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Abstract
Coronary artery disease (CAD) is a prevalent disease with high annual mortality rates and a
substantial societal and economic burden. Computed tomography (CT) is an essential diagnostic
tool in the diagnosis and follow-up of CAD, and the 2019 European Society of Cardiology
guidelines recommend using CT as the initial diagnostic test for symptomatic patients. Since the
use of ionizing examinations in the assessment of CAD is increasing, the imaging hardware,
algorithms, and protocols warrant further developments to optimize the radiation dose.
This doctoral dissertation evaluates recent hardware and computational advances in CT for the
assessment of coronary artery calcium (CAC) with an optimized radiation dose. In particular, an
experimental table-top photon counting detector CT (PCD-CT) setup was constructed to
investigate the applicability of spectral PCD-CT for quantitative CAC scoring through material
decomposition. The suitability of iterative reconstruction (IR) for CAC scoring with reduced
radiation dose was assessed. Finally, interior tomography, in which the radiation beam is
collimated to the organ-of-interest, was evaluated to investigate further possible radiation dose
reduction in peripheral organs.
The results showed that the experimental PCD-CT setup yields excellent image quality with a
low radiation dose. However, the PCD was observed to require dedicated calibration techniques
for optimized reconstruction quality. With the suitable PCD calibration and material
decomposition techniques in place, spectral PCD-CT allowed for a quantitative assessment of
CAC density and mass. Further, IR and interior reconstruction proved to be effective radiation
dose reduction strategies with acceptable CAC scoring accuracy compared to conventionally used
non-iterative reconstruction. Finally, interior tomography yielded sufficient image quality and a
considerable dose reduction to organs outside the field-of-view.
In conclusion, these findings demonstrate the utility of PCDs, IR, and interior reconstruction
in the optimization of radiation dose for CAC scoring.

Keywords: calibration, computed tomography, coronary artery disease, coronary
calcium, image reconstruction, iterative reconstruction, material decomposition, photon
counting, radiation dose

Juntunen, Mikael, Teknisiä ja laskennallisia lähestymistapoja lääketieteelliseen
fotonilaskentatietokonetomografiaan sepelvaltimokalkkeutumien kvantifioinnissa.
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Lääketieteellinen tiedekunta; Medical Research
Center Oulu; Oulun yliopistollinen sairaala
Acta Univ. Oul. D 1592, 2020
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä
Sepelvaltimotauti on yleinen ja korkean kuolleisuuden tauti, jolla on merkittävä yhteiskunnallinen ja kansantaloudellinen vaikutus. Tietokonetomografialla (TT) on kriittinen rooli sepelvaltimotaudin diagnostiikassa ja seurannassa. Euroopan kardiologisen seuran 2019 ohjeistuksen
mukaisesti TT:n rooli ensisijaisena työkaluna oireellisten potilaiden diagnostiikassa tulee kasvamaan. Lisääntyvän TT:n käytön myötä, uusimmilla teknologiainnovaatioilla on kriittinen rooli
diagnostiikassa hyödynnettävän ionisoivan säteilyn käytön optimoinnissa.
Tämän väitöskirjan tavoitteena oli soveltaa uusimpia innovaatioita kuvantamislaitteistossa ja
rekonstruktioalgoritmeissa sepelvaltimokalkkeutumien kuvantamiseen optimoidulla säteilyannoksella. Projektin alussa kehitettiin kokeellinen fotonilaskenta-TT (FTT)-kuvantamisasetelma,
jonka avulla tutkittiin fotonilaskentailmaisimen soveltuvuutta sepelvaltimokalkkeutumien kvantifiointiin. Iteratiivinen rekonstruktio (IR) on mahdollistanut säteilyannoksen laskun useissa TTprotokollissa, mutta IR:n soveltuvuudesta sepelvaltimokalkkeutumien kvantifiointiin on ristiriitaisia tuloksia. Tästä johtuen työssä tutkittiin myös IR-algoritmien tarkkuutta sepelvaltimokalkkeutumien karakterisoinnissa. Lisäksi työssä tarkasteltiin sisätomografiakuvantamista, jossa
säteilyannos rajataan tutkittavaan elimeen, mikä saattaa mahdollistaa säteilyannoksen vähentämisen perifeerisissä elimissä.
FTT:n kuvanlaatu oli erinomainen ja se alensi säteilyannosta verrattuna diagnostisessa käytössä olevaan TT:hen. FTT:n optimoitu käyttö kuitenkin edellytti sille suunniteltuja kalibrointitekniikoita, jotka mahdollistivat tasaisen kuvanlaadun rekonstruktioissa. Sopivan detektorin
kalibrointitekniikan ja materiaalihajotelma-algoritmin myötä kaksoisenergiaa hyödyntävä FTT
mahdollisti kalkkeutumien tiheyden ja massan kvantitatiivisen arvioinnin. IR ja sisätomografia
puolestaan mahdollistivat säteilyannoksen optimoinnin ja hyvän tarkkuuden sepelvaltimokalkkeutumien kvantifioinnissa. Loppupäätelmänä todetaan, että fotonilaskentailmaisin, IR ja sisätomografia mahdollistavat säteilyannoksen lisäoptimoinnin sepelvaltimokalkkeutumien kuvantamisessa.

Asiasanat: fotonilaskenta, iteratiivinen rekonstruktio, kalibrointi, kuvarekonstruktio,
materiaalihajotelma, sepelvaltimokalkkeutuma, sepelvaltimotauti, säteilyannos,
tietokonetomografia

X-rays will prove to be a hoax.
-Lord Kelvin, President of the Royal Society, 1895
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1

Introduction

The annual global mortality rate resulting from coronary artery disease (CAD) is
estimated at more than 9 million (World Health Organization, 2018). Although its
most prevalent symptom is chest pain (angina pectoris) (Kettunen, 2018), CAD can
also be asymptomatic, with the first symptom being an acute myocardial infarction
(Davies & Thomas, 1984; Falk, Nakano, Bentzon, Finn, & Virmani, 2013; Waugh
et al., 2006).
Atherosclerosis, that is, the narrowing of a coronary artery due to plaque
buildup, is the underlying pathophysiological cause of CAD (Falk et al., 2013;
Libby & Theroux, 2005). Atherosclerotic plaques are classified as calcified and
non-calcified plaques, which are further divided into fibrous and highly ruptureprone lipid-rich plaques (Naghavi et al., 2003). Atherosclerotic plaques are
associated with slightly more than half of sudden cardiac deaths (Zipes & Wellens,
1998), and from these plaque complications, plaque rupture accounts for
approximately 70% of fatal myocardial infarctions (Naghavi et al., 2003). The risk
assessment of atherosclerotic plaques thus plays a vital role in the prevention of
acute myocardial infarctions.
In Finland, the diagnosis of stable CAD is based on medical history (anamnesis)
and an exercise electrocardiogram (ECG) test, which is used to identify ischemia.
However, these methods do not provide information on the atherosclerotic plaque
burden, and consequently, imaging studies are often used to stratify the condition
of the coronary arteries (Kettunen, 2018; Stabiili sepelvaltimotauti: Käypä hoito
suositus, 2015). Furthermore, the most recent guidelines from the European Society
of Cardiology recommend using non-invasive functional imaging for myocardial
ischemia or coronary computed tomography angiography (CTA) instead of the
conventionally used exercise ECG as the initial diagnostic test in symptomatic
patients (Knuuti et al., 2020). Therefore, the importance of coronary artery plaque
and stenosis assessment with computed tomography (CT) has become increasingly
important in the diagnosis of CAD.
Currently, the severity of coronary artery calcification (CAC) is evaluated
using non-enhanced CT CAC scoring. Also known as the Agatston score, the CAC
score is a weighted product of calcification area and calcification density (Agatston
et al., 1990). The CAC score is associated with the risk of coronary events, and its
negative predictive value for CAD is high (Budoff et al., 2006; Detrano et al.,
2008). Non-calcified arterial plaques and stenosis, on the other hand, can only be
21

visualized using contrast-enhanced X-ray methodologies, namely CTA and
angiography.
In addition to CT, other modalities can be utilized to assess cardiac state and
function. In particular, positron emission tomography (PET), PET-CT, singlephoton emission CT (SPECT), and SPECT-CT can be used to quantify myocardial
perfusion (Gaemperli et al., 2007; Germano et al., 1995; Knaapen et al., 2010;
Knaapen & Lubberink, 2008). Moreover, magnetic resonance imaging can be used
as a complementary imaging method for the evaluation of myocardial ischemia,
cardiomyopathy, myocarditis, congenital heart disease, and vascular imaging (von
Knobelsdorff-Brenkenhoff & Schulz-Menger, 2015).
Since non-enhanced CT enables the visualization of coronary artery calcium,
it has been suggested as a screening tool for asymptomatic CAD (Detrano et al.,
2008; Greenland, 2004). Although CT provides valuable diagnostic information
and enormous benefit to the patient, the adverse deterministic and stochastic effects
of radiation need to be considered and optimized. For asymptomatic CAD
screening with CT in particular, the radiation dose must be effectively optimized
since screening would have a substantial impact on the population dose.
CT protocol optimization follows the ALARA (As Low As Reasonably
Achievable) principle (ICRP, 2007): the radiation dose must be minimized without
compromising the diagnostic value of the CT data. To adhere with the ALARA
principle, the imaging protocols, scanner hardware, and software must be
optimized. The following paragraphs discuss some of these protocol optimization
strategies in more detail.
For optimization of dose, vendors have introduced several radiation dose
reduction strategies, such as tube current modulation, automatic exposure control,
tube potential and filtration selection, beam-shaping filters, and Z-axis collimation
(McCollough et al., 2012). A more recent push to reduce the patient dose was
induced through the introduction of iterative reconstruction, which has been widely
adopted into diagnostics (Beister, Kolditz, & Kalender, 2012). Additionally, within
the last few years, deep learning CT reconstruction has become an extensively
studied area of research resulting in the commercial introduction of the first
commercial deep learning CT restoration algorithms (Boedeker, 2019a; Hsieh et al.,
2019).
In addition to recent improvements in computational algorithms and software,
progress in detector hardware may induce further improvements in the doseefficiency and accuracy of CAC scoring CT. Photon counting detectors (PCDs) are
direct conversion detectors offering several improvements to current energy
22

integrating detectors (Taguchi & Iwanczyk, 2013). PCDs enable multi-energy
spectral CT (Leng et al., 2017), quantitative material characterization through
material decomposition (Persson et al., 2014), and K-edge imaging of contrast
agents (Roessl & Proksa, 2007; Schirra, Brendel, Anastasio, & Roessl, 2014).
Furthermore, their improved dose-efficiency, reduced electronic and Swank noise,
improved contrast, and higher spatial resolution has motivated the development of
prototype photon counting CT systems (Pourmorteza, Symons, Henning,
Ulzheimer, & Bluemke, 2018; Si-Mohamed et al., 2019), but none of these systems
are yet in commercial use.
Finally, alternate imaging geometries, with a focused radiation beam, such as
interior tomography (Natterer, 2001; G. Wang & Yu, 2013) and inverse geometry
CT (De Man et al., 2007; Schmidt, 2011) may provide further reduction in radiation
dose arising from the limited beam field-of-view (FOV). With inverse geometry
CT, an X-ray source system with several synchronized sources is required, whereas
with interior tomography the X-ray beam from a conventional source is more
collimated to the organ-of-interest. Consequently, interior tomography geometry
provides a simple but effective strategy for reducing the radiation dose in peripheral
organs that do not hold any diagnostic value in a specific examination (Natterer,
2001).
This doctoral dissertation focuses on the use of photon counting detectors,
iterative reconstruction, and interior tomography for optimizing the radiation dose
in the context of CAC scoring CT. More specifically, the technological maturity of
photon counting detector technology is assessed, while the applicability of material
decomposition, iterative and interior reconstruction for quantification of CAC is
evaluated. Finally, the potential for optimization of radiation dose is studied.
The dissertation is structured as follows. In chapter 2, the physical and
mathematical framework for CT are summarized. Chapter 3 discusses photon
counting, which is the key technology evaluated in this project. In chapter 4, the
aims of this study are summarized. Chapter 5 provides a summary of the materials
and methods that build the foundation for the studies included in this dissertation.
The main results of the different studies are then assessed in Chapter 6. Finally,
chapters 7 and 8 provide a discussion and offer conclusions for the dissertation.
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2

Computed tomography

2.1

Principles of computed tomography

In CT, several hundred or even thousands of X-ray projections are sampled from
different angles, depending on the protocol. During this sampling, the X-ray source
and detector rotate around the object, and the fan- or cone-beam-shaped X-rays
attenuate depending on the composition of the materials. These attenuated
projections form sinograms, which are then reconstructed into a stack of crosssectional slices representing the attenuation properties of the object.
The attenuation of the X-ray beam in a medical CT examination is a
combination of photon penetration, photoelectric effect (PE), Compton scattering,
and Rayleigh scattering in the object (Figure 1a). Fundamentally, these phenomena
are characterized by the electron structure of the atoms and the energy of the X-ray
photon.
In the photoelectric effect, the X-ray photon transfers all of its energy to an
orbital electron, which is ejected from the atom, and the atom is ionized (Bushberg,
Seibert, Leidholdt, Boone, & Goldschmidt, 2003). An outer-shell electron
subsequently fills the inner-shell vacancy, producing either characteristic radiation
with quantized energy, or, alternatively, this energy is transferred to an Auger
electron, which is ejected from the atom (Auger, 1923; Meitner, 1922; Wittke,
2006). The cross-section of the photoelectric effect approximately follows the
relation
𝜎

≅𝑎

.

,

(1)

where Z is the atomic number of the target atom, aPE is a constant, E is the photon
energy, and n is between 4 and 5, depending on the atom (Knoll, 2000, p. 48). When
the X-ray photon energy increases, the likelihood of photoelectric effect decreases
rapidly. Importantly, the photoelectric effect is the prime source of contrast
differences between different tissues, and as an example, the sharp contrast between
bone and soft tissue is mainly due to the increased photoelectric effect in the bone
(Griffiths, 1989).
Compton scattering is a common X-ray interaction mechanism in the photon
energy range of diagnostic CT (20 keV – 150 keV) (Figure 1a). In Compton
scattering, the photon releases some of its energy to a free or an outer-shell electron,
which is then ejected from the atom. Since the photon releases only some of its
25

energy, the photon does not disappear but instead scatters in a different propagation
direction at a higher wavelength. The probability of Compton scattering increases
linearly with the atomic number of the material and decreases gradually with
increasing photon energy in the diagnostic energy range (Dowsett, 2006; Knoll,
2000). Compton scattered photons that reach the detector deteriorate contrast, and
therefore, they are often selectively rejected with anti-scatter grids.
Rayleigh or elastic scattering needs to be considered only for low photon
energies, i.e., up to 30 keV (Figure 1a). In Rayleigh scattering, the X-ray photon
and electron oscillate at the same frequency, causing the incident photon to be
emitted in a slightly different direction without loss of energy (Dowsett, 2006, pp.
126–127).

Fig. 1. a) Contributions of different photon interactions to the mass attenuation
coefficient of calcium hydroxyapatite (CaHA, coronary artery calcification). b) Mass
attenuation coefficients of some diagnostically relevant materials. The attenuation
coefficients were plotted using data from (Berger et al., 1998). Note that the y-axes have
different scales.

The overall attenuation in the diagnostic CT energy range is characterized by the
mass attenuation coefficient of the material (Figure 1b):
𝜇

𝐸

𝜇

𝐸

𝜇

𝐸

𝜇

𝐸 .

