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Abstract

Computed Tomography (CT) is an essential diagnostic tool in healthcare, widely used for

various applications including cancer detection, vascular disease evaluations, and radiation

therapy planning. Recent advancements in photon-counting detector (PCD) technology have

led to the development of photon-counting detector CT (PCD-CT), a promising innovation

offering high spatial resolution and superior contrast-to-noise ratios compared to traditional

CT. PCD-CT excels in detecting and characterizing small structures in various body parts,

enhancing tissue differentiation, and material decomposition, thus potentially improving dis-

ease diagnosis and radiotherapy treatment planning. This research explores the applications

of PCD-CT using a bench-top system, offering insights into its potential benefits over con-

ventional CT systems. Despite its limitations in fully representing a clinical CT system,

the bench-top model provides flexibility in assessing clinically useful features. This disserta-

tion investigates four key applications of PCD-CT: material decomposition, multi-contrast

imaging, metal artifact reduction, and high-resolution imaging.

We investigated the material decomposition capabilities of our bench-top PCD-CT scan-

ner using a dual-energy CT (DECT) method for extracting effective atomic number (Zeff )

and relative electron density (ρe) of tissues. We demonstrated that the method with PCD-CT

was more accurate in extracting Zeff and ρe for a set of electron density phantom mate-

rials with known Zeff and ρe than the method with DECT. In addition, four tissue types

were correctly identified in an ex-vivo tissue sample and an injected gold contrast agent was

separated from the other four tissue types using K-edge subtraction imaging.

Multi-contrast imaging was demonstrated in a phantom model with four contrast agents:

gadolinium, dysprosium, lutetium, and gold. The four contrast agents were inserted into the

same cylindrical phantom and imaged in one scan. Using K-edge subtraction, we were able

to demonstrate complete separation and accurate quantification of the four contrast agents,

even of gadolinium and dysprosium, which have K-edge energies of 50.2 keV and 53.8 keV,

respectively. Additionally, we optimized the acquisition parameters for the various contrast

agents.

We also developed a novel metal artifact reduction (MAR) method using PCD-CT. As

metal attenuates fewer higher energy x-rays than low energy x-rays, we showed that the

high-energy range of 100–110 keV demonstrated fewer metal artifacts. The high energy

range is separable from the other x-ray data with the PCD. With this in mind, we developed

trace replacement metal artifact reduction (TRMAR). The metal traces in the corrupted

conventional CT sinogram space are replaced with the high-energy trace data from the 100–
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110 keV range. With this, we maintained the contrast and image quality of the full spectrum

conventional CT image and also kept the reduced metal artifacts from the high energy data.

Finally, we demonstrated the high spatial resolution of our PCD-CT system by imaging

coronary artery stents and comparing the same stents imaged with two conventional CT

scanners. PCD-CT demonstrated more accurate measurement of the stent strut, or wire,

width, stent lumen diameter, and lumen CT number compared to conventional CT. In

addition, this led to more accurate 3D representations of the stents. The higher accuracy

of strut width and stent visualization is due to the higher spatial resolution of the PCD-CT

system and the reduced metal and blooming artifacts it offers over conventional CT.

Each of these applications demonstrates the significant potential of PCD-CT in enhancing

medical diagnostics and treatment, particularly in cardiovascular imaging, highlighting its

diverse contributions to the field of medical imaging.
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of a)–d) the Medtronic Protégé stent, e)–h) the Cordis Precise stent,

and i)–l) the Cordis S.M.A.R.T. Control stent with each of the four

imaging methods. W/L = [2100/450]. . . . . . . . . . . . . . . . . . 138

Figure 7.3 3D volume renderings of all three stents. Volume renderings created

from scans of a)–d) the Medtronic Protégé stent, e)–h) the Cordis
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Chapter 1

Introduction

Computed Tomography (CT) is a widely used diagnostic tool in modern healthcare, offering

detailed cross-sectional images of the body. It is commonly employed for a broad range of

applications, including detecting various cancers, studying vascular diseases, and radiation

therapy treatment planning [1, 2]. CT scans are instrumental in planning and guiding medical

treatments and surgeries, assessing the effectiveness of therapies, and guiding diagnostic

procedures such as biopsies.

With advancements in high-flux photon-counting detector (PCD) technology, photon-

counting detector CT (PCD-CT) is becoming clinically viable, with one PCD-CT scanner

currently on the market [3] and several others in development [4, 5, 6, 7, 8]. PCD-CT

represents a significant step forward, providing high spatial resolution and superior contrast-

to-noise ratios (CNRs) compared to conventional CT, among other potential benefits. The

enhanced spatial resolution enables more precise detection and characterization of small

structures across various body parts, such as the coronary arteries, brain, lungs, and intri-

cate bone structures and implants such as stents [9, 10]. PCD-CT’s energy discrimination

capabilities can improve tissue differentiation and material decomposition, potentially en-

hancing disease diagnosis and radiotherapy treatment planning [11]. However, the integration

of PCD-CT into routine clinical practice faces challenges, including the management of the

large data volumes it generates and inherent properties of PCDs such as charge-sharing and

pulse pileup [11, 10]. Despite these hurdles, the potential of PCD-CT to revolutionize medi-

cal imaging remains considerable, promising further advancements and broader applications

in healthcare.

In this work we have developed and utilized a bench-top PCD-CT system in order to

study various applications of PCD-CT in order to determine the benefits it could offer over

current, conventional CT systems. Although our bench-top system may not provide a fully

representative comparison to a full clinical CT system, it offers much more flexibility in
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the available parameter space in order to assess what features might be useful clinically

whereas others may be of less use. Several of the applications for PCD-CT demonstrate

significant potential for future clinical use. The first application we investigated was multi-

contrast imaging, demonstrating PCD-CT’s capacity to distinguish between various contrast

agents, a crucial aspect for detailed medical diagnostics. The second application delves

into metal artifact reduction, addressing a common issue in imaging patients with metal

implants. The third application highlights material decomposition, showcasing PCD-CT’s

ability to identify and differentiate between diverse tissues and materials. Finally, the fourth

application focuses on stent visualization, emphasizing the enhanced cardiovascular imaging

capabilities offered by PCD-CT. Each application underscores the diverse and significant

contributions of PCD-CT to medical imaging.
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Chapter 2

From the Basics to CT Imaging

2.1 Radiation and matter

An understanding of x-rays and their interactions with matter are the key to CT at a funda-

mental level. The measurement of the differences in the attenuation of x-rays within matter,

as they travel through a subject, are the basis of CT imaging. There are a number of

mechanisms through which x-rays can be attenuated including Rayleigh scattering, Comp-

ton scattering, the photoelectric effect, and pair production. The extent to which x-rays go

through any of these processes depends on the type of material they are passing through as

well as the energy of the x-ray itself. CT is conducted within the diagnostic x-ray energy

range between 30–150 keV [1], so the main processes of concern are Compton and the pho-

toelectric effect, and to lesser extent, Rayleigh scattering. Pair production only occurs with

photons above 1.022 MeV, so it is irrelevant in CT imaging. In addition to the fundamental

x-ray-matter interactions, electron interactions also play a part. These interactions include

bremsstrahlung and Meitner-Auger electrons.

2.1.1 Structure of an atom

Atoms are the basic unit that makes up all matter. At the center of each atom (Fig. 2.1)

is the nucleus, made up of two basic particles, protons and neutrons, which are positively-

and neutrally-charged, respectively. Elements are defined by their atomic number (Z), which

refers to the number of protons which are contained in the nucleus. The number of neutrons

determines the isotope of the element. Surrounding the nucleus are the third particles, the

electrons, which are negatively charged. A neutral atom will have an equal number of protons

and electrons. If not, the atom is said to be an ion, or ionized. Electrons occupy orbits, or

shells, around the nucleus, each of which has an associated binding energy, which is greater

the closer the shell is to the nucleus. The binding energy depends on the particular element.
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Figure 2.1: A simple diagram of an atom showing the nucleus, composed of protons (blue,
p+) and neutrons (orange, n0), as well as electrons (magenta, e−) in the K, L, and M shells.

The first orbit, or K-shell, has the highest binding energy and can hold two electrons. The

second, or L-shell, can hold eight. As Z increases, the M-shell will be filled, followed by the

N-shell.

2.1.2 X-ray absorption

The absorption of x-rays within a material is governed by the type of material and the energy

of the x-rays. First, to simplify, consider an number of monochromatic x-rays (N0) which

are incident on a uniform material of thickness (x). The number of x-rays (N) that are left

after the beam has passed through the material can be found using the exponential decay

formula:

N = N0e
−µx (2.1)

where µ is the linear attenuation coefficient of the material. µ is defined by the properties

of the material and varies with x-ray energy. It can be thought of as ”the fraction of x-

rays that interact per unit thickness of attenuator,” or material [12]. Of the x-rays that

were absorbed in the material, there are four processes by which that could take place,

mentioned above: Rayleigh scattering, the photoelectric effect, Compton scattering, and
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(a) (b)

Figure 2.2: (a) A plot of the linear attenuation coefficient for gold and its constituent com-
ponents: the photoelectric effect, Rayleigh scattering, and Compton scattering over the
diagnostic energy range. (b) A plot of the linear attenuation coefficients for several tissues:
bone, blood, brain, breast, and adipose over the diagnostic energy range.

pair production. Each of the processes has a probability of that interaction occurring, each

of which are a component in the total attenuation. Thus, µ can be described as the sum of

the four process components:

µ = τ + σray + σcomp + κ (2.2)

where τ is the photoelectric component, σray is the Rayleigh component, σcomp is the

Compton component, and κ is the pair production component (Fig. 2.2a). Excluding pair

production, the individual processes will be discussed further below.

2.1.3 Rayleigh scattering

The effect of Rayleigh scattering mainly serves to broaden the size of the original x-ray

beam, or divert individual x-rays slightly in the forward direction. The incoming x-rays

interacts with the bound electrons of the atom, but imparts no kinetic energy to any of the

electrons. The incoming x-ray has an oscillating electric field which momentarily imparts

a slight vibration to the electrons of the atom, which emit radiation at the same energy

and frequency. The effect is for the incoming x-ray to be scattered at a slight angle relative

to the incident path, usually in the forward direction. However, given that no energy is

transferred to the medium during this process and the fact that Rayleigh scattering makes

up less than 13% of the total attenuation in water at x-ray energies above 30 keV, it is

generally disregarded for CT imaging[12].
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Figure 2.3: A diagram of the process of the photoelectric effect, in which a K-shell electron
(e−) is ejected from its shell by an x-ray (γ).

2.1.4 The photoelectric effect

The photoelectric effect occurs when an x-ray interacts with a tightly bound electron in

the K, L, M, or N shells of an atom. The x-ray is completely absorbed and the electron is

ejected from the atom with a kinetic energy (KE) equal to the energy of the incoming x-ray

(hν) minus the binding energy of the particular electron shell (Eb). The ejected electron

is known as the photoelectron, and it leaves behind a vacancy in the shell it was ejected

from. The process is illustrated in Fig. 2.3. As an example, consider a photoelectron which

is ejected from the K-shell of an atom. The atom is left in an excited state and thus an

electron from a higher shell will transition to fill the vacancy in the K-shell. This transition

requires a change in energy, which is the difference in binding energy between the K-shell and

the higher shell. This excess energy is then irradiated away from the atom as characteristic

radiation or Meitner-Auger electrons, which will both be described in detail below [13, 14].

The probability of an x-ray undergoing the photoelectric effect varies with both Z and energy

(E). For low Z materials, the cross section varies as a function of approximately Z3.8, and

for higher Z materials it behaves as Z3. For all atomic numbers the coefficient drops off as

E−3, as E increases.
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2.1.5 Meitner-Auger electrons and fluorescence

In the photoelectric effect, the ejection of an electron leaves behind a vacancy in the shell

in which the electron was originally bound. This hole leaves the atom in an excited state.

The lowest energy state for the atom is to have the lowest energy shells filled, so an electron

from a higher shell will drop down to fill the vacancy in the lower shell. However, the

difference binding energy between the higher and lower shells must be irradiated away from

the atom in some manner, which can occur either through fluorescence or Meitner-Auger

electrons [13, 14]. Consider an example in which a K-shell electron is ejected through the

photoelectric effect and an electron from the M-shell fills the vacancy in the K-shell, as in

Fig. 2.4a. If the difference in energy is accounted for as fluorescence, the atom will release an

x-ray with energy hν = EK −EM . Fluorescence is also referred to as characteristic radiation

due to the fact that the x-rays resulting from this process can only take on specific energies

which correspond to the difference in binding energy between the various electron shells.

These shells have specific energies which depend on Z, so elements can be readily identified

based on the energy of their characteristic radiation. The second method by which the energy

difference can be accounted for is with the release of an Meitner-Auger electron. Consider

an example in which an L-shell electron has filled the K-shell vacancy, an M-shell electron

could be released with kinetic energy E = EK −EL −EM (Fig 2.4b). Subsequent vacancies

within the lower shells would be filled with higher-shell electrons until the atom achieved

the lowest energy state. Lower Z values tend towards releasing energy via Meitner-Auger

electrons, while higher Z materials have a higher probability of characteristic radiation.

2.1.6 Compton scattering

Compton scattering is the most important process for soft tissue in the x-ray energy range

used for diagnostic purposes. The process occurs when an x-ray of energy hν collides with

a free electron in the material as seen in Fig. 2.5. The electron is set in motion with energy

E at an angle ϕ, while the incoming x-ray is scattered at an angle θ with energy hν ′, which

can be found using:

hν ′ = hν
1

1 + α(1− cos θ)
(2.3)

where α = hν
m0c2

and m0c
2 is 511 keV, or the rest energy of the electron. The energy the

electron gains as kinetic energy is the difference between the x-ray’s energy before and after

the collision. The lowest energy that can be imparted to the electron is ∼0, when the x-ray
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(a) (b)

Figure 2.4: (a) A diagram of the process of fluorescence after a K-shell space has been filled
by an M-shell electron. A fluorescent x-ray is released with energy hν = EK − EM . (b) A
diagram of the release of a Meitner-Auger electron after a K-shell space has been filled by an
L-shell electron. An M-shell electron (e−) is released with kinetic energy E = EK−EL−EM .

strikes only a glancing blow to the electron and continues with essentially no deviation and

no loss in energy. In this case the electron is ejected at a 90◦ angle. The maximum energy

that can be imparted to the electron occurs when the x-ray strikes the electron directly and

rebounds at an angle 180◦ to its initial path. The electron is set in motion in the original

direction of the x-ray. Thus, over all possible Compton interaction angles, the photon can

be scattered at any angle between 0 and 180 degrees and the electron can be set in motion

at angles between 0 and 90 degrees, both relative to the incident x-ray’s direction. The

relationship between the two angles can be defined by the equation below:

cotϕ = (1 + α) tan

(
θ

2

)
(2.4)

The differential cross section per unit solid angle ( dσ
dΦ
) is given by Klein-Nishina equation

[15], which describes the probability of the process happening as a function of initial x-ray

energy and x-ray scattering angle. This equation is seen below:

dσ

dΦ
=

r20
2
(1 + cos2 θ)

(
1

1 + α(1− cos θ)

)2(
1 +

α2(1− cos θ)2

[1 + α(1− cos θ)](1 + cos2 θ)

)
(2.5)
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Figure 2.5: A diagram of the process of Compton scattering. The initial x-ray (γ) ejects
an electron (e−) at an angle ϕ and is itself scattered (γ′) at an angle θ with a reduction in
energy.

where r0 = 2.818 ∗ 10−15 m is the classical electron radius. The Klein-Nishina equation

is only valid for truly free electrons, which is not usually the case for electrons within the

medium. A slight modification is necessary for bound electrons, which is dependent on hν,

θ, and the atomic number of the medium. The probability of Compton scattering depends

linearly on Z and inversely on the incident energy of the x-ray.

2.1.7 Bremsstrahlung

A number of these processes have ejected electrons from atoms within the medium, but what

happens to those electrons after leaving the atom? The first type of interaction are collisional,

in which the initial electron collides with other atomic electrons, transferring kinetic energy

to the medium. Depending on the energy transferred to these atomic electrons, they may

also be ejected and go on to collide with additional electrons. These types of collisions

transfer energy to the medium which largely ends up as heat.

The second type of interaction is bremsstrahlung, or braking radiation. This occurs when

an electron passes close to the nucleus an atom. The attraction due to the polar charges

of the nucleus of the atom cause the electron to decelerate and change direction, which

necessitates a loss of energy. The release of energy takes the form of a bremsstrahlung x-ray
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Figure 2.6: A diagram of the bremsstrahlung process. A free electron (e−) interacts closely
with the nucleus of an atom, causing deceleration including a change in direction. A
bremsstrahlung x-ray (γ) is released due to the loss of energy caused by the deceleration.

(Fig. 2.6). The degree of deceleration the electron experiences dictates the energy lost. An

impact with the nucleus of the atom results in a complete loss of kinetic energy and the

resulting bremsstrahlung x-ray acquires the full energy of the electron. Interactions that

occur farther from the nucleus result is less energy lost, and a less energetic bremsstrahlung

x-ray.

2.2 X-ray Sources

The first step in any x-ray imaging, including CT, is the generation of x-rays. X-rays

are generated by first producing electrons and then converting them to x-ray radiation by

accelerating them into a target material. X-rays are then produced through bremsstrahlung

and characteristic emission as described above, when the electrons interact with the target

material. The equipment that generates x-rays in this manner is called an x-ray tube, a

simplified diagram of which can be seen in Fig. 2.7 [16]. For x-ray imaging a large voltage

(the tube voltage) is applied across the two electrodes: the cathode and the anode which

are encased within a vacuum. The cathode is made up of a helical, tungsten filament which

is heated via the filament circuit. The heated cathode emits electrons through thermionic
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Figure 2.7: Diagram of an x-ray tube, adapted from Bushberg et al (2011) [16].

emission, with the rate of emission determined by the filament current. The electrons are then

accelerated from the cathode to the anode due to the applied tube voltage, which determines

the energy the electrons acquire before impinging the target anode. A tube voltage of 100

kV means the electrons will gain an energy of 100 keV, as the definition of eV is the energy

gained by an electron accelerated through a potential of 1 V. The anode is made up of a

target, usually a high-Z material, such as tungsten, embedded within the greater copper

anode, which allows for heat dissipation. Most of the energy of the electrons is deposited

in the target as heat through collisional interactions, but a portion produces bremsstrahlung

or results in characteristic radiation. Bremsstrahlung is produced isotropically, so the x-ray

tube is also shielded to prevent x-rays from escaping the tube except through x-ray window,

positioned 90◦ parallel to the path between the cathode and the anode. The anode is also

tilted towards the window in order to have the least amount of target material for the x-rays

to travel through.

All the electrons are accelerated to their peak energy by the tube voltage, but the x-

ray spectrum produced ranges from 0 keV to the peak electron energy. In an unfiltered

x-ray spectrum produced through bremsstrahlung, the most x-rays are produced close to 0

keV, and decreases linearly with energy, until it reaches 0 and the maximum x-ray energy

dictated by the tube voltage (Fig. 2.8a). Filtration is almost always added to an x-ray

beam, in the form of thin sheets of metals such as aluminum, copper, titanium, and tin

to achieve the desired mean x-ray energy and spectrum shape. Generally, with filtration
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(a) (b)

Figure 2.8: (a) Plot showing the unfiltered bremsstrahlung spectrum decreasing linearly
from a maximum at 0 keV to zero at the peak x-ray energy. Additionally a filtered spectrum
is also shown. (b) The same 90 kVp filtered spectrum from (a) is shown along with the
characteristic peaks from the tungsten target of the x-ray tube. Adapted from Bushberg et
al (2011) [16].

there are no x-rays with energy below at most 10 keV in filtered x-ray beams. In addition

to the bremsstrahlung spectrum, there is also the characteristic radiation spectrum, which

is defined by the target material (Fig. 2.8b). The x-ray energies seen in the characteristic

x-ray spectrum are determined by the difference in binding energies between the material’s

electron shells. Generally, only the transitions that result with an electron filling a vacancy

in the K-shell are of sufficient energy to be of practical use in x-ray imaging. These appear

as spikes at the characteristic energies in the total x-ray spectrum, which is the sum of the

characteristic and bremsstrahlung spectra. One of the most common x-ray target materials

is tungsten, which has characteristic energies of 59.32 keV, 57.98 keV and 67.24 keV.

2.3 X-ray Detectors

Perhaps the most important aspect of CT is the detection of x-rays, which forms the basis for

the resulting images. The vast majority of current CT systems utilize energy-integrating de-

tectors (EIDs). However, high-flux photon-counting detectors (PCDs) have been researched

for their potential in CT imaging for the past 20 years and are being integrated into the next

generation of CT systems. In this section, both EIDs and PCDs will be introduced along

with the advantages and disadvantages of both.
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2.3.1 Energy-Integrating Detectors

Current EIDs are indirect detectors, meaning there is an intermediate step between x-ray

absorption and the conversion to electrical signal. The first component of an EID module

is the ceramic scintillator crystal in which x-rays are absorbed and light photons are pro-

duced. The material used for the scintillator varies depending on the imaging requirements,

but generally depends mostly on the energy of x-rays being used for imaging. For current

conventional CT systems, detector scintillators are usually composed of Gd2O2S (GOS),

CdWO4, or CsI [17, 2, 18]. Regardless of the crystal type, when an x-ray is absorbed within

the scintillator light photons are promptly produced, the number of which is proportional

to the energy of the x-ray, or the energy deposited in the interaction within the scintillator

(Fig. 2.9a). For a single detector module, the crystal will be scored or cut with a saw or laser

to divide the crystal into individual pixels to allow for spatial information to be recorded.

An opaque filler is introduced to the scored areas to prevent cross-talk, or the spread of light

photons between individual pixels [16]. The light photons propagate isotropically from the

point of the x-ray interaction, so spatial resolution would be degraded without such filler.

Photodiodes are connected to the bottom of the scintillator to collect and quantify the light

signal produced in each pixel. A cross section view of an EID can be seen in Fig. 2.9a. The

detector module, made up of the photodiodes and the scintillator crystal are then placed on

top of a larger stack of electronic devices which amplify the signal from the photodiode as

well as convert the signal to a digital number. The electronics integrate the total signal for

individual pixels over the acquisition time window, which is usually on the order of 0.2 to

0.5 ms [16].

2.3.2 Photon-Counting Detectors

PCDs, unlike EIDs, are direct conversion detectors; there is no intermediate step of con-

verting x-rays to light photons. As the name implies, PCDs operate by counting individual

x-rays as they interact with the detector crystal. Most current PCD technology utilizes

CdTe or CdZnTe (CZT) semiconductor crystals, though silicon is also used in some systems

[11, 9, 2, 17]. A solid cathode layer is usually deposited on the top of the crystal and pixel-

lated anodes are attached to the bottom, which are electrically isolated from one another. A

high voltage is applied across the crystal and as x-rays pass through the cathode they enter

the semiconductor. As the x-rays interact within the crystal, electron-hole pairs are created,

the number of which is proportional to the energy deposited by the x-ray. A cross section

view of an PCD can be seen in Fig. 2.9b. Due to the high voltage applied across the crystal,
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(a)

(b)

Figure 2.9: (a) Energy-integrating detector. And x-ray is first attenuated in the scintillator
layer, which produces light. The light is then detected by the photodiodes and converted into
electrical signals. (b) Photon-counting detector. An x-ray is attenuated in the semiconductor
and electron/hole pairs are produced directly. Due to the high voltage applied across the
semiconductor, the electrons are accelerated to the anodes where they are converted to
electrical signals.

the electrons are accelerated towards the anode closest to the location of the interaction.

Because the anodes are pixellated, no additional material is needed to subdivide the crystal

into individual pixels. The anodes are also connected to an application specific integrated

circuit (ASIC) which processes the signal collected by the anodes. As the electron-charge

clouds are collected by the anode, the ASIC reads an electrical spike, which is proportional

to the number of electrons and thus the energy of the x-ray. Depending on the type of ASIC,

2–8 programmable thresholds are generally available [11]. Based on the electric pulse height,

the ASIC will increment the counter between the appropriate thresholds by one, indicating

that the x-ray’s energy was between the energies corresponding to the two thresholds. Un-

like EIDs, where the total signal is integrated together for each pixel, pixels within PCDs

have multiple counters defining the number of x-rays within specific energy ranges that were

detected.

2.3.3 Advantages and Disadvantages of EIDs and PCDs

PCDs offer a number of advantages over EIDs, hence the interest in building the next

generation of CT scanners with PCDs. However, the advantages also come with drawbacks

which have yet to be fully resolved or compensated for. The following section will detail the
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properties of EIDs and PCDs and the benefits and drawbacks of each.

Energy Information

The first feature offered by PCDs is, of course, the preservation of the energy information of

individual x-rays. As described above, PCD signal is a direct measure of the number of x-

rays detected within a specific energy range while EID signal is a measure of the total energy

deposited. PCDs sort the detections according to their electrical magnitude, preserving the

energy information of the x-rays, while the same information is lost with EIDs because it is

integrated into the total.

Spatial Resolution

One important parameter of both detectors is the spatial resolution. For CT systems the sys-

tem spatial resolution in reconstructed images depends on a varied set of system parameters

and components which will be described in subsequent sections. The most important feature

the detector contributes to the spatial resolution is the size of individual pixels. Detector

pixels can be manufactured to a specified size in both detector types, however smaller pixels

are possible with PCDs compared to EIDs. With EIDs, pixels become more dose-inefficient

as they become smaller since the septa between pixels are limited to a finite width. As the

pixel size is reduced, more of the detector area will be covered with septa versus detector

crystal, rendering a large proportion of the x-ray beam useless. So while smaller pixels in

EIDs become dose-inefficient, PCD pixels retain their efficiency. However, a smaller pixel

size in PCDs has a drawback not seen in EIDs: charge-sharing.

Where EIDs have septa to prevent light photons from propagating to adjacent pixels,

there are no such structures in PCDs. This leads to a phenomena referred to as charge-

sharing. The charge-cloud created by an x-ray interaction is not finite in size and the charge-

cloud spreads out slightly as it travels to the anode. If an x-ray interacts near the border

between pixels (Fig. 2.10) the full charge may be split between multiple pixels. Depending

on the pulse height registered in the pixels, the x-ray may be counted more than once and

the energy of the interaction will be reduced accordingly. This serves to reduce the spatial

resolution, by causing x-rays to be registered over a larger area, and to reduce the accuracy

of the energy information. The magnitude of the charge-sharing effect depends on the pixel

size as well. As pixel size is reduced the distance between pixels becomes smaller, increasing

the likelihood that the electrons will collected by multiple pixels.

Both PCDs and EIDs experience crosstalk, which occurs when a fluorescent x-ray or
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Figure 2.10: Charge-sharing. The left 3×3 pixel array shows electron clouds generated from
x-ray detections in which no charge-sharing would occur between pixels. The right 3×3 pixel
array shows the resulting electron clouds from detections that occurred on or near a border
between pixels, causing the charge to be spread over multiple pixels.

Compton scattered x-ray deposit a portion of the energy of the incident x-ray outside of the

initial pixel.

Image Noise

Image noise affects both EIDs and PCDs and can be traced back to two sources: quantum

noise and electronic noise. Quantum noise is dependent on the inherent randomness of x-ray

interactions and relies on the number of detected x-rays. Electronic noise is the umbrella

under which all other noise falls under and originates from the electronic circuits within the

detector module and the larger system. Electronic noise is not dependent on the number

of detected x-rays. Thus, the relative effect of quantum and electronic noise depends on

the incident x-ray flux. Electronic noise is generally only dominant under conditions in

which there are lower numbers of detected x-rays, such as with low-dose scans or with large

patients in which a greater proportion of the incident spectrum is attenuated before hitting

the detector. Given such a situation, EIDs suffer more from electronic noise when compared

with PCDs because the signal generated from the electronic noise is integrated into the total,

which due to the low flux is relatively small. Thus the electronic noise has a greater effect.

For PCDs, the low level signal from electronic noise can be completely mitigated by setting

the trigger threshold above it. As seen in Fig. 2.11a, the lowest, or trigger, threshold can
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(a) (b)

Figure 2.11: (a) X-ray detections with electronic noise. One detection would be counted in
each energy bin defined between the thresholds. The electronic noise all occurs below the
first threshold so would not contribute to the final signal. (b) Pulse pileup. Two x-rays are
detected within the same pixel within a short time. The resulting pulses overlap creating
one large pulse which is counted in the highest energy bin.

be set such that the highest spikes generated from electronic noise are below it and thus

completely neglected from the resulting signal.

While the individual counting nature of PCDs lends benefits in terms of reducing noise

under low flux conditions especially, it can also be a detriment for high-flux situations.

For an individual x-ray to be counted by the PCD, its pulse within the electronics must

be distinguishable from the pulses received immediately before and after. Under high-flux

conditions, two or more x-rays can interact within the same pixel at a time interval close

enough that the pulses are not separable (Fig. 2.11)b. The system then records the multiple

x-rays as a single event at an energy that is higher than that of any of the x-rays individually.

This effect is called pileup and it has the effect of reducing the reliability of the energy

information from the PCD. As with charge-sharing, the pileup can be mitigated by selecting

an appropriate flux for the pixel size of the PCD. However, reducing the pixel size reduces

pileup, but increases charge-sharing, so a balance must be struck between the two effects.

EIDs offer a benefit in this case, as they are not effected by pileup; more x-ray interactions

result in more light photons, which all is measured as more signal, regardless of how close

together the events occurred.

PCDs can also suffer from non-conforming pixels, which is a catch-all term for pixels that

do not behave as other adjacent pixels in response to the same input. Each pixel has its own

threshold calibrations which can be defective and there are other issues such as the individual

contact points with the ASIC or crystal abnormalities which affect the counting response.
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Sometimes the direct cause is not known and can only be compensated for. However, it does

add noise to the system.

2.3.4 Anti-Scatter Grids

Scatter is a phenomena inherent in all x-ray imaging and refers to all x-rays which interact

within or are produced within the subject due to x-ray interactions. Ideally, x-ray imaging,

including CT would only measure x-rays which are produced by the source and do not

interact within the subject. However, scatter is always present and also reaches the detector

which reduces image quality. Clinical CT scanners usually employ anti-scatter grids (ASGs),

which are either one or two dimensional metal grids which are placed just in of the detector

array so that the beam passes through the grid before hitting the detector. The grid septa

align with the septa within the EID crystal or with the ”streets” between the pixelated

anodes of PCDs and extend above the detector. The ASG is also manufactured to match

the beam divergence so x-rays produced by the source have a straight path to the detector

pixels. This means that x-rays not matching the beam divergence are more likely to be

attenuated by the ASG and restricted from being detected and reducing image quality.

