.

A brief introduction of the 2nd in-situ application that was studied during the thesis is
presented here. The application corresponds to the continuous in-situ 4D solidification
of an aluminium silicon copper Al-Si-Cu alloy by fast laboratory X-ray microtomography.
The experimental setup and some qualitative and quantitative characterization results
are briefly presented along with the challenges faced particularly due to the limited scan
resolution. Lastly, the potential of using the characterized photon-counting detector to
improve the experimental setup is presented as well.
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0.3 Graphical outline

1. Literature review

• X-ray computed tomography

• 3D image analysis and image quality

• Lab CT acquisition parameters

• In-situ acquisitions

• High-speed in-situ imaging

Pixel size versus scan time for the laboratory
in-situ X-ray CT.

2. Characterization of direct photon-counting detectors and preliminary results
from lab X-ray imaging

• Photon-counting detectors (PCDs)

• Characteristics of the four PCDs

• Characterization procedures

• Characterization results &
comparison with flat-panel

(a) Standard flat-field corrected radiograph of
the (I-BaSO4-H2O) phantom recorded with

energy of photons in-between 5 to 50 keV keV
using Pixirad-2/Pixie-III detector. (b) KES

flat-field corrected radiograph of the
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1.1. Introduction

1.1 Introduction

The microstructure of the materials primarily determines their physical and mechanical prop-
erties. Therefore, quantifying the inner structure and morphological characteristics of materials
is of prime importance in material science and engineering. Three-dimensional (3D) imaging
of the materials can help in understanding and quantifying the microstructural properties of
materials.

X-ray computed tomography (CT) is a 3D imaging technique which provides the 3D
representation of the internal structure of the material that is opaque to visible light. In X-
ray CT, a sample is irradiated with X-rays to create two-dimensional (2D) radiographs, and
mathematical algorithms are then used to create the virtual 3D cross-sectional representation
of the scanned sample highlighting its internal and external features. The 3D analysis can then
be performed on the 3D reconstructed images.

Initiated in medical science with the invention of the first medical CT scanner by
Hounsfield [Hounsfield, 1973], Figure 1.1, it was widely accepted in material science as a non-
invasive and non-destructive technique (NDT) as the scanned sample remains undamaged and
can be scanned multiple times. Technological developments and the evolution of X-ray CT over
the last few decades is presented in Figure 1.1, including the invention of the first micro-computed
tomograph (µ-CT) by Jim Elliott in the early 1980s [Elliott and Dover, 1982], the introduction
of a practical cone-beam algorithm for direct reconstruction of two-dimensional (2D) projections
[Feldkamp et al., 1984a], first results of tomographic scans with a laboratory-CT by Weitkamp
et al. [Weitkamp et al., 2005] and Pfeiffer et al. [Pfeiffer et al., 2007]. Micro-CT extends the
resolution of CT into the micron-scale by using X-ray sources with finer focuses, object stages
with higher precision and detectors with smaller pixels. With the advancements in hardware
technologies, nano-meter resolution has been achieved and scans performed with such resolution
are referred to as nano-CT [Withers, 2007].

Over the last decade, X-ray CT is being used increasingly to follow the microstructural
evolution of materials under controlled environmental conditions (load, temperature and cor-
rosive environment) through the collection of multiple 3D scans to create 4D dataset (3D plus
time) imaging [Salvo et al., 2003, Maire and Withers, 2014]. Such acquisitions are referred to
as time-resolved or in-situ acquisitions. The invention of CMOS camera in 2010 made the fast
in-situ acquisitions possible and the sub-second temporal resolution was reported [Salvo et al.,
2012a]. Later, these fast in-situ scans at nano scale resolution were performed as well [Villanova
et al., 2017]. Recently novel setups that further decrease the temporal resolution to 0.05 seconds
and even 0.001 seconds were reported [Maire et al., 2016, Garcia-Moreno et al., 2021]; these are
currently the fastest scans performed to date. All of these experiments were performed using
synchrotron CT.
Synchrotrons are expensive facilities and limited access to them restrict the number of experi-
ments that can be performed. Due to this, over last few years, developments and researches on
the potential of lab-CT have increased drastically [McDonald et al., 2015, Bultreys et al., 2016].

The aim of this chapter is to introduce to the readers the basic scientific concepts used
in this thesis. The chapter begins with describing the general working principle of X-ray CT
and the X-ray attenuation laws that describes the phenomena, Section 1.2. Then importance
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Figure 1.1: Technological developments and evolution of X-ray computed tomography over
the last century.

of X-ray computed tomography as a characterization tool in material science is highlighted in
Section 1.3. The different types of analysis performed on the 3D datasets are categorised into
three proposed levels. Later the importance of image quality in CT is discussed in Section
1.4, including the various artifacts in X-ray CT and classical indexes that are used to estimate
the image quality. The various acquisition parameters of CT and their effects on the image
quality are discussed in detail in Section 1.5. Lastly, the chapter focuses on the lab-based in-
situ acquisitions and highlights the various types and constraints during the in-situ acquisitions,
Section 1.6, and an overview of the fast scans performed, Section 1.7, in lab-CT. Synthesis of
the literature review and the objectives of the PhD thesis is presented in Section 1.8 and Section
1.9, respectively.
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1.2 Principle

The lab X-ray tomography apparatus basically consists of three elements: the X-ray tube, the
rotating stage and the imaging detector.

The specimen is placed on the rotation stage between the X-ray tube and the detector.
The X-ray tube generates the beam of photons that interacts with the rotating specimen and
after penetration, the intensity is recorded by the imaging detector creating the 2D radiographs.
These radiographs are recorded at different angles throughout the 360° rotation and the recon-
struction algorithms are then used to reconstruct the 3D cross-sectional image of the scanned
sample. Figure 1.2 illustrates the general principle of the X-ray computed tomography.

Figure 1.2: General principle of the X-ray computed tomography.

1.2.1 Laboratory and synchrotron sources

X-ray CT scan can be performed using either lab or synchrotron sources. Lab-based CT sources
provide cone beam shape geometry and are polychromatic, whereas synchrotrons provide parallel
beam shape geometry and can be monochromatized. Using these sources, different modes of to-
mography can be performed such as absorption contrast CT, phase-contrast CT, and diffraction
contrast CT. This thesis only focuses on absorption contrast CT.

1.2.1.1 Laboratory-CT

Lab-based CT uses X-ray tubes containing the thermionic cathode and anode to produce X-
rays. The electric current heats the cathode and causes the thermionic emission of electrons.
By switching on the high voltage, a strong electric field is created between the thermionic
cathode and anode, which accelerates the electron towards the anode forming an electron beam.
The electron beam collides with the anode at high velocity. The anode material slows down
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the electrons within a very short distance, this generates the desired X-ray radiations. An
electromagnetic lens is used to focus the electron beam at a small spot on the anode surface,
called focal spot. The smaller the focal spot the sharper, higher in contrast and high-resolution
X-ray image will be [Huda and Abrahams, 2015]. Schematics diagram of an X-ray tube is
presented in Figure 1.3a.

Figure 1.3: Schematics diagram of (a) an X-ray tube: the electrons are emitted from the
cathode and collected at the anode releasing X-ray radiation, (b) a synchrotron: high-energy
electrons are injected from the booster ring into the storage ring where the synchrotron light is
generated using various devices and then transmitted to the beamlines.

The produced X-ray beam is conical and polychromatic with a wide range of energy,
usually in 10-150 keV. The conical X-ray beam makes geometrical magnification possible by
positioning the object under investigation at any position between the X-ray source and detector,
Figure 1.4(a).

Lab sources are limited in the X-ray photons flux, which is usually 108 photon/sec/mm2

and generally offers resolution varying from 0.4 to 500 µm depending on the spot size, CT
geometry and the detector used [Plessis et al., 2018]. For example, the achievable source spot size
with the EasyTom XL coupled with microfocus reflection source ranges from 5-10 µm and voxel
size as low as 4 µm can be achieved whereas, EasyTom XL coupled with nanofocus transmission
source allows the spot size below 1 µm and CT scan with voxel size of 0.4 µm can be performed.
Advanced tomographs such as ZEISS Xradia 410 Versa offers the high spatial resolution with
voxel size down to 100 nm can be achieved. Since last few years new generation X-ray sources
such as metal-jet sources based on liquid-metal-jet technology are also being operated in lab-
CT. Metal-jet sources can achieve 10 times higher brightness than conventional microfocus tubes
[Adibhatla, 2021].

1.2.1.2 Synchrotron-CT

Synchrotron is an extremely powerful source of X-rays and are produced by high energy electrons
as they circulate around the synchrotron.

At European Synchrotron Radiation Facility (ESRF), initially, the charge particles
are emitted by metal electrode and are guided inside the booster rings. The electrons are then
accelerated to an energy of 6 billion electron-volts. These high energy electrons are then injected
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into the storage ring which is approximately 800 metres in circumference. Here, the electrons
circle for hours without interruption close to the speed of light and their energy remain constant.
Synchrotron light is generated in the storage ring. The ring is in-fact an alternation of straight
and curved sections. In each curved section, various devices (bending magnet, focusing magnet,
insertion devices such as wiggler or undulator) guide the electrons forcing them to deviate from
their path and each time they deviate from their path, the electrons emit energy in the form
of light. The beams of light tangent to the storage rings are conveyed into the beamlines.
Beamlines capture, manipulate and direct this light onto samples for experiments. A schematics
diagram of a synchrotron is presented in Figure 1.3b.

X-rays produced can be made quasi-monochromatic by the use of monochromator, Fig-
ure 1.4b, and are of specific energy, tightly collimated, parallel, polarized and coherent in nature.
X-ray optics are used for geometrical magnification. Compared to lab sources, synchrotron X-
ray beam has high flux, nearly 1000 times larger, 1012 to 1013 photon/sec/mm2 [Schafers et al.,
2008]. Figure 1.4b shows the typical setup of a synchrotron.

High spatial resolution, compared to lab-CT, can be achieved with synchrotron-CT, a
voxel size of 50 nm is reported at ESRF ID 16B [Mart́ınez-Criado et al., 2016]. A high brilliance
X-ray flux coupled with a fast frame rate detector at synchrotron also makes ultra-fast imaging
possible and 1 millisecond scan time has been reported recently [Garcia-Moreno et al., 2021].

Figure 1.4: Schematic diagram of a (a) typical lab-based micro-CT setup with a conical X-ray
beam, (b) synchrotron-based micro-CT setup. [Cnudde and Boone, 2013]

1.2.2 X-ray interaction with matter

When X-ray photons interact with matter, the attenuation of the initial intensity can be mea-
sured. Different interacting mechanisms that contribute to the attenuation are photoelectric
absorption, Compton scattering, and pair production. In most of the X-ray regimes used in ma-
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terials characterization in lab-CT (up to 150 keV), the photoelectric effect is the main process
that causes X-ray attenuation. Compton scattering is the dominant process for higher-energy
radiations, and for energy higher than 1.02 MeV, pair production occurs.

The probability for a type of interaction between photon and an element is described
by cross-sections and attenuation coefficients [Brunetti et al., 2004]. The total mass attenuation
coefficient µ/ρ, of an element with atomic number Z is given by the sum of the relevant mass
attenuation coefficients, Eq. 1.1, where ρ is the density of the element and E is the energy of
the incident photon

(µ/ρ)total = (µ/ρ)photot + (µ/ρ)compton + (µ/ρ)pair (1.1)

Figure 1.5 shows the X-ray mass-attenuation coefficient µ/ρ plot for Iodine. The atten-
uation coefficient is dependent on the photon energy and is based on the respective cross-sections
of Compton scattering and the photoelectric effect; however, due to the energy regime, the pho-
toelectric effect is the dominant process that forms the interaction cross-section.

Figure 1.5: X-ray mass-attenuation plot for iodine. The attenuation coefficient for photoelec-
tric absorption, Compton scattering, and total cross-section is plotted, showing the photoelectric
effect being the dominant interaction process. The K-edge is located at 33.3 keV.

The photoelectric effect cross-section σpe is strongly dependent on the beam energy E

and the atomic number Z [Darby et al., 2011].

σpe ∝ Zn

E4 (1.2)

Where n depends on the K-edge of the element and varies from 3 to 5. The linear
attenuation coefficient µ of the material can be related to the photoelectric effect cross-section
σpe as follows:
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µ = ρ
NA

Z
σpe (1.3)

where ρ, Z, and NA are the density, atomic number and Avogadro’s constant, re-
spectively. Buzug [Buzug, 2008] uses the following equation, Eq. 1.4, as a rule of thumb for
estimating the absorption coefficient µ due to the photoelectric effect, which is a combination
of Eq. 1.2 and Eq. 1.3.

µ ∝ ρ
Zn

E4 (1.4)

Considering a monochromatic beam and a homogeneous sample of thickness d, for
absorption CT, the attenuation of the X-ray photons after passing through the sample can be
expressed by Beer-Lambert’s law

I(d) = Io.e(−µd) (1.5)

where Io, is the intensity of the beam before passing through the specimen and I(d)
is the intensity after passing through the specimen, µ is the coefficient of the linear absorption
and is material dependent as shown in Eq. 1.4. For heterogeneous sample Eq. 1.5 changes to

I(d) = Io.e−
∫ d

0 µ(s)ds (1.6)

With s is the position along the line. For polychromatic spectra source tubes, Beer-
Lambert’s law can be formulated as

I(d) =
∫ E

0
I(0, E).e−

∫ d

0 µ(E,s)dsdE (1.7)

where E is the energy of the X-ray photons.

1.2.3 X-ray detector

The purpose of the X-ray detector is the detection, quantification, and digitization of the incom-
ing X-ray photons at any given time interval. Every detector has a radiation component that
directly interacts with the X-rays, converting them into electrical signals and, an electronics
component that processes these signals to create digital images. These two components can be
used to classify different detectors according to how they register and process incoming photons
[Knoll, 1989]. A large variety of X-ray detectors have been developed. A summary of the most
widely used detectors is presented here.

• Flat-panel detectors (FPDs): Flat-panel detectors are currently the most widely used
detector type in radiography and cone-beam CT [Cowen et al., 2008]. FPDs are indirect
detectors that initially convert X-ray photons into visible light using scintillator crystals
after the photo-diode layer transforms light into electrical signals. They are also referred to
as energy-integration detectors (EIDs) as the output signal of the detector is proportional
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to the total energy deposited by all photons. FPDs can be produced with a large detector
area, but the readout times are relatively slow, and high dark current and gain, and
detector non-linearities can limit the image quality and need consideration [Wischmann
et al., 2002, Yu and Wang, 2013]. Pixel size in the flat-panel varies from 50 to 200 µm and
frame rate up to 100 frames per second is available. Flat-panel Varian PaxScan 2520V
has a pixel pitch of 127 µm containing 1920x1536 pixels and a maximum frame rate of 60
frames per second.

• Charge-couple devices (CCDs): Charge-couple devices are EIDs and work on the
indirect detection principle. In CCDs, shift registers are used since not every pixel has its
own readout circuit. The charge is shifted sequentially to the end of the pixel row and
read out serially, resulting in a long readout time. Typical pixel size in the CCDs varies
from 2.4 to 15 µm. High efficiency and low noise are usually the advantages of CCDs but
their readout speed is very low as compared to flat-panels. Details about the CCDs can
be found in [Lesser, 2014, Smith, 2009]

• CMOS detectors: A complementary metal oxide semiconductor (CMOS) image sensor
has a photodiode and a CMOS transistor switch for each pixel that allow each pixel signals
to be amplified individually. An amplifier for each pixel offers a much higher speed than a
CCD sensor and reduces the electronic noise [Alle et al., 2016]. Faster and high resolution
scans can be performed using CMOS detector. Andor Zyla 5.5 sCMOS has an effective
pixel size of 6.5 µm and offers an acquisition speed up to 100 frames per second.

• Photon counting detectors (PCDs): Photon counting detectors are innovative detec-
tors that work on direct detection. The X-ray photons are directly converted into electrical
charges using a semiconductor material, and each incoming photon is processed individu-
ally and independently from the other. Advantages of PCDs are smaller pixel size, high
frame rate, spectral imaging capability, and the possibility to suppress dark current [Bal-
labriga et al., 2016, Taguchi and Iwanczyk, 2013]. Pixirad-Pixie-III has an effective pixel
size of 62 µm and has the ability to capture 500 frames per second [Bellazzini et al., 2015].
The detail of PCDs is presented in Chapter 2.

1.2.4 Voxel size

Voxel is a representation of the pixel in 3D and is often confused with spatial resolution of the
CT scan. Voxel is the size of the smallest element in a volume (image stack) with an associated
grey value. Whereas, Spatial resolution is defined as the size of the smallest observable object
that can be measured in a reconstructed volume. It is also refers to the ability of an imaging
system to differentiate between two near-by objects.

For lab-CT, the reachable voxel size of a CT scan for a specimen depends on the
geometrical magnification determined by the relative position of the specimen with respect to
source and detector and the pixel size of the detector. If the specimen is positioned closer to the
X-ray source for a given detector position, the higher will be the magnification and the smaller
the voxel size, resulting in a higher resolution of CT scan. For synchrotron sources, the optical
lenses are used for geometrical magnification of the specimen on the detector. Relatively small
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specimens compared to lab-CT are used at synchrotron-CT, and resolutions well below 1 µm
can be achieved with high contrast.

1.2.5 3D reconstruction

A series of 2D projections or radiographs at different angular positions of the rotating sample is
obtained during the CT scan. After, the mathematical algorithms are used to construct a 3D
image from the set of acquired 2D radiographs. This process is called 3D reconstruction.

In 1984, a convolutional-back-projection formula (FDK algorithm) designed for circular
cone-beam tomography was proposed by Feldkamp et al. [Feldkamp et al., 1984b]. The FDK
algorithm filters the weighted projection data on each ray and then back projects them into
the reconstruction space. A simple illustration is shown in Figure 1.6 with an object consisting
of five spheres. Three projections (p1, p2, and p3) are acquired, describing the attenuation
coefficient distribution for the given X-ray path at three different angles. According to the FBP
principle, each acquired projection profile is back-projected along the viewing direction at which
it was acquired. In the resulting grid, each contribution is added to each voxel intersecting that
ray direction [Carmignato et al., 2017a].

Figure 1.6: Concept of projection and back-projection. (a) Projection: each radiographic pro-
jection (p1, p2 and p3) describes the distribution of attenuation coefficients along the captured
angle. (b) Back-projection: every radiograph is back-projected along the viewing direction
from which it was acquired. The number of lines depicts the amount of absorption. A grid
is generated, in which each contribution is added to the voxel intersecting that ray direction.
[Carmignato et al., 2017a]

In CT, filtered back projection (FBP), a variant of the FDK algorithm, is the most
commonly used reconstruction technique; details can be found in [Hsieh, 2009a]. Besides this,
several other reconstruction techniques have been developed, such as iterative reconstruction
(IR), 3D Fourier-based reconstruction method, algebraic reconstruction technique (ART). De-
tails and the evolution of reconstruction algorithms from filtered back-projection to artificial
intelligence can be found in [Carmignato et al., 2017b, Willemink, 2019].
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1.3 X-ray CT as a characterization tool in material science

With the developments and advancements of micro and sub-micro CT devices over the last four
decades, X-ray CT has become an essential non-invasive testing technique in material science
and in all the disciplines dealing with materials.

The recent increase in the availability of laboratory-scale µ-CT has enabled many
researchers to study and characterize the materials in 3D. Generally, two types of material
characterization are usually done with the tomography, quasi-static and following process char-
acterization.

1.3.1 Quasi-static characterization

In quasi-static, the specimen remains unchanged during the acquisition of the radiographs. The
static analysis of the 3D volumes characterizes the internal and external structure and provides
information about the specimen’s local geometrical and topological information [Roscoat et al.,
2005, 2014, Dadda et al., 2017]. However, it does not provide insight into the dynamics of the
processes under investigation.

1.3.2 Following process characterization

X-ray CT technique can be applied to follow the material’s structural changes in real-time and
under real conditions. Obtaining these 3D images at different timescales is often called time-
resolved 3D or 4D images. With the developments of specialized mechanical devices, in-situ
acquisitions are now performed on specimens that allow imaging the microstructural evolution
during the experiment. Details about the in-situ acquisitions is presented in Section 1.6.

Here the possibilities for characterization go beyond the micro-structural quantifica-
tion, and dynamic quantities such as flow, damage, and deformation mapping can be quantified.
The characterization of these real-time global and local dynamic responses and understanding
microstructural level phenomena is also crucial in developing and optimizing material behav-
ior models. Two types of in-situ experiments for dynamic characterizations have been done:
mechanical testing (compression and tension) [Viggiani et al., 2004, Otani et al., 2002, Besuelle
et al., 2006, Zhao et al., 2014a] and thermal treatment (solidification, sintering, foaming of metal
foams) [Lhuissier et al., 2013, 2012, Salvo et al., 2012b, Kumar et al., 2019].

1.3.3 3D image analysis

The reconstructed 3D volumes obtained after the quasi-static or the in-situ CT can be subjected
to different types of post-processing analysis depending on the objectives of the study. This post-
processing analysis is classified into three different proposed levels L1, L2, and L3.

1.3.3.1 L1: Qualitative analysis

The qualitative analysis, called L1, is the direct observation of the grayscale images by observer
perception.
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A large number of information can be obtained through observation of the 3D recon-
structed images on 2D slices. Once the CT is used as a steady-state characterization, visualiza-
tion and L1 analysis provide information on the porous phase, location and rough size of the
pores, presence of cracks, delamination and on the solid phase, including the location and size
estimation of the constituents.
For following processing characterization to monitor the evolving structure, L1 analysis reveals
the location, initiation, propagation and evolution of the cracks or a given constituent formation
such as dendrites, macro pores or shear bands.

Figure 1.7 presents an example of L1 analysis. A central slice of a quasi-static syn-
chrotron CT to characterize water distribution in compacted soils is presented. In the enlarged
view air, water, and sand grains are qualitatively distinguished [Li and Tang, 2019].

Figure 1.7: L1 analysis. (a) A reconstructed slice showing the water distribution in compacted
soil and (b) air, water, and sand grains are qualitatively distinguished [Li and Tang, 2019].

Figure 1.8 shows the qualitative results of nano-mechanical in-situ test to monitor the
crack growth in dentin specimen. A cone indenter tip was used to generate and propagate
cracks. Figure 1.8(a,b & c) shows reconstructed slices of the sample at different stages of
indentation that corresponds to the displacements of 15, 21 and 26 µm. The crack formation
can be observed. Figure 1.8(d) shows the loading rate as a function of displacement and three
data points correspond to the images (a, b & c) [Patterson et al., 2016].
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Figure 1.8: L1 analysis. Time-lapse series of reconstructed cross-sections through the dentin
sample showing the progress of a crack beneath the indenter as the load and displacement are
increased. Slices at different displacements are shown (a) at 15 µm displacement, (b) at 21
µm displacement where a crack has formed and (c) the sample has broken completely by 26
µm displacement. (d) The load and displacement curve of the mechanical test scan, three data
points correspond to the images (a,b & c).[Patterson et al., 2016]

1.3.3.2 L2: Low-level quantitative analysis

The low-level quantitative analysis, called L2, concerns the quantification of global microstruc-
tural parameters of the specimen such as volume fraction, specific surface area and tortuosity
of a phase. Such a characterization requires an accurate segmentation of the phases and the
analysis can be performed on steady-state images or on images obtained from in-situ tests.

An example of L2 analysis for quasi-static CT is illustrated in Figure 1.9, where a
CT central slice of a concrete core of 200 mm high by 60 mm diameter is shown in Figure
1.9(a). Figure 1.9(b) shows the 3D surface view and 3D crack and porosity view is highlighted
in Figure 1.9(c). Crack is distinctly different from porosity and is identified as planar connected
features[Plessis and Boshoff, 2019].
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Figure 1.9: L2 analysis. Cracking in concrete core shown as (a) a central reconstructed slice,
(b) 3D view of the sample, (c) 3D view of the crack (red) and pores (blue) [Plessis and Boshoff,
2019]

.

Another example for the L2 analysis with in-situ acquisition is shown in Figure 1.10,
for the observation of compaction of fibre bundle during a plain stress in-situ test. The evolution
of the mean stress as a function of the volume fraction of fibres is shown and the 3D segmented
volumes obtained at the five compression steps are represented around the graph [Latil et al.,
2011].

Figure 1.10: L2 analysis. Evolution of the mean stress as a function of the volume fraction
of fibers during a plain stress in-situ test. The 3D segmented volumes obtained at the five
compression steps are represented around the graphs. [Latil et al., 2011]

.
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1.3.3.3 L3: High-level quantitative analysis

The high-level quantitative analysis, called L3, is the object-level quantification and concerns
the quantification of local microstructural parameters such as the extraction of individual pore
or fiber from the 3D volume.

For in-situ characterization, L3 analysis corresponds to the quantification of dendrites,
tracking the growth mechanisms along cavities. Extracting information by full-field measure-
ments, Digital Volume Correlation (DVC), by correlating the deformed volumes with the refer-
ence volume to measure displacement and the strain fields is also included in L3 analysis. Figure
1.11 illustrates the high-level quantitative analysis and shows the 3D rendering of one of the
dendrites during the first three seconds of solidification of aluminium alloy. The experiment was
performed at ESRF ID15 beamline with a scan time of 0.15 seconds [Salvo et al., 2012a].

Figure 1.11: L3 analysis. Morphological evolution of one dendrite during the first three seconds
of solidification. The size of the box is about 100µm. [Salvo et al., 2012a]

Another example of L3 analysis using the 3D digital volume correlation is shown in
Figure 1.12. The vertical displacement field in microns and axial strain field determined by DVC
for a volume of interest (VOI) of a wooden sample loaded in three point bending test [Forsberg
et al., 2008].
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Figure 1.12: L3 analysis. (a) The vertical displacement field determined by digital volume
correlation (DVC) for a volume of interest of a wooden sample loaded in three point bending
test with the exterior loading points. The 3D microstructure of the wood is overlaid on the
displacement field. (b) The corresponding 3D axial strain field. [Forsberg et al., 2008]

1.4 Image quality in 3D X-ray imaging

Generally, image quality in the computed tomographic scan can be described as the usefulness
or effectiveness at which an image can be used for its intended purpose in providing accurate
analysis. Obtaining good quality images is critical to ensure positive task-based intended post-
processing treatment which can be either qualitative, quantitative, or kinetic. This concept is
discussed in detail in [Liu et al., 2016].

X-ray CT image quality can be described in terms of contrast, spatial resolution, image
noise, and artifacts [Goldman, 2007]. Generally, these factors can be sorted out into three groups:
(i) factors affecting image contrast, (ii) factors affecting image spatial resolution, (iii) sources of
image noise. However, it is vital to understand that these properties are intrinsically related to
each other and further depend on the image-forming process [Martz et al., 2016]. Image forming
process which includes X-ray source properties and settings, parameters of the detector, scanning
configuration, data reconstruction process, and the post-processing techniques, differ from scan
to scan since each CT scan is proposed for its specific objectives, so image quality differences
are expected.

Besides, from these image quality variations that can exist due to different scanning
configurations and can be minimized and controlled, various other unexpected errors can occur
in CT reconstructed images. These unexpected errors are named as artifacts and degrade the
image quality, making it sometimes impossible to quantitatively evaluate the obtained dataset.
Detail about CT image artifacts can be found in [Carmignato et al., 2017a, Martz et al., 2016,
Davis and Elliott, 2006, Hsieh, 2009a, Boas and Fleischmann, 2012]. This section presents the
most significant image artifacts in CT and these artifacts are further summarized in Table 1.1.

1.4.1 Classical artifacts in X-ray imaging

1.4.1.1 Beam hardening artifact

Beam hardening is the phenomenon that occurs when a polychromatic beam passes through an
object and results in the selective attenuation of lower-energy photons.
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The artifacts of beam hardening come from the difference between what is assumed
in the reconstruction algorithm and what actually happens in experiments. The assumption
in the reconstruction algorithm is that monochromatic single energy X-rays pass through the
sample, are absorbed by the sample and come out as monochromatic single energy X-rays, Figure
1.13(a). But in reality, a polychromatic beam contains a wide range of energy photons (low and
high-energy photons), and these different energy photons are not attenuated uniformly when
passing through an object. High-energy X-ray photons go through the sample better than the
low-energy X-ray photons that can also be completely absorbed, Figure 1.13(b), which means
the energy distribution of the X-rays shifts towards the higher side as they pass through the
sample. The high-energy X-rays are also called hard X-rays so this means the output beam
energy is increased (”hardened”) resulting in beam-hardening artifacts.

Figure 1.13: (a) Illustration of the assumption in the reconstruction algorithm that a
monochromatic single energy X-rays, represented as solid blue color, pass through the sam-
ple, are absorbed by the sample and come out as monochromatic single energy X-rays. (b)
Systematic representation of the reality during the experiments, a polychromatic X-ray beam
having a range of energy is represented as rainbow colors. When it passes through the sample,
high-energy X-ray photons go through the sample better than the low-energy X-ray photons
resulting in more high-energy photons in the output beam energy.

Two types of beam-hardening artifact are reported: cupping artifact and streaking
artifact.

Cupping artifact refers to the appearance of brighter voxels along the uniform cylindrical
object’s edge in the reconstructed volume. X-rays passing through the central portion of uniform
cylindrical object are hardened more than those passing through edges as the central portion of
an object is usually the thickest in material. This causes the higher average mean energy along
the edges than the mean energy in the identical objects nearby. This phenomena is illustrated in
Figure 1.14(a), the beam hardening artifacts which appear as increased intensity, representing
false density enhancement, on the margins of an object and decreased intensity at the centre in
the cylindrical samples. Figure 1.14(c) represents the variation in gray values along a transect
[Abel et al., 2010].
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Figure 1.14: Reconstructed CT images of copper cylinder, (a) exhibiting a pronounced cupping
artifacts due to beam hardening, (b) after applying correction algorithm. Variation in gray level
along the transect (c) for uncorrected image (d) for corrected image. (Modified from [Abel et al.,
2010]).

Streaking artifact refers to the appearance of dark bands or streaks between dense objects in
the image. It occurs when polychromatic X-ray is being ‘hardened’ at different rates according to
the rotational position of the tube/detector. Figure 1.15 shows an example of a beam hardening
streak artifact caused by metal pins on either side of a head phantom [Stowe and Curran, 2016].

Figure 1.15: Reconstructed 2D slice of a head phantom demonstrating beam hardening streak
artifact [Stowe and Curran, 2016].
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The mathematical characterization and analysis of beam-hardening artifacts in X-ray
CT are highlighted in [Park and Chung, 2015]. Lifton et al. stated that the beam hardening
effect could influence larger measurement errors for outer dimensions than for inner dimensions
[Lifton et al., 2015]. Various correction techniques were reported. A correction technique based
on the use of X-ray beam filtering is suggested in [Meganck et al., 2009]. A hardware filter
of different materials and thicknesses is placed on the X-ray source to absorb the low-energy
photons and be effective in reducing the beam-hardening artifacts. Linearization of the measured
polychromatic attenuation is also an effective technique to minimize the beam hardening artifact.
In Figure 1.14(c), the beam hardening artifacts are removed by applying inverse polynomial and
the corresponding variation in gray values along a transect is shown in Figure 1.14(d).

Correct calibration and application of iterative reconstruction algorithm during recon-
struction also limits the beam hardening artifacts [Barrett and Keat, 2004]. Another effective
technique based on signal to equivalent thickness calibration method is discussed in [Jakubek,
2007]. The use of an energy-thresholding photon-counting detector (PCD) with the appropriate
setting to only detect high-energy photons from the incoming polychromatic spectrum can also
eliminate the beam-hardening artifacts.

1.4.1.2 Ring artifact

Ring artifact occurs due to the detector’s miscalibration or due to the defective pixels present in
the detector sensor. It can also be referred to as bad pixels artifacts. A dead or saturated pixel
with non-linear response results into wrong signal at the same location in each CT projection.
During the back-projection step in the reconstruction process, this consistently erroneous reading
will form concentric rings centered on the center of rotation in the CT reconstructed volume
due to the circular sampling process [Schorner, 2012].

Ring artifacts due to dead or saturated pixels are common with photon-counting de-
tectors in which the pixels inconsistent response and saturation are quite common [Fang et al.,
2020]. Various correction techniques exit, correction can be done before or after reconstructing
the acquired dataset. A pre-processing method to remove these artifacts is by detecting and
removing outliers prior to reconstructing CT data [Motulsky and Brown, 2006]. It works by
replacing the specified pixel value with the average of surrounding pixels. A bad pixel map can
be applied to the data set to remove the unsaturated pixels. Abnormal pixel detection using
projections sum to remove artifact is suggested in [Yang et al., 2012]. Another efficient way is
the anti-ring shift in which the detector position is slightly shifted during image acquisition to
smear out systematic intensity fluctuations. Proper calibration of the detector before the scan
can also reduce ring artifacts. A fast post-processing method proposed by [Sijbers and Postnov,
2004] based on the line artifact subtraction technique can be used for the correction.

A pre-processing method to correct for ring artifacts from variations in scintillator
thickness by using a simple method to characterize the local scintillator response is presented
by [Vagberg et al., 2017]. The results are depicted in Figure 1.16, the reconstruction from
conventionally flat-field corrected images, Figure 1.16(a), suffers from the ring artifacts. And
these artifacts are corrected by applying the proposed method, Figure 1.16(b)
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Figure 1.16: A tomography of a PET phantom with air-filled holes, reconstructed (a) after flat-
field correction without filter. (b) with the proposed correction method based on characterization
of scintillator variations. [Vagberg et al., 2017]

1.4.1.3 Scattered radiation artifact

Scattered radiation artifact occurs due to the scattering of the X-ray photons after interacting
with the object.

This phenomenon is prominent with the cone-beam polychromatic X-rays, where a
part of the incident X-ray photons is scattered. After interaction with the object, these scat-
tered photons exhibit different travel directions and possibly different energies. Figure 1.17(a
& b) shows the ideal and real scenario of the path of photons attenuating the object. In ideal
situations, all photons are either absorbed or passing the sample, but in real scenarios, large
amounts of photons are scattered and influence the attenuation and detection process.

When scattered photons reach the detector, they give rise to scatter signals, resulting
in streaks, inhomogeneities known as cupping artifacts, and result in the reduction of contrast
[P.C. Johns and yaffle, 1981, Glover, 2012, Siewerdsen and Jaffray, 2001]. Streaks may lead
to misinterpretation, while inhomogeneities cause incorrect readings of attenuation coefficients
which serve as the basis for interpretation and quantitative analysis. Scatter radiation correction
methods based on the beam-stop array method and temporal modulation of primary signals are
proposed [Schorner, 2012].

29



Chapter 1. Literature review

Figure 1.17: Geometry view of paths of the X-ray photons. (a) Ideal case for paths of X-ray
photons that are either absorbed or passing the object, thus representing the ideal situation
usually assumed for computer tomography reconstructions. (b) The real scenario, where a large
number of scattering photons influence the attenuation and are detected as scattered radiations.
[Wiegert, 2007]

1.4.1.4 Undersampling artifact

Undersampling artifact occurs when the total number of projections used to reconstruct tomo-
graphic reconstruction is relatively low. These artifacts can also occur when a large rotational
angle step is used during the tomographic scan. They are referred to as aliasing artifacts since
ray aliasing with sharp edges is observed due to undersampling. These artifacts make the seg-
mentation process difficult, which is the primary requirement for quantification. Undersampling
artifacts can be minimized by following the Nyquist-Shannon sampling theorem, Eq. 1.8, [Bar-
rett and Keat, 2004], which gives the appropriate number of projections to be acquired for the
CT scan for the reasonable reconstruction of the specimen volume.

Nbproj = π

2 ∗ number of detector column covered by sample (1.8)

where Nbproj is the number of projections to be acquired. If the total number of
radiographs captured gets lower, severe imperfections of the scanned object can be expected
[Sause, 2016]. This is illustrated in Figure 1.18 for decreasing number of captured radiographs
with the flat-panel detector as the basis for the same reconstruction algorithm. For the full set
of 736 radiographs, the rectangular cross-section is well reconstructed. By reducing the number
of captured radiographs, the cross-section is hard to reconstruct accurately, and an increasing
amount of ray aliases occur that significantly reduces image quality.

However, acquired number of radiographs depends on the expected image quality and
level of analysis that need to be performed. Even with 92 radiographs, the cross-section is
clearly visible for the L1: qualitative analysis but for the quantitative analysis, higher number
of projections need to be recorded. The identified undersampling artifacts can be reduced by
using different reconstruction algorithms, such as iterative reconstruction or artificial intelligence
based reconstruction algorithms, for a given number of projections.
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Figure 1.18: Undersampling artifacts in projections reconstructed with reducing number of
projections. By reducing the number of captured radiographs, cross-section is hard to reconstruct
accurately, and an increasing amount of ray aliases occur. [Sause, 2016]

1.4.1.5 Artifact specific to high density materials

CT scans of high-density materials can result in streak-like artifacts and deteriorate the image
quality. Since high-density materials are mostly metals, they are also referred to metal artifacts.

They typically occur because the density of the material may exceed the detector sys-
tem’s measurement range, resulting in incorrect attenuation measurement [Sause, 2016]. These
artifacts also arise because of the mismatch between the CT image reconstruction algorithm,
filtered back-projection (FBP), and the nonlinear variation in the X-ray attenuation that occurs
in the presence of a metallic object [Park et al., 2014].

High atomic number elements with higher mass attenuation coefficients such as iron,
steel, and platinum can produce more pronounced artifacts than metals having low atomic
numbers and lower mass attenuation coefficient as shown in, Figure 1.19. Artifact is worse
with stainless steel, Figure 1.19(a) than with titanium Figure 1.19(b) [Kataoka et al., 2010].
An iterative method called the Metal Deletion Technique (MDT) [Boas and Fleischmann, 2012]
which is based on the principle that projection data involving a metal is less accurate due to
the assumption explained above, can be used for the correction. It used the forward projection
to replace the detector measurements that involve metal.
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Figure 1.19: Metal artifact is severe with higher mass attenuation coefficient element (a)
stainless steel than with lower mass attenuation coefficient (b) titanium. [Kataoka et al., 2010]

1.4.1.6 Motion artifact

Motion artifacts are caused by any structural change within the sample following a dynamic pro-
cess such as stress-induced internal deformations or temperature related phase changes [Schryver
et al., 2018]. It usually happens when the scan is performed at an insufficient temporal reso-
lution. They can also be linked with the rotation stage’s inaccuracy or may also result from
movement of the X-ray source relative to the specimen.

Motion artifacts result in blurring and double edges. A pixel-specific back-projection
method is described in [Ritchie et al., 1996] for the correction of motion artifacts. It reconstructs
each pixel in a frame of reference that moves with the in-plane motion in the scanned volume.
Motion artifact can also be corrected by correlation of the images before and after the scan.

1.4.1.7 Summary

These various types of artifacts discussed above are summarized in Table 1.1.
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Table 1.1: Summary of the various types of artifacts in X-ray CT.

Artifact Cause Data treatment
Beam hardening Selective attenuation of lower-

energy photons when
passing through a specimen.

Application of beam hardening
correction algorithms.
Effective filtering by a physi-
cal filter or adjusting the X-ray
source energy.
Linearization of the measured
CT data.
Use of photon-counting detector.

Ring Miscalibration of the detector.
The presence of defective pixels in
the sensor

Re-calibrating the detector.
Using pre and post-processing
filters.
Applying dead pixel mask.

Scattered
radiation

Scattering of photons after
interacting with the object.

Application of estimated scatter
correction during the
reconstruction.

High density
material

High atomic number
materials being scanned.

Metal Deletion Technique
(MDT) applied during
reconstruction.

Undersampling Low number of projections. Follow sampling theorem:
Acquiring proper number of pro-
jections.
Using different reconstruction
algorithm type.

Motion Structural changes within the
sample when following a dynamic
process.
Inaccuracy of the rotation stage.

Correlating images before and
after the scan.
Pixel specific back-projection
method.

1.4.2 Classical quality indexes in X-ray imaging

As described the utility of a CT scan for its intended scientific purpose depends on its ability
to resolve and differentiate the objects for which image quality plays an important role. Image
quality evaluation in CT images is an ongoing issue as there is no universally relevant and
straightforward method to estimate the image quality sufficient for its intended purpose.

Many classical indexes exist to evaluate the objective and subjective image quality of
a CT scan. However, these classical indexes do not provide any information about the task-
based anticipated quality. Standard quality and similarity indexes are described below, and
their limitations are also stated.