(2)

Once the attenuation properties of different materials are known, the attenuated Xray intensity (λ) for a detector pixel in CT is modeled using the polychromatic BeerLambert law
𝜆

26

𝛷 𝐸 𝑅 𝐸 𝐷 𝐸 𝑒

∑

𝑑𝐸,

(3)

where Φ(E), D(E), and R(E) are the incident X-ray source spectrum, absorption
efficiency of the detector material, and the detector response for photon energy E,
respectively. ρm is the density of the material m and am its thickness. The absorption
efficiency of the detection layer for photon energy (E) is obtained with the formula
𝐷 𝐸
1 𝑒
, where a is the thickness of the detector crystal. Note that
the X-ray attenuation model (3) does not account for the scattered photons arriving
at the detector.
2.2

Interior computed tomography

In a typical CT examination, the full transversal area of the object is irradiated
(Figure 2a), allowing for an accurate reconstruction of the underlying tissues
(Figure 2c). In interior tomography, however, a volume-of-interest (VOI) within
the object or patient is irradiated, while the peripheral tissues remain outside the
FOV of the X-ray beam (Figure 2b). With this geometry, the radiation can be
effectively focused, and the cost of the imaging system can be reduced since the
required detector area is greatly mitigated.
Although substantial dose reductions with interior CT have been observed in
Monte Carlo simulations (Kolditz, Kyriakou, & Kalender, 2010; W. Wang, Gang,
Siewerdsen, & Stayman, 2019), prominent artifacts, originating from the data
inconsistencies in the truncated sinogram, are encountered with the conventional
filtered back projection (FBP) algorithm (Figure 2d). Importantly, the bright
circular boundary at the VOI border and the cupping artifacts reduce the CT number
accuracy of the reconstruction (Kolditz, Meyer, Kyriakou, & Kalender, 2011),
which can have significant consequences for diagnostic CT number quantification
tasks. Therefore, advanced interior reconstruction algorithms have been developed
to reduce these artifacts (Natterer, 2001; Noo, Clackdoyle, & Pack, 2004; G. Wang,
2011; Xu et al., 2011). The mathematical approaches to interior reconstruction are
discussed in section 2.3.5.
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Fig. 2. Interior tomography imaging geometry and its characteristic artifacts in fanbeam geometry: a) CT sampling with full coverage of the imaged object, b) sampling in
interior CT, c) conventional CT reconstruction, d) interior reconstruction with bright
circular boundary, and loss of information outside the field-of-view.

2.3

Computed tomography reconstruction

2.3.1 Radon transform and filtered back projection
Mathematically, CT reconstruction is approximated with a simplified line integral
model that disregards polychromatic attenuation and scattered photons arriving at
the detector (Radon, 1986). This line integral can be obtained using a
monochromatic approximation of the Beer-Lambert law (McCullough, 1975)
𝜆 𝐸, 𝜉, 𝜃
28

𝜆 𝐸 𝑒

,

,

,

(4)

where E is the monochromatic energy, x and y identify the reconstruction pixel
position, μ is the linear attenuation coefficient, and 𝜆 𝐸 𝑖𝑠 the measured intensity
Φ 𝐸 𝑅 𝐸 𝐷 𝐸 ). l(ξ,θ) is the line integral, and
of the unattenuated beam (𝜆 𝐸
ξ and θ denote the detector pixel and projection angle, respectively (Figure 3). The
line integral, l(ξ,θ), is defined as
𝑙 𝜉, 𝜃

𝑥, 𝑦 ∈ ℝ : 𝑥 cos 𝜃

𝑦 sin 𝜃

𝜉 .

(5)

To linearize the reconstruction problem, the CT projection data, i.e., the sinogram,
is logarithm-transformed:
𝑝 𝜉, 𝜃

ln

, ,
,

𝜇 𝑥, 𝑦 𝑑𝑠.

(6)

With the above definitions (5) and (6), the CT measurement can be written as a
Radon transform
𝑝 𝜉, 𝜃

𝜇 𝑥, 𝑦 𝛿 𝑥 𝑐𝑜𝑠 𝜃

𝑦 𝑠𝑖𝑛 𝜃

𝜉 𝑑𝑥𝑑𝑦,

(7)

where δ is the Dirac’s delta function. The reconstruction (µ) can be obtained by
finding the inverse Radon transform (Mueller & Siltanen, 2012; Natterer, 2001;
Radon, 1986).
In practice, the FBP algorithm is used for reconstruction. The FBP
reconstruction of a sinogram with an angular span of θ∈[θ1, θ2] is obtained by back
projecting the filtered sinogram q(φ)
𝜇 𝑥, 𝑦

𝑞 𝑥 cos 𝜃

𝑦 sin 𝜃 𝑑𝜃.

(8)

As an illustration, for the often-used Ram-Lak filter, the filtered sinogram is given
by
𝑞 𝜑

𝑃 𝜔 |𝜔|𝑒

𝑑𝜔,

(9)

where P denotes the Fourier transform of the sinogram p.
The reconstructed linear attenuation coefficients (µ(x,y)) are transformed into
Hounsfield units (HUs) (Hounsfield, 1973). The HU-values are obtained using the
linear attenuation coefficients of water (µwater) and air (µair):
𝐻𝑈 𝑥, 𝑦

1000

,

.

(10)
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Fig. 3. Illustration of the definition of the Radon transform for projection p(ξ,θ) for angle
θ and detector pixel ξ. µ(x,y) indicates the linear attenuation coefficient of the detector
pixel (x,y), and l(ξ,θ) is the line integral of the projection.

2.3.2 Discretization of the reconstruction problem
The CT measurement, or mathematically, the forward problem, must be discretized
for numerical computations. For the two-dimensional case, the line integral can be
written as
,

𝜇 𝑥, 𝑦 𝑑𝑠

∑

𝑤𝜇,

(11)

where wi is the distance traveled in the voxel µi with an index i. With this
discretization, the CT image formation in the sinogram pixel index j can be
expressed as follows:
𝑝

∑

𝑊 𝜇,

(12)

where the projection matrix (W = [wji] ∈ ℝ ) characterizes the imaging geometry
and the forward operator for the CT imaging model, and J and I are the number of
sinogram and reconstruction pixels, respectively. The entire imaging process for
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every detector element (ξ) and projection angle (θ) can be modeled with a matrix
equation:
𝒑

𝑾𝝁

𝜺,

(13)

with 𝜀 ∈ ℝ and µ ∈ ℝ characterizing the measurement noise and reconstruction
vectors, respectively.
2.3.3 Iterative reconstruction
In contrast to the analytical FBP algorithm, IR methods update the reconstruction
iteratively, eventually converging to form a solution. The penalized weighted least
squares (PWLS) minimization problem is an extensively used approach for IR. The
PWLS minimization problem can be formulated with the aid of the discretized
forward model for the CT imaging process (13) (J. Wang et al., 2006):
𝜇

arg min‖𝑊𝜇

𝑝‖

𝛽𝑅 𝜇 ,

(14)

where the first term is the weighted least squares-term, also known as the datafidelity, and the second term is the regularization functional (R(µ)) with
regularization term β. The data weighting term (Σ-1) is often a diagonal matrix
containing the reciprocals of the variances of different sinogram pixels. This
formulation for the PWLS-minimization problem offers excellent flexibility since
the data weighting term and the regularization functional can be readily modified.
Consequently, several regularization functionals, such as Tikhonov regularization
(Calvetti, Morigi, Reichel, & Sgallari, 2000; Tikhonov, 1963), total variation (TV)
regularization (Rudin, Osher, & Fatemi, 1992; Sidky, Kao, & Pan, 2009), total
generalized variation (Bredies, Knoll, & Langkammer, 2013; Bredies, Kunisch, &
Pock, 2010), Hessian penalty (Sun, Sun, Wang, & Tan, 2015), and gamma
regularization (J. Zhang et al., 2015), have been suggested.
Obtaining the numerical solution for (14) is an optimization problem, which can
be solved via several optimization methods. As an example, the gradient descent
method (Sidky et al., 2009), the conjugate gradient descent method (J. Zhang et al.,
2015), and the Chambolle-Pock algorithms (Chambolle & Pock, 2011; Sidky,
Jørgensen, & Pan, 2012) have been utilized.

31

2.3.4 Iterative reconstruction in diagnostic CT
In diagnostic CT, the introduction of IR has greatly improved the dose-efficiency
of several protocols (Gordic et al., 2014; Utsunomiya, Weigold, Weissman, &
Taylor, 2012). These different IR methods can be broadly distinguished as four
separate approaches (Beister et al., 2012).
Projection-based iterative denoising algorithms operate in the sinogram domain,
and generally, they focus on iterative Poisson noise-reduction in the projection data
(Beister et al., 2012; Kachelrieß, Watzke, & Kalender, 2001; La Riviere & Pan,
2000). The denoised sinogram can then be reconstructed with either FBP or IR,
yielding reconstruction with reduced noise. Since sinogram denoising does not
involve consecutive computationally expensive forward- and back projections,
projection-based denoising algorithms may be computationally effective, but they
can lose anatomical information since the measurement data itself is modified
(Beister et al., 2012).
Image domain IR algorithms denoise the FBP reconstruction, with the intention
being to maintain the spatial resolution (Beister et al., 2012). Iterative
reconstruction in image space (IRIS) (Siemens Healthcare, Forchheim, Germany)
and adaptive iterative dose reduction (AIDR) (Canon Medical Systems, Otawara,
Japan) have been introduced to commercial systems for noise reduction and
contrast enhancement.
Full statistical IR methods differ from the projection and image domain
approaches in that they produce the final reconstruction through several forward
and backward projection steps. They model the photon statistics of the acquisition
and produce the reconstruction through an iterative process, whereby the
reconstruction is obtained using either the maximum likelihood or least-squares
minimization principle. Sinogram affirmed iterative reconstruction (SAFIRE)
(Siemens Healthcare, Forchheim, Germany), adaptive statistical iterative
reconstruction (ASiR) (GE Healthcare, Waukesha, WI, USA), third-generation
adaptive iterative dose reduction (AIDR 3D) (Canon Medical Systems, Otawara,
Japan), and iDose4 (Philips Healthcare, Best, the Netherlands) can be found from
commercial scanners.
In general, model-based IR (MBIR) approaches model the imaging process by
estimating the imaging geometry such as the focal spot size, imaging physics (e.g.,
beam hardening of the photon spectrum), and possible a priori information on the
object, which is often included in the loss function as a regularization term (Beister
et al., 2012). MBIR algorithms have resulted in substantial improvements in image
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resolution and in reducing image noise and artifacts (Elbakri & Fessler, 2002;
Iatrou, De Man, & Basu, 2006; Thibault, Sauer, Bouman, & Hsieh, 2007). However,
a significant limitation of these MBIR approaches is their long computation times,
which limit their applicability in certain diagnostic tasks where the medical
diagnosis is required quickly (Willemink, Jong, et al., 2013). Commercial MBIR
algorithms include Veo (GE Healthcare, Waukesha, WI, USA), iterative model
reconstruction (IMR) (Philips Healthcare, Best, the Netherlands), advanced
modeled iterative reconstruction (ADMIRE) (Siemens Healthcare, Forchheim,
Germany), and forward projected model-based iterative reconstruction solution
(FIRST) (Canon Medical Systems, Otawara, Japan).
IR algorithms often produce deviating noise texture compared to the FBP
algorithm, described as a “paint-brushed” or “patchy” image quality. This patchy
appearance is unwanted, and the deviating noise-pattern from the FBP
reconstruction can influence diagnostics. Consequently, iterative reconstructions
are often blended with FBP to reduce this artificial and unconventional noise
pattern (Beister et al., 2012).
2.3.5 Interior reconstruction
Interior reconstruction is an ill-posed inverse problem, as it does not have a unique
solution. Due to the ill-posedness arising from the sinogram truncation, the FBP
algorithm produces substantial artifacts, which worsen with decreasing VOI size
(Bubba, Labate, Zanghirati, & Bonettini, 2018; Natterer, Wubbeling, & Wang,
2002). Therefore, several analytical and iterative algorithms have been proposed
for addressing the interior reconstruction problem (Clackdoyle & Defrise, 2010;
Natterer, 2001; Noo et al., 2004; G. Wang, 2011; Xu et al., 2011).
When using the analytical algorithms, the differentiated back projection
accurately reconstructs the VOI either when one untruncated projection exists
(Clackdoyle, Noo, Junyu Guo, & Roberts, 2004) or a subregion within the VOI is
known a priori (Kudo, Courdurier, Noo, & Defrise, 2008). The need for a known
subregion is, however, restrictive and impractical, and accordingly, compressed
sensing- (CS-) based IR algorithms, which often have less restrictive constraints,
have also been investigated for interior reconstruction (G. Wang & Yu, 2013; H. Yu
& Wang, 2009).
With CS-based approaches, piecewise constancy of the VOI is often assumed,
and the image is then reconstructed with a sparsity-enforcing transform, such as the
total variation (TV) minimization (Xu et al., 2011; H. Yu & Wang, 2009). Since TV
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enforces piecewise constancy, it is unsuitable for highly textured samples, and it
may produce a visually patchy appearance in the reconstructions.
A third approach for interior reconstruction is to use sinogram extension
methods (Kolditz et al., 2011; Kyrieleis, Titarenko, Ibison, Connolley, & Withers,
2010). With these approaches, the truncated sinogram is extended to yield a full
FOV sinogram. Commonly, these methods drive the sinogram values smoothly to
zero with different extrapolation approaches. For instance, shape estimation with a
water ellipse (Maltz, Bose, Shukla, & Bani-Hashemi, 2007; Taguchi, Xu, et al.,
2011), square root extrapolation (Sourbelle, Kachelriess, & Kalender, 2005), and
symmetric projection data mirroring (Ohnesorge, Flohr, Schwarz, Heiken, & Bae,
2000) have been applied not only to yield excellent artifact reduction within the
VOI but also for improved visualization of structures outside the VOI.
As an example of sinogram extension approaches, the boundary pixel value of
the truncated sinogram can simply be padded to yield the extended sinogram
(Figure 4b) (Kyrieleis et al., 2010). With the adaptive detruncation algorithm, on
the other hand, the patient shape is estimated with, e.g., ellipse (Kolditz et al., 2011;
Meyer, Kalender, & Kyriakou, 2010) or an optical tracking system (Kolditz et al.,
2011) (Figure 4c). Once the patient shape estimate is known, the sinogram is
separately extended for each sinogram row (projection angle). A square root
function ( 𝑎𝜉
𝑏𝜉
𝑐, where ξ is the detector pixel location, and a, b, and c
are fit parameters) is fitted to the left and right sides of the truncated sinogram
(Figure 4a). During the fitting, consistency of the sinogram and sinogram gradient
values at the sinogram border between the truncated sinogram and the extended
sinogram are ensured. Furthermore, the extended sinogram is damped to zero with
the square root function using the obtained patient shape estimate (Figure 4d).
2.4

Image quality in computed tomography

Image quality metrics in CT are divided into objective and subjective metrics
(Verdun et al., 2015). Objective image quality metrics are extensively used in
protocol optimization since they provide quantifiable values for image quality. In
particular, image noise magnitude, signal-to-noise ratio, contrast-to-noise ratio, and
spatial resolution (modulation transfer function) are periodically evaluated during
quality assurance in order to monitor the performance of the scanner during its
lifetime (Kalender, 2011, pp. 111–174).
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Fig. 4. Sinogram extension approaches used in this dissertation. a) Truncated sinogram,
b) padded sinogram, c) estimated torso mask using elliptical water support method,
and d) sinogram obtained with adaptive detruncation algorithm (figure obtained from
Study III).