2.4 CT Image Acquisition and Reconstruction

2.4.1 Projection images

Projection images refer to the two-dimensional (2D) data acquired by a computed tomog-

raphy (CT) scanner. These images are obtained by acquiring 2D x-ray images at various

angles around the subject. Thus, a single projection image is a measurement of the x-ray

attenuation through the subject at a single angle. The attenuation is calculated using the

following equation:

P = −ln

(
I

I0

)
(2.6)

where P is the resulting 2D projection image, which is a measure of the attenuation, I is

the signal in the 2D x-ray images, and I0 is the signal in a flat-field or air scan acquisition,

which is acquired with the same parameters as the 2D x-ray image, but with no subject in

the path of the beam.

In a conventional clinical scanner, the image acquisition is performed by rotating the

x-ray source and detector around the subject, capturing a series of projected images from

multiple angles. A sinogram is a graphical representation of the raw data, where each row
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Figure 2.12: On the right is a simple phantom, with the projection for one row of pixels of
a detector shown in red. On the left is the resulting sinogram for that row of pixels at each
each angle around the simple phantom. The red line shows the location of the projection
shown on the right.

corresponds to a single projection image, and the columns represent the detectors (Fig. 2.12).

The intensity at each point in the sinogram indicates the attenuation of X-rays at specific

angles, providing a comprehensive dataset for image reconstruction.

The projection data plays a crucial role in the reconstruction of CT images. It contains

all the raw data necessary to reconstruct cross-sectional images of the scanned subject. The

conversion of the projection data into actual CT images is achieved through computational

algorithms, such as filtered backprojection or iterative reconstruction.

Moreover, the quality and completeness of the projection data directly impact the quality

of the reconstructed CT images. Any artifacts or missing data in the sinogram can lead to

corresponding inaccuracies or artifacts in the final CT images. Therefore, ensuring the

integrity of the projection data is essential for obtaining high-quality diagnostic images.

2.4.2 CT Geometries

There are different CT geometries used for image acquisition, including parallel-beam, fan-

beam, and cone-beam geometries. Parallel-beam geometry refers to the configuration in

which the x-ray source emits a parallel beam of x-rays, and the detector array is perpendicular

to the emitted beam. In practice, parallel-beam geometry it is simulated by moving a pencil
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Figure 2.13: Parallel beam geometry. A single detector element and the x-ray tube are
translated parallel to another to capture the full subject. The x-ray tube and detector are
then rotated around the subject by a specific angle and the process is repeated until the
x-ray tube and detector have rotated fully around the subject.

beam across the object in a controlled pattern for each projection image (Fig. 2.13). Parallel-

beam geometry was the original CT configuration and serves as the basis for algorithms used

in fan-beam and cone-beam geometries.

Fan-beam geometry involves the x-ray source emitting a diverging beam of x-rays in a

fan shape onto a row of distinct detector pixels (Fig. 2.14). The detector pixels offer spatial

discrimination in the image plane, negating the need for detector translation. The angle

of the fan beam is determined by the width of the detector and the desired field of view

(FOV) of the scanner. The FOV is the circle within the x-y plane defined by the edges of

the x-ray beam as it rotates around the subject (Fig. 2.14). Unlike the detector depicted

in Fig. 2.14, most modern CT scanners offer a curved detector array. The curved detector

array maintains the distance from the source to each of the detector elements voiding the

need for correction methods due to the inverse square law and heel effect–based differences

in fluence. For the most basic fan-beam projection, the detector consists of only a single row

of pixels which captures a single slice per 360◦ rotation, and the source and detector must

still be translated in the z-direction (Fig. 2.14) relative to the subject to obtain more slices.

Cone-beam geometry, on the other hand, refers to the configuration in which the x-ray
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Figure 2.14: Fan beam geometry. The x-ray beam is fan-shaped and the row of detector
elements provide the spatial information given by the translation in parallel-beam geometry.
The x-ray ray tube and detector are rotated around the subject to cover the full 2π geometry.

source emits a conical beam of x-rays, and the detector array is a two-dimensional panel

(Fig. 2.15). The difference in x-ray path length to the different areas of the detector requires

additional mathematical compensation in the reconstruction algorithms as well. Again, in

most modern CT scanners, the detector array is curved to match the divergence of the x-

ray beam, though not in the z-direction (Fig. 2.15). Flat panel detectors are also used in

specialized systems and on radiation therapy treatment machines. Curved detectors have

multiple rows of pixels in the z-direction, and only requires corrections in that direction,

while for flat-panel detectors, both the directions require correction.

2.4.3 Imaging Dose

One of the most important factors to consider in any CT scan is the radiation dose to the

patient. Dose is defined as the mean energy deposited per unit mass to a medium and is

measured in Gray (Gy) or joules per kilogram (J/kg). In x-ray imaging, dose is deposited by

the electrons emitted within in the medium due to x-ray interactions. As radiation dose does

have a carcinogenic effect, it is important to keep the dose to patients as low as reasonably

achievable to conduct the required scans. Typically, for CT, a single scan can range from

0.1 to 100 mGy [16].
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Figure 2.15: Cone-beam geometry. The x-ray beam is cone-shaped and the multiple rows
of detector elements provide the spatial information in the z-direction, enabling the capture
of multiple slices simultaneously. The x-ray ray tube and detector are rotated around the
subject to cover the full 2π geometry.

2.4.4 X-ray Beam Shaping

In addition to the x-ray beam filtration mentioned above in section 2.2 (Fig. ??) in which

metal is added to the path of an x-ray beam in order to adjust its quality before reaching

the patient, the x-ray beam is also shaped in CT. This beam shaping is accomplished by

using a bow tie filter. If no beam shaping is used, the periphery of the imaging subject

would receive slightly more dose at every beam angle. This is due to the divergent nature

of the x-ray beam (Fig. 2.14). The beam at the periphery and the beam at the center of the

subject would supply similar entrance doses. However, the beam at the center of the subject

would be much more highly attenuated due to the traveling through the full thickness of

the subject. The beam on the periphery gives a much higher dose at the exit point. As the

full beam rotates around the subject, more dose is accumulated at the edges of the subject,

meaning the subject is receives more dose than is necessary for the scan. A bow tie filter

preferentially attenuates the edges of the beam compared to the central portion of the beam,

shaping it to supply as uniform as dose to the subject as possible.

2.4.5 Filtered Backprojection

Filtered backprojection (FBP) is a fundamental step in CT reconstruction. First, the ac-

quired sinogram data is passed through a filter to suppress or enhance specific features of

the data. The filtering is done in the frequency, or Fourier, domain using a convolution oper-
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Figure 2.16: Reconstruction filters. Amplitude as a function of spatial frequency for several
reconstruction filters.

ation. While there are many different filters a few common ones include the Ram-Lak filter,

Shepp-Logan filter, and Hann or Hamming window filters (Fig. 2.16). Once the sinogram

data has been filtered it is then backprojected to obtain the corresponding two-dimensional

section. Backprojection involves integrating the pixel values from the sinogram back into the

image space using the inverse Radon Transform [19]. This reconstructs a 2D or 3D image of

the scanned object depending on the dimensions of the detector.

2.4.6 Cone-beam Algorithms

Cone-beam algorithms are specifically designed for cone-beam CT geometry. The most

basic cone-beam algorithm is the Feldkamp-Davis-Kress, or FDK, algorithm [20] and it

reconstructs the entire volume of the data set as defined by the source and detector geometry.

This algorithm is an adaptation of the 2D fan-beam FBP algorithm to the 3D cone-beam

geometry and corrects from beam divergence and the source to detector differences over the

full detector array. It has been widely used in circular cone-beam CT and produces good

results for even moderate cone-angles, the authors demonstrated its effectiveness for cone

angles up to 53◦.
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2.4.7 Iterative Reconstruction

In addition to FBP, iterative reconstruction techniques are also used in CT reconstruction.

These techniques utilize iterative algorithms to obtain a more accurate reconstruction by

repeatedly updating the image estimate after starting from an initial guess, such as a simple

FBP image. Iterative reconstruction algorithms have the advantage of modeling the system

geometry more accurately and incorporating physical effects such as beam spectrum, noise,

beam hardening effects.

2.5 Image Quality

At the heart of CT’s usefulness in the clinic, and other industries, lies the quality of its

images. High-quality CT images ensure precise detail, enabling clinicians to detect subtle

abnormalities, differentiate between tissue types, and accurately assess pathological condi-

tions. This precision is not only critical for diagnosis but also plays a vital role in other areas

such as radiotherapy treatment planning. In radiation oncology, CT images of each patient

are used to develop the specific delivery plan, ensuring that the correct dose is administered

precisely to the targeted area while sparing surrounding healthy tissue. Conversely, poor

image quality can lead to diagnostic errors and sub-optimal radiation planning, potentially

impacting patient outcomes adversely. Therefore, maintaining and improving image quality

in CT scans is not just a technical necessity, but a critical responsibility. It marries technol-

ogy with patient care to drive informed medical decisions, enhance the efficacy of treatments,

and optimize the safety and success of radiation therapy. There are a number of metrics

that are used to benchmark image quality, which will be described here.

2.5.1 CT Image Signal

Signal in CT images is referred to as CT number and is measured in Hounsfield units (HU).

CT number is a measure of the linear attenuation coefficient of the material at each point

in the image and is described by the equation:

HU = 1000 · µ− µwater

µwater

(2.7)

where µwater is the linear attenuation coefficient for water and µ is the linear attenuation

coefficient of the material at the specific voxel in the image. The Hounsfield scale is defined

such that air is -1000 HU and water is 0 HU.
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2.5.2 Spatial Resolution

Spatial resolution is a critical metric in CT imaging, determining the ability of the system to

distinguish between small structures and detail in the acquired images. It is fundamentally

influenced by various CT acquisition parameters and can be quantitatively assessed using

specific measurement methods.

There are a number of CT acquisition parameters which influence the resulting system

spatial resolution. The first is the x-ray tube focal spot size. A smaller focal spot allows

for finer detail to be resolved, but it may be limited by increased heat production at higher

resolutions. The size of the individual pixels within the detector array also impacts spatial

resolution. Smaller detector elements can capture finer details, leading to higher spatial

resolution. Additionally, thicker slices can reduce spatial resolution in the z-dimension (along

the subject’s longitudinal axis) (Fig. 2.15). Thinner slices improve resolution but increase

radiation dose and scanning time. Slices are also generally determined the height of the rows

of detector pixels in the detector array. The effect of the focal spot size and detector pixel

size is also dependent on the geometry of the CT system (Fig. 2.17), i.e. the distance from

the x-ray source to isocentre (a) and the distance from the isocentre to the detector (b) [16].

The combination of these two parameters determines the magnification (M) of the system:

M =
a+ b

a
(2.8)

The size of the subject in reconstructed CT images will appear to magnified by the factor

determined by Eq. 2.8. The further the total distance (a+ b) is within the system, the larger

the focal spot will appear on the detector. Finally, in helical CT scanning, the pitch (the

table feed per rotation relative to the slice thickness) can affect resolution as well. A lower

pitch tends to improve resolution but increases the radiation dose.

In addition to the physical parameters of the CT system and acquisition, the reconstruc-

tion algorithm and parameters will also affect the spatial resolution in the final CT images.

FBP, as mentioned above, is the standard method, but the filter kernel applied will also

affect the resolution, with some filters emphasizing edges and others softening them. Itera-

tive reconstruction techniques are also becoming more prevalent, as they can improve image

quality and reduce noise [16].

The measurement of the spatial resolution in reconstructed images is especially important

for benchmarking CT systems, comparing images across different platforms, and monitoring

changes to a single system over time. The main method for measuring spatial resolution

is the Modulation Transfer Function (MTF). It describes the system’s ability to reproduce
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Figure 2.17: CT system geometry showing the x-ray source to isocentre distance (a) and the
distance from the isocentre to the detector (b).

different levels of detail in an object, typically represented as a function of spatial frequency.

The MTF curve is derived from the Line Spread Function (LSF) or the Edge Spread Function

(ESF) and decreases with increasing spatial frequency. The MTF is normalized to its value at

a spatial frequency of 0, and the limiting spatial frequency of the system is usually measured

at 10 or 20% of the maximum MTF. Slice Sensitivity Profile (SSP) is also relevant for

assessing the spatial resolution in the z-dimension of CT images. It measures the system’s

response to a point-like object and is defined as the shape of the system response to a point

input along the z-axis. The SSP provides information about the effective thickness of the

imaging slice and its impact on z-axis resolution [16]. Images of the same ex-vivo tissue

sample with different resolution can be seen in Fig. 2.18.

Current CT applications require different spatial resolutions. Standard CT scans for rou-

tine diagnosis and radiation therapy treatment planning generally utilize a spatial resolution

of 0.5–1.0 mm. However, for other applications such as lung imaging, cardiac imaging, CT

angiography, and others, higher resolution is necessary, namely 0.1–0.2 mm [21], in order to

resolve small structures.
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(a) (b)

Figure 2.18: Spatial resolution. CT slice of an ex-vivo tissue sample with (a) low resolution
(b) high resolution.

2.5.3 Noise

Noise in CT images is an unavoidable byproduct of the imaging process, significantly influ-

encing image quality. It affects the clarity and sharpness of the images, thereby impacting

their usefulness. The first system parameters affecting image noise are the x-ray tube current

and exposure time, which are often combined as a product into the current-time product

(measured in mAs). Each is directly proportional to the number of x-rays generated. Thus,

increasing the current-time product reduces noise by increasing the x-ray flux, but it also

increases the patient’s radiation exposure. The x-ray tube voltage influences the energy of

x-rays; higher tube voltage settings increase x-ray penetration, reducing noise but potentially

decreasing image contrast. Lower tube voltage settings can enhance contrast between soft

tissues (Fig. 2.2b) due to the larger differences in attenuation at lower energies. However, a

lower tube voltage may increase noise due to reduced x-ray penetration.

The efficiency of the CT detector in capturing x-rays also influences noise. Higher detector

efficiency results in better signal capture and lower image noise. The detector efficiency can

be affected by the detector crystal and electronics, whether there are septa and how large

they are, and whether an anti-scatter grid is included. Thicker slices in the z-dimension also

increases the signal by accumulating more x-rays, thus reducing noise. However, this comes
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(a) (b)

Figure 2.19: Image noise. CT slice of an ex-vivo tissue sample with (a) high image noise (b)
low image noise.

at the cost of reduced spatial resolution. And finally, the reconstruction algorithms and

reconstruction filters will also affect the image noise. Iterative reconstruction techniques can

significantly reduce noise compared to traditional FBP methods, even with reduced radiation

doses.

The first and most common measurement of noise is to calculate the standard deviation

of pixel values within a uniform region of the image. This region is typically chosen in an area

without anatomical structures, like a region of uniform soft tissue or a homogeneous part

of a phantom. The noise power spectrum (NPS) provides a more detailed characterization

of noise, describing how noise varies across different spatial frequencies. It gives insights

into the texture of the noise in the image, which can be important for image interpretation

and patient diagnosis. And finally, while the signal-to-noise ratio (SNR) is often considered

a measure of detectability, it is also a critical metric for assessing noise. SNR compares

the level of a desired signal to the level of background noise, and a higher SNR indicates

less noise relative to the signal [16]. Examples of low and high image noise can be seen in

Fig. 2.19.



29

2.5.4 Contrast Detection

Contrast detection in CT imaging refers to the ability of the system to distinguish between

differences in x-ray attenuation of various materials or tissues that make up the subject.

It is a crucial factor in identifying and characterizing different anatomical structures and

pathologies. The effectiveness of contrast detection is influenced by several CT acquisition

parameters and can be measured using specific methods. The first is the x-ray tube voltage.

The tube voltage setting affects the contrast in CT images because different tissues generally

have higher differences in attenuation at lower energies. Therefore a lower tube voltage results

in higher contrast between tissues. However, this may lead to an increase in noise due to

the higher attenuation of the beam as it passes through the subject. As the beam passes

through a subject it naturally hardens, or lower energy x-rays are more highly attenuated,

raising the average energy of the beam. Beam hardening and other image artifacts can

affect contrast detection, and will be discussed in the next section. Like spatial resolution

and noise, the reconstruction algorithm and filter type can also enhance contrast detection.

Iterative reconstruction techniques can improve the visibility of low-contrast structures and

reduce noise. And finally, the use of various types of contrast agents can enhance the

differences between tissue types. These agents operate by increasing the attenuation of

specific structures, such as blood vessels or the gastrointestinal tract, making them more

visible compared to the surrounding tissue. Contrast agents can be given intravenously or

orally depending on the specific agent or application and will be in more detail in later

sections.

Various methods exist to measure contrast, but perhaps the most common are the

contrast-to-noise ratio (CNR) and SNR. CNR measuring the contrast between a region of

interest (ROI) and the background relative to the amount of noise. It provides a quantitative

assessment of the ability to detect specific structures within the image and is calculated as

follows:

CNR =
x̄ROI − x̄BG

σBG

(2.9)

where x̄ROI and x̄BG are the mean signal in the ROI and background, respectively, and σROI

is the noise in the background. SNR is measured by the ratio of the signal within an ROI

(x̄ROI) and the background noise (σROI). For the purposes of measuring system performance,

phantoms are often used as objects with known materials and arrangement to assess contrast

and detail both visually and using metrics such as CNR and SNR. The visibility of these

objects in phantom images by eye provides a practical measure of the system’s contrast
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resolution capabilities. An SNR or CNR of 4 is considered the lower limit in order for the

object to be discernible by eye as defined by the Rose criterion [22]. Finally, the detective

quantum efficiency (DQE) can also be used to indirectly assess contrast detection. DQE

is primarily associated with noise and detectability and assesses how efficiently an imaging

system converts the incoming x-ray signal into image contrast, considering both the signal

and noise characteristics.

In CT imaging, optimizing contrast detection is essential for accurate diagnosis and

characterization of diseases. The balance between adequate contrast in the images and

factors such as patient dose and image quality is a key consideration. Understanding and

measuring contrast detection help in optimizing CT protocols for various clinical applications

and ensuring the highest possible efficacy.

2.6 Image Artifacts

Image artifacts are any structure or effect that can appear in CT images which do not

correspond to the anatomy or makeup of the imaging subject. They reduce the usefulness

of CT images for both diagnosis or radiotherapy treatment planning as they can obscure

structures or anomalies or cause tissues to be mis-identified.

2.6.1 Beam Hardening and Scatter

Beam hardening and scatter are two significant artifacts in CT imaging. Beam hardening

occurs due to the polychromatic nature of x-ray beams used in CT scanners. As the beam

passes through an object, lower-energy x-rays are absorbed more than the higher-energy

ones. This results in an alteration of the energy spectrum of the beam, causing areas with

dense objects (like bones or metal) to appear darker. The effect is compounded in regions

with multiple dense objects, leading to characteristic dark streaks or bands between these

objects. Beam hardening can also contribute to other phenomena like cupping artifacts and

pseudoenhancement [23].

Scatter artifacts arise when x-rays deviate from their original paths after interacting with

the tissue, primarily through processes like Compton scattering. This scattering results in

x-rays reaching detectors at angles different from the original beam, causing misregistration

in the reconstructed image. Scatter can contribute to a decrease in image contrast and may

lead to artifacts resembling streaks or shading. Scatter artifacts become more pronounced

with an increased number of detector rows and larger scan fields, as more tissue volume

contributes to scattering. Scatter can be reduced with the addition of anti-scatter grids,
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Figure 2.20: Metal artifacts from dental implants in the XCAT head phantom [24]. Adapted
from Richtsmeier et al (2022) [25].

which are metal grids which are placed in front of the detector that restrict the angles from

which x-rays can interact in the detector [23].

2.6.2 Metal Artifacts

Metal artifacts in CT scans are common, occurring when high Z, dense objects are imaged,

such as metal implants. These artifacts can be attributed to several mechanisms related

to the metal itself and its edges. Metals like iron or platinum cause beam hardening and

scatter effects, leading to dark streaks between the metal and surrounding bright streaks

(Fig. 2.20). This happens as metals with high Z values significantly attenuate the x-rays,

causing beam hardening and scatter. Metal edges can create artifacts due to undersampling,

motion, cone beam, and windmill effects. These issues lead to large discontinuities in detector

measurements, which are exaggerated by the FBP process. As a result, thin bright and dark

streaks can emanate from the metal. Artifacts are more pronounced with metals of higher

Z values, such as platinum; low Z metals like titanium typically produce fewer artifacts.

Additionally, patient positioning or gantry tilt so the x-ray beam does not shoot through

the metal can reduce metal artifacts, especially in cases like dental fillings in head CT scans

[23].
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(a) (b)

Figure 2.21: Ring Artifacts. CT slice of an ex-vivo tissue sample with (a) several minor ring
artifacts and (b) a major ring artifact.

2.6.3 Ring Artifacts

The primary characteristic of ring artifacts is the appearance of bright or dark rings centered

on the axis of rotation within the CT image. Ring artifacts in CT imaging are directly

related to miscalibration or pixels defects within the detector array. Each detector row in a

CT scanner is responsible for capturing a specific slice of the scanned volume. When one of

the pixels within the row is miscalibrated or suffers from a defect, the non-conforming pixel

produces inconsistent data compared to adjacent, properly functioning elements. As the

CT scanner rotates around the patient, these inconsistencies manifest as circular artifacts as

they appear in the same location in each projection image relative to the axis of rotation.

The visibility of ring artifacts can vary from subtle to prominent, depending on the extent

of detector miscalibration or defect (Fig. 2.21). In some cases, these artifacts can be so

pronounced or numerous that they can significantly obscure the images or even simulate

pathology, misleading the diagnostic process. For instance, a subtle ring artifact might be

mistaken for a lesion or abnormality in the brain or other critical organs [23].

Regular calibration and maintenance of CT scanners can often mitigate or remove most

ring artifacts. However, some detectors can still suffer from these artifacts even after cali-

bration and require correction methods to be applied.
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2.6.4 Motion Artifacts

Motion artifacts can manifest as blurring, double images, and long-range streaks, which

significantly impair the image quality. They are usually only prevalent in CT scans of

patients as they are caused by any involuntary or voluntary patient movement during the

scanning process. This includes movements related to breathing, cardiac motion, bowel

movements, or patient repositioning. Blurring occurs when the patient moves during the

scan, causing a loss of detail and sharpness in the images. For example, respiratory or

cardiac motion can blur the thoracic and abdominal anatomy. Double images, or ghosting,

happen if the movement is abrupt or large in magnitude. This is particularly noticeable

in areas of high contrast, such as the boundaries between soft tissue and air. Long-range

streaks can also appear during motion and typically extend from high contrast edges towards

the position of the x-ray tube during the motion occurs. These streaks are artifacts created

by the misalignment of data due to motion.

Faster scanners can significantly reduce motion artifacts as the data can be captured over

a shorter period of time, reducing the chance of involuntary patient motion. Additionally,

both respiratory or cardiac gating can be implemented for scans in which accurate data of

the chest cavity or heart is especially necessary. These types of gating require specialized

equipment and monitor the motion of the lungs or heart, respectively, and only capture data

during specific phases of the breathing or cardiac cycle in which the the anatomy of the

patient is in the same location [23].

2.6.5 Noise

The noise in CT scans is primarily attributed to Poisson noise, which arises from the sta-

tistical error of low x-ray counts. This type of noise is characterized by random thin bright

and dark streaks that appear along the direction of greatest attenuation, such as through

both shoulders of patient. Poisson noise is inherent to the process of x-ray detection and is

influenced by the number of x-rays that reach the detector. As such it can be mitigated by

increasing the exposure, or current-time product, of the scan, but at the cost of a increased

radiation dose. However, iterative reconstruction algorithms can also help in reducing noise,

but often come at a cost of a higher reconstruction time. There are also methods to reduce

noise such as increasing slice thickness or using softer reconstruction kernels. However, these

can lead to a decrease in spatial resolution.

While high contrast objects like bones may be visible under high noise conditions, low

contrast structures, particularly soft tissue boundaries, can be obscured. This differential
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visibility is due to the varying degrees of x-ray attenuation by different tissues and the

resultant variance in x-ray counts [23].

2.6.6 Cone-beam Artifacts

Cone-beam artifacts occur in CT scanners with detectors with multiple rows of detector

elements and they primarily arise from the misalignment of projection planes with the axial

plane. In these scanners, the projection planes defined by the x-ray source and each detector

row are not exactly parallel to the axial plane. This misalignment is especially pronounced for

detector rows further from the center, as they deviate more significantly from the axial plane.

The misalignment can create streaks in the reconstructed image, particularly noticeable

when there is a high contrast edge in the z-direction (Fig. 2.15) between the axial plane

and the projection plane. These streaks are the direct result of the reconstruction algorithm

inaccurately interpolating high-contrast edges due to the geometric misalignment. Stair-

step artifacts are a specific instance of this misalignment, often observed in multiplanar

reconstructions, such as coronal or sagittal views. They appear as serrated or stepped edges,

especially along structures that should have smooth, linear boundaries. This artifact is most

noticeable when viewing structures that run obliquely to the axial plane, where the jagged

appearance can reduce the diagnostic usefulness of the images. The severity of these artifacts

is influenced by the scanner’s geometry, specifically the number of detector rows and their

alignment relative to the axial plane [23].

2.6.7 Helical Scanning Artifacts

Helical or windmill artifacts are artifacts which are observed in helical multidetector row

CT scans. In helical CT, where the table moves continuously while the x-ray tube rotates

around the patient, the reconstruction process alternates between using data from a single

detector row and interpolating between two rows. When high-contrast edges exist between

these rows, interpolation inaccuracies can lead to artifacts. These inaccuracies manifest

as smooth, periodic dark and light streaks originating from high-contrast edges, termed

windmill artifacts. They are more prominent in thin slices, and the orientation of these

streaks (the ’vanes’ of the windmill) changes as one scrolls through axial slices. Similar

mechanisms also cause stair-step artifacts, seen as serrations on coronal or sagittal images,

and zebra artifacts, which are periodic stripes of varying noise levels seen at the image

periphery on coronal or sagittal images [23].
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2.6.8 Out-of-Field Artifacts

Out of field artifacts in CT imaging occur when the object being scanned extends outside the

FOV of the scanner, and the interaction of the scanned object with the existing reconstruction

algorithm leads to artifacts. This is because the filter used in FBP is highly localized. A

characteristic appearance of out of field artifacts is the presence of bright pixels at the

edge of the FOV. These bright edges might be mistaken for pathological findings or lead

to misinterpretation of the actual boundaries of an object. These artifacts highlight the

importance of appropriate patient positioning and scan planning to ensure that the entire

region of interest is within the scanner’s FOV. However, in some cases, especially with larger

patients or when scanning large body parts, it may be challenging to keep the entire area of

interest within the FOV [23].
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Chapter 3

Photon-counting detector CT

3.1 Photon-Counting Detector CT Principles

Photon-counting detector computed tomography represents a significant advancement in

medical imaging technology, though the majority of CT principles still apply to PCD-CT.

Despite their differences in detector technology, the basic design, operational workflow, and

clinical objectives are very much aligned between the two types of CT systems. The current

applications for conventional CT will remain the same or be improved with PCD-CT, and

PCD-CT will offer additional new applications, improving the versatility of CT as a whole.

The advantages that PCD-CT offers over conventional CT stem from photon-counting

detectors as they are the difference between conventional and PCD-CT. An exploration of

PCDs was covered in an earlier section (Section 2.3.2), but the principles, characteristics,

and applications of PCD-CT will be explored further here. There are two main principles

of PCD-CT which distinguish it from conventional CT: individual x-ray detection and en-

ergy resolution. The benefits and new applications for PCD-CT all stem from these two

characteristics.

3.1.1 Photon-counting

As the name implies, photon-counting detectors operate by counting individual photons

(see Section 2.3.2). X-rays are individually detected if their electronic pulse height is above

a specific threshold (Fig. 2.11), which reduces electronic noise, which is especially helpful

in low-dose scans where noise has a higher relative effect Even disregarding the energy-

resolving capabilities counting individual photons offers, there is still benefits. If we think

about identical polychromatic x-ray beams, one measured with a PCD and one with an

EID, the PCD will weigh each detected x-ray equally, while an EID will naturally give more

weight to x-rays with a higher energy. An uniform x-ray weighting scheme will offer better
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contrast between soft tissues because soft tissues have larger differences in attenuation at

lower energies in the diagnostic energy range. Additionally, equal weighting in terms of signal

also increases the dose efficiency of low-energy x-rays as they contribute an equal amount to

the resulting signal in PCDs while they do not in EIDs.

3.1.2 Energy-resolution

The second principle of energy resolution offers more benefits than photon-counting itself,

but would not be possible without it. If individual x-rays were not distinguishable in the

first place, measuring their energy would be impossible. When the electronic pulse from an

x-ray rises above the triggering threshold of the detector, PCDs have higher thresholds which

define the boundaries of 2–8 energy bins [11]. As described in section 2.3.2 however, this is

not the case; effects such as charge-sharing and pileup distort the counts. While the data of

real PCDs may not be perfect, charge-sharing and other effects usually do not completely

obscure the energy information, it is still largely preserved.

The data from the energy bins can be utilized separately or combined for applications

such as material decomposition, which will be discussed more comprehensively below. Ad-

ditionally, on top of the higher contrast provided by the uniform energy weighting, the low

energy bins can provide even higher contrast than the full energy range as they are composed

of exclusively low energy x-rays. High energy bins can provide a reduction in certain artifacts

such as beam hardening and metal artifacts. The energy information can be used to assign

more or less weight to the separate bins as well and then combine them to optimize image

quality [26, 27, 28, 29, 30].

A benefit of the energy resolution capabilities of PCD-CT is that the spectral information,

or energy bins, are always available. Dual-energy CT (DECT) systems are currently clinically

available, and they are able to provide spectral information through a variety of mechanisms

including various iterations of conducting two scans with differing beam energies or through

a dual-layer detector, in which the low energy x-rays are captured by the first layer and

the higher energies by the second layer. However, in most cases these systems are utilized

to confirm a diagnosis after a patient has exhibited other symptoms or had a routine scan.

With PCD-CT, that information is always available, meaning that many uses for DECT

could be done using only the patient’s PCD-CT scan, with the energy information already

gathered, negating the need for a second scan.
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(a) (b)

(c)

Figure 3.1: XCITE lab PCD-CT bench-top system. (a) The initial setup with a 0.8×24
mm2 photon-counting detector (PCD). (b) The current setup with a 0.8×190 mm2 PCD. (c)
Schematic of the bench-top system with directions shown.

3.2 PCD-CT Applications

This section covers the potential clinical applications of PCD-CT we investigated with our

bench-top system. We were interested in studying the applications of PCD-CT with a bench-

top system because, while it is not a clinical imaging system, we had more control over the

system parameters than most other PCD-CT systems.

3.2.1 XCITE Lab Bench-Top PCD-CT system

All of the studies conducted in this dissertation were carried out on the bench-top PCD-CT

system in the XCITE Lab at the University of Victoria. The system (Fig. 3.1) consisted of

an x-ray tube (MRX-160/22, Comet Technologies, Flamatt, Switzerland) and PCD mounted

on M-IMS300V and M-IMS600LM motion stages (Newport Corporation, Irvine, CA, USA)

which allowed for movement in the y-direction (Fig. 3.1c) for both, movement in the z-

direction for the x-ray tube, and in the x-direction for the PCD. A sample stage was mounted

on an RVS80CC rotation stage (Newport Corporation, Irvine, CA, USA) allowing for rotation

of scanned objects.