The presented quality measure indexes are noise, signal-to-noise ratio, contrast-to-noise
ratio, sharpness, quality index and niqe, and the similarity measure indexes are root mean square
error, peak signal-to-noise ratio and structural similarity index. These indexes can be used for
2D images (pixel i,j) or 3D images (voxel i,j,k) for the measure of quality of images or similarity
between images.
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1.4.2.1 Noise

In radiographic imaging, noise refers to unwanted image details that interfere with the visual-
ization of a feature of interest and with the interpretation of an image [Samei et al., 1999]. Noise
is classified as quantum noise and system noise [Samei, 2001]. Quantum noise is caused by the
limited number of photons forming the image, whereas random and systematic processes cause
system noise during image formation.

Noise can be estimated in a Region Of Interest (ROI) in the radiograph or reconstructed
projection and measures the standard deviation (SD) of signals in that ROI. Considering the
average number of detected photons in an ROI as N , the quantum noise defined as the standard
deviation σ is inversely proportional to the square root of the number of photons [Zhao et al.,
2014a].

σ ∝ 1√
N

(1.9)

A drawback of using noise as an image quality measurement index is that noise is
estimated over an ROI in a single image, employing assumptions of linearity and stationary.
The reconstruction process introduces correlation, due to which CT noise is textured and highly
non-stationary. Also, it does not contain information about these correlations; therefore, it is
not an acceptable metric of image quality [Vaishnav et al., 2014a]. However, it can be used as an
objective image quality parameter for comparison between different reconstruction techniques
[Willemink et al., 2013]. Due to its quick mean of measurement, many studies use the standard
deviation to estimate CT image noise [Zarb et al., 2011, Lubner et al., 2011].

Using standard deviation as a noise measurement index provides a minimal description
of noise magnitude and two images with very different noise textures may have identical standard
deviations, as illustrated in Figure 1.20 [Friedman et al., 2013].

Figure 1.20: Two images with the same standard deviation but show (a) high-frequency
noise and (b) low-frequency noise content. The difference between the images demonstrates the
limitations of using standard deviation to fully assess image noise. [Friedman et al., 2013]

1.4.2.2 Signal to noise ratio

The Signal-to-Noise Ratio (SNR) is the most commonly used metric to express image quality
in CT. SNR measures the intensity of the signals relative to the noise associated with the
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signal in an ROI, which can be selected inside or outside the object in the radiograph or in the
reconstructed slices.

Considering a given number of detected photons N with an average intensity Imean,
and the standard deviation σ, SNR can be expressed as:

SNR ∝ Imean

σ
(1.10)

In decibel scale (dB), SNR can be calculated as,

SNR = 10log
(

Imean
2

σ2

)
(1.11)

SNR is directly proportional to the image’s mean intensity, which makes it directly
related to the CT scan parameters (source parameters, detector parameters and acquisition
settings). Therefore the SNR will vary depending on the appropriate formulation, properties of
the object under study, and the imaging arrangement used. Albert Rose [Rose, 1948] related
SNR to the performance of a human observer by demonstrating that an object is detectable
by a human observer if the SNR is ⩾ 5 , and the detection will degrade as SNR approaches
zero. SNR does not completely characterize noise as it does not consider the spatial frequency
distribution of noise [Boone et al., 2012]. So two images with the same SNR can have different
spatial frequency distributions, Figure 1.20. Also, when SNR is estimated in a homogeneous
ROI, it does not provide any information if the images are quantifiable or not.

1.4.2.3 Contrast to noise ratio

In radiographic imaging, contrast is usually described in terms of Contrast-to-Noise Ratio (CNR)
and gives information about the detectability of an object in the image.

It is usually measured in an ROI in the reconstructed images and is the difference be-
tween the average intensity of an ROI in the object Iobject and that in an ROI in the background
Ibackground, with respect to the noise in the background σbackground.

CNR = 10log
(

Iobject − Ibackground

σbackground

)
(1.12)

Since the CNR is computed using the difference in mean intensity values between the
object and the background, this metric is applicable when objects that generate a homogeneous
signal level are used [Bushberg et al., 2012]. In the case of heterogeneous material, CNR is
different for each phase of the specimen.

CNR is not a complete description of object detectability as actual signal detectability,
besides intensity and noise, also depends on factors including the variance and covariance of
measurement noise, spatial resolution, and the observer and detection strategy used [Vaishnav
et al., 2014b]. The inability of CNR to give a complete description of detectability of low-contrast
object and image quality of CT at different radiation dose levels reconstructed with iterative
reconstruction (IR) and filtered back projection (FBP) is shown in [Schindera et al., 2013].
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1.4.2.4 Sharpness measures

Image sharpness is the local image quality measure and is used to describe the local contrast of
the image. Sharpness, S, of an image is given by the following equation where Imax and Imin

denote the maximal respectively minimal gray value in the ROI of the reconstructed projection.

S = Imax − Imin

Imax + Imin

(1.13)

Another objective image sharpness metric by integrating the concept of Just Noticeable
Blur (JNB) into a probability summation model [Robson and Graham, 1981] to predict the
relative amount of blurriness in images with different content is developed by [Ferzli and Karam,
2009].

A simplified measure of the JNB is used in [Kraemer et al., 2015] and variation of JNB
and SNR as a function of the tube current at different source object distances is presented to pre-
estimate the image quality. Similarly to SNR and CNR, sharpness is also estimated in a small
ROI and no complete information about the image segmentation and the object detectability is
provided by this metrics.

1.4.2.5 Quality index

The histogram-based quality metric Q was proposed by Reiter et al. [Reiter et al., 2014]. Q is a
measure of the degree of separation of the different material classes in the gray value histogram
of the image and is given as.

Q =

∣∣∣IA − IB

∣∣∣
√

σA
2 − σB

2
(1.14)

where IA and IB are the mean values of the material and background in the gray value
histogram and σA and σB are their corresponding standard deviations. Further details regarding
the evaluation of Q can be found in [Reiter et al., 2014] where its sensitivity to noise, imaging
artifacts, blurring levels and correction techniques is studied.

1.4.2.6 Root mean square error

The RMSE is the full-reference metric and is used where the aim is to compare an image to
another image of higher quality. The RMSE is the square root of the mean of the squared signal
intensity difference between each pixel in the test image from its equivalent in the reference
image and is given by

RMSE =

√√√√ 1
nx ∗ ny

nx∑
i=1

ny∑
j=1

(x (i, j) − y (i, j))2 (1.15)

where x(i, j) and y(i, j) represents the gray level of a specific pixel in the reference and
the test image. nx and ny are the total number of pixels in the horizontal and vertical directions,
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respectively.

If the reference and the test images are identical, RMSE is zero. So a higher value of
the RMSE means greater discrepancy. Images with very similar RMSE values can present quite
different visual quality, and images with slight geometrical deviations (spatial shifts, rotation)
can give large RMSE values but present acceptable image quality to observer [Wang and Bovik,
2006].

1.4.2.7 Peak signal-to-noise ratio

The PSNR is another full-reference metric and is used when the images being compared have
different dynamic ranges. PSNR is given by

PSNR = 10log

(
Imax

MSE

)
(1.16)

Where, Imax is the maximum signal value in the test image, and MSE is the mean
square error (mean square error is equal to the square of root mean square error). The higher
value of PSNR represents the greater similarity between the two images that are being compared.
A PSNR value of 100 dB would represent the ideal case, but typically the PSNR lies between
30 and 40 dB [Wang and Bovik, 2006, 2009]. The PSNR metric has the same benefits and
limitations as RMSE that images with similar PSNR can present quite different visual quality,
and images with slight geometrical deviations can give large PSNR values.

1.4.2.8 Structural similarity index metric

The SSIM represents image quality in terms of similarity index between two images and was
proposed by [Kotevski and Mitrevski, 2010]. It represents the image quality by combining three
factors: luminance distortion, contrast distortion, and loss of correlation [Ieremeiev et al., 2020],
and is given as

SSIM =

(
2IxIy + C1

)
(2σxσy + C2) (σxy + C3)(

I
2
x + I

2
y + C1

) (
σ2

x + σ2
y + C1

)
(σxσy + C3)

(1.17)

where, Ix , Iy and σx, σy are the mean values and standard deviations of the two
images. σxy is the covariance between two images. C1, C2, and C3 represent the regularization
constants for luminance, contrast, and structural correlation. For an 8-bit grayscale image
composed 256 gray levels, C1 = (K1L)2, C2 = (K1L)2 and C3 = C2/2, where K1 = 0.01 and
K2 = 0.03.

The SSIM is usually evaluated by applying a sliding window that moves pixel by pixel
at a time, across an image. At each step, a local SSIM score is calculated. The final score
describing the overall image quality is obtained by calculating the simple arithmetic average of
each of the local scores. It has been reported that the SSIM is highly sensitive to errors due to
alignment (relative translation, scaling and rotation) of images [Wang and Bovik, 2009].
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1.4.2.9 NIQE

Natural Image Quality Evaluator (NIQE) [Mittal et al., 2013] is a completely blind image quality
analyzer that only makes use of measurable deviations from statistical regularities observed in
the natural images and does not require any reference image for the quality estimation. It
extracts a set of local features from an image, then fits the feature vectors to a multivariate
Gaussian (MVG) model. The local statistical features are derived based on a spatial domain
natural scene statistics (NSS) model. The quality of a given test image is then expressed as the
distance between a MVG fit of the NSS features extracted from the test image, and a MVG
model of the quality aware features extracted from the corpus of natural images [Mittal et al.,
2013, Sheikh et al., 2006] . Image quality assessment can be done on a specific ROI and also on
a segmented images.

Since NIQE uses a single global MVG model to describe an image, useful local image
information which could be used to better predict the image quality is lost [Zhang et al., 2015].

1.4.2.10 Summary

These various X-ray CT quality indexes are summarized in Table 1.2.
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Table 1.2: Summary of the various types of image quality indexes used in X-ray CT.

Index Description Limitations
Radiographic
noise

Measure of the standard
deviation of signals in an ROI.

Employ assumptions of noise being linear
and stationary in an image.

SNR Measure of the intensity of the
signals relative to the noise as-
sociated with the signal in an
ROI.

Two images with very different noise
textures can have identical standard
deviation, SNR and CNR.

Estimated in a small ROI.

CNR Measure of the contrast of an
object in the image ROI with
respect to noise.

No information about detectability of fea-
ture of interest for segmentation.

Sharpness Measure of the local contrast
of the image in an ROI.

No information about noise in the feature
of interest.

Quality
index

Measure of the degree of sep-
aration of different material
classes.

Sensitive to image noise, imaging arti-
facts and blurriness.

RMSE Compare an image to a refer-
ence image of higher quality.

Needs a reference image.
Images with very similar RMSE and
PSNR values can present quite different
visual quality.

PSNR Compare images have different
dynamic ranges.

Slight geometrical deviation between im-
ages result in large error.

SSIM Similarity index between two
images.

Needs a reference image.
Highly sensitive to alignment errors.

NIQE Predict image quality based on
multivariate Gaussian (MVG)
and natural scene statistic
(NSS) model.
Can be done on specific ROI.

Uses a single global MVG model to de-
scribe an image.
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1.5 CT acquisitions parameters and image quality

1.5.1 Introduction

As mentioned in section 1.2 and illustrated in Figure 1.4(a), a micro-CT system for non-medical
applications is composed of three main components: (i) an X-ray source, (ii) an X-ray detector,
and (iii) a positioning system. So the image quality of CT scan depends on these main com-
ponents and is influenced by several factors, including X-ray parameter settings, reconstruction
settings, and image processing techniques [Cantatore and Muller, 2011]. In order to perform a
CT scan, an operator has to choose a set of acquisition parameters that determines the quality of
the recorded radiographs. The parameters that the user set for a scan are: X-ray source settings
(power, current and voltage), the addition of filter, magnification, number of projections, scan
mode and the detector parameters that includes binning, exposure time and frame averaging.
Understanding the effect of these scanning acquisition parameters on the image quality is essen-
tial to find optimal settings for the optimal image quality of a CT scan. Major CT acquisition
parameters are grouped in Table 1.2.

There is no developed analytical method to determine the optimal scanning parameters
[Buratti et al., 2018] but attempts to optimize the acquisition settings have been made [Reiter
et al., 2010, Chahid et al., 2020] focusing on the partial problem. The BSI BS EN ISO 15708
[15708-1:2017, 2019] and VDI/VDE 2630 [VDI, 2010] standards do not provide a protocol for
the acquisition parameters selection, leading to differences in acquisition parameters for the
same object between operators [Carmignato, 2012]. Similar results are reported by Zabler et
al. [Zabler et al., 2020] by comparing quantitative image quality from thirteen different sub-
micrometer CT scans of the polymer microbeads, performed by different experienced operators.
Results indicate that operator choices strongly influence scan quality for a given measurement
time.
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Table 1.3: Major CT acquisition parameters that influence the image quality.

Group Sub-group Parameters

Hardware X-ray source
(micro/nano)

Type of source (target material and
filament)

Detector Type of detector (flat-panel, CCD,
PCD)

Operator parameters

Source parameters
Focal spot size
X-ray source current
Acceleration voltage

Choice of filter Material and thickness
Detector parameters Frame rate/ Exposure time

Acquisition mode of detector (bin-
ning)
Averaging frame

Scan setting Number of projections
Positioning system Magnification (SOD,SDD)

Sample properties – Size of the sample
Material composition

Software – Reconstruction
Post-processing filters

1.5.2 Hardware

The hardware component of the CT system includes an X-ray source and the detector. Target
material used for the production of X-rays and the type of detector used to detect X-rays is the
prime influencing parameters for the X-ray source and detector.

1.5.2.1 X-ray source

Many types of X-ray radiation sources exist, such as X-ray tubes and large synchrotrons radiation
facilities, discussed in section 1.2.1, summarized in [Martz et al., 2016]. Generally, tube-based
micro-focused X-ray sources are commonly used in micro-CT systems.

X-rays are produced when the target material, corresponding to the anode, decelerates
an accelerated beam of electrons. The thermionic effect results in the generation of the electrons
from the filament referred to as the tube’s cathode. These generated electrons are attracted
towards the anode target. On hitting the target material, the fast electron beam experiences a
sudden deceleration, causing their energy to be converted into heat (more than 99%) and X-ray
(less than 1%).

The produced X-rays have a polychromatic spectrum consisting of both bremsstrahlung
radiation and characteristic radiation, Figure 1.21. Bremsstrahlung or braking radiation is an
X-ray generation process that yields a continuous X-ray spectrum from very low energies up
to the maximum voltage applied to the electrons. It occurs when an electron hits an atomic
nucleus in the target and gets deflected due to the positive charge of the nucleus and causes
an X-ray photon to be emitted. Characteristic radiation mechanism occurs due to the change
in the electron’s orbit in the atoms that make up the target, and hence it is target material
dependent. The X-ray photon energies, in this case, are specific energies characteristic of the

41



Chapter 1. Literature review

material. Due to these two mechanisms, an X-ray beam is polychromatic.

Figure 1.21: X-ray polychromatic spectrum generated using the tungsten W target at an
acceleration voltage of 120 kV consists of both Bremsstrahlung radiation and characteristic
radiations.

Target material and filament

The generated X-ray spectrum depends upon the target material used in the X-ray source.
Tungsten (W) target is the most widely used in laboratory sources which operate in continuous
mode with voltages in the range of 20–150 kV and anode currents in the range of 50–1000 µA [P.
Russo, 2018]. The filament wire is usually made up of tungsten (W) or lanthanum hexaboride
(LaB6). LaB6 offers more brilliant flux but is limited in keV.

The influence of the target material on dimensional measurements and porosity analysis
was experimentally investigated in [Tan, 2015]. It was shown that with the same X-ray power,
the measured porosity decreases when shifting the target material from copper to tungsten
and the choice of target material also has an influence on the dimensional measurement with
the tungsten target yields better imaging. The target thickness also influences the intensity
of the generated X-rays. Ihsan et al. studied that X-ray intensity increases with the target
thickness until a certain point. After, the intensity abruptly decreases due to the increasing
X-ray attenuation occurring during the penetration of X-rays through the target [Ihsan et al.,
2007].

1.5.2.2 X-ray detector

The type of digital X-ray detector used for CT impacts the image quality since each detector
has its detection efficiency and characteristics. Detail about widely used detectors based on
indirect and direct detection mechanism is earlier presented in section 1.2.3. Among all the
digital detectors, indirect flat-panel detectors are the most commonly used.
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The indirect flat-panels are designed to detect X-rays indirectly with the help of a
scintillator. They are based on amorphous silicon TFT/photodiode arrays coupled to X-ray
scintillators. The scintillator is usually made up of cesium iodide (CsI) or gadolinium oxysulfide
(Gd2O2S). Upon interaction with X-ray photons, the scintillator layer converts X-ray photons
into visible light. This visible light is captured by the large area photodiodes and generates
electrons. The electrons activate the pixels in a layer of amorphous silicon. The activated pixels
generate electronic data that is converted into a high-quality projection image of the scanned
object. Figure 1.22(a) shows the indirect detection mechanism

Figure 1.22: General model for indirect and direct detection of X-rays

Indirect flat-panels are available in sizes up to 400 mm × 400 mm and pixel size as
small as 100 µm [Oliveira et al., 2019]. The commonly used indirect flat-panels have a pixel size
of 127µm. Direct detection flat-panels [Kasap and Rowlands, 2000] and charged-coupled devices
(CCDs) combined with scintillator screens are also widely used detectors with the laboratory
micro-CT systems. Complementary metal-oxide-semiconductor (CMOS) detectors are also in
use for their large area and high frame rates. Detail about CCDs and CMOS detectors can be
found in [Kuroda, 2015]. An overview of the key technologies involved in constructing different
imaging detectors can be found in [Overdick, 2006].

Earlier this decade, new generation detectors called photon-counting detectors (PCDs),
that process each incoming X-ray photon individually, were introduced. PCDs work on a direct
detection principle and convert X-ray photons directly into electrical signals with the help of
semiconductor material, Figure 1.22(b). In PCDs, each photon contributes to the image forma-
tion proportional to its energy resulting in contrast enhancement. These detectors use an energy
detection threshold, allowing full noise rejection, leading to higher SNR and image quality.

Detailed information about different radiation detectors used can be found in [Martz
et al., 2016]. State of the art of CT detectors and sources can also be found in [Shefer et al.,
2013].
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1.5.3 Operator parameter

For the CT scan, acquisition parameters selected by the operator according to the scan’s ob-
jective (aim of analysis: level L1, L2 or L3), largely influence the image quality. These include
X-ray source parameters (voltage and current), choice of the filter, detector parameters (ex-
posure time, average frame, acquisition mode of the detector), positioning system (work piece
clamping and orientation, magnification, relative position of the rotatory table, and detector)
and CT scan setting which include the number of projection to be recorded.

1.5.3.1 Source parameters

X-ray voltage (kV) and current (µA) are the two important source settings that directly influence
the quality of the recorded radiographs. Both are user-defined settings; voltage needs to be
sufficient to penetrate the scanned specimen and determine the image contrast, whereas current
determines the intensity of the X-ray photons.

The tube voltage and current can be adjusted depending on the scanned material
absorption coefficient and the objectives of the analysis [Stock, 2009]. The influence of the
X-ray power settings and the object size on the accuracy of CT dimensional measurements
were evaluated by Kiekens et al. [Kiekens et al., 2011]. It was found that the accuracy of CT
dimensional measurement is dependent on both the voltage and current.

1.5.3.1.1 Voltage

X-ray voltage is a source parameter that determines the maximum energy of the X-ray photons.
In other words, it determines the penetration ability of the X-ray beam and needs to be high
enough to allow good visualization of internal features in the specimen. The change in the voltage
is used to optimize the contrast by changing the X-ray spectrum [Orhan, 2019]. For denser
samples like metals, higher voltage is required for enough X-ray penetration to get appropriate
contrast between materials. If too low voltage is used for dense material, it usually results into
more noise and artifacts [Plessis et al., 2018]. Decreasing the voltage leads to an enhanced
contrast between low absorption phases [Stock, 2009].

Tang et al. [Tang et al., 2015] investigated the effect of low tube voltage on image
quality, radiation dose, and low-contrast detectability (LCD) at abdominal CT. They concluded
that reducing the tube voltage from 120 kV to 80 kV at abdominal CT can reduce the radiation
dose by 32% to 42% without degradation of CNR and LCD. A study by Plessis et al. [Plessis
et al., 2018] gave the guidelines using X-ray tube voltage as starting point for different samples
and suggested that for biological samples 30 to 100 kV, for small rocks and light metals 60 to
150 kV, and for large rocks and heavy metals 160 to 240 kV could be suitable voltage.

1.5.3.1.2 Current

The change in the current changes the intensity of the X-ray and does not alters the energy of
the X-ray photons. The filament current controls the number of electrons bombarding the target
material; thus more current flowing through the filament, the higher the number of electrons
emitted. But there is a saturation point at which the emission is at maximum, and increasing
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the current even more can shorten the life of filament and can damage it.

For a CT scan, the operator should set up the tube power (multiplication of current and
voltage) in such a way that spot size is similar to the voxel size. The focal spot size represents
the small area on the anode on which electron beam is focused. A higher power increases the
intensity of the electron beam, thus increase the heat in the focal point leading to the increase
in spot size. A larger focal spot size increases the Penumbra effect, also known as unsharpness.
This effect causes blur at the sample edges in the image which become noticeable when the spot
size exceeds the voxel size [Kueh et al., 2016].

Angel and De Chiffre compared the twenty operators’ X-ray source settings for two
items involving metal and polymer parts, Figure 1.23. It can be seen that, although the items
are very different in X-ray absorption and size, very similar power levels were used for both
parts [Angel and Chiffre, 2014]. There is also a limitation for maximum current for a given focal
spot size of the X-ray source.

Figure 1.23: Current against voltage for polymer part (blue diamonds) and for a metal part
(red square).[Angel and Chiffre, 2014]

1.5.3.2 Choice of the filter

Two different mechanisms associated with hardware filtering exists. (i) The filter is placed
between the X-ray source and the sample, (ii) the filter is placed between the X-ray detector
and the sample.

The first type of filtering, placed in front of the X-ray source, can be referred to as beam
filtering and is useful when high-voltage experiments are performed. A beam filter is added to
pre-compensate the expected beam hardening. The second type, referred to as detector filtration,
is useful to reduce noise in the recorded radiographs that occur due to the scattering of X-ray
photons after passing through the high-density specimen [Plessis et al., 2018]. Hardware filters
are not capable of fully eliminating beam-hardening artifacts. They are applied as an initial
beam hardening reduction step, often followed by more dedicated beam hardening correction
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methods [Tan et al., 2013]. Commonly used X-ray filters include aluminum (Al), copper (Cu),
tin (Sn), and steel with variable thicknesses, from 0.1 mm up to several millimeters depending
on the application.

Mohd et al. [Mohd et al., 2011] studied the effects of Al, Cu, and AlCu filters of 5 mm
thickness in viewing the inner structure of materials, and showed that the images quality with
filter is equal or better than those without the filter. The effect of different filters on the X-ray
micro-focused source spectrum generated at 50 kV voltage is shown in Figure 1.24(a). Filters
absorb the low-energy photons resulting in the increase in the mean energy of the spectrum
with the resulting spectrum having an improved penetration. The exposure time, voltage and
filters are used to optimise the brightness and contrast of the image [Zwanenburg et al., 2021].
Figure 1.24(b) shows the spectrums with different voltages and filters, the increase in mean
energy and decrease in intensity can be seen by using different combinations of voltage and
filter thickness. The balancing of voltage and filter influences the mean energy of the spectrum
which is responsible for the image contrast; the lower the mean energy the better the contrast.
However, it can be difficult task to choose the optimal combination of the voltage and filter for
a specific measurement.

Figure 1.24: (a) Spectrum of a 50 kV X-ray source before and after passing various filters of
different thickness. [Tan, 2015]. (b) Example of different spectra to demonstrate the impact of
voltage and filter selection [Zwanenburg et al., 2021]

1.5.3.3 Detector parameters

1.5.3.3.1 Exposure time

Exposure time is the time required to capture a single projection during a CT scan and directly
influences the total scan time, which refers to the time to record the total number of projections.
Increasing the exposure time leads to a higher signal intensity that increases the SNR but at the
cost of longer acquisition time. This parameter is important for in-situ tomography, especially
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when dynamic processes need to be captured. Generally, the standard tomography exposure
time for a single radiograph varies from a few hundred ms to up to several seconds per image
resulting in the scan time for laboratory CT systems from few minutes to few hours [Christoph
and Neumann, 2012]. Exposure time should be adequate, the low exposure time will result
in low SNR, and higher exposure time can result in detector saturation. The combination of
exposure time, voltage and filters needs to be optimized for the high quality radiographs.

1.5.3.3.2 Acquisition mode of the detector

Pixel binning is an acquisition mode in the detector that takes a matrix of pixels and combines
them to create a larger pixel. Usually, 2x2 or 4x4 binning modes are available in flat-panel
detector, in which 2x2 matrix of detector pixels or 4x4 matrix of detector pixels are combined
to create a single large pixel prior to the CT scan. Due to the effective increase in pixel size
resulting from hardware binning, more signal intensity will be captured, leading to higher con-
trast sensitivity. Also, data recorded and transferred to the computer is significantly reduced
due to the pixel binning, allowing the detector to function at higher frame rates. Flat-panel
Varian PaxScan 2520V can operate up to 12 frames per second without any binning, 30 frames
per second with 2x2 binning, and 60 frames per second with 4x4 binning. This increase in frame
rate with higher signals can be benefit for the high-speed in-situ acquisitions.

The drawback of signal binning is the loss of spatial resolution. Since the effective
pixel size of the detector is increased, the detectable feature size of the specimen will be limited.
Detector binning is beneficial for scans where faster readout time and improved signal-to-noise
ratio are desired at the expense of spatial resolutions.

1.5.3.3.3 Average frame

Image averaging and the total number of projections are two most prominent factors that directly
contribute to CT scan time. Averaging more projections, taken at the same angular position,
reduces the projections’ fluctuations and improves image quality. Generally, the magnitude
of fluctuation drops by the square root of the number of images averaged [Carmignato et al.,
2017a]. But after a certain number, usually average 6, there is a negligible effect in the noise
reduction. Tshibalanganda et al. reported that increasing image averaging from one to three
at each rotation step reduced the standard deviation and resulted in a slight increase in edge
sharpness of the specimen [Tshibalanganda et al., 2019]. However, increasing the average frame
increases the total scan time which can be an issue during fast in-situ acquisitions.

1.5.3.4 Positioning component

1.5.3.4.1 Magnification

In lab-CT, geometrical magnification influences the voxel size of the CT scan. The geometrical
magnification M, of an X-ray CT is given as

Magnification = M = SDD

SOD
(1.18)
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where SDD is the distance between the focal point of the source and the detector,
whereas SOD is the distance between the source focal point and the object, Figure 1.25. Higher
magnification can be achieved by positioning the specimen closer to the X-ray source. Eq. 1.18
suggests that same magnification can be achieved using different combinations of SDDs and
SODs. The physical dimensions of the lab-CT system restrict the minimum and maximum SOD
and SDD distances that can be achieved. For example, EasyTom XL micro-focus tomograph
(Rx Solutions) allows the minimum SOD distance of 14 mm and maximum SDD distance of
660 mm. 14 mm is the distance between the X-ray focal spot and the X-ray output window
for micro-focus X-ray source, and for nano-focus this distance is 0.5 mm. The user should pay
attention while choosing the distances as they directly influence the image quality. A smaller
SDD will lead to an increase in the photon intensity on the recorded images as it follows the
inverse square law for intensity but it will decrease the magnification for a fixed SOD. From the
magnification, voxel size Vsize, can be deduced.

Vsize = Ppitch

M
(1.19)

where Ppitch is the pixel pitch of the detector. Detector with small pixel sizes for a
given magnification can result in smaller voxel size which can be beneficial for viewing the small
feature of interest in the specimen. A higher magnification yields a better image resolution. But
due to the finite focal spot size, the edges of an object are blurred when moving towards the
X-ray source for achieving higher magnification [Kruth et al., 2011], as shown in Figure 1.25.

Figure 1.25: Image magnification and blurring by moving part towards the X-ray source. SOD:
focal spot – object distance. SDD: focal spot – X-ray detector distance. [Kruth et al., 2011]
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1.5.3.5 Scan setting

1.5.3.5.1 Total number of projections Total number of projections or the angular incre-
ment between two projections is the most dominant factor describing the CT scan’s acquisition
time and affects the resultant image quality. The Nyquist-Shannon sampling theorem gives the
total number of projections to be acquired, for standard CT tomography, given in Eq. 1.20.

Nbproj = π

2 ∗ number of horizontal pixels in sample width (1.20)

It has been observed that the sampling theorem gives an overestimation of the total
projections to be acquired, and half of the projections can be recorded without much affect on
the image quality, 1.21.

Nbproj = π

4 ∗ number of horizontal pixels in sample width (1.21)

Acquiring a too small number of projections leads to the undersampling artifacts,
explained in section 1.4.1.4. A weak correlation has been reported in the literature between the
measurement accuracy and the increase in the number of projections. Weckenmann and Kramer
[Weckenmann and Kramer, 2009, 2013] stated that by increasing the number of projections above
800, the measurement’s accuracy increases by less than 5%. Gómez and Smith [Gómez and
Smith, 2020] studied the effect on size measurements (lengths and diameters) using aluminum
and nylon samples by reducing the number of projections and reported that using the Nbproj

between 600 and 2000 does not produce major changes in accuracy for lengths and diameters
measurements for which absolute deviations between CT and reference data were mainly below
10 µm.

Chighvinadze et al. [Chighvinadze and Pistorius, 2015] investigated the dependence
of the reconstructed image quality on the number of projections for multi-projection Compton
scatter tomography using a photon-counting detector. By computing CNR and MTF, it was
demonstrated that the contrast increases monotonically with the number of projections, while
the spatial resolution was independent of the number of projections.

For fast in-situ scans, the recommended number of projections (Eq. 1.20) significantly
increases the required acquisition time. In such cases, instead of decreasing the exposure time,
the alternative is to reduce the number of projections. Even half, 50% of the recommended
number of projections, Eq. 1.21, can be used for adequate image quality for quantification anal-
ysis L2 and L3. Many reported studies have even used 10-50% of the recommended projections,
such is the case for experimental characterization of the foaming process during glass melting by
Luksic et al [Luksic et al., 2020]. Only 10% of the total recommended projections are recorded
with a scan time of 58 seconds during the glass melting process. However, it resulted in signif-
icant image quality issue as can be seen in Figure 1.26(a), the small features in the specimen
is hardly visible but the macro pores are clearly visible and quantifiable, Figure 1.26(c), after
repairing the projections to improve the quality of the image, and sufficient to gain insight into
the process of glass melting and porosity changes with time.
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Figure 1.26: Experiment of foaming during glass melting where around 10% of the recom-
mended projections, by Nyquist-Shannon sampling theorem, were used. (a) Initial raw re-
construction with image artefacts, (b) repaired reconstruction, (c) segmented bubbles within
foam.[Luksic et al., 2020]

In case of local tomography when the sample diameter is larger the size of the detector
and only a part of the sample is being scanned, much larger number of projections compared
to Nyquist-Shannon sampling theorem are required for reconstruction with FBP reconstruction
algorithm. An estimated value is given in Eq. 1.22.

Nbproj = 3 ∗ number of horizontal pixels in sample width (1.22)

The number of projections can be adjusted as a function of level of analysis, L1, L2
and L3, to be performed on the 3D dataset. By using other reconstruction algorithms such as
simultaneous iterative reconstruction technique (SIRT), simultaneous algebraic reconstruction
technique (SART) and artificial intelligence (AI) based reconstruction algorithm, the number of
required projections can be significantly reduced.

1.5.4 Sample properties

X-ray tomographic scans are widely used for inspecting and measuring properties of a wide
range of materials ranging from low absorption paper material to high-density metals. The
X-ray attenuation coefficient is different for each material, so scanning parameters need to be
chosen accordingly. The size and the material composition are important parameters related to
work-piece properties.

1.5.4.1 Size of the sample

The size of the workpiece directly defines the attainable spatial resolution of the CT scan. Larger
samples are scanned at low resolution; thus, image quality, in this case, will be limited for high-
level quantification analysis. Small samples can be scanned at very high resolution. Plessis et
al. linked the resolution with the width of the sample and stated that the optimal resolution is
a factor 1000 times smaller than the width of the sample. A sample with a width of 100 mm
can have an optimal resolution of approximately 100µm [Plessis et al., 2018]. Figure 1.27 shows
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the relationship between spatial resolutions and object sizes (diameter) for various CT systems.
This relationship is valid only for a 1000 x 1000 pixels detector. Laboratory CT system lies in
micro-CT and nano-CT.

Figure 1.27: Typical spatial resolutions and object sizes (diameter) for macro-CT, micro-CT,
nano-CT, synchrotron-CT (sCT) and synchrotron-CT with KB mirrors (sCT+KB) for a 1000
x 1000 pixels detector. [Chiffre et al., 2014]

1.5.4.2 Material thickness and composition

All sort of materials can be scanned with X-ray CT. Typical materials that are scanned be-
long to polymers, ceramics, biological materials, metals, geomaterials and, composite materials.
Material attenuation coefficient and the X-ray photon energy limit the maximum accumulated
material thickness that X-rays can penetrate. Before scanning, the object should be oriented to
reduce the maximum penetrated material thickness. [Chiffre et al., 2014]. Table 1.4 shows the
maximum penetrable material thicknesses for materials at transmission of around 14%.

Table 1.4: Typical maximum penetrable material thicknesses for common industrial materials
at 14% transmission. [Chiffre et al., 2014]

X-ray voltage [kV] 130 150 190
Steel/ceramic [mm] 5 8 25
Aluminium [mm] 30 50 90
Plastic [mm] 90 130 200

1.5.4.3 Motion of sample feature

An important parameter that reduces the resultant image quality is the motion of the interested
feature present in the sample during the in-situ acquisition. The motion is caused by the
structural change of the sample feature following a dynamic process and usually occurs when a
dynamic process is imaged at an insufficient temporal resolution [Schryver et al., 2018]. This
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motion of the feature during the scan results in motion blurring in the reconstructed datasets.
In order to reduce the motion blurring artifacts, the scan time needs to be reduced.

However, for such acquisitions a trade-off is made between the acceptable level of
motion, image quality and the temporal resolution.

1.5.5 Software

Data processing is an essential step in CT and influences the resultant image quality. It includes
the reconstruction algorithm and post-processing filtering applied to the reconstructed slices
prior to quantification. As highlighted briefly in Section 1.2.5, many reconstruction algorithms
exist, with filtered back-projection (FBP) being the most commonly used in industrial CT.

Image filtering refers to any operations applied to the pixels in an image to improve the
quality of the image. Generally, a median filter of radius 1 or 2 is applied to the reconstructed
data to cater for noise. Median filtering is a nonlinear method, which performs better than
linear filtering for removing noise in the presence of edges [Castro and Donoho, 2009]. Other
common filters for suppressing noise are smoothing and edge enhancement. A number of filtering
steps such as ramp filter, Shepp-Logan and Butterworth filter, Hamming filter, and cosine filter
typically accompany the filtered back-projection (FBP) algorithm. The main reason for all these
filterings in tomographic images is to suppress statistical noise and to preserve spatial resolution
and contrast; details can be found in [Lyra and Ploussi, 2011].

1.5.6 Conclusion

The effect of the CT scan acquisition parameters on the image quality is evident. These acquisi-
tion parameters need to be optimized for the optimal image quality for a given scan depending
on the aim of the analysis to be performed on the 3D images. The selection of these parameters
become even more troublesome when fast in-situ acquisitions need to be performed.

Classical approaches to optimize these parameters rely on the empirical choices focusing
on a partial problem. No such accepted tool to predict the optimal scanning configuration for a
given scan exit and there is a clear need for such optimization tool. The issue is a competition
between high SNR and contrast, low motion and high resolution for the selection of suitable
parameters for a given scan. A global optimization strategy could lead to improve the quality of
images for a scan with optimal configuration in the sense of a reduced error on the quantification
of interested feature size.
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1.6 Time-resolved CT

As described in section 1.3.2, time-resolved CT (4D images) has become popular for follow-
ing process characterization of materials. Time-resolved CT is useful to follow the initiation,
propagation, and interaction of damage modes inside the specimen as a function of time and
environmental conditions. The obtained quantitative information can be used to improve and
validate the analytical or numerical models for material behaviors. Other terms such as 4DCT,
temporal-CT, time-lapse CT are also used and all refer to the acquisition of volumetric scans
over the duration of time period that can be of the order of seconds, minutes, hours or even
days.

Salvo et al. [Salvo et al., 2010] described various ways in which X-ray CT is applied in
material science to study the microstructural evolution with the thermal treatment or mechanical
testing at room or high temperature. These ways include post mortem tomography, ex-situ
tomography, and in-situ tomography.

Post mortem tomography: In post mortem tomography, a scan is made at room temperature
on a sample after heat treatment or mechanical loading. Several samples are used to study the
influence of the thermal or mechanical testing treatment on the microstructure evolution of the
material.

Ex-situ tomography: Ex-situ tomography is similar to post mortem tomography as the spec-
imen is deformed outside of the tomograph by heat treatment or mechanical loading. However,
the same sample is used for multiple CT scans at room temperature, which requires sample
cooling for thermal treatment and stress relaxation for mechanical testing before each scan.
The reheating or reloading of stresses can influence the mechanisms to be studied, illustrated in
Figure 1.28(a).

In-situ tomography: In-situ temporal CT or in-situ time-resolved CT or in-situ CT is a
technique in which specialized testing devices deform material inside the tomograph, and tomo-
graphic acquisitions are simultaneously made. Over the last few years, many researchers [Garcea
et al., 2018, Gajjar et al., 2018, Dewanckele et al., 2020] further classified In-situ CT according
to the testing and scan conditions.

1.6.1 Types of in-situ acquisitions

In-situ CT can further be categorized into three types interrupted acquisitions, uninterrupted
acquisitions, and continuous acquisitions.

1.6.1.1 Interrupted in-situ acquisition

Interrupted in situ tomography procedure is similar to ex-situ tomography, except the specimen
is deformed inside the tomograph. This technique requires specific testing devices (furnaces,
compression–tension machines) mounted directly on the tomograph. The same sample is used,
but thermal or mechanical tests need to be interrupted during the scan, affecting the mechanisms
to be studied, Figure 1.28(b).
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1.6.1.2 Uninterrupted in-situ acquisition

In uninterrupted in-situ, the specimen is deformed under thermal or mechanical tests without
any interruptions, and the CT scans are made at regular intervals. Uninterrupted in-situ is
done when the kinetic evolution of the specimen is relatively low due to the testing device’s slow
loading or heating rates, Figure 1.28(c). This acquisition is used to study the material behavior
over relatively long times, and scans interval is selected according to the material peak behavior.
Usually, the applied deformation rate for uninterrupted time-lapse is slow.

1.6.1.3 Continuous in-situ acquisition

In continuous in-situ, the same specimen is continuously rotated and scanned without interrupt-
ing the mechanical test or the thermal treatment. The applied deformation rate for continuous
in-situ is relatively faster, and fast scans are often required to capture the rapid microstructural
evolution of the deformed specimen, Figure 1.28(d)

Figure 1.28: Schematics illustrating of various techniques for temporal X-ray CT acquisitions
(in red) for mechanical testing σ, and thermal treatment T (in blue). (a) Ex-situ, (b) interrupted
in-situ, (c) uninterrupted in-situ, and (d) continuous in-situ tomography. The acquisition times
for a single scan depend on the deformation rate and must be compatible to capture the studied
phenomena. [Garcea et al., 2018]

1.6.2 Constraints during in-situ tests

Many constraints, practical and tomographic parameters, exist during the in-situ acquisitions
and influence the image quality for the desired objectives.
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1.6.2.1 Size of the in-situ setup

In-situ CT acquisitions require specialized testing devices that can be mounted inside the to-
mograph. Thus, the setup size needs to be very specific compared to the standard size of the
mechanical devices. For experiments related to small-scale measurements, relatively small de-
vices are required to be placed close to the source to achieve the desired magnification. For
bigger setups, the source to object distance is limited, and high spatial resolution cannot be
achieved. So, the size of the in-situ setup will typically determine the ultimate spatial resolution
of the scan. Figure 1.29 shows the in-situ uniaxial tensile test set-up at laboratory 3SR.

Figure 1.29: Micro-CT setup for in-situ uniaxial tensile test at laboratory 3SR. [Stamati, 2020]

1.6.2.2 Inability to continuously rotate

Another limitation that comes with complex in-situ experimental rigs is the inability to rotate
continuously. Complex cables and wires attached to the experimental device restrict the rotation
over 360◦ in standard CT systems. In this case, the setup needs to rotate way and back from 0◦

to 360◦ making the acquisition time-lapse and restricting to perform the continuous acquisitions
to image the dynamic process.