The image noise, characterized by its magnitude and texture, is an essential factor
in the evaluation of overall image quality since it determines several performancerelated aspects, such as the low-contrast detectability of the CT scanner (Kalender,
2011, pp. 114–116). Assessing the image noise magnitude based on the standard
deviation is a simple but effective test to evaluate the relation between noise and
radiation dose, for instance, during scanner constancy testing (Kalender, 2011, p.
173). It is determined by calculating the CT number standard deviation or variance
within a homogeneous region-of-interest (ROI).
The issue of using noise magnitude solely to assess the noise characteristics of
reconstruction is illustrated in Figure 5. The reconstruction obtained with a higher
radiation dose but using a sharper kernel (Figure 5c) has a visually better image
quality than the low exposure reconstruction with a more smoothing reconstruction
kernel (Figure 5a–b). The main distinguishable difference between these three
reconstructions is the deviating noise grain size, but the noise magnitude is
approximately the same for each scan.
The noise texture, that is, the intensity correlation between neighboring pixels,
characterizes the visual appearance or graininess of the reconstruction. The noise
power spectrum expresses the noise power as a function of its spatial frequency,
and therefore, it simultaneously characterizes the noise texture and noise magnitude
of an image (Solomon, Christianson, & Samei, 2012). Reconstructions with fine
graininess exhibit NPSs that are more concentrated at higher frequencies than
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reconstruction with a larger noise grain size (Figure 5d). NPS shows substantial
promise for CT kernel harmonization, and it has been successfully applied when
matching the reconstruction kernels of different vendors (Solomon et al., 2012;
Winslow, Zhang, & Samei, 2017).
The two-dimensional NPS can be calculated using the Fourier transform:
𝑁𝑃𝑆

∆ ∆

𝑓 ,𝑓

∑

|𝐹𝑇

𝐻𝑈 𝑥, 𝑦 | ,

(15)

where Δx and Δy are the reconstruction voxel sizes, Lx and Ly are the dimensions of the
ROIs, NROI is the number of ROIs, and HU is the reconstructed CT slice in Hounsfield
units. The 2D NPS is transformed into the 1D radial NPS with the relation
f r  f x2  f y2 (Verdun et al., 2015), which is more commonly reported than the twodimensional NPS.
In addition to image noise, the spatial resolution is another defining parameter
of the overall scanner performance and in protocol optimization. Practically, it is
determined either by using line-pair phantoms or by evaluating the in-plane point
spread function, line spread function, or edge-spread function of a high-contrast
target. The line spread function is Fourier transformed to yield the one-dimensional
radial modulation transfer function (MTF)
𝑀𝑇𝐹 𝑓

,

(16)

where r is the radial distance, and LSF is the line spread function. MTF quantifies
the spatial frequency transfer of the CT scanner, reconstruction method, and
reconstruction kernel. More simply, it specifies how different spatial frequencies
are propagated through the system (Figure 5e). The spatial frequencies, for which
MTF has dropped to 50% and 10% (MTF50, MTF10), are of common practical
interest (Verdun et al., 2015).
Finally, the contrast-to-noise ratio (CNR) is a commonly reported image
quality metric (Willemink, Leiner, et al., 2013):
𝐶𝑁𝑅

,

(17)

where the difference between the mean HU values of the object and background
( 𝐻𝑈
and 𝐻𝑈
) defines the image contrast, and 𝜎
and
𝜎
are the variances of homogeneous ROIs within the object and
background, respectively.
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In terms of subjective image quality metrics, significant efforts to create model
observers that are based on statistical decision theory and mimic the visual grading
assessment by human observers, have been developed (Verdun et al., 2015). In
particular, channelized non-prewhitening matched filters (Van Metter & Beutel,
2000) and Hotelling observers with various channel filters (Abbey & Barrett, 2001;
Barrett, Yao, Rolland, & Myers, 1993; Van Metter & Beutel, 2000) have been
studied and validated for different medical imaging modalities. Since these model
observers mimic the human observer in a specific diagnostic task, they could be
used for protocol optimization (Barrett et al., 1993; Myers & Barrett, 1987).

Fig. 5. Illustration of the importance of noise texture and spatial resolution in the
assessment of image quality: a) low radiation dose filtered back projection (FBP)
reconstruction with a smoothing kernel, b) low radiation dose iterative reconstruction
(IR) with an IR strength of 5, c) high radiation dose FBP reconstruction with a sharp
kernel, d) noise power spectra for the reconstructions, e) modulation transfer functions
for the reconstructions. The noise standard deviation (SD) in Hounsfield units (HUs),
determined by drawing four 20×20-pixel squares in 30 consequent slices, is
approximately the same for different reconstructions, but the noise texture, spatial
resolution, and exposures vary substantially. The exposures were selected to yield
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volumetric CT kerma indices of CTKIvol = 10 mGy (148 mAs) and CTKIvol = 40 mGy (593
mAs). Windowing was set at [-50, 50] HU.

2.5

Coronary artery calcium scoring with computed tomography

Coronary artery calcium (CAC) is an indicator of coronary artery disease (CAD),
and its extent provides information on the severity of the disease and the myocardial
infarction risk (Detrano et al., 2008; Raggi et al., 2000). The CAC content is
quantified using the CAC score (Agatston score), which is influenced by the
calcium area and brightness (Table 1) (Agatston et al., 1990; Budoff et al., 2006).
The total CAC score is summed over the slices yielding the CAD grade for the
patient. The primary indication for CAC scoring should be cardiovascular risk
prediction in asymptomatic patients (Blaha, Mortensen, Kianoush, Tota-Maharaj,
& Cainzos-Achirica, 2017; Hecht et al., 2017).
Efforts to standardize the CAC scoring protocol have been made, and the
current guideline recommends that the kerma-length-product (KLP) should be
below 200 mGy×cm, that the effective dose should not exceed 3.0 mSv, and that
the examination should be performed with 120 peak kilovoltage (kVp) tube voltage
and with 3-mm slice thickness. The target noise level is 20 HU for small and
medium-sized patients and 23 HU for large patients. The projection data are
reconstructed with filtered back projection, and a reconstruction kernel producing
medium-coarse noise texture is utilized (McCollough et al., 2007; Voros et al.,
2011).
Although the CAC scoring guideline protocol has been effectively optimized
in terms of patient dose, through a large slice thickness and a relatively smoothing
reconstruction kernel, further patient dose reduction could be achieved with the
utilization of IR. However, apparent inconsistencies regarding the CAC scoring
accuracy of IR have been reported (Gebhard et al., 2013; Kurata et al., 2013; Luhur
et al., 2018; Schindler et al., 2014; Van Osch et al., 2014; Willemink et al., 2014),
and consequently no discernible conclusion on its usability for this application has
been made. However, it is expected that modern IR algorithms could, at some point,
be used for reliable CAC scoring (Baron, Choi, & Chen, 2016).
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Table 1. Agatston score for coronary artery disease (CAD) grading.
Maximum Hounsfield unit

Density factor

Total calcium score

CAD grade

< 130

0

0

No CAD

130 – 199

1

1 – 10

Minimal

200 – 299

2

11 – 100

Mild

300 – 399

3

101 – 400

Moderate

≥ 400

4

> 400

Severe

2.6

Spectral computed tomography

2.6.1 Introduction to spectral CT
With spectral CT, the X-ray attenuation is measured in several energy ranges, and
this multi-energy attenuation data can be used for material decomposition (Alvarez
& Macovski, 1976). Since the energy-dependence of the mass attenuation
coefficients of diagnostic materials differs (Figure 2b), spectral CT allows for the
decomposition and quantification of tissues with similar overall attenuation, but
with differences in some energy range of the used spectrum.
2.6.2 Current clinical dual-energy CT systems
Since the current CT detectors, i.e., energy integrating detectors (EIDs), cannot
directly quantify the photon energies, the energy-dependent attenuation of the
object is currently measured with dual-energy CT (DECT). Three leading
technologies for DECT have been introduced; 1) dual-source CT (Siemens
Healthcare, Erlangen, Germany), 2) rapid kVp-switching (GE Healthcare,
Waukesha, WI, USA), and 3) dual-layer detector (Philips Healthcare, Amsterdam,
Netherlands). Furthermore, successive spiral scans with different kVps (Dual Spiral
Dual Energy, Siemens Healthcare, Erlangen, Germany; Dual Energy, Canon
Medical Systems, Otawara, Japan), split filters (TwinBeam Dual Energy, Siemens
Healthcare, Erlangen, Germany), and more recently, rapid kVp switching with
artificial intelligence guided sinogram restoration (Canon Medical Systems,
Otawara, Japan) (Boedeker, 2019b) have also been developed for spectral CT.
The dual-source CT system entails two X-ray source-detector-pairs at a 90degree offset. The A-tube is generally operated at a low tube kilovoltage, e.g., with
80 kVp or 100 kVp, whereas the B-tube is usually operated with added tin-filtration
at either 140 kVp or 150 kVp tube kilovoltage, depending on the model. The dual39

source system has three notable advantages. First, the tube voltage, current, and
filtration between the low and high-kVp acquisitions can be optimized to yield
minimal spectral overlap (minimal joint area between the spectra of the low energy
and high energy bins) between the acquisitions. Second, owing to its pairing of two
data acquisition systems (source-detector pairs), the scan times are substantially
reduced, increasing the temporal resolution of the scanner. Third, the dual-energy
measurements are sampled simultaneously, yielding a dual-energy acquisition at
the same time. The primary limitations of this solution are the cross-scattered
radiation between the orthogonal systems and the high cost of the hardware.
(Kalender, 2011, pp. 263–264)
A more cost-effective approach to spectral CT, rapid kVp switching, was first
commercialized by General Electric. With this method, the kVp is rapidly
alternated between subsequent projections (Johnson et al., 2007; Li, Yadava, Hsieh,
Chandra, & Kulpins, 2010). This technology became practically feasible with the
introduction of new X-ray sources with very short pulses and the new Gemstone
scintillator (GE Healthcare) with a fast readout rate and minimal afterglow
(Johnson, 2012). With this method, the adjacent high and low-energy projections
are co-registered, allowing for material decomposition of the data in the projection
domain. However, the filtration cannot be modified during the acquisition resulting
in relatively high spectral overlap (Faby et al., 2015). Furthermore, the signal from
the low-kVp measurement is inferior (Kraśnicki et al., 2012), and the scan times
increase slightly due to the rise and fall times of voltage modulation (Johnson,
2012).
Finally, the division of high- and low-energy photons can be performed by the
detector using a dual-layer or “sandwich” detector (Brilliance-64; Philips Medical
Systems). With dual-layer detectors, the first yttrium-based garnet scintillator
mainly absorbs low-energy photons, while the second Gd2O2S- or CsI-layer
collects the signal from high-energy photons (Rassouli, Etesami, Dhanantwari, &
Rajiah, 2017). Since the photon energy is solely determined by the detector and the
scintillation materials have relatively similar attenuation characteristics, the
spectral overlap is high, and the contrast between low and high energy images is
consequently inferior. (Faby et al., 2015; Kalender, 2011)
Due to its material characterization properties, spectral CT is used in a number
of diagnostic applications (McCollough et al., 2015). For instance, DECT is usually
used for virtual monochromatic imaging (Yamada, Jinzaki, Tanami, Abe, &
Kuribayashi, 2012; L. Yu et al., 2011; L. Yu, Leng, & McCollough, 2012), for
detecting of pulmonary embolism from iodine maps (Lu, Wu, Yeh, & Zhang, 2010;
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Weidman et al., 2018), for detecting of intracerebral hemorrhage from iodinated
contrast material (Gupta et al., 2010), for bone removal in CT angiography to
improve vessel visualization (Buerke, Wittkamp, Seifarth, Heindel, & Kloska, 2009;
Schulz et al., 2012; Sommer et al., 2009), for urinary stone characterization (Qu et
al., 2013), and for virtual non-contrast imaging, which aims at removing the need
for separate non-contrast and contrast-agent CT scans (Graser et al., 2009; Mangold
et al., 2012). Moreover, the accurate differentiation between calcium and
monosodium urate deposits with DECT has made it indispensable in the diagnosis
of gout (Johnson, Fink, Schönberg, & Reiser, 2011; Mallinson et al., 2016, 2014).
Finally, DECT pulmonary angiography has been demonstrated to provide further
information on the vascular processes and pathology underlying COVID-19
pneumonia (Lang et al., 2020).
2.6.3 Material decomposition
Material decomposition (MD) may yield improved CAC quantification accuracy
by providing quantitative values for CAC density and mass. With MD, the multienergy attenuation within the object is modeled as a linear combination of the
attenuation properties of the basis materials with well-known attenuation properties.
MD can be performed in the image domain after the reconstruction has been
obtained (Firsching, Niederlohner, Michel, & Anton, 2006; Persson et al., 2014),
or in the projection domain, yielding basis material-specific projections (Alvarez
& Macovski, 1976; Roessl & Proksa, 2007). The decomposition can be solved
iteratively with a maximum likelihood estimation that models the attenuation
process (Roessl & Proksa, 2007; Schlomka et al., 2008) or by minimizing the L2norm between measurement data and forward model (Ducros, Abascal, Sixou, Rit,
& Peyrin, 2017; Persson et al., 2014). Alternatively, calibration measurements of
the basis materials can be used both in the image domain (Honkanen et al., 2020)
and in the projection space (Alvarez, 2011) to yield a more experimentally
grounded material decomposition.
The image and projection domain MD techniques contain separate material
decomposition and reconstruction steps. The third class of MD approaches, onestep inversion, combines material decomposition and CT reconstruction into one
forward model, which is subsequently solved to directly yield material-specific
reconstructions (Cai, Rodet, Legoupil, & Mohammad-Djafari, 2013; Panta et al.,
2015).
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In image-based MD, the reconstructed linear attenuation coefficient for energy
bin n (µ(En)) is represented as follows:
∑

𝜇 𝐸

𝜇

𝐸 𝜌 ,

(18)

where En is the effective photon energy of the acquisition, M is the number of basis
materials, ρm it the density of basis material m in the pixel, and 𝜇
is the mass
attenuation coefficient of basis material m. In a multi-energy acquisition with N
energy bins, N separate equations of (18) are obtained, resulting in a system of
linear equations, which can be expanded into a matrix form
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(19)

The image-based material decomposition is the process of obtaining parameters ρm,
m = 1, 2, …, M by solving (19), e.g., in the least-squares sense (Persson et al., 2014).
Image-based MD does not account for the polychromatic spectra within the
energy bins, and consequently, beam-hardening effects are still prevalent in imagebased material decompositions. Projection-based MD mitigates this issue by
modeling the polychromatic attenuation (equation (3)) for a sinogram pixel (ξ,θ) in
different energy bins (n)
𝜆 𝜉, 𝜃

Φ 𝐸 𝑅 𝐸 𝐷 𝐸 𝑒

∑

,

𝑑𝐸,

(20)

where Am(ξ,θ) is the projected mass density along path l(ξ,θ)
𝐴

𝜉, 𝜃

,

𝜌

𝑢 𝑑𝑠,

(21)

where ρm is the density of the basis material (m) in the reconstruction voxel (u). Note
that a distinction is made between the conventionally reconstructed linear attenuation
coefficient (µ) and the tissue-specific reconstructions (u) obtained with spectral CT.
Solving the projected mass densities for different sinogram pixels (ξ,θ) is a non-linear
inverse problem, and as such, maximum likelihood estimation (Nasirudin, 2015;
Persson, 2011) and non-linear least-squares minimization with the Gauss-Newton
method (Ducros et al., 2017) have been used.
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3