Two iterations of the system were utilized for this work: the initial setup with a PCD with
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an active detector area of 8×24 mm2 and the current setup with a PCD with an active area

of 8×190 mm2 (both Redlen Technologies, Saanichton, BC, Canada). The only difference

between the physical properties of the detectors was the active area. Both detectors were

made up of a 2-mm-thick cadmium zinc telluride (CZT) crystal mounted on an ASIC which

supplied the photon-counting capabilities. The pixel pitch of both detectors was 0.33×0.33

mm2 and both detectors had six energy thresholds. In addition to the energy thresholds we

were able to control the triggering threshold (the energy below which x-rays are not counted),

the dead time window, and we could apply our own energy calibration if desired [31, 32].

3.2.2 Material Decomposition

In addition to reconstructing separate energy images for each energy bin, PCD-CT opens

the door to material decomposition in a single scan. DECT was proposed shortly after

SECT, citing the need for multiple energy scans to be acquired for material decomposition.

This required specific hardware to be developed to acquire two scans to minimize patient

movement, such as fast kVp switching or dual-layer detectors. Material decomposition relies

on determining the full attenuation curve at all energies at all points in the image [33, 34,

35, 36, 37]. However, it is not usually required to have a large number of energy bins to

determine this [34]. Within the diagnostic energy range (30–150 keV) [1], tissue attenuation

can be essentially described by the photoelectric effect and Compton scattering.

µ(E) = ρ ·
((µ

ρ

)
photo

(E,Z) +
(µ
ρ

)
Compton

(E,Z)

)
≈ ρ ·

(
α
Zk

eff

En
+ β · fKN(E)

)
(3.1)

Here, α
Zk
eff

En is the photoelectric attenuation, where Zeff is the effective atomic number,

k ∼ 3 − 4, and n ∼ 3 − 3.5. ρ is the mass density, fKN(E) is the Klein-Nishina Compton

attenuation and α and β are constants [1]. If at least two measurements at different energies

are known, two basis materials can be separated based on a linear combination of the com-

ponents in the approximation f Eq. 3.1. Common basis materials include water and calcium

or water and iodine. Of course, tissue is not made up of only water and calcium (or water

and iodine), but the attenuation of various tissues can be represented as a combination of

the two.

Decomposition into more than two basis materials requires both an additional energy

measurement and the addition of a high-Z material with a K-edge within the diagnostic

energy range, such as a contrast agent. The attenuation of a high-Z material requires an



40

addition term to Eq. 3.1:

µ(E) ≈ ρ ·
(
α
Zk

eff

En
+ β · fKN(E) + aK−edgefK−edge(E)

)
(3.2)

where fK−edge is the energy-dependent component of the K-edge material and aK−edge is

a constant. This allows for a three-material decomposition. If more high-Z materials are

introduced and more energy measurements are taken, material decomposition of for than

three materials is possible [1].

DECT can currently used for a numerous applications in the clinic, as detailed in a

number of review articles [38, 39, 40, 41]. DECT can, for example,differentiate and quantify

materials like iodine, uric acid, and calcium, which is useful in applications such as tumor

staging, assessing organ perfusion, identifying uric acid in gout, and characterizing kidney

stones [39]. DECT offers the advantage of higher contrast-to-noise ratio, reduced beam-

hardening artifacts, and the ability to create material-specific images, virtual monoenergetic

images (VMIs), and virtual noncontrast images [38, 39]. These advantages lead to better

diagnostic performance compared to single-energy CT due to higher image quality. The

technology allows for injections of lower concentrations of contrast agents and potential

reduction in radiation dose, thanks to its capability to generate virtual non-contrast images

and optimize image quality. As discussed above, material decomposition would always be

possible with PCD-CT as the energy information is always collected.

In Chapter 4 we studied whether an existing DECT method could be adapted to PCD-

CT on our bench-top system. The method we investigated by Bourque et al (2014) [42]

decomposes scanned materials into effective atomic number Zeff and electron density relative

to water ρe by calibrating a polynomial expansion model with materials of known Zeff and

ρe. This information enhances the accuracy of dose calculation in radiation therapy, since

accurate tissue identification is critical to predict dose deposition. In place of using two

separate energy measurements, we utilized the energy information from two energy bins of the

PCD. We then compared the two energy bin method with the two energy scan method. Both

methods were evaluated using tissue-equivalent materials from the RMI Gammex electron

density phantom, which provided known Zeff and ρe values. We also decomposed an ex-vivo

tissue sample, which will be discussed in Ch. 4.

3.2.3 High Atomic Number Contrast Agents and Multi-Contrast Imaging

The use contrast agents is key for many of the uses of conventional CT in the clinic and

is referred to as contrast-enhanced CT. The vast majority of contrast-enhanced CT scans



41

where contrast is injected intraveneosly are conducted with iodinated contrast agents. Iodine

has a K-edge energy of 33.2 keV, which is near the low end of the diagnostic energy range for

CT. However, due to the effect of increased photoelectric absorption of iodine, the average

attenuation of iodine over the diagnostic energy range is higher than that of soft tissue.

Different structures can be enhanced based on the time at which the CT scan is taken post-

injection, such as during the early- or late-arterial phase [43]. This requires multiple scans if

a scan with and without contrast are needed as well. Though iodine-based contrast agents

are the primary contrast agent used in CT, gadolinium-based agents can be utilized if the

patient has an allergy to the iodine-based agent. Additionally, barium sulphate is an oral

contrast agent that can be used to study the gastrointestinal tract [44]. Table 3.1 shows

the most common elements which are either used or under development for use in CT and

PCD-CT.

Table 3.1: Elements used contrast agents for CT and PCD-CT. Adapted from [21].

Element Atomic K-edge Density Development

Number (keV) (g/cm3) Status

Iodine 53 33.2 4.9 Clinically available for CT

Barium 56 37.4 3.59 Clinically available for CT [44]

Gadolinium 64 50.2 7.9 Clinically available for MRI and CT

Ytterbium 70 61.3 6.9 Small animal preclinical CT and PCD-CT

Hafnium 72 65.4 13.3 Small animal preclinical CT and PCD-CT

Tantalum 73 67.4 16.4 Small animal preclinical CT and PCD-CT

Gold 79 80.7 19.3 Small animal preclinical CT and PCD-CT

Bismuth 83 90.5 9.8 Small animal preclinical CT and PCD-CT

One of the most well studied preclinical contrast agents for CT and PCD-CT is gold,

specifically in the form of gold nanoparticles (AuNPs). AuNPs have been extensively studied

[45, 46, 47] for drug delivery [48, 49, 50], as facilitators for other therapeutics [51, 52, 53],

and as CT contrast agents [54, 55], including in PCD-CT where they have been studied in

small animals[56, 57, 58].

As discussed in the introduction to material decomposition (section 3.2.2), DECT for

material decomposition was described almost as soon as single-energy CT [33, 35, 34]. Now

with PCD-CT, where three or more energy data sets can be acquired simultaneously, three

material decomposition is possible with addition of a high-Z contrast agent with a K-edge
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Figure 3.2: Linear attenuation for K-edge subtraction. The plot shows the total linear
attenuation coefficient for gold and water between 30 and 120 keV as well three energy
thresholds at 70, 80.7, and 90 keV. 80.7 is the K-edge energy for gold.

in the energy range of 40–100 keV. If multiple high-Z materials are introduced four or

more material decomposition is possible as well. An alternative method for separating and

quantifying high-Z contrast agents is K-edge subtraction imaging. A detailed explanation of

the K-edge subtraction is described by Sarnelli et al (2004) [59] and a similar decomposition

method by Zhang et al (2020) [60]. However, a simplified explanation can be offered based on

the linear attenuation coefficients for water and gold presented in Fig. 3.2 for gold, which has

a K-edge energy of 80.7 keV. Two CT images could be reconstructed using the two energy

ranges shown by the dashed lines, one on either side of the K-edge. For water, the difference

in average attenuation for the two energy bins is close to zero, while gold has a relatively

large difference between the high and low energy bins. If a CT image reconstructed from the

low energy bin was subtracted from the high energy bin, what would remain is signal from

the gold only, resulting in a K-edge image of gold. Depending on the number of available

thresholds, multiple high-Z contrast agents could be separated using this method.

Recent developments in contrast agents for CT have shown a number of alternatives to
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traditional iodine-based agents. New agents aim to enhance x-ray attenuation, thus mini-

mizing radiation and contrast dose and improving contrast compared to iodinated agents.

Research has focused on high-Z elements with and high K-edge energies, such as hafnium,

tungsten, gold, and bismuth [61]. Additionally, advancements in nanoparticle technology

have introduced high-density nanoparticles, including gold and tantalum oxide nanoparti-

cles, as potential contrast agents. These nanoparticles offer high x-ray attenuation and the

possibility for targeted imaging, although challenges remain in ensuring their safe and effi-

cient renal elimination [62]. One possibility opened by the continued development of novel

contrast agents is the use of multiple agents within a single scan, which could have uses such

as multiphase perfusion imaging [63, 64]. Additionally, gold nanoparticles (AuNPs) have

also been investigated for radiosensitization of tumors [47] AuNPs offer benefits as contrast

agents due to their biocompatiblity and their ability to accumulate in tumors through the

enhanced permeability and retention effect, when injected intravenously, if they are within

50-200 nm in diameter [65]. AuNPs can also be easily functionalized, with molecules target-

ing specific cancers attached to their surface [58]. This opens the path for dual-use AuNPs

for targeted cancer therapy and imaging contrast.

In Chapter 5, we present a study on the possibility of imaging four high-Z contrast agents,

two with K-edges within 4 keV of one another, and investigated acquisition parameters which

would improve the detectability of those agents. The system parameters we investigated were

beam filter type and thickness, projection acquisition time, and energy bin width. These

parameters are evaluated based on PCD-CT signal, contrast to noise ratio (CNR), and noise

in K-edge images.

3.2.4 Metal Artifact Reduction

Metal artifacts are a significant problem in modern CT as many patients have prostheses,

surgical materials, and/or dental fillings. As detailed in section 2.6.2, metal artifacts are

the result of one or a combination of beam hardening, scatter, noise, and other factors

[66, 23]. To combat this, there have been many metal artifact reduction (MAR) methods

developed over the years [67, 68] and they fall into three broad categories. The first is

projection completion or inpainting. These methods seek to correct for metal artifacts in the

projection space before reconstruction. The metal traces can either be correction through

the use of models predicting beam hardening, noise, and other causes of metal artifacts or

through complete replacement of the data using mechanisms like interpolation. The second

type of MAR methods are iterative reconstruction methods that suppress metal artifacts
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during reconstruction [67]. And the final type of MAR methods that have been developed

more recently are deep learning algorithms which can learn to mitigate the artifacts [68].

Additionally since PCD-CT has been shown to naturally reduce beam hardening and noise,

and thus metal artifacts, it has been a source of new MAR methods.

There are a number of reasons why PCD-CT is able to reduce metal artifacts compared

with conventional CT [11, 9, 69]. PCD-CT has been shown in numerous studies to reduce

beam hardening in high-energy bins, as higher energy x-rays are less likely to be attenuated

by high-density objects like metal implants [70, 71]. Additionally, the reduction of electronic

noise is especially important in areas where no photons reach the detector, which is called

photon-starvation. A reduction in noise in those areas reduces metal artifacts since no signal

is expected in those locations due to the complete attenuation of the beam. PCD-CT can

also easily be used to create VMIs through material decomposition, which suffer from very

few artifacts since they are replicating images created using a single energy [72, 73].

In Chapter 6 we developed an inpainting method for PCD-CT which relies on capturing

high- and low-energy information simultaneously in order to correct the metal traces in the

sinogram space. We titled the method trace replacement metal artifact reduction (TRMAR).

We conducted a phantom study and compared image quality without TRMAR and with

TRMAR to a ground truth phantom without metal artifacts. Additionally, we compared

the method to a standard in-painting method, normalized metal artifact reduction (NMAR).

3.2.5 High Spatial Resolution Imaging

Due to the smaller pixel sizes of PCDs compared to EIDs, PCD-CT features higher spatial

resolution compared with conventional CT, offering numerous benefits. PCD-CT also often

outperforms conventional CT for high-resolution imaging at the same resolution in terms of

dose. Conventional ultra-high resolution CT employs a comb or grid filter to restrict the

x-rays incident on each pixel to an even smaller area, which is dose inefficient [9, 21]. PCD-

CT can achieve the higher spatial resolution without the filter because PCD pixels do not

require septa and thus may be smaller than EID pixels. There are gaps between the pixelated

anodes of PCDs, but they are generally on the order of only a few tens of micrometers.

There are a number of current clinical applications for high-resolution CT for which

PCD-CT could offer improvements. The first is for dedicated breast CT, as the lesions

that are small and not easily detected [74, 75]. The high spatial resolution and improved

contrast detectability could offer benefits in terms of lesion detection. High-resolution lung

imaging is another area in which PCD-CT could offer significant benefits, especially in the
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detection of lung diseases and cancer [21]. Studies have been conducted showing that PCD-

CT could be beneficial for visualizing lung nodules, demonstrated in images of phantoms and

cadavers [76, 77]. Cardiovascular imaging could also greatly gain from PCD-CT in clinical

practice. Many preventative and post-treatment cardiovascular diseases require imaging

of the small structures of the system such as the coronary artery both with and without

contrast agents [21]. Benefits with PCD-CT over conventional CT have also been shown in

the imaging of stents [78, 25, 79, 80, 81, 82] and the evaluation of calcifications via calcium

scoring [83, 84, 85, 21]. Additionally, imaging of kidney stones and determining their makeup

[86, 21], imaging bone microstructures for osteoarthritis and osteoporosis [21], temporal bone

imaging [21, 11], and many other potential uses [2, 11, 10, 21, 9] would also see benefits due to

the improvements in spatial resolution as well as spectral information information of PCDs.

In Chapter 7 we investigated the resolving capabilities of our bench-top system we ex-

plored imaging of stents and compared the results to two conventional CT systems. We

replicated the spatial resolution of the clinical systems as closely as possible with our bench-

top setup and separately demonstrated the highest resolution possible with our system. The

study examined three different stents and compared the apparent strut thickness, lumen

diameter, and lumen attenuation in the reconstructed images. Additionally, K-edge images

were reconstructed to demonstrate how metal artifacts can be reduced for metals with a

K-edge in PCD-CT.
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Chapter 4

Material decomposition with a prototype

photon-counting detector CT system: expanding a

stoichiometric dual-energy CT method via energy bin

optimization and K-edge imaging

The following work was published in Physics in Medicine and Biology in 2024 and can be

found at the following DOI: 10.1088/1361-6560/ad25c8.

4.1 Summary

Objective: Computed tomography (CT) has advanced since its inception, with breakthroughs

such as dual-energy CT (DECT), which extracts additional information by acquiring two

sets of data at different energies. As high-flux photon-counting detectors (PCDs) become

available, PCD-CT is also becoming a reality. PCD-CT can acquire multi-energy data sets in

a single scan by spectrally binning the incident x-ray beam. With this, K-edge imaging be-

comes possible, allowing high atomic number (high-Z) contrast materials to be distinguished

and quantified. In this study, we demonstrated that DECT methods can be converted to

PCD-CT systems by extending the method of Bourque et al (2014). We optimized the en-

ergy bins of the PCD for this purpose and expanded the capabilities by employing K-edge

subtraction imaging to separate a high-atomic number contrast material.

Approach: The method decomposes materials into their effective atomic number (Zeff )

and electron density relative to water (ρe). The model was calibrated and evaluated using

tissue-equivalent materials from the RMI Gammex electron density phantom with known ρe

values and elemental compositions. Theoretical Zeff values were found for the appropriate

energy ranges using the elemental composition of the materials. Zeff varied slightly with

https://doi.org/10.1088/1361-6560/ad25c8
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energy but was considered a systematic error. An ex-vivo bovine tissue sample was decom-

posed to evaluate the model further and was injected with gold chloride to demonstrate the

separation of a K-edge contrast agent.

Main results: The mean root mean squared percent errors on the extracted Zeff and

ρe for PCD-CT were 0.76% and 0.72%, respectively and 1.77% and 1.98% for DECT. The

tissue types in the ex-vivo bovine tissue sample were also correctly identified after decompo-

sition. Additionally, gold chloride was separated from the ex-vivo tissue sample with K-edge

imaging.

Significance: PCD-CT offers the ability to employ DECT material decomposition meth-

ods, along with providing additional capabilities such as K-edge imaging.

4.2 Introduction

Computed Tomography (CT) is a widely used medical imaging technology, and since its

inception in the early 1970s [33], it has evolved dramatically. One of the most significant

breakthroughs in CT technology has been the development of dual- and multi-energy CT.

Dual-energy CT (DECT) and multi-energy CT (MECT) refer to techniques in which two or

more sets of CT data are acquired at different energy levels. This allows for the extraction of

additional information, which is not possible with conventional, single-energy CT (SECT),

which only consists of data acquired at one effective energy using an energy-integrating

detector (EID). EIDs generate signal by first converting x-rays to light photons within a

scintillating crystal, which are then integrated for the final output.

Dual-energy CT for material decomposition was first hypothesized [34] and demonstrated

[35] in the 1970s, shortly after SECT was first implemented. Unfortunately, the use of DECT

was limited clinically due to technological constraints. However, with the advancement of CT

technology, DECT has become more widely available and is used in a wide range of clinical

applications [87, 88, 89]. DECT also utilizes EIDs, but captures two data acquisitions at

different effective energies. With the two sets of linear attenuation information given by the

two sets of energy data, two subsequent sets of data can be decomposed or extracted, usually

referred to as the basis functions in the decomposition formula. For example, as shown in

the seminal DECT paper by Alvarez et al [34], the photoelectric and Compton scattering

components of the linear attenuation coefficient can be determined with DECT material

decomposition. Though there are many decomposition algorithms and basis functions, one of

the most well-studied sets of basis functions is the effective atomic number (Zeff ) and electron

density relative to that of water (ρe), first demonstrated by Rutherford et al (1976) [35].
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Since then, many algorithms have been developed to extract these values, including using

monochromatic x-rays [90, 91]. The decomposition of data into Zeff and ρe has a number

of uses, including increased diagnostic capabilities by distinguishing between materials with

similar attenuation curves. However, one of the most well-studied uses is for its use in

improving material segmentation and identification for radiation therapy treatment planning

[92, 93, 94, 95, 96], especially in the fields of low dose rate brachytherapy [97, 98, 99] and

proton therapy [100, 101, 102, 42, 103].

Now, with the advent of high-flux photon-counting detector (PCD) technology [104, 105,

106] which offers energy windowing, the ability to distinguish the energy of incident x-rays

and bin each one into a set of discrete energy ranges, MECT is becoming a clinical possibility

as well. In fact, clinical PCD-CT scanners are currently available [3], with several others close

behind [107, 7, 4]. PCD-CT typically offers up to eight energy bins [11], which significantly

increases the options for material decomposition. Additionally, each energy range is captured

simultaneously, mitigating any issues with co-registration between the different energy data

sets. In DECT and MECT, co-registration refers to matching the multiple energy data sets

to one another so that the various structures of the subject match up in the same location

in each set. Any mechanism which shifts the subject so that it appears in a slightly different

location in each data set will lead to decomposition errors.

PCD-CT systems offer benefits over the current clinical CT systems, even when excluding

PCD-CT’s energy discrimination abilities. Current clinical systems utilize EIDs, over which

PCDs have several potential benefits. The first benefit is higher spatial resolution. EIDs first

convert x-rays to light photons, which requires septa to be placed between individual pixels

within the detector crystal to mitigate the spread of light photons outside of the pixel the

x-ray was incident upon. PCDs are direct conversion detectors, requiring no septa within

the detector crystal. The exclusion of the septa in PCDs allows for a higher possible inherent

spatial resolution than EIDs, since EIDs suffer from increased dose inefficiency as the pixel

size is reduced, as the the septa take up more area [108, 9, 11, 69]. PCDs also can reduce

electronic noise because they function by counting individual photons rather than integrating

the detected light signal from individual x-rays [11, 9, 1]. PCDs determine each count by

measuring whether the charge detection peak is higher than a minimum threshold. Signal

below the threshold is discarded as noise, while signal spikes above the threshold are counted

as x-ray detections. EIDs integrate all signal, including electronic noise, though the noise has

largely been mitigated at clinical acquisition parameters [109]. However, PCD-CT systems

have still demonstrated lower image noise compared with state-of-the-art EID-CT systems

[110, 111, 2]. PCDs’ counting behavior also inherently allows for uniform energy weighting, as
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each x-ray is counted individually without regard to how far over the threshold the detection

spike is, other than to bin the x-ray in the appropriate energy range [108, 9, 11, 1]. However,

as EIDs integrate the signal generated from the detected x-rays, higher energy photons are

weighted more highly as they produce a proportionally higher signal. The inherent uniform

energy weighting of PCDs allows lower-energy x-rays to contribute equally to the detected

signal, which offers better CT image contrast as most soft tissues have larger differences in

attenuation at lower energies. Additionally, energy weighting can be applied to PCD data

to further improve contrast [27, 112, 30].

However, PCDs do offer challenges as well; the two main drawbacks being charge-sharing

and pulse pileup. Charge-sharing occurs when an x-ray is incident near the border of two or

more pixels, and the resulting charge cloud is partially collected by multiple pixels. Thus,

the full charge is split, and multiple pixels record a count at a lower energy than the pixel

with the incident x-ray. This degrades both the spatial and energy resolution. Pulse pileup

occurs when two x-rays are nearly simultaneously incident on a pixel. The resulting signal

pulses are summed up and recorded as a single event at a higher energy than either of the

two incoming x-rays alone. Pulse pileup degrades the spatial resolution as well as increases

the noise within the image [11]. A trade-off exists in the physical detector itself: smaller

pixels will lead to more charge-sharing [113], but less pileup. Thus, a balance must be struck

between the two. Methods are being developed to compensate for both effects [114] including

coincidence counters which are implemented within the detector architecture to monitor and

compensate for charge-sharing events [115, 116].

Much focus has also been devoted to material extraction of high-atomic number (high-

Z) contrast agents via K-edge imaging [36, 37, 57, 117, 118]. K-edge imaging can refer to

methods that utilize the K-edge discontinuities in the attenuation curves of high-Z materials

to extract a third (or higher) material map [36], on top of the two material maps possible with

DECT, or that utilize K-edge subtraction to separate high-Z materials from conventional CT

images, which was first demonstrated using monoenergetic x-ray beams [119, 120, 121] and

later using photon-counting detectors and polyenergetic beams [117, 118]. Interest has also

been shown in using PCD-CT for material decomposition in a variety of fashions. For

example, there are methods that extend DECT methods of Zeff and ρe decomposition, such

as those for predicting properties like tissue stopping power ratios for particle therapies

[122, 123].

In this study, we demonstrate that DECT methods can be adapted to PCD-CT systems

by applying the method outlined by Bourque et al (2014) [42] on a bench-top PCD-CT

setup, with the added benefit of acquiring the data with a single scan. We optimized the
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ideal energy ranges with which to perform the decomposition by adjusting the energy bins

of the PCD through an extensive set of threshold options. We also expanded the mate-

rial decomposition capabilities of this method by employing K-edge subtraction imaging

to separate a high-atomic number contrast material, i.e., gold. From the perspective of a

dual-energy measurement, unless the peak energy of the lower energy scan could be set to

the K-edge energy of the contrast material, at least three energy bins would be needed to

produce Zeff and ρe images, along with a separate K-edge contrast image. Gold is currently

under investigation as a CT contrast agent in the form of gold nanoparticles [57, 124, 54].

The decomposition method was calibrated and evaluated using a number of tissue equivalent

materials with known Zeff and ρe as well as tested on a ex-vivo bovine tissue sample which

were compared to tabulated tissue values. In addition, the adapted method was compared

against the same method used as it was originally intended, with DECT data.

4.3 Materials and methods

4.3.1 Bench-top photon-counting CT system

The bench-top PCD-CT system used in this work to evaluate the material decomposition

method described above consisted of an x-ray tube (MXR 160/22, Comet Technologies,

San Jose, CA, USA) and a PCD (Redlen Technologies, Saanichton, BC, Canada) with a

rotating sample stage (Newport Corporation, Irving, CA, USA) mounted between the two

(Figure 4.1). The source to isocenter distance was set to 322 mm with a source to detector

distance of 578 mm. The PCD has two 8×95 mm2 modules which together create an 8×190

mm2 detector active area. This yielded a 106 mm field of view with 4.5 mm Z-coverage

at isocenter. The detector crystal is 2-mm thick cadmium zinc telluride (CZT) which is

connected to an Application Specific Integrated Circuit (ASIC). The detector offers a pixel

pitch of 330 µm and six energy thresholds which can be set by the user. The six thresholds

define five specific energy ranges into which incident x-rays are binned. A sixth bin is in

place to record for events over the highest threshold setting, and a seventh bin counts every

event above the noise threshold of 24 keV. The PCD operates at up to 650 Mcps/mm2

without polarization and is linear up 6 Mcps/mm2 (deviation from output count rate vs

input count rate linearity is less than 1%) [115, 125]. The maximum count rate in this study

was 12.6 Mcps/mm2 with a deviation from linearity of less than 2%, causing negligible errors

in our estimates [118, 126, 25, 31]. The ASIC includes a coincidence circuit, which accounts

for some amount of charge-sharing by monitoring pixels immediately adjacent to incident

pixel after an x-ray detection. If any charge less than that collected in the incident pixel is
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Figure 4.1: The bench-top imaging setup.

measured in the adjacent pixels during a specified time window, those counts in both the

incident and adjacent pixel are considered to be charge-shared. The ASIC can operate in two

modes; one mode discards all charge-shared counts, and the other mode includes all counts,

regardless of charge sharing. We utilized the total counts mode as there was little difference

between the two modes at the low flux rates used in this study. Other non-idealities within

the PCD system do still exist, such as differences in ASIC dead times and inconsistencies in

gain between pixels and variations in the CZT crystal itself. Calibration was conducted on

the detector to minimize the inconsistencies in pixel dead time to less than 100 ps. Energy

calibration was also performed on a per pixel basis using either an Americium-241 or a

Cobalt-57 source. Instabilities between pixels in the time domain were tested for using both

1-second and 1-minute stability tests. If a detector failed any of the above tests it was not

utilized in this study.

4.3.2 CT acquisitions

For all CT acquisitions, the beam was collimated to 172.5 mm horizontal and 17.25 mm

vertical coverage at isocenter. The sample stage was rotated at 2 deg/s for a total of 180 s

over which 720 projection images were acquired for 0.25 s each.

PCD-CT data sets were acquired at a tube voltage of 120 kVp, with a tube current of

2 mA, the small focal spot (∼0.4 mm), and 6 mm Al filtration in order to replicate the

filtration of a clinical head protocol.
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DECT data sets were acquired at 80 kVp and 120 kVp. DECT scans were still acquired

with the PCD as our lab does not have access to an EID capable of CT acquisitions. The

120 kVp acquisitions were acquired at the same time as the PCD-CT scans (at 2 mA with 6

mm Al), but only utilized the bin which counts every x-ray above 24 keV. The 80 kVp scans

were obtained with a tube current of 2.5 mA, the small focal spot, and 3 mm Al filtration.

The parameters for the 80 kVp scans were chosen to replicate the same dose as the 120 kVp

scans, calculated in SpekPy [127]. For the 80 kVp scans, the sixth energy bin was used,

containing energies from 24-80 keV.

4.3.3 Image reconstruction and normalization

The projection images from each CT acquisition, along with flat field and water phantom

projection first had dead pixels corrected for using nearest neighbor’s interpolation. The

flat field and water phantom projection were acquired with the same parameters as the CT

projections. The projection images were then corrected for air in each bin using the equation:

pn = −ln(
In
I0,n

);n = 1, 2, 3, 4, 5, 6 (4.1)

in which p is the corrected sinogram image, I is the number of counts in the projection image,

and I0 is the number of counts in the flat field scan. n refers to the energy bin number; bins

1-5 are the individual energy bins and bin 6 is the total counts bin. Additionally, an in-house

ring artifact correction method was applied to the sinograms using the water phantom scan

[25]. The water phantom was chosen to cover the full field-of-view (FOV) of the detector,

leaving no air showing at the edges of the detector after the scan. The water phantom data

was corrected for air using Eq. 4.1. Then, each row of the corrected water phantom data

was filtered with a median filter to smooth out any large spikes in the data, as the water

phantom should appear a smooth curve when a single row is plotted. Each median-smoothed

row was fit with an 8-degree polynomial and the ratio between the polynomial fit and the

air-corrected data was found. This created a gain-matrix for each pixel which was multiplied

to each projection image to correct for small pixel response variations. Finally, all of the

gain-corrected projections were summed together to create a single summed projection. Each

row of the summed projection was smoothed with a median filter and linearly interpolated

to find the ”ideal” summed projection. The difference between the ”ideal” and the original

summed projection was found and any pixels still displaying large deviations were corrected

for using nearest-neighbor interpolation.

CT images for each energy bin were reconstructed separately using the Feldkamp-Davis-
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Kress (FDK) algorithm [20] with a Hamming filter, as implemented in the TIGRE package

[128] in Python. Images were reconstructed with 24 slices, each containing 512×512 pixels.

The reconstructed image slices were 105×105 mm2 with a slice thickness of 0.184 mm. The

images were then converted to CT number (HU) using the equation:

HU = 1000 ∗
(
µ− µw

µw

)
(4.2)

where µ is the un-normalized image signal and µw is the mean signal within the water vials.

For the ex-vivo acquisitions, the water vial signal from the calibration insert scans was used

for µw.

4.3.4 Effective atomic number

For mixtures composed of multiple elements, an effective atomic number (Zeff ) can be

defined which in theory takes into account the atomic numbers of each of the consituent

elements. Here, Zeff was calculated based on the method detailed in [42]. Briefly, for

elements, we can define CT number in the following manner:

HU = 1000(ρef(Z)− 1) (4.3)

where, f(Z) is the electronic cross section relative to water; therefore, CT number is a

function of ρe and σe. We seek to define Zeff for mixtures based on the electronic cross

section so that CT data can be used to tissue characterization [42]. Thus, we parameterize

the electronic cross section (σ̂e(Z)) such that it is a bijective function over the Z domain that

covers human tissues. For a given photon spectrum, the parametric electronic cross section

at Zeff would be the electronic cross section for the mixture averaged over the spectrum

(σe,mix). This gives

σ̂e(Zeff ) = σe,mix (4.4)

and

Zeff = σ̂e
−1(σe,mix) (4.5)

Thus, Zeff can be defined for a material at a specific energy.
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4.3.5 Material decomposition methodology

The material decomposition method used in this study is an adaptation of the DECT stoi-

chiometric calibration method detailed by Bourque et al (2014) [42], which is based on the

method by Schneider et al (1996) [129]. In the method laid out in [42], a DECT scan of

a set of calibration materials with known Zeff and ρe values is performed. The average

CT numbers in both of the energy scans are calculated for each of the various calibration

materials and paired with their known Zeff and ρe values. A pair of calibration coefficient

vectors are then estimated via least-squares which define the relationship between the CT

numbers and the physical material properties, Zeff and ρe. In subsequent scans under the

same conditions, the calibration coefficients can then be used to determine Zeff and ρe for

unknown materials. In this study, the method remains the same, but the information from

two PCD energy bins collected from a single CT acquisition are used in place of two different

energy scans from a DECT acquisition. The following is a short explanation of the method

as detailed in [42].