1.6.2.3 Ultimate resolution

For the laboratory CT systems, the ultimate achievable spatial and temporal resolution is limited
compared to the synchrotron facility. The size of the in-situ device along with the cone-beam
geometry limits the achievable spatial resolution. With EasyTom XL with a micro-focused X-
ray source, considering a specialized in-situ device, furnace, of diameter 50 mm with specimen
placed at the center, with 14 mm distance between the X-ray focal spot and output window,
the minimum SOD that can be achieved is 24 mm, Figure 1.30. By placing the detector at
the farthest position of 660 mm will lead to a voxel size of 7.5 µm with a standard flat-panel
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detector of pixel pitch 127 µm in full acquisition mode. Figure 1.30 illustrates the geometry
constraints during in-situ lab-CT for EasyTomXL. However, the X-ray flux on the detector with
this geometry will depend on the exposure time and X-ray source settings.

Figure 1.30: Schematic illustration of ultimate spatial resolution constraint during the in-situ
acquisitions due to geometry restriction in lab-CT.

The limited photons flux at the lowest possible exposure time of the detector limits
the required temporal resolution for dynamic in-situ acquisitions. The intensity received at
the detector at this lowest exposure time is significantly low resulting in poor image SNR and
contrast. Other key parameters that influence the achievable temporal resolution are various
CT acquisition parameters, described earlier in Section 1.5.
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1.7 Fast imaging in lab-CT

For in-situ acquisitions, where the sample’s microstructure changes relatively fast due to the
faster loading or thermal rates, fast continuous acquisitions are needed to capture the rapid
microstructural evolution in order to obtain a meaningful tomographic reconstruction. The
main parameters affecting the speed of the CT scans are the photon flux, the detector efficiency
(exposure time and readout time), and the architecture of the data acquisition system [Michiel
et al., 2005], as described earlier in Section 1.5.

Extremely fast imaging has become possible at synchrotrons due to the higher flux,
collimated, polarized X-ray beam at high spatial resolutions over the last years. Fast scans with
even sub-second time resolution are reported [Rack et al., 2010, Wildenschild and Sheppard,
2013, Salvo et al., 2012a, Mokso et al., 2011, Maire et al., 2016, Garcia-Moreno et al., 2021].
The advantages and use of fast synchrotron imaging can also be found in [Stampanoni et al.,
2006, Michiel et al., 2005]. However, restricted access to synchrotrons limit the amount of ex-
periments that can be performed; therefore, the developments in laboratory-scale tomographs
have increased drastically since they’re easily accessible small scale and inexpensive facilities
compared to synchrotrons. For sub-second acquisition times at sub-micron voxel sizes, a syn-
chrotron source is still needed.

In laboratory CT systems where the rotatory stage has the ability to rotate with the
complex experimental rigs continuously, and in-situ setup is small enough to achieve the desired
spatial resolution, lower X-ray flux limits the time resolution that can be attained with desirable
signal-to-noise (SNR) ratio and contrast for quantitative characterization. Although with the
improvements in the hardware, the scan time in the order of few minutes is possible but faster
acquisitions, comparable with synchrotron, for the imaging of faster dynamic phenomena is still
desired.

Generally, with lab-based systems, the maximum attainable resolution for in-situ ac-
quisitions is often in the order of tens of micrometer depending on the size of the in-situ setup
and CT parameters, while the acquisition time is generally in the order of few minutes to few
hours. Obtaining good quality images with enough SNR and contrast for quantitative analysis
under a sub-minute time scale with laboratory-scale tomograph is an ongoing issue. Only a
few examples can be found in the literature with the reported acquisition under sub-minute per
full rotation [Bultreys et al., 2016, Vavrik et al., 2017], but these scans are mainly qualitatively
analyzed, level L1.

Figure 1.31 shows a map depicting the state of the art of the fast scans performed using
lab-CT. The map is a scan time versus voxel size of the fast scans. It can be seen that most
of the high-resolution works have been done with long acquisition times and only a few scans
under sub-minute scan time have been reported.
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Figure 1.31: State of the art of in situ lab X-ray tomography: pixel size versus scan time for
the lab in-situ X-ray CT. Only few scans with sub-minute temporal resolutions are reported due
to the limitations of the lab-CT. [Zwanenburg et al., 2021]

Figure 1.32(b) shows a reconstructed slice of a fast scan reported by Bultreys et al.
[Bultreys et al., 2016] and compares it with the same scan of high-quality, Figure 1.32(a), for
a pore scale experiments using lab µCT. The scan time for the high-quality and fast scans was
21 min and 12 sec with voxel size of 7.4 and 14.8 µm, respectively. It can be seen that image
quality is not sufficient for the fast scan to quantitatively analyze the two phases, solid and
porous phase. Apart from the few big pores that are visible, many small pores are not even
detected. This image quality is the result of the selected scanning parameters that made it
possible to reduce the scan time to 12 sec but at the expense of image quality.

The fast scan with the acquisition time of 1 seconds, reported by Vavrik et al. [Vavrik
et al., 2017] utilized the new generation photon-counting detector TimePix which allows to
reduce the exposure time down to 3.4 ms. However, the scans are only analyzed using the level
L1 visual qualitative analysis due to the limited image quality. An overview of these fastest
scans parameters performed with the lab-based CT system is presented in Table 1.5.
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Figure 1.32: The qualitative results of pore scale experiments visualizing two-phase flow and
solute transport in real-time with lab-based µCT. A cropped slice from (a) the high-quality scan
(7.4 µm voxel size and 21 min scan time), (b) the fast scan (14.8 µm voxel size and scan time
12 s) is shown. [Bultreys et al., 2016]

Table 1.5: Overview of the fastest scans performed on lab-based CT systems, [Bultreys et al.,
2016, Vavrik et al., 2017, Eggert et al., 2014, Dewanckele et al., 2020] Adapted from [Zwanenburg
et al., 2021].

Year Author Scan
time (s)

Exposure
time (s)

Projections Voltage Power Voxel
size

Level of
analysis

Type of in-
situ

2017 Vavrik et
al.

1 0.0034 252 60 50 40 L1 continuous

2014 Eggert at
al.

8 0.034 236 60 14.4 17 L1 uninterrupted

2020 Dewanckele
at al.

9.4 0.017 550 130 35 150 L1, L2 continuous

2016 Bultreys et
al.

12 0.02 600 130 16 14.8 L1, L2 continuous

In most of the cases, users are often limited by the maximum frame rate of the detector
which restricts the scan time. The improvements in the detector hardware or by utilizing the
new generation fast readout direct detectors can help in achieving the sub-minute scan time.
Another aspect to decrease the scan time is to reduce the number of projections. Although
for optimal image quality the Nyquist sampling theorem should be followed for filtered back-
projection algorithm. But depending on the level of analysis to be performed, Section 1.3.3,
the number of projections can be significantly reduced. This is also the case for the fast scans
presented in Table 1.5. Also the use of different reconstruction algorithms such as iterative
reconstruction method and artificial intelligence based reconstruction algorithms need to be
explored.

A number of researches have shown that a fewer number of projections could be suffi-
cient to obtain a suitable image quality and measurement accuracy using iterative reconstruction
method [Jorgensen and Sidky, 2015, Coban et al., 2021]. This also applies to the two-phase fluid
flow experiment by Myers et al. [Myers et al., 2011]. It uses an iterative reconstruction algo-
rithm that takes advantage of the sample’s prior knowledge. This method reduced the number of
projections from 720 in case of filtered back-projection to just 72 projections, the time resolution

59



Chapter 1. Literature review

is increased by a factor of 10.

The developments of new X-ray detectors and sources can also help in reducing the
scanning time with quantifiable image quality improving the capabilities of lab-based systems.
The possibility to use the new generation photon-counting detectors (PCDs) in lab-CT for
improved image quality needs to be explored. The industrial application of new generation laser
driven sources is presented by Gruse et al [Gruse et al., 2020] that utilise femtosecond pulses
of X-rays and provide micro-scale resolution with fast scanning time. A compacted light source
[Hornberger et al., 2019] that provides high-flux, quasi-monochromatic and tunable X-rays in
the laboratory can also be used but it is currently very expensive.

1.8 Synthesis of the literature review

In this chapter, brief description of various inter-related aspects of computed tomography is
presented. The importance of image quality and the limitation of image quality indexes is
presented. The importance of CT various acquisitions parameters and their effect on image
quality for both static and in-situ acquisition are explained in detail. Furthermore the time-
resolved CT and the fast imaging in lab-CT is also detailed. The synthesis of the chapter is
presented below.

• The X-ray CT is widely being used as a characterization tool for materials: proposed
classifications L1: qualitative, L2: low-level quantitative and L3: high-level quantitative
3D image analysis are being performed on quasi-static and in-situ CT acquisitions for
materials characterization.

• Synchrotron CT offers various advantages over lab-CT. A high flux and monochromatic
X-ray beam in synchrotron offers high spatial and temporal resolution with high image
quality. Whereas, despite being easily available and cheaper, lab-CT offers polychromatic
and limited flux X-ray beam which severely restricts fast in-situ imaging.

• Due to the polychromaticity of the lab X-ray beam, less contrasted images are formed than
at synchrotron. This also limits to perform spectral imaging using standard combination
of source and detector.

• Image quality of a CT scan plays a vital role for the post-processing characterization. The
classical image quality indexes evaluate the objective and subjective image quality of a CT
scan but they do not provide any information about the task-based anticipated quality or
about the detectability of feature of interest during the segmentation process.

• The effect of scanning acquisition parameters on the image quality is evident, even the
parameters selected by experienced operators lead to a difference in scan quality. No ana-
lytical method or accepted acquisition protocol exists to determine the suitable scanning
parameters for optimal image quality for a given CT scan and there is a clear need for
such tools.

• Obtaining good quality images for quantitative analysis with the fast lab in-situ acquisition
is an on-going issue. The reported fastest scans are mainly qualitatively analyzed, level
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L1, due to the limitation in image quality. A global optimization strategy for the selection
of acquisition parameters could help to improve the quality of obtained images allowing
both qualitative and quantitative analysis.

• The use of latest hardware components (detectors and sources) could be explored to achieve
higher spatial and temporal resolution with improved image quality compared to standard
detectors and sources.

1.9 Objectives of the PhD thesis

Improving X-ray imaging in laboratory-scale equipment is the general objective of this
PhD thesis. Two different aspects studied in this PhD thesis are as follow.

1.9.1 Methodological aspects

Two possibilities will be investigated in methodological aspects.

1. Hardware strategy: Use of direct photon-counting detector.

■ Quantitative characterization and implementation of energy-discriminating di-
rect photon-counting detector (PCD), Pixirad-2/Pixie-III, in lab X-ray CT
using a polychromatic beam.

■ Exploring the potential advantages and possible drawbacks of Pixirad-2/Pixie-
III. Accessing the spectral imaging capability of the detector as well.

■ Comparison of the imaging performance of the Pixirad-2/Pixie-III with the
standard energy-integration flat-panel detector.

2. Global optimization strategy for the selection of acquisition protocol for fast lab-CT
experiments.

■ Developing an optimization model to determine the optimal CT scanning pa-
rameters for given sample specifications and based on the level of analysis to
be performed.

■ The optimization model will output the scan geometry (SOD, SDD), X-ray
source settings (current and voltage), detector parameters (exposure time,
frame averaging, binning), scan setting (number of projections) and the es-
timation of the output image quality.

1.9.2 Application aspects

Performing the real-time fast in-situ application using the developed methodologies, il-
lustrating the potential of fast lab-based CT. An application that is presented in this
manuscript is

1. A real-time monitoring of air drying phenomena of 3D cellulose printed parts with
fast lab X-ray micro-tomography.
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2.1. Introduction

Abstract

This chapter focuses on the characterization of the imaging performance of the energy
discriminating photon-counting detectors for their optimal use in lab-based X-ray computed
tomographic applications. Photon-counting detectors offer potential improvements over con-
ventional CT detectors by adding energy discrimination capabilities opening CT to spectral
measurements and K-edge subtraction imaging. Moreover, the absence of dark current, small
pixel size and high readout frame rate make them attractive for high-resolution CT. To as-
sist in the optimal use of such detectors, different photon-counting detectors were subjected
to quantitative characterization. The characterization methods that access the general imaging
performance and the spectral capabilities of the detector are proposed, and corresponding results
are presented. The results demonstrate the potential of photon-counting detectors for lab-based
contrast-enhanced CT applications.

2.1 Introduction

Since the introduction of X-ray computed tomography (CT) as a non-invasive experimental
tool in material science, numerous technological developments have been made. One of the
primary areas of ongoing research in X-ray CT is spectral imaging [Alvarez and Macovski, 1976],
which refers to the use of energy information in polychromatic X-ray spectrum for material
differentiation [So and Nicolaou, 2021].

Spectral CT exploits the energy-selective information of materials with different at-
tenuation properties at different energies, enabling differentiation and quantification of different
materials [Wang et al., 2011]. Also, the decomposition of the total attenuation into spectral basis
enables the possibility to create virtual mono-energetic images which resolve beam-hardening
artifacts issue [Sellerer et al., 2019].

Several methods for spectral CT have been proposed in the literature, such as dual-
source [Flohr et al., 2006], fast kV-switching [Hsieh, 2009b], dual-layer detector [Altman and
Carmi, 2009, Rassouli et al., 2017]. All of these methods use only two energy ranges and have
limitations. Two independent source-detector pairs are mounted orthogonally in a dual-source
system, and two different scans need to be performed using different tube potentials. Moreover,
cross-scattered radiation of X-ray photons is common and needs correction. In fast kV-switching,
X-ray tube voltage is changed either within an entire rotation or between successive rotations of
the sample. Again, two separate scans need to be performed, and a relatively high overlap of the
energy spectra is caused by this method. The dual-layer detector method uses a layered detector
(top and bottom layer) made up of two materials with different X-ray attenuation properties
resulting in different attenuating power of photons. Thus, low and high-energy photons are
collected simultaneously in a single scan. However, this dual-energy acquisition relies on the
assumption that all the low-energy photons are attenuated in the top detector layer and that
the high-energy photons do not interact with the top layer material during transit to the bottom
layer [McCollough, 2020]. Further details about the working and limitations of these methods can
be found in [Johnson, 2012, McCollough, 2020, So and Nicolaou, 2021, Boas and Fleischmann,
2012].

New generation detectors called Photon-Counting Detectors (PCDs) or color detectors
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have been introduced in recent years and are considered an efficient way to perform spectral
imaging [Garini et al., 2006, Shikhaliev and Shannon, 2011]. A variety of such detectors are
available, including Pixirad [Bellazzini, 2013], Medipix [Ballabriga et al., 2011], XPAD [Delpierre
et al., 2007], and Pilatus [Broennimann et al., 2006]. A comprehensive review of the different
types of hardware parameters used in photon-counting detectors is presented by Ballabriga at
al., [Ballabriga et al., 2016, 2020].

Due to the fundamental differences in the detection mechanism, PCDs possess many
advantages over conventional CT detectors or Energy Integrating Detectors (EIDs). EIDs are
indirect detectors relying on a scintillator which converts the incoming X-ray photons into visible
light. The visible light is then converted into electrical signals using a photodiode. They are
insensitive to the energy of the incoming individual X-ray photons and the output signal is
proportional to the total energy of the X-ray beam [Leng et al., 2019].

PCDs, on the other hand, are direct detectors [Prekas et al., 2011], meaning that they
directly convert the incoming X-ray photons into electrical charges and provide the possibility to
select the energy of the incoming X-ray photons with the help of selectable thresholds. Further,
the direct detection mechanism of PCDs enables them to record both the position and energy
of the incoming X-ray photons in each pixel of the detector. This results in improved image
quality leading to higher signal-to-noise ratio (SNR), and contrast-to-noise ratio (CNR) of the
recorded projections [Shikhaliev, 2008a,b, Tumer et al., 2000, Schlomka et al., 2008, Kappler
et al., 2010, Taguchi and Iwanczyk, 2013].

The performance of PCDs is not flawless; certain drawbacks such as charge sharing ef-
fect [Brunner et al., 2011], pulse-pile up effect [Adam et al., 2011], semiconductor inhomogeneities
and unavailability of a large field of view [Llopart et al., 2007, Billoud et al., 2017], limit their
performance in X-ray CT. Despite these limitations, PCDs have been used in widespread ap-
plications such as micro-CT, mammography, breast CT, clinical CT [Alessio and MacDonald,
2013, Maji et al., 2013, Yu et al., 2015, Ren et al., 2016, Sarno et al., 2016, Brombal et al., 2018,
Oliva et al., 2020]. The potential use cases of PCDs in K-edge imaging by optimizing energy
thresholds have also been explored [Huang et al., 2019, He et al., 2012, Meng et al., 2016, Brun
et al., 2020a,b]. However, their potential use cases in lab-CT are still under exploration.

This chapter aims to explore the potential of PCDs for lab-based contrast-enhanced
X-ray CT. The chapter starts by describing the general principle, known drawbacks, and po-
tential benefits of the direct detectors, (Section 2.2). Section 2.3 provides an overview of the
characteristics of four different PCDs examined, and a suitable detector (Pixirad-2/Pixie-III)
was subjected to detailed quantitative characterization.

The imaging capabilities of the Pixirad-2/Pixie-III were tested by computing signal-
to-noise ratio (SNR), contrast-to-noise ratio (CNR), and modulation transfer function (MTF)
and compared with flat-panel. These quality indices estimate the magnitude of the signal and
contrast present in the image with respect to noise and evaluate the spatial frequency response
of the detector. After, the effect of charge sharing correction was investigated by using different
operating modes of the detector. Moreover, the static and time-dependent defects of the detector
were studied, and suitable correction techniques were proposed. Lastly, the radiographic spectral
imaging was performed by creating Iodine, Barium Sulphate, and water phantom (I-BaSO4-H2O)
to estimate the K-edge separation capability and spectral resolution of the Pixirad-2/Pixie-III
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detector. These characterization methods and corresponding results are described in Sections
2.4 and 2.5, respectively.

The results capture the imaging performance of the PCD under different characteri-
zation techniques using a polychromatic source. In addition, the characteristics of the detector
coupled with the imaging performance have demonstrated the potential of the detector to be
used in improved X-ray imaging for materials characterizations in lab-CT.

2.2 Photon-counting detectors

2.2.1 Working principle

2.2.1.1 X-ray detection

Photon-counting detectors (PCDs) work on the direct detection mechanism of X-ray photons and
use semiconductor sensor material that converts X-ray photons directly into electrical signals.
Silicon (Si, Z = 14) has been widely used as a sensor material for PCD. However, the low
atomic number of Si results in low absorption efficiency for hard X-rays [Chmeissani et al.,
2004]. High absorbing materials with high absorption efficiency of X-rays such as cadmium
telluride (CdTe, Z = 48/52) have been introduced as the sensor material to exploit the high
energy X-ray imaging [Xu et al., 2011, Ballabriga et al., 2011]. Other materials such as Gallium
arsenide (GaAs) and Cadmium zinc telluride (CdZnTe) are also used [Amendolia et al., 2009,
Shikhaliev, 2008a]. Semiconductor material shares a monolithic electrode (cathode) to receive
X-ray photons. The pixelated anode is evenly distributed on the other side connecting to
application-specific integrated circuit (ASIC) through bump bonding processing, Figure 2.1(a).

When an incident X-ray photon interacts within the semiconductor material, electron-
hole pairs with an amount proportional to the deposited energy of the incident photon are
produced. The electrons travel to and are collected by the anode to generate electronic signals
upon applying a bias voltage throughout the semiconductor. The pulse height of the signal for
each X-ray photon is proportional to the energy of the photon.

Thus, the signal from PCDs carries with it energy information about each individually
detected photon. The output signal is processed by the application-specific integrated circuit
(ASIC) readout chip. Each detected signal is compared with the energy threshold associated
with a counter. When the energy level of a detected photon is equal to or exceeds the specified
energy associated with a counter, the photon count is increased by one. Like this, all the photons
that have energy equal to or larger than a specified energy level are measured [Leng et al., 2019,
Ren et al., 2018]. Figure 2.1(a) shows the direct detection principle of PCDs.

Whereas conventional X-ray CT detectors, called energy integration detectors (EIDs),
work on the indirect detection of X-ray photons. They use a layer of the scintillator to convert the
incoming X-ray photons into visible light. The scintillator is directly connected to photodiodes
that convert the visible light into electric signals, thus forming a digital image, Figure 2.1(b).
They are referred to as EIDs as they measure the flux of the incident beam and not the energy
of the arriving photons. Thus, the output signal of the detector is proportional to the total
energy deposited by all detected X-ray photons. Unlike PCD, the output does not carry any
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Figure 2.1: Schematic representation of working principles of (a) photon-counting detector
(PCD) and (b) energy integration detector (EID). [Leng et al., 2019]

information regarding the energy of individual photons.

2.2.1.2 Tunable energy thresholds

Application-specific integrated circuit (ASIC) of the PCDs is designed in a way that each pixel
of the detector is connected with one or more separate imaging counters that are controlled
by one or more selectable energy thresholds. PCDs with one or more imaging counters and
selectable energy thresholds are available, but two counters and two thresholds are the most
common one. The selectable energy thresholds are usually referred as lower Eth low and upper
Eth high threshold. These energy thresholds correspond to the energy of the incoming photons

and facilitate the creation of two separate images simultaneously with different energy bins.

User sets up both energy thresholds (in keV) prior to data acquisition, depending
on the scan objectives. The output events are recorded by the first counter if the energy of
the photons falls in-between the defined energy window at Eth low and Eth high, [ Eth low -
Eth high]. Similarly, the output events are recorded by the second counter if the energy of the

photons is greater than the defined energy for Eth high, [ Eth high - Emax]. Figure 2.2 illustrates
the threshold selection phenomenon of PCD. A polychromatic X-ray spectrum generated by the
lab source is recorded with two separate binned images by selecting the energy threshold values
accordingly. Image 1 contains the photons with energy in between the energy window defined
at Eth low and Eth high, represented by red color. Image 2 contains the photons with energy
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higher than that is defined at the high-energy threshold Eth high, represented by blue color.
The photons of energy lower than Eth low which is represented by gray color are not detected
in the output images.

Figure 2.2: Illustration of the energy threshold selection by the PCDs. An X-ray spectrum
generated with tube potential Emax and two energy thresholds, low-energy Eth low and high-
energy Eth high, are defined by the user. Bin 1 image will correspond to the energy of the X-ray
photons that is in-between the Eth low and Eth high, represented by red color. Whereas, Bin
2 image will correspond to the energy of the X-ray photons in-between Eth high and Emax

represented by blue color. The photons of energy lower than Eth low, represented by gray color
are not detected.

2.2.2 Possible drawbacks

PCDs are a new emerging technology, and several technical challenges exist that are the per-
formance degradation factors in PCDs and limit their use to full potential. These drawbacks
degrade the image quality and energy-resolving ability of the detector. The major drawbacks
are listed below.

2.2.2.1 Pulse pile-up

Pulse pile-up is the distortion of the incident photon’s measured pulse height, which occurs due
to the superposition of the quasi-coincident photons. Two or more events are counted as a single
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event which results in the distortion of the energy spectrum.

When the PCDs are in an active state, the first photon incident on the detector pixel
will put the detector pixel into the inactive state for a finite period called the dead time τ . There
is a significant probability that more than one photon will arrive at the pixel during this dead
time. When two or more quasi-coincident photons arrive at the detector pixel during this dead
time, these two events are recorded as a single event [Taguchi and Iwanczyk, 2013]. Figure 2.3
shows the pulse pile-up effect; two quasi-coincident events generate a single overlapping pulse
which is registered as a single count with wrong energy. It is therefore vital to compensate for
this effect.

Figure 2.3: Pulse pile-up effect: Quasi-coincident photons that arrive at the detector pixel
during the detector resolving time generate a single overlapping pulse and are counted as a
single event with the wrong energy. [Taguchi and Iwanczyk, 2013]

An analytical model for the effect of pulse pile-up on the recorded energy spectrum by
photon-counting detectors is presented in [Taguchi et al., 2010]. When the pile-up rate increases,
a decrease in the output count rate with an increase in the number of photons in the high-energy
range is noticed. To compensate for the pulse pile-up effect, PCD with a smaller pixel size is
suggested. Small pixels can increase the maximum counting rate of the detector effectively as
well and at the same time refine the CT image spatial resolution. A Comparison of different
PCDs in terms of their count rate and pixel sizes has been given in [Ballabriga et al., 2016].
However, smaller pixels are more prone to charge sharing effect that results in double counting
and spectral degradation [Hsieh et al., 2018].

2.2.2.2 Charge sharing effect

The charge sharing effect is a phenomenon that occurs when a charge cloud generated in the
sensor pixel is spread across multiple pixels. Due to this, an event can either be missed or
counted more than once, and high-energy photons are detected as low-energy photons, which
distort the energy spectra. Charge sharing, unlike the pulse pile-up effect, tends to eliminate
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counts from the high-energy region of the spectrum and artificially enhance the low-energy region
of the spectrum.

Figure 2.4 illustrates the charge sharing effect; for example a charge of 90 keV photon
is split between two pixels (pixel 1 and pixel 2), producing two different counts. One count of
60 keV at pixel 1 and another count of 30 keV at the neighboring pixel 2.

Figure 2.4: Charge sharing effect: A charge of 90 keV photon is split between two pixels and
produces two separate counts. One count of 60 keV at pixel 1 and another count of 30 keV at
the neighboring pixel 2. [Taguchi, 2020]

The pixel size of the detector has a direct effect on the charge sharing effect: the
smaller the pixel size, the more dominant the charge sharing effect will be. Figure 2.5 shows the
comparison between the charge sharing effect in different detectors with varying pixel sizes. For
example, the charge sharing effect is dominant in the spectrum measured with PCD of a pixel
pitch 55µm, and no characteristics peaks are visible compared to the spectrum measured with
PCDs of pixel pitch of 110µm and 165µm where the peaks are clearly identifiable [Koenig et al.,
2012].

A study by Xu et al. [Xu et al., 2011] suggested that the charge sharing effects should
be taken into account when the pixel size is smaller than 1 mm. To compensate for the charge
sharing effect, PCD with a larger pixel size is suggested. However, larger pixels increase the
X-ray photon’s incoming rate per pixel, causing the pulse pile-up effect [Taguchi and Iwanczyk,
2013]. So a trade-off is made in the pixel size of the PCD to minimize either the pulse pile-up
or charge sharing effect. The smaller pixel size of the detector, despite having a charge sharing
issue, can be beneficial for high-resolution imaging.
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Figure 2.5: Effect of charge sharing. A spectrum measured with a PCD of a pixel pitch of 55µm
and no visible characteristic peaks of Cadmium (Cd), Tellurium(Te), and Americium (Am) are
visible due to the charge sharing effect compared to the spectrum measured with PCDs of pixel
pitch of 110 µm and 165 µm where the peaks are clearly identifiable. [Koenig et al., 2012]

2.2.2.3 Defects

At present, PCDs come with a large number of static and time-dependent defects, also called
dynamic or time-dependent dynamic defects.

Static defects mainly correspond to the dead pixels present on the detector sensor and
central spacing between different modules of the detector which is also referred to as gap pixels.
Dead pixels on the detector sensor are due to the CdTe crystal’s production difficulties and its
bonding with the ASIC chip [Lindstrom et al., 2015]. The surface area of a single sensor is
limited (typically a few cm2), so a large field of view is obtained by combing different sensors
together. These arrangements lead to the presence of a non-negligible gap between the sensors,
which is called the central spacing or gap pixels.

Time-dependent dynamic defects are due to the polarization of the CdTe crystals.
Polarization arises from the trapping and de-trapping of ionized deep-level acceptors inside
the semiconductor crystal, affecting the space-charge and electric field distribution [Niraula
et al., 2002]. In addition, the polarization rate is influenced by operational conditions such as
temperature, radiation flux, and exposure time. Detail about the polarization can be found in
[Malm and Martini, 1974, Bell et al., 1974, Astromskas et al., 2016].

Time-dependent defects due to polarization are of two types: grain boundaries and
dark spots. A time-dependent increase in the count rate is observed at the grain boundaries
whereas, a time-dependent decrease in the count rate and charge collection deficiency is observed
at dark spots. The phenomenon of polarization is a critical issue for CdTe detectors because
it determines its time instability [Sordo et al., 2009]. Polarization causes severe degradation
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of detector performance over time and limits the application of PCDs to relatively short time
operations. Figure 2.6 highlights the static and time-dependent defects in a flat radiograph
taken with Pixirad-2/Pixie-II detector at 100 kV with 1 s exposure time.

Figure 2.6: Flat radiograph taken with Pixirad-2/Pixie-II detector highlighting the static (dead
pixels and gap pixels) and time-dependent inhomogeneities (grain boundaries and dark spots).

Both static and time-dependent defects degrade the image quality and create artifacts
in the reconstructed CT slices. Also, the presence of these defects within the scanned sample
leads to missing small specimen features. These defects need to be corrected to improve the
quality of recorded radiographs to be reconstructable. The application of a dead-pixel map can
compensate for the static defects. It replaces the values of the misbehaving pixels with averaged
obtained from the surrounding pixels. For dynamic defects, solutions such as dynamic flat-field
[Delogu et al., 2017] and refreshing the sensor by resetting the bias voltage at frequent intervals
[Chen et al., 2020] have been proposed.

The major drawbacks are summarized in Table 2.1.
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Table 2.1: Summary of major drawbacks of the photon-counting detector.

Current
drawbacks

Origin Effect on the
image

Possible
Correction

Pulse pile-up Superposition of quasi-
coincident photons oc-
curs, and two events are
counted as a single event.

Distortion of the energy
spectrum with a shift
towards high-energy.

Smaller pixel size
of the detector.

Charge sharing
effect

Charge clouds generated
in the sensor pixel are
spread across multiple
pixels.

Distortion of the energy
spectrum with a shift
towards low-energy.

Larger pixel size
of the detector.

Static defects Production difficulties
of CdTe crystals and
bonding of it with ASIC
chip

Multiple small area
sensor modules are joined
together to increase the
field of view of the detec-
tor

Poor image quality.

Creates artifacts in
the reconstructed CT
scan.

Missing small features
of the specimen in the
image

Dead pixel map

Post-processing
image filtration

Bias voltage
reset

Dynamic de-
fects

The time-dependent
polarization phenomenon
of the CdTe crystals.

Dynamic flat-field

2.2.3 Potential advantages

2.2.3.1 Spectral imaging

A significant advantage of the energy-resolving PCDs is spectral or K-edge subtraction imaging.
The ability of the PCDs to monochromatize the polychromatic X-ray source spectrum with
the help of selectable energy thresholds makes possible the monochromatic measurements. The
high-energy binned images are much less affected by the beam-hardening artifact that is common
with the conventional EID measurements.

By selecting different energies of photons in the lower and upper thresholds, contrast
of the image can be modified. Figure 2.7 shows the energy sensitivity of the Pixirad sensor for
spectral imaging. Images of a jasmine flower, which is a deficient contrast object, are taken
using the energy of photons in between 1 and 6 keV (Figure 2.7(a)) and by using the energy of
photons only higher than 6 keV energy, Figure 2.7(b) [Bellazzini, 2013]. It can be seen that by
selecting the different energy of the selectable thresholds, different features of the specimen can
be visualized with increased contrast which makes the identification of different materials easy.

This energy discrimination property of the PCDs makes them suitable to perform K-
edge subtraction (KES) imaging using a lab polychromatic source to exploit the sharp rise
of the absorption coefficient at the K-edge energy of a specific element. The acquisition of
two digital images at different energies at either side of the K-edge of the element can be
made simultaneously and by post-processing the dataset, KES image can be obtained from
which absorbance of the specific material can be computed. This technique can be applied to
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Figure 2.7: Images of a jasmine flower are taken using (a) energy of photons in between 1 and
6 keV and (b) energy of photons only higher than 6 keV energy. [Bellazzini, 2013]

radiography as well as to computed tomography. The potential applications of spectral or KES
imaging can be found in [Fredenberg, 2018].

2.2.3.2 Improved resolution

Another major advantage of the PCD is the improved spatial and temporal resolution as com-
pared to standard energy-integrating detectors such as flat-panel. The pixel size of the PCD is
typically smaller as compared to flat-panel detectors. Conventional CT detectors, flat-panels,
have pixels typically in the range of 90 µm to 127 µm, whereas PCDs with a pixel size as small
as 55 µm are available. With these small pixel size detectors, small voxel size can be achieved
resulting in improved spatial resolution of the CT scan, Eq. 1.19, (chapter 1). Thus PCD
detector can overcome the achievable spatial resolution problem in lab-CT.

PCDs are equipped with a high acquisition frame rate, making high-speed imaging
possible. A frame rate of 500 frames per second can be achieved with Pixirad/Pixie-III detector
[Bellazzini et al., 2015]. And an exposure time of 3.4 ms has been reported by using the WidePix
detector consisting of TimePix readout chip [Vavrik et al., 2017]

A small pixel size of the detector along with the availability of high frame rate can
result in improved spatial and temporal resolution of the CT scan.

2.2.3.3 Efficiency

PCDs are direct detectors with fundamentally different photons detection mechanism than con-
ventional EIDs, they directly convert X-ray photons into electrical signals. This results in
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improved detection efficiency of the detector. Moreover, all photon energy levels receive uniform
weighting, allowing improved contrast between soft materials and sharper images.

PCDs have a particular advantage for imaging with low dose levels, because of their
ability to reduce the impact of electronic noise. With the help of selectable energy thresholds,
noise due to low-energy photons can be excluded from the measured signal by selecting an
energy threshold higher than the noise floor, typically higher than 10 keV, prior to imaging.
This also results in improved image quality, higher contrast and SNR, of the images. Figure 2.8
compares the high-resolution micro-CT measurement of cylindrical nanoparticulate bioactive
glass-reinforced gelan-gum (GG-BAG) sample using a large area flat-panel detector and a large
area PCD WidePix detector, consiting of 10×10 Timepix devices. The voxel size for both
measurements was comparable, being 5.03 µm3 for flat panel and 6.03 µm3 for WidePix. The
tomographic reconstruction from the WidePix provides significantly sharper images, and the
thinnest cell walls are clearly visible, Figure 2.8(b), whereas numerous walls are unidentifiable
in the reconstruction based on the flat-panel data, Figure 2.8(a) [Kumpová et al., 2016].

Figure 2.8: 3D visualizations of the reconstructed volumes of the high-resolution µ-CT scan
of cylindrical nanoparticulate bioactive glass-reinforced gelan-gum sample using (a) flat panel
detector and (b) photon-counting detector. [Kumpová et al., 2016]

The presented advantages of PCDs are summarized in Table 2.2.
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Table 2.2: Summary of potential advantages of photon-counting detector.

Potential
advantages

Origin Expected imaging
capabilities

Spectral imaging Energy thresholds discrimi-
nate incoming X-ray photons
by energy.

Monochromatic measurements or
Color images: material identifica-
tion using spectral signals.
Higher contrast
KES imaging
Reduced beam-hardening artifacts

Improved
resolution

Small pixel sizes, 55µm.
Availability of high fast read
speed.

Possibility to achieve very high spa-
tial resolution.
High-speed imaging.

Efficiency Direct detection of X-ray
photons.
Energy threshold selection
above the noise floor.

High X-ray conversion efficiency.
Higher image quality with high
SNR and sharpness.
No electronic noise
Low signal acquisitions possible
such as diffraction contrast tomog-
raphy (DCT)

2.2.4 Summary

PCDs are emerging technology with multiple advantages compared to conventional EIDs, owing
to their unique interaction physics, energy-discrimination abilities, small detector pixels, and
higher noise efficiency. However, drawbacks such as pulse pile-up, charge sharing effect, and
sensor inhomogeneities limit their use to its full potential. Extensive research activities are
being done to find the solutions for these drawbacks and to characterize the performance of
PCDs to make them suitable for improved X-ray CT imaging.
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2.3 Characteristics of the studied detectors

During the PhD thesis, four photon-counting detectors were studied and characterized as illus-
trated in Figure 2.9(a). Two of them were provided as a loan for one week each by ADVACAM
(WidePix and TimePix3) and the other two by PIXIRAD Imaging counters s.r.l., Pixirad-
2/Pixie-II and Pixirad-2/Pixie-III.

Pixirad-2/Pixie-III detector is the primary detector that was characterized and installed
in laboratory SIMAP. Since it is not easy to produce the CdTe, we first worked on an old version
of the Pixirad-2 detector (Pixirad-2/Pixie-II) before the actual delivery of Pixirad-2/Pixie-III.
Other two loaned detectors, WidePix and TimePix3, were briefly examined for their features
and potential use cases in lab-CT. Figure 2.9(b) shows the characterization timeline of these
detectors during the three years of Ph.D. thesis.

Figure 2.9: (a) Four direct photon-counting direct detector that were examined during the
PhD thesis. (b) Timeline of the four detectors during the PhD thesis.

2.3.1 Pixirad detectors

2.3.1.1 Characteristics

The Pixirad detector is a pixel array detector with a 650 µm thick cadmium telluride (CdTe)
sensor. There are two versions of the ASIC readout chip, the older Pixie-II and the newer
Pixie-III. A single module Pixirad-1, two modules Pixirad-2, and eight modules Pixirad-8 with
Pixie-II or Pixie-III readout chips are available.

Pixie-II module-based Pixirad-2 sensor (Pixirad-2/Pixie-II) has a pixel pitch of 60 µm
hexagonally arranged. The total sensitive area is 62 x 25 mm2 containing a total of 476x1024
pixels. Cadmium telluride (CdTe) of 650 µm thickness is used as a sensor material. The sensor
comes with a large number of static and dynamic defects due to the poor quality of CdTe used
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as earlier described in, Section 2.2.2.3 and Figure 2.6. No hardware feature to correct these
polarization defects is present. Charge sharing correction is not implemented in the detector
hardware.

Pixie-III module-based Pixirad-2 sensor (Pixirad-2/Pixie-III) has a pixel pitch of 62
µm and in squared arrangement. The total sensitive area of the sensor is 64 x 25 mm2 containing
a total of 402x1024 pixels. Cadmium telluride (CdTe) of 650 µm thickness is used as a sensor
material. Charge sharing correction is implemented in the detector hardware.

2.3.1.2 Operating modes and charge sharing effect

The charge sharing correction is implemented in the Pixirad-2/Pixie-III detector hardware using
three different acquisition modes:

• No Neighbour Pixel Inhibit mode (NONPI): In NONPI mode, each pixel is counted
independently from the other. No correction is performed on the charge received by each
pixel resulting in distorted energy spectra. Figure 2.10(a) explains the procedure. A
photon of 90 keV energy (red circle) is received, near the boundary of the four pixels, by
the detector, and the charge is spread over four pixels (P1, P2, P3, and P4) (grey colors)
with 15, 5, 50 and 20 keV energy respectively. For NONPI mode, all four grey color pixels
will be counted as separate events resulting in four counts. This results in a distorted
energy spectrum in the output image containing a higher number of low-energy photons.

Figure 2.10: Working of three different acquisition modes of Pixie-III module in terms of
charge sharing correction phenomenon.

• Neighbour Pixel Inhibit mode (NPI): In NPI mode, only one pixel per event is
allowed to count. When an event spreads over multiple pixels, the count is assigned to
the pixel receiving the highest fraction of the charge. For NPI mode, Figure 2.10(b), the
detector will reconstruct the charge based on the purple box, and the count is assigned
to pixel 3 (yellow box) since it contains the highest charge of 50 keV as compared to its
surrounding pixels. However, charge sharing is not completely solved in this mode.

• Neighbour Pixel Inhibit and Pixel Summing Mode (NPISUM): In NPISUM
mode, only one pixel per event is allowed to count. The hit event is allocated to the pixel
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receiving the highest fraction of the total deposited energy, and after that, the signals
of 4 neighbour pixels are summed together to evaluate the total energy correctly. For
NPISUM mode, Figure 2.10(c), hit event is allocated to the pixel 3 (P3, yellow box),
and after the sum of charges of the purple box will be added to the yellow box. Charge
sharing is corrected in this mode, but correction is limited to only four neighbouring pixels
(purple box, pixels sharing one face). Further detail on the Pixie-III module detector and
acquisition modes can be found in [Bellazzini et al., 2015].

2.3.1.3 Energy selection

In the Pixirad detector, each pixel has two 15-bit counters (Counter 0 and counter 1) and
two independent discriminators with tunable thresholds that capture two color images simul-
taneously in a single exposure. For the selection of energy, two selectable thresholds, lower
threshold Eth low, and upper threshold Eth high are present. The events are counted into the
counter 0 when the energy of the photons is in-between the energy window defined by Eth low

and Eth high, [Eth low - Eth high]. The events are counted using the counter 1 when the energy of
the photons is higher than the energy selected in Eth high, [Eth high, Emax]. Pixirad detectors
have a broad energy range from 2 to 100 keV. Figure 2.11 shows the flat radiographs captured
by counter 0 and counter 1.