Photon counting detector

3.1

Energy integrating and photon counting detectors

The current generation of CT and flat-panel cone-beam CT scanners utilize solidstate scintillators, e.g., gadolinium oxysulfide (Gd2O2S) or cesium iodide (CsI), that
convert the X-rays into light, which are then registered by a photodiode, and
subsequently digitized with an analog-to-digital converter (ADC). The use of
complementary metal-oxide-semiconductor (CMOS) circuitry has made it possible
to combine photodiode and ADC into one application-specific integrated circuit
(ASIC), which has improved the signal-to-noise ratio and spatial resolution
compared to conventional scintillation detectors (Samei, Flynn, Chotas, & Dobbins
III, 2001; Schulman, 2006, p. 36). With these indirect conversion EIDs, the
recorded X-ray intensity is proportional to the total energy deposited during the
charge integration time (Willemink, Persson, Pourmorteza, Pelc, & Fleischmann,
2018). The measured X-ray intensity is not solely dependent on the number of Xray photons, as the photon energy also influences the signal; hence, the low
contrast-bearing, high-energy photons are weighted more than the low-energy
photons with a higher tissue contrast (Willemink et al., 2018).
A photon counting detector utilizes direct conversion technology that directly
converts the X-ray photon into charge, i.e., electron-hole pairs (Figure 6a–d). The
high bias voltage in the direct conversion layer propagates the electrons towards
the anode, where they are processed with a pulse-height discriminator (Figure 6e–
f) (Leng et al., 2019). The detector counts each photon and assigns them to an
energy bin, whose pre-set energy threshold is exceeded (Figure 6f) (Willemink et
al., 2018).
The pulse-height discriminator affects the image quality in two essential ways.
First, since the pulse-height discriminator assigns the photons to specific energy
bins, PCDs with more than one bin counter are inherently energy discriminating.
The number of energy bins in pre-clinical systems usually ranges from two to eight
bins (Willemink et al., 2018). Second, electronic noise, which is observed at low
energies, is effectively mitigated since the lowest energy threshold can be selected
to exclude electronic noise.
Direct conversion has specific advantages compared to radiation detection with
scintillators. The Swank noise, as an example, is reduced owing to the missing
scintillation step. Furthermore, since the scintillation phase is eliminated, no septa
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is required, and the pixel sizes can be effectively reduced with PCDs. Moreover,
the lateral signal spread with flat-panel detectors, which is a significant issue with
EIDs (Dubaric et al., 2000), is greatly reduced with PCDs, further improving their
spatial resolution (Schulman, 2006, p. 8).

Fig. 6. Illustration of the direct conversion detection mechanism: a)–d) the physical
phenomena that deteriorate the spectral separation power of the pixelated photon
counting detector. a) Photoelectric effect with a characteristic X-ray, b) charge sharing
into several detector pixels, c) photoelectric effect followed by a characteristic X-ray
that is registered at a different detector pixel, d) multiple Compton scattering originating
from one X-ray photon, e) signal analysis at the ASIC, and f) pulse-height analysis at
the comparator. The first (dark gray) pulse exceeds the pre-set voltage threshold (T),
and the counter is incremented by one, whereas the second (light gray) pulse does not
change the measured counts in the energy bin since it falls below the voltage threshold.
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3.2

Photon counting detector design

The main components of a semiconductor radiation detector are the direct
conversion layer, the pixelated anode, and the readout electronics that process the
electrical signal (Figure 6). In this section, the key aspects of these components will
be discussed.
3.2.1 Direct conversion layer
The primary functions of the direct conversion layer are to convert the X-ray photon
into charge, that is, electron-hole pairs, and to propagate this charge into the anode.
The material used in the direct conversion layer has a substantial impact on the
performance of the detector. The most commonly used direct conversion materials
are cadmium telluride (CdTe) and cadmium zinc telluride (CdZnTe) (Shikhaliev,
2008; Taguchi & Iwanczyk, 2013). These materials have a high absorption
efficiency, low Compton scattering fraction, minimal secondary photon range, and
excellent electron mobility within the diagnostic CT energy range (Ullberg et al.,
2010; Veale et al., 2012). Additionally, amorphous silicon (a-Si), amorphous
selenium (a-Se), and gallium arsenide (GaAs) have also been used (Ullberg et al.,
2010). However, the inferior high-energy absorption efficiency of a-Si, a-Se, and
GaAs within the CT photon energy range, as well as the poor charge carrier
mobility with a-Se, present definite limitations when using these materials for most
clinical applications.
Although there are good arguments for using CdTe for direct conversion, CdTe
has specific limitations. In particular, its poor hole mobility (Ullberg et al., 2010),
high cost, currently relatively immature manufacturing process, plausible material
polarization at high photon fluxes in CT (Siffert et al., 1976; Szeles, Soldner, Vydrin,
Graves, & Bale, 2007), and charge trapping effects due to crystal impurities
(Taguchi & Iwanczyk, 2013) impair its performance.
Various physical phenomena in the conversion material deteriorate the spectral
separation power of PCDs (Figure 6a–d). More specifically, charge sharing (Figure
6b), characteristic X-rays (Figure 6a and c), Compton scattering in the CdTe layer
(Figure 6d), and the performance of the ASIC, i.e., the pulse pile-up and energy
resolution, influence the observed X-ray spectrum (Taguchi & Iwanczyk, 2013).
During X-ray photon interaction in CdTe, a charge cloud is generated at the
interaction site. The number of charge carriers in the cloud is proportional to the
energy deposited in CdTe. This charge cloud propagates towards the anode due to
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the application of bias voltage in the CdTe. The diffusion phenomenon increases
the volume of the charge distribution (Schulman, 2006, p. 51). Moreover, since the
charge cloud consists of particles with the same charge, the Coulomb repulsion
further enlarges the volume of the cloud. With CdTe, however, the repulsion has a
substantially lesser impact on the volume of the charge cloud than diffusion with a
low number of charge carriers (Gatti, Longoni, Rehak, & Sampietro, 1987).
Consequently, a high-energy photon interaction occurring close to a pixel boundary
might be registered as several low-energy photons at multiple detector pixels
(Figure 6b). Charge sharing correction methods have been developed to reduce this
effect (Ullberg et al., 2013), which, on the other hand, substantially increase the
dead time of the detector (Ullberg et al., 2013).
The secondary photons, originating from the photoelectric effect also influence
the measured detector spectrum (Figure 6a and c). With CdTe specifically, the Kescape photons of Cd (26.7 keV) and Te (31.8 keV) cause noticeable distortions in
the response of the PCD. The escape photon might interact with the detector layer
close to the interaction site (Figure 6a), or it might be registered in another pixel
far from the original site of interaction (Figure 6c). Furthermore, an Auger electron
might be generated during the atomic relaxation process, which, as a charged
particle, contributes to the signal at the anode.
Finally, the X-ray photon can also Compton scatter in the direct conversion
layer, which yields several low-energy signals at the PCD (Figure 6d). All these
phenomena influence the detected photon energy, resulting in misregistration of
energy and overlap in the spectra of different energy bins (Taguchi & Iwanczyk,
2013).
3.2.2 Pixelated anode and signal readout
The readout chip (ASIC) is bump-bonded to the CdTe layer. Each pixel in twodimensional detectors is connected to a separate pre-amplifier, comparators, and
counters. The charge cloud is collected by a pixelated electrode, amplified by the
analog signal processing circuit, and converted to a voltage. This amplified
electrical pulse is proportional to the energy of the X-ray photon. The signal from
each individual photon is processed by electronic comparators and counters in the
ASIC. The comparator assesses whether the electrical signal exceeds the pre-set
voltage thresholds. When this is the case, the number of detected events exceeding
that voltage threshold is incremented by one in the counter. The number of
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comparators and counters for each detector pixel determines the number of energy
bins with the PCD.
The ASIC significantly influences detector performance. Notably, the speed of
the ASIC has a tremendous impact on the count rate limitations of the PCD. The
detector dead time is defined as the minimum separable time interval between two
pulses when they are registered separately. The dead time-dependent, count-rate
behavior is characterized by a paralyzable or non-paralyzable model (Knoll, 2000).
A non-paralyzable detector would lose the events occurring during dead time. The
true count rate (n) in a non-paralyzable detector would depend on the measured
count rate (m) and dead time (τ):
𝑛

.

(22)

A paralyzable detector, on the other hand, resets the dead time with each event.
Therefore, it eventually reaches a saturation photon flux, with which it does not
register any counts since the dead time is always restarted before the dead time
from the previous photon interaction has been reached. The recorded count rate for
a paralyzable detector follows the expression
𝑚

𝑛𝑒

.

(23)

Depending on the manufacturer’s implementations, actual PCDs have paralyzable
and non-paralyzable characteristics, and a weighted sum between these two dead
time models has yielded the best count rate agreement with a PCD in simulations
(Taguchi, Zhang, et al., 2011). At high count rates, typically encountered in CT
examinations, the dead time distorts the observed X-ray spectrum since pulses are
lost or several pulses are registered as one, leading to pulse pile-up (Taguchi &
Iwanczyk, 2013).
3.3

Pixelwise calibration of the detector panel

Flat-field (FF) correction is a commonly used detector panel calibration approach
with conventional EIDs, and consequently, it has been applied for PCDs as well
(Shikhaliev, Xu, & Molloi, 2005). With energy-resolving PCDs, however, the
unique non-linearity of detection efficiency with respect to the photon energy for
different pixels (Ahmad et al., 2017; Jakubek, 2007; Kim & Baek, 2018), X-ray
scattering and beam hardening in the imaging target (Jakubek, 2007; Jakubek,
Vavrik, Pospisil, & Uher, 2005; Juntunen et al., 2020), energy threshold variations
between detector tiles (Ahmad et al., 2017), pulse pile-up effects at high photon
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fluxes (Inkinen, Juntunen, Kotiaho, & Nieminen, 2020), and ASIC gain and offset
variations originating from temperature drifts (Bornefalk et al., 2013) can
substantially deteriorate the panel uniformity and cause ringing artifacts when FF
is used.
The signal-to-equivalent thickness calibration (STC) method is frequently used
with PCDs, and it has greatly improved panel uniformity and image quality in
several studies (Ahmad et al., 2017; Jakubek, 2007; Jakubek et al., 2005). With this
method, a calibration material that reflects the X-ray scattering and beam hardening
properties of the target tissue is used. With soft tissues, for instance, polymethyl
methacrylate (PMMA) or water can be used. Varying thicknesses of the calibration
material are measured to yield a monochromatic approximation of the
polychromatic measurement process:
𝜆

𝑜

𝑎𝑒 ,

(24)

where the measured counts (λ) are mapped as calibration material thicknesses (t).
During the calibration, known calibration material thicknesses are measured to
obtain the calibration parameters (o, a, b). Target measurement is converted into
equivalent thickness using the formula
𝑡

𝑙𝑛

.

(25)

The STC method is limited to one calibration material, and therefore, it might not
reflect the overall attenuation within the various tissues in the imaged target.
Multi-material calibration techniques address this limitation with STC by
measuring several calibration materials with deviating attenuation properties
(Alvarez, 2011). These approaches decompose the measurement directly into
calibration materials so they can also be classified as material decomposition
techniques.
The polynomial calibration (PC) (Alvarez, 2011) can be used to decompose the
dual-energy measurement into a PMMA and Aluminum (Al). With this method,
combinations of two calibration material thicknesses are measured. These material
combination measurements are used to determine the calibration parameters (c0, c1,
…, c5) and (d0, d1, …, d5) for each detector pixel by fitting
𝑡
𝑡
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(26)

where tAl and tPMMA are the calibration material thicknesses, and 𝐿
ln

,with n = 1 and n = 2 corresponding to low energy and high energy bins

,

of the detector, respectively.
As a second alternative for dual-material calibration, a projected equivalent
thickness calibration (PETC) method was developed in the present dissertation.
With this approach, STC maps for two calibration materials (PMMA and Al) are
utilized to better capture the attenuation and scattering properties of soft tissues and
bony structures (Figure 7). With this method, the STC estimate at first calibration
material basis in energy bin n
𝜆 𝑡

𝑜

𝑏 𝑒

is projected into PMMA-equivalent thickness 𝑡
𝑡

→

ln

→

(27)

,

(28)

where the superscript (n) indicates that, although the same basis material
thicknesses applied to both energy bins. The projected equivalent thickness
(𝑡 →
) is different for low energy and high energy images due to the different
attenuation and scattering properties of PMMA and Al in these energy bins.
The corrected counts with PETC is obtained with the formula
𝜆

,

𝑡

,𝑡

→

𝑜

𝑏

𝑒

→

.

(29)

To obtain the basis materials with PETC, the L2-norm between the corrected counts
(λn,’) and measured counts (λ) is minimized:
arg min‖𝜆

𝜆′ 𝑡 ‖ .

(30)

The block-diagonalized Gauss-Newton method can be used to minimize (28), and
λ’ is updated during each iteration using (27) – (29).
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Fig. 7. Illustration of the projected equivalent thickness calibration (PETC) method. With
the calibration material thickness estimate (tAl, tPMMA), a) converts the Al thickness into
estimated counts with (27), b) depicts the transformation from Al to PMMA basis, c)
produces the PMMA-equivalent thickness for Aluminum using (28), d) sums the
projected equivalent thickness and PMMA thickness, and e) and f) produce the
corrected count estimate with (29) (figure modified from Study I).
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4

Purpose of the study

This dissertation aimed to investigate the applicability of photon counting, iterative
reconstruction, and interior tomography for radiation dose reduction in the context
of coronary calcium scoring with photon counting detector CT (PCD-CT). The
specific aims of the different publications were to
1.

2.

3.

assess the technological maturity of a photon counting detector and to develop
a suitable imaging and material decomposition framework for quantitative
coronary artery calcium scoring with spectral PCD-CT;
determine in a phantom setup whether coronary artery calcium scoring can be
accurately performed with a lower radiation dose using IR and a photon
counting detector;
evaluate the applicability of interior photon counting computed tomography
for CAC scoring with a low radiation dose in an experimental setup.
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5

Materials and methods

5.1

Phantoms and samples

The phantoms and coronary calcifications are summarized in Table 2. An
anthropomorphic torso phantom with a detachable cardiac rod (008C, CIRS,
Norfolk, Virginia, USA) was used in every study (Figure 8a). In studies I–II,
however, only the 9-cm diameter cardiac rod from this phantom (Figure 8b) was
utilized since it fitted into the FOV.
In studies I and II, coronary artery calcifications were mimicked using calcium
hydroxyapatite (CaHA) inserts (N = 9), which were delivered with the torso
phantom. The inserts have a fixed height of 7 mm and varying diameters (1.2 mm,
3.0 mm, 5.0 mm) and densities (100 mg/cm3, 250 mg/cm3, 400 mg/cm3). They were
positioned in the coronary arteries of the rod phantom (Figure 8b). These inserts
covered each CAD grade (from “no CAD” to “severe CAD”), thus providing a
broad range of calcification volumes and grades.
In study III, human coronary artery samples (N=18) from left anterior
descending, left circumflex, and right coronary arteries were extracted from nine
cadavers. These samples, with an approximate length of 2 cm, were inserted into a
customized epoxy resin phantom with a sample holder at its center (Figure 8c), and
this phantom was then positioned in the torso phantom (Figure 8a). This study was
approved by the Ethics Committee of the Northern Ostrobothnia Hospital District
(Permission number: 40/2018).
Two different phantoms were utilized to determine the radiation dose. In study
II, the kinetic energy released per unit mass of air (kerma) was determined using a
customized 14 cm-diameter and 15-cm length PMMA cylinder phantom (Figure
9a). In study III, an anthropomorphic adult male phantom (ATOM 701-C, CIRS
Inc., Norfolk, VA) with dosimeter holes was utilized to evaluate the organ doses
with radiophotoluminescence (RPL) dosimeters (GDM-352M, Asahi Techno Glass
Corporation, Chiba, Japan) (Figure 9b and c). The radiation dose measurements are
assessed in detail in section 5.7.
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Table 2. Summary of the used phantoms and calcifications in studies I–III.
Phantom
Cardiac rod (⌀ = 9 cm)

Study I

Study II

X

X

Epoxy resin rod (⌀ = 9 cm)

X

PMMA dose phantom (⌀ = 14 cm)

X

Anthropomorphic torso with changeable cardiac rod

Coronary artery samples (N = 18)

X
X

Anthropomorphic torso with dosimeter holes
CaHA inserts (N = 9)

Study III

X
X

X
X

Fig. 8. Imaging phantoms used in sub-studies I–III: a) anthropomorphic torso phantom
with a changeable cardiac rod, b) cardiac rod phantom with CaHA inserts of different
diameters, and c) epoxy resin phantom for homogeneity evaluation. The coronary artery
samples were positioned in the sample holder at the center of the epoxy resin phantom.