CT numbers in both the low and high data sets can be converted to reduced CT num-

bers, ur, in which r is defined as either L or H for either the low and high energy ranges,

respectively. The reduced CT number is calculated as follows and is the ratio of the average

linear attenuation coefficient of the material (µr) to that of water (µw,r) within that energy

range:

ur =
µr

µw,r

=
HUr + 1000

1000
(4.6)

[130] stated that some have argued, to some degree of accuracy, that the linear attenuation

coefficient can be parameterized into the photoelectric, Compton scattering, and Rayleigh

scattering cross sections:

µ(Z) = neσe(Z) = ne(kphz̃
3.62 + krayẑ

1.86 + kKN) (4.7)

where ne is the electron density, σe is the electronic cross section, the k values are coefficients

associated with the three cross sections, and the values z̃ and ẑ are given by the power law

additivity rule [131, 132]:

zj =
[∑

i

γiZ
j
i

]1/j
(4.8)

so z̃ = z3.62 and ẑ = z1.86. γi are the fractional weights of the elements in the mixture.
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Dividing Eq. 4.7 by µw leads to the reduced CT number or relative linear attenuation

coefficient (u), and ne becomes the relative electron density, ρe. However, [133] and [130]

state that such a model is not sufficient as the power law additivity rule varies with photon

energy and with samples containing elements with a large range of atomic numbers. [130]

also state that empirical formula have been explored by polynomial or exponential functions

that are valid over a specific range of Z and energy. [42] develop such a model. They show

that the electronic cross section (σe) can be parameterized for any Z:

σe =
M∑

m=1

amZ
m−1 (4.9)

am are coefficients which can be estimated through a least-squares fit of the electronic cross

section from the NIST database [134]. The behavior of the electronic cross section with

respect to Z can be seen in [42]. Thus, for u, a relationship can be defined for one of the

two energy scans:

ur = ρe,r

M∑
m=1

bm,rZ
m−1
eff (4.10)

Here, bm,r are the first sets of coefficients which are estimated through calibration with a set of

known materials. One set of coefficients corresponds to the low energy data set and the other

corresponds to the high energy data set. It should be noted that the polynomial expansion

in Eq. 4.10 [135, 136] offers more degrees of freedom compared to Eq 4.7. Additionally, for

integer values of Zeff in Eq. 4.10, corresponding to elements, the bm values would be equal

to the am values from Eq. 4.9 divided by the linear attenuation coefficient for water at the

effective energy of the spectra. However, when looking at mixtures, the bm values for said

mixtures differ from the elemental am values.

Next, we define a variable (Γ) called the dual-energy index [137], which incorporates both

CT numbers for a specific material or voxel, which is independent of ρe.

Γ =
uL − uH

uL + uH

(4.11)

Γ is independent of ρe, and we can assume Zeff is independent of the photon spectrum

over the range of energies used [42]. Thus, we can say Γ ≡ Γ(Z) within the domain Z ∈
[Zmin, Zmax], where both Γ and Z are bijective. Zmin and Zmax refer to the lowest effective

atomic numbers of the calibration materials. So, we can then define Zeff as a polynomial

sum of the Γ of order K.



56

Zeff =
K∑
k=1

ckΓ
k−1 (4.12)

Here, ck is the second set of coefficients which are found through a least squares solution

given known Zeff and Γ values.

Once the bm,r and ck coefficients have been found, Γ can be defined per voxel for subse-

quent scans and Zeff can be estimated using Eq. 4.12 and ρe found using:

ρe =
1

2
[ρe,L + ρe,H ] (4.13)

in which

ρe,r =
ur∑M

m=1 bm,rZ
m−1
eff

(4.14)

The only other modification made to the method from [42] occurs if the CT number of

a voxel in either of the bins is below -900 HU, that voxel is automatically assigned to air

with a Zeff value of 7.66 and ρe value of 0.0011. Excluding air, the material with the lowest

CT number is the LN-300 Lung insert, which averages approximately -710 HU over multiple

imaging modalities, with the lowest CT number being -805 HU [138]. Alternatively, they

demonstrated air had a maximum CT number of -960 HU. A threshold of -900 HU straddles

the difference between the two, erring towards considering values as not air. Our system

does suffer from ring artifacts which occur in regions of air as well, so utilizing a slightly

higher threshold mitigates those artifacts from propagating into the Zeff and ρe maps.

4.3.6 Tissue equivalent materials

Twelve inserts from an RMI electron density phantom (Gammex, Middleton, WI, USA) were

used for the stoichiometric calibration for both PCD-CT and DECT, as well as for method

evaluation. The insert information can be seen in Table 4.1 including their ρe and elemental

compositions. The inserts’ relative electron densities were provided with the phantom, and

the elemental compositions were requested and obtained from the manufacturer. However,

the phantom model was older than the manufacturer’s records so a number of relative electron

densities of the materials from the requested data did not match with the original data

sheet provided with the phantom. The elemental composition of these materials was then

found in other publications. Specifically, the elemental compositions of LN-450 Lung and

IB Inner Bone were obtained from [139] and the two CaCO3 cylinders were obtained from

[96]. The materials covered most tissue types, with soft-tissue like materials (Zeff < 8)



57

Table 4.1: Relative electron density (ρe), effective atomic number (Zeff ) for PCD-CT and
DECT, and elemental composition for the tissue equivalent materials used in this study.

Material ρe Zeff Zeff H O C N Cl Ca P Mg Si
PCD-CT DECT

Lung (LN-300) 0.280 7.782 ± 0.020 7.796 ± 0.000 7.43 20.71 57.86 1.96 0.08 11.19 0.77
Lung (LN-450) 0.465 7.704 ± 0.020 7.719 ± 0.000 8.47 18.11 59.56 1.97 0.1 11.21 0.58
AP6 Adipose 0.937 6.339 ± 0.024 6.362 ± 0.004 9.44 14.86 73.5 2.07 0.13
BR-12 Breast 0.957 6.994 ± 0.023 7.011 ± 0.000 8.97 16.45 71.36 2.14 0.13 0.93
Water 1.000 7.687 ± 0.006 7.693 ± 0.001 11.19 88.81
Solid Water 0.987 7.763 ± 0.029 7.777 ± 0.003 8.39 18.40 68.59 2.19 0.14 2.26 0.03
BRN-SR2 Brain 1.049 6.338 ± 0.024 6.362 ± 0.005 9.97 16.34 72.13 1.69 0.07
LV1 Liver 1.077 7.755 ± 0.033 7.773 ± 0.003 8.40 18.50 68.41 2.25 0.14 2.26
IB Inner Bone 1.106 10.638 ± 0.055 10.666 ± 0.003 6.67 23.52 55.65 1.96 0.11 8.86 3.23
B-200 Bone 1.105 10.482 ± 0.058 10.515 ± 0.001 6.94 19.82 56.62 1.81 0.11 6.39 8.31
CB2-30% CaCO3 1.274 11.076 ± 0.046 11.095 ± 0.004 6.68 25.61 53.48 2.12 0.11 12.01
CB2-50% CaCO3 1.467 12.513 ± 0.012 12.499 ± 0.011 4.47 32.00 41.63 1.52 0.08 20.02
SB3 Cortical Bone 1.691 13.582 ± 0.008 13.562 ± 0.013 2.26 39.08 30.34 0.99 0.04 36.48 0.41

and materials mimicking various bone densities (Zeff > 10). The tissue-equivalent inserts

were only calibrated for ρe, while Zeff was calculated based on the parametrization of the

electronic cross section (Eq. 4.5) as Zeff varies with photon energy. Zmin and Zmax, which

define the Z domain over which decomposition is valid were [6.338, 13.582] for PCD-CT and

[6.362, 13.562] for DECT.

In practice, the electronic cross sections for each of the elements that appear in the

tissue-equivalent material compositions were obtained from the XCOM photon cross section

database [134]. Beam spectra were generated in SpekPy [127], previously validated for our

x-ray source [140]. Separately, each element’s electronic cross section was averaged over

the photon spectrum or energy bin spectrum in question, weighted by the relative number

of photons of each energy. The effective energy of each energy bin was also calculated by

taking the mean energy weighted by the photon spectrum within the bin. Then, a composite

electronic cross section over all photon energies was then defined for each tissue-equivalent

insert by calculating a weighted sum of the electronic cross sections for the elements that

made up the insert, with the percent compositions as the weights for each element (Table

4.1), before taking the weighted average over the same photon spectrum. The theoretical

Zeff of each insert was then estimated based on a cubic spline interpolation between the

energy weighted electronic cross sections of each of the elements and their atomic number.

As the theoretical Zeff varies with energy, the average of the two Zeff values from the two

energy ranges was used in the calibration and evaluation of the model, and the reason for

the variation between PCD-CT and DECT. [42] showed that theoretical Zeff varies weakly

with the photon spectrum and can be considered as a systematic error. Table 4.1 shows the

variation between the theoretical Zeff values as the distance from the average (the value

following the ±). Additionally, given the small variation in Zeff values, we also consider

variation to be a systematic error and that Zeff is independent over the energy range of

24–120 keV.
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4.3.7 Energy bin optimization

The PCD of the bench-top system offers six energy thresholds, which enabled a large number

of potential energy range options for the low and high energy bins to be used in the decom-

position. In order to find the energy ranges that offered the best results, fourteen sets of

energy thresholds were chosen to encompass all possible energy ranges of 10 keV and larger

between 35 and 120 keV, as seen in Table 4.2. The minimum width of an energy range was

10 keV, as the energy resolution of the detector is ∼8 keV. The tissue-equivalent materials

were broken into three groups, as shown in Figure 4.2a–c, as the FOV of the system could

not accommodate all of the cylinders in a single scan. The model was still optimized on

all twelve materials and water. This resulted in 42 total scans, three at each set of energy

thresholds. To minimize the number of CT acquisitions necessary, the summation of counts

in adjacent bins was used to obtain larger energy ranges. Each of the scans was reconstructed

and normalized according to Section 4.3.3, with the water normalization value being taken

as the mean value within the water vial of each scan. An exhaustive search for best set of

energy ranges was conducted by pairing each energy range with every other possible range;

the starting energy of the higher energy range was restricted to be at least 5 keV above the

ending energy of the lower range. For each pair, the CT volume was split in half and the

model calibrated on half of the slices and evaluated on the other half. Additionally, at each

pair of energy range, the model was tested at K and M values ranging between 2 and 7.

Some combinations of energy ranges and K and M values did not converge on values of c

and b, or produced negative mean values when evaluated, both were discarded. The perfor-

mance of each pair of energy ranges, at each value of K and M, was evaluated by computing

the average root mean squared percent error (RMSPE) of the tissue-equivalent materials

excluding LN-300 Lung for both Zeff and ρe. The RMSPE of Zeff and ρe for LN-300 Lung

was calculated separately, as due to its in-homogeneity it appears as an outlier, and skews

the results of the average RMSPE. The equation for RMSPE can be seen below:

RMSPE =

√√√√ 1

n

n∑
i=1

(yi − ŷi
yi

)2

∗ 100 (4.15)

where ŷi is the measured value of either Zeff or ρe , yi is the corresponding theoretical value,

and n is the number of data points in the Zeff or ρe sample. The data points for each tissue-

equivalent materials were calculated as the mean values within a ∼22 mm diameter ROI

within each of the slices of the CT scan. A weighted sum of the four values was computed

with weights of 0.4, 0.35, 0.1, and 0.15 for the average Zeff RMSPE, the average ρe RMSPE,
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Figure 4.2: (a-c) The optimization tissue-equivalent subsets: (a) Brain, cortical bone, LN-
450 lung, adipose, and solid water. (b) CB2-50%, liver, LN-300 lung, and breast. (c) Inner
bone, B-200 bone, and CB2-30%. (d–g) The calibration and evaluation cylinder subsets:
(d) The water phantom. (e) Cortical bone, brain, LN-450 Lung, and liver. (f) Solid water,
adipose, LN-300 Lung, breast, CB2-50%. (g) Inner bone, B-200 bone, and CB2-30%. (i) An
ex-vivo bovine tissue sample consisting of a short section of rib bone, surrounded by adipose
and muscle tissue.

the Zeff RMSPE of LN-300 Lung, and the ρe RMSPE of LN-300 Lung, respectively. The

weights were chosen in order to minimize each of the four RMSPE values while limiting one

of the four from growing too large.

For DECT, all values of K and M between 2 and 7 were used to calibrate and evaluate

the model. The values which minimized the sum of the average RMSPE for Zeff and ρe

were used for further analysis.

4.3.8 Model performance analysis

After optimization, the tissue-equivalent cylinders were scanned at the energy thresholds

dictated by the results of the optimization. A water phantom, as well as the inserts (Fig-

ure 4.2d–g) were scanned to acquire a data set to be used to calibrate the model. The inserts

were again separated into three groups as they were unable to all fit on the rotation stage

simultaneously. The entire group of twelve inserts, plus water, was used to calibrate the

model. After model calibration, the calibration coefficients were tested by predicting ele-

mental linear attenuation coefficients. Additionally, the CT number predicted by the model
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Table 4.2: PCD energy thresholds for the energy range optimization scans.

PCD-CT Calibration coefficients
Scan number Thresholds (keV)
1 30, 45, 55, 65, 75, 120
2 35, 50, 65, 80, 95, 115
3 35, 60, 70, 85, 95, 120
4 35, 45, 70, 80, 90, 100
5 35, 45, 60, 75, 85, 100
6 40, 50, 60, 80, 95, 105
7 40, 55, 70, 85, 95, 115
8 40, 65, 75, 85, 95, 105
9 40, 50, 70, 85, 105, 120
10 40, 50, 75, 90, 105, 115
11 50, 60, 70, 90, 100, 110
12 55, 80, 90, 100, 110, 120
13 55, 65, 75, 85, 100, 120
14 55, 65, 75, 85, 100, 120

for each of the tissue equivalent materials was compared to the average CT number found

experimentally. The residual HU was found by subtracting the experimental CT number

from the predicted value. An additional set of the same scans was taken to obtain a data

set to be used to evaluate the model, using all of the inserts and the water phantom. The

values of K and M used in the model were also defined during the optimization. Once the

Zeff and ρe maps of the evaluation data set were extracted, the accuracy of the Zeff and ρe

values for each material was evaluated and compared to the calculated values. Mean Zeff

and ρe values were calculated from a 21 mm ROI within each cylinder over all slices without

significant ring artifacts, and the RMSPE of each cylinder was evaluated using the mean

value within the cylinder’s ROI from each slice as data points, referred to as the ROI points.

To compute the absolute error relative to water, the difference between the theoretical values

and the ROI points was divided by the corresponding Zeff or ρe of water. The mean and

standard deviation of the results were then computed. The total mean of Zeff and ρe for

each material was also evaluated as the mean of all voxels within the ROIs from each of the

slices, with the variation of Zeff and ρe computed as the standard deviation of the voxels

defined by the ROIs in the same slices. Additionally, to evaluate the noise between PCD-CT

and DECT, the standard deviation of the voxels within the water insert were evaluated in

the low and high energy CT images and the resulting Zeff and ρe maps for each method. The

model was also tested by scanning a 10 cm high-density polyethylene phantom containing
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an approximately 10 mm diameter piece of pure aluminium to extract the atomic number

and relative electron density.

4.3.9 Ex-vivo bovine tissue samples

An ex-vivo bovine tissue sample and was stored at 4◦C in a refrigerator until it was scanned

with PCD-CT and DECT. The same acquisition parameters as defined by the results of

the optimization of the tissue-equivalent inserts were used in both cases. The time between

the samples removal from the refrigerator and the end of scanning was approximately two

hours. The bovine sample consisted of fat, muscle, and bone and was approximately 75

mm in height and 45 and 60 mm in length and width, respectively (Figure 4.2i). One

acquisition was acquired with the bovine sample alone for both PCD-CT and DECT and

another acquisition was conducted for PCD-CT after the same sample was injected with 0.3

ml of 50 mg/ml AuCl3 (GG3CS-25.4-100 Lot AUY03-7077, Nanopartz Inc, Loveland, CO)

into the muscle and fat portion to mimic a contrast-enhanced CT scan.

4.3.10 Ex-vivo tissue data analysis

The Zeff and ρe maps for the short rib scans were extracted after the stoichiometric cal-

ibration was computed on the values from all of the tissue-equivalent material cylinders.

The Zeff and ρe values of adipose, muscle, spongiosa (or inner bone), and cortical bone

were compared to reference values. The reference material values were calculated from the

mass densities and elemental compositions of human tissues referenced from ICRP50 as tab-

ulated in [42]. The measured ex-vivo tissue sample’s Zeff and ρe values found after material

decomposition were calculated by placing ROIs in the conventional CT image within areas

containing only the specific material. The mean and standard deviation of the voxels defined

by the ROIs in all slices without significant ring artifacts were then calculated and compared

to the reference value.

4.3.11 K-edge subtraction

Gold K-edge images were reconstructed using the K-edge decomposition method described

by Zhang et al (2020) [60]. The K-edge subtraction algorithm used the two energy ranges

of the sinogram surrounding the K-edge of gold (80.7 keV), as one of the energy thresholds

was placed placed at 81 keV. Once reconstructed, the signal of a reference 50 mg/ml AuCl3

gold sample and water were used to normalize K-edge image signal linearly between 0 and 50
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mg/ml of Au. As the injected gold in the short rib was 50 mg/ml, signal would not exceed

that level.

4.4 Results

4.4.1 Energy bin optimization

We found that the energy ranges of 35–50 keV and 65–95 keV gave the best balance of

minimizing the average RMSPE of Zeff and ρe for all materials (excluding LN-300 Lung)

and the RMSPE of LN-300 Lung itself. K and M values of 5 also gave us the best results

for PCD-CT. For DECT, we obtained the best results given K and M values of 2 and 3,

respectively. The RMSPE values for the energy ranges of 35–50 keV and 65–95 keV can be

seen in Table 4.3 with all combinations of K and M between 2 and 7. The full list of results

for PCD-CT and DECT can be found in the Supplementary Materials. The effective energy

for the 80 kVp spectrum with 3 mm Al was 44.9 keV, for the 120 kVp spectrum with 6 mm

Al was 58.9 keV, for the 35–50 keV bin with 6 mm Al was 42.7 keV, and for the 65–95 keV

bin with 6 mm Al was 76.4 keV.

4.4.2 Calibration verification

Given the best energy ranges of 35–50 keV and 65–95 keV, the energy thresholds for the

calibration and evaluation scans were set to 30, 35, 50, 65, 81, and 95 keV. The 81 keV

threshold was chosen in order to account for K-edge imaging of gold, and the 65–95 keV bin

was created by summing the 65–81 and 81–95 keV bins together. The calibration coefficients

determined for PCD-CT and DECT can be seen in Table 4.4. Using the bm values for

both energy ranges for PCD-CT and DECT, the values of the sum
∑M

m=1 bm,rZ
m−1
eff from

Eq. 4.10 was calculated for elements between 5 and 15, the approximate Zeff range the

model is calibrated for. The results can be seen in Fig. 4.3. The calculated values ranged

between ∼0.75–1.0 at Z = 5 and increased to ∼1.4–2.2 at Z = 15. Two examples of the

predicted elemental linear attenuation coefficients for oxygen and carbon at the effective

energies of the two PCD-CT energy bins and the 80 kVp and 120 kVp spectra can be seen

in Figure 4.4. The results of the aluminium extraction can be seen in the Fig. 4.5 and 4.6.

The comparison between the predicted and experimental CT number for each of the tissue

equivalent materials can be seen in Fig. 4.7. Materials with residual CT numbers over ±10

HU were water in all energy ranges, B-200 Bone in the 35–50 keV energy bin, IB Inner Bone

in the 80 kVp and 120 kVp spectra, CB2-50% in the 80 kVp and 120 kVp spectra, and
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Table 4.3: The optimization results for K and M values with energy bins of 35–50 keV
and 65–95 keV. Mean Zeff and ρe RMSPE values encompass all tissue-equivalent inserts
excluding LN-300 Lung.

K M Mean Zeff Mean ρe LN-300 Lung LN-300 Lung
RMSPE RMSPE Zeff RMSPE ρe RMSPE

2 2 1.465 2.454 3.247 1.056
2 3 1.465 0.806 3.247 0.836
2 4 1.465 0.875 3.247 0.838
2 5 1.465 1.140 3.247 3.027
2 6 1.465 0.871 3.247 1.112
2 7 1.465 2.925 3.247 47.248
3 2 1.357 2.488 3.343 1.123
3 3 1.357 0.862 3.343 0.860
3 4 1.357 0.935 3.343 0.872
3 5 1.357 1.125 3.343 2.543
3 6 1.357 0.843 3.343 1.212
3 7 1.357 1.671 3.343 4.966
4 2 1.021 3.274 4.979 5.966
4 3 1.021 0.473 4.979 1.117
4 4 1.021 0.514 4.979 1.206
4 5 1.021 1.288 4.979 8.390
4 6 1.021 0.827 4.979 2.545
4 7 1.021 13.008 4.979 2.979
5 2 1.102 2.403 0.535 1.140
5 3 1.102 0.425 0.535 1.420
5 4 1.102 0.470 0.535 1.416
5 5 1.102 0.469 0.535 0.947
5 6 1.102 0.654 0.535 1.431
5 7 1.102 1.535 0.535 1.143
6 2 3.588 3.743 19.058 4.779
6 3 3.588 0.511 19.058 1.982
6 4 3.588 1.943 19.058 2.221
6 5 3.588 3.014 19.058 19.148
6 6 3.588 1.055 19.058 4.859
6 7 3.588 4.256 19.058 3.402
7 2 3.188 3.564 17.457 577.394
7 3 3.188 0.510 17.457 1.901
7 4 3.188 0.590 17.457 8.009
7 6 3.188 1.497 17.457 4.729
7 7 3.188 38.384 17.457 43.952
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Table 4.4: The calibration coefficients of the model for PCD-CT and DECT. bL refers to the
calibration coefficients in Eq. 4.10 calculated for the low energy range. bH are those for the
high energy range.

PCD-CT Calibration coefficients
c, K = 5 7.80, 51.98, -57.77, -2937.70, 19069.63
bL, M = 5 -3.25, 1.86, -0.31, 0.023, -0.00058
bH , M = 5 0.73, 0.10, -0.017, 0.0014, -0.000031
DECT Calibration coefficients
c, K = 2 7.35, 70.68
bL, M = 3 1.00, -0.076, 0.010
bH , M = 3 1.05, -0.062, 0.0074

Figure 4.3: Calibration results for elements between 5 and 15 based on the bm coefficients
from Table 4.4 and calculating the sum in the Eq. 4.10. (a) The results for PCD-CT. (b)
The results for DECT.

Cortical Bone in the 80 kVp spectrum.

4.4.3 Method evaluation with known tissue-equivalent materials

The results of the decomposition of Zeff and ρe from the 12 tissue equivalent cylinders and

water can be seen in the resulting images in Figure 4.8 for PCD-CT and Figure 4.9 for DECT.

Both figures show a conventional CT image with the CB3-50%, AP6 Adipose, LN-300 Lung,

Solid Water, and BR-12 Breast and the resulting Zeff and ρe maps.

Table 4.5 shows the RMSPE of each of the cylinders and Table 4.6 shows the error of
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Figure 4.4: Predicted linear attenuation coefficient at the effective energies of the energy
bins for PCD-CT and spectra for DECT. (a) Carbon. (b) Oxygen.

on the materials relative to water. Figure 4.10 shows the voxel-wise mean and standard

deviation of both Zeff and ρe each of the various tissue-equivalent materials plotted as ρe

vs. Zeff , for both PCD-CT and DECT.

Table 4.7 demonstrates the noise in the low and high energy CT images for PCD-CT and

DECT as well as the noise in the Zeff and ρe maps for each method.

4.4.4 Ex-vivo tissue sample

The decomposition images of the ex-vivo tissue sample can be seen in Figure 4.11 for PCD-

CT and Figure 4.12 for DECT. The conventional CT image and the Zeff and ρe maps are

presented in both figures. The mean and standard deviation of Zeff and ρe within ROIs of

cortical bone, adipose, muscle, and inner bone (spongiosa) are shown for both PCD-CT and

DECT in Table 4.8.

4.4.5 K-edge imaging

In addition to material decomposition, PCD-CT offers high-Z contrast material extraction

and quantification, as demonstrated in Figure 4.13. In the conventional CT image (Figure

4.13a) the gold solution is indistinguishable from the inner bone (Figure 4.13b). However,

gold is extracted in the K-edge subtraction image (Figure 4.13c).
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Table 4.5: RMSPE of individual tissue equivalent materials.

Zeff ρe
Material PCD-CT DECT PCD-CT DECT
Lung (LN-300) 0.70% 5.46% 4.57% 13.93%
Lung (LN-450) 0.59% 3.06% 0.52% 2.26%
AP6 Adipose 0.94% 0.41% 0.10% 0.11%
BR-12 Breast 0.89% 1.33% 0.33% 0.71%
Water 1.45% 4.00% 1.83% 0.29%
Solid Water 0.86% 1.14% 0.20% 1.02%
BRN-SR2 Brain 0.70% 0.20% 0.14% 0.41%
LV1 Liver 0.37% 1.63% 0.61% 1.17%
IB Inner Bone 0.58% 0.49% 0.13% 0.84%
B-200 Bone Mineral 0.92% 0.91% 0.16% 0.77%
CB2-30% CaCO3 0.32% 0.95% 0.09% 1.32%
CB2-50% CaCO3 0.72% 1.16% 0.52% 0.20%
SB3 Cortical Bone 0.81% 2.21% 0.17% 2.67%

Table 4.6: Absolute error relative to water of individual tissue equivalent materials.

Zeff ρe
Material PCD-CT DECT PCD-CT DECT
Lung (LN-300) 0.63% ± 0.32% 5.49% ± 0.55% 1.23% ± 0.36% 3.89% ± 0.35%
Lung (LN-450) 0.53% ± 0.26% 3.02% ± 0.54% 0.19% ± 0.15% 1.02% ± 0.24%
AP6 Adipose 0.76% ± 0.79% 0.33% ± 0.14% 0.07% ± 0.05% 0.10% ± 0.05%
BR-12 Breast 0.79% ± 0.16% 1.18% ± 0.17% 0.30% ± 0.09% 0.67% ± 0.10%
Water 1.42% ± 0.26% 3.99% ± 0.28% 1.83% ± 0.09% 0.26% ± 0.12%
Solid Water 0.86% ± 0.12% 1.10% ± 0.14% 0.18% ± 0.08% 1.01% ± 0.07%
BRN-SR2 Brain 0.55% ± 0.18% 0.11% ± 0.10% 0.12% ± 0.07% 0.44% ± 0.06%
LV1 Liver 0.35% ± 0.15% 1.60% ± 0.12% 0.65% ± 0.08% 1.26% ± 0.04%
IB Inner Bone 0.80% ± 0.11% 0.66% ± 0.22% 0.12% ± 0.08% 0.92% ± 0.17%
B-200 Bone Mineral 1.25% ± 0.11% 1.17% ± 0.24% 0.15% ± 0.09% 0.81% ± 0.24%
CB2-30% CaCO3 0.45% ± 0.10% 1.35% ± 0.22% 0.09% ± 0.07% 1.66% ± 0.26%
CB2-50% CaCO3 1.15% ± 0.22% 1.89% ± 0.26% 0.73% ± 0.21% 0.22% ± 0.20%
SB3 Cortical Bone 1.40% ± 0.30% 3.88% ± 0.19% 0.25% ± 0.15% 4.50% ± 0.19%

Table 4.7: The noise in the low and high energy CT images and Zeff and ρe maps for
PCD-CT and DECT.

Image noise PCD-CT DECT
Low energy CT 17 HU 19 HU
High energy CT 20 HU 13 HU
Zeff map 0.567 0.556
ρe map 0.031 0.032
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Table 4.8: Effective atomic numbers and relative electron densities extracted from Ex-vivo
bovine tissue sample. Mean and standard deviation are displayed with the corresponding
ICRP human tissue values [141], calculated from their elemental compositions [129] as de-
tailed in Section 4.3.6.

Material Adipose Muscle Inner bone Cortical bone
(spongiosa)

PCD-CT Effective 6.41 ± 0.51 7.74 ± 0.51 10.60 ± 0.51 13.39 ± 0.72
Z (ICRP) (6.636) (7.751) (10.391) (13.666)
DECT Effective 6.56 ± 0.66 7.72 ± 0.67 10.36 ± 3.24 12.94 ± 1.44
Z (ICRP) (6.659) (7.760) (10.407) (13.653)
PCD-CT Relative 0.95 ± 0.03 1.05 ± 0.03 1.15 ± 0.06 1.60 ± 0.05
electron density (0.951) (1.04) (1.15) (1.781)
(ICRP)
DECT Relative 0.95 ± 0.03 1.06 ± 0.04 1.16 ± 0.27 1.68 ± 0.20
electron density (0.951) (1.04) (1.15) (1.781)
(ICRP)
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Figure 4.5: The 10 cm high-density polyethylene phantom containing a 10-mm diameter
piece of aluminium. (a–c) PCD-CT images: (a) the 35-50 keV bin with a profile drawn
through the Al, (b) the Zeff map, and (c) the ρe map. (d–f) DECT images: (d) the 25-80
keV bin with a profile drawn through the Al, (e) the Zeff map, and (f) the ρe map. The Zeff

and ρe maps show the mean and standard deviation of the extracted values. The atomic
number of Al is 13 and the relative electron density is 2.344, calculated values for PCD-CT
and DECT are shown below each figure. Excessive beam hardening negatively affects the
Zeff maps for both PCD-CT and DECT.