Figure 2.11: Flat radiographs captured by Pixirad-2/Pixie-III detector using (a) counter 0
having photons of energy in in-between the energy window defined by the lower and upper
threshold, [Eth low - Eth high], (b) counter 1 having photons of energy higher than defined in the
upper threshold, [Eth high, Emax]. Static defects are visible in both radiographs.

82



2.3. Characteristics of the studied detectors

2.3.1.4 Other functionalities

Pixie-III module also has a bias voltage reset option. By resetting (turning off and on) the bias
voltage, the defects due to polarization can be discarded, and detector performance is recovered.

2.3.2 ADVACAM detectors

Two ADVACAM detectors, WidePix and TimePix3, were briefly examined for their potential
use cases.

2.3.2.1 WidePix

The WidePix detector contains five Medipix3 [Ballabriga et al., 2011] readout chips, of 256 x
256 pixels, connected together. Figure 2.12 shows a flat radiograph taken with the WidePix
detector. The detector provides a very large field of view with 256 x 1280 pixels with a sensitive
area of 70.4x14 mm2 with a pixel pitch of 55 µm in the squared arrangement. The sensor
material is made up of 1 mm thick CdTe. The WidePix works with low threshold mode and has
only a single imaging counter, which means that all the photons with energy higher than the
selected threshold are detected. And all photons with energies below the set value are cut off.
It is impossible to acquire two images with different energy bins with WidePix. WidePix does
no charge sharing correction, and no hardware feature to correct polarization defects is present.

Figure 2.12: Flat radiograph captured by WidePix. 5 readout chips are connected together,
giving the large field of view of 256x1280 pixels.

2.3.2.2 TimePix3

ADVACAM TimePix3 (TPX3) is recognized as the world’s first radiation imaging that uses
the TimePix3 [Poikela et al., 2014] readout chip and has an event-based readout. Contrary to
the frame-based readout where the whole pixel matrix is read out at once, in the event-based
readout, values recorded by pixels are read out immediately after the hit. Thus, every single
hit of radiation is recorded as a continuous stream of data, including the position, energy, and
detection time of each detected quanta at each pixel. The event base output can be recorded
using the time-of-arrival (ToA) and time-over-threshold (ToT) mode of the detector.
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The detector has a sensitive area of 14 x 14 mm2 with a single chip of TimePix3
containing 256 x 256 pixels, (Figure 2.13), with a pixel size of 55 µm. 1 mm thick CdTe is
used as a sensor material. TPX3 detector also operates in low threshold mode with a single
imaging counter in frame-based output. The minimum detectable energy is 5 keV. Charge
sharing correction is implemented in the software Pixet Pro, which is used to control the detector.
Thus the acquired data can be subjected to the charge sharing correction in the post-processing.
No hardware feature to correct polarization defects is present.

Figure 2.13: Flat radiograph captured by TimePix3, consisting of a single readout chips with
256 x 256 pixels.

2.3.3 Summary and synthesis

The main characteristic of the tested detectors are presented in a comparable way in Table 2.3,
and the distinguishing features of each detector are highlighted in bold green color and the bad
feature is highlighted in bold red color. Both Pixirad2/Pixie-II and WidePix detectors do not
have any charge sharing correction feature or option to deal with the sensor polarization issue,
so their use for longer scan time CT and spectral imaging is not recommended. TimePix3 on
the other hand has a very small active pixel area, limiting its use for standard lab-based CT,
although it offers the software solution to deal with charge sharing effect. Both WidePix and
TimePix3 also have only a single imaging counter compatible with a low threshold in frame-
based readout mode, so it is also not possible to acquire two images with different energy bins
with a single acquisition.

From the characteristics of the presented detectors, Pixirad-2/Pixie-III appears to be
a promising candidate since charge sharing correction, and detector bias reset option are imple-
mented in the detector hardware. The active pixel area of the sensor is also large enough to be
used for laboratory CT with a standard sample size. Also, the possibility to acquire two images
simultaneously by using the two imaging counters of the detector makes it suitable for spectral
K-edge imaging.
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Table 2.3: The main characteristic of four detectors, their distinguishing features are high-
lighted in bold green color and bad features are highlighted in bold red color.

Characteristics Pixrad-
2/Pixie-II

WidePix
ADVACAM

TimePix3
ADVACAM

Pixrad-
2/Pixie-III

Thickness of CdTe
sensor (mm)

0.650 1.000 1.000 0.650

Sensitive area
(mm2)

62 x 25 70.4 x 14 14 x 14 64 x 25

Readout chip Pixie-II Medipix3 TimePix3 Pixie-III
Readout speed
(Frame/sec)

100 50 – 100

Number of pixels 1024 x 476
(2 chips of
512x476 pixels
mounted)

256x1280
(5 chips of
256x256 pixels
mounted)

256 x 256
(1 chips of
256x256 pixels
mounted)

1024 x 402
(2 chips of
512x402 pixels
mounted)

Pixel pitch (µm)
arrangement

60,
hexagonal

55, squared 55, squared 62, squared

Imaging
counters

2 1 1 2

Minimum
detectable energy
(keV)

2 5 5 2

Output modes Frame-based Frame-based Frame-based,
Time-over-
Threshold
(ToT), Time-
of-Arrival
(ToA)

Frame-based

Charge sharing
correction

No No Yes,
implemented
in the soft-
ware

Yes,
implemented
in the
hardware

Sensor refresh
feature

No No No Yes,
implemented
in the
hardware

Dimensions
(LxWxH) (mm)

92 x 134 x 135 213 x 60 x 40 125 x 79 x 25.5 92 x 134 x 135

Software XAct Pixet Pro Pixet Pro XAct
Condition Owned: Re-

ceived Nov 2019
1-week loan 1-week loan Owned: Re-

ceived July 2020
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2.4 Characterization procedures

Based on the comparison presented in Section 2.3.3, the characteristics of the Pixirad-2/Pixie-III
appear to be suitable to be used for lab-CT, so the imaging performance and the spectral response
of the Pixirad-2/Pixie-III detector were characterized using the lab polychromatic sources. The
imaging performance of the Pixirad-2/Pixie-III was also compared with a standard CT detector,
flat-panel.

Flat-panel that was used as reference is an indirect amorphous silicon (a-Si) detector (Varian
PaxScan 2520DX). It consists of a 700 µm thick layer of caesium iodide (high X-ray absorption)
scintillator to convert in-coming X-ray photons into visible light, which later are converted into
electrical signals. The total pixel area of the detector has dimensions 244 ×195 mm consisting
of 1920 ×1536 pixels, with each pixel of 127 x 127 µm.

The behaviour of static and time-dependent defects present in the sensor was also
studied, and suitable solutions were proposed. Spectral response for the ADVACAM detectors
was also studied briefly.

2.4.1 X-ray source and experiment configurations

Radiographs were acquired using one of the following configurations for characterization.

Configuration 1: Configuration 1 was used to characterize the static and dynamic defects in
the Pixirad-2/Pixie-III and Pixirad-2/Pixie-II.

A time series using an exposure time of 1 s and 100 kV acceleration voltage was recorded using the
micro-focus (Hamamatsu L12161-07 Reflection, sealed) X-ray source, with Tungsten (W) target
and W as filament. Time series consists of flat radiographs and each radiograph was recorded
every minute, for 60 minutes, using the old version Pixirad-2/Pixie-II sensor. No threshold limit
was applied on the photons energy, and full range of energy photons were detected by setting
lower threshold Eth low to 2 keV and upper thresholds Eth high to 186 keV.

Configuration 2: Configuration 2 was used to evaluate the charge sharing correction perfor-
mance of the different operating modes of the Pixirad-2/Pixie-III detector.

Flat acquisitions were recorded using an exposure time of 4 s at an acceleration voltage of 100 kV
using the nano-focus (Hamamatsu L10711-03 Transmission, open) X-ray source with W target
and Lanthanum hexaboride (LaB6) as filament. 1 mm thick Aluminium (Al) filter was placed
in front of the X-ray source to discard low-energy photons. Pixirad-2/Pixie-III detector was
operated in low threshold mode, and counter 0 was used for acquisitions. For each operating
mode (NONPI, NPI, NPISUM), programmable thresholds, Eth low was initially set to 5 keV and
was incremented by 1 keV after recording each flat radiograph. Eth high was fixed at 100 keV.
So counter 0 was set to record the flat radiographs by increasing the low-energy threshold by 1.
[Eth low, Eth high]=[i,100],i=5,6,7,. . . 70.

Configuration 3: Configuration 3 was used for the estimation of the contrast, noise, and spatial
resolution response of the Pixirad-2/Pixie-III and flat-panel detector.
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Acquisitions were made using an exposure time of 1s and 0.5 s at an acceleration voltage of 50
kV and 100 kV using the nano-focus (Hamamatsu L10711-03 Transmission, open) X-ray source
with W target and LaB6 as filament. A total of 10 projections were acquired and then averaged
together before computing the SNR, CNR, and MTF. For Pixirad-2/Pixie-III, images were
acquired using counter 0 under NPISUM configuration and programmable thresholds, Eth low

and Eth high, were set to 5 and 100 keV, respectively. 5 keV was used for Eth low to disregard
the noise, so images were captured using photons with energy ranging between 5 to 100 keV.
The voxel size for both acquisitions was 13 µm.

Configuration 4: Configuration 4 was used to investigate the single-shot K-edge subtraction
(KES) imaging capability and the spectral resolution of the Pixirad-2/Pixie-III detector.

Both acquisitions were acquired using the exposure time of 5 s at 50 kV voltage using the nano-
focus (Hamamatsu L10711-03 Transmission, open) X-ray source with Tungsten (W) target and
LaB6 as filament. The Pixirad-2/Pixie-III detector was configured in NPISUM mode.

For the KES imaging, both imaging counter 0 and 1 were used for the acquisitions. The pro-
grammable energy threshold Eth high and Eth low were set to 28 and 38 keV, respectively and
two images with the photon of energies ranging from [28,38] and [38,50] keV were recorded. For
the spectral resolution, imaging counter 0 was used for the acquisitions. The programmable
energy threshold Eth high was set to 50 keV and Eth low was changed from 15 to 50 keV with an
increment of 1. In this manner counter 0 was set to record the phantom projections and flat
images by increasing the lower threshold by 1. [Eth low, Ehigh]=[i,50], i=15,16,17. . . 50. Before
changing the lower threshold value, a bias reset was done to correct the detector polarization
behaviour.

Configuration 5: Configuration 5 was used to evaluate the energy characterization perfor-
mance of the ADVACAM, WidePix detector.

Flat acquisitions were recorded using an exposure time of 1 s at an acceleration voltage of 50 kV
using the nano-focus (Hamamatsu L10711-03 Transmission, open) X-ray source. Molybdenum
(Mo) target was used as an anode to produce X-rays. The detector’s low-energy threshold was
set to 5 keV, and it was incremented by 1 keV after recording each projection till 30 keV. The
energy threshold increment was reduced to 0.2 keV between the energies 16 to 20 keV to observe
the characteristic peaks of Molybdenum.

2.4.2 Defects characterization and solution

2.4.2.1 Static defects

To estimate the total number of static pixels in a radiograph captured by Pixirad-2/Pixie-III
detector, a bad pixels map was created. To create a bad pixel map, initially, a filtered image with
conditional median filtering (by a pattern 3x3) was created, and then the absolute difference
between the original and filtered image was made. From this absolute difference image, based
on the suitable threshold value, these bad pixels can be detected. A threshold of 200 was chosen
for the bad pixel map.
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Figure 2.14 shows the bad pixel map from the radiograph captured by Pixirad-2/Pixie-
III detector. Red color corresponds to the bad pixels, which are about 2% of the total number
of pixels in an image.

Figure 2.14: Bad pixel map of the radiograph captured by Pixirad-2/Pixie-III. 2% of the total
pixels are detected as bad pixels.

These bad pixels can be corrected by the application of a local median filter of radius
2x2 or 3x3 pixels. The local median filter replaces a pixel with the median of nearby pixels,
determined by the radius if it deviates from the median by a specified value determined by the
threshold. A bad pixel map can also be imported during the acquisitions to remove these static
defects automatically.

2.4.2.2 Dynamic defects

As described earlier in the (Section 2.2.2.3), two types of time-dependent dynamic defects exit,
grain boundaries and dark spots. These defects start to appear on the detector sensor and thus
in the recorded radiographs after the detector has been running for some time. To characterize
these dynamic defects, radiographs captured by the old version detector Pixirad-2/Pixie-II were
used since Pixirad-2/Pixie-II exhibits more prominent dynamic defects than Pixirad-2/Pixie-III
due to the poor quality of CdTe. Figure 2.15(a) shows a cropped flat radiograph from the
Pixirad-2/Pixie-II (old version detector) highlighting dark spots and grain boundaries. The
contrast value is enhanced to show the dynamic defects.

Dark spots: To understand the evolution of dark spots, the evolution of pixels profile from the
center of the dark spots to the distance of 20 pixels were plotted for initial 20 minutes, captured
by the time series. Figure 2.15(b) shows the pixel profile in grayscale values as a function of
the distance from the defect center for the two highlighted dark spots. The solid and dotted
lines represent the measured and exponentially fitted curves. It can be seen that the dark spots
start to appear roughly 7-10 minutes after the operating time of the detector. Their magnitude
(radius) increase with the operating time and the average intensity in the dark spots decrease.

Grain boundaries: To understand the evolution of grain boundaries behaviour, the temporal
evolution of each pixel profile present in an ROI containing the grain boundaries, Figure 2.15(a),
was plotted. Figure 2.15(c) shows the pixel’s values as a function of time, and each color
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corresponds to a single pixel value. It can be noted that the values of pixels inside the grain
boundaries increase linearly with time. The width of the region affected by the grain boundary
was measured to be 3 pixels, and it remains constant with time. Similar to the dark spots, grain
boundaries also start to appear roughly 7-10 minutes after the operating time of the detector.
However, some pixels values start to increase from the beginning of the acquisition.

Figure 2.15: (a) Contrast-enhanced radiograph captured by Pixirad-2/Pixie-II highlighting
time-dependent defects, dark spots, and grain boundaries. (b) Evolution of the pixel profile
in grayscale values as a function of the distance from the defect center to 20 pixels in the two
highlighted dark spots. (c) Evolution of the pixels profile as a function of time in an ROI
containing the grain boundaries. Each color corresponds to a single pixel value.

Multiple solutions were tested in order to correct these time-dependent dynamic de-
fects, such as linear and temporal interpolation methods, and their transposability from one
scan to another was also tested. These solutions take the radiographs recorded at t=0 min as a
reference and correct the radiographs affected by the dynamic defects using the reference radio-
graphs. However, an efficient method that was used during the characterization of the detector
is refreshing the sensor after a certain time span.

89



Chapter 2. Characterization of direct photon-counting detectors and preliminary results from lab X-ray
imaging

Sensor refresh:

Pixirad-2/Pixie-III sensor has a hardware feature to refresh the sensor by resetting
the bias voltage. This turning off and on the bias voltage reset the detector to its initial stage
and all time-dependent defects are discarded. This sensor refreshing is really an efficient way to
decrease the magnitude of the time-dependent defects and to recover the detector’s performance.

Dynamic flat-field:

The time-dependent dynamic defects can also be compensated by using the dynamic
flat-field method proposed by [Delogu et al., 2017], which requires the capturing of flat images
for each sample projection.

Considering Nproj as projection with sample and Nflat as flat radiograph, the corrected
flat-field projection can be given as Ncorr as

Ncorr = Nproj, i

Nflat, i
, i = 1, 2, 3, . . . NV iew (2.1)

where NV iew represents the total number of recorded radiographs. Dynamic flat-field
correction is usually needed when the PCDs are radiated for longer time scans. For shorter
time scans, time-dependent defects are not prominent; hence projections can be corrected by
the classical flat-field correction method.

2.4.3 Flat-field correction

Images acquired using both flat-panel and photon-counting detectors for all the characterization
techniques were subjected to flat-field correction. Due to the variations in the X-ray field,
detector inhomogeneity, and variations in detector electronics, the counting rate of the pixels
may differ; thus, a flat-field correction is necessary to match the counting rates of all pixels
under X-ray radiation in order to obtain a homogeneous image.

A flat-field correction consists of two steps: An acquisition of flat image Nflat that
is made with detector irradiation (bright field) to achieve an effective pixel gain map, another
acquisition of dark image Ndark that is captured without irradiation (dark field) to achieve the
dark current of each pixel. Nflat and Ndark are set of images that are acquired prior to or after
the scan. After the sample projections Nproj , are recorded using the same setup of the detector.
Based on the acquired flat and dark images, the measured projection images with the sample
are then normalized to corrected images Ncorr as

Ncorr = Nproj − Ndark

Nflat − Ndark
(2.2)

Since PCDs do not exhibit any dark current Ndark = 0, so Eq. (2.2) becomes

Ncorr = Nproj

Nflat
(2.3)
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2.4.4 Classical imaging capabilities

2.4.4.1 Noise and contrast measurement

Noise characteristics of both detectors, Pixirad-2/Pixie-III and flat-panel, were compared on the
basis of SNR and CNR. SNR (respectively CNR) compares the level of the signal (respectively
the contrast) of the image to the level of background noise. To evaluate the SNR and CNR,
a test phantom made from a carbon tube of diameter 5 mm with a 2 mm diameter steel bead
inside was used. Two rectangular Regions Of Interest (ROI) of 100x120 pixels, representing
15% of the total image, were selected both inside the circular bead region and in the image
background for both detector images.

Acquired radiographs from both detectors were initially subjected to flat-field cor-
rection. The averaged projections of the sample and flat (without the sample), obtained by
averaging of acquired 10 projections for each acquisition condition, were used according to the
method explained in Section 2.4.3.

Selecting the ROI is quite troublesome for Pixirad-2/Pixie-III detector due to the
presence of random defective pixels. A local median filter of radius 3 and threshold 100 was
applied in order to remove these defective pixels and correct the images. It selects the pixels that
deviate from the median of the surrounding pixels, determined by radius, by more than a certain
value, determined by a threshold, and replaces them with the median value. This operation was
applied to remove both darker and brighter pixels that deviate more than the surrounding pixels
median value. Figure 2.16 shows the phantom radiographs taken with Pixirad-2/Pixie-III, Figure
2.16(a) and flat-panel detector, Figure 2.16(b). The red boxes highlight the ROI in which SNR
and CNR were computed.

As described earlier in (Chapter 1, Section 1.4.2), considering average signal Imean, and
standard deviation σmean of the measured signal in the homogeneous ROI in the background,
SNR and CNR can be computed as

SNR = 10log
(

Imean
2

σmean
2

)
(2.4)

CNR = 10log
(

Iobject − Imean

σmean

)
(2.5)

where, Iobject represents the average signal in the rectangular ROI inside the circular
steel bead.
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Figure 2.16: Radiographs of the test phantom for the computation of SNR and CNR at 100
kV and 1s exposure time taken with (a) Pixirad-2/Pixie-III detector (b) flat-panel detector.
Rectangular red boxes represent the ROI in which SNR and CNR were computed.

2.4.4.2 Spatial resolution

The spatial resolution of detectors was compared with MTF. The MTF was evaluated using
1mm thick Copper (Cu) plate with a sharp edge as attenuating edge phantom. The phantom
was attached against the detector window in a slightly tilted position relative to the pixel matrix.
Acquired radiographs from both detectors were initially subjected to flat-field correction, and a
local median filter of radius 3x3 was applied to Pixirad-2/Pixie-III detector images. Figure 2.17
shows a flat-field corrected radiograph captured using attenuating edge phantom with Pixirad-
2/Pixie-III detector.

The MTF was computed according to the method described in [Samei et al., 1998].
The computation of MTF involves three steps. In the first step, the position and orientation
of the edge line in the image are estimated. The gray scale image is binarized by applying a
threshold value computed as the average of the signals from the two sides of the edge image. A
gradient operation is performed to detect the line at the edge transition along with the angle
and position of the edge transition using Hough transformation feature extraction technique.
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Figure 2.17: Flat-field corrected radiograph of 1 mm Copper (Cu) edge phantom captured
using Pixirad-2/Pixie-III detector. A sub ROI of 200x200 pixels is highlighted in the red box
used to compute the MTF.

The second step involves determination of the presampled edge spread function (ESF), which
is obtained by reprojecting the grey level data of the original image along the direction of the
estimated angle into a one-dimensional array of sub-pixel elements by using a sub-pixel bin width
of 0.5 pixels. The ESF is then smoothed by utilizing a fourth-order, Gaussian-weighted, moving
polynomial fit using window width 11 bins. After, in the third step, the smoothed ESF array
is numerically differentiated to obtain the line spread function (LSF). The presampled MTF is
then obtained by a fast Fourier transform (FFT) of the LSF.

2.4.5 K-edge subtraction radiographic imaging and spectral resolution

To access the single-shot K-edge subtraction (KES) imaging capability and the spectral reso-
lution of the Pixirad-2/Pixie-III detector, Iodine (I) and Barium (Ba) elements were selected.
Both I and Ba are easily available and their K-edge values are close to each other, being 33.2
keV for I and 37.4 keV for Ba, respectively. The relatively close K-edge values can also help to
efficiently access the energy resolution of the detector.

For the experiment, a phantom (I-BaSO4-H2O) was prepared, consisting of three cap-
illary tubes with the outer and inner diameter of 1.55 and 1.15 mm respectively. One tube
was filled with Iodine solution (300 g in 1 L of water), the second tube was filled with barium
sulphate solution (333 g in 1L of water) and the third one was filled with distilled water. Figure
2.18 shows the phantom.
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Figure 2.18: A phantom consisting of three capillary tubes consisting of iodine solution, barium
sulphate solution, and distilled water.

2.4.5.1 K-edge subtraction radiographic imaging

A single-shot KES image was obtained by separating the polychromatic spectrum into two parts
(below and above the K-edge of the elements, Iodine and BaSO4) using the programmable energy
thresholds.

For the acquisition, both imaging counter 0 and 1 were used and the lower threshold
Eth low and Eth high were set to 28 and 38 keV, respectively. With this setup, two sample and
flat images were recorded in a single exposure with energy ranging from 28 to 38 keV (with
imaging counter 0) and 38 to 50 keV (with imaging counter 1). These images can be referred to
”low” and ”high” image.

For the post-processing, first the flat-field correction is applied and then the logarithmic
digital subtraction of the two flat-field corrected sample images is performed to get the KES
image NKES using the Eq. 2.6, i.e. an image where only the desired elements are supposed to
be observed.

NKES = log(NK+) − log(NK−) (2.6)

where, (NK+) and (NK−) are the flat-field corrected “high” and “low” images, respec-
tively.
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2.4.5.2 Spectral resolution

The spectral capabilities of the Pixirad-2/Pixie-III detector was illustrated by measuring the
absorption spectra of Iodine and BaSO4 sample. The acquisitions were performed using config-
uration 4 by sweeping Eth low from 15 keV to 50 keV by steps of 1 keV. After this threshold scan,
the digital subtraction was performed on consecutive images in order to get the image with an
energy bin of 1 keV. This procedure was done on sample projections and flat radiographs to get
the images with counts for energy bins of width 1 keV.

Noting NE,sample the image for bin of energy E with the sample, and NE,flat the image
for bin of energy E without the sample, the corresponding image of absorbance was obtained
by the following equation:

Absorbance = AE = − log NE,sample

NE,flat
(2.7)

Then, averaged spectra of absorbance were calculated as the averaged value of AE over
a ROI of 150x150 pixels in each tube of the phantom. Figure 2.19 shows the radiograph of the
(I-BaSO4-H2O) phantom. ROI of 150x150 pixels was shown in white, blue and orange squares
for water, Iodine, and Barium sulphate solutions, respectively.

Finally, the spectrum measured in the ROI containing only the water sample, white
ROI in Figure 2.19, was subtracted from the spectra obtained from the ROI containing only
Iodine or BaSO4 in order to account for absorbance of the capillary tube and water to get the
absorbance of I and BaSO4.

Figure 2.19: Flat-field corrected radiograph of the (I-BaSO4-H2O) phantom consisting of three
capillary tubes. ROI of 150x150 pixels was shown in white, blue and orange squares for water,
Barium sulphate, and Iodine solutions, respectively.
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2.5 Characterization results of the Pixirad-2/Pixie-III detector

2.5.1 Introduction

The characterization results of only the new version Pixirad-2/Pixie-III detector are presented
in this section. Although a significant amount of time was spent in characterizing the old version
Pixirad-2/Pixie-II detector before the delivery of the Pixie-III module detector, characteristics
of Pixirad-2/Pixie-III are significantly better than the Pixirad-2/Pixie-II, so it was chosen as a
potential candidate for lab-based imaging.

Initially, in Section 2.5.2, the correction results for the dead and bad pixels and dy-
namic defects are presented, and some recommendations to efficiently operate the detector with
minimum defects are suggested as well. Section 2.5.3 presents the spectrum measurements for
charge sharing correction by using different acquisition modes of the detector. The results for
the classical imaging capabilities of the Pixirad-2/Pixie-III detector in terms of SNR, CNR and
MTF is presented in Section 2.5.4 and are compared with the measurements done with the stan-
dard flat-panel detector. Lastly, in Section 2.5.5, the qualitative and the quantitative results for
the K-edge subtraction (KES) imaging and absorption spectral measurements are presented.

2.5.2 Defects

An application of a local median filter to correct the radiographs from static defects and bad
pixels is illustrated in Figure 2.20. A local median filter of radius 3x3 with threshold 100 is
applied to replace both brighter and darker pixels to the raw projection of AlCu sample, Figure
2.20(a) captured by Pixirad-2/Pixie-III detector. Figure 2.20(b) shows the corrected projection.
It can be seen that the quality of the radiograph has improved significantly and most of the
defects were replaced by the median value of surrounding pixels. However, few bad pixels are
still visible in the corrected projection which can be further removed by refining the parameters
of local median filter or by applying further post-processing correction.
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Figure 2.20: Example of radiograph correction by a local median filter. (a) Radiograph
captured by the Pixirad-2/Pixie-III detector with static defects and bad pixels visible. (b) After
the application of local median filter, most of the static defects and bad pixels are removed.

Figure 2.21(a) shows the cropped radiograph captured by the Pixirad-2/Pixie-III after
20 minutes of operation with the time-dependent defects visible. Figure 2.21(b) shows the same
radiograph after performing the sensor refresh using the hardware bias reset feature present in
the detector. The bias reset roughly takes 3-4 seconds, eliminating most of the time-dependent
instabilities of the sensor and restoring sensor performance.

It is concluded that bias reset or sensor refresh is the most simple and efficient way
to remove the time-dependent defects. However, post-processing filtering can be performed to
further improve the quality of the radiographs.
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Figure 2.21: Radiographs captured by the Pixirad-2/Pixie-III detector (a) before and (b) after
the sensor refresh. It takes 3-4 seconds to turn on and off the bias voltage and it recovers the
detector performance eliminating the time-dependent instabilities.

As mentioned earlier in Section 2.4.2 that time-dependent instabilities start appearing
on the sensor 7-10 minutes after activation. The following scheme was concluded, Figure 2.22, for
the bias refreshing strategy during the CT scans. If the scan time is less than 1-2 minutes, then
no sensor refresh is needed as there will be no time-dependent instabilities. It is recommended
to refresh the sensor every 4-5 minutes if the scan time exceeds 7-10 minutes. This will stop the
data acquisition for only 3-4 seconds and restore the sensor performance.

Figure 2.22: Scheme for managing the sensor refresh time depending on the acquisition time
of tomography. It is recommended to regularly refresh the sensor every 4-5 minutes if the
acquisition time of the scan exceeds 10 minutes.

2.5.3 Charge sharing effect correction

Charge sharing correction measurements for the Pixirad-2/Pixie-III detector were carried out
using configuration 2, (section 2.4.1). After the acquisitions with imaging counter 0 for each
operating mode (NONPI, NPI, NPISUM), the digital subtraction was performed on consecutive
images to get images with 1 keV energy bin. Then, the average signal intensity of the image
was measured, which represents the differential counts. The differential counts, representing
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photons per keV per second, as the function of energy are plotted in Figure 2.23 for three
operating modes. In the Figure 2.23 we can observe that

• NONPI mode does not correct the charge shared from the high-energy photons. These
shared charges into two or more neighbouring pixels are counted as separate events; hence
the integral spectrum overestimates the low-energy photons and underestimates the high-
energy photons indicating the sharp increase at low energies as seen in the black curve of
the Figure 2.23.

• In NPI mode, only one pixel per event is allowed to count and recover the shared signals
by allocating the count to the pixel receiving the highest fraction of the charge. So it does
not account for the low-energy photons shared in the neighbouring pixels, and there is still
an issue of underestimation of high-energy photons. It can be seen in the red curve of the
Figure 2.23 that low-energy photons below 20 keV have been recovered to some extent,
but total energy is underestimated due to charge sharing.

Figure 2.23: Energy characterization of different operating modes of the Pixirad-2/Pixie-III
detector. Differential counts against the threshold energy.

• NPISUM mode recovers the shared charge up to four neighbouring pixels (horizontal and
vertical) by summing the shared charges together to evaluate the total energy correctly.
Thus the charge sharing is corrected to some extent, as seen in the blue curve in Figure
2.23. Low-energy photons detected in NONPI and NPI mode are now corrected to their
original photon and are represented as a single high-energy photon. However, no correction
is applied on the neighbouring diagonal shared charges. Also, since the pixel size of the
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detector is small, 62 µm, the charge of the incoming photon can spread over more than
four pixels in horizontal, vertical and diagonal directions. The limitation of the NPISUM
mode to correct the shared charges up to only four neighbouring pixels can still result in
distorted measured spectrum.

The differential spectra obtained with monochromatic beam of energy E = 26 keV
indicating the similar observations that spectra depend on the operating mode NONPI, NPI
and NPISUM were previously reported in [Di Trapani et al., 2020]. The imaging performance
and noise characterization for different combinations of operating modes in terms of the SNR,
presampling MTF, the normalized noise-power spectra (NPS) and the assessment of noise equiv-
alent number of quanta (NEQ) using the synchrotron source have been previously presented [Di
Trapani et al., 2020].

2.5.4 Classical imaging capabilities

SNR and CNR acquisitions for both Pixirad-2/Pixie-III and flat-panel detector were performed
using the Configuration 3, (Section 2.4.1), and computed using the method described earlier in
Section 2.4.4. Radiographs acquired from both detectors were subjected to flat-field correction
as described in Section 2.4.3. A local median filter of radius 3 and threshold 100 was applied, to
the Pixirad-2/Pixie-III projections, to correct the defects due to static pixels and polarization.
Removal of these defects significantly lowers the standard deviation of the detector. The plot
of SNR and CNR against the acquisition conditions (voltage and exposure time) is shown in
Figure 2.24.

Before the correction of Pixirad-2/Pixie-III radiographs with local median filter, SNR
values of Pixirad-2/Pixie-III is significantly lower than flat-panel against all acquisition condi-
tions. The lower SNR for the Pixirad-2/Pixie-III is due to the high standard deviation of the
mean gray value of pixels. The high standard deviation is due to the presence of bad pixels in the
region of interest. However, after the correction of these bad pixels, SNR for Pixirad-2/Pixie-III
improves significantly, around 25%, but it is still lower than the flat-panel of about 15%.
This improvement in SNR is primarily due to the decrease in the standard deviation value.
However, the standard deviation can be further reduced by tuning the parameters of the local
median filter or by applying image quality filters which in turns will result in an increase in
SNR. Moreover, as stated earlier in Chapter 1 that SNR is not a very useful image quality
index as it does not provide any information about the detectability of feature of interest for
the segmentation process.

CNR in both conditions (before and after removal of the detectors inhomogeneities)
is higher for Pixirad-2/Pixie-III. CNR in the corrected radiographs is around 12% higher than
flat-panel detector for all acquisition conditions.
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Figure 2.24: Comparison of Pixirad-2/Pixi-III and Flat-panel detector in terms of SNR and
CNR at different acquisition conditions.

Figure 2.25 compares the presampling MTF obtained using the attenuating edge object,
(section 2.4.4.2), for both Pixirad-2/Pixie-III and flat-panel detector. The MTF curve from the
photon-counting detector shows a higher spatial resolution than the flat-panel detector. The
spatial frequency at 0.5 MTF lines is 0.43 and 0.17 cycle/pixels for Pixirad-2/Pixie-III and
flat-panel, respectively. The high spatial frequency at 0.5 MTF of Pixirad-2/Pixie-III detector
corresponds to fine image detail and sharper image. The Nyquist frequency (0.5 cycles/pixels)
estimates the MTF value of 9% for flat-panel and 38% for Pixirad-2/Pixie-III detector, indicating
the improved MTF of Pixirad-2/Pixie-III detector.
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Figure 2.25: Comparison of MTF for Pixirad-2/Pixie-III and Flat-panel detector.

2.5.5 K-edge subtraction imaging and spectral resolution

KES imaging and spectral resolution experiments were carried out using configuration 4, (section
2.4.1) and computations were done using the methods described in section 2.4.5. The obtained
results are presented in this section.

2.5.5.1 KES imaging: qualitative results

Figure 2.26 shows the qualitative results of the KES radiographic experiment. Flat-field cor-
rected standard and KES radiograph of (I-BaSO4-H2O) phantom at two distinct energy ranges
are shown. It can be noticed that different settings of the detector programmable thresholds
produce different images with the same input X-ray spectrum. In Figure 2.26(a) a standard
radiograph captured using photons of energy between 5 to 50 keV using the imaging counter 0
is shown.

Figure 2.26(b) presents the processed KES image using photons of energy between 28
to 38 keV. Since the K-edge of Iodine and Barium lies at 33.2 keV and 37.4 keV so only, Iodine
and Barium Sulphate solutions are visible in Figure 2.26(b) while water and glass tubes are
completely removed. The obtained KES image is similar to the observations recently reported
in [Brun et al., 2020b] for Iodine and Barium with the same energy range.
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Figure 2.26: (a) Standard flat-field corrected radiograph of the (I-BaSO4-H2O) phantom
recorded with Eth low = 5.0 keV. (b) KES flat-field corrected radiograph of the (I-BaSO4-H2O)
phantom recorded with using Eth low = 28 keV and Eth high =38 keV.

2.5.5.2 Absorbance measurement: quantitative results

Figure 2.27 shows the computed absorbance spectra for both Iodine and Barium and compares
them with the tabulated value.

The obtained spectra are displayed in solid blue lines. The bin width of 1 keV energy
was used for the experimental dataset. Experimentally computed absorbance peaks for Iodine
and Barium are well visible around 35 keV and 39 keV, respectively. In orange dashed lines are
theoretical spectra for I and Ba respectively, accounting for the pure sample and same thickness
obtained with Xraylib [Schoonjans et al., 2011].

The first observation that can be made is that the K absorption edges of Iodine
(33.2keV) and Barium (37.4 keV) are well visible and correctly quantitatively placed. Addi-
tionally, the measured spectrums are quantitatively consistent with the tabulated values. The
tabulated curve was further smoothed using the Gaussian smoothing with the standard deviation
of 1.8 keV to match it with the experimental curve. The magnitude of smoothing is consistent
with the energy sensitivity of the Pixirad-2/Pixie-III detector reported in the literature [Bel-
lazzini et al., 2015]. The theoretical values for Iodine and Barium are of pure elements while, for
the experiment, the solution of Iodine and Barium Sulphate with 33% concentration was used,
due to which the difference is expected.
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Figure 2.27: Comparison of the experimentally computed absorbance spectra with the tabu-
lated values for (a) Iodine (b) Barium. The tabulated curve was Gaussian smoothed by 1.8 keV
to match with the experimental curve.

2.6 Characterization results of the ADVACAM detector

The characterization results for ADVACAM detectors, WidePix and TimePix3 are presented in
this section. Since both detectors were loaned for only one week, only few of their characteristics
were examined.

2.6.1 WidePix spectrum measurement

The ADVACAM detectors were loaned for only 1 week, so only the energy characterizations were
performed and some results from the WidePix detector are presented here. Energy characteri-
zation measurements for the WidePix detector were carried out using configuration 5, (section
2.4.1). After the acquisitions, the digital subtraction was performed on consecutive images to
get the image with 1 keV energy bin. Then the average signal intensity of the binned images
representing differential counts was measured.

The differential counts as the function of energy are reported in Figure 2.28. Each point
corresponds to a single energy bin. The characteristic peaks of Molybdenum are at 17.5 keV and
19.6 keV, so the refined energy bins with 0.2 keV are plotted as the secondary axis between 16
to 20 keV in red color to visualize the characteristic peaks of Molybdenum clearly. However, no
characteristic peaks are visible in the measured spectrum using the WidePix detector. It can be
explained due to the charge sharing effect. No hardware or software feature for the correction of
the charge sharing effect was present in the WidePix detector, resulting in the distorted recorded
energy response. Thus the WidePix detector appears not to be suitable for spectral imaging.
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Figure 2.28: Energy characterization of WidePIX detector using the nano-focus X-ray source
with Molybdenum target. Differential counts are plotted against the 1 keV energy bin. The
characteristic peaks of Molybdenum are at 17.5 keV, and 19.6 keV, the refined spectrum with
0.2 keV energy bin is plotted in red color between 16 to 20 keV.

2.6.2 TimePix3 measurement

No specific characterization was done for the TimePix3 detector. Detector saturation was a
major issue in most of the measurements even at very low values of the input current.

When the detector was operated in time-over-threshold ToT and time-of-arrival ToA
mode to record the time, position, and energy of each X-ray photon, significantly large output
data files in .t3r (time-tagged time-resolved data) format were generated, usually, 10 of a gigabyte
(GB) and in some cases 100 GB depending on the input parameters ( exposure time, energy).
This large .t3r file also takes a couple of minutes to transfer to the hard drive. The large readout
time of the detector couple with a very small area of the detector and the detector saturation
at the standard value of current does not make it suitable for the intended in-situ acquisitions
in lab-based CT systems.

However, many potential features of this detector exist which need to be explored. The
output .t3r file contains information on the energy, position, and time of arrival for each X-ray
photon. The time of arrival information enables the possibility to identify clusters of events
belonging to the single-photon interaction. These cluster of pixels is used for the charge sharing
correction in the post-processing. After identifying the clusters of pixels, the TOT information
can be used, and the weighted mean of the energy distribution in the pixel cluster can be
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calculated, which is further used to localize the sub-pixel position of the photon interaction
[Khalil et al., 2018]. The details about the pixel clustering and sub-pixel resolution can be
found in [Khalil et al., 2018, Dreier et al., 2019].

Using Advacam developed interface software Pixet Pro, sub-pixel resolution images
were obtained using an Cu edge phantom placed on the detector. Figure 2.29(a) shows the
original frame-based output of the detector containing 256 x 256 pixels. Figure 2.29(b) shows
the 2 x 2 sub-pixel resolution image obtained during the post-processing and contains 512 x 512
pixels. Figure 2.29(c) shows the 4 x 4 sub-pixel resolution image containing 1024 x 1024 pixels.

Figure 2.29: Sub-pixel resolution with TimePix3 detector. (a) Standard acquisition with the
output frame containing 256 x 256 pixels. (b) 2 x 2 sub-pixel resolution image obtained during
the post-processing containing 512 x 512 pixels. (c) 4 x 4 sub-pixel resolution image obtained
during the post-processing containing 1021 x 1024 pixels.
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2.7 Synthesis of the detectors results

The characterization results presented in section 2.5 and 2.6 can be synthesized as:

• The old version Pixirad detector, Pixirad-2/Pixie-II, was not a suitable detector, and
no characterization results of the detector were presented in this chapter, although a
significant amount of time was spent to characterize the detector performance. The major
issue with the detector was the presence of a large number of static and dynamic defects,
and no hardware features to correct the dynamic defects due to polarization were present.
Moreover, no charge sharing correction was implemented, making this detector unsuitable
for spectral measurements.

• The presence of noise, bad pixels, is a major issue in the Pixirad-2/Pixie-III detector,
however, the standard local median filter can significantly improve the image quality and
makes the radiographic measurements possible, but these noisy pixels will create ring
artifacts during the reconstruction process for tomographic measurements. An automatic
dedicated post-processing procedure needs to be developed in order to remove these bad
pixels from the recorded projections prior to reconstruction.

• The energy characterization of the three operating modes of the Pixirad-2/Pixie-III was
done to evaluate the charge sharing correction performance. NPISUM mode recovers the
shared charges compared to NONPI and NPI mode but the efficiency of the correction is
only limited to four neighbouring pixels in the horizontal and vertical direction.