Fig. 9. Phantoms for radiation dose measurements: a) cylinder PMMA phantom for the
determination of air kerma (this phantom was used so as to take the scattered radiation
into consideration), b) anthropomorphic torso phantom, and c) illustration of a slice of
the torso phantom.
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5.2

Imaging setups

In each study, the experimental PCD-CT imaging setups included a fixed X-ray
source, a flat-panel photon counting detector (Flite FX15, XCounter AB, Danderyd,
Sweden), and a motorized rotation stage (NR360S/M, Thorlabs, Inc., Newton, New
Jersey) (Figure 10, Table 3). In the first and second studies, the phantoms fitted into
the field-of-view of the detector and were imaged using the PCD in flat-detector
CT geometry, hereafter referred to simply as PCD-CT. In the third study, the epoxy
resin phantom was measured in the PCD-CT geometry (Figure 10a). The rod was
subsequently positioned in the torso phantom and measured in the interior
tomography geometry (Figure 10b).

Fig. 10. Illustration of the a) PCD-CT, b) interior PCD-CT imaging geometries, with the
dashed circle demonstrating the field-of-view, and c) the photon counting detector used
in studies I–III (figure modified from Study III).

The PCD, used throughout this dissertation, is a tileable flat-panel detector with
two rows of tiles, both rows containing 12 detector tiles, each with 256128-pixel
area (height  width) (Figure 10c). The PCD has a 100 µm pixel size, a 750 µm
CdTe thickness and a 100 µm gap between the tiles, and the direct conversion layer
has a total active area of 5.13 mm  15.47 mm (height  width). The PCD has two
adjustable energy thresholds: the lower energy threshold, set at 10 keV in each
study, removes electronic noise, while the higher energy threshold divides the
incident photons into low and high energy bins. The higher energy threshold was
set at 50 keV in study I. In studies II–III, the higher energy threshold was not
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considered, since spectral CT was not assessed. The charge sharing correction
method of the detector was applied in each study.
In study II, three different dose-settings were used for PCD-CT to evaluate the
impact of radiation dose on the measured CAC volumes and CAC scores. The high
dose protocol (HDP) provided a high image quality reference, which was used to
obtain the ground-truth values for CaHA insert volumes and CAC scores. Clinical
dose protocol (CDP) was selected to yield comparable noise magnitude with the
CAC scoring guideline value of 20 HU (Voros et al., 2011). Finally, the low dose
protocol (LDP) halved the radiation dose of the CDP, and it was used to investigate
the possibility of accurate low-radiation-dose CAD grading with IR. In addition, a
clinical CT scanner (Somatom Definition Flash, Siemens Healthcare, Erlangen,
Germany) was used as a reference for PCD-CT in study II. The main imaging
parameters for the experimental PCD-CT setup and the clinical CT scanner are
summarized in Table 3.
5.3

Spectral photon counting detector computed tomography

5.3.1 Panel calibration
In each study, the calibration was done separately for every detector pixel and
energy bin following the approaches discussed in section 3.3. For each thicknessbased calibration method, the calibration plates were positioned at the isocenter of
the imaging setup, and they covered the entire field-of-view of the detector.
The performance of FF, STCPMMA, STCAl, PC, and PETC was compared in
study I. In this study, PMMA plates with thicknesses of 0 cm, 5.3 cm, and 10.6 cm
were used for STCPMMA. For STCAl, aluminum sheets with thicknesses of 0 cm, 2.1
cm, and 3.1 cm were utilized. The PMMA (aluminum) thicknesses were 5.2 cm and
10.4 cm (0.05 cm, 0.1 cm, …, 0.6 cm), and 5.3 cm and 10.7 cm (2.1 cm, 3.1 cm)
for PC and PETC, respectively. For PC, each plausible combination of PMMA and
aluminum thickness was measured. With PETC, on the other hand, no combination
measurements of the calibration materials were used, and the sheets were measured
separately, as discussed in section 3.3. With PETC, 1000 iterations were required
to minimize the L2-norm (30).
In studies II–III, only STCPMMA was used. Thicknesses of 5.35 cm, 7.35 cm,
10.75 cm, 12.75 cm and 5.3 cm, 10.6 cm, 15.9 cm, 21.2 cm, 26.5 cm, and 31.8 cm
were used for the second and third study, respectively.
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1

3 mm Al1
54.0

85.5

+ 2.0 mm Al

0.320 mm  FBP/PWLS

0.320 mm 

0.320 mm  FBP

1.5 mm

1.5 mm
88.9

0.320 mm  FBP/PWLS
0.320 mm 

+ 0.5 mm Al
58.8

157.6

195.3

3 mm Al1

+ 1.0 mm C

49.1

181.9

1.5 mm

72

CDP = 10

0.3 mm Ti

LDP = 12.3
HDP = 110

+ 2.0 mm H20

0.5 mm Ti

CDP = 24.6

HDP3=184.5

Netherlands

100

120

120

0.320 mm 

PCD

EID

PCD

Healthcare, Amsterdam,

BV29, Philips

Germany

Siemens Healthcare, Erlangen,

Somatom Definition Flash,

Flamatt, Switzerland

MXRP-160C, COMET Group,

method

Reconstruction

0.126 mm  PWLS2
0.126 mm

360

SOD (cm) SDD (cm) Voxel size

Equivalent filtration at 75 kVp, 2penalized weighted least squares reconstruction from material decomposed projection data, 3high dose protocol.

III

II

II

100

Exposure (mAs) Filtration

0.126 mm 

PCD

(kVp)

kilovoltage

Peak

Netherlands

BV29, Philips

I

Detector

Healthcare, Amsterdam,

Source

Study

Table 3. Imaging setups and main imaging and reconstruction parameters for studies I–III.

5.3.2 Material decomposition
In study I, the calibrated projections were material decomposed into CaHA and
PMMA with the projection-based approach presented in section 2.6.3 (equations
(20)–(21)). The L2-norm between the measured and simulated projection was
minimized as follows:
arg min‖𝜆

𝜆 𝐴 ‖ ,

(31)

with A = (APMMA, ACaHA) denoting the decomposed projected mass densities of
PMMA and CaHA, and λmeasurement and λ(A) denoting the measured and simulated
counts. This non-linear inverse problem was simultaneously solved for each
detector pixel using a block-diagonalized Gauss-Newton method with 100
iterations (Ducros et al., 2017). Since MD requires accurate modeling of the energy
response and detection efficiency (see equation (20)), a detector model was
developed to simulate these detector properties.
5.3.3 Detector modeling
In study I, for the simulation of detector energy response, a pixelated CdTe detector,
with an active volume of 100 mm  100 mm  0.75 mm and 100-µm pixel, was
generated using a particle transport simulation package (vGATE 7.2) (Jan et al.,
2004) that utilizes the Geant4 (Agostinelli et al., 2003; Allison et al., 2016) and
PENetration and Energy Loss of Positrons and Electrons (PENELOPE) toolkits
(Salvat, Fernández-Varea, & Sempau, 2003). Monochromatic X-ray measurements
were simulated for the energy range of the X-ray source (10 keV – 100 keV) with
1 keV increments, and the physical interactions of the primary photons and
daughter particles, i.e., Compton and Rayleigh scattering, photoelectric effect,
bremsstrahlung, ionization, and atomic de-excitation (fluorescence and Auger
effect), were taken into consideration in the model. The types of interaction,
interaction times, interaction locations, and energy deposited into CdTe during the
interaction were monitored for each photon and daughter particle.
The aforementioned physical interactions generate charge distributions in the
CdTe chip. The propagation of these charge distributions was modeled using a
charge transport model in MATLAB (Ullberg et al., 2010). The spread of the charge
was modeled using the diffusion equation, while the Coulomb repulsion was
omitted from the model since its impact on CdTe at the diagnostic photon energy
58

range is minute compared to diffusion effects (Eskin, Barrett, & Barber, 1999; Gatti
et al., 1987). The simulation parameters were obtained from (Schulman, 2006, p.
57), and they are summarized in Table 4.
For a photon interaction at point (x0, y0, z0) and time t = 0, the charge
distribution for electrons at position (x, y, z) was expressed as follows:
𝜌 𝑥, 𝑦, 𝑧, 𝑡

𝑒

𝑒 ,

(32)

where the charge diffusion is considered in the first exponential term, and the
second exponential term models the loss of carriers due to charge trapping. The
drift velocity was obtained using v = Eµ, where E and µ are the electric field
strength and carrier mobility, respectively. The electric field strength is dependent
on the bias voltage (Vbias), and the CdTe thickness (d) based on the formula (E =
Vbias/d). Additionally, µ is the charge carrier mobility, e is the elementary charge,
and N0 is the number of charges generated during photon interaction, which is
obtained with Ephoton/4.43 eV, where 4.43 eV is the ionization energy of CdTe. D
and τ are the diffusion constant and the lifetime of the charge carrier, respectively.
The diffusion constant is obtained using the Einstein relation:
𝐷

µ,

(33)

where k is the Boltzmann constant, and T is the absolute temperature. Electronic
noise was modeled by simulating a random number of electrons with zero mean
and a standard deviation of 500 during the generation of the charge cloud. The noise
originating from the leakage current was included in the model using the formula
𝑛𝑜𝑖𝑠𝑒

2𝐼

𝑡

𝑒,

(34)

where tint.is the signal integration time, and leakage current is modeled using the
formula
𝐼

𝐴

,

(35)

where ρresistivity denotes the electrical resistivity of CdTe, and Apix is the detector
pixel area. Finally, a simplified ASIC model with an eight-neighbor charge sharing
correction algorithm and 500 ns signal integration time was included in the model.
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Table 4. Used detector simulation parameters.
Symbol

Meaning

v

Drift velocity

Value
58667 m/s

E

Electric field strength

533 kV/m

µe

Electron mobility

1100 cm2/Vs

µh

Hole mobility

100 cm2/Vs

Vbias

Bias voltage

-400 V

d

CdTe layer thickness

750 µm

D

Diffusion constant

0.0028 m2

τ

Carrier lifetime

3.0 µs

tint

Signal integration time

500 ns

Ileak

Leakage current

5.33 aA

ρresistivity

Electrical resistivity for CdTe

109 Ωcm

5.3.4 Detector characterization
In study I, the spectral characteristics of the PCD, i.e., the energy resolution, charge
sharing effects, and drifts in peak position, were characterized by comparing the
measured energy response to a simulated detector model.
First, the response of the panel to a monochromatic Americium-241 (241Am)
(Eγ = 59.5 keV, activity of 3.7 GBq during measurements) radioisotope was
assessed by setting the low-energy threshold of the PCD at 10 keV and by sweeping
the high energy threshold from 11 keV to 80 keV with 1 keV increments (Ullberg
et al., 2013; Vincenzi et al., 2015). For reference, the detector response for different
X-ray photon energies was modeled using particle transport and charge transport
models.
The full width at half maximum (FWHM) and main peak drift were determined
from the 241Am response. FWHM was used to assess the energy resolution of the
PCD, while the evaluation of the main peak drift made it possible to determine
possible inaccuracies in the quantification of X-ray photon energy.
Second, to assess the overall spectral agreement between the simulated and
measured X-ray spectra, the source spectrum of the C-arm at a peak kilovoltage of
100 kV was swept with 2 keV increments. The 100 kVp tube spectrum with the
appropriate filtration was also simulated using the SPEKTR (v. 3.0) toolkit
(Punnoose, Xu, Sisniega, Zbijewski, & Siewerdsen, 2016).
Since the count-rate capabilities of PCDs are limited (Taguchi & Iwanczyk,
2013), the dead time of the detector is of particular interest. Consequently, the dead
time of the detector was characterized using an X-ray source
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(XRB150PN600X4009, Spellman, Hauppauge, USA) at 120 kVp (unpublished
data). Measurements within the tube current range of 0.9 mA to 4.4 mA were
performed with 0.1 mA increments. The measured count rate of the detector was
assumed to reflect the true count rate at a low tube current (negligible dead time
effect). The conversion from tube current to true counts was determined by
mapping the known current to the measured count rate with a line. The dark-field
scan (with X-ray tube off) and the lowest tube current setting (0.9 mA) were used
to determine the slope of this line. This line mapped each tube current setting to the
true photon count rate. A paralyzable detector model was subsequently fitted to the
measurement data with and without charge sharing correction by minimizing the
root-mean-square error between the model and measurement using the NelderMead simplex algorithm (Nelder & Mead, 1965). Tile-wise and pixelwise fitting
were used to assess both the overall dead time of a detector tile and pixel-and tilewise variations in dead time.
5.3.5 Data processing workflow for spectral photon counting CT
The developed data processing workflows for PCD-CT in studies I–III are
summarized in Figure 11. The workflows deviate between different sub-studies
since spectral PCD-CT was applied only in the first sub-study. The following
paragraph details the workflow utilized in study I to obtain quantitative estimates
of the CaHA content.
The raw data were corrected using the calibration methods (FF, STC, PC, and
PETC). This was done to compare the performance of different calibration
approaches. Subsequently, the detector model was harnessed to obtain the corrected
count estimate for different energy bins. The estimated counts were then
decomposed into the basis materials (PMMA, CaHA) using the projection-based
material decomposition method (35). Finally, the projections were reconstructed
using the PWLS method (see section 5.4).
In studies II–III, the raw data from the TE bin was corrected using the STCPMMA
method. In study II, the corrected data was directly reconstructed to yield the TE
bin image (Figure 11). In study III, on the other hand, the STC sinogram was first
extended using the approaches presented in sections 2.3.5 and 5.4. These extended
sinograms were subsequently reconstructed.
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Fig. 11. Illustration of the developed data processing workflows for different substudies I–III. In each study, the raw data was corrected using a thickness-based
calibration approach. In study I, the corrected data were propagated into corrected
counts using the energy response and source spectrum models. The counts were
subsequently material decomposed to yield the basis materials, which were then
reconstructed into material-specific reconstruction. In study II, the calibrated projection
data were directly reconstructed (sinogram not visualized). In study III, in comparison,
the STCPMMA corrected truncated sinogram was extended with both sinogram padding
and

adaptive

detruncation.