4.5 Discussion

The ability for the decomposition method to accurately segment materials based on Zeff

and ρe was successfully demonstrated with a set of calibration tissue-equivalent materials

along with an ex-vivo bovine tissue sample. The mean RMSPE values for Zeff and ρe for

PCD-CT were 0.76% and 0.72%, respectively, and 1.77% and 1.98% for DECT. One po-

tential explanation for the better performance of the PCD-CT model compared to DECT

model can be seen in Fig. 4.3. Over the entire Zeff range that the PCD-CT or DECT models

are calibrated for, the difference in the values for the low and high energy range is larger

for PCD-CT, meaning material analysis is easier. For both data sets, however, a number of

shortcomings exist that could lead to the the decomposed data not matching the theoretical
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Figure 4.6: The image signal for the profile seen in Supplementary Figure 1 in (a–c) PCD-CT
images: (a) the 35–50 keV bin, (b) the Zeff map, and (c) the ρe map. (d–f) DECT images:
(d) the 25–80 keV bin, (e) the Zeff map, and (f) the ρe map. The Zeff and ρe maps show
the mean and standard deviation of the extracted values.

values. Due to the fact that the phantom was an older model, the manufacturer did not

have the composition data for the specific batch of tissue-equivalent inserts. The density

and ρe specifications were included with the phantom, so the predicted ρe was accurate.

The manufacturer did provide an elemental composition table for the current makeup of the

various inserts with their density and ρe. For the materials whose ρe did not quite match

with the manufacturer-provided table, the closest data was found in the literature. As the

calculation for the theoretical Zeff values depends significantly on the elemental makeup of

the inserts, this introduced uncertainty. However, as seen in Fig. 4.7, the experimental CT

number for the various tissue-equivalent materials was generally within 10 HU of the CT

number predicted by the model for all energy bins or spectra, excluding some outliers. This

indicates that the composition of the materials in Table 4.1 is close to the real composition

for those that were found in the literature. The material that showed the highest consistent

residual CT number across both energy bins and both DECT spectra was, in fact, water.

Given that the composition of water is well defined, and that the materials whose compo-
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Figure 4.7: The residual CT number for the tissue-equivalent materials plotted against their
relative electron density. The residual CT number is the experimental CT number subtracted
from the CT number predicted by the model. (a) the 35–50 keV bin for PCD-CT, (b) the
65–95 keV bin for PCD-CT, (c) the 80 kVp spectrum for DECT, and (d) the 120 kVp
spectrum for DECT.

sitions were found in the literature did not deviate over all energy bins and spectra, the

deviation was likely not due entirely from erroneous compositions. In fact, LN-450 Lung,

whose density deviated the most from the density found in the literature, still demonstrated

similar accuracy when compared with other inserts for the PCD-CT data.

Next, there was also uncertainty in the beam weighting of the electronic cross sections
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Figure 4.8: PCD-CT images of the second evaluation subset of tissue equivalent materials
and water. (a) 35-50 keV CT image with labeled materials and ROIs depicted in red. (b)
Effective atomic number image. (c) Relative electron density image.
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Figure 4.9: DECT images of the second evaluation subset of tissue equivalent materials and
water. (a) 80 kVp CT image with labeled materials and ROIs depicted in red. (b) Effective
atomic number image. (c) Relative electron density image.

in the calculation of the predicted Zeff values. The spectra used in the calculations were

the x-ray tube spectra, but as we were using a PCD, which suffers from effects such as

charge-sharing and pulse pileup [11], in addition to having a non-finite energy resolution,

the number of x-rays in a given bin may not match the actual number of x-rays produced

by the x-ray tube in that energy range. For the PCD-CT data, we also restricted the energy

ranges to contain energies 35 keV and above, which could impact the optimization negatively.

This is due to the fact that many soft tissues have larger differences in attenuation in the

low energy range, and thus lead to a more accurate decomposition. However, our PCD does

suffer from large differences in pixel response at energies below 30 keV, so in order to reduce

image noise, the lowest energy threshold in the optimization was restricted to 35 keV. Error

could still have been introduced in the DECT data, as it encompassed all energies from 24
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Figure 4.10: Effective atomic number versus relative electron density for all the tissue equiv-
alent materials and water. Crosses designate the theoretical values, and diamonds show the
extracted values, with error bars showing the standard deviation within the ROI for each
cylinder. (a) PCD-CT. (b) DECT.
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Figure 4.11: PCD-CT images of an ex-vivo tissue sample. (a) 35-50 keV CT image with the
color-coded tissue-specific ROIs. (b) Effective atomic number image. (c) Relative electron
density image.

keV (the electronic noise threshold) to the peak beam energy. This could be evident in the

increased ring artifacts seen in the DECT images (Figures 4.9 and 4.12) when compared

with the PCD-CT images (Figures 4.8 and 4.11). This introduced the potential for error in

CT number for the DECT data, as seen with the higher residual CT numbers for the two

DECT spectra (Fig. 4.7), and increased the noise within the cylinders when compared with

the PCD-CT data.

These properties and shortcomings of the PCD were also demonstrated in the prediction
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Figure 4.12: DECT images of an ex-vivo tissue sample. (a) 80 kVp CT image with the
color-coded tissue-specific ROIs. (b) Effective atomic number image. (c) Relative electron
density image.
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Figure 4.13: K-edge imaging for gold identification in an ex-vivo tissue sample. (a) 24-120
keV CT image, gold circled. (b) Profile drawn across the rib, shown as the red line in (a),
gold signal circled. (c) K-edge subtraction image of gold.

of the linear attenuation coefficients of carbon and oxygen (Fig. 4.4) at the effective beam

energies for both PCD-CT bins and both DECT spectra. Though the model successfully

predicted the linear attenuation coefficients of carbon and oxygen (Fig. 4.4), closely for PCD-

CT, the predictions of the linear attenuation coefficients at the effective beam energies of the

80 kVp beam and the 120 kVp beam were further from the true values. This is likely due to

the inclusion of the detections in the PCD below 30 keV, which include more spurious counts

and are subject to more noise than other energies. The effective energies were calculated

using the beam spectra calculated in Spekpy, which did not take into account the spectra the

detector records, which were distorted by charge-sharing and pileup. The PCD-CT linear

attenuation values were more accurate as the two energy bins suffer less from noise introduced

by the detector in the energy range below 30 keV and thus the effective beam energies were
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more accurate. The performance of the model was also demonstrated in the decomposition

of the aluminum (Fig. 4.5, 4.6), which was not a calibration material. Although the Z value

was reconstructed accurately, beam hardening was seen in the CT images and especially in

the Zeff maps. ρe was underestimated for both PCD-CT and DECT, though it was outside

of the calibration values for ρe, which contributed to the effect.

A potential shortcoming of the bin optimization for PCD-CT was the inclusion of the

water vial in the insert scans. As these were cone-beam acquisitions, the water vial was

used to normalize the reconstructions to CT number. The placement of the water vial in

the same scan as the inserts could have lead to beam hardening artifacts from the bone-

equivalent inserts in the water vial within the reconstructed images. Artifacts would affect

the normalization and thus the correct calculation of CT number. However, each of the scans

was examined qualitatively and the slices chosen in which to calculate the normalization value

were free from artifacts. The choice to include the water vial in the other tissue-equivalent

insert scans was to reduce to the total number of optimization scans that were necessary.

For the calibration and evaluation scans, the separate water phantom was scanned in order

to reduce the possibility of beam hardening artifacts.

PCD-CT outperformed DECT overall. Though DECT demonstrated slightly better RM-

SPE and relative error values for some of tissue-equivalent materials, such as AP6 Adipose

and BRN-SR2 Brain, DECT did not offer better results for both Zeff and ρe for a single

insert. Figure 4.10 demonstrates how the PCD-CT data agreed better with the predicted

values than DECT did, with mean values which were closer to the predicted values. The

RMSPE and relative errors for Zeff and ρe were calculated from the mean values in each

slice in order to mitigate the effect the ring artifacts had the results. The DECT images

also suffered from mis-registration, which is obvious in areas immediately surrounding the

cylinders and the ex-vivo bovine tissue sample in the Zeff images (Figures 4.9b and 4.12b).

Each of the 80 kVp DECT scans was approximately half of a degree out of rotation with

the corresponding 120 kVP scan, as shifting the sinogram one projection along the an-

gle space in either the positive or negative resulted in larger rings surrounding the objects

in the Zeff images. This was largely mitigated for the calculated Zeff and ρe values for

tissue-equivalent cylinders since the ROIs avoided the edges of the inserts, and excluding

the two lung-mimicking materials, the inserts were homogeneous. The results for the two

lung materials demonstrated how mis-registration can be a detriment in DECT due to the

various pores within the material being misaligned. However, even when excluding the lung

samples, PCD-CT demonstrated mean RMSPE values for Zeff and ρe of 0.78% and 0.39%,

respectively, compared with 1.30% and 0.87% for DECT.



75

For the ex-vivo bovine tissue sample, our method was not able to offer results which were

as accurate for all of the real tissue types as those that were found for the electron density

inserts.Adipose, muscle, and inner bone were accurately determined, with relative errors for

Zeff below 2.9% for both PCD-CT and DECT, and errors of 2% or less for ρe. Cortical

bone deviated much more significantly for both methods. There are a few likely sources

which contributed to the differences between the predicted and measured values. First, the

tissue sample is bovine, which may offer slightly different tissue compositions compared to

the measured human tissue compositions from the ICRP. Additionally, the types of bone

measured as spongiosa and cortical bone (Figures 4.11 and 4.12 )in the rib may not actually

represent the type of bone that was defined for the ICRP values. The areas adipose and

muscle are more obvious in the images and as a result the decomposed values more accurate

as well.

Gold chloride was successfully segmented within the bovine tissue sample with K-edge

subtraction imaging demonstrating the ability of PCD-CT to extract high-Z contrast mate-

rials in images while performing Zeff and ρe decomposition. K-edge subtraction results in

material specific and quantifiable material maps, which can, as demonstrated in this study,

be produced from the same set of energy bin data as was used for material decomposition.

One of the major benefits of PCD-CT in regard to material decomposition is that PCD-

CT is able to acquire the requisite energy data for material decomposition without the need

for a separate DECT system. With PCD-CT, multi-energy scans can be acquired on the

same system that acquires conventional CT data. Additionally, more than two sets of energy

data can be acquired, which offers the potential to decompose data into more than just two

maps [56], as done in this study with Zeff and ρe. The fact that the PCD-CT spectral

data is already co-registered also makes projection-based decomposition methods more eas-

ily feasible than many DECT systems where co-registration can be more complicated, as

demonstrated in this study. Projection-based decomposition methods avoid errors that can

be introduced by the reconstruction process in image-based methods, as the decomposition

is done in the raw data space and reconstructed afterwards [142]. Our lab is currently inves-

tigating projection-based methods in addition to image-based methods, as the one detailed

in this study.

Dual source PCD-CT has been demonstrated to provide lower noise values compared

to dual source EID-CT in both conventional [143, 144] and spectral mode [145, 146]. A

large part of this reduction in dose with the dual-source PCD-CT system is due to the

improved contrast-to-noise ratio with PCDs compared to EIDs because of the reduction in

electronic noise and the lower statistical noise [147]. This noise reduction with PCDs enables
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an equivalent signal-to-noise ratio (SNR) and CNR to be achieved at a lower dose compared

with EIDs. In this work we compared a dual-source PCD-CT with a single-source PCD-CT.

In addition to lower mean RMSPE values, PCD-CT provided similar noise in the water vial

compared to DECT (Table 4.7), with only half the dose. The DECT images suffered from

increased ring artifacts which affected the tissue-equivalent material results. The similar level

of noise with less dose can be explained by a better spectral separation between low and

high energy images with low/high energies of 42.7/76.4 keV and 44.9/58.9 keV for PCD and

DECT, respectively. This spectral separation could be improved for the DECT but would

necessitate a high source voltage that is not available in our facility. A fair comparison of

the dose efficiency could then be performed.

If we compare other DECT methods decomposing Zeff and ρe maps to that of our method

reproducing [42] in PCD-CT, we find better results with the PCD-CT data described here.

For reference, with PCD-CT we obtain mean RMSPE values of 0.76% and 0.72% for Zeff and

ρe, respectively, and mean relative errors of 0.84% and 0.46%, respectively. With our DECT

scans we obtained mean RMSPE values of 1.77% and 1.98%, respectively, and mean absolute

relative errors of 1.69% and 1.07%.[95] found mean errors on ρe of 1.01%., using a linear

relationship of ρe and the difference in CT number in a DECT scan. [96] showed average

Zeff RMSPE values of 5.1%, and [103] demonstrated an RSMPE on average Zeff of 2.9%

[101] obtained relative errors of 1.7% and 0.4% for Zeff and ρe, respectively, achieving better

results for ρe than using our method with PCD-CT. And finally, [42] found RMSPE values

of 3.58% and 0.60% for Zeff and ρe, respectively, which still outperforms our adaptation in

respect to ρe. More recently, these methods have also been applied experimentally in clinical

settings for the purpose of evaluating whether DECT could better predict the stopping

power ratio (SPR) for proton therapies. Using a dual-layer DECT (DL-DECT) system,

[148] adapted their previous method to obtain RMSPE values of 1.0% for ρe and 2.9%

for Zeff , and from there obtain a RMSPE of less than 1% for SPR. [149]also investigated

DL-DECT for SPR calculations at the Heidelberg Ion Beam Therapy Center demonstrated

similar values to [148]with reported relative errors on the order of 1% to 2% for both ρe

and Zeff . Given these values, our PCD-CT method offers decomposition results which are

comparable to DL-DECT solutions in the clinic.

However, there are currently still a number of drawbacks with PCD-CT when compared

to DECT. There is currently only a single PCD-CT scanner that has been cleared by the Food

and Drug Administration for clinical scanning [3], though many others are nearing clinical

implementation as well [4, 5, 6, 7, 8]. However, DECT systems are more readily available in

the clinic, in addition to being well integrated into clinical workflows. Ideally, the spectral
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separation between two energy bins of a PCD would be total but is often not total due to

inherent properties of PCDs, as mentioned above. As such, the incident beam spectrum is

not accurately captured by the detector and thus spectral distortions are introduced. To

mitigate these distortions in the captured spectrum detector energy response models are

needed [150] and can be difficult to define [31]. As such not every DECT method, if the

specific beam spectra are used in the decomposition, may lend itself as easily to PCD-CT

translation. However, PCDs are currently the subject of intense interest for clinical CT

applications, and many workarounds and corrections for the issues of PCDs, such as charge-

sharing and pulse pileup, are being investigated [151, 2, 152, 153]. As such, PCD-CT has

potential as a replacement for both SECT and DECT in clinical use.

4.6 Conclusion

In this study we demonstrated that a PCD-CT bench-top system is able to extract effective

atomic number (Zeff ) and relative electron density (ρe) using two energy bins from a single

acquisition, replicating a DECT stoichiometric material decomposition method. Zeff and ρe

were accurately determined for known tissue-mimicking materials with an average RMSPE

of 0.76% and 0.72%, respectively, compared to RMSPE of 1.77% and 1.98%, respectively,

for DECT. Tissue types within an ex-vivo tissue sample demonstrated values within two

standard deviations of known human tissue values. In addition, the original method was

extended to include material discrimination of high-atomic number contrast agents with K-

edge subtraction, demonstrated with gold injected into an ex-vivo tissue sample. As such,

PCD-CT offers DECT material decomposition capabilities, with additional high-Z contrast

agent extraction, along with conventional SECT capacity as well, making it an attractive

option for clinical use.
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Chapter 5

Multi-contrast K-edge imaging on a bench-top

photon-counting CT system: Acquisition parameter

study

The following work was published in the Journal of Instrumentation in 2020 and can be

found at the following DOI: 10.1088/1748-0221/15/10/P10029.

5.1 Summary

Photon-counting computed tomography (PCCT) shows promise for medical imaging in re-

gards to material separation and imaging of multiple contrast agents. However, many PCCT

setups are under development and are not optimized for specific contrast agents or use cases.

Here, we demonstrate how experimental system parameters may be varied in order to en-

hance performance and we propose a set of recommendations to achieve this based on contrast

agent. A table-top PCCT system with a cadmium zinc telluride (CZT) detector capable of

separating six energy bins was used to image multiple contrast agents in a small phantom.

The contrast agents were separated and the concentration was quantified using K-edge sub-

traction. To increase system performance, we investigated three parameters: beam filter

type and thickness, projection acquisition time, and energy bin width. The results from

the parameters were compared based on PCCT signal and contrast to noise ratio (CNR) or

noise in K-edge images. The concentrations of the contrast agents were quantified in K-edge

images and compared to known concentrations. The bench-top PCCT system was able to

successfully quantify the contrast agents through K-edge subtraction. Decreasing projection

acquisition time showed a decrease in K-edge CNR. However, it did not scale as the square

root of time. Filter type and bin width demonstrated a dependence on the specific contrast

agent. The presented bench-top system demonstrated the ability to separate contrast agents

https://doi.org/10.1088/1748-0221/15/10/P10029
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using K-edge subtraction and accurately determine contrast concentration in K-edge images.

Specific parameters for future use will be chosen based on contrast agent.

5.2 Introduction

Computed tomography (CT), first described by Hounsfield and others [33, 154, 155], has been

widely used for research [156, 157, 158] and in clinical imaging [159] since the first CT scanner

was built [160]. While conventional CT offers many benefits such as high spatial resolution

and fast imaging time, one drawback is its inability to distinguish between materials with

similar attenuation curves, such as those with effective atomic numbers (Z) that are close to

one another. Energy selective CT, or multi-energy CT, was first proposed in the 1970’s [34],

allows for material decomposition while still offering the benefits of conventional CT. Energy

selective CT functions by utilizing multiple beams with different energies, or a single beam

with detectors able to separate a single beam into two or more energy spectra to obtain energy

information from the detected x-rays. The most widely used type of energy selective CT is

dual energy CT (DECT), in which the object being imaged is typically scanned with two

beams of different energies. The two beams result in different images, which can be exploited

to separate similar materials. Clinically, DECT is used to distinguish materials based on

their energy attenuation dependencies. Using DECT, materials such as bone and iodine (a

common CT contrast agent) can be separated [161] or the amount of injected contrast can

be quantified. For example, in order to determine the composition of kidney stones [162],

DECT can be used to quantify the concentration of iodine present in the image. A number of

algorithms and methods have been developed to accomplish such material decomposition and

quantification. Bazalova et al demonstrate how materials can be separated by converting the

measured Hounsfield units (HU) into effective atomic number (Z) and and the corresponding

electron density by iteratively solving for Z [92]. Mendonca et al provide an algorithm and

show how multiple materials can be distinguished through the identification of multiple linear

attenuation coefficient triplets [163].

With the advent of high-flux photon-counting detectors (PCDs) [104, 105, 106], research

into the uses of multi-energy CT has been underway. Conventional CT and DECT utilize

energy integrating detectors (EIDs), which detect x-rays by measuring the total energy

deposited in the detector without accounting for the individual energy deposited by each x-

ray. PCDs allow for the spectral binning of x-rays into predefined energy ranges by measuring

the pulse height of every interaction in the semiconducting layer of the detector [11]. Imaging

modalities like positron-emission tomography (PET) rely on energy discriminating detectors
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to detect 511 keV photons with high resolution, but those detectors operate at much lower

flux rates than the beams produced by CT scanners [164]. With the development of high-

flux PCDs, photon-counting CT (PCCT) is possible, in which only one beam energy is

necessary. A number of groups are even working towards full-body clinical PCCT scanning

[165, 166, 167].

The PCDs used for PCCT normally have a number of energy thresholds which determine

the edges of the energy ranges, or bins, that individual x-rays are placed into. These energy

thresholds are tunable, which allows for the specific energy ranges to be isolated or for the

energy threshold to be placed at specific energies corresponding to the K-edge of a contrast

material. The K-edge of an element is characterized by a large increase in the attenuation

of photons with energies above the K-edge. This is because x-rays with energies above the

K-edge are able to eject electrons in the K-shell of the atoms of that element. Placement of

a threshold at a K-edge gives the ability to take advantage of this increase in attenuation to

distinguish high-Z contrast materials from the background using K-edge subtraction. K-edge

subtraction is accomplished by the acquisition of a higher energy image above the K-edge

and a lower energy image below the K-edge and subtracting the lower from the higher. A

detailed description of the algorithm can be found elsewhere [60]. In the two images, the

signal from the background will be effectively constant because the attenuation properties

of the background vary only slightly over the energy range around the K-edge. However,

the difference in attenuation of the contrast material above and below the K-edge is large

due to the increase in photoelectric absorption. This results in leftover signal only in areas

containing the contrast material. K-edge subtraction has been used with mono-energetic

x-rays [59, 168] to acquire the two images above and below the K-edge as well as with PCCT

systems [169, 60].

PCCT is actively being researched for use in areas of preclinical imaging research such as

cancer treatment [58] and the imaging and separation of contrast agents [56, 57, 63, 117, 170]

as well for use clinically [171, 172, 173, 11]. In both the clinic and other areas it is necessary to

develop protocols which offer the best results based on the work or research being performed.

For example, in small animal research, the imaging procedure needs to be optimized in order

to have an imaging time that reduces movement artifacts and stress to the animals as well

as keeping radiation dose to the animals at a minimum. However, reducing imaging time

too drastically can have detrimental effects on image quality. In the clinic, dose and imaging

time also need to be kept low in order to reduce patient motion, discomfort, and future risk

of cancer while also keeping image quality high enough for accurate diagnosis or treatment

planning.
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One current area of research using PCCT is imaging of multiple contrast agents [63, 57,

170]. Depending on the number of energy thresholds available, PCCT offers the ability to

accomplish this using K-edge subtraction. The potential benefit this offers is to distinguish

multiple tissues or processes in one scan, thereby reducing dose and allowing for the possi-

bility of studying how different processes may interact in vivo. However, the PCCT system

used must be optimized for the best results depending on the desired image quality and

contrast agent(s) used. In this work we demonstrate the experimental variation of a few

parameters on a bench-top PCCT system to obtain the best results as measured by the re-

sulting signal and K-edge contrast-to-noise ratio (CNR). The adjusted parameters were filter

type and thickness, projection acquisition time, and energy bin width due to their effect on

image quality in previous research [174, 175, 176]. A set of practices was developed to choose

the correct parameters in our system based on the contrast agent.

5.3 Materials and methods

5.3.1 Phantoms and imaging setup

The imaging setup and phantoms used in this study are shown in figure 5.1. The imaging

setup consisted of an x-ray tube, rotation stage, various linear motion stages, the phantom

containing the various contrast agents, and a cadmium zinc telluride (CZT) detector. The

x-ray tube was an XRS-160 (Comet Technologies, San Jose, CA) mounted on two linear

motion stages (Newport Corporation, Irvine, CA) allowing it move vertically as well as away

from and towards the detector. The CZT detector module (Redlen Technologies, Saanichton,

BC, Canada) consisted of the 8×24 mm2 sensor (shown as the Active Area in figure 5.1a)

and the housing with the hardware and cooling system. The sensor is 2 mm thick with a

330 µm pixel pitch and is capable of operating at 250 Mcps/mm2 without polarization [126].

The high-flux detector operates in non-paralyzable mode and the pile-up effects are smaller

than 2% with the parameters used here [115]. The detector also has 6 energy thresholds

that can be tuned by the user. To calibrate the thresholds, the central energy threshold was

swept over the entire energy range twice to obtain the spectra of Co-57 and Am-241, both of

which have a distinct energy peak. Each pixel was then calibrated based on their response.

The CZT detector was mounted on two linear motion stages letting it move both vertically

and parallel to the plane of the detector. The rotation stage (Newport Corporation, Irvine,

CA) was itself mounted on a motion stage between the tube and the detector which allowed

for motion parallel to the plane of the detector as well.

The phantom (figure 5.1d), was 3D printed from solid polylactic acid (PLA) with a den-
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Figure 5.1: Experimental setup. a) Experimental setup showing the x-ray tube, detector,
phantom, and movement stages. b) Contrast material layout for the three Lanthanide phan-
toms, one for each concentration of 5%, 3%, and 1% of all contrast materials. c) Layout for
the AuGd phantom showing % concentration in each vial with Au (orange) and Gd (violet).
Mix contained 0.5% concentration of both materials. d) The phantom dimensions.
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sity of 1.25 g/cm3 (3D Hubs, Victoria, BC, Canada). The phantom has seven holes with

a diameter of 0.6 cm which fit Fisherbrand 0.2 ml PCR tubes (Fisher Scientific, Nepean,

ON, Canada). These tubes (or vials) contained pure water or water-based solutions of gold,

gadolinium, dysprosium, lutetium, or iodine of various concentrations. Four phantom con-

figurations were used in the study, three of which followed the layout shown in figure 5.1b,

(called the Lanthanide phantoms), with concentrations of 5%, 3%, or 1% for all materials in

that particular phantom. The fourth phantom, hereby refered to as the AuGd Phantom, is

shown in figure 5.1c, with gold and gadolinium concentrations and with the mixture vial con-

sisting of 0.5% concentrations of both materials. The concentrations were chosen in order to

be sure they were visible with the current bench-top system. The gold solutions were synthe-

sized from gold (III) chloride (GG3CS-25.4-100 Lot AUY03-7077, Nanopartz Inc, Loveland,

CO). The iodine solutions used the iodine-based Omnipaque 300 (iohexol, GE Health-care,

Princeton, NJ). Gadolinium, dysprosium, and lutetium chloride hexahydrate salts (Sigma-

Aldrich, Oakville, ON) were used to synthesize the remaining solutions by dissolving the

salts of the specific element in water to obtain a 5% concentration by weight. This stock was

then diluted as necessary. The purities of the salts were 99.99% for LuCl3, 99.9% for DyCl3,

and 99.999% for GdCl3. The plots of each contrast agent’s linear attenuation coefficient (at

5% concentration) with respect to x-ray energy can be seen in figure 5.2a.

5.3.2 Data acquisition

Filter type and thickness, projection acquisition time, and bin width were examined with

different phantoms and setup parameters. All images were acquired with a cone-beam ge-

ometry with the phantom at isocentre, located 32 cm from the x-ray source and 11 cm from

the detector [177]. The CZT detector was connected to a high-speed photon counting Appli-

cation Specific Integrated Circuit (ASIC), operating at rates up to 62.5 Mcps per channel.

The ASIC allowed photons incident on the detector to be sorted into six energy bins with

the thresholds set by the user and varied in this study between the different acquisitions.

The sixth energy bin was used for overflow counts of the detector in all scans.

Each phantom was scanned by acquiring 180 projection images in 2 degree intervals over

a 360◦ rotation about the isocentre. Three separate 360◦ rotations were performed for each

phantom in order to image the entire phantom body. Between each rotation, the detector

was translated 13.5 mm parallel to the detector plane to image the full phantom with the

small-area detector. The projections from each rotation were then combined to produce the

entire projection data set of the full phantom.
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Figure 5.2: Linear attenuation coefficients and beam spectra. a) Semi-log plot of the linear
attenuation coefficients of water and all contrast agents (5% concentrations) included in the
study, over the relevant energy range. b) Relative number of photons with respect to energy
of the three filtered beam spectra. Each spectra was scaled by the tube current used for that
filtration.
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All acquisitions were captured with a tube voltage of 120 kVp using the small focal spot

(1.0 mm). The tube current varied between different setups, and is detailed in each of the

evaluated parameter subsections below. Unless specified otherwise, one projection image was

captured over 1 second every two degrees, and the phantom was rotated at a speed of 1.48
◦/s to accommodate for the time to transmit the data from each projection. This resulted

in an imaging time of approximately 4 minutes per rotation and ∼12 minutes total.

Filter selection

Three different filter setups were investigated for this study: 2.0 mm Al, 0.5 mm Cu, and 1.0

mm Cu. In order to obtain similar noise levels in the final images using each filter, the tube

current was varied to acquire a similar total number of photons in the airscan when compared

with the total number when using a 1.0 mA tube current with 2.0 mm Al filtration. This

yielded tube currents of 2.25 mA and 4.75 mA for 0.5 mm Cu and 1.0 mm Cu, respectively.

The spectra for each beam filtration can be seen in figure 5.2b. The unfiltered spectrum

was calculated using a validated EGSnrc Monte Carlo model and then filtered according to

Beer’s Law. The three filters were chosen due to the use of aluminum and copper in other

CT and PCCT studies [175, 167, 117, 165, 174] and to cover a lower, middle, and higher

weighted energy spectrum.

All three Lanthanide phantoms were scanned using the tube currents listed above. Bin

thresholds were set to 16, 50, 54, 64, 81, and 120 keV to accommodate the K-edges of

gadolinium (50.2 keV), dysprosium (53.8 keV), lutetium (63.3 keV), and gold (80.7 keV).

This translated to bins with energy ranges of 16–50 keV, 50–54 keV, 54–64 keV, 64–81 keV,

and 81–120 keV.

Bin width selection

In order to facilitate the modification of bin width, only two contrast agents were investigated,

placed in the AuGd phantom. 0.5 mm Cu filtration and a tube current of 2.25 mA were

used for image acquisitions as it offered a compromise between the other two filters detailed

above. The energy thresholds were shifted to create different bin widths on either side of the

K-edge of the two contrast materials. The two energy thresholds that remained the same

were those set at 50 keV and 81 keV, corresponding to the K-edges of gadolinium and gold.

Four different scans were taken of the AuGd phantom corresponding to bin widths of 5, 8,

10, and 14 keV for gadolinium and bin widths of 5, 10, 14, and 20 keV for gold.
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Projection time selection

Three different times were investigated: 1 s, 0.5 s, and 0.1 s. While 1 s acquisitions gives

adequate image quality, lower acquisition times were explored to examine image quality at

lower imaging doses. For all three options, 0.5 mm Cu filtration was used along with a tube

current of 2.25 mA. The 3% Lanthanide phantom was used, with identical energy thresholds

as those used for filter selection, except that the lowest threshold was moved from 16 keV to

35 keV to exclude the lower energy photons which are most affected by charge sharing.

For the projection acquisition, 1800 0.1 s projections were collected while the phantom

was rotated 360◦ at a speed of 0.471◦/s. 180 projections were used for image reconstruction

with every ten projections summed together for 1 s acquisition, every other five acquisitions

summed for 0.5 s acquisitions, and every tenth acquisition was used for 0.1 s acquisitions.

The imaging time per rotation was approximately 12.5 minutes for a total imaging time of

37.5 minutes.

5.3.3 Dose

The dose to the phantom was calculated at each filter and tube current setup with 1 s pro-

jection acquisitions by simulating a cylindrical water phantom in TOPAS [178] as described

by Dunning et al [177]. For both 2 mm Al and 1 mm Cu filtration, with their corresponding

tube currents, the dose to the phantom was 333 mGy. For 0.5 mm Cu and 2.25 mA tube

current, the dose was 250 mGy.

5.3.4 Image reconstruction and analysis

PCCT image reconstruction

All images were reconstructed using MATLAB (The Mathworks, Natick, MA) and analyzed

using Python. Projections were created by converting the count data from the detector using

the following equation:

pn = −ln
( In
I0,n

)
; n = 1, 2, 3, ..., 7 (5.1)

where I is the intensity of the beam including the phantom and I0 is the intensity of the beam

in air. I0 was obtained from an airscan taken at each corresponding detector translation in

order to normalize the count data (I) to the flat field. The index number n corresponds

to the index number of each of the six energy bins and the full count data bin (n = 7).
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The CT images from each of the corrected projection data sets were reconstructed using the

Feldkamp-Davis-Kress algorithm [20] with a Hamming filter.