• The radiographic characterization results of Pixirad-2/Pixie-III in terms of its imaging
performance were presented using the polychromatic beam. The classical imaging capabil-
ities of the Pixirad-2/Pixie-III in terms of SNR, CNR and MTF were tested and compared
to the standard flat-panel detector. The results indicated lower SNR but improved CNR
and MTF of Pixirad-2/Pixie-III detector compared to flat-panel.

The spectral imaging ability of the Pixirad-2/Pixie-III detector was evaluated by accessing
the single-shot KES imaging and by measuring its spectral resolution. The detector is
quite efficient for single-shot KES imaging to distinguish the materials on the basis of
their K-edges using the programmable energy thresholds. Moreover, the energy resolution
of the detector was measured to be within 2 keV range which is adequate for practical
applications such as monochromatic measurements and spectral CT using the laboratory
CT.

• To fully understand the performance of the Pixirad-2/Pixie-III detector and to build guide-
lines for its use in tomographic imaging, other characterizations such as detector linearity
and saturation behaviour as a function of input flux, source-to-detector distance, and en-
ergy threshold also need to be studied. The effect on the image quality in terms of SNR
and CNR as a function of the energy threshold value and the effect on the energy spectrum
due to the pulse pile-up effect of the detector also needs to be quantified. The potential
of the detector to correct the beam-hardening effect in the CT reconstructed images by
selecting only the high-energy photons during the acquisition also needs to be quantified.
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• ADVACAM WidePix detector consisting of Medipix readout chips does not include any
feature for charge sharing correction, resulting in distorted spectrum measurements under-
estimating high-energy photons. But since the detector was only available for a one-week
loan time period, the potentials of the detector were not explored.

• ADVACAM TimePix3 was also available for only one-week time period. This detector
has many potential benefits which were not explored. The pixel clustering, charge sharing
correction, and the possibility of achieving sub-pixel resolution during post-processing can
make this detector suitable for many applications. Although the active pixel area of the
detector is quite small for standard CT with standard sample size, the implementation of
multiple TimePix3 readout chip in WidePix detector can solve this problem. The potential
benefits of this detector need to be explored in-depth to conclude something concrete.
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2.8 Conclusions

The introduction of photon-counting detectors is expected to be one of the next major break-
through in X-ray computed tomography (CT). Over the last few years, significant research has
been conducted in the fields of photon-counting detectors in terms of the hardware design,
detector performance, drawbacks, factors affecting the image quality, and potential applica-
tions in micro-CT. This chapter presented the quantitative characterization of the imaging
performance of a photon-counting detector Pixirad-2/Pixie-III, using a lab polychromatic X-ray
source. Pixirad-2/Pixie-III exhibits improved CNR and MTF but lower SNR compared to the
standard flat-panel detector.

The energy thresholding feature of the detector allows to limit the polychromaticity
of the lab X-ray spectrum and makes possible the monochromatic measurements. This energy
discriminating ability of the Pixirad-2/Pixie-III detector was investigated by performing the
single-shot K-edge subtraction radiographic imaging. The spectral resolution of the detector
was investigated by measuring the absorption spectra of Iodine and Barium sulphate and was
found to be adequate for practical spectral measurement applications such as material iden-
tification spectral tomography and contrast-enhanced CT using the laboratory X-ray sources.
Moreover, the improved characteristics of the detector, smaller pixel size and faster readout
frame, compared to the standard flat-panel detector, can also improve the spatial and tempo-
ral resolution of the CT scan. However, to fully understand the performance of the detector
and to use it for tomographic scans, other factors such as detector linearity and the saturation
behaviour as a function of acquisition parameters and the effect of pulse pile-up on the output
spectrum also need to be characterized.
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Nomenclature

Definitions of some Key Words used in this chapter.

Feature size or feature of interest (FOI): It is defined as the smallest size of the spherical
feature (pore, particle) present in the scanned specimen that needs to be quantified from the
reconstructed datasets.

Segmented volume: Segmented volume is the estimated volume of the feature of interest of
specific size after thresholding using the mean gray value.

Error and weighted average error: Error is defined as the relative change in the estimated
thresholded volume of the spherical feature using the volume of an ideal sphere as reference.
The probability distribution curve is represented as a function of estimated error for a specific
radius feature.
Weighted average error is the single absolute weighted value of the error distribution.

Constraints: Constraints are limitations or restrictions on the optimization model that the
model needs to take into account and are given as input parameters.

Interface velocity: It is defined as the kinetic evolution of the feature of interest (FOI) during
a single CT scan and is expressed in physical units (µm/sec).

Motion: Motion is defined as the change in the diameter of the feature (in pixels) during a
single CT scan.

Integrated transmitted intensity: It is defined as the output X-ray photons flux after passing
through the specimen towards the detector pixel. It is computed by integrating the Beer-Lambert
law by taking into account the penetration lengths of the different materials constituting the
specimen.

Contrast: Contrast is defined as the ratio between transmitted intensity after passing from two
constituent materials of the specimen in case of a heterogeneous specimen, and ratio between
the transmitted intensity after passing from the specimen and background intensity in case of a
homogeneous specimen.
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Abstract

This chapter details the attempt towards the optimization of the CT acquisition pa-
rameters. An optimization model is developed to estimate the optimal CT scan configuration
using the prior information of the sample, sample environment, and the objectives of the CT
scan.
The optimization model is based on the weighted average error estimation criteria in the seg-
mented volume of the feature of interest present in the specimen. The global workflow of the
model is based on three modules: modelling noise in the feature of interest, X-ray absorption
simulation tool, and a screening algorithm. The screening algorithm loops over all the possible
scanning parameters and outputs the different possible scanning configurations along with the
estimation of the probability of detection of the interested feature size for each configuration
taking into account the resultant image contrast, resolution and motion of the feature of inter-
est. The output scanning configurations include the X-ray source parameters, geometry settings,
and detector parameters. After a cost function is used to select the most optimal scan setting
according to the weighted average error in the feature of interest criteria, taking into account
the level of the analysis to be performed on the 3D images.

3.1 Introduction

X-ray computed tomography (CT) is a powerful imaging technique that provides non-destructive
access to the three-dimensional morphology of the scanned specimens. The obtained information
from the reconstructed 3D images is used to characterize the specimen. The characterization
goal is to perform qualitative or quantitative image analysis on a certain feature of interest (FOI)
present in the specimen.

The possible levels of 3D image analysis (L1, L2 and L3, Chapter 1 Section 1.3.3) that
can be carried out for specimen characterization entirely depend on the image quality obtained
from the X-ray CT scan. Generally, in laboratory X-ray CT setups, the achievable image quality
is significantly lower than the one provided by synchrotrons, due to the limited X-ray flux
produced by the micro-focused X-ray tubes. This subsequently limits the temporal resolution
due to a lack of photon statistics at the lowest detector exposure times [Schryver et al., 2018].
The achievable image quality depends on many factors such as specimen’s material composition
and geometry, CT setup, and especially on the user-defined scan acquisition parameters. These
acquisition parameters include X-ray source voltage and current, positioning and the orientation
of the specimen in the X-ray beam, detector exposure time, number of projections, and the
measurement conditions [Reiter et al., 2010]. Since the achievable image quality depends on the
selected acquisition parameters, the optimization of these parameters is required.

Many studies have been reported in the literature quantifying the effect of a specific
scanning parameter on the image quality and thus focus on the partial problem. Gomez and
Smith [Gómez and Smith, 2020] examined the effect of decreasing number of projections on the
image quality and concluded that with the decrease in the number of projections the image
quality decreases but without having a significant effect on the dimensional measurements,
although this was not the case for form measurements such as flatness and cylindricity. The
guidelines for the selection of voltage for light and heavy materials are presented in [Plessis et al.,
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2018]. Hilleret al [Hiller et al., 2012] investigated the physical characterization and performance
of the X-ray tube and detector. However, no global optimization strategy exists to determine
the suitable scan acquisition parameters for a CT scan.

Nowadays, the selection and optimization of these scan acquisition parameters are
usually made by an experienced operator which leads to subjective image quality differences
since setting up a CT scan with optimal parameters is a highly complex task. Zabler et al.
[Zabler et al., 2020] recently compared the quantitative image quality from thirteen different
sub-micrometer CT scans of a simple test phantom made of polymer micro-beads performed by
different experienced operators. Results indicate that operator choices strongly influence scan
quality for a given measurement time. A similar observation was concluded by Moroni and
Petro [Moroni and Petro, 2018] and highlighted the need for more procedures for the selection
of scanning parameters. Moreover, there is no standard holistic quality metric in X-ray CT to
estimate the quantitative image quality [Sanchez et al., 2020].

The selection of the scan acquisition parameters becomes even more complex when
fast in-situ acquisitions with high temporal/spatial resolution need to be performed because the
image quality, in such cases, is further reduced due to the motion blurring artifacts. This motion
blurring is caused by the structural change within the specimen following a dynamic process
and usually occurs when a dynamic process is imaged at an insufficient temporal resolution
[Schryver et al., 2018]. For such acquisitions, a trade-off has to be made between the acceptable
level of motion, image quality, and resolution. Optimization of the acquisition parameters can
be achieved by experimentally varying different acquisition settings and choosing the set of
parameters that produces the best possible radiographs. However, the large dimensionality of
the scanning parameters makes the process of manually changing the acquisition settings and
examining the quality of radiographs and reconstructed dataset not an easy task.

A global optimization strategy such as an X-ray CT optimization model could help to
automatically optimize the different scan acquisition parameters for given sample specifications,
and according to the objective of the scan and can output the possible scanning configurations.
The model would also predict the quality of the recorded images that would be produced for
a particular set of acquisition configurations, and the suitable scanning configuration can be
selected by establishing a trade-off between image contrast, resolution, and motion during the
scan.

This chapter contributes towards building an optimization model for the CT acquisition
parameters. The developed optimization model described in Section 3.2 uses the knowledge of
the sample, sample environment, and scan objectives as the input parameters. The optimization
tool includes a noise model to predict the probability of detection of the interested feature size, X-
ray absorption spectrum simulation tool to compute the output image contrast, and a screening
algorithm based on screening over all the possible scanning parameters. After, a cost function
is used to select the suitable configuration on the weighted average error in the feature size
criteria.
The working of the model is illustrated with the user-defined case study, Section 3.3.1. The
validation for some parameters is done and strengths, limitations, and recommendations for the
improvement of the optimization model are presented in Section 3.3.
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3.2 Model description

The global workflow proposed for the optimization model is presented in Figure 3.1.

Model inputs the preliminary knowledge of the sample, the in-situ process, and the
objective of the CT scan. The input parameters are described in Section (3.2.1). After, based on
the hypothesis and knowledge of the tomograph system, it loops over all acquisition parameter
space and computes the different possible configurations. For each configuration, it predicts
the image quality based on the output image contrast and weighted average error estimation
criteria in the feature of interest using the developed X-ray absorption simulation tool and noise
model. Then, a cost function is used to get the optimal configuration according to the given
aim of analysis. The development of the optimization tool and its different modules are detailed
in Section (3.2.2). The model outputs the tabular with all possible scanning configurations
including the CT scan geometry settings, detector parameters, expected image quality and
indicates the optimal configuration based on cost function, (Section 3.2.3).

Figure 3.1: Overview of the optimization model.

3.2.1 Input parameters

The input parameters of the optimization model were chosen to correspond to the user’s point
of view about

• the nature of the sample (physical and chemical composition)

• the type of measurement (post-mortem, ex-situ, or in-situ)

• the aim of analysis (L1, L2, and L3).

This leads to define 5 main categories of the user-defined input parameters that are
geometrical, absorption, temporal, and technical constraints and the aim of the analysis. These
constraints also define the boundary conditions for the screening algorithm. Figure 3.2 shows
these constraints along with their parameters used as an input for the screening model.

Geometrical constraints consist of the size of the sample and sample environment to be
placed inside the tomograph and the size of the feature of interest to visualize.

Absorption constraints include the physical and chemical composition, density, and the rep-
resentative volume fraction of the specimen.

Temporal constraints include the kinetic evolution of the features during the in-situ investi-
gation and the total duration of the process. For steady-state scanning, interface velocity can
be set to zero.
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Technical constraints incorporate mechanical or system constraints such as minimum and
maximum source-object-distance (sod) and source-detector distance (SDD). It also includes the
detector characteristics such as the total number of horizontal and vertical pixels and the pixel
pitch, and the limitation of the minimum and maximum exposure time.

Aim of analysis describes the objective of the tomographic study and is classified into three
levels: L1: qualitative analysis, L2: low-level quantitative analysis, and L3: high-level quan-
titative analysis. Details about these analyses are previously presented in Chapter 1, Section
(1.3.3).

Figure 3.2: Overview of the input parameters for the optimization model.
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3.2.2 Optimization tool development

This section introduces the development and the different modules of the optimization tool.
The overview of the different parameters that are optimized in the optimization model and the
technical inputs for the screening algorithm are presented in Figure 3.3.

The structure of the developed model consists of three modules: (i) modelling noise in
feature of interest, (ii) X-ray absorption contrast simulation, and (iii) screening algorithm. The
hypotheses used in these modules are presented in Section (3.2.2.1).

Initially, a noise model detailed in Section (3.2.2.2) was developed that estimates the
weighted average error in the segmented volume of the feature size. It considers the feature to
be spherical. Different model grayscale spheres of varying radius were generated, and statistical
computations were performed to compute the weighted average error.

Section (3.2.2.3) describes the procedure to simulate the X-ray absorption spectrum
for the computation of contrast in the output image. It includes the generation of X-ray poly-
chromatic spectrum, the interaction with the object and the computation of output integrated
transmitted intensity towards the detector pixel. This integrated transmitted intensity towards
the detector pixel is used to compute the contrast in the output image. The detector response
is not included in the model.

Section (3.2.2.4) details the screening algorithm that loops over the whole parameter
space and computes the possible scanning configurations based on the technical inputs. For
each configuration, it estimates the image quality in the sense of weighted average error in the
segmented volume of the FOI using the noise model taking into account the image contrast,
resolution, noise and the motion of the FOI. After a cost function is used based on the aim of
analysis to select the optimal configuration.

Figure 3.3: Overview of the optimized parameters and technical input to the optimization
model.

3.2.2.1 Hypothesis

The hypotheses used in the different modules of the optimization tool are listed below.

• The criteria for the optimization is based on the estimation of weighted average error in
the segmented volume of the feature size in the reconstructed dataset.
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• The feature of interest (FOI) is considered spherical, so 3D simulated spheres were used
to perform statistical computations for the estimation of weighted average error in the
thresholded volume.

• For the computation of weighted average error, threshold is defined as the mean gray value
of two phases. Considering Ībackground and Īsample being the intensity in the background
and sample with grayscale value 0 and 255, respectively, the defined threshold is at 128.

• The predicted noise on the radiographs is used for the computation of weighted average
error on the reconstructed datasets. No additional noise regarding the reconstruction
algorithm is added.

• For the computation of the image contrast, the transmitted intensity towards the detector
pixel was used. The detector response is not accounted for in the model.

3.2.2.2 Noise model (Modelling noise in feature of interest)

The purpose of the noise model is to estimate the weighted average error in the segmented
volume of the feature size based on the global image noise. The feature size is considered
a sphere and is represented by 3D simulated grayscale sphere of varying radius ranging from
1 to 10 pixels. Moreover, the motion is induced in the spheres ranging from 1 to 10 pixels to
incorporate the motion blurring artifacts that occurs during the dynamic acquisitions performed
at an insufficient temporal resolution.

The image noise is represented by Gaussian standard deviation. Probability density
and chi-squared distribution computations were performed to get the cumulative distribution
curve of thresholded voxels for a given radius sphere based on the global image noise using the
threshold value of 128. From this distribution curve, the weighted average error is estimated
using the volume of an ideal sphere as a reference. This operation is detailed in this section.

3.2.2.2.1 Sphere’s generation

A 3D grayscale image of a sphere is made of three types of voxels: full voxels that are wholly
inside the sphere, empty voxels that are wholly outside the sphere, and intermediate voxels that
are on the boundary of the two.

For the generation of 3D grayscale spheres, a script was built that takes as an input
the size of the image, the size of the sphere in terms of radius, and the central position of
the sphere within the image. Initially, 3D 8-bit binarized spheres with ten times larger radius
were generated centered on the center of the image. Binarized spheres were then down-scaled
by averaging to convert into the grayscale values. Full voxels and empty voxels were assigned
the values 255 and 0, respectively. Gray values of the intermediate voxels varies between 0
to 255. For gray value 0, only the voxels that touch the boundary of the sphere were taken
into account. Using this operation, series of the spheres with radii varying from 1 to 10 pixels
and their corresponding histograms representing the number of voxels for each gray level were
generated.

Figure 3.4(a) shows the central slice of grayscale sphere of radius 7-pixel highlighting
the full, empty and intermediate pixels. The corresponding histogram of the 3D sphere, Figure
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3.4(b), represents the gray levels and the number of times they occur in the sphere. It can be
noted that the histogram contains a large number of full voxels with gray value 255.

Figure 3.4: (a) The central slice of the grayscale sphere of radius 7-pixel highlighting different
types of pixels present in it and (b) the corresponding histogram of the 3D volume. For gray
level 0, only the voxels touching the boundary of the sphere were taken into account.

Motion incorporation

To incorporate the motion of the feature of interest that usually occurs during the
dynamic acquisitions and results in blurring, series of spheres of a specific radius were generated
by varying their x-directional central position according to the intended pixel motion and then
averaged together to simulate a single motion-induced sphere. A motion-induced sphere has more
intermediate gray value voxels at the boundary representing blurring and less full voxels at the
center. For each radius, spheres with motion ranging from one to ten pixels were generated.

Figure 3.5(a and b) shows the central slice of the 7-pixel radius sphere with 3-pixel
motion and the corresponding histogram, respectively. It can be noted that with the motion of
3 pixels, more intermediate grey voxels, and fewer full voxels exist in the histogram than without
motion, as presented in Figure 3.4(b). Similarly, the central slice of 7-pixel radius sphere with
7-pixel motion is shown in Figure 3.5(c and d), and even more intermediate voxels and fewer
full voxels can be observed in the grayscale image and in the histogram.
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Figure 3.5: (a & b) The central slice of the grayscale sphere of radius 7 pixels with 3-pixel
motion highlighting different types of pixels present in it and the corresponding histogram of
the 3D volume. (c & d) The central slice of the 7-pixel radius sphere with 7-pixel compensated
motion and the corresponding histogram of the 3D volume. For gray value 0, only the voxels
touching the boundary of the sphere were taken into account.

3.2.2.2.2 Statistical computations

The histogram of the sphere was used as an input for the statistical computations.
The purpose of the statistical computations was to determine the global probability distribution
curve of the thresholded voxels present in the 3D sphere. For this purpose, an estimation of the
gray level distribution of a sample of voxels was done from which the global distribution of the
number of thresholded voxels was computed.

The probability of each single gray level (sample) present in the histogram of the sphere
to be thresholded (i.e., assigned a gray value higher than 128) was estimated using the three-step
statistical computations operation. This three-step operation is illustrated in Figure 3.6 and is
explained below. For the demonstration of these steps, a single gray level µ = 180 with count n
= 9, in the radius-7 3D grayscale sphere is considered.
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Figure 3.6: Flowchart showing how the probability distribution histogram of a single gray
value voxel, present in the 3D sphere, is obtained.

First step: Initially, each gray level in the histogram was statistically noised by a
Gaussian noise to get the different variations of the mean gray level. A Gaussian noise is a
statistical noise that has a probability density function (PDF) equal to the normal distribution.
The PDF of a Gaussian random variable x is given as

f(x) = 1
σ

√
2π

e− 1
2 ( x−µ

σ
)2

(3.1)

where x and µ represent the gray level and the mean gray level, respectively, and σ

represents the standard deviation. From the distribution curve of a given gray level for a global
standard deviation, hundred different equally spaced possible variations of the mean grey value
were selected, Figure 3.6(a). Figure 3.7(a & b) shows the probability density distribution (PDF)
and commutative density distribution (CDF) curves for a gray value µ = 180 and count n = 9,
using global noise σ = 20.

Second step: In the second step, the possible variations of the global standard de-
viation were computed by plotting the chi-squared χ2 distribution with a degree of freedom k,
using sample standard deviation S. The PDF of the χ2 distribution of random variable x with
k degree of freedom is given as
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Figure 3.7: The probability density distribution and cumulative density distribution curves
for single gray level with gray value µ = 180 which occurs nine times in the image, count n =
9, using global σ = 20 using (a & b) normal distribution, (c & d) chi-squared distribution with
degree of freedom 8 (DF=n=9-1) using sample standard deviation S.

f(x) = 1
2k/2Γ(k/2)

xk/2−1e−x/2 (3.2)

where Γ represents the Gamma function. The degree of freedom k is linked to the
sample size n, that is in our case, using the following relationship

DF = k = n − 1 (3.3)

The global image noise (global standard deviation) σ can be linked with the sample
standard deviation S as, Eq. 3.4, where χ2 is the chi-squared value.

χ2 = (n − 1)S2

σ2
(3.4)

From the distribution curve, hundred different equally spaced sample standard devia-
tion S values were selected, Figure 3.6(b). Figure 3.7(c & d) shows the PDF and CDF curves
of chi-squared distribution for degree of freedom k=9-1=8, using sample standard deviation S.

Third step: After selecting the hundred different possible variations of mean gray level
and sample standard deviation, the probability of thresholded voxels was calculated using the
normal distribution. The cut-off threshold was set to 128, and all possible 10,000, combinations
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were computed. Figure 3.6(c) shows the iterative loop for the computation. The output of this
operation is the histogram of the probability of the thresholded voxels with bins equal to the
total count of the gray level (which in the current example is 9).

Figure 3.8 shows the probability distribution histogram of the thresholded voxels for
gray level µ = 180, with count n=9, at different values of the global noise level. It can be noted
that, at noise=20, there is more than 90% probability that all nine voxels will be thresholded.
But as the noise increases to 50 and 70, Figure 3.8(b & c), the probability of thresholding all
nine voxels starts to decrease (42% at noise = 50 and 32% at noise =70) while the probability
to threshold fewer voxels increases.

Figure 3.8: Probability of thresholded voxels for gray level 180 with count=9 at (a) noise =20
(b) noise=50 (c) noise=70.

This three-step operation to compute the probability distribution histogram was re-
peated for all 255 gray levels present in the histogram of the sphere to get the 255 different
probability distribution histograms. The total bins of a histogram of a specific gray level is
equal to the count of the gray level. After the resultant histogram combining all 255 histograms
was computed by sequencing addition of all histograms.

Figure 3.9(a) shows the flowchart illustrating the iterative operation to compute the
resultant histogram by combining all 255 histograms, while Figure 3.9(b) shows the procedure
of obtaining the cumulative of two histograms, and this procedure is used iteratively to get the
resultant of all 255 histograms.
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Figure 3.9: (a) Flowchart showing the procedure to obtain the cumulative histogram combining
all 255 histograms. (b) Illustration of how two histograms can be combined together to get the
resultant histogram.

Figure 3.10 shows the resultant probability distribution curve as a function of thresh-
olded voxels after the iterative summation operation for a sphere of radius 7 at different global
noise value. Total of 3147 voxels are present in the 3D simulated grayscale sphere of radius 7
pixels having gray levels ranging from 0 to 255 with 1450 voxels having gray levels higher than
128, which was set as a threshold value. At global noise=20, Figure 3.10(a), the probability
to threshold high number of voxels close to the actual volume is higher with very little curve
dispersion. But as the noise value increases to 50 and 70, Figure 3.10(b & c), the shape of the
curve starts to deviate more from the mean and the probability to threshold fewer and higher
voxels increases as represented in the graph.

Figure 3.10: Resultant probability distribution curve of thresholded voxels for radius 7 sphere
with (a) noise =20, (b) noise=50 (c) noise=70.

3.2.2.2.3 Error in the volume of feature of interest

To estimate the error, the relative change in the thresholded voxels, the x-axis of
Figure 3.10, was computed using the volume of an ideal sphere as reference using the following
expression, Eq. 3.5. The volume of an ideal sphere is given in Eq. 3.6.
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Errori = Thresholded voxels - Ideal volume
Ideal volume

(3.5)

Ideal volume = 4
3 ∗ πr3 (3.6)

Figure 3.11 shows the resultant probability distribution curve as a function of error in
the segmented volume of the radius 7 feature size. The horizontal axis of Figure 3.10 is just
changed to the error (relative change in volume) and shows the different probabilities of error
at different value of image noise.

Figure 3.11: Resultant probability distribution as a function of estimated error for radius 7
sphere with (a) noise =20, (b) noise=50 (c) noise=70.

To estimate a single value of the error, the absolute weighted average error from the
resultant probability distribution curve, Figure 3.11, was deduced using the Eq. 3.7 with ErrorW

represents the absolute weighted average error.

ErrorW =
∣∣∣∣∑n

i=1 ProbabilityiErrori∑n
i=1 Probabilityi

∣∣∣∣ (3.7)

The weighted average error from the probability distribution curve, Figure 3.11, was
calculated to be 3% at noise =20, 5.8% at noise =50, and 9.85% at noise =70. The standard
deviation of the weighted average error was deduced as well.

This whole three-step statistical computations operation till the estimation of weighted
average error was performed for all spheres of radius 1 to 10 pixel using different values of global
image noise ranging from 1 to 200. The results are summarized in Figure 3.12, which presents
the weighted average error as a function of image noise. Sphere radius is represented by different
symbols of different colors. In the graph, Figure 3.12, we can observe that:

• The weighted average error in the segmented volume of the feature size increases as a
function of the standard deviation. This is consistent with the general observation that
the noisier the image, the worst precision of the quantification.

• Two regimes depending on the size of the feature can be seen. When the radius is larger
or equal to 4 (diameter of at least 8-pixel sphere), the weighted average error remains
less than 10% for the image noise smaller than 75. Moreover, the weighted average error
remains limited to 20% for the radius equal and greater than 5 even at a higher value of
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the standard deviation while for radius 4 it can reach up to 30%.

• For sphere radius smaller than 3 pixels, the weighted average error is significantly high
even at the lower values of image noise, especially for radius 1 sphere. This is due to
the presence of very few full voxels (255 gray level) in the sphere’s 3D volume, leading
to the measurement error. With the increase in noise, the weighted average error further
increases in the segmented volume.

• This output curve from the noise model can be used to pre-estimate the image quality in
terms of measurement error in the volume of a specific size of the feature based on the
global image noise. Moreover, it can also help to estimate the number of pixels required
in the diameter of the feature of interest according to the required measurement accuracy
for estimated image noise.

Figure 3.12: Weighted average error in the segmented volume of the feature of different radius
sphere, centered on the central axis, as a function of global image noise.

Figure 3.13 presents the simulation results of the weighted average error as a function
of image noise for the spheres of radius 7 with motion ranging from 1 to 10 pixels. Motion is
represented by different symbols of different colors. It can be seen that for the radius 7 sphere,
the weighted average error increases with the motion. Due to the presence of less number of full
voxels (255 gray level) and more intermediate voxels (1 to 254 grey levels, more voxels in the
below 128 grey level) in the 3D grayscale image of the sphere, with the increase in the motion the
probability of thresholding number of voxels close to the actual volume of sphere decreases and
the dispersion (standard deviation) of the cumulative probability distribution curve increases.
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The dispersion of the curve continues to increase with the increase in global image noise and
leads to the increase in weighted average error as can be seen in Figure 3.13.

Figure 3.13: Weighted average error in feature size of radius 7 sphere simulated with motion
ranging from 1 to 10 pixels as a function of the global image noise.

However, some artifacts can be seen in the curve mainly for larger motion-induced
sphere, and with the increase in image noise, till the noise equal to 50, the weighted average error
decreases. These artifacts simply come from the fact that without the noise, the discretization
leads to an underestimation of the sphere volume (more voxels with gray level below 128). Since
we use saturated values (0 and 255), an addition of noise can only increase the sphere volume
and thus reduce the weighted average error.

To further understand this initial decrease, the cumulative probability distribution
curve as a function of error for the radius 7-pixel sphere with 7-pixel motion simulated using
different values of image noise is presented in Figure 3.14. It can be seen that at noise=20,
Figure 3.14(a), the dispersion (standard deviation) of the curve is small and the computed
weighted average error is 0.10. At noise=50, Figure 3.14(a), the computed weighted average
error decreases to 0.08 which shows a decrease of 25%. Although the dispersion of the curve
increases but there is a small probability to have a high value of error close to 0.5 which causes
the decrease in the weighted average error. Whereas, at noise=90 the dispersion of the curve
is increasing uniformly till the high value of error, and this causes the correct estimation of
weighted average error of 0.132.

It can be noted that at noise=50 and noise=90, the dispersion of the curve only in-
creases towards the right; this is due to the presence of a large number of intermediate voxels with
gray values less than 128 in the 3D grayscale images of the sphere. With the increase in noise,
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the probability to threshold these lower gray value voxels increase leading to the overestimation
of the thresholded volume.

Figure 3.14: Cumulative probability distribution as a function of estimated error for radius 7
sphere with 7 pixel motion at (a) noise =20, (b) noise=50 (c) noise=90.

The standard deviation of the weighted average error in Figure 3.13 for radius 7 spheres
with varying motion is presented in Figure 3.15. It can be seen that even with the decrease in
weighted average error with the initial increase in image noise, the standard deviation of the
weighted average error increases.

Three different regimes of the increase in standard deviation of the weighted average
error can be seen in the curve. (i) an linear increase in the standard deviation till noise = 25. (ii)
a sharp increase in the standard deviation from noise = 25 till noise = 90. (iii) a slow increase
in the standard deviation after noise = 90. Moreover, the standard deviation of the weighted
average error is relatively larger for a high value of image noise indicating the more spread or
variation in weighted average error.

Figure 3.15: Standard deviation in weighted average error in feature size of radius 7 sphere
with motion ranging from 1 to 10 pixels as a function of the global image noise.
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3.2.2.3 X-ray absorption simulation

As mentioned in Chapter 1, the contrast of an image is an important parameter for the image
quality. X-ray absorption spectrum was simulated in order to compute the image contrast. The
output transmitted intensity after passing from the specimen towards the detector pixel is used
for the estimation of the contrast. The computation of contrast involves three steps: first is to
simulate X-ray tube spectra, second is the calculation of X-ray mass attenuation coefficient for
a given specimen and third is the computation of the integrated transmitted intensity on the
detector pixel by Beer Lambert’s law.

A model AlCu specimen of 2mm diameter consisting of 95% Al matrix and 5% Cu
inclusion is considered for the demonstration.

3.2.2.3.1 X-ray polychromatic spectrum simulation

X-ray tube spectra was simulated using SpekPy [Poludniowski et al., 2021] which is
an open-source toolkit for modelling polychromatic X-ray spectra and allows the calculation
of X-ray polychromatic spectra consisting of bremsstrahlung and characteristic radiation. The
selectable parameters for SpekPy are (i) target material, (ii) anode angle, (iii) accelerating
voltage, (iv) source-detection distance, and (v) anode current. Furthermore, the shape of the
X-ray spectra can be modified by adding any filtering of arbitrary material of arbitrary thickness.

Figure 3.16 shows the emitted X-ray spectra from the tungsten W target at an anode
angle of 43 degree with a source to detection distance of 100 cm using 1 mAs current at different
acceleration voltages. No filtering material was used to modify the spectrum and the mean
energy at each voltage is listed in caption. It can be noted that both voltage and mean energy
of the spectrum are linked to each other meaning that with the increase in applied acceleration
voltage the mean energy of the spectrum increases. The peaks correspond to the characteristic
radiation and the continuous part of the spectrum represents the Bremsstrahlung radiation.

Figure 3.17 shows the emitted spectrum with same conditions but using of 1 mm
Aluminium (Al) filter, Figure 3.17(a), and 1 mm Copper (Cu) filter, Figure 3.17(b). A filter is
typically used to pre-harden the X-ray emission spectrum to prevent artifacts due to the low-
energy photons in CT scans. By comparing these different spectrum, it can be noticed that a
1 mm Al or Cu filter completely absorbs photons below 18 and 40 keV, respectively. Also the
intensity of photons in the energy range of 18 to 130 keV for Al and 40–130 keV for Cu is heavily
reduced as well. The use of filters also influences the mean energy of the spectrum which is also
largely responsible for the image contrast; the lower the mean energy the better the contrast.
But at the same time the exposure time and the power should be adequate to have a reasonable
SNR in the images.
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Figure 3.16: Simulations of emitted X-ray spectra from the tungsten W target at anode angle
of 43 degree at 100 cm detector distance and 1 mAs current at different acceleration voltages.
The bin width for the calculations is 0.5 keV.

Figure 3.17: Simulations of emitted X-ray spectra from the tungsten W target at anode angle
of 43 degree at 100 cm detector distance and 1 mAs current using different acceleration voltages
using 1mm (a) Al filter (b) Cu filter. The bin width for the calculations is 0.5 keV.

3.2.2.3.2 X-ray mass attenuation coefficient

X-ray mass attenuation coefficient µ/ρ, for different materials was tabulated using the
XrayDB python library, which uses the database from [Elam et al., 2002]. For the X-ray energies
up to 150 keV, the photoelectric effect is the dominant process that causes the X-ray attenuation,
thus X-ray mass attenuation coefficient µ/ρ strongly depends on the element’s atomic number
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and on the X-ray energy. In addition to these, sharp increases, so-called K-edges, will be seen at
the energy level just beyond the binding energy of the k-shell electrons of the absorbing atom.

The required parameters for the XrayDB function to calculate the mass attenuation
coefficient are the energy range and the atomic symbol of the element. Moreover, calculation of
mass attenuation coefficient for multi-element material can also be done by using the chemical
formula of the material, it’s density and the energy range. Figure 3.18 shows the X-ray mass
attenuation coefficient for Al and Cu with K-edge effect visible at the binding energy. The
K-edge of Al and Cu is at 1.56 keV and 8.97 keV, respectively.

Figure 3.18: X-ray mass attenuation coefficient µ/ρ, for Al and Cu over range of X-ray photons
energy. The bin width for the calculations is 0.5 keV.

3.2.2.3.3 Integrated intensity and contrast computation

As described earlier in, Chapter 1 (Section 1.2.2), the X-ray absorption along a ray path
from the source, after passing through an heterogeneous material towards a detector pixel can
be described by Beer-Lambert law for polychromatic radiation, Eq. 3.8. Along the X-ray path,
different materials contribute to the absorption depending on their mass attenuation coefficient
and penetration lengths.

I(d) =
∫ E

0
I(0, E).e−

∫ d

0 µ(E,s)dsdE (3.8)

Where I is the intensity of the beam before passing through the specimen and I(d)
the transmitted intensity after passing through the specimen, µ is the coefficient of the linear
absorption and is material dependent, and s is the thickness of materials composing the specimen.

To compute the output transmitted intensity I(d), towards a detector pixel after pass-
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ing through 95-5% AlCu specimen, the emitted X-ray tube spectra, Figure 3.16, and X-ray mass
attenuation coefficient, Figure 3.18, were integrated using, Eq. 3.8, by taking into account the
penetration lengths of both Al and Cu that are 1.9 mm and 0.1 mm respectively.

Figure 3.19(a) shows the resultant integrated transmitted intensity I(d), after passing
from model specimens over range of voltage 30-130kV. Blue curve represents the 95-5% AlCu
specimen with thickness 1.9 mm and 0.1 mm and black curve represents the 100% Al specimen
of 2 mm thickness. It can be seen that number of photons per unit area on the detector pixel
increases with the voltage and its higher for a less absorbing specimen (100% Al). The presence
of 5% Cu which is a high absorbing element, in the blue curve, decrease the transmitted flux.
Figure 3.19(b) displays the normalized intensity for the same model specimens after dividing it
by background intensity. Background intensity was computed by integrating only the first part
of the Eq. 3.8 without considering the specimen.

Figure 3.19: Integrated X-ray spectra, using Eq. 3.5, after passing from 100% Al, and 95-
5% AlCu model specimens without any filter over range of voltage 30-130kV. (a) Total photon
fluence per unit area, (b) Transmitted fluence normalized by background fluence.

From this transmitted intensity curve, the contrast C, can be computed by using the
following equation, Eq. 3.9, where I(d)Al and I(d)AlCu correspond to the transmitted intensity
after passing from 100% Al specimen and 95-5% AlCu specimen at a given acceleration voltage.

C = I(d)Al − I(d)AlCu

I(d)Al + I(d)AlCu
(3.9)

Figure 3.20 shows the integrated intensity for the 95-5% AlCu model specimen and
the corresponding contrast over range of voltages. As expected the contrast starts to decrease
as the acceleration voltage increases. The higher contrast resulted with the low voltage values
but at the same time the photon flux is significantly low which will result in poor SNR and
brightness in the images. At higher voltage the mean energy of the spectrum increases leading
to the decrease in contrast. So a trade-off between the output image contrast and brightness
is made for the selection of optimal source parameters. For the homogeneous specimen, the
contrast can be computed by taking the intensity difference using the background transmitted
intensity I(d)background as the reference value.
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Figure 3.20: Integrated X-ray spectra, using Eq. 3.5, after passing from 95-5% AlCu specimen
and corresponding contrast without any filter over range of voltage 30-130kV.

Figure 3.21 shows the integrated intensity after passing from the 95-5% AlCu model
specimen and by using different filtering materials of 1 mm thickness over the range of voltages.
The effect of the different filtering materials on the transmitted spectrum is clearly visible, the
total number of photons per unit area significantly reduced as we use the filter of higher atomic
number with higher absorption power. With the increase in the thickness of the filters, the
photon flux is further reduced.

The purpose of this X-ray absorption simulation in the optimization model is to com-
pute the contrast and the photon flux in the output image for a given specimen specifications
(thickness and constituent materials) and for a given acceleration voltage.
The suitable voltage depending on the required contrast in the output image need to be selected
for a given CT scan. Filter can be placed on the X-ray tube to modify the generated spectrum.
The combination of voltage, current and filter affects the total photon flux and the mean energy
of the spectrum for a given exposure time, which contributes to the source noise in the recorded
radiographs.
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Figure 3.21: Influence of various filters on the integrated transmitted beam over range of
voltage 30-130 kV.

However, the detector response is not implemented in the simulation tool so some
difference can be expected for the computed contrast and the actual output image contrast.
The detector response can be implemented in the Eq. 3.8 to estimate the photon flux received
by the detector and furthermore the received photon flux can be approximated to the grayscale
value on the radiographs from which the image contrast and SNR can be estimated accurately.
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3.2.2.4 Screening algorithm

The next module of the proposed model is the screening algorithm that loops over all possible
scanning parameters and estimate the all possible scanning configurations for a CT scan. It uses
the X-ray absorption simulation tool and noise model, presented in Section 3.2.2.2 and 3.2.2.3,
to estimate output image contrast and the weighted average error in the segmented feature size
(probability of detection) for each configuration. The simplified form of the screening algorithm
is presented in a flow chart in Figure 3.22. The nested loop operations implemented in the
screening algorithm is also illustrated in Figure 3.23.

Figure 3.22: Flowchart of the work flow of the screening algorithm.

Four major nested loops functions are implemented in the screening algorithm and each
major loop function contains sub-loops as can be seen in Figure 3.22 and 3.23.
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Figure 3.23: Flowchart of the work flow of the screening algorithm illustrating the implemented
nested loops.

The screening algorithm starts with the first major loop over the range of voltage
that is provided as a technical input to the model.

It then fix the source-object-distance (SOD) based on the closet possible distance by
taking into account the size of the sample environment from the input parameters. Eq. 3.10
can be used to estimate the closet position of SOD, where ϕd is the distance between the X-ray
source focal point and the output window, which is 14 mm for the EasyTomXL coupled with
micro-focus X-ray source. τ is the thickness of the filter and d is the diameter of the sample
environment for a in-situ scan or the diameter of the sample/sample holder for a static scan.

SOD = ϕd + τ + d/2 + few mm for rotation if the sample is misaligned (3.10)
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Once the SOD is fixed, the second major loop is based on the range of source-
detector-distance (SDD). The minimum and maximum possible position of detector for a given
CT system is provided as a technical input to the model and step defines the increment for
each iteration. For each SDD, geometrical parameters such as voxel size and magnification are
calculated using the Eq. 3.11:

SDD

SOD
= Ppitch

Vsize
(3.11)

where Vsize is the voxel size of the scan and Ppitch represents the pixel pitch of the
detector. The number of voxels in the diameter of the feature of interest (FOI) in the specimen
is computed based on the calculated voxel size and the size of the FOI provided as an input
parameter. Following equation can be used:

feature voxels (number of voxels in diameter of feature) = feature size
voxel size

(3.12)

Half of the feature voxels represents the radius of the feature size and this radius will
be used as an input parameter to the noise model as radius of the sphere (feature) to compute
the weighted average error in the segmented volume of the feature.