These

extended

sinograms

were

subsequently

reconstructed. Otherwise, the calibration workflow remained the same between substudies II and III. The figure was partially obtained from study I.
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5.4

Image reconstruction

In study I, penalized weighted least squares with the Huber penalty (Huber, 1964;
J. Wang, Li, & Xing, 2008) was utilized to reconstruct the material decomposed
projection data. The Huber penalty was selected since it can provide effective noise
reduction and robust edge preservation (J. Wang et al., 2008). The variance was
estimated from the material decomposed data (pm), and the basis material
reconstruction (um) was obtained by minimizing the loss functional
arg min ‖𝑊𝑢

𝑝 ‖

𝑅 ‖𝐷 𝑢 ‖

𝛽∑

,

(36)

where pm is the basis material sinogram of basis material m, Diu is the finite
difference gradient approximation of reconstruction voxel i, and I is the number of
voxels in the reconstruction. Projection matrix W was generated with the ASTRA
(v. 1.8, iMinds-Vision Lab, University of Antwerp, Belgium) (van Aarle et al., 2015)
and Spot (v. 1.2) (van den Berg & Friedlander, 2014) toolboxes. The Huber penalty
functional was formulated as follows:
R ε

ε , |ε|
|ε|

δ

.
δ

, |ε|

(37)

The regularization parameter (β) and the threshold () were set to 400 and 50
mg/cm3, respectively. The reconstruction was obtained with 100 gradient descent
iterations using the Barzilai-Borwein step size update.
One of the primary purposes of study II was to investigate the applicability of
IR for coronary artery calcium scoring. Consequently, two IR algorithms with
varying regularization strengths were compared to the FBP algorithm, which was
used as the reference reconstruction method. We selected the FBP kernel to match
the noise texture with the clinical calcium scoring “B35f” kernel of the used CT
scanner. The FBP kernel was achieved through Hann-filtering and a moving
average filter with a 3.8-pixel window length.
In study II, total variation and gamma regularization functionals were utilized
as the regularization term in the penalized least squares loss functional (14). Total
variation regularization over the reconstruction domain (Ω) is formulated as
𝑇𝑉 𝑢

‖∇𝑢‖

𝜀

/

𝑑𝑥,

(38)

where the smoothing parameter was set at =10-8, ∇ is the gradient operator, and x
is the reconstruction coordinate.
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The gamma regularization functional was also utilized (J. Zhang et al., 2015)
Ψ 𝑢

∑

∑

∇

,

∇

/
,

𝑑𝑥,

(39)

where K1 and K2 are the reconstruction dimensions. The shape and scale parameters,
α and β, balance the l1 -and l0 -norms in regularization. The shape and scale
parameters were fixed (α = 1.2 and β = 0.6), and only the overall regularization
strength () was modified. The gradient descent method with 500 iterations was
used for both methods.
The impact of regularization parameter selection on CAC volume
quantification and CAC scoring was studied in the second study, and consequently,
two different regularization parameter selection approaches were compared.
1.

2.

In the first parameter selection approach, the noise magnitude was fixed for
different radiation dose levels. The extent of the regularization, therefore,
increased for low radiation doses to maintain a target noise level of 7.4 HU,
which was the noise of the highest dose FBP reconstruction.
Using a fixed regularization parameter for different radiation dose levels. With
this method, the image noise increases at lower radiation doses since the
regularization is not adapted. Three different fixed regularization strengths,
denoted as strong (TV = 166, GAMMA = 510), medium (TV = 42, GAMMA =
158), and weak regularization (TV = 14, GAMMA = 54), were used. These
regularization strengths were selected to produce differently sharp (visually
more blurred, matched, and sharper) image quality compared to FBP with
strong, medium, and weak regularization strengths, respectively.

In study III, both FBP and penalized least squares minimization with TV
regularization were used. The FBP kernel, which was optimized to produce a
similar noise texture as the clinical CAC scoring kernel, was a combination of the
Hann filter and a moving average filter with a 4.2-pixel window. The imaging
geometry deviated between studies II and III, and consequently, the averaging in
the FBP kernel was slightly modified. The TV regularization parameter of 25 was
selected to produce similar noise magnitude with FBP.
In study III, the rod phantom (untruncated sinogram) and torso phantom
(truncated sinogram) PCD-CT measurements were reconstructed. Sinogram
padding and adaptive detruncation algorithms were used to extend the truncated
sinogram. Moreover, as an attempt to further reduce the truncation artifacts, the
reconstructions were detrended. This detrending was achieved by fitting a
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polynomial surface to a Gaussian-filtered reconstruction (filter standard deviation
of 4) and subtracting the surface from the reconstructed slice to obtain the detrended
image.
5.5

Image quality assessment

In study II, noise magnitude and NPS were used to determine the changes in noise
patterns and noise magnitude between different reconstruction methods and
regularization parameters (Figure 12). Further, NPS was used to match the noise
texture between clinical CT and PCD-CT protocols. The noise properties were
determined based on the reconstructions of the homogeneous epoxy resin phantom.
The modulation transfer function (spatial resolution) was evaluated by Fourier
transforming the line spread function of the small air gap within the cardiac rod
phantom. Additionally, CNR between the heart and soft tissue background of the
cardiac rod phantom was determined to supplement the assessment of the image
noise and tissue contrast.
In study III, the image quality assessment focused on evaluating the extent of
truncation with different sinogram extension approaches and reconstruction
algorithms. Horizontal and vertical lines, with a length of 200 pixels, were used to
visually determine the presence and magnitude of cupping (Figure 12).
5.6

Coronary artery calcium quantification

In study I, the CAC density, mass, and volume were quantified from the material
decomposed CaHA basis. The CaHA inserts were segmented using the seeded
region growing algorithm (Adams & Bischof, 1994). For studies II and III, CAC
volume and score were evaluated. The CaHA inserts were segmented with fixed
thresholds of 130 HU and 147 HU for studies II and III, respectively. In study III,
the tube peak kilovoltage of the X-ray source was limited to 100 kVp, and therefore,
the CAC scoring threshold was set to 147 HU, as has been done in previous
research (Nakazato et al., 2009; Thomas et al., 2006).
5.7

Statistical analyses

In study I, the mean density, volume, and mass of the segmented calcification
inserts were assessed and compared to the nominal values. Regression slope,
Pearson correlation (r2- and p-values), Bland-Altman plots, boxplots, and mean
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absolute percentage error (MAPE) were used to assess the agreement between the
measured and nominal CaHA density, mass, and volume.

Fig. 12. Assessment of image quality in different studies. In study II, the epoxy resin
and cardiac rod phantoms were used to evaluate NPS, noise magnitude, CNR, and MTF
(white line indicates the region used for evaluating the MTF). In study III, vertical and
horizontal line profiles combined with a visual assessment of image quality were used
to assess the extent of truncation and cupping artifacts (figure adapted from studies II–
III).

In study II, the measured calcium volumes and scores were compared between three
different IR regularization strengths using the Friedmann test (significance level
p<0.05). The Wilcoxon signed-rank test with Bonferroni correction (significance
level p<0.017) was used for post-hoc analysis to stratify what fixed regularization
strengths produced significantly different CAC volumes and scores. Boxplots and
Bland-Altman plots were used to illustrate these differences. The frequency of
incorrectly assigned CAD grades when compared to FBP at CDP, i.e., the risk
reclassification rate, was used to illustrate the diagnostic relevance of the CAD
grade differences with IR at low radiation dose.
In study III, regression slope, Pearson correlation (r- and p-values), and BlandAltman plots were utilized to evaluate the CAC quantification accuracy between
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interior and conventional PCD-CT geometries. The Wilcoxon signed-rank test with
a significance level of p<0.05 was used to assess the statistical significance of CAC
volume and score differences. The CAD grade reclassification rate was also
reported using the grades obtained from conventional CT geometry with FBP as
the ground truth.
5.8

Radiation dose determination

In study II, the air kerma for the clinical CT and the experimental PCD-CT setup
was measured using a solid-state detector (RaySafe Xi Transparent Detector,
Unfors RaySafe AB, Billdal, Sweden) that was positioned at the center of the
cylinder phantom (Figure 9a). The air kerma was measured three times to evaluate
the mean and standard deviation for the radiation dose measurements. The detector
is sent biennially for calibration to the manufacturer, whose air kerma standards are
traceable to Physikalisch-Technische Bundesanstalt.
In study III, the organ dose for organs in the proximity of the heart was
measured to evaluate the potential dose-reductions achieved with the interior CT
imaging geometry. Seventy-four RPL dosimeters with tin filters were positioned in
the anthropomorphic adult male phantom (ATOM 701-C, CIRS Inc., Norfolk, VA)
(Figure 9b–c) (D. Zhang, Li, Gao, Xu, & Liu, 2013). The dosimeter readings for
heart, lungs, esophagus, spinal cord, spleen, stomach, thymus, liver, thyroid, and
kidney were recorded for both clinical CT and PCD-CT with a 100 kVp CAC
scoring protocol. As a simplification, the radiation doses for other organs were set
at zero. A Doce Ace FGD-1000 (Asahi Techno Glass Corporation, Chiba, Japan)
was used for the dosimeter read-out, and the tissue weighting factors (ICRP, 2007)
were used to calculate the effective dose.
The dosimeter reading in the air (Dair) for measurement with an effective
photon energy of Eeff was corrected to the energy deposited to the tissue (Dtissue)
using (Hendee & Ritenour, 2002)
𝐷

𝐷

,

(40)

where µen(Eeff)/ is the mass energy absorption coefficient of the material (Hubbell
& Seltzer, 2004). Spektripaja-software (Tapiovaara & Tapiovaara, 2008) was used
to determine the Eeff for CT and PCD-CT (50.8 keV for both systems).
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6

Results

6.1

Detector characterization and comparison with simulations
(study I, unpublished data)

The simulated and measured 241Am responses for a detector tile agreed well at low
energies (10 keV – 40 keV) (Figure 13a). On the other hand, the main photopeak
showed poor agreement, and the PCD demonstrated a high-energy drift from the
true photopeak of 59.5 keV (Figure 13a). Similarly, the simulated and measured
100 kVp tube spectra agreed well at low photon energies (10–60 keV), but the
agreement at high photon energies was poor (Figure 13b).

Fig. 13. Measured and simulated responses for a)
spectrum. c)–d) illustration of the tile-wise

241

241

Am and b) 100 kVp X-ray tube

Am response variation with the PCD. The

responses were determined as the mean value over a tile (figure obtained from study I).
Please note that the circle and square in c) correspond to the response in d).
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Substantial tile-wise variation was observed in the 241Am responses of the PCD
(Figure 13c–d). The measured energy responses for different pixels within a tile
were similar, but a variation in energy responses was observed between tiles (Figure
13c). The measured peak locations for different tiles (mean ± standard deviation)
was 68 ± 3 keV, showing an 8 keV deviation from the true photopeak. Furthermore,
the high standard deviation of 3 keV in the tile-wise energy responses underlined
the poor uniformity in the panel. The FWHM for the measured tile-wise responses
for 241Am was 14.2 ± 0.7 keV.
Substantial spatial dead time variation was observed between detector pixels
and tiles (Figure 14a). The mean detector dead times determined over a single tile
were 725 ns and 134 ns with and without charge sharing correction, respectively
(Figure 14b).

Fig. 14. Measured dead time results: a) dead times for each pixel with charge sharing
correction (note that the detector has been rotated by 90 degrees for visualization), and
b) dead times for a detector tile with and without charge sharing correction. The X-ray
source was positioned in a lead-shielded oven, which did not enable full irradiation of
the active area. Thus, only a portion of the PCD was covered.
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6.2

Image quality considerations

6.2.1 Study I: Image quality with spectral PCD-CT
Calibration and material decomposition in the projection domain
The choice of calibration method influenced the uniformity of the projection image
substantially (Figure 15). In particular, the detector tiles were visible in the FFcorrected projection images, whereas the thickness-based calibration techniques
(STCPMMA, PC, PETC) reduced tile visibility effectively. From the thickness-based
calibration approaches, the tile visibility was most pronounced with STCAl.
The reduced tile visibility with STCPMMA, PC, and PETC was also evident in
the material decomposed CaHA basis images (Figure 15). Therefore, the material
decomposition performance was greatly influenced by the selected calibration
technique and calibration material. In general, the material decomposed CaHA
projections were noisier compared to the LE and HE bins.

Fig. 15. Image quality for different calibration methods (from top to bottom: flat-field
correction (FF), signal-to-equivalent thickness calibration for PMMA (STCPMMA),
aluminum (STCAl), polynomial calibration (PC), projected equivalent thickness
calibration (PETC)). The detector tiles are clearly visible in the CaHA basis images of FF
and STCAl. The flat-field corrected data is unitless, whereas the thickness-based
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calibration methods produce thickness estimates, and consequently, the unit for STCand PC-corrected data is centimeters. The material decomposition algorithm produces
projected mass density values, whose unit is g/cm2 (figure adapted from study I).

Image quality in the reconstruction domain
The material-specific reconstructions of PMMA and CaHA bases obtained using
the STCPMMA, PC, and PETC calibrated projection data exhibited excellent
differentiation between PMMA and calcification (Figure 16) (only PETC is
visualized). However, prominent ringing artifacts were observed in the
reconstructed PMMA basis image, which was also observed with FF, STCAl,
STCPMMA, and PC.

Fig. 16. Reconstructions of PETC calibrated data. a) TE reconstruction, b) PMMA
reconstruction, c) CaHA reconstruction. CaHA inserts with a density of 400 mg/cm3, and
diameters of 5 mm and 3 mm are shown. Windowing for reconstructions: (left) [-500,
500] grayscale values, (middle) [400, 1300] mg/cm3, (right) [75, 400] mg/cm3 (figure
obtained from study I).
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6.2.2 Study II: Image quality with iterative reconstruction
In study II, IR with both adaptive and fixed regularization parameter selection
reduced the noise magnitude, improved the CNR (Figure 17), and produced
visually sharper images with improved MTF for HDP when compared to FBP
(Figure 18). Interestingly, adaptive regularization nearly fixed the CNR and noise
magnitude, whereas fixed regularization strength yielded CNR and noise behavior
more comparable to FBP (Figure 17). Despite the improvements in technical image
quality, the iterative reconstructions appeared visually paint-brushed, and the noise
texture was concentrated at low spatial frequencies (Figure 18).

Fig. 17. Noise and CNR at different radiation dose levels for the cardiac rod phantom for
the PCD-CT setup: (top row) image noise and CNR for adaptive regularization parameter
selection; (bottom row) noise and CNR for fixed medium regularization strength. The
different dose ranges are illustrated with different background colors (gray: low dose
protocol – clinical dose protocol, white: clinical dose protocol – high dose protocol)
(figure obtained from study II).
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Fig. 18. Illustrations of FBP and IRs with adaptive regularization parameter selection
and their normalized NPSs and MTFs for high dose protocol (HDP), clinical dose
protocol (CDP), and low dose protocol (LDP) (figure obtained from study II).
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6.2.3 Study III: Image quality with interior PCD-CT
The sinogram extension approaches (sinogram padding and adaptive detruncation)
reduced the cupping artifacts in the interior reconstructions when compared to FBP
and TV (Figure 19), whose vertical and horizontal line profiles exhibited substantial
cupping originating from the truncation artifact. Furthermore, the strong beam
hardening in the spine induced a CT number overestimation in the horizontal line
profiles of each reconstruction. Finally, the attenuation in the ribs introduced a dark
band in the VOI (Figure 19, white rectangle). Reconstruction detrending removed
the cupping artifacts, yet it failed to remove this dark band (Figure 20).

Fig. 19. Reconstruction of the cardiac rod phantom and the corresponding interior
reconstructions using FBP, TV, padded FBP, and detruncated FBP and TV
reconstructions. Windowing was set at [-500, 750] HU (figure obtained from study III).
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Fig. 20. Reconstructions of the cardiac rod phantom and the corresponding detrended
interior reconstructions using FBP, TV, padded FBP, and detruncated FBP and TV
reconstructions. Windowing was set at [-500, 750] HU (figure obtained from study III).