K-edge images

K-edge images were created by subtracting the CT image of the energy bin below each

respective K-edge from the CT image of the energy bin above the K-edge. For example, to

create the K-edge image of gadolinium using the AuGd phantom and 5 keV bin widths, the

image of the 45–50 keV bin would be subtracted from the 50–55 keV bin.

Image analysis

Analysis of the CT images was done by first normalizing all of the voxels to Hounsfield units

(HU) by applying the following equation to each voxel:

HU = 1000 ∗ µ− µwater

µwater

, (5.2)

where µ is the signal in each voxel and µwater is the average signal in the water vial. The

water vial signal was obtained separately for each filter choice and used for all subsequent

images taken with the same parameters. To obtain signal for each of the contrast agents at

the various concentrations in each of the phantoms, a region of interest (ROI) encompassing

only the inside of each vial was drawn and the mean value of the voxels within the ROI was

taken to get the average signal (µROI) and the standard deviation of the voxel values (σROI)

was calculated to evaluate the error bars.

Analysis of the K-edge images was done in two ways. First was to calculate the CNR of

each contrast agent in its respective K-edge image and the error (CNRerr) using the following

equations:

CNR =
µROI − µphantom

σphantom

, CNRerr =

√
σ2
ROI + σ2

phantom

σphantom

, (5.3)

where µphantom and σphantom are the mean and standard deviation of the phantom body,

respectively.

Second, to calculate the concentration associated with the measured K-edge signal, the

average signal from the ROI of the contrast material at 5% was measured in one set of images

from one acquisition at each filter choice and used for image normalization in all phantoms
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for subsequent acquisitions with the same parameters. Then, the average signal was taken

in an ROI to find the measured concentration.

5.4 Results

5.4.1 Filter selection

Examples of the CT images analyzed for this study are shown in figure 5.3. Figure 5.4a–d

show the results of the filter selection for various concentrations of each of the contrast agents.

The corresponding CT images from which the data was analyzed can be seen in figure 5.3a–d.

Figure 5.4a and b show CT signal as HU vs. contrast concentration for all contrast elements

with 0.5 mm Cu filtration. A linear signal response with contrast concentration is seen, with

the slope of the line decreasing with increasing Z for the lowest energy bin (figure 5.4a) and

the slope increasing with increasing Z for the highest energy bin (figure 5.4b). Figure 5.4c

shows the linear relationship of signal with concentration for dysprosium with each filter in

the 16–50 keV bin, in which the slope of the lines decreases from 1.0 mm Cu, to 0.5 mm Cu,

and finally to 2.0 mm Al. Figure 5.4d demonstrates the same lines as figure 5.4c but for gold

in the 16–50 keV bin, with the slopes of the lines reversing their order from those shown in

figure 5.4c.

Figure 5.5 depicts K-edge images using the three filters for dysprosium (a–c) and gold

(d–f), both at 3% concentration. For dysprosium, an increase in noise is seen for increasing

filtration from 2.0 mm Al to 0.5 mm Cu and finally to 1.0 mm Cu. For gold the opposite

is true, with noise decreasing with softer filtration. Table 5.1 shows the K-edge CNR for all

four contrast agents with each filter type.

Table 5.1: K-edge CNR by contrast agent (3%) and filter type.

Filter Contrast agent

type Gd (Z = 64) Dy (Z = 66) Lu (Z = 71) Au (Z = 79)

2.0 mm Al 3.5 ± 1.4 10.6 ± 1.3 19.9 ± 1.3 12.6 ± 1.3

0.5 mm Cu 8.8 ± 1.4 7.9 ± 1.3 19.0 ± 1.4 15.8 ± 1.3

1.0 mm Cu 5.6 ± 1.5 4.2 ± 1.4 13.5 ± 1.4 14.9 ± 1.4



89

Figure 5.3: CT images from filter selection. a) A CT slice showing the 3% lanthanide
phantom with 0.5 mm Cu filtration in the 16–50 keV energy bin. b) The same CT slice of
the same phantom with 0.5 mm Cu filtration in the 81–120 keV energy bin. c) A similar slice
of the same phantom with 2.0 mm Al filtration in the 16–50 keV energy bin. d) A similar
slice with 1.0 mm Cu filtration in the 16–50 keV energy bin.
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Figure 5.4: Filter selection. a) Signal from all contrast agents at 1%, 3%, and 5% con-
centrations demonstrating a linear relationship. Energy range of 16–50 keV with 0.5 mm
Cu filtration. b) The same components as in a), instead showing the signal in the energy
range 81–120 keV. c) Gadolinium signal at all 3 concentrations demonstrating the effect of
three different filters in the 16–50 keV energy range. d) The same setup as in c) with gold
replacing gadolinium as the contrast agent.
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Figure 5.5: K-edge images with different filters. a–c) K-edge images of 3% dysprosium with
the different filters: a) 2.0 mm Al, b) 0.5 mm Cu, and c) 1.0 mm Cu. d–f) K-edge images of
3% gold with the different filters: d) 2.0 mm Al, e) 0.5 mm Cu, and f) 1.0 mm Cu.
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Figure 5.6: Bin selection. a) K-edge CNR curve for gadolinium. b) K-edge CNR curve for
gold. c) K-edge image of gadolinium reconstructed with 10 keV bin widths. d) K-edge image
of gold reconstructed with 14 keV bin widths.

5.4.2 Bin width selection

Figure 5.6a and 5.6b demonstrate how bin width affects the CNR of gadolinium and gold

K-edge images, respectively. The data was fit with a quadratic curve to show how the K-edge

CNR would likely behave over the range of bin width data that was collected. The ideal bin

width must be found for every contrast material separately, as the bin width that results in

the highest K-edge CNR can vary, as demonstrated. For gadolinium, peak K-edge CNR was

achieved with a bin width of 10.7 keV, and for gold, the optimal bin width was 15.8 keV.

The resulting K-edge images reconstructed using the data closest to these peaks (10 keV for

gadolinium and 14 keV for gold) are shown in figure 5.6c–d. The 3% vial of each contrast

can be seen clearly. However, the 0.5% vials were not visible, with CNR values under 4. The

mixed vial was not resolved in either image.
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Figure 5.7: Projection time selection.) a–c) K-edge CNR of Au, Lu, Dy, and Gd with a) 1
s acquisitions, b) 0.5 s acquisitions, c) 0.1 s acquisitions. d–f) K-edge images of gold at d) 1
s acquisitions, e) 0.5 s acquisitions, f) 0.1 s acquisitions.

5.4.3 Projection time selection

The K-edge CNR for the various contrast elements for the three projection times used in

this study are shown in bar plots in figure 5.7a–c. The relationship seen between CNR and

imaging time is not what is expected, which is that CNR should increase proportionally

to the square root of dose, or time. Figure 5.7d–f shows the resultant K-edge images of

gold at each of the three acquisition times. The noise increased with decreasing projection

acquisition time.

5.4.4 Reconstructed concentration

Figure 5.8 shows the reconstructed concentration in the K-edge images of each of the contrast

elements true concentration, i.e 0, 1, 3, and 5%. All reconstructed concentrations are accurate

within the error bars when compared the true concentration. The trend of the error bar size

is consistent between the contrast agents at each concentration, with a larger error for the

two lower Z contrast agents (gadolinium and dysprosium) than the error for the higher
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Figure 5.8: Reconstructed contrast concentration. Bar graph depicting the reconstructed
concentration vs. the actual concentration for four contrast agents: Au, Lu, Dy, and Gd.
The values were normalized to the mean value in each of the 5% vials.

Z contrast agents (lutetium and gold). The largest percent difference of the 1% and 3%

concentrations for the four contrast agents were 0.15%, 0.13%, 0.32% and 0.30% for gold,

lutetium, dysprosium, and gadolinium, respectively.

5.5 Discussion

First, we consider the contrast signal response as a function of contrast concentration seen

in figure 5.4a–b. There, we see an increase in signal as Z of the contrast material increases,

demonstrated by the increase in slope. This is due to the increase in attenuation coefficient

that occurs as Z increases, as shown in figure 5.2a. In figure 5.2a, in the energy range from

81–120 keV, we see that the order of the attenuation coefficients follows the order of the signal

in figure 5.4b. If Eq. 5.2 is examined, the signal (HU) at a specific energy will be higher the

larger the difference is between the contrast material’s linear attenuation coefficient and the

linear attenuation coefficient for water. For an actual signal value, one would need to take

the average attenuation of both the contrast and water, weighted by the relative number of

x-rays of each energy in the relevant energy range. For the energy range from 81–120 keV,
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the order of the average linear attenuation coefficients is obvious, following an increase in

atomic number. However, the order of attenuation coefficients in the lower energy ranges

differ from what we expect, as seen in the 16–50 keV bin shown in figure 5.4a. This difference

is likely caused by degradation of the energy data via a number of factors such as the energy

resolution of the detector (∼8 keV), charge sharing between detector elements [179, 180],

scattering, and fluorescent x-rays [181]. Errors due to the energy resolution of the detector

would affect the data by binning x-rays inaccurately because the energy of x-ray was within

the energy resolution of the threshold and was binned on the opposite side of said threshold.

Of these factors charge sharing likely distorted the energy data the most. Based on the

analytical model by Iniewski et al., and extrapolating between pixel pitches of 250 and 500

µm, the expected percentage of events that suffer from charge sharing is approximately 32%

[113], with the lower energies being most affected. A charge sharing correction algorithm

is currently under development by our collaborators. Initial results indicate, that while

true counts in energy bins can be estimated accurately, resulting in reduced bias (i.e. a

more accurate contrast concentration determination), noise increases and CNR decreases as

a result [150]. Ongoing work is aimed towards optimizing the bias and image noise. As a

result, these preliminary corrections have not been applied here. However, with or without

these corrections, it is imperative to choose the energy bin that offers the highest signal in

order to best show the contrast agent when displaying CT images or to choose the bin that

offers the best contrast with the other materials present.

In terms of filter selection for CT signal, shown for dysprosium and gold in figure 5.4c–d,

dysprosium (figure 5.4c) showed a small filter dependence, while gold signal (figure 5.4d) had

a comparatively large dependence. The order of the how the filtration affected the signal

was also opposite between the two. Theoretically, based on the spectra (figure 5.2b), the

order of the filters in the 16–50 keV bin should follow the order that gold demonstrated due

to the higher number of lower energy photons that less filtration offers. This discrepancy

was also likely due to effects in the lower energy range such as charge sharing.

In figure 5.5, K-edge images for dysprosium (a–c) and gold (d–f) can be seen for each of the

three filters used in this study. Image noise increased with harder filtration for dysprosium

and decreased with harder filtration for gold. This noise trend can also be seen in table 5.1,

where the K-edge CNR increased with harder filtration for contrast agents with atomic

numbers below 71, while CNR decreased for contrast agents with Z-values above 71. The

total number of x-ray counts was maintained over the different filters in order to keep the full

spectrum image noise constant for a set imaging time. As a result, the counts in each of the

different energy bins varied according to the spectra in figure 5.2b. Constant full spectrum
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image noise is desirable because the anatomical information gained from conventional CT

images is necessary to localize the contrast agents. With this restriction, filter choice makes

a difference on the detectability of different contrast agents based on their effective atomic

number due to the relative number of counts in the two bins used to construct the K-edge

images of each contrast agent. Therefore, for contrast agents with Z-values below 71, 2.0

mm Al offers the best results of the three filters tested. For those equal to or above 71, 0.5

mm Cu gives the highest K-edge CNR. One exception, based on this data, is that 0.5 mm

Cu gave better CNR than 2.0 mm Al for Gd. The likely cause of this inconsistency is again

the distortion in counts due to charge sharing. Since the lower energy bin used in the K-edge

subtraction for Gd had a relatively higher flux with 2.0 mm Al, this could result in more

charge sharing, increasing the noise in that energy bin. Additionally, the K-edge CNR with

1.0 mm Cu decreased for higher-Z contrast agents, the opposite of what should happen with

higher counts. Looking at the K-edge images for gold (figure 5.5d–f), there was a reduction

in the background image noise, however the ring artifacts became more prominent, which

raised the overall image noise. This was due to pixel non-uniformity that was not completely

corrected by the flat field correction.

The energy bin selection shows the necessity of setting the ideal bin widths in order

to maximize CNR to best separate and localize contrast agents. Meng et al. [182] stated

that to get the best contrast resolution, the signal to noise ratio (SNR) must be maximized,

and developed an algorithm to accomplish this. The first contributing factor to SNR in

K-edge images would be the signal, which is determined by difference in the average linear

attenuation coefficient of the contrast agent in the bin above the K-edge and the bin below it.

The second factor affecting K-edge SNR is, of course, noise. Theoretically, this is determined

by the number of x-rays falling in each of the two bins on either side of the K-edge. According

to Poisson statistics, the relative noise is equal to the square root of the average number of

photons over the average number of photons. So, if photon flux is constant, adjusting the

bin width results in a different number of photons that would fall in that energy range.

Ideally, in terms of the signal, the smallest bin size possible would be best to get the largest

difference in linear attenuation and thus the most signal in the K-edge image. However, this

results in a very small number of x-rays, increasing the noise significantly. Thus, a balance

between the two must be found to maximize the SNR. The differences in the bin width

that maximizes gadolinium CNR versus gold CNR can likely be explained by the relative

difference in x-ray fluence in the bins around the respective K-edges. The x-ray spectrum

filtered with 0.5 mm Cu had more x-rays around the K-edge of gadolinium (50.2 keV) than

around the K-edge of gold (80.7 keV), as shown in figure 5.2b. This results in the need to
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have a wider bin for gold, relative to that for gadolinium in order to increase the counts and

reduce the noise to maximize CNR. According to figure 5.6a–b, the bin widths that would

result in peak CNR for gadolinium and gold would be 10.7 keV and 15.8 keV, respectively,

as determined by the quadratic fit. In addition to reducing noise, the wider optimal bins are

also likely a result of the ∼8 keV resolution of the detector. Bin widths smaller than 8 keV

are likely comprised of fewer counts than what truly falls within that energy range. These

optimal bin widths of 10.7 and 15.8 keV are approximately 20% of the K-edge energy of the

respective contrast agent. Using 20% of the K-edge energy results in bin width values of 10.0

keV for gadolinium and 16.1 keV for gold. This gives a good rule-of-thumb for setting the

bin widths for these contrast agents, with the 20% values falling within 1 keV of the peak

value determined from the quadratic fit.

The effect of lowering the projection acquisition time would have on K-edge CNR was also

investigated for the various contrast materials. Lowering the projection acquisition time is

desirable in order to keep the dose, as well as imaging time, as low as possible. Figure 5.7a–c

shows this effect on K-edge CNR and figure 5.7d–f demonstrates how the noise increases with

decreasing time. At 3% concentration, all contrast agents were visible even at 0.1 s projection

acquisitions. However, for some agents (i.e. dysprosium), no concentrations lower than 3%

would likely be resolved in K-edge images using 0.1 s acquisitions. The Rose Criterion [22]

states that features with SNR values of less than 5 are not readily resolved, so concentrations

of dysprosium lower than 3% would fall below a CNR of 5. Note that bin width could be

chosen to raise the CNR if fewer contrast agents needed to be separated or more energy

thresholds were available. In addition, theoretically, CNR should increase according to the

square root of image acquisition time. This is not case in our system. From 0.1s to 1.0s,

CNR should increase by a factor of 3.2, while the data only shows an increase of ∼1.7 times

on average over all of the contrast agents. This relationship is not as expected, which is

likely due to non-uniform pixel response. The relative differences in pixel responses remain

constant with an increasing number of counts and thus with increasing projection time. So

while increasing the projection time decreases the noise according to Poisson statistics, the

near-constant non-uniform pixel response plays a major role in increasing the noise and thus

depressing CNR. Unfortunately, attempting to account this using a flat field correction, as

done according to equation 5.1, does not fully correct the non-uniform pixel response. This

could be due in part to the relative difference in charge-sharing counts between the flat field

and phantom images. For small animal studies or for other uses more research needs to

be done in order to determine typical concentrations of contrast agents found in tissues in

order to optimize the projection acquisition in terms of what CNRs would be measurable to
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keep the dose as low as reasonably possible. For future use of the bench-top PCCT system

as is, the particular application will need to be considered in order to determine how long

projection acquisition times should be.

Finally, the PCCT system was able to reliably determine the real concentration of the

various contrast agents. Accurate determination of concentration is necessary for further use

of spectral CT in small animal studies and in the clinic as it allows for the tracking of the

exact amount of contrast agent or other high-Z material in various tissues. This allows for

researchers investigating new therapies and imaging agents to accurately predict toxicities

and the effects of their materials without ex vivo analysis, lowering the number of animals

necessary for studies and thus lowering study costs.

5.6 Conclusions

It has been demonstrated here how parameters in an experimental PCCT bench-top system

can be varied to determine the configuration that offers the best imaging performance for a

certain contrast agent. The PCCT system was also able to separate four different contrast

agents in a range of Z-values (64–79) at varying concentrations using K-edge subtraction,

even without ideal parameter selection. Possible further improvement of results could be

obtained through algorithmic correction of the various mechanisms of energy data distortion,

such as charge sharing. Work on charge sharing corrections for this detector are currently

underway, though the results are mixed, and the algorithm was not applied here. For future

use, filter type and thickness will be considered based on Z-value of the contrast agent. The

2.0 mm Al filter will be used for contrast agents with atomic numbers of less than 71, and 0.5

mm Cu used for contrast agents with Z-values of 71 and above. For energy bin width, 20%

of the contrast’s K-edge energy will be used for gadolinium and gold, and verified for other

contrast agents before use. Projection acquisition time will need be considered in context of

the imaging task, i.e. what the limiting dose to the animal or patient is, or the desired image

quality. This study demonstrates how parameters in a bench-top system can be evaluated

in order to obtain the best image quality possible.
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Chapter 6

Metal artifact correction in photon-counting detector

computed tomography: metal trace replacement using

high-energy data

The following work was published in Medical Physics in 2022 and can be found at the

following DOI: 10.1002/mp.16049

6.1 Summary

Background: Metal artifacts have been an outstanding issue in computed tomography (CT)

since its first uses in the clinic and continue to interfere. Metal artifact reduction (MAR)

methods continue to be proposed and photon-counting detectors (PCDs) have recently been

the subject of research towards this purpose. PCDs offer the ability to distinguish the energy

of incident x-rays and sort them in a set number of energy bins. High-energy data captured

using PCDs have been shown to reduce metal artifacts in reconstructions due to reduced

beam hardening.

Purpose: High energy reconstructions using PCD-CT have their drawbacks, such as

reduced image contrast and increased noise. Here, we demonstrate a MAR algorithm, trace

replacement MAR (TRMAR), in which the data corrupted by metal artifacts in full energy

spectrum projections is corrected using the high energy data captured during the same scan.

The resulting reconstructions offer similar metal artifact reduction to that seen in high energy

reconstructions, but with improved image quality.

Methods: Experimental data was collected using a bench-top PCD-CT system with a

cadmium zinc telluride PCD. Simulations were performed to determine the optimal high en-

ergy threshold and to test TRMAR in simulations using the XCAT phantom and a biological

sample. For experiments a 100-mm diameter cylindrical phantom containing vials of water,

https://doi.org/10.1002/mp.16049
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two screws, various densities of Ca(ClO4)2, and a spatial resolution phantom was imaged

with and without the screws. The screws were segmented in the initial reconstruction and

forward projected to identify them in the sinogram space in order to perform TRMAR. The

resulting reconstructions were compared to the control and to reconstructions corrected us-

ing normalized metal artifact reduction (NMAR). Additionally, a beef short rib was imaged

with and without metal to provide a more realistic phantom.

Results: XCAT simulations showed a reduction in the streak artifact from -978 HU

in uncorrected images to -10 HU with TRMAR. The magnitude of the metal artifact in

uncorrected images of the 100-mm phantom was -442 HU, compared to the desired -81 HU

with no metal. TRMAR reduced the magnitude of the artifact to -142 HU, with NMAR

reducing the magnitude to -96 HU. Relative image noise was reduced from 176% in the high

energy image to 56% using TRMAR. Density quantification was better with NMAR, with

the Ca(ClO4)2 vial affected most by metal artifacts showing 0.8% error compared to 2.1%

with TRMAR. Small features were preserved to a greater extent with TRMAR, with the

limiting spatial frequency at 20% of the MTF fully maintained at 1.31 lp/mm, while with

NMAR it was reduced to 1.22 lp/mm. Images of the beef short rib showed better delineation

of the shape of the metal using TRMAR.

Conclusions: NMAR offers slightly better performance compared to TRMAR in streak

reduction and image quality metrics. However, TRMAR is less susceptible to metal segmen-

tation errors and can closely approximate the reduction in the streak metal artifact seen in

NMAR at 1/3 the computation time. With the recent introduction of PCD-CT into the

clinic, TRMAR offers notable potential for fast, effective MAR.

6.2 Introduction

Metal artifacts have plagued images in computed tomography (CT) almost since its inception

[183, 184]. As the name implies, metal artifacts are a result of the presence of high-density

materials within the patient, and consist mostly of metal implants such as hip protheses,

surgical materials like screws and clips, and dental fillings. Metal artifacts manifest in

several ways such as large dark bands between two metal objects and thin, light or dark

streaks originating from the metal object(s). These artifacts are due to one or a combination

of effects such as beam hardening, scattering, noise, and nonlinear partial volume effects

[66, 23]. Metal artifacts can severely damage image quality, especially in close proximity to

the metal objects, which reduces the images’ reliability for diagnosis or radiation treatment

planning [185, 186].
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Methods for metal artifact reduction (MAR) have been developed routinely since CT

has been in use clinically, starting with Lewitt and Bates in 1978, with serious increases in

method development in recent years [187, 67]. There are many techniques for MAR such as

improving the data acquisition process, or through algorithms that reduce metal artifacts.

MAR methods fall into a number of categories, namely, projection completion, iterative

models, and more recently, deep learning models. Additionally, beam hardening correction

methods can be applied to reduce metal artifacts, as beam hardening is the main cause of

metal artifacts [188, 189, 190, 191]. In projection completion, the data that are affected by

the metal are either corrected or replaced through interpolation or corrected using various

inpainting methods [186, 187, 192, 193, 194, 195, 196, 197, 198, 199, 200]. However, inpainting

does have its drawbacks; new artifacts can be introduced [193, 197, 201, 202, 203] and precise

segmentation of the metal is needed [184, 204], though is often difficult to achieve with

irregular-shaped objects. Iterative MAR correction models operate by using prior physics

knowledge and measurement and imaging statistics and then utilizing iterative reconstruction

methods to approach the best solution [205, 206, 207, 208, 209, 210, 211]. However, iterative

methods usually require extensive computation time due to their iterative nature. More

recently, deep learning has been applied to the problem of metal artifacts in CT images

[212, 213, 214, 215]. While these methods demonstrate good results, the drawback is that

they are supervised learning methods, and require labeled datasets of images with metal

artifacts and the same images with corrected or no metal artifacts as a target. One solution to

this is unsupervised learning, which has been implemented for MAR more recently [216, 217].

Additionally, a number of recent studies have investigated how photon-counting detectors

(PCDs), used in place of the conventional energy-integrating detectors (EIDs), could improve

aspects of MAR [70, 71, 218], including better assessment of bone health immediately around

metal implants [219] as well as better detection of implant failure when compared to current

imaging methods [220]. PCDs are direct-conversion detectors that can distinguish the energy

of each incident x-ray and bin them into a number of predetermined energy ranges. This

results in a separate projection set for each energy bin consisting of mainly x-rays from that

energy range. This is beneficial because metal artifacts are less prevalent at higher energies.

For example, by using dual energy CT to synthesize virtual monoenergetic images (VMIs)

metal artifacts were greatly reduced at VMIs with higher energies [72, 73]. Using PCDs,

Rajendran et al. showed that beam hardening and metal artifacts decreased in CT images

of various metallic structures when using energy ranges from 50–80 keV or 60–80 keV with

an 80 kVp tube voltage [70]. Additionally, better MAR results have been seen using PCDs

compared to EIDs when reconstructions used only data above a threshold energy of 70–75
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keV [71, 218].

However, one downside of utilizing only high-energy x-rays for image reconstruction is

the reduction in contrast within the resulting images. Additionally, image noise is likely

to increase since fewer photons are being utilized during reconstruction. Here, we propose

a hybrid correction method of inpainting in the high image quality energy bins of a PCD

by replacing the data affected by the metal with data from a higher energy bin where the

metal artifacts are less prevalent. This will allow for MAR while maintaining the desired

contrast and noise. Compared with recently developed MAR methods, such as with deep

learning, our method requires no training and can reduce metal artifacts on a case-by-case

basis regardless of whether the specific metal distribution has been included in the training

data. We use a bench-top PCD-CT system with a six-bin PCD and demonstrate how the

proposed method is able to reduce metal artifacts in phantom images while maintaining

image quality and compare it to normalized metal artifact reduction (NMAR) [197]. We

termed the new method trace replacement metal artifact reduction (TRMAR).

6.3 Materials and Methods

6.3.1 MAR Algorithms

The first step in TRMAR outlined in Fig. 6.1 is to identify the corrupted data in the original

sinogram. First, an uncorrected CT image is reconstructed and then metal is segmented in a

high energy bin using thresholding. The algorithm allows for the selection of the appropriate

threshold value based on the uncorrected images. Here, the center of the images was excluded

from metal thresholding due to the presence of ring artifacts. Then, a number of iterations

of binary dilation to apply to account for any errors in thresholding are applied. From there,

the metal-only image is forward projected using Siddon’s method [221] to obtain the location

of the metal traces in the original sinogram. Once the metal traces have been identified in the

sinogram, a mask can be created of the metal traces from which the original sinograms can

be manipulated. Using the mask, the metal trace data in the original sinogram are replaced

with the equivalent data from a high-energy bin from the PCD. The corrected sinogram is

then reconstructed with reduced metal artifacts. The full algorithm takes approximately 7

s to produce a corrected image.

We use a modified version of the normalized metal artifact reduction (NMAR) [197] for

comparison with TRMAR (also depicted in Fig. 6.1). In brief, the metal is segmented in the

uncorrected full energy CT in the same way as detailed for TRMAR, with the user selecting

the desired threshold and number of binary dilation iterations. The metal traces in the
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original sinogram are replaced through linear interpolation and then reconstructed. Linear

interpolation is done along each row of the sinogram (as oriented in Fig. 6.1). From the linear

interpolated image, a prior image is computed using thresholding, assigning areas determined

to be air to -999 HU (to avoid computational errors), areas with soft-tissue-like properties

to a soft-tissue like HU value, and areas determined to be bone left as is. The metal can

be assigned to any value, here we use the value for soft-tissue. A prior sinogram is created

through forward projection and multiplied pixel wise with the original sinogram to obtain a

normalized sinogram. In the normalized sinogram, the metal traces are linearly interpolated

and then the newly interpolated sinogram is denormalized via the prior sinogram to obtain

the corrected sinogram. Then, the final corrected NMAR image is reconstructed. NMAR

takes 21 seconds to fully produce a corrected image.

6.3.2 Experiments

PCD-CT bench-top system

The bench-top setup can be seen in Fig. 6.2a, showing the x-ray tube (MXR 160/22, Comet

Technologies, San Jose, CA), phantom, and PCD (Redlen Technologies, Saanichton, BC,

Canada). The PCD and x-ray tube were both mounted on vertical motion stages and

the phantom was mounted on a rotation stage (Newport Corporation, Irving, CA). The two

vertical motion stages and the rotation stage were all mounted on separate horizontal motion

stages (Newport Corporation, Irving, CA). For all CT acquisitions, the source to detector

distance was 578 mm and the source to isocenter distance was 322 mm and the center of the

phantom was placed at the isocenter of the imaging system.

The PCD consisted of two 8×95 mm2 modules aligned end to end to create an 8×190

mm2 detector, which yields a 106 mm field of view with 4.5 mm Z-coverage at isocenter. The

detector crystal was 2 mm thick cadmium zinc telluride (CZT) bonded to an Application

Specific Integrated Circuit (ASIC) offering a pixel pitch of 330 µm. The detector was capable

of operation at 250 Mcps/mm2 without polarization [126].

Phantom

The phantom (Fig. 6.2b) was a 100-mm diameter, 30-mm thick cylinder machined from

high density polyethylene (HDPE) and contained insets for eight 0.6 ml Eppendorf tubes

(6.3 mm diameter, 29 mm height) and ten 0.2 ml Eppendorf tubes (5.5 mm diameter, 20

mm height) that could be filled with contrast agents. Also housed in the 100 mm phantom

was a 22 mm diameter, 2 mm thick acrylic spatial resolution piece that contained six 4×4
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Figure 6.1: Scheme of TRMAR and modified NMAR. First, a metal image is created through
thresholding, from which the metal segments are forward projected. For TRMAR, the metal
corrupted data in the original sinogram is replaced with the equivalent data from a high
energy bin and then reconstructed. For modified NMAR, the metal segments are linearly
interpolated to create a linear-interpolated-corrected image. From the corrected image, a
prior image is synthesized through thresholding and forward projected into a prior sinogram.
The original sinogram is normalized with the prior sinogram and then corrected through
linear interpolation, denormalized, and reconstructed into the NMAR corrected image.

arrays of precisely sized holes drilled through the acrylic (Fig. 6.2b). The hole diameters

and spacings were 1, 0.75, 0.66, 0.5, 0.33, and 0.25 mm. In the phantom layout used in this

study, as seen in Fig. 6.2b, five of 0.6 ml vials contained various concentrations of Ca(ClO4)2,

a bone analog, to provide areas of contrast with the larger phantom. Ca(ClO4)2 solutions

were synthesized by dissolving calcium perchlorate tetrahydrate (Sigma Aldrich, Oakville,

ON, 99% pure) in water. The densities of the solutions were 1.47, 1.37, 1.33, 1.31, and 1.19

g/cm3. The rest of the vials contained only water. Two phantom layouts were used in the

study; in one layout, two of the 0.6 ml water vials were replaced with A2-70 stainless steel
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Figure 6.2: a) Bench-top photon-counting detector CT (PCD-CT) setup. b) The phantom
layout showing spatial resolution piece (upper middle) and the various Ca(ClO4)2 densities.
The vials that are half red represent the differences between the non-metal and metal acqui-
sitions; in the metal acquisition screws replaced the water vials at the half-red vial locations.
c) An image of the beef short rib on the rotation stage. d) A schematic of the XCAT head
phantom showing the various tissue types and materials present.

Allen bolts. The bolts were 16 mm in height (10 mm threading height, 6 mm head height)

with 5 mm diameter and a 9.5 mm diameter head. When inserted into the phantom, only

the threading sat below the top of the phantom.