After, the maximum current is estimated for a given voltage to get the maximum
power. The maximum reachable current depends on the focal spot mode of the source. For
each focal spot mode, the maximum current is limited in order to prevent damage to the anode
and the size of the focal mode restricts the attainable resolution. For the micro-focus source
(Hamamatsu L12161-07 Reflection) installed in the EasyTomXL, the curve presented in Figure
3.24, was used to estimate the maximum current for a given spot size and voltage.

Three different focus modes are available associated with the restraint on the maximum
power. The operational range of the source is 40 to 150 kV for the applied voltage and 10 to
500 µA for the applied current depending on the focus mode. The focus mode is usually decided
depending on the desirable pixel size, small focus mode if voxel size is less than 10 µm and
maximum reachable power is limited to 10 W, middle focus mode if voxel size is less than 30
µm and maximum reachable power is limited to 30 W, and large focus mode for the voxel size
higher than 30 µm and maximum reachable power is limited to 75 W. Usually in a CT scan,
the voxel size is larger than the focal spot size.
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Figure 3.24: X-ray tube voltage and the current operation range according to the focus mode
of the micro-focus X-ray source.

After computing the maximum current for a given voltage, X-ray absorption simula-
tions are performed in order to compute the output photon flux and the contrast according
to the procedure detailed in Section 3.2.2.3. The sample size and the composition of the dif-
ferent materials that constitute the sample given as input parameters, and already estimated
X-ray source and geometrical parameters (voltage, current and SDD) are used for the contrast
computation.

The third major loop in the screening algorithm is based on the range of exposure
time. The minimum and maximum value of the exposure time is provided as technical input to
the model based on the detector binning and the step defines the increment after each iteration.
Two additional loops, one on the projections average and another on the number of projections
are implemented inside the exposure time loop. The number of projections or number of pro-
jection angles for a scan is initially estimated based on the Nyquist–Shannon sampling theorem
found in signal processing [Herman, 2010], Eq. 3.13.

Nbproj = π

2 ∗ number of horizontal detector pixels covered by sample (3.13)

After estimating the number of projection angles for an iteration configuration, the
noise on the radiograph can be estimated. The three type of noise, source noise, readout noise
and continuous noise are summed together to compute the noise per angle, Eq. 3.14

noise per angle = source noise + readout noise + continuous noise (3.14)
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The source noise is the dominant noise for a given configuration which can be estimated
based on the Eq. 3.15 and is inversely proportional to the detected X-ray photon flux [Verdun
et al., 2015].

source noise = 255√
contrast ∗ photon flux ∗ exposure time (3.15)

The photon flux given by the X-ray spectrum simulations tool is in per unit area (cm2)
per second exposure time units for an input voltage, current and SDD. Prior to the computation
of source noise, some basic calculations were performed in order to convert this photon flux in
the physical units, i.e. per unit detector pixel area (µm2) per exposure time. The source noise
is estimated based on the photon flux towards the detector pixel, it underestimates the noise
since the detector response is not implemented in the X-ray absorption simulations.

Noise per projection angle ranges between 0 to 255 and is computed without any
projection average. A loop on the projection average Nbproj−average, is implemented and noise
per projection angle is updated accordingly, using the following equation, Eq. 3.16 that the
magnitude of noise reduces by the square root of the number of projections averaged [Carmignato
et al., 2017a].

noise per angle with average = noise per angle√
Nbproj−average

(3.16)

The projection average was increased from 1 to 12 with an increment of 1 after each
iteration. With the increase in the projection average, the noise per angle will decrease according
to the inverse square law.
Another loop is implemented on the required number of projection angles. Eq. 3.13 overesti-
mates the required number of projections and they can be reduced without much affecting the
image quality. However by reducing the projections, aliasing noise will increase the noise per
angle with average. The Nbproj was reduced to half after reach iteration and the corresponding
aliasing noise was estimated according to Eq. 3.17 and was added in the noise per angle with
average.

noise aliasing = α

(Nbproj)β (3.17)

With the decrease in the number of projections, aliasing noise will increase and this
increase depends on the value of coefficients α and β [Zhao et al., 2014b]. The values of α

and β were derived from the experimental dataset in which scans with the decreasing number
of projection were recorded and the standard deviation was measured on the projections. The
estimated values were 336 for α and -0.606 for β.

In the loop for Nbproj , the number of projections were reduced by a factor of two in
each iteration and corresponding aliasing noise was estimated accordingly. The noise per angle
with average was updated using Eq. 3.18:

Image noise = noise per angle with average + noise aliasing (3.18)
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The scan time can be estimated by the multiplication of the exposure time, number of
projections and projection average as:

Scan time = Nbproj ∗ Nbproj−average ∗ (exposure time + readout time) (3.19)

For the continuous in-situ acquisition, using the estimated scan time and kinetic evo-
lution of the feature provided as an input temporal parameter, the motion of the feature size
during a scan can be estimated according to the Eq. 3.20.

Motion = velocity interface ∗ scan time
voxel size

(3.20)

The final loop, fourth, for the screening algorithm is based on computing the proba-
bility of detection (weighted average error) in the segmented volume of the feature according to
the radius of the feature and noise in the radiograph. The number of voxels in the diameter of
the feature size is already computed using Eq. 3.12 from which radius can be deduced, half of the
diameter. The final image noise and motion of the feature size are estimated with Eq. 3.18 and
Eq. 3.20, respectively. It should be noted that photon flux and the contrast has already been
used to estimate the final image noise. Using these as input parameters (image noise, motion,
feature voxels) to the noise model, the weighted average error can be estimated as explained in
Section (3.2.2.2).

The output of the screening algorithm is a tabular file containing all the possible
configuration for a CT scan and estimated image quality based on probability of detection and
contrast for each configuration.

3.2.2.5 Cost function

After getting the set of different scanning configurations for a CT scan, a cost function is defined
to select the optimal configuration.

Different strategies can be used to implement the cost function. In the optimization
model, the parameters that are usually used to make the trade-off in choosing the optimal
configuration such as image contrast, resolution including the number of pixels in the diameter
of FOI and motion were already implemented, so we implemented the cost function only based
on the weighted average error in the interested feature size.

Three different categories for the level of analysis were defined in the input parameters:
L1: qualitative analysis, L2: low-level quantitative analysis and L3: high-level quantitative
analysis. According to the level of analysis, the maximum limit values of the weighted average
error were set in the cost function as follow:

• For L1 analysis: Maximum weighted average error in the FOI of 20 percent.

(Classically for L1 analysis, a minimum of 6 voxels in the diameter of the feature of
interest, image contrast of 0.3 to 0.5 are expected, but for the implemented cost function
these parameters were not constraint.)
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• For L2 analysis: Maximum weighted average error in the FOI of 10 percent.

(Classically for L2 analysis, a minimum of 8 to 10 voxels in the diameter of the feature of
interest, image contrast of 0.3 to 0.5, and minimum motion in the FOI are expected).

• For L3 analysis: Maximum weighted average error in the FOI of 5 percent.

(Classically for L3 analysis, a minimum of 16 voxels in the diameter of the feature of
interest, image contrast of 0.3 to 0.5, and no motion in the FOI during the scan are
expected.)

3.2.3 Output parameters

As mentioned earlier, the output of the optimization model is a tabular file containing the
possible scan configurations for a CT scan and the optimal configuration is selected based on
the cost function that is designed according to the objective of analysis to be performed on the
3D dataset. Scan parameters that are optimized by the model and given as an output is shown
in Figure 3.25.

Figure 3.25: Overview of the output parameters.
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3.3 Validation and discussion

In this chapter, an attempt towards the optimizing of the CT acquisition parameters is presented
by developing an optimization model. The model estimates the suitable scanning configurations
for a given CT scan based on specimen’s specifications. After, the optimal configuration is
chosen by using the cost function. In this section the validation and the discussions regarding
the strengths, limitations and further improvement of the optimization model is presented.

Initially in Section 3.3.1, the functionality and the efficiency of the optimization model
to estimate the optimal configuration is illustrated with the help of an real-time CT scan case
study. The input and output parameters and the sensitivity of the cost function to the various
acquisition parameters are discussed. In Section 3.3.2 and 3.3.3, the validations of the different
predicted parameters of the model is confronted with the experimental values. Further discussion
about the strengths, limitations and improvements needed for the optimization model is detailed
in the Section 3.3.4.

3.3.1 Validation 1: case study

3.3.1.1 Problem statement

A 1 mm diameter Al specimen with 5% Cu inclusions needs to be scanned with a scan time of less
than 1 minutes. This constraint on the scan time comes from the loading conditions of the in-situ
environment. The interested feature to be quantified is a small Cu inclusion of 100 µm diameter.
3D reconstructed images need to be quantified with the level 3 (high-level quantitative) analysis.
The EasyTom XL coupled with micro-focus source and flat-panel detector located in laboratory
SIMAP will be used for the CT scan.

What should be the suitable parameters of the CT scan?

3.3.1.2 Model input parameters

According to the given information (sample size and the size of the feature of interest FOI),
a high resolution scan is needed in order to quantify the interested feature so the detector’s
parameters in full acquisition mode (no binning) was directly used in the optimization model
which gives the detector size of 1840 x 1456 with pixel pitch of 127 µm. Binning 2 and binning
4 mode of the detector will result in lower scan resolution making it difficult to quantify the 100
µm feature.

The geometrical and absorption constraints and the aim of analysis, detailed in Section
3.2.1, were given to the model as input parameters and are listed in Table 3.1.

The farthest position of the detector in EasyTom XL is 668 mm so the reasonable range
of source-detector-distance (SDD) from 300 to 660 mm was added as an technical input to the
model. Moreover, the full acquisition mode of the detector limits the minimum exposure time
to 0.08 seconds (12.5 frames per second), so a range of exposure time from 0.08 to 1 seconds
was given as technical input. All these input parameters along with the technical inputs given
to the model are listed in Table 3.1.
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Table 3.1: Input parameters to the optimization model.

Input parameters Value
Sample diameter [cm] 0.1
Matrix material Aluminium [Al]
Matrix material diameter [cm] 0.095
Matrix material density [g/cm3] 2.7
Inclusion material Copper [Cu]
Inclusion material diameter [cm] 0.005
Inclusion material density [g/cm3] 8.96
Feature of interest [µm] 100
Sample environment diameter [mm] 40
Level of analysis L3: high-level quantitative
Technical input Value
Range of SDD [mm] 300 to 660, step = 30
Range of voltage [kV] 30 to 100, step = 10
Range of exposure time [s] 0.08 to 1, step = 0.2
Range of projection average 1 to 6, step = 1
Detector size 1840 x 1536
Detector pixel pitch [µm] 127

3.3.1.3 Model output parameters

Based on the input parameters, the optimization model predicted the different possible config-
urations of the scan and a suitable configuration presented in Table 3.2(a) was chosen by using
the cost function that outputs the scan configuration with the minimum error in the segmented
volume of the feature of interest and satisfies the constraint on the scan time. This selected con-
figuration results in a scan time of 58 seconds with 240 number of projections with an average
of 3 using exposure time 0.08 seconds at 70 kV voltage and 142 µA current.

The 40 mm diameter sample environment and the 14 mm distance between the source
focus point and the output window limit the SOD to 34 mm and combined with a SDD of 660
mm results in voxel size of 6.5 µm with binning 1 configuration. With this geometry, a total
of 16 voxels are estimated in the diameter of the interested feature of size 100 µm resulting
in an estimated weighted average error of 2.2% in the thresholded volume. The exposure time
of 0.08 seconds (minimum limit with no binning mode) was chosen which results in weighted
average error of 2.2% with the sub-minute scan time combined with other parameters. Although
longer exposure time can further increase the measurement accuracy of the feature but it will
significantly increase the required scan time.

However, different other scanning configurations output by the optimization model, in
the output tabular file, can also result in the weighted average error within the range of 2.3 to
3% which can be used for CT scan as well. One possibility can be to use half of the number
of projection (120 projections), it will increase the weighted average error in the feature size to
3.7% but it can help to reduce the total scan time from 58 seconds to 28 seconds with keeping
the all other parameters constant as per selected optimal configuration. Such possibilities are
addressed in the following section.
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Table 3.2: CT configuration predicted by optimization model.

Scanning
parameters

Model estimated value for
scan time ≈ 1 minute

SOD [mm] 34
SDD [mm] 660
Voxel size [µm] 6.54
Magnification 19.4
X-ray voltage [kV] 70
X-ray current [µA] 142
Contrast 0.26
Number of projections 240
Projection average 3
Exposure time 0.08
Scan time [s] 58
Number of pixels
in the diameter of the
feature of interest

16

Weighted average
error in the feature
of interest

≈ 2.2%

3.3.1.4 Accessing the efficiency of the model

In order to see the assess the efficiency of the model it is important to understand the sensitive-
ness of the cost function to the various acquisition parameters. For this purpose, for the selected
optimal set of parameters defined in Table 3.2(a), the evolution of the cost function in terms of
weighted average error in the segmented volume of the feature size is plotted as a function of
each parameter.

Figure 3.26(a) shows the evolution of weighted average error as a function of the number
of projections with average 1 and 3 with keeping all other parameters at their optimal value.
The evolution of the standard deviation in weighted average error is plotted as a secondary
y-axis in red color. An increase in the weighted average error is observed with decreasing the
number of projections for both average 1 and 3. 240 projections, estimated by Nyquist sampling
theorem, were selected as an optimal value since it produces the minimum weighted average
error. However, 50% of the initial projections result in good order of measurement accuracy
which is consistent with the previously reported study [Gómez and Smith, 2020].

By decreasing the number of projections, only the aliasing noise is added in the model,
but the noise will change as a function of feature size and the position (near the axis of rotation
or far away). The decrease in number of projections with average 1 result in significantly high
value of standard deviation in weighted average error due to the high image noise whereas the
increasing tendency of the standard deviation with average 3 seems to be in good order. More-
over, it should be noted that by reducing the number of projections, dimensional measurement
such as the volume of the feature is not significantly affected but it can have an significant
effect on the form measurement such as sphericity or cylindricity. No such criteria on the error
estimation for the form measurement is currently implemented in the optimization model.
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The evolution of weighted average error and the standard deviation in weighted average
error (in secondary y-axis in red color) as a function of average of the number of projection is
presented in Figure 3.26(b). A decreasing trend in weighted average error and the standard
deviation in weighted average error can be observed with the increase in the averaging at each
projection angle. This decrease is due to the reduced estimated image noise which increases the
measurement accuracy for a 16 pixel diameter feature.

Figure 3.26: The evolution of the weighted average error and the standard deviation in
weighted average error (in secondary y-axis in red color) in the feature size as a function of
(a) the number of projections (b) average of the number of projections, keeping all other param-
eters at optimal value.

Figure 3.27(a) presents the evolution of weighted average error and the standard devia-
tion in weighted average error (in secondary y-axis in red color) as a function of source-detector
distance (SDD) for both projection average 1 and 3. No significant variations in the weighted
average error with the change in SDD is observed expect for the SDD of 300 mm which results
in higher error. In order to understand this behaviour, the effect of SDD on the parameters that
are directly related to the estimation of the weighted average error is investigated.
Although all other acquisition parameters are at their optimal value but changing SDD automat-
ically change certain parameters that are presented in Figure 3.27(b, c & d). With the increase
in SDD from 300 mm to 660 mm the voxel size of the scan decreases from 14.3 µm to 6.45 µm
resulting in higher resolution of the scan, Figure 3.27(b). Similarly increase in SDD results in
larger feature size (more number of pixels in the diameter of the 100 µm feature) as indicated
in Figure 3.27(c). However, at the same time, the photon flux received on the detector pixel
decreases as per inverse square. This decrease in photon flux at larger SDD results into higher
estimated image noise. High image noise for a large SDD combined with a large feature size and
low image noise for a small SDD combined with a small feature size yields similar estimation of
weighted average error.

It is concluded that within the SDD range from 300 to 660 mm with other acquisition
parameters at their optimal values, 100 µm feature size seems quantifiable but feature size
smaller than 50 µm would be difficult to visualize and quantified as size of the feature in pixels
would be smaller and it’ll result in significantly high weighted average error even at low values
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of image noise, as previously explained in Figure 3.12. Moreover, a further criteria on the
weighted average error with changing SDD and correspondingly estimated feature size need to
be implemented in the model.

Figure 3.27: (a) The evolution of the weighted average error and the standard deviation in
weighted average error (in secondary y-axis in red color) in the feature size (b) voxel size, (c)
estimated radius of feature size and (d) estimated number of projections, as a function of SDD.

Similarly Figure 3.27(d) shows the evolution of estimated number of projections with
the change in SDD. With the increase in SDD, the number of detector pixels covered by the
sample increases (window size) resulting in increase in estimated number of projections as per
Eq. 3.13. However, this estimated number of projection is the maximum number estimated by
Nyquist sampling theorem for the reasonable reconstruction with FBP algorithm. In practice,
it can be reduced to half without much affecting the measurement accuracy.

The sensitively of the weighted average error and the standard deviation in weighted
average error (in secondary y-axis in red color) as a function of the exposure time is presented
in Figure 3.28(a). The decreasing tendency of the weighted average error with an increase in
exposure time is consistent with the general observation that the longer the exposure time,
the better the image quality. Longer exposure times increase the photon flux received by the
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detector leading to the higher image quality and higher measurement accuracy of the feature
but at an expense of the total scan time.
Similarly, the evolution of the weighted average error and the standard deviation in weighted
average error (in secondary y-axis in red color) as a function of the acceleration voltage is shown
in Figure 3.28(b). No effect on the weighted average error is seen with the change in voltage. This
is due to the fact that in the screening algorithm the power is always kept constant according
to the spot size as per Figure 3.24. In the current case-study, the small spot size is used for the
voxel size of 6.45 µm which limits the maximum power to 10 W. In order to get the power of
10 W for each configuration of voltage, the corresponding current is changed accordingly. For
example, the estimated current at 50 kV is 200 µA and at 100 kV is 100 µA. Since no variation in
the measurement accuracy with the change in voltage is observed, it is concluded that a criteria
on the weighted average error with the change in voltage also needs to be implemented.

Figure 3.28: (a) The evolution of the weighted average error and the standard deviation in
weighted average error (in secondary y-axis in red color) in the feature size as a function of (a)
exposure time, (b) voltage.

Figure 3.29 and 3.30 present the other possible configurations for the scan from the
output tabular file illustrating the potential of the model. Figures show the contour plots
illustrating the effect on weighted average error as a function of number of projections and
exposure time with average 3 and average 1, respectively. Number of projections range from 240
(maximum estimated number) to 60 projections and exposure time ranges from 0.08 (minimum
possible with flat-panel no binning mode) to 1 seconds with all other parameters constant as
per Table 3.2(a).

Different configurations can be used resulting in almost similar measurement accuracy.
It is interesting to note that, in case of ultra-fast scan, an exposure time of 0.08 second combined
with only 60 projections with average 1 can be used, Figure 3.30. It would help in reducing the
scan time to 5 seconds, although at an expense of the measurement accuracy. Such compromise
can be acceptable for in situ condition where ultra-fast dynamic process need to be imaged.
Moreover, using the 60 projections results in high value of image noise by reconstructing with
filtered back-projection algorithm. In such cases, the possibility of using different reconstruction
algorithm needs to be explored that can accurately reconstruct the datasets with significantly
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Figure 3.29: The contour plot showing the effect on weighted average error as a function of
the number of projections and exposure time with average 3.

Figure 3.30: The contour plot showing the effect on weighted average error as a function of
the number of projections and exposure time with average 1.

reduced projections such as iterative reconstruction algorithm and artificial intelligence and
machine learning based reconstruction algorithms [Hendriksen et al., 2019, Pelt et al., 2018,
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Weigang and Jinxiao, 2021].

3.3.2 Validation 2

As detailed in Section 3.2.2.2, the noise model estimates the probability of detection for a given
size of the spherical feature of interest based on the global image noise. The global image noise
is defined in-terms of Gaussian standard deviation. Feature size of radius 1 to 10 pixels are
currently implemented in the noise model. In order to validate the estimated weighted average
error from the noise model, a tomography with a phantom consisting of spherical object was
performed.

Phantom that was used is a carbon rod with 2 mm diameter consisting of circular steel
bead of diameter 1 mm. The steel bead was used as a feature of interest. The geometry of the
scan was initially optimized using the model in order to get the maximum of 20 pixels in the
diameter of the steel bead to compare with the model. The optimized geometry resulted in SOD
of 30 mm, SDD of 285 mm with a voxel size of 53.44 µm using the binning 4 mode of the detector.
This resulted in approximately 18.7 voxels in the diameter of the bead (radius 9.35 pixels). The
scan was recorded using the Voltage of 140 kV and 70 µA current using 0.5 mm Cu filter. 100
radiographs were taken with an average of 3 using exposure time of 0.0167 seconds. The recorded
radiographs were reconstructed with the filtered-back-projection algorithm implemented in the
tomograph reconstruction software.

Figure 3.31(a & c) represents the reconstructed central slice of the steel bead consist-
ing of approximately 18.7 pixels in the diameter and corresponding histogram. Due to the high
absorption coefficient of the material, cupping artifacts are clearly visible which will affect the
thresholding operation leading to the measurement error. Figure 3.31(b & d) shows the corre-
sponding 10 pixel radius simulated sphere by the sphere generation script and the corresponding
histogram.

The reconstructed sphere was thresholded using the threshold value 128 which was
used in the noise model and the corresponding sphere volume was estimated by counting the
total number of white voxels. After, the relative error in the sphere volume was computed using
the volume of ideal sphere of radius 9.35 pixels, Eq. 3.6, as reference. The error is estimated
to be around 3.3% whereas the weighted average error predicted by the optimization model for
radius 10 pixel sphere is around 1%. This difference of 2.3% in the volume measurement can be
explained by the following facts:

• The noise model predicts the error on the basis of noise measured in the radiographs. The
noise in the reconstructed projections is significantly increased which is not included in
the model. Moreover no further noise based on the image artifacts (cupping artifacts) is
included in the noise model. These artifacts do not necessarily affect the standard deviation
of the image but can highly affect the feature of interest as seen in Figure 3.31(a) leading
to the difficulty in segmentation.

• The threshold of 128 was used in the noise model for the computation of weighted average
error assuming the saturated gray value 0 and 255 in the image background and in the
sample, respectively. However, in the actual this assumption is not true, the threshold value
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Figure 3.31: (a) A reconstructed slice of a steel bead with 20 pixels in the diameter. (a) A
slice from the 3D simulated sphere with the radius of 10 pixels.

in the reconstructed volume depends on the histogram and it is generally not exactly 128
as can be noted in the Figure 3.31(c).

• Moreover the error is compared with the radius 10 simulated sphere and the actual size
of the reconstructed sphere is radius 9.35, as predicted by the optimization model, due to
which some error can be expected.

3.3.3 Validation 3

Figure 3.32 shows the comparison between the image noise in terms of standard deviation
predicted by the model on the experimentally recorded radiographs as a function of the average
of the number of projections keeping the total number of projections and other CT detector
parameter constant. A cellulose cube 9 mm3 was used as a phantom and its dimensions and
material properties were inserted in the model for computing X-ray photon flux using X-ray
absorption spectrum simulations and then estimating noise.

The voltage of 100 kV and 300 µA were used as X-ray source parameters and SDD
= 757 mm and SOD = 42 mm as geometrical parameter. An aluminium filter of 0.5 mm
thickness was placed on the X-ray source to discard the low-energy photons. 12 different scans
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consisting of 720 radiographs were recorded at frame rate of 60 per second varying number of
projection averaging in each scan. The dataset was reconstructed using classical filtered back-
projection algorithm. The resultant noise on the radiographs, on the reconstructed projections
and predicted by the optimization model is shown in Figure 3.32.

Figure 3.32: Comparison of the standard deviation on the radiographs from optimization
model and from experimental dataset as a function of average of the number of projections.
Noise on the reconstructed slices is presented as well.

It can be seen that developed model efficiently predicts the noise in the radiographic
images, and tendency of the decrease in the image noise with the increase in image is consistent
with the experimental measurement, Figure 3.32. However the noise in the reconstructed slices
is measured to be three times higher. In the model, the probability of detection is computed
based on the noise in radiograph and not in reconstructed slices due to which difference in the
error measurements is expected. The predicted noise on the radiograph with decreasing number
of recorded projections was also found to be consistent with the experimental dataset, as the
experimental curve for aliasing noise was implemented in the screening algorithm.
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3.3.4 Strengths, limitations and recommendation for the improvement of the
model

The strengths and limitations of the model along with the recommendation that can be imple-
mented for better estimation of the optimized CT configuration are discussed below.

• The model is quite efficiently able to estimate all the geometrical parameters by taking
into account the dimensions of the sample and the sample environment. Moreover the
modules to compute the detector pixels covered by the sample to estimate the number of
projections and number of pixels in the diameter of the interested feature are also well
modelled by implementing the physical laws.

• In the noise model, the spherical feature of interest of radius 1 to 10 pixels are currently
implemented. The histograms of the 3D simulated spheres were used for the statistical
computations. Moreover the criteria on the motion of the feature is also implemented that
usually occurs during the dynamic acquisitions. The feature size can be extended to larger
radius and to different shapes as well.

• The criteria for the optimization is based on the estimation of weighted average error in
the thresholded volume of the interested feature. The computation of thresholded volume
comes under the dimensional measurements. Moreover nested loops implemented on the
number of projections and projection averaging updates the image noise for the measure-
ment of thresholded volume of the interested feature. It was noted that the decrease in
number of projections to half or one third of the initial estimated projection do not have
a significant effect on the thresholded volume. However, it can have an effect on the form
measurements such as sphericity, flatness and cylindricity. The criteria on the weighted
average error on the basis of form measurements is not currently implemented in the noise
model. To improve efficiency of the optimization, such criteria can be implemented.

• The statistical computations for the estimation of the weighted average error in the seg-
mented volume of the FOI is well implemented. Initially, this operation estimates the
probability of the thresholded voxels for each single gray level present in the histogram
separately, for a specified noise, and then a cumulative probability distribution histogram
for all gray values is generated from which weighted average error is deduced. However
the threshold limit was selected at 128, based on an ideal case senior with grayscale value
in the background and sample being 0 and 255. The threshold limit value can be adjusted
based on the experimental dataset.

• The motion of the feature was incorporated by inducing blurring in the simulated 3D
grayscale sphere. This was done by generating the series of 3D spheres with varying
their x-directional central position according to the pixel motion and then computing the
single averaged sphere. This averaged sphere has more intermediate gray values along
the boundary representing blurring but the size of the sphere remains constant. However,
a detailed experimental validation is needed to validate the motion-induced simulation
results for spherical object.

• The methodology for the X-ray absorption spectrum simulation tool is well built and it
takes into account the spectrum generation using X-ray tube parameters, and it’s interac-
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tion with the sample using sample thickness and constituent materials for the computation
of integrated transmitted intensity towards the detector pixel at a given detection distance.
However, the detector response is not modelled in the tool. The image contrast is esti-
mated based on the photon flux towards the detector pixel without considering the detector
response which might leads to the overestimation of the image contrast.

• For the estimation of weighted average error, the estimated noise on the radiograph for a
given configuration is used in the noise model. However, in an actual case, image quality
is further reduced due to the reconstruction algorithm and due to the artifacts. Only the
noise due to undersampling (aliasing) artifacts was taken into account. Noise per projection
needs to be updated by introducing the noise for the reconstruction algorithm and for the
image artifacts for further refining the error measurements in the FOI. Currently the image
quality is estimated as a function of the Gaussian noise. Other image quality indexes such
as signal-to-noise ratio and contrast-to-noise ratio can be implemented as well to estimate
the weighted average error in the interested feature.

• The screening algorithm is based on the nested loop function that loops over the all possible
scanning parameters in sequential order and outputs the possible scanning configurations.
In the workflow of the screening algorithm the order of the looping is defined as: the first
major loop is implemented on the range of voltage, the second major loop over the range
of source-detector distance (SDD) and the third major loop on the range of exposure
time. Each major loop contains nested sub-loops for other acquisition parameters as
illustrated in the flowchart in Figure 3.23. The output configurations are quite inline with
the experimental configurations and the trade-off between different output configurations
can be made according to the scan constraints.

• The implemented cost function is based on the weighted average error criteria in the
segmented volume of feature of interest. The maximum limits for the weighted average
error were set in the cost function by taking into account the three levels of analysis to be
performed on the images. No other constraints based on the image contrast, resolution, and
motion that are classically expected depending on the level of analysis are implemented
in the cost function. In the optimization model, these constraints were already taken
into account while computing the weighted average error. However, these constraints can
be implemented in the cost function according to the user’s requirement. Other metrics
such as SNR can also be implemented in the cost function for a trade-off after they are
introduced in the noise model.

• The sensitivity of the cost function in terms of weighted average error as a function of
acquisition parameters is presented in the case study example. It was observed that the
fluctuation in the cost function with different parameters is inline with the general obser-
vations expect for the SDD and voltage. With changing SDD and voltage no significant
change in the cost function was observed, this is due to the fact that parameters such as
feature size, current and image noise change with the change in SDD and voltage result-
ing in similar weighted average error. So in order to improve the optimization efficiency,
further criteria on the weighted average error with changing voltage and SDD needs to be
implemented in the model.
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3.4 Conclusions

In this chapter, we propose a model-based approach to determine the suitable X-ray laboratory
tomography configurations to perform in-situ or steady state CT acquisitions.

The proposed optimization model is based on three modules. A noise model that esti-
mates resultant image quality in the sense of weighted average error in the segmented volume of
the feature of interest. An X-ray absorption simulation tool for the computation of contrast in
the output image. And an screening algorithm that loops over the all possible scanning parame-
ters and outputs the different possible scanning configurations. For each output configurations,
the image quality in the sense of weighted average error in the segmented volume of the feature
of interest is estimated by taking into account the criterion such as image contrast, resolution,
motion of the feature size and image noise. After, a cost function is used to select the optimal
configuration for a CT scan by taking into account the level of analysis to be performed on the
output images. The model efficiency to predict the parameters was accessed by comparing it
with the experimental values and were found to be consistent. The strengths, limitations and
recommendations of the optimization model are detailed as well.
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4.1. Introduction

Abstract

This chapter presents the fast in-situ application preformed with the optimized setup
of laboratory tomograph. The objective was to image and quantify in real-time the 3D printed
part made up of cellulose paste. For this purpose an optimized image acquisition and analysis
protocol was developed to perform the fast in-situ test coupled with a qualitative and quanti-
tative analysis. First an experimental screening was performed to optimize the CT acquisition
protocol to perform the in-situ test. The experimental screening results were compared to the
predicted configurations by the optimization model and they were found to be in-line with each
other. The experiment was performed with one of suitable optimized configuration that allows
to perform L1, L2 and L3 level analysis on the acquired 4D datasets. The quantified differential
drying within the structure explains the sequence of defects evolution. Moreover, the quanti-
fied micro-scale deformation mechanism explains the observed macroscopic behaviour over time.
Part of the drying was performed in collaboration with laboratory LGP2 and corresponds to an
article submitted to Carbohydrate Polymers.

4.1 Introduction

In the last decade, additive manufacturing (AM) technologies, commonly named 3D printing, of
cellulose-based polymer have been increasingly developed for various applications such as medical
or electronical because cellulose is a very promising candidate to produce cheap, lightweight,
robust, and recyclable 3D structures by 3D printing [Wang et al., 2018, Dai et al., 2019, Firmanda
et al., 2022]. Despite the fact that cellulose fibres represent the most abundant bio-based polymer
on earth and present excellent mechanical properties [Dufresne, 2012], the use of cellulose in the
form of short fiber or microfibril or nanofibril in the specific case of additive manufacturing by
material extrusion is still in its infancy [Markstedt et al., 2014, Wang et al., 2018]. Namely, when
paste made up of short fibers are considered, the paste contains a large amount of water (larger
than 50% in weight, [Thibaut et al., 2019]. This huge proportion of water in the paste implies
a deformation larger than 30% upon air-drying [Klar et al., 2017] during the 24h of drying. In
such processes, the huge deformations undergone by the part come from an interplay between
gravity, evaporation effects and capillary effects which mainly occurs during the first hours of
drying [Rémond et al., 2010, Sampson and Yamamoto, 2011].

In general, three temporal phases are identified during the drying phenomena of such
structures. Phase I corresponds to the constant drying rate period during which the water
evaporation at the surface of the sample is replaced by water diffusion i.e. the rate of evaporation
is of the same order of magnitude as the rate of water diffusion inside the sample. Phase II
corresponds to the falling rate period during which the surface water evaporation is not fast
enough to maintain a continuous film on the surface. Phase III corresponds to a steady-state
where an equilibrium is reached and a constant drying rate is observed [Scherer, 1990, Thiery
et al., 2017, Zhou et al., 2019, Tang and Min, 2018]. These drying phenomena affect the geometry
and the inner structure of the extruded filaments themselves as well as their contacts created
during the printing process and therefore affect the final geometry of the dried final part. In
order to understand the macroscopic shrinkage of such structures, there is a need to visualize
the 3D structure at the filament scale during drying [Metzger, 2018].
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Among the tools that can be used to visualize and quantify the printed structure, X-ray
microtomography, which gives access to the inner structure of such parts, have been successfully
used to visualize [Huan et al., 2019, Pfister et al., 2004] and characterize the final shape of such 3D
structures [Klar et al., 2019]. However, none of these works proposed a temporal characterization
of the samples during their air-drying process. Such a monitoring is commonly performed using
synchrotron tomography in the case of thermo-hydro-mechanical tests on cellulose materials
[Joffre et al., 2016, Viguie et al., 2011] or during 3D printing of metallic part [Lhuissier et al.,
2020] where 3D images can be achieved in a second or less. Such monitoring of microstructural
evolutions is then qualitatively or quantitatively analyzed, which requires a high-level quality
of images in term of signal to noise ratio and shape fidelity. In general, such image quality
necessary to perform a quantitative analysis is achieved in lab tomographs with images acquired
in 1h, which is not compatible with the characteristic time of the drying process investigated in
this study.

For this purpose, we performed an experimental screening for the optimization of acqui-
sition protocol to perform the fast in-situ test with quantifiable image quality. The experimental
screening is detailed in Section 4.2, and the optimal configuration was chosen by making the
trade-off between the spatial and temporal resolution and image quality in accordance with the
objective of the scan. In Section 4.3, the configurations predicted by the optimization model are
confronted with the experimental configuration. Section 4.4 details the advanced image analysis
protocol applied to analyze qualitatively and quantitatively the evolution of the macroscopic
shrinkage of the part and of the changes that occur at the filament scale in order to identify the
microstructural changes that occur during two main phases of the drying process. This section
is based on an article submitted to Carbohydrate Polymers.
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4.2 Experimental screening for the optimization of acquisition
parameters

In this section, the experimental screening for the optimization of the CT acquisition parameters
for the intended in-situ tests is detailed. Initially, the choice of the 3D printed sample according
to the objectives of the study is presented. After, the influence of the different CT screened
parameters on the image quality and the reasons for their selection is presented.

4.2.1 Sample characteristics

Camille Thibaut, in her recent PhD thesis [Thibaut, 2020], developed an optimized aqueous paste
based on short natural cellulose fibers as a bio-based material for 3D printing by extrusion. This
optimized aqueous paste was extruded to build simple and complex 3D parts. Figure 4.1 shows
the 3D printed parts on which we worked during the PhD.

The mean diameter of the filament was 720 µm. The aqueous cellulose paste contains
more than 50% water by weight which causes the 3D printed samples to undergo a nearly 50%
reduction in weight during the air-drying phenomena.

Figure 4.1: 3D printed parts made up of aqueous cellulose based paste, (a) a 3D cube and (b)
a 3D boat. [Thibaut, 2020]

4.2.2 Aim of the analysis

The objective of the study was to quantify the macroscopic shrinkage behaviour during the
air-drying phenomena of the 3D printed sample and explain the micro-mechanics occurring at
the filament scale.

All three proposed image analysis levels L1, L2 and L3 were decided to be performed
on intended in-situ drying application. L1 analysis was performed on the 3D rendered cross-
sectional view of reconstructed X-ray tomographic scans at different drying times. For L2
analysis, the quantification of the solid and porous phase volume was done. For L3 analysis,
the identification and characterization of pores present in the sample were done. Moreover, the
kinematic analysis was performed by applying digital volume correlation (DVC) to compute
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the displacement and corresponding strain fields at the local filament scale. This also allowed
the tracking of the individual pores to monitor their morphological evolution during the drying
phenomena.

For such study, a simple 93 mm3 3D printed cube, Figure 4.1(a), was selected for the
monitoring of air-drying phenomena. The printing speed was 10 mm/s leading to a printing
time of about 3 minutes. For the in-situ observation, the whole sample needed to be in the field
of view to monitor the macroscopic deformation, and the resolution of the scan (temporal and
spatial resolution) needs to be adequate enough (compatible with the drying time) to quantify
the microstructure evolution at the filament scale.

4.2.3 Technical constraints

4.2.3.1 Fixed parameters of the tomograph

The 3D cellulose printed cube air-drying monitoring application was performed using the CT
facility in laboratory 3SR. The CT system is equipped with micro-focus X-ray tube (Hamamatsu
Corporation L8121-03 X-ray sealed source) and an “indirect” flat-panel Varian PaxScan® 2520.

In the tomograph setup, the detector flat-panel position is fixed at a distance of 766
mm from the source focal point. Therefore, higher magnification can only be achieved by placing
the sample close to the X-ray source.

4.2.3.2 Detector capacity

The flat-panel detector can be operated in 3 operating modes: (i) No binning: the detector
is operated in full pixel mode, and the pixel size of the detector is 127 µm. The maximum
frame rate in this mode is 12.5 frames per second. (ii) Binning 2: 2x2 pixels of the detector are
grouped together to create larger pixels with a pixel pitch of 254 µm and a maximum frame rate
of 30 frames per second can be achieved. (iii) Binning 4: 4x4 pixels of the detector are grouped
together to create larger pixels with a pixel pitch of 508 µm and a maximum frame rate of 60
frames per second can be achieved.

4.2.4 Methods and results

4.2.4.1 Influence of CT geometry

The specimen position was selected by moving it close to the X-ray source, and the effect on
the field of view, magnification and voxel size was observed with all three binning modes of the
detector. The source-object distance of 42 mm was selected as the optimal position. The SOD
of 42 mm results in the magnification of 18 and the full field of view of the specimen at the
voxel size of 7, 14 and 28 µm with no binning, binning 2 and binning 4 modes of the flat-panel
combined with small and middle focal mode of the X-ray source (small focal mode for voxel size
of 7 µm and middle focal mode for voxel size 14 and 28 µm). Moreover, no binning, binning
2 and binning 4 modes result in almost 100, 50 and 25 pixels in the diameter of the filament.
These number of pixels are sufficient to perform high-level quantitative analysis as explained in
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Chapter 1, Section 1.3.

4.2.4.2 Influence of source parameter

The X-ray source was operated using the middle focal spot mode, based on the voxel size, at
the maximum power of 30 W. An acceleration voltage of 100 kV and a filament current of 300
µA was selected in order to get the maximum flux of the X-ray photons. Although high energy
(kV) results in the reduction of image contrast, the specimen, in our case, is of homogeneous
material, so these parameters still result in good image contrast. An Aluminum Al filter of the
thickness 0.5 mm was placed in front of the X-ray source to eliminate the lowest energy photons.

4.2.4.3 Influence of the number of projections

In order to understand the effect of the number of projections on the resultant quantitative
measurements, several studies were carried out during the first year of the thesis. The image
quality indexes such as a relative change in solid volume, root-mean-square error (RMSE), signal-
to-noise ratio (SNR) and contrast-to-noise ratio (CNR) were estimated on the reconstructed
datasets as a function of decreasing number of projections to quantify the effect of undersampling
artifacts. One of the studies is briefly presented here.

A 3D printed boat, Figure 4.1(c) was scanned using the micro-focus X-ray source and
flat-panel detector at a source-object distance (SOD) of 229 mm and source-detector distance
(SDD) of 766 mm. Combined with the detector pixel pitch of 127 µm, this results in a voxel
size of 38 µm. X-ray source was operated at 100 kV voltage and 300 µA current. A total of
1440 projections were recorded with an average of 6 at a frame rate of 12.5 frames per second.
The reconstruction was performed by using the conventional filtered back-projection algorithm.
The number of projections used for the reconstruction was reduced to half, equally distributed
over 360◦, after each iteration.

Figure 4.2 shows the 2D reconstructed horizontal slices of a 3D boat with decreasing
number of projections from 1440 to 23 projections. The corresponding vertical slices recon-
structed with three different numbers of projections (1440, 360 and 23) are shown in Figure 4.3.
The boat is well reconstructed for a full set of 1440 projections and by reducing the projections
to 720 and 360, no significant artifacts are visible on the images. The undersampling artifacts
can be observed in the images reconstructed with 180 and lower number of projections signifi-
cantly affecting the images quality. However, the 3D boat specimen is still clearly identifiable
in the image.