6.3

CaHA quantification and coronary artery calcium scoring

6.3.1 Study I: CaHA quantification with spectral PCD-CT
Since the FF and STCAl corrected projection data clearly illustrated visible detector
tile borders and poor reconstruction quality, the CaHA quantification analysis was
limited to projection data calibrated with STCPMMA, PC, and PETC.
The measured CaHA volumes, densities, and masses agreed well with the
nominal and measured values for the material decompositions obtained with
STCPMMA and PETC (Table 5). Also, strong correlations between nominal CaHA
volumes, densities, and masses were observed with these methods (Table 6). The
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PC method quantified the CaHA content poorly, by substantially underestimating
the CaHA density and mass, as illustrated by the regression slope values (Table 6).
Bland-Altman- and regression analysis confirmed the poor performance of the
PC technique (Figure 21 and Table 6). The estimated CaHA densities with
STCPMMA depended substantially on the diameter of the calcification; larger insert
diameters exhibited an overestimation of density, while the densities of smaller
diameter inserts were underestimated (Figure 21). This phenomenon also
influenced the CaHA mass quantification with STCPMMA. No similar dependence
on the size of the calcification was observed with the dual-material calibration
methods (PC and PETC), and PETC produced satisfactory quantification of CaHA
volume, density, and mass. With each calibration method, the volume of lowdensity inserts was underestimated, and the volume of high-density inserts was
overestimated (Figure 21).
Table 5. Summary of the nominal and measured CaHA densities (mean ± standard
deviation) and the mean absolute percentage errors (MAPEs) (table modified from study
I).
STCPMMA1

Nominal
3

(mg/cm )

Measured

PC2

MAPE (%)

(mg/cm3)

Measured

PETC3
MAPE (%)

(mg/cm3)

Measured

MAPE (%)

(mg/cm3)

400

420 ± 30

4±5

278 ± 6

34 ± 11

380 ± 8

5±2

250

280 ± 30

6 ± 10

179 ± 6

28 ± 3

254 ± 3

1.2 ± 1.2

100

122 ± 12

19 ± 12

79 ± 4

20 ± 4

114 ± 2

14 ± 2

1

Signal-to-equivalent thickness calibration with PMMA, 2polynomial calibration, and 3projected equivalent

thickness calibration.

Table 6. Regression slope and correlation between nominal and measured CaHA
volume, density, and mass (table modified from study I).
Calibration
method
STCPMMA

1

Volume

Density

Mass

Slope

r2

p

Slope

r2

p

Slope

r2

p

0.98

0.89

<0.0001

0.98

0.97

<0.0001

1.10

0.99

<0.0001

PC2

0.93

0.87

<0.0001

0.66

0.99

<0.0001

0.68

0.99

<0.0001

PETC3

0.97

0.87

<0.0001

0.87

0.99

<0.0001

0.96

0.99

<0.0001

1

Signal-to-equivalent thickness calibration with PMMA, 2polynomial calibration, and 3projected equivalent

thickness calibration.
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Fig. 21. Bland-Altman analysis of CaHA density (top row), volume (middle row), and
mass (bottom row): (left) STCPMMA method, (center) PC, and (right) PETC (figure obtained
from study I).

6.3.2 Study II: CAC scoring with iterative reconstruction
Fixing the regularization parameter for each dose setting conserved the CaHA
volumes and CAC scores better than adaptive regularization (Figure 22). Increasing
this fixed regularization strength reduced the CAC volumes and scores significantly
for TV and gamma regularization (Figure 23) (p < 0.05, Friedman). The most
comparable CaHA volume and CAC scoring performance between IR and the high
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radiation dose FBP reconstructions were observed with the fixed medium
regularization strength, which also produced the best agreement between the
modulation transfer functions of FBP and IR (Figure 24). With this optimal
selection of regularization strength, the CAC volumes and scores correlated
strongly between high dose FBP and clinical dose and low-dose reconstructions (r
= 0.99, p < 0.05 for each IR method and FBP), and the CAD grade reclassification
rates were also satisfactory for the clinical dose setting (0% for TV, GAMMA, and
FBP) and the low dose setting (11.1% for TV, GAMMA, and FBP).

Fig. 22. Comparison of CaHA insert volume and CAC score for adaptive and fixed
regularization parameter selection at different air kerma values. Measured volumes and
scores are illustrated for the insert with a density of 250 mg/cm3 and a 3-mm diameter:
(left) adaptive regularization parameter selection that yields a constant noise magnitude;
(right) fixed regularization parameter selection with medium regularization strength
(figure obtained from study II).
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Fig. 23. Boxplots for a) CaHA insert volume and b) CAC score differences between high
dose FBP reconstruction and clinical dose IR with different regularization strengths
(figure obtained from study II).

Fig. 24. Modulation transfer functions between ground-truth FBP reconstruction and
iterative reconstructions for the high dose protocol with different regularization
strengths for a) total variation minimization (TV), and b) gamma regularization (figure
obtained from study II).

6.3.3 Study III: CAC scoring with interior PCD-CT
The coronary artery samples included every CAD grade: two samples with no CAD,
two samples with minimal CAD, four samples with mild CAD, three samples with
moderate CAD, and seven samples with severe CAD. The CAC volumes and scores
ranged between 0 mm3 – 634 mm3 and 0 – 1691.
Since the adaptive detruncation algorithm produced the best image quality in
interior reconstructions, the CAC volumes and scores were only assessed using this
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method both with and without reconstruction detrending. The CAC volumes and
scores between ground-truth FBP and interior reconstructions, obtained with the
adaptive sinogram detruncation algorithm, correlated strongly (Table 7). However,
the regression slope values indicated an underestimation of CAC volumes and
scores with interior reconstruction (Table 7). This underestimation resulted in
statistically significant differences in the CAC volumes and scores between ground
truth FBP and interior reconstructions. Despite this underestimation, however, the
CAD grade reclassification rate with detruncated and detrended FBP was quite low
at 5.6%.
Table 7. Correlation of coronary artery calcium (CAC) volumes and scores between the
ground-truth FBP reconstruction of the cardiac rod and the interior reconstructions
obtained using adaptive sinogram detruncation with and without reconstruction
detrending (table obtained from study III).
Parameter

CAC volume
Detruncated FBP

CAC score

Detruncated and

Detruncated FBP

detrended FBP
0.991 (0.87)

r (slope)
Wilcoxon p
1

2

0.0019

0.991 (0.89)
2

0.0097

Detruncated and
detrended FBP

0.991 (0.87)
2

0.0013

0.991 (0.88)
0.00722

2

p<0.05 significance level for Pearson correlation. p<0.05 significance level for the non-parametric

Wilcoxon signed rank test. Two-tailed p-values are listed.

6.4

Radiation dose determination

6.4.1 Study II: Radiation dose and image quality with PCD-CT and CT
PCD-CT produced similar technical image quality (NPS, noise magnitude, and
MTF) as clinical CT with air kerma values of 1.090 mGy and 0.885 mGy for CT
and PCD-CT, respectively (Figure 25). With this 18.8% radiation dose reduction,
the noise texture and visual appearance of the cardiac rod and homogeneous epoxy
resin phantoms were well matched, although a minute ringing artifact with PCDCT induced a small low-frequency difference in the NPSs.
With matched air kerma between CT (1.090 mGy) and PCD-CT (1.082 mGy),
the image noises in the cardiac rod phantom were SDCT = 7.91 HU and SDPCD-CT =
7.01 HU, resulting in a decrease of 11.4% in image noise with PCD-CT.
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Fig. 25. CT and PCD-CT reconstructions of the cardiac rod and homogeneous epoxy
resin phantoms with matched image quality: (left) clinical CT reconstructions with an
air kerma of 1.090 mGy, (middle) PCD-CT reconstructions with an air kerma of 0.885
mGy, (right) corresponding MTFs and normalized NPSs. Calcification with a density of
400 mg/cm3 and a 3.0 mm diameter is shown. Windowing was set at [-100, 150] HU
(figure obtained from study II).

6.4.2 Study III: Organ doses in interior tomography
Interior tomography focused the radiation dose on the heart more effectively than
conventional CT (Table 8). Accordingly, the radiation dose to peripheral organs that
are more sensitive to ionizing radiation, e.g., stomach, was reduced. Consequently,
despite a 52% higher dose to the heart with interior PCD-CT, the effective dose to
the torso phantom was reduced by 10% with interior tomography.
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Table 8. Organ doses and effective doses with interior PCD-CT and conventional CT
geometries (table modified from study III).
Organ

Organ dose (mGy)
CT

Interior

Percentage
change (%)

PCD-CT
Heart

1.53

2.33

+52.3

Lungs

1.11

1.02

-8.1a

Esophagus

0.62

0.64

+3.2

Spinal cord

0.60

0.42

-30.0

Spleen

0.43

0.17

-60.5

Stomach

0.40

0.18

-55.0

Thymus

0.39

0.49

+25.6

Liver

0.37

0.21

-43.2

Thyroid

0.11

0.10

-9.1

Kidneys

0.12

0.05

-58.3

Effective dose (mSv)

0.31

0.28

-10.0

a

Negative value in percentage change indicates dose reduction with interior PCD-CT.
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7

Discussion

7.1

Key findings

In the present dissertation, a photon counting detector, iterative reconstruction, and
interior tomography were evaluated for low dose coronary artery calcium scoring.
This section discusses the key findings of the dissertation, whereas the following
sections assess the main outcomes of the different studies in more detail.
The flat-panel PCD was observed to have only modest count rate capabilities,
and the prominent tile-wise response variation in the panel reduced the image
quality considerably. Thickness-based calibration approaches compensated for
these variations effectively, yielding excellent tile uniformity and reconstruction
quality. Once the detector calibration workflow was established in study I, the
response variations did not cause notable reductions in image quality or produce
major artifacts in the latter studies of the dissertation (studies II–III). Consequently,
with the appropriate data pre-processing and reconstruction framework in place,
PCD-CT produced comparable image quality with a clinical CT scanner. This
framework enabled quantitative tissue-characterization with spectral PCD-CT.
The potential of low-dose CT with PCD (study II) and interior tomography
(study III) was assessed. A noticeable air kerma reduction of 19% was observed in
study II, which compared a PCD flat-detector CT to a clinical CT scanner with
similar image noise. With regards to reconstruction approaches, IR produced a
substantially deviating noise texture than that of the FBP, making direct image
quality assessment between the methods difficult. Consequently, no radiation dose
reduction was reported with IR in study II. Finally, study III showed that accurate
CAC scoring and organ dose reduction with interior CT are feasible in an
experimental setting. These measurements underlined the possibility of further
radiation dose reduction in radiosensitive organs with interior CT.
This dissertation and the supporting literature emphasize the possibility of
accurate low-dose CAD scoring with PCD-CT (Symons, Sandfort, Mallek,
Ulzheimer, & Pourmorteza, 2019) and IR (Baron et al., 2016). The importance of
IR regularization strength with respect to the CAC scoring accuracy was reported
in study II, and the selection of a comparable modulation transfer function in the
development of suitable low-dose reconstruction methods for CAC scoring was
emphasized.
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7.2

Detector characterization and calibration (study I, unpublished
data)

The poor energy resolution, clear photopeak drift, and substantial inter-tile
variation for the 241Am energy response with the PCD indicated unideal panel
performance for spectral CT applications. In particular, tile-wise gain and offset
variations can cause ringing artifacts if these variations are inadequately
compensated for (Bornefalk et al., 2013). Tile-wise response variation at high
photon energies and the high-energy drifts in the photopeak location are likely a
result of pulse-height discrimination that is optimized for low-energy photons and
not for high photon energies. This deduction is supported by the good tile-wise
agreement in the low-energy tails of the 241Am sweep (energies 10 keV–43 keV)
and by the poor agreement at higher photon energies.
These varying energy responses resulted in evident tile-visibility in the raw
projection data (low energy and high energy images), which was poorly corrected
with a flat-field correction. The thickness-based calibration approaches (STCPMMA,
PC, PETC), on the other hand, reduced this tile visibility substantially. The poor
panel homogeneity and the manifesting ringing artifacts with flat-field correction
have also been reported in other studies, where thickness-based calibration has been
preferred over flat-field correction (Ahmad et al., 2017; Jakubek, 2007; Jakubek et
al., 2005).
The poor calibration performance of flat-field correction is a result of multiple
factors. In particular, the photon flux, detector dead time, pulse pile-up, beam
hardening, and X-ray scattering affect the calibration performance. Owing to the
high dead time of the PCD, the photon flux of the C-arm X-ray source induces
substantial count rate loss in the air scan, which is used for flat-field correction.
During the scanning of an object, attenuation from the object reduces the photon
flux at the detector, thus changing the count rate and pile-up conditions between
the calibration (air scan) and object measurements. Furthermore, the spatial dead
time variation may also reduce the panel uniformity. Thickness-based calibration
methods take these factors into account by measuring the changes in attenuation
and count rate with several calibration material thicknesses. Finally, unlike
thickness-based calibration approaches, flat-field correction does not consider the
effects of X-ray scattering and beam-hardening in the object. Since these
phenomena affect the detected spectrum, their influence on the response of the
energy sensitive PCD should be captured by the calibration approach.
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With STC, PMMA models the X-ray scattering and attenuation in the softtissue-equivalent cardiac rod phantom more accurately than Al, which explains the
improved image quality and panel uniformity in the STCPMMA corrected projection
data. The selection of calibration material can, therefore, have a significant impact
on the overall image quality, and a priori information on the imaged tissues is
necessary for reaching optimal performance with STC. The dual-material
calibration approaches removed the need for prior knowledge of the imaged tissues,
and the combination of PMMA and Al in PC and PETC yielded excellent tile
uniformity.
In clinical CT, the detector must withstand high photon fluxes. Assuming an
upper limit of 109 counts per second/mm2 (cps/mm2) flux (Taguchi & Iwanczyk,
2013), a PCD with a 100 μm  100 μm pixel would have to be able to endure a 10
Mcps/pixel flux to withstand the un-attenuated beam in clinical CT. To limit the
count rate loss to 5%, the dead time would have to be smaller than or equivalent to
5.1 ns. This is clearly lower than the measured average dead times of 134 ns and
725 ns with and without charge sharing correction for the used PCD. With the used
detector, the acceptable fluxes with a 5% count rate loss would be 7.1 Mcps/mm2
and 38.3 Mcps/mm2 with and without charge sharing correction, respectively.
Beam-shaping filters, such as a bowtie filter and object attenuation, substantially
reduce the flux at the detector, so the used PCD could possibly withstand the
attenuated clinical flux. However, a clear limitation with current PCDs is their
restricted ability to process the flux of an un-attenuated beam in CT. Consequently,
a dead time free operation mode has been developed. In this mode, one counter is
incremented while the other is read out (Ballabriga et al., 2013). Additionally, a
dynamic bowtie filter could be utilized to limit the maximum flux at the detector
(Shunhavanich, Hsieh, & Pelc, 2019).
7.3