Beef short rib

In order to image a specimen that was more realistic than the 100-mm phantom, a beef short

rib was imaged with and without two small steel screws (Fig. 6.2c). Imaging was performed

under the same parameters as the 100-mm phantom. The short rib was approximately 80
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mm long, parallel to the bone and the cross section was 70 mm by 60 mm. The two steel

screws were 8 mm long, with a 3 mm diameter thread, and 5 mm diameter head. After

imaging the short rib without the screws, small cuts were made in the short rib in which to

insert the screws, immediately followed by imaging the short rib again.

Image acquisition

Two separate scans were acquired for both the 100-mm phantom and the beef short rib,

one with the metal screws and one with the water vials in place of the screws. All scans

were acquired with a 120 kVp tube potential using the small (1 mm) x-ray focal spot. In

all scans the beam was collimated to 172.5 mm horizontal and 17.25 mm vertical coverage

at isocenter. Two additional scans of the phantom with and without metal were acquired

with the beam collimated to 276 mm horizontal and 103.5 mm vertical coverage at isocenter

in order to evaluate the effect of increased scatter. The 100-mm phantom was rotated at 2

degrees per second for a total imaging time of 180 s per scan. 720 projection frames were

acquired with a 0.25 s imaging time per frame. For the beef short rib, an imaging time of

360 s was used with 0.5 s per projection for 720 projections.

The image sets with and without the metal screws in place were acquired at detector

thresholds of 30, 50, 70, 100, 110, 120 keV. The beam was filtered with 1 mm of Cu to harden

the incident beam spectrum and a tube current of 5 mA was used in order to compensate

for the filtration thickness. The filtration and tube current were chosen to achieve a higher

number of counts in the 100-110 keV bin, and thus less noise. The portion of the filtered

spectra separated into each energy bin can be seen in Fig. 6.3a-e along with the full spectra

(Fig. 6.3f).

Image reconstruction

Projection images of each bin n were corrected for air using the following equation:

pn = −ln

(
In
I0

)
; n = 1, 2, 3, . . . 6 (6.1)

where I is the number of counts in the projection image and I0 is the number of counts in

a flat field scan. n corresponds the detector bin number, though any combination of bins

could be reconstructed by adding the counts from the appropriate bins before conducting

the flat field correction. The flat field scan was acquired for 60 s and scaled appropriately

for the time of each projection image. Before undergoing the flat field correction, pixels with

non-uniform response were identified and corrected using nearest neighbors’ interpolation.
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Figure 6.3: Plots of the portion of the incident 120 kVp spectra filtered with 1 mm Cu that
is acquired in each energy bin: a) Bin 1, b) Bin 2, c) Bin 3, d) Bin 4, e) Bin 5, and f) the
full energy range.

Additionally, an in-house ring artifact correction method was applied to the sinogram before

reconstruction. Briefly, a uniform cylindrical water phantom was imaged in a single projec-

tion. It was then corrected for air using the flat field correction (Eq. 6.1). The profiles across

each row of data were fit with a 6-degree polynomial and the ratio was found between the

water phantom data and the fitted data for each pixel. The CT data was then multiplied by

the ratio array to further correct for the remaining pixel non-uniformity.

Once the corrected sinogram was obtained, CT images were reconstructed using the

Feldkamp-Davis-Kress (FDK) algorithm48 with a Hamming filter, implemented in the TI-

GRE package [128] for Python. The CT data sets were reconstructed in 24 slices of 512×512

pixels with a corresponding image size of 105×105 mm2. All reconstructed images were

normalized to HU using the following equation:

HU = 1000
(µ− µwater

µwater

)
(6.2)

where µ is the un-normalized image signal, µwater is the mean signal within the water vials,
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and µair is the mean signal within the air surrounding the phantom. All images throughout

the study are displayed with a window (W) and level (L) of 1300 HU and 150 HU, respectively.

TRMAR images were reconstructed using the 100–110 keV bin as the high energy bin

and the 30–120 keV bin as the full energy bin. The metal was segmented in the 100–110

keV bin and the threshold was set to 2000 HU and no binary dilation was employed. For

the beef short rib, the metal traces were normalized by a factor of 1.10 to offer a smooth

transition between the attenuation signal in the high energy metal traces and the signal of

the full energy sinogram. NMAR images were reconstructed using the 30–120 keV bin and

the metal was segmented in the same bin using a threshold of 2000 HU and two iterations

of binary dilation.

Streak artifact magnitude

The magnitude of the main streak artifact in the 100-mm phantom was evaluated by means

of a region of interest (ROI) seen in red in Fig. 6.7b. This ROI was chosen because it encom-

passes the streak artifact without being overtly affected by other objects and/or artifacts

within the image. The mean and the standard deviation of the ROI HU value was calculated

for ten slices. The artifact magnitude was compared to the HU value of the same area in

the non-metal images.

Image quality

Image quality in the 100-mm phantom images was measured in the phantom body only; it

excluded the area with the streak artifact, all the vials, and the spatial resolution piece. A

box and whisker plot was calculated for each energy bin and the various MAR methods.

The standard deviation of the signal within the phantom body divided by the mean signal

within the phantom body for ten slices for each set of data was reported as image noise. The

mean signal within the phantom body was between -37 HU and -100 HU depending on the

energy range of the bin.

Density quantification

The density of each of the five Ca(ClO4)2 vials in the 100-mm phantom was measured as by

applying a linear fit to the real vial densities versus the mean HU value in each of the five

vials in the non-metal images. Then the image densities of the vials in uncorrected, TRMAR,

and NMAR images were calculated by applying the linear fit to the mean HU values from
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the five vials in each image, respectively. The mean values were taken in 10 slices in each of

the image types and the standard deviation of the mean values was calculated as the error.

Small features

The preservation of the modulation within the patterns on the spatial resolution piece in

the 100-mm phantom were measured by drawing profiles parallel and perpendicular to the

streak artifact over the four rows and columns of each of the five largest patterns in the

resolution piece. In addition, the profiles were interpolated to smooth them, and the peaks

and valleys were identified in each of the interpolated profiles and the mean peak difference

was calculated. From there, the zero-frequency modulation was found as the difference

between the spatial resolution piece and air and the modulation of each of the five patterns

was calculated as the ratio of the peak differences in the profiles and the zero-frequency

modulation. All profiles and calculations were done on six slices and the standard deviation

between the slices was used as the error. Using linear interpolation, the modulation transfer

function (MTF) was plotted and the limiting spatial frequency at 20% of the MTF was found

for metal-free, uncorrected metal, TRMAR, and NMAR images.

Dose

The phantom dose was calculated by simulating a cylindrical water phantom in TOPAS as

described by Dunning et al. [178, 177]. With the imaging parameters detailed in the image

acquisition section, the dose to the 100-mm phantom was 153 mGy and the dose to the short

rib was 306 mGy.

6.3.3 Simulations

Scatter to primary ratio optimization

CT imaging simulations were performed to assess the minimum photon energy threshold used

in TRMAR. This was achieved through simulation of the scatter to primary ratio (SPR) in

the detector for the projection in which the beam is attenuated by both screws. SPR was

seen to correlate with metal artifacts in the reconstruction, thus the lower energy threshold

for the TRMAR was based on SPR evaluation. Specifically, an SPR = 1.0 was chosen as

the threshold to ensure that the photons used in the TRMAR are mostly primary, which

resulted in greatly reduced metal artifacts.

CT simulations were performed using the Fastcat hybrid Monte Carlo (MC) code [222,
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223]. Fastcat combines MC scatter and detector response functions with GPU ray tracing to

produce fast and accurate CBCT images. To mimic the experimental setup, a 330-µm pixel

pitch 2-mm thick CZT detector and a 100-mm diameter, 30-mm high polyethylene phantom

were simulated with 6-mm inserts of Teflon, Delrin, and acrylic to mimic the inserts found in

the phantom. Since the exact composition of the metal screws used in the experimental data

acquisition was unknown, the metal screws were approximated as iron alone in simulations

for simplicity. Additionally, SPR was assessed in a Fastcat projection image in the region

of the phantom where the two screws aligned for monoenergetic simulations between 30 and

110 keV. Scatter was defined as any particle hitting the detector that had interacted in the

phantom. SPR was also assessed in the situation with only one screw.

All simulations were run on a Linux desktop with 8 Intel Skylake cores (Intel Corp., Santa

Clara, CA, USA) and a Nvidia GeForce RTX 2070 GPU (Nvidia Corp., Santa Clara, CA,

USA). CT simulations took on average 10 seconds for the monoenergetic simulations and 60

seconds for full poly-energetic simulations. Though the incident beams in the monoenergetic

simulations were comprised of x-ray of only that specific energy, the resulting polyenergetic

scatter from the phantom itself was still detected and used for image reconstruction. The

poly-energetic simulations consisted of a 120 kVp x-ray source filtered by 1 mm of copper

simulated analytically by Fastcat. Additionally, focal spot blurring was applied for a 1

mm focal spot. 720 projections were acquired for each simulation and the images were

reconstructed using the FDK method with a Hamming filter. CT images were reconstructed

with 512×512 voxels with an image size of 105×105 mm2. In the relevant MC simulations

performed in TOPAS [178], the particle range cutoffs were set to 0.05 mm and no variance

reduction techniques were used.

XCAT phantom

Fastcat simulations were also performed using the head of the anthropomorphic XCAT phan-

tom [24], containing two silver amalgam dental fillings (Fig. 6.2d). 110 keV monoenergetic

images and 120 kVp images filtered with 1 mm of copper were both simulated. Using the

110 keV monoenergetic simulations, TRMAR was applied to the 120 kVp simulated images

using a 2000 HU threshold without any dilation. Additionally, a normalization factor of 1.15

was multiplied to the high energy metal traces for TRMAR in order to provide a smooth

transition between high energy metal traces and the rest of the full energy sinogram. This

was due to the sharp difference in bone attenuation in the 120 kVp simulation and 110 keV

simulation. NMAR was applied to the 120 kVp simulated images with a 10000 HU threshold



111

and no binary dilation. Threshold and dilation values were found iteratively. The magni-

tude of the streak artifact was measured by placing an ROI within the streak artifact and

calculating the mean and standard deviation of the pixels within the ROI.

6.4 Results

6.4.1 Simulations

CT simulation results of the 100-mm phantom are summarized in Fig. 6.4. The 120 kVp

reconstruction (Fig. 6.4a) shows good agreement with the experimental results presented in

Fig. 6.7b. The scatter simulation results (Fig. 6.4b and c) confirmed the increase of primary

radiation reaching the detector with increasing energy and that SPR = 1.0 at 102.5 keV.

The monoenergetic CT images presented in Fig. 6.4d confirm this pattern with the metal

artifacts being prominent for energies of <100 keV. At 100 keV and 110 keV, the metal

artifacts started to subside, and as a result and given that clinical scans are often performed

with 120 kVp beams, 100 keV was chosen as the lower energy threshold for the high energy

bin in TRMAR. For the case of only one screw, SPR was equal to 1.0 at approximately 80

keV (Fig. 6.5).

Simulated images of the XCAT head phantom for the 120 kVp beam and the 110 keV

monoenergetic beam are shown in Fig. 6.6a-b. As previously demonstrated in Fig. 6.4d, the

metal artifact is significantly reduced in the 110 keV monoenergetic images of the XCAT

phantom (Fig. 6.6b). The TRMAR and NMAR images can be seen in Fig. 6.6c and d,

respectively. All images in Fig. 6.6 also show the magnitude of the metal artifact, where the

actual value of the same area in slices without metal artifacts was 32 ± 4 HU.

6.4.2 Experimental measurements

Reconstructions of the 100-mm diameter phantom with and without the screws can be seen

in Fig. 6.7a and b, respectively. The dark streak artifact is seen in the image containing

the screws, obscuring a portion of the spatial resolution piece and one of the Ca(ClO4)2

vials. The high-energy (100-110 keV) bin reconstruction is shown in Fig. 6.7c with a notable

reduction in the magnitude of the streak artifact.

Metal artifact reduction with TRMAR

The results in the 100-mm phantom from both TRMAR and NMAR methods can be seen

in Fig. 6.8. The noise texture in the phantom body from the 30-120 keV bin without metal
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Figure 6.4: a) Fastcat image of phantom with metal inserts produced with the 120 kVp beam.
b) A plot of the relative number of primary and secondary particles arriving at the detector
in the area where the two metal screws align. c) The corresponding scatter to primary ratio.
The blue star indicates an SPR of one. d) CT reconstructions of monoenergetic simulations
of the phantom at energies between 50 and 110 keV with W/L = [1300/150 HU] and an
inset image of the artifact area with W/L = [-800/0 HU].

(Fig. 6.8a) was maintained in the TRMAR images (Fig. 6.8b), though there are smaller

artifacts still present. Additionally, the amount of reduction seen in the streak artifact in

the high energy image (Fig. 6.7c) was maintained with TRMAR. In the modified NMAR

image (Fig. 6.8c), a large reduction in the streak artifact was also seen, as well as the removal

of many of the smaller, thin artifacts. However, other artifacts were introduced due to the

interpolation process, which is common for linear interpolation methods [67, 201, 202]. These

artifacts can be seen in the three insets in Fig. 6.8c (white arrows), and occur at the edges

of water and Ca(ClO4)2 vials where there is a small amount of air between the phantom and

the vial. They are also obvious in the spatial resolution piece, where bands of higher HU

run in line with the direction of the holes. There is also some loss in the sharp edges of the

holes in the spatial resolution piece.
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Figure 6.5: A plot of the relative number of primary and secondary particles arriving at the
detector in the area in the case where there is one metal screw in the 10-cm polyethylene
phantom.

Streak artifact quantification

Fig. 6.9a displays the magnitude of the streak artifact as calculated using the ROI shown

in Fig. 6.7b. The mean phantom CT number in the 30-120 keV bin with no metal was -81

HU. The CT number decreases with the introduction of the metal. Using the high energy

bin alone (100-110 keV), the streak artifact was markedly reduced. With TRMAR, we were

able to reduce the effect of the streak artifact to almost the same extent as the high energy

image, but slightly better results were seen using NMAR.

Additionally, the 100-mm phantom was scanned with a larger collimator to evaluate the

effect of scatter and SPR experimentally. In the uncorrected image with the larger collimator

the streak artifact demonstrated a signal of -567 ± 66 HU compared to -442 ± 105 HU with

the smaller collimator. After correction with TRMAR, the streak signal was -237 ± 44 HU

with the larger collimator compared to -142 ± 51 HU with the smaller. The same areas in

the images without metal were -80 ± 12 HU and -84 ± 14 HU for the smaller and larger

collimators, respectively. All images can be seen in Fig 6.10.
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Figure 6.6: Simulated Fastcat images of the XCAT head phantom a) using a 120 kVp beam,
b) using a 110 keV monoenergetic beam, c) using TRMAR with the metal traces from the
110 keV monoenergetic images, and d) using NMAR.

Density accuracy

Fig. 6.9b depicts the effect that the two metal artifact reduction techniques had on quantify-

ing the density of the contrast vials. Both TRMAR and NMAR corrected the density in the

1.37 g/cm3 vial, which was the vial bisected by the streak artifact, though NMAR was more
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Figure 6.7: CT reconstructions using the 30–120 keV bin of the two phantoms layouts: a)
without metal and b) with metal. c) The 100–110 keV bin showing reduced metal artifacts.
The red overlap in the images is the ROI used for the artifact magnitude measurement. W/L
= [1300/150 HU].

Figure 6.8: CT reconstructions a) without metal b) with the 100–110 keV TRMAR in the
30-120 keV energy bin and c) NMAR in the 30–120 keV energy bin. Inserts show areas with
introduced artifacts in NMAR (white arrows). W/L = [1300/150 HU].

accurate. NMAR also offered more accurate density values for the other vials which were

less affected by the streak artifact. TRMAR slightly underestimated the non-metal image

density and demonstrated similar values to the uncorrected metal image densities for the

four vials that were relatively unaffected by the streak artifact. However, for both TRMAR

and NMAR the error on the image density values encompassed the mean density found in

the non-metal images. The mean absolute error on the density value for all vials for TRMAR

was 0.018 ± 0.002 g/cm3 and 0.0016 ± 0.0008 g/cm3 for NMAR.
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Figure 6.9: a) The main streak artifact magnitude in the CT images containing no metal,
the images containing metal (middle), and the three correction methods. b) Quantitative
accuracy of the density of the five bone analogue vials in the no-metal, uncorrected, TRMAR,
and NMAR images.

Image quality

In addition to the main streak artifact, the metal also produced other smaller artifacts,

which were quantified via the relative image noise, as shown in Fig. 6.11. The relative

noise increased in both the 30-120 keV and 100-110 keV images when metal was introduced

(Fig. 6.11b). The noise levels in the MAR methods were not reduced compared to the

relative noise seen in images without metal artifacts, although they were reduced compared

to the uncorrected metal images. The 100-110 keV TRMAR demonstrated a 4.4% decrease

in relative noise compared to the 30-120 keV image with metal artifacts. The NMAR images

demonstrated a larger reduction of 29.2%, with a relative mean noise close to that of the

metal-free images.

MTF measurements

Fig. 6.13a shows the MTF for the profiles drawn perpendicular to the streak artifact and

Fig. 6.13b show the profiles drawn parallel to the streak artifact for metal-free, uncorrected

metal, TRMAR, and NMAR images, respectively. Fig. 6.12a-d shows the spatial resolution

piece for same image types and Fig. 6.12e-h shows an example of the profile that is drawn

in the images in Fig. 6.12a-d after interpolation. 6.1 shows the limiting spatial frequency

at 20% of the MTF in each of the profile directions for metal-free, uncorrected, TRMAR,
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Table 6.1: Limiting spatial frequency.

Limiting spatial frequency (lp/mm)
Profile direction No metal With metal TRMAR NMAR
Perpendicular 1.35 1.21 1.35 1.15
Parallel 1.27 1.27 1.27 1.29
Mean 1.31 1.24 1.31 1.22

and NMAR images. The mean limiting frequency for both perpendicular and parallel is

also listed. In both cases TRMAR outperformed NMAR, but especially so in the direction

perpendicular to the streak artifact.

Beef short rib images

The images of the beef short rib with and without metal, as well as the MAR images, can be

seen in Fig. 6.14. A closeup inset of the upper screw can be seen in all the images containing

the screws showing that the physical shape of the screws in best visualized in the 100-110

keV bin (Fig. 6.14c), with the delineation maintained in the TRMAR image (Fig. 6.14d). To

obtain the best MAR results in NMAR, two iterations of binary dilation were applied, which

distorted the shape of the screws and the air pockets that existed in some areas around the

screw (white arrows in Fig. 6.14c and e). Distortions in the shape of air pockets further

away from the screws were also observed and can be seen in the lower image insets, with

some of the smaller air pockets almost lost in the NMAR images. Additionally, the results

of applying no dilation to NMAR metal segmentation can be seen in Fig. 6.14f where the

metal artifacts are still present, though to a lesser extent than seen in the uncorrected metal

image (Fig. 6.14b).

6.5 Discussion

6.5.1 Scatter to primary ratio

Here, a MAR algorithm (TRMAR) was presented exploiting PCD-CT’s ability to bin photons

based on their energy when incident on the PCD. The artifact reduction provided by TRMAR

was based on the reduced beam hardening seen at higher x-ray energies, which can be

distinguished with PCD-CT. For the experiments conducted as part of the study, it was

found, based on simulations performed in Fastcat, that energies above 100 keV would provide

the best MAR. This high energy lower threshold was chosen based on the simulation results
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that demonstrated that the SPR reached 1.0 just above 100 keV, meaning that there was

an equal amount of primary to secondary x-rays incident on the detector at the location in

which the two metal screws overlapped. An SPR of 1.0 is not sufficient by itself to generate a

good CT image in terms of MAR and is specific to the case of the 100-mm diameter phantom.

However, the rationale is that energy bins above the 100 keV threshold at which SPR would

equal 1.0 would have SPRs much less than one, due to the fact that the SPR is decreasing

exponentially, as seen in Fig. 6.4c, leading to more primary photons. Simulations with a

higher number of primary photons would mean that there was more penetration through the

metal. Beam hardening would not occur in monoenergetic simulations if only monoenergetic

x-rays are detected. However, metal artifacts are still seen, which are due to polyenergetic

scatter generated within the phantom by the monoenergetic beam. The presence of more

primary photons leading to reduced metal artifacts can be seen in the monoenergetic 100

keV and 110 keV simulation images (Fig. 6.4d). For larger objects, the threshold of 100 keV

corresponding to an SPR of 1.0 would not hold, though MAR should still be observed. This

can be seen in the simulated CT images of the XCAT head phantom at 110 keV (Fig. 6.6b),

which still demonstrated significant MAR though the diameter of the head was much larger

than the 100-mm diameter phantom. The XCAT head phantom simulates a 50th percentile

man, whose head has a circumference of 585 mm, which corresponds to a diameter of roughly

180 mm. As such, TRMAR also demonstrated a similar reduction in the streak artifact seen

in the XCAT images (Fig. 6.4c). To further support the fact TRMAR could still be used

with a lower high energy threshold, MAR reduction was still seen in the 100-mm in the

70-100 keV bin and with TRMAR using the 70-100 keV bin (Fig. 6.15b, c). In addition,

clinical CT scanners often have a higher peak tube voltage of 140 kVp, which would allow a

higher energy threshold to be used for full-body imaging. This would allow for lower noise in

the high energy bin, or the increase of the high energy bin range, which would further reduce

beam hardening. In our experiments, we were limited to 120 kVp due to room shielding.

Also, clinical scanners often include an anti-scatter grid, which would lower the threshold

at which an SPR = 1.0 could be achieved. Since metal artifacts were reduced more as the

energy was increased in simulation past the SPR = 1.0 energy value, we would expect to see

reduced metal artifacts at the same energy if an anti-scatter grid were added.

All of the simulation images did suffer from some additional artifacts not seen in exper-

imental data, especially in the monoenergetic reconstructions (Fig. 6.4d). They appeared

as linear patterns called Moiré patterns [66] and were due to a number of causes. Moiré

patterns are interference patterns caused when two similar patterns are overlaid with one

another, but with a slight offset, such as a small rotation. This, of course, occurs during
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reconstruction in CT, as similar backprojections are overlaid with one another with only a

slight rotational offset. They are especially prevalent in simulations, and in particular here,

due to view under-sampling [66], high-spatial resolution, and idealized data acquisition with

perfect sample rotation. Combined, these factors lead to the patterns seen in the simulation

images (Fig. 6.4a, d). The severity of the patterns was also correlated with the severity

of metal artifacts. These patterns can also occur in experimental data, though are not

as prevalent, partly likely due to the imperfect sample rotation resulting in Moire pattern

smearing.

6.5.2 XCAT phantom

In order to evaluate the performance of TRMAR initially, the algorithm was first applied to

simulations of the XCAT head phantom (Fig. 6.6c) and compared with NMAR, which was

applied on the same images (Fig. 6.6d). In this case, as the metal fillings were embedded

in the teeth, the segmented metal traces showed a slight border in the projection space

that contained bone. When the metal traces were replaced with the high energy metal

traces, a sharp edge was seen between the bone attenuation in the 120 kVp sinogram and

bone attenuation in the 110 keV traces. This led to a dark ring appearing around the

fillings, causing significant artifacts. This was mitigated by normalizing the high-energy

metal traces, which reduced the ring. In the case of the XCAT images, TRMAR performed

similarly to NMAR with negligible differences in the measured magnitude of the streak

artifact. However, the dark artifacts directly above and below the fillings in the 110 keV

monoenergetic image (Fig. 6.6b) were also seen in the TRMAR image (Fig. 6.6c), but not in

the NMAR image (Fig. 6.6d). Overall, NMAR offers a slightly fewer artifacts in the XCAT

simulations compared to TRMAR, on which the streak artifact can still be visualized, and

smaller artifacts can also still be seen.

6.5.3 Experiments

The 100-110 keV bin was used as the high energy bin for the experimental verification of

TRMAR. This energy range was chosen not only due to it containing energies above the

SPR threshold dictated by the Fastcat simulations, but also because previous work has

demonstrated the benefits of smaller bins for MAR using PCDs [219]. The 30-120 keV

energy range used for the metal-free, uncorrected, and NMAR images, as well as the base of

the TRMAR images. X-rays below 30 keV were excluded as they include a disproportionate

amount of noise due to charge sharing [118, 113], and they are largely attenuated by the 1
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mm Cu filtration. Additionally, an extensive proportion of x-rays below 30 keV would be

attenuated by the phantom.

Streak artifact

The 100-mm phantom images for both methods of MAR were evaluated based on a number of

criteria, the first, like the XCAT images, being the magnitude of the streak artifact between

the metal. In this case, NMAR offered HU values closest to the metal-free images by a small

margin. In NMAR, by interpolating along each row in all the normalized sinogram slices,

the signal on either side of the metal traces is largely composed of the phantom (with a slight

amount of air around the metal itself). This results in signal within the metal traces closely

resembling the phantom signal. However, the metal traces within the sinogram are not only

surrounded by the phantom, but the metal also crosses the traces of other objects within

the phantom, such as the spatial resolution piece, which leads to some non-uniformities

within the interpolated traces. This introduces other artifacts which can be seen in the

reconstructed NMAR images (Fig. 6.8c, white arrows). For the 100-110 keV image and the

TRMAR images, the metal traces still showed attenuation by the metal, though to a lesser

extent than the full energy range. Therefore, the TRMAR images still suffered from beam

hardening and scattering. However, the streak artifact was smaller in magnitude resulting

from the reduced effects of beam hardening. TRMAR with the 100-110 keV traces reduces

the magnitude of the streak artifact to a lesser extent than NMAR, but does not introduce

additional artifacts to the images. However, NMAR still outperforms TRMAR to a small

extent in terms of streak artifact reduction.

Additionally, the initial simulations showed a lower SPR was correlated with reduced

metal artifacts. Experimentally, this was tested by widening the collimation of the beam

and scanning the same phantom with and without metal in order to evaluate the effect on the

streak artifact. In both images that were uncorrected, and images corrected using TRMAR,

the streak artifact signal was greater in the presence of more scatter with the widened

collimator under otherwise identical conditions. As the conditions were identical except for

the collimation, any significant difference in counts in the projection images would be due to

a change in scattered detections, supporting the correlation between increased metal artifacts

and increased SPR.
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Density quantification

The 1.37 g/cm3 Ca(ClO4)2 vial was the only contrast tube significantly affected by the

metal artifacts, as it was bisected by the streak artifact. In that vial, NMAR offered the

best correction as the streak artifact was reduced almost completely while TRMAR still

showed a residual artifact. However, TRMAR was still able to greatly increase the accuracy

of the vial density due to the reduction in the streak artifact to within the margin of error

on the value found in the non-metal images. Even including the 1.37 g/cm3 Ca(ClO4)2 vial,

TRMAR was able to correct the density, on average, to within 0.018 g/cm3. NMAR still

offered better results however, being able to correct the density to within 0.0016 g/cm3.

Image quality

The smaller streaking artifacts seen in the 100-mm phantom and short rib images are common

in CT images containing metal and were measured here via the relative image noise in

the phantom body. These small artifacts can be due to a number of factors, including

beam hardening, scatter, and Poisson noise. The edges of the metal can also create streaks

as a result of undersampling, motion, and cone beam artifacts [23]. Here, these artifacts

were not due to motion, as we were using a phantom with the metal screws fixed in place.

Undersampling was also likely not the source as additional data with double the number of

projections was acquired with no changes in the small streaking artifacts. Many of these small

artifacts appeared as thinner versions of the streak artifact, which occurred between the two

metal screws with higher attenuation. Unfortunately, our prototype PCD detector suffers

from considerable pixel non-uniformity which leads to ring artifacts that are not completely

mitigated by flat-field and other tested ring artifact correction methods. Consequently, ring

artifacts can make it appear that an area has higher attenuation than expected, and many of

the small artifacts occur between a screw and a ring artifact. The non-uniform responding

pixels also appear to potentially interact with the metal artifacts, cause the blooming signal

around the metal to sweep along the path of the ring artifacts, as in Fig. 6.14c. Two

especially noticeable streaking artifacts occur through the central pixels of every image with

metal artifacts, whether corrected using a MAR method or not. The centers of these images

have noticeable ring artifacts, supporting this hypothesis. Additionally, these artifacts were

non-existent in the NMAR data, where the metal signal from the screws was completely

replaced, and the small streaking artifacts were not present. Overall, NMAR was more

successful at improving image quality visually as well as quantitively. However, TRMAR

still warrants further investigation since fewer artifacts would be likely to occur in a clinical
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system due to reduced ring artifacts as further improvements in PCD technology are made.

6.5.4 TRMAR benefits

The first benefit of TRMAR over NMAR is in the preservation of small features. 6.1 demon-

strates that the limiting spatial frequency is preserved with TRMAR compared to even the

metal-free image, while the limiting spatial frequency is reduced for NMAR. The MTFs for

both TRMAR and NMAR can be seen in Fig. 6.13. For NMAR, the major factor affecting the

reduction in the ability to distinguish small details is the introduction of new artifacts, which

can be prominently seen in Fig. 6.12d in the direction parallel to the streak artifact. The

artifacts are especially prevalent in the 0.75 mm array (the array with the red line profile),

where they run not only parallel, but diagonal as well. These diagonal artifacts significantly

reduce the NMAR MTF at that point (0.66 lp/mm). The example profile (Fig. 6.12h) also

demonstrates this fact. The beef short rib images also bolster the benefits of TRMAR over

NMAR regarding small detail preservation.

The second major benefit with TRMAR is the process of segmenting the metal in the

reconstructed CT image. The segmentation needs to be much more exact for NMAR and

often requires iterations of binary dilation to encompass artifacts that occur around the

physical edges of the metal objects. This results in distortion of the metal object’s appearance

in the final NMAR image (Fig. 6.8c, Fig. 6.14e). However, if the binary dilation is not applied,

metal artifacts can be left uncorrected (Fig. 6.14f). Alternatively, TRMAR is much more

forgiving in terms of segmentation as the data is an exact replacement, only at a higher

energy. Thus, even if the object is overestimated in the segmentation, the excess data is

still replaced with real data, though from a higher energy range. This is not without issues

however, as can be seen in the XCAT images (Fig. 6.6c, d) when the metal is completely

enveloped in bone. Then, when the data is replaced with the data from the high energy bin,

the bone appears to have much lower attenuation that expected, which could cause artifacts,

if the edges of the replaced data are not normalized. In the case of the XCAT data, NMAR

is slightly easier to segment and the metal is not excessively distorted, though that could

be due to their more uniform shape. Underestimation of the edges of metal is not ideal in

either TRMAR or NMAR as it will result in the edges of the metal not being corrected.

All that aside, the segmentation for TRMAR is more forgiving than for NMAR, especially

since the metal can be segmented in the higher energy bin with PCD-CT, resulting in better

delineation of the metal object before forward projection.

And finally, the last benefit of TRMAR over NMAR is that it can correct images in
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approximately 1/3 of the time because there are fewer reconstructions to compute.