In order to quantify the effect of decreasing number of projections, all reconstructed
datasets were segmented using the same threshold value, computed by the inter-mean method
implemented in ImageJ, and the resultant solid volumes were computed using the thresholded
datasets. After, the relative change in solid volume was computed using the solid volume for
1440 projections as reference. It is plotted as a function of the number of projections, presented
in Figure 4.4.
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Figure 4.2: 2D reconstructed horizontal slices of a 3D printed boat by using a decreasing
number of projections from (a) 1440 to (f) 23 projections.

Figure 4.3: 2D reconstructed vertical slices of a 3D printed boat by using a decreasing number
of projections from (a) 1440 to (c) 23 projections.

It can be observed in Figure 4.4, that the relative change in the solid volume is close to
0 for a number of projections larger or equal to 360. Reducing the number of projections below
360 resulted in a higher deviation in the relative change in the solid volume, which is about 12%
for 180 projections and 32% for 90 projections. Therefore, it can be noted that by decreasing
the number of projections, global parameters such as solid volume categorized into L2 level
(low-level quantitative) analysis can be measured with good accuracy, but the presence of ray
aliasing artifacts (undersampling) visible on the images in Figure 4.2 can significantly effect the
measurement accuracy of local parameters that comes under L3 level (high-level quantitative)
analysis.
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Figure 4.4: Relative change in solid volume of a 3D printed boat as a function of number of
projections.

4.2.4.4 Influence of the detector parameters

Each operating mode of the flat-panel detector has limitations in the maximum number of frames
that can be captured per second, which limits the acquisition time of a scan. The air-drying of
the 3D printed cellulose specimen occurs relatively fast in the initial stage of drying [Thibaut,
2020] and in order to capture the macroscopic and microscopic deformation behaviour during
this stage, a sub-minute scan time was required.

Using no binning and binning 2 modes of the detector and acquiring the suitable
number of projections (Nyquist sampling theorem) with suitable projection averaging (3 or 6)
combined with the maximum frame rate (12.5 and 30 frames per second), result in the scan time
in the order of minutes. Even with reducing the number of projections or reducing the projection
averaging to half still results in the scan time of few minutes which was not suitable for intended
objectives. Figure 4.5 shows the reconstructed 2D slices and the corresponding histograms from
the three different scans performed using the three operating mode of the detector keeping the
SOD 42 mm, SDD 766 mm, X-ray source parameter 100 kV and 300 µA, and 6 number of
projection averaged constant. It can be noted that all images are of good contrast but a clear
difference in the resolution can be observed (zoomed section of the images).

Figure 4.5(a) presents a reconstructed 2D slice from the scan acquired with the no
binning mode of the detector resulting in a voxel size of 7 µm. 1440 radiographs with an average
6 were recorded at 2 frames per second, resulting in a scan time of 72 minutes. It can be seen
that the slice exhibit a good quality and resolution: the small intra-filament pores are visible.
However, the scan time is significantly large which limits to capture the deformation mechanism
during drying. Increasing the frame rate to 12.5 frames per second with the same number of
projections and projection average, resulted in 12 minutes scan time which still did not solve
the issue.

167



Chapter 4. 3D real-time monitoring of air-drying of 3D printed part made up of cellulose by fast
laboratory X-ray microtomography

Figure 4.5: 2D reconstructed slice and the corresponding histogram of a 3D printed cube using
different operating modes of the flat-panel detector. (a & d) Binning 1 mode containing 1840 x
1456 pixels and at a voxel size of 7 µm (b & e) Binning 2 mode containing 920 x 728 pixels and
at a voxel size of 14 µm, (c & f) Binning 4 mode containing 460 x 364 pixels and at a voxel size
of 28 µm.

Figure 4.5(b) presents a reconstructed 2D slice from the scan acquired using the binning
2 mode of the detector at a voxel size of 14 µm. 940 radiographs with an average 6 at 9 frames
per second were recorded resulting in a scan time of 10 minutes. Using the maximum frame rate
of 30 can reduce the scan time to 3 minutes which is still significantly larger than the required
sub-minute scan time. It can be noted that most of the small intra-filament pores visible in
Figure 4.5(a) are not clearly visible due to decrease in the resolution of the scan but the larger
inter-filament and intra-filament pores are clearly distinguishable. The zoomed section of Figure
4.5(b) illustrate the decreased resolution compared to Figure 4.5(a).

Figure 4.5(c) shows a reconstructed 2D slice captured using the binning 4 mode of the
detector at the maximum possible frame rate of 60 per second. 720 projections with an average
6 were recorded resulting in scan time of 72 seconds at a voxel size of 28 µm. At such pixel size
and the induced resolution, smaller intra-filament pores are not clearly visible, but their texture
can be identified in the zoomed section of Figure 4.5(c). The larger central, inter-filament and
intra-filament pores can be identified in the image.

The decreased resolution of the scan is further illustrated in Figure 4.6 in which the
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volume fraction of the cube as a function of binning mode is presented. A 25% increase in the
volume fraction is observed using binning 4 mode compared to no binning mode. The increase
is due to the over estimation of the solid volume in binning 4 mode. Due to the decreased
resolution of the scan the small pores are not visible in the 3D images and they’re thresholded
as solid volume leading to over estimation of the volume. Moreover, a relative change of 10% in
volume fraction is observed with using binning 4 mode compared to binning 2 mode.

Figure 4.6: Volume fraction of the 3D printed cube using different operating modes of the
detector.

However, despite the limitation in spatial resolution with binning 4, the acquisition
conditions resulted in the scan time in the order of a minute which can be further reduced by
reducing the frame average and the number of projections. Based on the presented analysis, we
selected the binning 4 mode of the detector and frame rate of 60 frames per second for the drying
application as these conditions can result in scan time fast enough to capture the macroscopic
deformation behaviour of the specimen as well as the behaviour of the larger pores.

4.2.4.5 Influence of number of projections averaging

In order to optimize the number of projections averaging, different scans with a varying number
of projections averaging were recorded using the already optimized parameters (binning 4 mode
with frame rate 60 frames per second, voxel size of 28 µm, 100 kV voltage and 300 µA current).
The effect on the image quality of the radiographs and projections was studied. Figure 4.7
shows the 2D reconstructed slices and the corresponding histograms of the 3D printed cube
with varying projection averaging 1, 3 and 6. The artifacts seen on Figure 4.7(a) come from the
speed of the rotation stage and not from the average 1. No clear visible difference can be seen
in Figure 4.7(b) and Figure 4.7(c) with average 3 and average 6, however the histogram of the
average 6 shows slight improvement, Figure 4.7(f). The scan time for the three scans were 12,
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36, and 72 seconds.

Figure 4.7: 2D reconstructed slices and the corresponding histograms of a 3D printed cube
using different number of projection averaging keeping all other CT parameters constant. Num-
ber of projection average (a & d) 1, (b & e) 3, (c & f) 6.

In order to quantify the image quality, the effect on the signal-to-noise ratio (SNR)
was studied. SNR was computed in a small ROI in the image background in both radiographs
and reconstructed slices. The results are illustrated in Figure 4.8 where SNR is plotted as a
function of average of the number of projection. It can be seen that the SNR improves with
increasing the number of projection averaging from 1 to 3 and after that the increase in SNR
is less significant. Moreover, a linear relationship can be observed between the SNR on the
radiographs and reconstructed slices, Figure 4.8(b).

Furthermore, the reconstructed CT volumes with average 3 and average 6 were seg-
mented by applying the same threshold to both datasets. The resultant solid volume was
computed for both scans from their corresponding segmented datasets and percentage change
in volume was analyzed. The resultant change in solid volume was found to be less than 1%
which illustrates the similar image quality with average 3 and average 6. Moreover, by using
the projection average 6, the scan time increases by the factor of 2, 72 seconds, compared to
the projection average 3, 36 seconds. Based on the presented analysis that no significant image
quality variation is observed with projection average 3 and 6; projection average 3 was used for
the drying in-situ study.
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Figure 4.8: (a) Signal-to-noise ratio on the radiograph and on the reconstructed slices as a
function of the average of the number of projections with all other CT parameters constant. (b)
Relationship between signal-to-noise ratio on the reconstructed slices and on the radiographs
with the increasing average from 1 to 12.

4.2.4.6 Proposed optimized configuration

No further analysis was done on the image quality with a projection average 2 or by reducing the
number of projections as the scan time with 720 projections and frame average 3 at 60 frames per
second is already fast enough and compatible with the drying rate to capture the macroscopic
and microscopic deformation. These optimized parameters are summarized in Table 4.1.

Table 4.1: Optimized parameters by experimental screening for drying in-situ test.

Scanning Parameters Value
X-ray voltage [kV] 100
X-ray current [µA] 300
SOD [mm] 42
SDD [mm] 766 (fixed in the tomograph)
Voxel size [µm] 28
Exposure time [s] 0.0167 [60 frames per second]
Average frame 3
Number of projections 720
Scan time [s] 36

171





4.3. Optimization model parameters and confrontation with the experimental parameters

4.3 Optimization model parameters and confrontation with the
experimental parameters

4.3.1 Input parameters

The optimization model presented in Chapter 3 was used to estimate the suitable acquisition
parameters and predicted output configurations are confronted with the experimental configu-
ration.

The geometric, absorption and technical constraints and the aim of analysis were given
to the model as input parameters. Cellulose is an organic compound, its chemical formula and
density were used as input parameters for the generation of X-ray spectrum to compute the
output intensity on the detector pixel and the image contrast. Since the detector position is
fixed in the laboratory 3SR tomograph setup, the source-detector distance (SDD) of 766 mm
was also fixed in the model.

Detector’s binning 4 settings were used as a technical constraint in the model which
gives the detector size of 460 x 364 with a pixel pitch of 508 µm. In order to get the output
configuration with the full field of view of the specimen, an additional boundary condition was
implemented in the model to have the number of pixels in the sample diameter less than 350 in
both horizontal and vertical direction (364 is the size of the detector in the vertical direction).
Moreover, in order to get the scan time under sub-minute, an exposure time of 0.0167s (60 frames
per second) was directly used as a technical constraint. A filament of a mean diameter 720 µm
was inserted as the feature of interest. The interface velocity of the filament was measured from
the experimental dataset by measuring the change in the thickness of a single filament located
on the top side of the cube during the initial two scans and was found to be 20 µm/min. It
should be noted that the interface velocity of the filament was not constant during the whole
drying phenomena and it changes with the filament location in the cube and with the different
drying stages. The different input parameters given to the model are listed in Table 4.2

Table 4.2: Input parameters to the optimization model.

Input parameters Value
Sample diameter [cm] 0.9
Matrix material Cellulose [C6H10O5]
Matrix material diameter [cm] 0.45
Matrix material density [g/cm3] 1.5
Inclusion material none
Feature of interest [µm] 720
Sample holder diameter [mm] 25
SDD [mm] 766
Range of voltage [kV] 30 to 100, step = 10
Exposure time [s] 0.0167
Range of projection average 1 to 6, step = 1
Detector size 460 x 364
Detector pixel pitch [µm] 508
Kinetic evolution of feature [µm/min] 20
Level of analysis L3: high-level quantitative
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4.3.2 Model output configurations and discussion

Based on the given input parameters and their corresponding iteration step, the optimization
model estimated 144 different configurations in the output tabular file along with the estimation
of the resolution, contrast, motion, and weighted average error in the segmented volume of the
interested feature size. One of the suitable configurations that estimate the minimum weighted
average error with sub-minute time scan is presented in Table 4.3(a). The presented model
configuration is quite in-line with the experimental configuration that is presented in Table
4.3(c). Table 4.3(b) presents the same model predicted configuration but using SOD 42 mm,
which was used during the experiment.

Table 4.3: Comparison of model-based predicted configuration and experimental configuration.

Scanning
parameters

(a)
Model
parameters

(b)
Model
parameters at
SOD 42 mm

(c)
Experimental
parameters

SOD [mm] 40 42 42
X-ray voltage [kV] 100 100 100
X-ray current [µA] 300 300 300
Contrast 0.56 0.56 0.43
Voxel size [µm] 26 28 28
Magnification 19.4 18.2 18.2
Average frame 3 3 3
Number of projections 540 502 720
Scan time [s] 27 25 36
Number of pixels in
the diameter of FOI

28 24 24/25

Motion during a scan
[pixels]

0.36 0.32 Less than 1 pixel

Average error in FOI Less than 1% Less than 1% –

A 4x4 binning mode results in higher photon flux on the detector resulting in higher
SNR and higher probability of detection of the feature size but at the expense of resolution.
According to the output configuration, a slight improvement in the magnification and voxel size
can be made by further decreasing the source-object distance (SOD) keeping the SDD fixed at
766 mm to improve the scan resolution. In the present case, the feature size of 720 µm results in
28 pixels in the diameter of the feature in the radiographs and combined with image noise results
in the weighted average error of less than 1%. In the noise model, a sphere with a maximum
diameter of 20 pixels was modelled so the weighted average error is estimated based on it which
might result in small fluctuation in the measurement.

According to the model output parameters, a 100 kV acceleration voltage results in
the output image contrast of 0.56. The specimen is made up of homogeneous material (cellulose
paste), so the contrast was computed by using the integrated intensity after passing from the
specimen and background intensity which results in relatively good contrast at 100 kV voltage.
Since the detector response is not modelled in the model, it leads to the over-estimation of the
image contrast compared to the experimental value of contrast. Although the lower value of
voltage results in higher contrast but no significant change in the weighted average error was
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observed due to the reasons explained in Chapter 3, Section 3.3.1 that power is kept constant in
the model for changing voltage and criteria on the weighted average error on the basis of voltage
needs to be implemented.

In the presented configuration in Table 4.3(a), 25% less number of projections are
estimated in the first iteration using the Nyquist sampling theorem, compared to the experi-
mental value. However, as explained previously, this initially estimated number of projections
are significantly large and half of them can be used without much affecting the measurement
accuracy. Figure 4.9 shows the evolution of the weighted average error and the standard devia-
tion in weighted average error (in secondary y-axis in red color) as a function of the number of
projections keeping all other parameters at their optimal value as defined in Table 4.3(a). We
can observe that with 270 projections (50% of the initial projection) the weighted average error
in the feature size is 2.9% and it increases to 4.4% by further reducing the number of projections
to 135.

The projection average 3 is presented in the table as a suitable configuration, but a
lower value can be used without affecting the weighted average error. Acquiring 540 projections
with average 3 at the exposure time of 0.0167 seconds resulted in a scan time of 27 seconds.
During the scan, the estimated motion according to the input interface velocity at a voxel size
of 26 µm is 0.36 pixels per scan, which is relatively low.

Figure 4.9: The evolution of the weighted average error and the standard deviation in weighted
average error (in secondary y-axis in red color) in feature size as a function of the number of
projections.

Figure 4.10(a) shows the evolution of the weighted average error and the standard
deviation in weighted average error (in secondary y-axis in red color) as a function of the average
of the number of projections. It can be noted that measurement accuracy improves with an
increase in average. The evolution of the motion in pixels during a scan is presented in Figure
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4.10(b) as a function of the average of the number of projections. An increase in the motion
with the projection average can be observed in the graph which is due to the increase in scan
time keeping 540 projections constant. Furthermore, no change in the weighted average error
with increasing the average from 3 to 6 is seen in Figure 4.10(a), this is due to the fact that
although the image noise decreases but at the same time an increase in motion results in similar
weighted average error value. At average 6, the estimated motion is 0.72 pixels during a scan
which is still relatively low and does not significantly affect the measurement accuracy of the
feature size.

Figure 4.10: (a) The evolution of the weighted average error the standard deviation in weighted
average error (in secondary y-axis in red color) in feature size as a function of the average of the
number of projections. (b) The evolution of the motion in the feature size as a function of the
average of the number of projections.

The optimization model was also run by removing the constraint on the source-detector
distance (SDD), but no conclusive trend in weighted average error was found as a function of
decreasing SDD due to the reason previously explained in Chapter 3, Section 3.3.1. The decrease
in SDD results in a smaller feature size (less number of pixels in the diameter of the feature)
due to decreased resolution but also results in a decrease in the image noise due to more flux
on the detector. Further criteria on the weighted average error with changing SDD needs to be
implemented in the model. By increasing the exposure time from 0.0167 seconds to 0.033 seconds
(maximum limit with Binning 4), a slight improvement in weighted was observed. Increasing
the exposure time keeping the number of projections and projection average constant increases
the scan time which result in an increase in motion of the feature as well.

4.3.3 Conclusion

The model predicted configuration is confronted with the experimental parameters. It is con-
cluded that, for a feature size of 720 µm, both configurations are in-line with each other; and
the number of projections could be reduced without affecting the measurement accuracy. In the
presented article (next section), only the larger pores with volume greater than 30 voxels were
quantified due to the limitation in the spatial resolution that comes from using the binning 4
mode of the detector.
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Possibility of higher resolution? For an estimated interface velocity of 20 µm/min the
motion of the 720 µm feature is relatively small (less than 1 pixel) with the sub-minute scan
time. However, using the binning 2 mode of the detector, the resolution of the scan could have
been improved in order to quantify the smaller features in the 3D printed cube to improve
the drying quantification. With the same geometry setup, binning 2 mode could result in the
voxel size of 14 µm. Although in such case, the limitation of achievable exposure time will
increase the scan time resulting in an increase of motion of feature during the scan, but a
suitable configuration according to the measurement accuracy can be chosen from the output
configurations tabular file of the model in which the effect on the weighted average error with the
different number of projections, average, exposure time, and motion is listed. It should be noted
that 20 µm/min is an estimated value of the interface velocity, the actual interface velocity in
the outermost filament could be higher which will increase the motion of the feature for a given
scan time.

Some improvements in the developed optimization model, such as modelling the detec-
tor response and improving the noise prediction strategy, as detailed in Chapter 3 Section 3.3,
are needed in order to improve the efficiency of the optimization model.
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4.4 3D real time monitoring of air-drying of 3D printed part
made up of cellulose by fast laboratory X-Ray microtomog-
raphy

As mentioned in the introduction of this chapter, 3D printing by extrusion has been recently
extended to cellulose paste (50% cellulose and 50% water as the binding agent). Once printed, the
parts undergo a huge deformation upon air drying. To optimize the printing/drying process of
such paste, it is necessary to better understand the drying mechanism and focus on the evolution
of deformation at the part’s and filament’s scale. Based on the optimized configuration obtained
experimentally and later validated by the developed model (Section 4.2 and 4.3), real-time
monitoring of the air-drying of a cube is performed (Section 4.4.1). The acquired 4D dataset was
analyzed qualitatively and quantitatively by applying advanced image analysis protocol (Section
4.4.1) to characterize the drying deformation at the part and filament scale. The obtained results
are detailed in Section 4.4.2. The adopted procedure illustrates the possibilities offered by fast
quantitative lab-CT imaging to improve the understanding of the drying mechanism of the 3D
printed cellulose parts.

4.4.1 Material and methods

4.4.1.1 3D Printed cellulose sample: preparation

One 93 mm3 cube with an inner grid (Figure 4.11a) was printed using an optimized aqueous
cellulose-based paste [Thibaut et al., 2019] made up of short cellulose fiber (Figure 4.11c) and
Carboxymethyl cellulose (CMC) (Figure 4.11b) using a commercial 3D printer (Prusa i3) up-
graded with a liquid deposit modeling (LDM) WASP extruder. The used nozzle had an exit
diameter of 0.72 mm. The printing settings specified in the slicing software (Simplify 3D) were
as follow: an extrusion width of 0.71 mm, a layer height of 0.45 mm, 2 perimeters shells, a 50%
infill with rotation between 0° and 90° angles at every layer, an outline overlap of 60%. The
printing speed was 10 mm s−1 leading to a printing time of about 3 minutes. The printed cube
(Figure 4.11d) was dried at the room temperature at 22±2 °C and 30±3% of relative humidity
(Figure 4.11e).

Figure 4.11: (a) 3D STL model of cube. (b) Aqueous carboxymethyl cellulose. (c) Natural
cellulose fibers in suspension. (d) Freshly 3D printed cube. (e) 3D printed air dried cube. (f)
Sample placed in 3SR laboratory X-ray tomograph.
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4.4.1.2 High Speed Laboratory X-ray micro tomography

The monitoring of the drying process of the printed part was performed using the RX Solutions
microtomograph located in 3SR laboratory (Figure 4.11f). The acquisition protocol of microto-
mography was optimized in order to achieve a scanning time of 36 seconds compatible with the
typical drying rate [Thibaut et al., 2019] necessary to capture the dynamic material response.
The following experimental settings were chosen (i) the X-ray tube (Hamamatsu Corporation
L8121-03 X-ray sealed source) was operated in middle focal spot mode at power of 30 W with
an acceleration voltage of 100 kV and a filament current of 300 µA. An Aluminum filter, the
thickness of whom is 0.5 mm, was placed in front of the X-ray source to eliminate the lower
energy photons. (ii) The used detector is an “indirect” flat-panel Varian PaxScan® 2520. It
has the capacity to measure the intensity of incident X-ray photons on an array of 1920 × 1536
pixels, with each pixel measuring 127 × 127 µm. The flat-panel Varian was set in binning 4
mode, capturing 60 frames per second with an average of 3 images to produce radiographs. (iii)
The distance between the source and the sample was set to 42 mm, and the distance between the
sample and the detector was 724 mm. The samples were scanned with the magnification of 18,
which gives a voxel size of 283 µm3. (iv) 720 radiographs were recorded over 360 degrees with
an acquisition time of 36 s in continuous rotation mode of the rotating stage. This acquisition
time was compatible to follow the dynamics of the drying process. Scans were recorded every 4
minutes during 8 hours, leading to a total of 120 scans.

4.4.1.3 Data processing and analysis

4.4.1.3.1 Preprocessing

The acquired 2D radiographs were used to reconstruct the 3D structures using filtered back-
projection algorithm implemented by RX solutions. The output is a 3D map of the local coef-
ficient of absorption, which at the first order depends on the local density [Viguie et al., 2011].
Figure 4.12a shows a vertical slice of 3D reconstructed tomography. On the maps, the denser
the part, the brighter the grey levels.

4.4.1.3.2 Phase quantification

The output volumes have two phases: a solid and a porous one (Figure 4.12a). These phases
can be identified using a thresholding operation. The same threshold was applied to the 120
scans (Figure 4.12b) and was obtained by averaging the threshold value automatically found by
iterative intermeans method available in ImageJ [Ridler, 1978a]. The final binarized volumes
were cropped (Figure 4.12c) to facilitate the post-processing and to remove the noise that can
be observed in Figure 4.12d. Figure 4.12e shows the working volume used to perform the
quantitative analysis.
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Figure 4.12: (a) Vertical slice of reconstructed radiographs showing cube inner structure
and different phases. (b) Histogram of reconstructed volume showing the cut off threshold to
distinguish phases. (c) Binarized image of vertical slice of (a), with the region of interest (ROI)
marked in dashed red. (d) 3D view of the original binarized volume. (e) 3D view of working
volume.

4.4.1.3.3 Microstructural quantification

For such analysis, the binarized volumes were considered.

Volume fraction:

The volume of each phase was computed by multiplying the total number of voxels by
the voxel size.

Pore analysis: Identification and characterization:

The pores were identified by labelling the porous phase using the Analysis 3D plugin
of ImageJ [Boulos et al., 2012]. It labelled the 3D connected components with a specified
connectivity of 26 neighbours. Once identified, the volume and the surface area of each pore
were computed using a marching cube algorithm. To quantify the morphology of each pore, its
sphericity was computed using Eq. 4.1:

Sphericity = 6 ∗ V olume ∗
√

π

SurfaceArea3 (4.1)

The value of sphericity ranges from 0 and 1. A sphericity of 1 corresponds to a perfect
sphere whereas a sphericity of 0.1 corresponds to an elongated pore.

4.4.1.3.4 Kinematics analysis

Displacement field and associated strain

In order to study the global and local strain mechanisms during the drying behaviour
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of the cube, a 3D Digital Volume Correlation (DVC) technique was used. This technique relies
on comparing the pattern matching of two grey intensity images obtained from two consecutive
acquisitions [Viguie et al., 2011, Stamati et al., 2020]. This comparison allows the measurement
of displacements fields between images of a deforming, drying in our case, sample from which
strains can be computed. In this study, the SPAM software [Stamati et al., 2020] was used.

The principle of this software is to divide a reference image into small interrogation
windows having a size of N x N x N pixels. Then, the displacement of the summits of small
interrogation windows is tracked in the final image using a normalized cross-correlation criterion
to find similarities between subsets of the initial image and final image.

• When the interrogation window represents the whole image, the output of the correlation
software is an estimate of the global strain in the main direction of the sample. This was
used to analyze the macroscopic behaviour during drying.

• When the interrogation window represents a volume of 6 x 6 x 6 pixels centred around the
nodes of a 3D regular grid of points (with a node spacing of 4 pixels), the local strains were
evaluated at each node. This analysis allows measuring the local strain inside the sample
to analyze the microscopic changes that might explain the macroscopic drying behaviour.
The local strains were measured in x, y and z direction and were summed to obtain the
local volumetric strains.

Pores tracking

To monitor the morphological evolution of pores, they were identified and tracked to
follow their evolution during the drying period. For each of the labelled pore obtained using
tools presented in Section 4.4.1.3.3 on the binarized data, the centre of mass was identified and
the local displacement obtained from the DVC was applied to the centre of the mass. To validate
the procedure, we checked for some pores that the pores matching by automatic tracking (via
DVC) or manual tracking gave the same results.
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4.4.2 Results

4.4.2.1 Preliminary remark

The cropping operation described in Section 4.4.1.3.2 to remove the noise affects only the height
of the samples and removed 5% of the total volume. The removed thickness corresponds to less
than a filament thickness. Therefore, it does not affect the analysis. In the following, T denotes
the time.

4.4.2.2 Analysis at the scale of the part

4.4.2.2.1 Qualitative analysis

Figure 4.13 shows the 3D rendered cross-sectional views corresponding to different
acquisition time. We can visually observe a macroscopic shrinkage that stabilized after T =
180 min. This shrinkage occurred mainly in height of the part (z direction). This macroscopic
shrinkage was followed by microstructural changes such as crack initiation and propagation
which did not affect the outer part of the sample. Moreover, we cannot observe any collapse
of the structure. This is due to the rheological behaviour of the paste [Thibaut et al., 2019,
Chalencon et al., 2010].

Figure 4.13: 3D rendered cross-sectional view of reconstructed X-ray tomographic scans at
different drying time.

4.4.2.2.2 Quantitative analysis

The temporal evolution of strain in the main direction of the cube ϵxx, ϵyy, and ϵzz

obtained from the global DVC are plotted in Figure 4.14a. Taking as a reference the first
3D image, the final deformations in x, y and z directions are 5%, 3% and 25%, respectively.
This confirms and quantifies the observation made in previous section, where the macroscopic
changes occurred mainly in the height of the sample. These orders of magnitudes of variation
of the sample’s dimensions are consistent with the results reported in [Thibaut et al., 2019],
obtained using a calliper or in [Klar et al., 2019] obtained on tomographic data sets.

Moreover, we can observe on Figure 4.14a that the temporal strains ϵxx and ϵyy follow
the same trend:

• from T=0 to T=120 min, the global strain ϵxx and ϵyy exhibit a linear decrease.

• for T > 120 min, the global strain ϵxx and ϵyy exhibit a steady-state regime.
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We can also observe that the temporal evolution of the deformation ϵzz exhibits:

• from T=0 to T=480 min an exponential decrease.

• for T > 480 min a steady-state regime.

Comparing the trend of ϵxx, ϵyy, and ϵzz, we can notice a different strain rate of the
initial behaviour of the drying process. Part of this anisotropic behaviour can come from the
anisotropic drying of a single filament which exhibits larger deformation in the diameter than in
the length [Thibaut et al., 2019]. It comes from the high volume fraction of fibres in the paste,
these fibres being aligned in the direction of the extrusion and having a lateral shrinkage larger
than the axial one upon shrinkage [Wainwright, 1982].

Figure 4.14: (a) Temporal evolution of the Hencky strain in x, y and z direction. (b) Temporal
evolution of the normalized solid phase.

Figure 4.14b shows the temporal evolution of the volume of the solid phase normalized
by the volume of the solid phase measured on the first 3D data set (evaluated to be 502 mm3).
The final volume at T= 1440 min is 286 mm3. These orders of magnitudes of mass variations
are consistent with the results reported in [Thibaut, 2020].

4.4.2.2.3 Synthesis of the scale part analysis

All the previous remarks/observations are coherent with the measurements obtained
with classical procedures on the same types of samples [Thibaut et al., 2019, Thibaut, 2020].
Therefore, further analysis can be carried out at the scale of the constituents that is the pore
scale and the filament scale.

4.4.2.3 Filament scale analysis

Figure 4.15a shows 3D views of the local volumetric strain obtained by correlating two data sets
for T and T+20 min. Figure 4.15b and Figure 4.15c represent the temporal evolution of the
same (y,z) and (x,y) planes, respectively. These figures show that:

• for T = 0-20 min, the local volumetric strains are mainly negative with volumetric strain
down to -0.12. These highest negative values are located on the external surfaces of the
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Figure 4.15: Temporal evolution of the volumetric strains (a) 3D views, (b) same vertical slice
(c) same horizontal slice.

sample that are the largest areas in contact with air: this facilitated moisture transport
[Thiery et al., 2017, Zhou et al., 2019, Tang and Min, 2018]. We can also notice larger local
negative volumetric strain on one face compared to the other one. This might be due to
faster drying of the side of the cube located closed to the X-ray source. Namely, to stabilize
the X-ray source, it was not switched off during the waiting time between two scans. This
induced a temperature of 36 °C inside the X-ray source and an estimated temperature
gradient around the sample of 3°C/cm. This higher temperature induced upon drying
some filaments delamination (illustrated by the local positive volumetric strain close to
the red arrow on Figure 4.15a), which did not induce a collapse of the structure. Inside the
sample, we do not observe highly negative strains close to the central pore despite the fact
that this surface was large enough to facilitate water evaporation. This might be explained
by the 50% infill of the printing parameters that created a tortuous central pore, which
reduces the drying rate for the parts of the cube in contact with the central part. We can
also observe that local negative strains are located inside the filaments and were mainly
induced by their vertical shrinkage. This phenomenon appeared to be more pronounced
at the bottom of the sample than at its top. On the opposite, we can observe that the
local positive strains are located at the edges of the filament in contact with the central
pore and correspond to their horizontal expansion. These two observations explain why
the final shape of the filament is oval and not circular, as illustrated in Figure 4.13, and
already observed in [Klar et al., 2019]: as an homogeneous lateral shrinkage was observed
during the drying of a single filament, this anisotropic behaviour of the lateral shrinkage
upon drying is a combination of diameter reduction due to drying enhanced by the weight
of the upper filaments. The lateral expansion that occurs mainly during the first part of

185



Chapter 4. 3D real-time monitoring of air-drying of 3D printed part made up of cellulose by fast
laboratory X-ray microtomography

the drying is referred as “collapse” in [Klar et al., 2019]. This “collapse” is limited and
did not induce a collapse of the structure due to the rheological properties of the paste
[Thibaut et al., 2019].

• for T = 40-60 min, we can observe homogeneous local volumetric strains, except at the
top surface where we can observe the major volumetric strains (down to – 0.12). We can
notice that close to the central pore the volumetric strains are close to 0, showing that
this region stabilized first, as these areas were in contact with air and that the “collapse”
rate of the filament decreased.

• for T = 120-140 min, the correlation did not show any major changes. However, we can
observe positive large volumetric strains up to 0.12 which corresponds to the zone where
delamination effects took place as illustrated in Figure 4.13. The drying mechanisms
modified the structure at a scale that the correlation cannot capture. Namely, capillary
effect probably took place during this stage [Thiery et al., 2017, Zhou et al., 2019].

• for T > 180 min, the correlation did not show any major changes in the global shape of
the samples or inside the sample.

4.4.2.4 Pore scale analysis

Pores that exhibited a volume smaller than 30 voxels (6.58x10−4mm3) were discarded as most
of these pores can be linked to the threshold sensitivity.

4.4.2.4.1 Pore classification

The 3D images of Figure 4.13 exhibit three types of pores (i) a central pore that
exists in the CAD model. It is the single pore to be expected in the 3D printed part, (ii)
inter-filament pores that are the pores located in between two filaments and (iii) intra-filament
pores that are the pores located inside the filaments. The inter-filament pores are due to the
successive deposition of layer during the printing process whereas the intra-filament ones come
from the extrusion process of the filament [Thibaut, 2020, Markl et al., 2017]. Figure 4.16a and
b represent side and top view of the initial 3D structure: the central, type A and type B pores
were labelled in green, red and B blue, respectively. Figure 4.16c shows a 3D rendering of the
inter-filament and intra-filament pores where the structural differences between the two types
of pores can be observed. These two last types of pores were automatically identified based on
their sphericity: inter-filament pores exhibited a sphericity smaller than 0.5 and are referred as
pore type A whereas intra-filament pores exhibited a sphericity larger than 0.5 and are referred
as pore type B.

4.4.2.4.2 Central pore classification

Figure 4.17a represents the temporal evolution of the volume of the central pores, which
was normalized by its initial volume. The initial volume of central pore measured in the ROI
was 94 mm3, this is in accordance with the theoretical initial volume. On Figure 4.17a, we can
observe:
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Figure 4.16: (a) 3D rendered view of the sample identifying central pore (green) type A
pores and type B pores. (b) 3D rendered top view of the porous phase. (c) Labelled 3D view
identifying type A (red) and type B (blue) pores.

• from T=0 to T=80 min, a linear decrease of the volume of central pores with time. The
behaviour of the central pore during the first 80 minutes of drying can be directly linked
to the macroscopic shrinkage of the sample (Figure 4.14a).

• from T= 80 min to T= 120 min, a less pronounced decrease of the volume of the central
part. Compared to the first part of the curve, the rate of the macroscopic shrinkage
(Figure 4.14a) remains constant which induces a decrease of the height of the central pore.
However, we can observe that inter-filament pores, located close to the borders of the
central pore (Figure 4.17a), opened and joined the major pore. This slowed down the
volume decrease of the central pore.

• from T= 120 min to T= 160 min, a stabilization of the volume of the central pore. During
this time interval, the rate of the macroscopic shrinkage (Figure 4.14a) remains constant
which induces a decrease of the height of the central pore which is balanced by the opening
of some inter-filament pores joining the central pore.

• for T > 160 min, a linear increase of the volume of the central pore. During this time, we do
not observe any macroscopic shrinkage, leading to a stabilisation of the main dimensions
of the part. The opening of inter-filament pores joining the central pores, as illustrated in
Figure 4.13, explains the increase of the central pore volume.

4.4.2.4.3 Temporal evolution upon drying of inter-filament and intra-filaments
pores

Figure 4.17b and Figure 4.17c show the temporal evolution of the total number of
pores that is to say the inter-filament pores (type A) and intra-filaments pores (type B) and
the temporal evolution of the volume of these pores, respectively. We can observe that the
inter filament pores represent, during the whole drying process, the higher number of pores and
the higher cumulative volume. Therefore, the temporal evolution of the pores characteristics is
mainly driven by the one of the inter-filament pores.
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Figure 4.17: (a) Temporal evolution of the normalized volume of the central pore evolution.
(b) Temporal evolution of the number of inter-filament and intra-filament pores. (c) Temporal
evolution of the cumulative volume of inter-filament and intra-filament of pores. (d) Pore volume
evolution of 6 tracked inter-filament pores.

Inter-filament pores (type A)

Figure 4.17b and Figure 4.17c show that:

• from T =0 to T=120 minutes, the number of inter-filament pores is almost constant
whereas their cumulative volume decreased linearly with time. The average size of inter-
filament pores decreased from 0.021 mm3 to 0.013 mm3. This 40% decrease in size is
confirmed by the tracking of some inter filament pores (Figure 4.17d). This comes from
the fact that the shrinkage of the structure reduced the space between two filaments (Figure
4.15).

• for T=120 min to T=480 min, the number of inter-filament pores increased whereas their
total volume remained constant. This might be explained by the threshold value applied
during the quantification phase. Namely, the number of pores is sensitive to the threshold
used to identify the pore phase. As the structure dried continuously during the experiment
(Figure 4.14b), the amount of water decreased, inducing a decrease of about 15% for the
grey level, this can be quantified for T larger than 140 min. Therefore, the number of
voxels belonging to the porous phase increases inducing, in most cases, larger pores, these
larger pores not being excluded due to the threshold on the size of the pores. Moreover,
the increase of the number of inter-filament pores can also be due to delamination effects.
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Namely, the global DVC (Figure 4.14a) in x and y direction do not show any significant
variation, meaning that macroscopic aspect of the part did not change anymore, whereas
the local DVC (Figure 4.15) shows that the filaments, especially inside the structure con-
tinued drying, leading to smaller diameter, creating new inter-filament pores or increasing
their size.

Intra-filament pores (type B)

On Figure 4.17b and Figure 4.17c, we can observe that:

• for T=0 to T=160 min, we can observe a linear decrease of the number of intra-filament
pores associated with a decrease of the total volume of pores, leading to a decrease of the
mean intra-filament pore size. Combining the two graphs shows that these pores have a
small volume with an average size in between 0.001 to 0.003 mm3. The decrease of their
numbers might come from the filament shrinkage due to the load of the above layers as
observed in Figure 4.13 and Figure 4.16.

• for T > 160 min, the number of pores increased slowly whereas their cumulative volume
remained constant.

4.4.3 What are the microscopic changes during the main phases of the dry-
ing?

Figure 4.18 shows the drying rate of the cube as a function of time [Taguchi et al., 2010], obtained
in similar conditions of temperature and humidity as the one imaged. The drying rate of the air-
dried cube exhibits two main regimes: a constant rate period (≈ 0.18kgH2O.h−1.m−2) (phase
I) that last about 135 minutes followed a falling rate period (phase II). These two periods were
reported on the graphs representing the temporal evolution of the microstructural descriptors.

During phase I, the main phenomena that occurred aimed at building the rigid skeleton
of the dried cube [Metzger, 2018, Rémond et al., 2010, Sampson and Yamamoto, 2011]: we
observe a macroscopic anisotropic shrinkage of the structure, a decrease of the solid fraction
of the cube, a decrease of the volume of the central pore, a decrease of the number and of the
volume of the inter-filament and intra-filament pores, a change of the shape and dimensions of
the cross-section of filaments. At the beginning of phase II, we observe that the previous changes
still took place but at a slower rate.

During phase II, most of the changes appear at the filament scale; we observed de-
lamination effects, an increase of number of the inter-filament and intra-filament pores. The
quantitative analysis captured the last phenomena after the beginning of phase II defined by
Figure 4.18. Therefore, at the observation scale, a transition zone, that took place between 120
minutes and 160 minutes of air drying, might be defined between the two regimes. During this
period, it is difficult to define the major mechanisms as they resulted in a competition between
the main phenomena taking place during each phase. The length of this transition zone might
be explained by 3 factors (i) it was possible to quantify the evolution that took place up to
30 µm, which is enough to explain part of the microscopic changes but as stated by Metzger
(2018) [Metzger, 2018] it is complicated to simultaneously image drying phenomena at the three

189



Chapter 4. 3D real-time monitoring of air-drying of 3D printed part made up of cellulose by fast
laboratory X-ray microtomography

relevant scales on representative samples (ii) the temperature gradient around the sample mod-
ified the drying rate of the sample and might have induced different evolution rates of the 4
faces of the cube (iii) the CMC dissolved in the water to prepare the paste acted as a gelation
agent [Edali et al., 2001] and allowed the cellulose fibers to be embedded [Thibaut et al., 2019]
and probably modified the drying mechanisms of cellulose fibers and of cellulose fiber mats,
compared to paper materials.