Image quality and radiation dose considerations

7.3.1 Uncertainty of dose determinations
The uncertainties related to the dose measurements, i.e., uncertainties in the
measured dose, energy, angle, and source, are not addressed in depth in the present
dissertation. Nonetheless, prior to the dose measurements, the suitability of the used
dosimeters was addressed based on the existing literature and information provided
by the manufacturer. According to the manufacturer, the uncertainty associated
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with the dosimeter in the air kerma measurements of study II was 1.3%. The
suitability of the RPL dosimeters for study III was justified based on their accuracy
within the photon energy range used in this dissertation (Manninen, Koivula, &
Nieminen, 2012).
7.3.2 Study II: Image quality and radiation dose with PCD-CT and CT
With matched image noise texture and magnitude using FBP, PCD-CT reduced the
air kerma by 18.8% compared to EID-based clinical CT. This improved doseefficiency with PCD-CT was expected, as CdTe PCDs have a higher detection
efficiency and reduced electronic noise compared to EIDs. Furthermore, the
measured noise reduction of 11.4% is comparable to prior studies, in which noise
reductions ranging from 5% to 20% have been observed (Leng et al., 2018;
Pourmorteza et al., 2018, 2017, 2016; Symons, Cork, et al., 2017; Symons,
Pourmorteza, et al., 2017; Symons et al., 2018).
The image quality between the FBP reconstructions of the clinical CT and the
PCD-CT setup was accurately matched in terms of noise texture (NPS) and spatial
resolution (MTF). A visually minute ringing artifact caused the slightly deviating
low-frequency noise component observed in the NPS of the PCD-CT
reconstruction. This ringing originated from the PCD tile borders and the tile-wise
response variations. The slightly improved MTF with PCD-CT was partially due to
the different focal spot sizes and magnifications between the systems, but the
improved spatial resolution of the PCD likely also played a role.
7.3.3 Study II: Image quality with iterative reconstruction
The main research question in study II was whether IR could yield comparable
CAC volumes and scores with FBP in a low dose setting. However, supplementing
this analysis with the assessment of image quality provided information regarding
which technical image quality parameters influenced the CAC scoring performance.
Although CNR and noise magnitude are commonly used measures for image
quality, they should not be solely used when comparing different reconstruction
techniques. In study II, even at minimal radiation dose, adaptive regularization
parameter selection with IR produced CNR comparable with the highest radiation
dose-setting FBP. Although the visual image quality worsened with the reduced
radiation dose, the increasing regularization strength produced the same CNR and
noise magnitude with a lower radiation dose. Increased regularization and the
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resulting “plastic” reconstruction appearance manifest as noise texture focused on
low spatial frequencies. This “plastic” appearance with IR has also been reported
in previous studies (Geyer et al., 2015; Ghetti, Palleri, Serreli, Ortenzia, & Ruffini,
2013), and it is captured by the NPS. Therefore, evaluating the NPS provided a
more reasonable comparison of image quality between FBP and IR.
In the literature review, the noise magnitude ranged from 14 HU to 20.7 HU
for the reference calcium scoring protocol (Dey et al., 2012; Luhur et al., 2018;
Schindler et al., 2014). Therefore, the number of averaged frames per degree (noise
level) for the reference-dose calcium scoring protocol in study II could have been
between 2 (SD = 19.0 HU) and 4 (SD = 13.4 HU). A noise standard deviation of
19.0 HU was selected since it was close to the guideline CAC scoring target noise
level of 20 HU (Voros et al., 2011).
7.3.4 Study III: Image quality and organ doses with interior PCD-CT
Several studies have utilized compressed-sensing approaches to effectively reduce
the truncation artifacts in interior CT (Bubba, Labate, et al., 2018; Bubba, Porta,
Zanghirati, & Bonettini, 2018; H. Yu & Wang, 2009). In the present work, TV
minimization reduced the truncation artifact compared to FBP, but it failed to
correct the strong cupping originating from the spine. The sinogram extension
methods, i.e., adaptive detruncation and sinogram padding, reduced cupping even
further and produced an excellent reduction of truncation artifacts. However, an
inverse cupping effect was observed with padded FBP, indicating an overcorrection
of cupping. This phenomenon has been reported in previous studies (Kyrieleis et
al., 2010; Paleo & Mirone, 2017), and it originates from the choice of padding
length (Kyrieleis et al., 2010). Adaptive detruncation addresses this issue by
extending the sinogram to the object shape with a square-root function, and
consequently, the adaptive detruncation algorithm resulted in the best interior
reconstruction quality with the least cupping. The reconstruction of the adaptively
detruncated sinogram was subsequently detrended with a polynomial surface,
which removed the remaining cupping artifact originating from the spine.
Despite the excellent cupping artifact reduction, resulting from the sinogram
extension technique and subsequent reconstruction detrending, the strong
attenuation from structures outside the VOI produced evident beam-hardening
artifacts within the VOI. In particular, the dark band induced by the beam
attenuation in the ribs substantially influenced the HU values. Consequently,
further advances in sinogram extension algorithms, prior knowledge about the
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surrounding tissues, or a harder X-ray spectrum are needed to reduce these
phenomena further.
The observed dose reductions in peripheral tissues are comparable to prior
simulation studies (Kolditz et al., 2010; W. Wang et al., 2019), although the dosereduction in regions outside the FOV and the severity of the truncation artifacts is
highly dependent on the area of the irradiated FOV (Kolditz et al., 2010; Sourbelle
et al., 2005).
7.4

CaHA quantification and coronary artery calcium scoring

7.4.1 Study I: CaHA quantification with spectral PCD-CT
The calibration technique and material were observed to have a substantial impact
on the estimated CaHA densities and masses. Although STCPMMA produced
excellent tile uniformity in the projections, it resulted in inferior CaHA density and
mass quantification accuracy compared to PETC. More notably, the measured
CaHA densities with STCPMMA were influenced by the calcification insert diameter.
CaHA has a higher effective atomic number than PMMA, and consequently, it
absorbs more photons through the photoelectric effect. Since the STC method
corrects the measured count to an equivalent thickness using the absorption and
scattering properties of PMMA as a reference, the CaHA images of the cardiac rod,
which contain less scattered photons, were overcorrected. This overcorrection for
scattering induced a thickness-dependence in the measured CaHA density.
With the dual-material calibration approaches, PMMA models the attenuation
and scattering properties of the cardiac rod, whereas a linear combination of PMMA
and Al considers the increased probability of the photoelectric effect with CaHA.
Accordingly, the thickness dependence on the measured CaHA densities was
effectively mitigated with the dual-material calibration techniques.
When comparing dual-material calibration approaches, the PC method
exhibited substantially inferior CaHA quantification accuracy than PETC, with PC
underestimating the CaHA density and mass. The source for the poor calibration
performance remains unclear, but it is considered to be partially related to the
deviating calibration measurements between the methods. In particular, the
combination measurements with PC might cause the Al sheets to act as a filter for
the scattered low-energy photons originating from the PMMA plates, which might
have deteriorated the CaHA quantification accuracy.
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The reduction of X-ray scattering at the detector would probably improve the
accuracy of the material decomposition since scattering reduces contrast, and it is
not considered in the material decomposition algorithm. The influence of scattering
was reduced with the air gap technique (Bell & Yeung, 2019), but additional scatter
rejection with anti-scatter grids or post-collimators would likely improve the
quantification of CaHA further. Moreover, the amount of scattered radiation would
be even more pronounced with a torso, and additional scatter rejection should be
considered for clinical applications.
The quantitative characterization of CaHA was feasible through the use of an
appropriate MD framework. However, the need for such quantitative information
in the assessment of coronary calcium has not been addressed in depth. The
following paragraphs discuss the diagnostic benefits of quantitative CAC
quantification and provide a suggestion for the future of CAC scoring with spectral
PCD-CT.
CAC scores and volumes are straightforward to calculate, and they are valuable
predictors of infarction risk (Blaha et al., 2017). Consequently, alternative scoring
systems to the CAC score must either improve the correlation with the total plaque
burden or improve the identification of high-risk plaques (Blaha et al., 2017).
Calcifications with a high CaHA density have a small lipid-core, whereas lowdensity calcifications have larger lipid pools (Blaha et al., 2017). Since the lipidrich plaques are more prone to rupture and more likely to induce coronary events
(Hou et al., 2012; van der Wal & Becker, 1999), an assessment of CaHA density
should be considered in future variants of the CAC score (Blaha et al., 2017). Since
MD provided accurate information on the density of the CaHA inserts, spectral
PCD-CT could provide supplemental information for the prediction of coronary
event risk.
Based on the above discussion, the author’s suggestion for CAC scoring with
energy-discriminating PCD-CT is to evaluate the CAC volume and CAD grade
from the total-energy reconstruction. Subsequently, the CaHA density and mass
information obtained from MD can be used to supplement the CAD grading.
7.4.2 Study II: CAC scoring with iterative reconstruction
As demonstrated in previous research (Gebhard et al., 2013; Kurata et al., 2013),
the selection of IR regularization strength had a substantial impact on the CAC
scoring performance, with increasing regularization strength producing
significantly smaller CAC scores and volumes. The CAC volumes and scores
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between the reference FBP and IR were most comparable when the MTFs were
matched. This observation was made for both IR methods. Therefore, CAC scoring
with IR should be carried out with an IR regularization strength that produces
comparable spatial resolution with FBP. Noise magnitude, on the other hand, did
not affect the CAC scores calculated from FBP reconstructions, and the low-dose
and clinical dose FBP reconstructions produced comparable CAC scores and
volumes with the high dose reference protocol.
With the optimal selection of IR regularization strength, the achieved
reclassification rates of 0% and 11.1% (lower number indicates better performance)
for clinical dose and low dose protocols are tolerable since repositioning of the
patient will result in a reclassification rate between 10% and 11% (Devries,
Wolfkiel, Shah, Chomka, & Rich, 1995; Rutten, Isgum, & Prokop, 2008).
In light of these findings, including requirements in the CAC scoring protocol
guidelines for the modulation transfer function would likely reduce the CAC score
variation between different scanners and reconstruction algorithms. However, these
findings must be confirmed with clinical scanners using the proprietary
reconstruction algorithms found therein.
7.4.3 Study III: CAC scoring with interior PCD-CT
The measured CAC volumes and scores correlated strongly (r = 0.99) between the
PCD-CT and interior PCD-CT reconstructions. However, the calcifications
appeared brighter in the PCD-CT reconstructions when compared to the interior
PCD-CT reconstructions (section 6.2.3). Due to the reduced calcium brightness, the
measured CAC volumes and scores were significantly lower (p<0.05) for the
interior reconstructions, as illustrated by the regression slope values of 0.89 and
0.88 for volume and score. Nonetheless, the CAD grade reclassification rate of 5.6%
with interior PCD-CT was excellent.
The reduced CAC brightness with interior PCD-CT resulted from the stronger
beam hardening in the presence of the torso. Since the PCD-CT measurement was
obtained with the cardiac rod phantom, with less attenuation and beam hardening,
more high contrast-bearing low-energy photons reached the detector. This
increased fraction of low-energy photons improved the contrast and increased the
CAC brightness. Since our PCD has a limited active area, we could not measure
the rod within the torso phantom in the PCD-CT geometry, and the sole rod
phantom had to be utilized for obtaining the reference reconstruction. The deviating
X-ray spectra between PCD-CT and interior PCD-CT reconstructions was the main
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limitation of this study and may have influenced the observed differences in the
CAC volumes and scores.
7.5

Limitations and directions for future research

The major limitation of this dissertation is the limited active area of the detector.
This limitation restricted the analysis in studies I–II to rod phantoms that do not
reflect the X-ray scattering, object attenuation, and beam hardening encountered in
cardiac CT with the torso. Translating the detector laterally between subsequent
PCD-CT scans to artificially increase the field-of-view was considered. However,
due to the X-ray source’s limited opening angle and the evident cone-beam artifacts,
smaller phantoms with a 9-cm diameter were utilized in studies I–II.
In addition to the limited FOV with the imaging setup, the restricted peak
kilovoltage range (40–105 kVp) with the C-arm X-ray source posed challenges.
Namely, a peak kilovoltage of 100 kVp was adopted for studies I and III instead of
the commonly used 120 kVp. However, combining a 100 peak kilovoltage with a
tin filter has proven to be an effective radiation dose reduction strategy for CAC
scoring (Lutz, 2018), and we decided to follow the modified CAC scoring strategy
for this kVp setting from (Nakazato et al., 2009; Thomas et al., 2006). Moreover,
the use of a flat-panel detector without an anti-scatter grid resulted in deviating
imaging geometry and scatter rejection between clinical CT and the table-top PCDCT system. For a more comprehensive assessment of EID-CT and PCD-CT, the
imaging system should differ only in terms of the detector. Consequently, the ideal
comparison would be achieved with a PCD-CT system, in which the EID of a
clinical CT scanner is replaced with a PCD. To the author’s knowledge, only a few
such prototype, whole-body PCD-CT systems have thus far been installed (Lell &
Kachelrieß, 2020). Therefore, the comparison of EID-CT and PCD-CT was
conducted with a custom table-top system.
Specific practical aspects related to cardiac imaging were disregarded in the
present work. First and foremost, the lack of cardiac motion was a substantial
limitation, which would impose further challenges and likely reduce the image
quality. Future studies should address this issue with the aid of motion correction
schemes and ECG gating (Desjardins & Kazerooni, 2004). Moreover, since the
PCD increases contrast, the CAC scoring threshold should be modified from the
130 HU used for EID-CT. The most sensible approach for doing this is to use the
100 mg/cm3 CaHA density threshold instead of a fixed HU threshold since it also
reduces inter-scanner variability in CAC scores (McCollough et al., 2007).
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Concerning material decomposition, the critical question for future research is
the radiation dose aspects of spectral PCD-CT. The material decomposed basis
material reconstructions and virtual monochromatic images are noisier than a
conventional CT reconstruction measured using a similar radiation dose as with
spectral CT acquisition (Ren, Rajendran, McCollough, & Yu, 2019). Therefore, the
question regarding the minimal radiation dose for accurate CaHA quantification
through MD remains open, and it is a question that must be addressed to produce a
more clinically compelling outcome on the applicability of spectral CT for the
quantification of CAC content.
To attain further diagnostic relevance, qualitative image quality assessment
could have been applied to consider the diagnostic performance of the IR
algorithms as has been done in several prior studies (Hara et al., 2009; Miéville et
al., 2011; Prakash et al., 2010; Renker et al., 2011; Singh et al., 2011). Since the
utilized cardiac rod phantom did not reflect the patient morphology, the assessment
of technical image quality was considered to be of sufficient scope for this
dissertation. In future research with a more clinical focus, qualitative assessment of
image quality must be carried out.
During the research of this dissertation, one of the aforementioned whole-body
PCD-CT systems was utilized for CAC scoring (Symons et al., 2019). With this
PCD-CT system, CAC scores agreed significantly better between ground truth
CAC scores and low-dose scores (75% radiation dose reduction) using a PCD-CT
system when compared to conventional EID-based CT (Symons et al., 2019).
Validating the discovered utility of spectral PCD-CT and IR for CAC scoring with
such a system should be considered as future work.
Finally, the CT reconstruction field underwent a revolution during the work of
this dissertation. Deep learning-based CT reconstruction and restoration algorithms
found immediate success and consistently outperformed traditional IR and MBIR
approaches (Akagi et al., 2019; Boedeker, 2019a; Chen et al., 2018; Hsieh et al.,
2019). A clear direction for future research is to apply deep learning-based
reconstruction approaches to interior cardiac CT and to improve spectral- and flatpanel detector CT performance (Boedeker, 2019b; Maier et al., 2019; Maier, Sawall,
Knaup, & Kachelrieß, 2018).
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8

Conclusions

The main findings of this dissertation can be summarized as follows:
1.

2.

3.

The performance of a direct conversion tiled flat-panel photon counting
detector is dependent on the calibration method. The developed material
decomposition framework enabled the quantitative assessment of CaHA
density and mass with spectral PCD-CT.
Iterative reconstruction yields comparable CAC scoring performance with FBP
at a low dose when the modulation transfer functions between the methods are
matched through the appropriate selection of regularization strength.
CAC scoring can be performed with interior photon counting computed
tomography with a low coronary artery disease risk reclassification rate using
adaptive sinogram detruncation and reconstruction detrending.
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