Figure 4.18: Temporal evolution of the drying rate. [Thibaut, 2020]

4.4.4 Conclusion

The objective of this study was to experimentally determine the multi-scale phenomena that
occurred during the drying of a 3D printed part obtained by extrusion of cellulose-based paste.
Lab X-ray microtomography imaging techniques during air drying tests combined with advanced
image analysis were used to reveal the mechanisms that took place at the part scale and at the
filament scale. For that purpose, a fast lab X-ray microtomography procedure coupled with
quantification of the main structural parameters and kinetics measurements was developed. It
allowed the qualitative and quantitative analysis of microstructural changes during the two first
phases of the air drying of a cube that are the constant drying rate period (phase I) and the
first falling rate period (phase II). During phase I, we quantified the macroscopic anisotropic
shrinkage of the structure, a decrease of the solid fraction of the cube, a decrease of the volume
of the central pore, a decrease of the number and of the volume of the inter-filament and intra-
filament pores, a change of the shape and dimensions of the cross section of filaments. At the
beginning of phase II, we observed that the previous changes still took place but at a slower rate.
During phase II, most of the changes appeared at the filament scale; we observed delamination
effects, an increase of number of the inter-filament and intra-filament pores. A transition zone
was therefore defined during which a competition between the main phenomena taking place
during each phase occurred.
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4.5 Conclusion

In this chapter, a real-time fast in-situ scan performed with the optimized laboratory CT setup
is presented. The optimization was done by an experimental screening on an already dried 3D
printed cube and a suitable configuration was chosen that allows to quantify the microstruc-
tural changes during the air-drying phenomena of a 3D printed cube. The chosen setup limits
the voxel size to 28 µm which only allows to quantify the larger microstructural parameters.
The experimental configuration was further confronted with the predicted configurations by the
optimization model and it was found to be in-line with one of them. The model also predicted
the possibility to improve the spatial resolution of the scan by using the binning 2 mode of the
detector. It would be interesting to complete these results by performing observations using
fast high-resolution X-ray images to better define the microstructural changes at the filament
scale and therefore better define and quantify the transition zone and thus the deformation
mechanism.
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5.1 Summary of this doctoral work

This doctoral thesis deals with developments to increase the possibilities offered by laboratory
X-ray computed tomography for materials characterization by focusing on contrast enhancement
and on time resolution aspects.

The limitations of lab-CT in terms of image quality and resolution for steady-state and
in-situ acquisitions compared to synchrotrons are detailed in the ”literature review”, presented
in chapter 1. A particular attention was paid on the effect of lab-CT scanning acquisition
parameters on the resultant image quality and the need of acquisition protocol to select the set
of parameters that produce the best quality of images for a CT scan. Moreover the limitations
of laboratory-CT for fast in-situ acquisitions were detailed as well.

In order to overcome these limitations we proposed two different but interlinked method-
ologies. The first methodology is the hardware strategy and involves the use of advanced new
generation direct photon-counting detectors (PCDs) that offer enhanced characteristics com-
pared to the standard energy-integration detectors currently in use in lab-CT. These character-
istics are direct detection mechanism of X-ray photons and the energy-discriminating capability
of the detector. The second methodology is based on developing a global optimization strategy
for the suitable selection of acquisition parameters for a CT scan. A model was developed for
this purpose that outputs the suitable scanning configurations by taking into account the sample
and sample environment specifications and the objectives of the scan. A general summary of
work presented in relevant chapters is follows:

• In chapter 2: the quantitative characterization of the imaging performance of a photon-
counting detector using a lab polychromatic X-ray source is presented. The chapter begins
with the description of the working principle of the PCD. Then, the characteristics of
four PCDs were examined and a suitable detector, Pixirad-2/pixie-III, was subjected to
characterization. The static and time-dependent defects of the detector were characterized
and correction procedures based on local median filter and hardware sensor refreshing, were
proposed. The classical imaging capabilities of the detector in terms of noise and contrast
measurements (SNR, CNR and MTF) were tested and compared to the standard energy-
integrating detector flat-panel. The results indicated approximately 15% lower SNR and
12% improved CNR of the Pixirad-2/pixie-III detector. The MTF curve of the Pixirad-
2/pixie-III shows a significantly higher spatial resolution, the estimated spatial frequency
at 0.5 MTF lines is 0.43 cycle/pixels for Pixirad-2/Pixie-III and 0.17 cycle/pixels for flat-
panel. The charge sharing correction performance of the Pixirad-2/pixie-III detector was
evaluated by the energy characterization of three available operating modes of the detector.
It was concluded that NPISUM mode recovers the shared charges compared to NONPI
and NPI mode but the efficiency of the correction is only limited to four neighbouring
pixels in the horizontal and vertical direction. The spectral capabilities of the detector
was tested by accessing the single-shot radiographic K-edge subtraction (KES) imaging
and by estimating the spectral resolution of the detector. An (I-BaSO4-H2O) phantom
was used for this purpose. The radiographic KES image was obtained using the photons
of energy in-between 28 and 38 keV by monochromatizing the polychromatic beam using
the energy-discrimination feature of the detector. Only the Iodine and Barium Sulphate
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solutions were visible in the processed image since the K-edge of Iodine and Barium lie
in this range. Such capability of the detector can potentially be used to perform material
identification imaging and for their composition analysis. The Spectral resolution of the
detector was estimated by measuring the absorption K-edge spectra of Iodine and BaSO4

and was found to be within 2 keV range, which is relatively good for practical applications.

• In chapter 3: a model-based approach to select the suitable acquisition configuration for
a CT scan was developed. The different modules of the optimization model (i) a noise
model, (ii) an X-ray X-ray absorption simulation tool and (iii) a screening algorithm, were
detailed. The model takes as input the preliminary knowledge of the sample, the in-situ
process, technical constraints of the tomograph and the level of analysis to be performed on
the recorded images. The screening algorithm screens over all possible scanning parameters
and outputs the different possible scanning configurations. For each configuration, the X-
ray absorption simulation tool is used for the computation of contrast and photon flux in
the output image. Moreover, for each configuration, the computed contrast, photon flux,
resolution and motion of the feature of interest is used to estimated the resultant image
quality in the sense of weighted average error in the segmented volume of the feature of
interest using the noise model. All possible configurations are output as a tabular file. A
proposed cost function makes the trade-off between different output configurations based
on the minimum weighted average error criteria taking into account the level of analysis
to be performed on the reconstructed images. The efficiency of the model to predict the
acquisition parameters is confronted with the experimental datasets and the predicted
parameters were found to be consistent with the experimental parameters. However, some
variations were observed since the detector response was not implemented in the model.
Moreover, the sensitivity of the cost function to the various acquisition parameters was
accessed and it was found that a further criteria on the weighted average error with the
change in voltage and SDD needs to be implemented to improve the effectiveness of the
optimization model.

• In chapter 4: a fast in-situ application performed with the optimized laboratory-CT
setup was presented. The application belongs to the 3D real-time monitoring and quanti-
tative characterization of the multi-scale phenomena that occurred during the air-drying
of a 3D cellulose paste printed sample. The details about the experimental screening for
the optimization of the acquisition parameters to enable fast acquisition with quantifiable
image quality, on an already dried 3D cellulose paste printed cube were presented. The
acquisition configuration was chosen by making the trade-off between the available spa-
tial and temporal resolution and image quality. The selected experimental configuration
was confronted with the configurations predicted by the optimization model which were
found to be in-line with the chosen setup. The optimized setup led to the acquisition of
120 tomographic scans with a scan time of 36 seconds recorded every 4 minutes during
the 8 hour of air-drying monitoring of 3D printed cube. The application of the advanced
image analysis tools such as labelling and digital volume correlation on the acquired re-
constructed datasets allowed the qualitative and quantitative analysis of microstructural
changes during the two phases of the air-drying phenomena that took place at the part
scale and at the filament scale. During the constant drying rate period, the macroscopic
anisotropic shrinkage of the structure was quantified that resulted in a decrease of the
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solid fraction of the cube, a decrease of the volume of the central pore, a decrease of the
number and volume of the inter-filament and intra-filament pores, and a change of the
shape and dimensions of the cross-section of filaments. At the beginning of the first falling
rate period, we observed that the previous changes still took place but at a slower rate.
However, most of the changes appeared at the filament scale during the phase, and de-
lamination effects was observed leading to an increase of number of the inter-filament and
intra-filament pores.
The application illustrates the quantitative characterization capability of lab-CT for fast
in-situ tests.
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5.2 Perspectives

This section details some of the perspectives of the work presented in this thesis.

5.2.1 Using Pixirad-2/Pixie-III for tomographic acquisitions

In this thesis the implementation and radiographic characterization of the Pixirad-2/Pixie-III
detector was performed using the laboratory source. The detector can be used for the lab-
based tomographic acquisitions such as absorption, spectral and in-situ CT. Prior to that, some
further analysis on the detector is required as presented below: (it is currently an on-going
work in laboratory SIMAP & 3SR and most of the work has been done by Rémi Granger, a
post-doctoral researcher working on the photon-counting detectors project.)

• Understand the link between the detector’s linearity and saturation behaviour as a function
of the acquisition parameters such as input flux, source-detector-distance, and energy-
threshold value. Such characterization will be useful to build guidelines for tomographic
imaging for the CT users.

• Quantify the effect of pulse-pile up on the recorded output energy spectrum.

• Develop a dedicated post-processing script to improve the radiographs quality. This script
would overcome the consequences of the static and dynamic defects present on the detec-
tor sensor. Without that it is not possible to obtain the meaningful reconstruction for
tomographic acquisitions.

• Explore the potential of the detector to correct the beam-hardening artifacts for high-
density materials.

• Developing a KES optimization model to predict suitable lower and upper energy-threshold
values according to the scanned specimen’s material composition. In the KES radiographic
imaging presented in Chapter 2, the Eth low and Eth high value were arbitrarily selected
according to the K-edge of the materials. However, in order to improve the efficiency, a
KES model based on a contrast-to-noise ratio (CNR) criteria can be build and suitable
Eth low and Eth high value can be selected for a scan that estimate the highest CNR.

Once these questions are answered, the detector needs to be used for tomographic
acquisitions.
An illustration of the absorption-CT and single-shot KES-CT performed with Pixirad-2/Pixie-
III detector is presented in Figure 5.1. The phantom (BaSO4-H2O-I) consist of Barium Sulphate
(BaSO4), distilled water (H2O) and Iodine (I). The acquisition parameters for both scans are
listed in Table 5.1.

For acquisitions, bias voltage was regularly set to 0 V for 5 seconds every approximately
2 minutes to avoid polarization artifacts. For absorption-CT, radiographs were acquired using
the photon of energy in-between 15 to 50 keV using the imaging counter 0. For KES-CT both
imaging counters were used. For counter 0, the lower and upper thresholds were set to 34 and
39 keV, this defines the energy window for counter 1 in-between 39 to 50 keV.
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Table 5.1: Acquisitions parameters for the tomographic scans.

Acquisition Pixirad-2/Pixie-III
Absorption-CT

Pixirad-2/Pixie-III
KES-CT

Acquisition parameters
Number of projections 800 800
Average of the projections 10 10
Exposure time per projection [s] 1 1
Total scan time [hour] ≈ 2 ≈ 2
Resolution [µm] 10 10
Source parameters
Filter 1mm Al 1mm Al
Voltage [kV] 50 50
Current [µA] 200 200
Target W W
Pixirad-2/Pixie-III specific parameters
Energy thresholds [Eth low, Eth high] [keV] [15,50] [34,39], [39,50]
Used imaging counter 0 0 and 1

The acquired raw radiographs from both scans were pre-processed by following pro-
cedure presented in Chapter 2 (flat-field correction, local defects corrections). For KES scan,
2 datasets were acquired using the imaging counter 0 and 1. After the pre-processing opera-
tion, the digital logarithmic subtraction was performed using the counter 1 dataset and counter
0 dataset to obtain the KES dataset. The procedure is previously illustrated in Chapter 2,
Section 2.4.5.

Both scans were then reconstructed using filtered back-projection algorithm, using
XAct software and the XAct ring filter to remove the artifacts was applied. The reconstructed
slices from the absorption scan and KES scan are shown in Figure 5.1(a & b), respectively.

It can be noted that both scans are well reconstructed. The artifacts can be seen in the
presented slices which needs to be further corrected. For KES-CT image, Figure 5.1(b), only
the (BaSO4) phase is visible since the K-edge of Ba lies within the energy range used for the
acquisition. The identification of a specific material based on its K-edge illustrates the potential
of Pixirad-2/Pixie-III detector for material identification. Such tomographic acquisitions after
fully understanding the detector behaviour can be performed in an efficient way with laboratory
setups.

The use of Pixirad-2/Pixie-III for time-resolved CT also needs to be explored. The
detector provides the possibility to reduce the exposure time down to 10 milliseconds which
could be useful for high-speed in-situ acquisitions.

199



Chapter 5. Conclusions and perspectives

Figure 5.1: The reconstructed 2D slices of (BaSO4-H2O-I) with Pixirad-2/Pixie-III detector
(a) absorption-CT (b) K-edge subtraction (KES) CT.

5.2.2 Optimization model

In the thesis, an optimization model to estimate the suitable scanning configuration for a CT
scan is presented. Some recommendation that can be implemented for improving the model
efficiency is detailed below:

• In the noise model, the spherical feature of interest of radius 1 to 10 pixels are currently
simulated. It needs to be extended to the feature size of larger radius and to different shape
as well. 3D grayscale images of different shapes with different sizes can easily be generated
by modifying the developed sphere generation script. Instead of simulating different shapes
separately, a sphericity function can be implemented in the script which can generate the
3D object with a specified sphericity considering the sphericity of a perfect sphere as 1.
The sphericity can be given as an input parameters along with the image and object size.
Moreover, the possibility to use other type of feature can be implemented in the noise
model.

• The weighted average error is defined based on the criteria of segmented volume of the fea-
ture size which comes under the dimensional measurements. The criteria can be extended
to form measurements such as sphericity, cylindricity and flatness. The criteria can also
be extended to more number of objects as well.

• The threshold limit for the estimation of solid volume was selected at 128, based on an
ideal case senior with grayscale value in the background and sample being 0 and 255. The
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threshold limit value can be refined by investigating the effect of the lower threshold limit
value on the weighted average error and comparing it with the experimental dataset.

• The detector response is not implemented in the optimization model. The experimental
dataset of the detection efficiency as a function of photon energy can be implemented
in the Beer Lambert’s law prior to computing the integration, which will estimate the
correct output photons received by the detector. These output photons can further be
approximated into the mean grayscale value to be received on the radiograph and can
be used for correct estimation of output image contrast. The mean grayscale value can
also assists in establishing the boundary conditions for the detector saturation response
(overexposure and underexposure) for the given input parameters.

• Currently the weighted average error is estimated as a function of the Gaussian noise.
Grayscale values estimated on the radiographs after implementing the detector response
can be further used to implement more noise criterion such as signal-to-noise ratio, contrast-
to-noise ratio and some other noise metrics to improve the efficiency of the noise model.
These metrics might be necessary because different CT configurations can result in simi-
lar standard deviation in the radiographs but with different values of other image quality
indexes.

• The criteria to compensate motion of the FOI is based on inducing blurring in the sim-
ulated 3D grayscale sphere. This was done by generating the series of 3D spheres with
varying their x-directional central position and then computing the single averaged sphere.
This averaged sphere has more intermediate gray values along the boundary representing
blurring but the size of the sphere remains constant. In reality, the motion is caused by
the structural change or evolution within the feature of interest and it causes the reduction
in the size of the feature. This strategy for the generation of the motion-induced sphere
can be improved. However, a detailed experimental validation is needed to validate the
motion-induced simulation results for spherical object.

• The sensitivity of the cost function as a function of acquisition parameters showed that
a further criteria on the basis of changing source-detector distance (SDD) and voltage is
required as presented in the case study.

• The output of the optimization model can be linked with other developed tomographic
simulation software such as Novi-Sim (from Novitom) that takes into account the detector
response into account and output the reconstructed slice for a given scan setup. The
optimized setup predicted by the optimization model can be used as an input in the Novi-
Sim to output the simulated reconstructed dataset.
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5.2.3 Application: 3D real time monitoring of air-drying of 3D printed cel-
lulose cube

The presented air-drying monitoring application was performed using the optimized setup by
experimental screening of acquisition parameters. The optimization model suggest further im-
provements in the scan setting that can help to improve the image quality.

The current study was performed at 28 µm voxel size. Due to which the smaller
inter-filament and intra-filament pores with volume less than 30 voxels were not detectable in
the acquired datasets. By utilizing the optimization model, the resolution of the scan can be
increased and the similar experiment can be performed using fast high-resolution X-ray setup to
better define the microstructural changes at the filament scale and therefore better define and
quantify the transition zone.

Model suggests that the binning 2 mode of the detector can be used which will result
in the voxel size of 14 µm with the same geometry setup. Although in such case, the achievable
exposure time will be limited to 30 frames per second but a suitable configuration according
to the measurement accuracy can be chosen from the output configurations tabular file of the
model in which the effect on the weighted average error with the different number of projections,
average, exposure time, and motion is listed.

Similarly by using the optimization model, other fast in-situ application can be per-
formed with the lab-CT. One such application can be solidification of an metallic alloy.
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5.2.4 Application 2: In-situ 4D solidification of an AlSiCu alloy by fast lab-
oratory X-ray micro-CT

This section briefly introduces the second application that was studied. The aim of this appli-
cation is to demonstrate the potential of laboratory CT for continuous in situ acquisitions and
corresponds to the in-situ solidification of aluminium silicon copper Al-Si-Cu alloy.

A trial experiment that was conducted during the first year of the thesis with an
optimized laboratory CT setup is briefly presented, along with some qualitative and quantitative
results. Some limitations faced in the quantification of liquid and solid phase are discussed, and
the potential use of Pixirad-2/Pixie-III detector to improve the spatial and temporal resolution
of the scan is analyzed.

5.2.4.1 Introduction

During the solidification process, the alloy consists of a solid-liquid mixture before complete
solidification. The presence of two phases (solid and liquid) in the beginning is an origin for
microstructural changes such as local variations in volume fractions of solid and liquid and
porosity that form at the end of solidification.

The developments of ultra-fast, high-resolution X-ray CT setups at synchrotron made
possible the in-situ solidification at high spatial and temporal resolution for microstructural
quantification which has been reported by a number of publications [Ludwig et al., 2005, Suéry
et al., 2012, Salvo et al., 2012a, Fife et al., 2014, Terzi et al., 2010]. However, no such solidification
experiment has been reported with laboratory CT. In this section, we present the first in-situ
solidification performed using the optimized laboratory CT setup. Some further improvement
in the acquisition setup that can be done is also presented.

5.2.4.2 Material and experimental methods

5.2.4.2.1 Material

The specimen studied is an aluminium alloy Al-Si-Cu (8wt%Si and 4wt%Cu). The thickness of
the sample is approximately 1 mm with 2 mm in height. A section of the specimen was scanned
with 1 mm diameter and 1.75 mm height.

5.2.4.2.2 Heating furnace

The heating furnace used is a MHI FibHeat200-XRD microheater that has been previously used
at ESRF ID16B [Kumar et al., 2019], and temperature as high as 1000◦C can be reached. The
diameter of the furnace is 28 mm.

5.2.4.2.3 The fast lab micro-CT technique

The solidification experiment was performed using the RX Solutions EasyTom XL tomograph lo-
cated in the laboratory SIMAP. The X-ray micro-focus source (Hamamatsu Corporation L8121-
03 X-ray sealed source) and “indirect” flat-panel Varian PaxScan® 2520 was used for the ex-

203



Chapter 5. Conclusions and perspectives

periment. Figure 5.2(a & b) shows the experimental setup; a heating furnace was mounted in
front of X-ray micro-focus source. In order to visualize and quantitatively characterize the mi-
crostructural changes during the solidification of 1 mm sample, typically high spatial resolution
scan is required. The experiment was performed at the highest possible resolution with the
current lab-CT setup.

The flat-panel detector was operated in full acquisition mode without any binning,
which gives an array of 1920 × 1536 pixels, with each pixel measuring 127 × 127 µµm. The
furnace was mounted at the closest position to the X-ray source output window. The sample
was glued on the top of a ceramic rod and inserted in the furnace. The achieved source-object
distance (SOD) was 42 mm, considering the distance of 14 mm between the X-ray source focus
point and the output window and the diameter of the furnace. The detector was placed at the
farthest possible position giving the source-detector distance (SDD) of 668 mm. The combination
of SOD and SDD gives a magnification of 15.9 and combined with the detector pixel pitch of
127 µm resulted in a voxel size of 7.93 µm3.

The X-ray tube was operated in small focal spot mode at a power of 10 W with an
acceleration voltage of 80 kV and a filament current of 123 µA.

For the experiment, the sample was partially melted at 640 ◦C and subsequently solidi-
fied during which continuously tomography acquisition was performed. The cooling rate was not
precisely controlled and was estimated to be 0.1 ◦C/sec. A single large continuous acquisition
containing 6000 radiographs with an average of 3 images at an exposure time of 0.09 seconds
was captured during the 30 minutes of cooling. It resulted in a total of 30 turns, and each turn
contained 200 radiographs with a scan time of 54 seconds.

This optimized acquisition protocol with a voxel size of 7.93 µm3 and scan time of 54 s
leads to scans with enough temporal and spatial resolution to visualize and quantify the larger
microstructural features during the solidification process.

Figure 5.2: Experimental setup with the furnace mounted with laboratory tomography set up
for the in-situ solidification experiment. (a) Front view and (b) side view.
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5.2.4.2.4 Data processing and analysis

The acquired 2D radiographs were reconstructed using the classical filtered back-projection
(FBP) algorithm implemented by RX solutions.

Phase quantification: The output volumes have two phases, a solid-liquid (liquid and solid)
and a porous phase, as identified in Figure 5.3(a). Due to the limited resolution and image
quality of the scan, it was not possible to quantify the solid and liquid phases. The solid-
liquid and porous phase was identified using a thresholding operation. The same threshold was
applied to the 30 scans and was obtained by averaging the threshold value automatically found
by the iterative intermeans method available in ImageJ [Ridler, 1978b]. Figure 5.3(b) shows the
histogram of the 3D reconstructed volume at T = 0 second with solid-liquid and porous phase,
and the cutoff threshold is indicated. No median filter or any other post-processing filter was
applied on the 3D reconstructed dataset prior to phase quantification for improving the image
quality.

Figure 5.3: a) A 2D reconstructed slice at T = 0 sec with different identified phases in Al-Si-Cu
specimen. b) A histogram of reconstructed volume showing the cut off threshold to distinguish
the two phases.

Microstructural quantification: The binarized volumes were considered for microstructural
quantification. The volume of the solid-liquid and porous phase was computed by counting the
total number of voxels of the respective phase and multiplied by the voxel size. The large pores
with a volume greater than 20 voxels were identified by labelling the porous phase using the
Analysis 3D plugin of ImageJ [Boulos et al., 2012]. It labelled the 3D connected components
with specified connectivity of 26 neighbours. After identifying the pores, the volume and the
surface area of each pore were computed using a marching cube algorithm [Lorensen and Cline,
1987].
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5.2.4.3 Results and Discussion

5.2.4.3.1 Qualitative Results

Figure 5.4 presents a series of 2D reconstructed slices of the Al-Si-Cu specimen at various
solidification times. Each slice was extracted from the 3D volume that corresponds to the
acquisition time of 54 seconds. Only fourteen 2D images are shown among the 30 reconstructed
volumes. It can be seen that images are of sufficient quality to visualize the solidification process.
The formation of pores and dendrites can be observed with the acquisition time.

At time T = 0 sec, the sample is in mostly liquid state, and it starts to solidify as
the furnace temperature decreases. It can be observed that most of the visible microstructural
changes, pores and dendrites formation, occur roughly till the sixth scan, which corresponds
to the solidification time of 270 seconds. After some changes at the local microstructural level
might occur. The formation of the central pore, located at the center of each slice, and its
volume growth can be observed till T = 324 seconds and after no visual change is noticed.

At the beginning of solidification, the solid-liquid phase consists of isolated dendrites,
and the connection between dendrites occurs gradually as the temperature decreases with the
increase in solidification time. However, the shape of the dendrites is not very clear from the
images due to the limited spatial resolution.

Figure 5.4: 2D reconstructed slices of a Al-Si-Cu specimen alloy during solidification. Each
slice was extracted from the 3D volume captured with the acquisition time of 54 seconds.

5.2.4.3.2 Quantitative Results

Figure 5.5 presents the segmented slices extracted from the 3D segmented stacks at
different solidification times. The solid-liquid phase is represented by white color and the porous
phase with black. The larger pores were well segmented and they can be observed in the grayscale
images as well.

Figure 5.6 shows the temporal evolution of the volume of the solid-liquid phase. The
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Figure 5.5: 2D segmented slices of the Al-Si-Cu specimen during solidification representing
solid-liquid phase in white and porous phase in black color.

volume of the solid-liquid phase was normalised by the volume measured on the first 3D dataset,
which was evaluated to be 1.36 mm3. The final volume at T= 1556 sec is 1.23 mm3. It can
be observed that volume decreases rapidly till the solidification time of 200 seconds, and the
decrease in the volume is negligible after 200 seconds. The formation of pores till T = 200
seconds decreases the solid-liquid volume and it also indicates that most of the pores formation
happen until this stage.

Figure 5.6: Temporal evolution of the normalized solid-liquid phase volume.
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Figure 5.7 presents the 3D rendered pore map at different solidification times. Pores
that exhibited a volume smaller than 20 voxels (9.86 ∗ 10−5mm3) were discarded as most of
these pores might come from the threshold sensitivity due to the limited scan resolution. It
can be observed from the figure that at the beginning of solidification, Figure 5.7(a), when the
specimen is in a semi-liquid state, only few pores are identified and most of the pore volume is
contributed by three large spherical pores. After, as the sample starts to solidify more pores are
identified, as seen in the Figure 5.7(b) at T = 162 seconds and Figure 5.7(c) at T = 324 seconds.
The three big spherical pores that are visible at T = 0 sec and at T = 162 sec are identified with
the image background at T = 324 sec due to the fact that labelling operation labels only 3D
connected closed components, and these three pores were present close to the sample boundary
which at T = 324 sec got connected with image background. No further changes in the pores
are seen at T = 1556 sec compared to T = 324 sec.

Figure 5.7: 3D rendered pore map at different solidification time. 3D connected pores are
labelled and shown with the difference in the gray value.

Figure 5.8 shows the temporal evolution of the total number of pores present in the
sample. An increment in the total number of pores can be observed until the solidification
time of T = 300 seconds, and no significant trend is observed afterwards. A small fluctuation
might be due to the smaller volume pores identified after T = 300 seconds and got connected
with the nearby pore or can be due to the pores present near the boundary of the specimen,
which got joined with the image background. This initial increase in the pore number and then
stabilization is consistent with the qualitative observation from the 3D rendered views, as shown
in Figure 5.7.
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Figure 5.8: Temporal evolution of the total number of pores identified in the sample with the
solidification time.

5.2.4.4 Current limitation and further improvements

As discussed earlier, the resolution of the scan was not sufficient to accurately quantify the
liquid and solid phases. This primarily comes from the limitation of the CT hardware setup.
The diameter of the furnace was approximately 28 mm, which combines with the EasyTom XL
geometry constraint and flat-panel detector pixel pitch, limit the voxel size to 7.9 µm. The
scan time was restricted to 54 seconds per acquisitions due to the limited efficiency of the flat-
panel detector. Due to this relatively longer scan time, it was not possible to study the early
stage of solidification because dendrites formation is happening significantly faster during a scan.
Moreover, in the current scan, the cooling rate was not controlled.

This indicates the need of a more specialized furnace that can be coupled with labo-
ratory CT setup to improve the spatial resolution and the use of an advance detector that can
improve both the spatial and temporal resolution. In the current case, the utilized furnace is the
one used at ESRF ID16B but the size of the furnace can be easily reduced that can be placed
more closer to the X-ray source. The nano-focus source can also be utilized that can result in
the minimum voxel size of 4 µm with the flat-panel detector using the current setup.

The use of Pixirad-2/Pixie-III detector, presented in Chapter 2, can be utilized. The
pixel size of the detector is 62 µm (approximately twice smaller than flat-panel) and it will help
to reduce the voxel size by two orders of magnitude to 3.89 µm with the micro-focus source
and the same geometry setup. The Pixirad-2/Pixie-III detector combined with nano-source can
result in a minimum voxel size of 2 µm.

Moreover, the SDD distance can be further reduced to increase the photon flux on the
detector that can be advantageous to use the lower exposure time. With the Pixirad-2/Pixie-III
detector, the exposure time of 0.01 seconds can be achieved which can significantly reduce the
scan time. However, for this, the amount of flux received by the detector at the lowest possible
exposure times needs to be studied and a trade-off between spatial and temporal resolution can
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be made.

Figure 5.9 illustrates the possible improvements in scan time and voxel size by using
the Pixirad-2/Pixie-III detector with the same experimental parameters used in the current
study. However, before using the Pixirad-2/Pixie-III, further characterization to understand the
detector behaviour needs to be carried out.

The acquisition parameters can be further optimized by using the developed optimiza-
tion model, presented in Chapter 3. A suitable scanning configuration based on the weighted
average error in the interested feature size criteria can be selected according to the objective of
scan. Moreover the machine learning and artificial intelligence based reconstruction algorithm
can be used to further reducing the scan time for reducing the required number of projec-
tions compared to filtered back-projection algorithm [Hendriksen et al., 2019, Pelt et al., 2018,
Weigang and Jinxiao, 2021].

Figure 5.9: Possible reduction in scan time and voxel size by using Pixirad-2/pixie-III detector
with the same geometry due to its enhanced characteristics.

5.2.4.5 Conclusion

The first in-situ 3D observations of the solidification of an Al-Si-Cu alloy with laboratory X-
ray microtomography is presented. The optimized laboratory CT setup allows investigation of
larger microstructural features and enables qualitative and quantitative characterization during
the solidification. Based on the preliminary results obtained in this work using fast laboratory
microtomography, it is obvious that in the near future by utilising the advanced photon-counting
detector, specialized heating furnace and by estimating the acquisition configuration via opti-
mization model, an ultra-fast solidification experiment at high spatial resolution can be carried
out.
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Appendix A

X-ray CT facility at lab 3SR and lab
SIMAP

A.1 X-ray CT scanners

Laboratory 3SR and laboratory SIMAP are equipped with the X-ray CT scanner supplied by
RX-Solutions. Both tomographs were extensively used during this thesis. Figure A.1 shows
the CT scanners. Both X-ray cabins are large enough to host relatively large and complex
equipment.

Figure A.1: The X-ray CT scanner located in (a) laboratory SIMAP (b) laboratory 3SR.

Figure A.2 and A.3 show the internal view of the both tomographs.
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Figure A.2: Tomograph setup at laboratory SIMAP equiipped with micro and nano-focued
X-ray sources (a) 3D model view, (b) actual view.

Figure A.3: Tomograph setup at laboratory 3SR equipped with micro-focued X-ray source
and flat-panel detector.

A.2 X-ray sources

X-ray scanner at laboratory 3SR is equipped with micro-focus X-ray source and X-ray scanner
at laboratory SIMAP is equipped with both micro and nano-focus X-ray sources. The general
specifications of the micor and nano-focus X-ray sorces are presented is Table A.1 and A.2.
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Table A.1: General specifications for micro-focus X-ray source

Parameter Description / Valu Unit
X-ray tube voltage setting range 0 to 150 kV
X-ray tube current setting range 0 to 500 µA
X-ray tube voltage operational range 40 to 150 kV
X-ray tube current operational rang 10 to 500 µA

Maximum output

Small focus mode 10

WMiddle focus mode 30
Large focus mode 75

X-ray focal spot size (Nominal value)

Small focus mode 7 (5 µm at 4 W)

µmMiddle focus mode 20
Large focus mode 50

X-ray beam angle Approx. 43 degree
Focus to object distance (FOD) Approx. 17 mm
Rated output Continuous rating –
Communication method Interface: RS-232C (9-pin D-sub connector) –
X-ray output window material / Thickness Beryllium / 0.2 mm
Target naterial Tungsten —
Operating ambient temperature +10 to +40 °C

Table A.2: General specifications for nano-focus X-ray source

Parameters
Description / Value
S mode W mode

Cathode material LaB6 (Single crystal) W (Tungsten)
Maximum tube voltage 110 kV 162 kV
X-ray tube voltage setting range 20 kV to 100 kV 20 kV to 160 k
X-ray tube current setting range 0 µA to 200 µ
Minimum resolution 0.25 µm 0.8 µm
Maximum target current 30 µA / 80 µ 50 µA / 100 µA
Target type Transmission type
X-ray beam angle (Max.) Approx. 140 degrees
Target material Tungsten
X-ray output window material Beryllium / Diamond
Focus to object distance (FOD) 0.5 mm / ¡0.3 mm
Protection Interlock 1 / Interlock External short-circuit method (Normally closed) 36 V DC / 12 V D

Input voltage (AC)

X-ray control unit 100 V to 240 V (50 Hz / 60 Hz)
Power supply for turbo pump controller 100 V to 240 V (50 Hz / 60 Hz)
Rotary pump 115 V / 230 V (50 Hz / 60 Hz)

Power consumption (Max.
X-ray control unit 410 VA
Turbo pump se 600 W

Rated output Continuous operation
Cooling method Water cooling

Weight
X-ray tube unit / X-ray control un Approx. 82 kg / Approx. 8 kg
Rotary pump Approx. 11 kg

Operating ambient temperature X-ray tube unit / X-ray control unit +15 °C to +40 °C
Storage temperature X-ray tube unit / X-ray control unit +5 °C to +50 °C
Operating and storage humidit X-ray tube unit / X-ray control unit 20 % to 85 % (No condensation)
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A.3 X-ray detectors

X-ray CT scanner at laboratory SIMAP is currently equipped with three detectors, flat-panel,
CCD (charge-coupled device) camera and a photon-counting detector PixiRad-2/Pixie-III. X-ray
CT scanner at laboratory 3SR has only flat-panel detector.

Flat-panel detector is a Varian PaxScan 2520DX with 1536 x 1920 pixels and a pixel
size of 127 x 127 µm. CCD camera is a Pixelfly 200 XS with 1392 x 1040 pixels and a pixel size
of 6.45 x 6.45 µm. PixiRad-2/Pixie-III is a photon-counting detector with 476 x 1024 pixels and
a pixel size of 62 µm.
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May 2020.

T. Bultreys, M.A. Boone, , M.N. Boone, , T.D. Schryver, B. Masschaele, L.V. Hoorebeke, and V. Cnudde.
Fast laboratory-based micro-computed tomography for pore-scale research: Illustrative experiments
and perspectives on the future. Advances in Water Resources, 95:341–351, sep 2016. ISSN 03091708.
doi: 10.1016/j.advwatres.2015.05.012.

220



Bibliography

S. Leng, M. Bruesewitz, S. Tao, K. Rajendran, Ahmed F. Halaweish, N.G. Campeau, Joel G. Fletcher,
and C.H. McCollough. Photon-counting Detector CT: System Design and Clinical Applications of
an Emerging Technology. Radiographics, 39(3):729–743, 2019. ISSN 15271323. doi: 10.1148/rg.
2019180115.

K. Taguchi and J.S. Iwanczyk. Vision 20/20: Single photon counting x-ray detectors in medical imaging.
Medical physics, 40(10):100901, 2013. ISSN 00942405. doi: 10.1118/1.4820371.

K. Taguchi. Multi-energy inter-pixel coincidence counters for charge sharing correction and compensation
in photon counting detectors. Medical Physics, 47(5):2085–2098, 2020. ISSN 00942405. doi: 10.1002/
mp.14047.

T. Koenig, J. Schulze, M. Zuber, K. Rink, K. Butzer, E. Hamann, A. Cecilia, A. Zwerger, A. Fauler,
M. Fiederle, and U. Oelfke. Imaging properties of small-pixel spectroscopic x-ray detectors based on
cadmium telluride sensors. Physics in Medicine and Biology, 57(21):6743–6759, 2012. ISSN 00319155.
doi: 10.1088/0031-9155/57/21/6743.

R. Bellazzini. PIXIRAD: Introducing a new X-Ray imaging system based on Chromatic Photon Counting
technology, 2013.
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Á.R. Sanchez, A. Thompson, L. Korner, N. Brierley, and R. Leach. Review of the influence of noise
in x-ray computed tomography measurement uncertainty. Precision Engineering, 66, 08 2020. doi:
10.1016/j.precisioneng.2020.08.004.

G. Poludniowski, A. Omar, R. Bujila, and P. Andreo. Technical note: Spekpy v2.0—a software toolkit for
modeling x-ray tube spectra. Medical Physics, 48(7):3630–3637, 2021. doi: https://doi.org/10.1002/
mp.14945.

W.T. Elam, B.D. Ravel, and J.R. Sieber. A new atomic database for x-ray spectroscopic calculations.
Radiation Physics and Chemistry, 63(2):121–128, 2002. ISSN 0969-806X. doi: https://doi.org/10.
1016/S0969-806X(01)00227-4.

G.T. Herman. Fundamentals of computerized tomography: image reconstruction from projections Adv.
Pattern Recognit. Springer Science & Business Media, 01 2010. ISBN 978-1-85233-617-2. doi: 10.1007/
978-1-84628-723-7.

F.R. Verdun, D. Racine, J.G. Ott, M.J. Tapiovaara, P. Toroi, F.O. Bochud, W.J.H. Veldkamp,
A. Schegerer, R.W. Bouwman, I. Hernandez Giron, N.W. Marshall, and S. Edyvean. Image qual-
ity in ct: From physical measurements to model observers. Physica Medica, 31(8):823–843, 2015. ISSN
1120-1797. doi: https://doi.org/10.1016/j.ejmp.2015.08.007.

Z. Zhao, Grace J. Gang, and Jeffrey H. Siewerdsen. Noise, sampling, and the number of projections in
cone-beam ct with a flat-panel detector. Medical physics, 41 6:061909, 2014b.

A.A. Hendriksen, D.M. Pelt, W.J. Palenstijn, S.B. Coban, and K.J. Batenburg. On-the-fly machine
learning for improving image resolution in tomography. Applied Sciences, 9(12), 2019. ISSN 2076-
3417. doi: 10.3390/app9122445.

D.M. Pelt, K.J. Batenburg, and J.A. Sethian. Improving tomographic reconstruction from limited data
using mixed-scale dense convolutional neural networks. Journal of Imaging, 4(11), 2018. ISSN 2313-
433X. doi: 10.3390/jimaging4110128.

A. Weigang and P. Jinxiao. Fast 3d image reconstruction algorithm based on artificial intelligence tech-
nology. The International Journal of Electrical Engineering & Education, page 002072092098504, 01
2021. doi: 10.1177/0020720920985042.

Q. Wang, J. Sun, Q. Yao, C. Ji, J. Liu, and Q. Zhu. 3d printing with cellulose materials. Cellulose, 25,
08 2018. doi: 10.1007/s10570-018-1888-y.

L. Dai, T. Cheng, C. Duan, W. Zhao, W. Zhang, X. Zou, J. Aspler, and Y. Ni. 3d printing using
plant-derived cellulose and its derivatives: A review. Carbohydrate Polymers, 203:71–86, 2019. ISSN
0144-8617. doi: https://doi.org/10.1016/j.carbpol.2018.09.027.

A. Firmanda, K. Syamsu, Y.W. Sari, J. Cabral, D. Pletzer, B. Mahadik, J. Fisher, and F. Fahma. 3d
printed cellulose based product applications. Mater. Chem. Front., pages –, 2022. doi: 10.1039/
D1QM00390A.

235



Bibliography

A. Dufresne. Nanocellulose: From Nature to High Performance Tailored Materials. De Gruyter, 2012.
ISBN 9783110254600. doi: doi:10.1515/9783110254600.

K. Markstedt, J. Sundberg, and P. Gatenholm. 3d bioprinting of cellulose structures from an ionic liquid.
3D Printing and Additive Manufacturing, 1(3):115–121, 2014. doi: 10.1089/3dp.2014.0004.

C. Thibaut, A. Denneulin, S. Rolland du Roscoat, D. Beneventi, L. Orgéas, and D. Chaussy. A fibrous cel-
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Abstract 

 

This study deals with developments to increase the possibilities offered by laboratory X-ray 

computed tomography (CT) in material science by focusing on contrast enhancement and on 

time resolution aspects. First, the feasibility of using a new generation photon-counting detector 

(PCD) in lab-CT was evaluated. The characterization of the standard imaging performances 

and the spectral capabilities of four PCDs were carried out and compared to a standard flat-

panel detector.  The potential of PCD towards spectral and single-shot K-edge imaging was 

investigated. Second, a model-based optimization strategy is developed to define the suitable 

CT scanning parameters for dynamic in situ acquisitions with an image quality allowing 

qualitative or quantitative analysis. The model is based on three modules: modelling noise in 

the feature of interest, X-ray absorption simulation tool, and the screening algorithm that 

outputs the different possible scanning configurations associated with the probability of 

detection of the interested feature size for each configuration.  A real-time in-situ test with the 

sub-minute temporal resolution was performed with the experimentally optimized CT setup. 

The experimental configuration is confronted with the proposed optimization model 

configurations, which were found to be in-line with the chosen setup. The application 

corresponds to the real-time monitoring of microstructural evolution of 3D printed cellulose 

parts during air-drying phenomena with qualitative and quantitative analysis.  It illustrates the 

quantitative characterization capabilities of lab-CT for high-speed in-situ imaging. 

 

 

Keywords: X-ray tomography, In-situ tomography, Time-resolved imaging, Photon-counting 

detector, Parameter optimization, Image analysis 
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