6.5.5 Future work

The clinical applicability of TRMAR is not fully assessed in this study, as it is limited to a

simulations and scans with a bench-top PCD-CT system which is only able to accommodate

small objects.

Future research will include scanning objects at higher tube voltages, such as 140 kVp,

implementing an anti-scatter grid to improve SPR, and scanning larger objects. These steps

are unfortunately not feasible with our present setup, however, in the near future our table-

top system will be equipped with a new, larger PCD, which will enable the scanning of

larger objects. The new PCD will also contain higher quality CZT, which should mitigate

some of the pixel response non-uniformity and improve image quality. The installation of an

anti-scatter grid is also planned for the new detector.

In the meantime, next steps are to implement TRMAR in combination with NMAR or

another MAR methods to see if better artifact reduction can be obtained than either method

alone. Anhaus et al recently showed that iterative metal artifact reduction (iMAR) could

be combined with virtual monoenergetic images with a clinical PCD-CT scanner to obtain

better metal artifact reduction [224]. It is possible similar results could be obtained by first

applying TRMAR to obtain a reduced artifact image, and then an additional method could

be applied to further improve the results.

6.6 Conclusion

In this study, we demonstrated that PCD-CT can greatly reduce metal artifacts between two

metal objects in simulations and in phantom experiments by excluding low energy data. Ad-

ditionally, we introduced the trace-replacement mental artifact reduction (TRMAR) method,

which allowed us to replicate the reduction of the metal artifact seen in high energy recon-

structions made possible with PCD-CT while maintaining the contrast and image quality

of the original image. With TRMAR, the projection data affected by the metal (the metal

traces) are replaced with the data from a high energy range. We compared TRMAR with a

commonly used MAR method, NMAR, though NMAR offered slightly better results in terms

of streak artifact reduction, contrast quantification, and image quality. However, TRMAR

outperformed NMAR when it came to conserving small details and better preserving the

shape of the metal objects and was able to correct images in approximately 1/3 of the time.

Based on these results PCD-CT demonstrates notable future options in fast, accurate metal
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artifact reduction with both high-energy reconstructions and TRMAR.
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Figure 6.10: CT images demonstrating the effect of scatter on metal artifacts. a–b) CT
images with no metal. c–d) CT images with uncorrected metal artifacts. e–f) CT images
corrected with TRMAR. a), c), and e) show images with tighter collimation and less scatter.
b), d), and f) show images with wider collimation and more scatter.
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Figure 6.11: Relative noise in the phantom body in the images a) with no metal artifacts,
b) with uncorrected metal, and c) with three correction methods. For each bar, the orange
line corresponds to the median value in each data set. The boxes extended from the lower
to the upper quartile of the relative noise values, with the whiskers extending 1.5 times the
interquartile range.

Figure 6.12: The spatial resolution piece with a profile (in red) drawn across the 0.75 mm
array perpendicular to the streak artifact in a) the non-metal image, b) the 30-120 keV image
with uncorrected metal, c) the 30-120 keV image with 100-110 keV TRMAR, and d) the
30-120 keV image corrected using NMAR. W/L = [1300/150 HU]. e-h) The interpolation of
the profiles drawn in a-d), respectively.
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Figure 6.13: The MTF for the metal-free, uncorrected metal, TRMAR, and NMAR images
for a) the profiles drawn perpendicular to the streak artifact (see Fig. 6.12a-d) and b) the
profiles drawn parallel to the streak artifact.
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Figure 6.14: CT images of a beef short rib in a) the 30-120 keV bin no embedded, b) the
30-120 keV bin with uncorrected metal, c) the 100-110 keV bin with metal, d) the 30-120
keV bin corrected using TRMAR, e) the 30-120 keV bin corrected using NMAR, and f) the
30-120 keV bin corrected using NMAR with no dilation applied to the segmented metal.
Inserts in b-f) show closeups of the two screws. W/L = [1800/500 HU].
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Figure 6.15: CT reconstructions a) with uncorrected metal in the 30–120 keV bin. b) with
uncorrected metal in the 70-100 keV bin, and c) using trace replacement with 70–100 keV
metal traces in the 30–120 keV image. W/L = [1300/150 HU].
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Chapter 7

The feasibility of accurate stent visualization with

photon-counting detector CT and K-edge imaging

The following work was published in IEEE Transactions on Radiation and Plasma Medical

Sciences in 2023 and can be found at the following DOI: 10.1109/TRPMS.2023.3287566

7.1 Summary

CT stent imaging suffers from blooming and metal artifacts, reducing the diagnostic quality

of images in the areas around stents. Photon-counting detectors (PCDs) have been shown

to reduce these artifacts. Two clinical scanners, a GE Optima 580 and Discovery IQ, were

compared to a bench-top PCD-CT system for stent imaging with three stents: Medtronic

Protégé, Cordis Precise, and Cordis S.M.A.R.T. Control. The apparent strut thickness,

lumen diameter, and lumen attenuation of the stents were evaluated in reconstructed images.

K-edge images were also reconstructed to demonstrate more accurate delineation of the

tantalum radiopaque markers. PCD-CT offered lower percent differences for strut thickness

for all three stents (p < 0.001) and for lumen diameter for the Protégé and Precise stents

(p < 0.01). The lumen attenuation was more accurate with PCD-CT as well (p < 0.01),

excluding the comparisons between the Optima 580 and PCD-CT for the Protégé and Precise

stents. The PCD-CT system was better able to delineate stents, specifically strut thickness.

The stents were more easily distinguished in PCD-CT images and in 3D volume renderings

than the clinical systems. The tantalum radiopaque markers were clearly visible in K-edge

images due to reduced metal artifacts.

https://doi.org/10.1109/TRPMS.2023.3287566
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7.2 Introduction

CT angiography (CTA) is a common imaging assessment used to diagnose vascular diseases

and monitor potential complications before and after treatment [225]. Vascular issues such

as stenoses can often be treated with the implantation of a stent, which can prevent the blood

vessel from narrowing. However, monitoring of the area in which the stent is implanted can

be hindered due to the stent itself. Stents are usually manufactured from various metals,

which cause metal artifacts [184, 23], especially blooming artifacts, due to their high atomic

number and density. These artifacts can reduce the diagnostic value of CTA scans [226] and

need to be mitigated as much as possible. The artifacts obscure the visualization of the stent

lumen, which needs to be examined in order to assess whether or not there are any blockages

which have developed within the stent. Stent imaging with CT is especially problematic

with stents with lumen diameters under 3 mm [227] , as the lumen covers a smaller area and

visualization is more readily impaired by artifacts. A number of CT advances are currently

approaching the point where they could be used in the clinic to address some of the issues

of stent imaging, including ultra-high-resolution (UHR) CT and photon-counting detector

(PCD) CT [228].

PCDs are direct-conversion x-ray detectors, which are able to distinguish the energy of

incident x-ray and bin them within specific energy ranges. As PCDs have been developed

which are able to handle higher flux rates, research has been ongoing to investigate replacing

conventional energy-integrating detectors (EIDs) in conventional CT scanners to investigate

the benefits PCDs could offer [9, 11, 1, 69, 2]. To date this has resulted in one PCD system

being approved for clinical use [3], with others currently under development [107, 7, 4]. The

benefits offered by PCDs include reduced metal and blooming artifacts as well as increased

spatial resolution[69, 2], among others, which could offer gains for CTA for imaging stents.

A number of previous studies have investigated the comparison between PCD-CT and EID-

CT for stent imaging including lumen visualization, lumen attenuation, lumen diameter,

and the apparent size of stent struts [80, 79, 81, 78, 82, 111, 229]. PCD-CT also offers the

potential for K-edge imaging of high-atomic number contrast agents [118, 117, 60], such as

iodine and gadolinium, as well stents containing proportions of high-atomic number elements

[78]. Additionally, the first comparisons with in-human data of the two modalities have been

published [227, 230].

In this study we evaluate the performance of a prototype bench-top PCD-CT system

against two conventional clinical CT systems by imaging several larger (> 5mm diameter)

carotid artery stents. Though the stents are larger than those that are currently the most
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difficult to image, it provides a baseline comparison between our bench-top PCD-CT system

and every-day clinical systems. We evaluate the apparent lumen diameter, lumen attenuation

and noise, and visualize and quantify the size of radiopaque markers with K-edge subtraction

imaging. We also demonstrate that our bench-top system provides the smallest measured

apparent strut thickness compared with previous studies.

7.3 Materials and Methods

7.3.1 Imaging Systems

Three different CT systems were used to image stents in this study: a GE Optima 580

radiation therapy simulator, a GE Discovery IQ scanner (both GE Healthcare, Chicago, IL),

and a prototype bench-top PCD-CT scanner. All three scanners can be seen in Fig. 7.1a–

c. The bench-top PCD-CT system consisted of a Comet MXR 160/22 x-ray tube (Comet

Technologies, San Jose, CA), rotation and motion stages (Newport Corporation, Irving, CA),

and a state-of-the-art flat panel PCD (Redlen Technologies, Saanichton, BC, Canada). The

source to isocenter distance was set to 322 mm with a source to detector distance of 578

mm. The PCD consisted of 2 mm thick cadmium zinc telluride (CZT) crystal with a 330µm

pixel pitch and an active area of 8×190 mm2, which gives a 106 mm field of view with 4.5

mm Z-coverage at isocenter [25]. The PCD is capable of the energy discrimination with

binning of up to six energy bins and can operate without polarization at counts rates up to

650 Mcps/mm2 [115, 125].

7.3.2 Stents and Imaging Phantom

Three nitinol stents were imaged in this study: a Medtronic Protégé stent (Medtronic plc,

Minneapolis, MN), a Cordis Precise stent, and a Cordis S.M.A.R.T. Control stent (both

Cordis, Santa Clara, CA). Strut thicknesses were measured using a microscope with a 4X

objective and found to be 0.186 mm, 0.238 mm, and 0.177 mm, respectively. All other

physical dimensions were measured with calipers. The lumen diameters of the stents were

5.82 mm, 5.71 mm, and 5.84 mm, respectively. The two Cordis stents also had tantalum

radiopaque markers. All stents were inserted into plastic straws to mimic being compressed

in vivo, inserted into a custom 100-mm diameter, 30-mm thick high-density polyethylene

phantom (Fig. 7.1d, e), and filled with water. In addition to the stents, the phantom held

6.3 mm and 5.5 mm diameter Eppendorf tubes filled with water.
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7.3.3 Data Acquisition

Acquisition and reconstruction parameters for all systems can be found in Table 7.1. PCD-

CT and HR PCD-CT were reconstructed from the same data set, with differing reconstruc-

tion parameters. For the PCD-CT acquisitions, the energy thresholds were set to 35, 52, 67,

81, 95, and 120 keV. This created energy bins with ranges between each threshold pair, with

the addition of a bin summing counts from all other energy ranges, 35-120 keV.

7.3.4 Image Reconstruction

Clinical CT images were reconstructed using filtered back projection with the BONEPLUS

kernel. PCD-CT images were reconstructed bin-wise using the Feldkamp-David-Kress algo-

rithm [20] with a Shepp-Logan filter implemented in the TIGRE package for Python [128].

Once reconstructed, the PCD-CT images were normalized bin-wise to Hounsfield units (HU)

utilizing Eq. 7.1:

HU = 1000 ∗ (µ− µw

µw

) (7.1)

in which µ is the attenuation values in the un-normalized image and µw is mean signal

within the water-containing Eppendorf tubes within the un-normalized image. PCD-CT

and HR PCD-CT were reconstructed from the same projection data set. PCD-CT images

were reconstructed in order to mimic the reconstructed clinical CT images as closely as

possible in terms of pixel size and slice thickness, while HR PCD-CT offered the standard

in-house reconstruction parameters.

7.3.5 K-edge Image Reconstruction

K-edge subtraction images of tantalum were reconstructed using the K-edge decomposition

algorithm (KDA) described by Zhang et al [60]. Briefly, Ta-specific sinograms were acquired

according to the following equation:

DK(r) =
µ̂bg,U · TL − µ̂bg,L · TU

µ̂K,L · µ̂bg,U − µ̂K,U · µ̂bg,L

(7.2)

where DK refers to the material-specific sinogram, µ̂bg is average the mass attenuation co-

efficient of the background, µ̂K is the average mass attenuation coefficient of the K-edge

material, TL is the sinogram of the lower bin, and TU is the sinogram of the upper bin. The

subscripts U and L refer to the upper and lower bin, respectively. So µ̂bg,L would be the

average mass attenuation coefficient of the background within the energy range of the lower
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Figure 7.1: Setup images of the a) GE Optima 580, b) GE Discovery IQ, and c) the bench-top
PCD-CT system. d) Phantom layout. e) Image the Cordis Precise stent inside the straw.

bin. To reconstruct the Ta-specific sinogram the 67-81 keV and the 81-97 keV ranges were

used for the lower and upper bins, respectively. Once the Ta-specific sinogram was found,

the K-edge images were reconstructed with the FDK algorithm and a Shepp-Logan filter.

7.3.6 Dose

CTDIvol (CT Dose Index) values were collected from the clinical CT scanners and measured

on the PCD-CT system with the CTDI head phantom and 100-mm CTDI probe.

7.3.7 Conventional CT Image Analysis

CT images were analyzed in a number of ways. For both PCD-CT resolution image types,

the 35-120 keV CT images were analyzed in order to provide the closest comparison to the

clinical images. First, 3-dimensional (3D) volume renderings of the stents were created in
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Table 7.1: CT image acquisition and reconstruction parameters.

Parameter GE Optima
580

GE Discovery
IQ

PCD-CT HR PCD-CT

Collimation 16 × 0.625mm 16 × 0.625mm 24 × 0.184mm 24 × 0.184mm
Tube Voltage (kV) 120 120 120 120
Tube Current
(mA)

180 180 1 1

Rotation Time (s) 1.0 1.0 180 180
Helical Pitch 0.5625 0.5626 0.5626 0.5626
Beam Filter HEAD FIL-

TER*
HEAD FIL-
TER*

6 mm Al 6 mm Al

Focal Spot Size
(mm)

0.7 0.7 ∼0.4** ∼0.4**

Source to Detector
Distance (mm)

1063 949 578 578

Source to Axis Dis-
tance (mm)

606 541 322 322

Reconstruction Fil-
ter/Kernel

BONEPLUS*** BONEPLUS*** Shepp-Logan Shepp-Logan

Reconstructed
FOV (cm)

15.3 12.7 10.5 10.5

Reconstructed
Pixel size (mm)

0.299 0.248 0.248 0.205

Slice Thickness
(mm)

0.625 0.625 0.625 0.208

MTF 10% (lp/mm) 1.16 1.16 1.29 1.33
*HEAD FILTER is the filtration used from head
scans in GE CT systems.
**The PCD-CT x-ray tube focal spot was measured using the EN 12543 convention, the
approximate IEC 60336 size is shown.
***BONEPLUS is a GE proprietary reconstruction kernel.
PCD-CT = photon-counting detector CT
HR PCD-CT = high-resolution PCD-CT
MTF = modulation transfer function
FOV = field of view



136

3D Slicer and segmented using a lower threshold of 1750 HU. Second, the lumen attenuation

was determined. A circular region-of-interest (ROI) between 3.5 and 3.7 mm in diameter

was delineated within the stent and the mean and variance within the ROI was calculated

for a minimum of seven slices. The lumen diameter and the strut thickness were evaluated

by measuring their apparent values in the CT images. The center of the stent was first found

using the Hough Gradient method [231], and fine-tuned manually. Line profiles were then

interpolated from the center through individual struts and the full-width-half-maximum

(FWHM) of the peak formed from the strut’s signal was found. The lumen radius was

calculated as the mean distance from the center of the stent to the closer FWHM point.

The strut thickness was calculated as the FWHM of the peak itself. Finally, the modulation

transfer function (MTF) was calculated in all image sets based on the method detailed by

Takenaga et al [232]. Briefly, the center and radius of the 100 mm diameter phantom was

found using the Hough method and fine-tuned manually. A normalized image was then

calculated based on the equation:

IN(i, j) =
I(i, j)− IBG

Iphantom − IBG

(7.3)

in which IN is the normalized image, I is the original image, i and j are the row and column

numbers for individual pixels, IBG is the mean signal outside of the phantom, and Iphantom

is the mean signal within the phantom. The signal of each pixel within 5 mm inside and

outside of the edge of the phantom was plotted against its distance from the center of the

circle, creating an over-sampled edge spread function (ESF). The over-sampled ESF was

fitted using least-squares to the equation:

ESF (x) =
a

1 + exp[−b(x− c)]
+ d (7.4)

where x is the distance from the center of the circle. a, b, c, and d were initially set to 1,

-1, rphantom, and 0, respectively. rphantom is the radius of the phantom. The ESF was then

differentiated to find the line spread function (LSF), and the Fast Fourier Transform applied

to the LSF to find the MTF.

7.3.8 K-edge Image Analysis

The Ta marker size for the Cordis Precise and S.M.A.R.T. Control stents was compared

between clinical system images, the two PCD-CT method images, and the two resulting K-

edge images from both PCD-CT methods. The size of the markers was measured by drawing
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a single profile through each Ta marker in the slice in which they appeared largest. The size

of each marker was measured as the FWHM of the profile, in the same manner as the width

of the individual struts in the conventional CT images. The diameter of the Ta markers

were measured using calipers at ∼0.75 mm, though the tantalum is pressed into the nitinol

disks that make up the marker structure, so that actual size of the tantalum itself will be

somewhat smaller.

7.3.9 Statistical Analysis

Normality of the quantitative variables were assessed via the Shapiro-Wilk test. All data,

excluding the Ta marker data, were found to be non-normal and thus displayed as the

median and interquartile range (IQR). The Wilcoxon rank-sum test was used to compare

the variables. Given the Ta marker data had limited data points, it was reported as the

mean and minimum and maximum values.

7.4 Results

7.4.1 Qualitative Evaluation

Fig. 7.2 demonstrates representative CT slices from the GE Optima 580 (Fig. 7.2a, e,

i), GE Discovery IQ (Fig. 7.2b, f, j), PCD-CT (Fig. 7.2c, g, k), and HR PCD-CT (Fig.

7.2d, h, l) for the Medtronic Protégé, Cordis Precise, and Cordis S.M.A.R.T Control stents,

respectively. The CT images for both PCD-CT options were reconstructed using the 35-

120 keV bin. The lumen of the stents appears larger in PCD-CT and HR PCD-CT images

compared to both GE scanners, and the struts are easily delineated in PCD-CT, whereas

they are not as easily separated in the GE CT images.

The 3D stent volume renderings created for all four image sets are shown in Fig. 7.3. The

most accurate representation of the stents was produced by HR PCD-CT (Fig. 7.3d, h, l).

Individual struts and the greater pattern of the stents were visible and easily recognizable.

PCD-CT (Fig. 7.3c, g, k) offered less accurate representations, although individual struts

could be distinguished and the pattern could still be recognized in some areas of the stents

when comparing them to the HR PCD-CT renderings. Neither of the clinical scanners

offered the same strut delineation or greater pattern recognizability (Fig. 7.3a–b, e–f, i–j)

and appeared largely as solid cylinders with the occasional window into the interior lumen.

In addition to better visualization of the stent structure in PCD-CT compared to clinical

CT, radiopaque markers can also be better defined through the use of the energy information
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Figure 7.2: CT images of the plastic phantom with close-ups of the stents. Scans of a)–d)
the Medtronic Protégé stent, e)–h) the Cordis Precise stent, and i)–l) the Cordis S.M.A.R.T.
Control stent with each of the four imaging methods. W/L = [2100/450].

that is inherent to PCD-CT. Fig. 7.4 shows the radiopaque markers on the Cordis S.M.A.R.T

Control stent in images from both the GE Discovery IQ (Fig. 7.4a) and PCD-CT (Fig. 7.4b).

Metal and blooming artifacts can be seen in both, although they are more prevalent in the

PCD-CT image than in the HR PCD-CT image. Using K-edge subtraction imaging, a Ta-

specific image could be created (Fig. 7.4c), which mitigated many of the metal and blooming

artifacts. The Ta-specific image could be viewed alone or as an overlay to the PCD-CT image

(Fig. 7.4d) in order to better register the markers within the phantom.
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Figure 7.3: 3D volume renderings of all three stents. Volume renderings created from scans
of a)–d) the Medtronic Protégé stent, e)–h) the Cordis Precise stent, and i)–l) the Cordis
S.M.A.R.T. Control stent with each of the four imaging methods.

7.4.2 Quantitative Evaluation

Fig. 7.5 shows boxplots of the median and IQR for strut thickness and lumen diameter.

For all three stents, PCD-CT and HR PCD-CT demonstrated strut thicknesses closer to

the true thicknesses than either clinical scanner (p < 0.001) (Fig. 7.5a–c). PCD-CT and

HR PCD-CT also demonstrated values closer to the true value for the lumen diameter than

either clinical scanner for the Medtronic Protégé and Cordis Precise stents (p < 0.01). The

lumen diameter results were not significantly different for the Cordis S.M.A.R.T. Control

stent when comparing the clinical scanners to the PCD-CT system (p > 0.01).

Table 7.2 shows the absolute difference of lumen attenuation from water (0 HU). The

median HU value fell closer to zero with PCD-CT and HR PCD-CT than the clinical scanners

(p < 0.01). The only comparisons between HU data that were not significantly different were

between the GE Optima 580 and PCD-CT for the Protégé and Precise stents (p = 0.065 and

p = 0.042, respectively). However, the IQRs for all the stents were smaller with the clinical

scanners than either PCD-CT method.
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Table 7.2: Absolute difference of lumen attenuation.

Medtronic Protégé Cordis Precise Cordis S.M.A.R.T.
Control

(median; IQR) (median; IQR) (median; IQR)
Optima 580 -14 HU; -61–41HU -10 HU; -66–44 HU -5 HU; -66–43 HU
Discovery IQ -15 HU; -56–25 HU -23 HU; -71–21 HU -22 HU; -64–21 HU
PCD-CT -4 HU; -63–64 HU -5 HU; -86–88 HU 4 HU; -59–63 HU
HR PCD-CT 2 HU; -52–65 HU 5 HU; -82–104 HU 12 HU; -49–79 HU
Lumen attenuation is presented as the me-
dian absolute difference and IQR from 0
HU, the expected mean attenuation of wa-
ter.
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Figure 7.4: K-edge subtraction of radiopaque markers of the Cordis S.M.A.R.T. Control
stent. CT image acquired with the a) GE Discovery IQ and b) PCD-CT. c) Ta K-edge
decomposition image. d) PCD-CT image with the Ta K-edge image overlaid on top of it.
W/L = [2100/450].

Fig. 7.6 shows the Ta marker size tangential to the edge of the circle made by the stent;

perpendicular to the most prevalent metal artifacts in the PCD-CT image (Fig. 7.4b). Both

the PCD-CT and HR PCD-CT demonstrate smaller diameters than the measured diameter

of the nitinol and tantalum together, while the clinical systems show larger values. The K-
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Figure 7.5: Measured stent dimensions. The shaded red bands across the entirety of each
plot indicate the true dimensions. Orange lines within the boxes indicate median values,
and the boxes indicate interquartile range. a)–c) The measured strut thickness for the a)
Medtronic Protégé, b) Cordis Precise, and c) Cordis S.M.A.R.T Control stents with the four
image sets. d)–f) The measured lumen diameter for the d) Medtronic Protégé, e) Cordis
Precise, and f) Cordis S.M.A.R.T Control stents with the four image sets.

edge measurements are similar for the Precise stent, but smaller for the S.M.A.R.T. Control.

The 10% value of the MTF for each system can be seen in Table 7.1. The reported

CTDIvol values for the Optima 580 and the Discovery IQ were 28.60 mGy and 62.16 mGy,

respectively. The measured CTDIvol for the PCD-CT setup was 93.30 mGy.

7.5 Discussion

We evaluated the performance of our bench-top PCD-CT scanner with respect to two clin-

ical EID-CT scanners for stent imaging. Quantitatively, we found that the apparent strut

thickness was closest to the physical measurement using PCD-CT and HR PCD-CT for all

stents. To our knowledge, we also demonstrated the smallest measured apparent strut thick-

ness. The significant improvement in the measurement of the strut thickness with PCD-CT

can be largely attributed to the higher inherent spatial resolution of PCDs compared with

the EIDs on the clinical scanners. The PCD has a detector pixel pitch of 0.33 mm, which is

likely smaller than the EID detectors, allowing for less partial volume effects in the projec-

tions. This allowed for reduced blooming artifacts in the reconstructions, even though the

PCD-CT and clinical CT scans were reconstructed with nearly identical voxel sizes, which
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Figure 7.6: Measured tantalum marker diameter for a) the Cordis Precise stent and b) the
Cordis S.M.A.R.T. Control stent.

should ensure fewer differences in terms of partial volume effects in the reconstructed im-

ages. With HR PCD-CT, which had a smaller voxel size compared to the other three image

sets, there were even better results in terms of apparent strut thickness, demonstrating that

partial volume effects do have some effect on the blooming artifacts. With smaller stents

it would be crucial to reconstruct at a higher resolution. The two PCD-CT methods also

benefited from a smaller focal spot size, which would cause less focal spot blurring, as well as

smaller source to axis and source to detector distances, leading to less object magnification

over multiple pixels.

For lumen diameter (Fig. 7.5d–f), there was little variation in the measurements, due in

part to the large lumen diameter. The lumen edges were more visible in the PCD-CT and

HR PCD-CT images, though this was likely due to the BONEPLUS kernel creating dark

undershoots around the individual struts.

Median lumen attenuation (Table 7.2) was more accurate for PCD-CT and HR PCD-CT

compared to the two clinical scanners, though again the differences were small. A more
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accurate representation of what would be seen in vivo would be if there was contrast within

the stent lumen. This would make the stent structures less visible as the attenuation would

be higher within the lumen and could have some effect on the noise within the lumen.

However, in this simpler case, we were also concerned with the accuracy of the signal to the

expected value of 0 HU as well as the noise that was inherent to the stent. In respect to

the noise, the IQR of the lumen attenuation is larger for both PCD-CT methods, indicating

higher image noise within the lumen diameter. The higher noise can be attributed mostly

to the high degree of non-conforming pixels whose signal deviations are not fully mitigated

by flat-field corrections. We also notice that these pixels, especially those that create ring

artifacts, can lead to additional metal artifact streaks between the metal and artificially high

signal areas within the ring artifacts [25]. And we see residual metal artifact streaks within

the PCD-CT images. For HR PCD-CT, the increase in noise over PCD-CT was also due

to the smaller slice thickness, which resulted in reduced counts per voxel, and thus higher

noise. The dose we saw with PCD-CT was also higher than either clinical scanner, in fact

it was three times as high as the dose recorded by the Optima 580. This is due in large

part to the source to axis distance differences between the scanners. If the dose was scaled

accordingly, we would record CTDIvol values of 90.67 mGy and 175.47 mGy for the Optima

580 and Discovery IQ, respectively, which compare well to the 93.30 mGy for the PCD-CT

system.

Qualitatively, the best results were seen with HR PCD-CT, which offered the best 3D

volume rendering of the stents and subtly reduced blooming artifacts when compared to

PCD-CT. However, both PCD-CT methods outperformed the EID-CT scanners, offering

much better delineation of individual struts in CT images as well as better 3D volume

rendering of the stents. In addition, PCD-CT offers the ability to visualize the radiopaque

markers with K-edge subtraction imaging, allowing the marker location and shape to be

more accurately determined (Fig. 7.4C, D). The measured Ta sizes showed the best results

with the K-edge images, as they mitigated the majority of the metal artifacts seen in the

conventional images (Fig. 7.4a, b). A large difference was seen between the sizes measured

in the K-edge images compared to the clinical systems, while less of a difference was seen

between the the K-edge and conventional PCD-CT images. The main reason for this being

that the thickness of the Ta markers was measured along the short axis of the markers

(Fig. 7.4c) in order to avoid the excessive metal artifacts which occurred along the longer

axis in the conventional PCD-CT images (Fig. 7.4b). One benefit of Ta-specific images for

clinical imaging would be the reduction of metal artifacts around the markers, leading to

less obfuscation of the stent lumen.
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There are a number of limitations to our study. First, neither clinical scanner would be

utilized for coronary CT angiography as they would not supply the necessary resolution to

image the small stents utilized in coronary arteries. However, the stents used in this study are

carotid artery stents and were used mainly as a comparison to evaluate the performance of

our prototype bench-top PCD-CT system. The clinical scanners also used the BONEPLUS

kernel which had some dark undershoots are the stent struts, which affected the lumen

visibility in images. Both clinical scanners had x-ray focal spots which were larger than the

PCD-CT system’s focal spot and had larger source to detector and source to axis distances.

However, the PCD-CT system is not equipped with an anti-scatter grid, which would serve

to limit the noise in reconstructed images and has a prototype detector, which is still being

developed. With that said, the bench-top PCD-CT system outperformed the current, clinical

EID scanners in terms measuring apparent strut thickness.

In regard to the future clinical possibilities with this PCD technology, the prospects are

promising. The superior collimation and resolution of the PCD-CT methods is due almost

exclusively to the detector itself. Unlike with an EID, PCDs require no septa between pixels

in the detector; there is relatively little spread of the electrons produced in the PCD crystal

when compared with the potential light spread in EIDs. The minimal spread of electrons

is due to the high bias voltage applied and the fact that the anodes are pixelated. The

collimation in the PCD-CT methods is due to the size of the individual rows of the detector

and the geometry of the setup. Given that the detector specifications should remain the same

when implemented in a clinical system, the collimation would be approximately 24×0.188

mm with a geometry comparable to the clinical systems studied here. Clinical results could

even be further improved with the use of proprietary kernels and other, more sophisticated

reconstruction methods.

7.6 Conclusion

PCD-CT offered better stent visualization than current clinical CT scanners including more

accurate quantification of apparent strut thickness due to the increased spatial resolution

offered by photon-counting detectors. Additionally, the energy information of PCDs could

be used to visualize radiopaque markers without metal artifacts in tantalum-specific K-edge

images.
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Chapter 8

Conclusions

The development of PCD-CT is a significant advancement in the realm of medical imaging,

building on traditional CT. PCD-CT offers improvements in spatial resolution and contrast-

to-noise ratios, which is pivotal for more accurate disease diagnosis and efficient radiotherapy

treatment planning. Despite these advancements, PCD-CT faces challenges in clinical adop-

tion, including overcoming technical limitations such as charge-sharing and pulse pileup in

PCDs. However, as PCD-CT is beginning to be integrated into clinical practice it offers the

potential to significantly improve patient care.

This thesis presents an in-depth analysis of several applications for PCD-CT. This work

represents the initial first step in the applications studied. Proof-of-concept was successfully

demonstrated on a bench-top system for material decomposition, multi-contrast imaging,

metal artifact reduction, and high resolution imaging. Through this work, the bench-top

PCD-CT system demonstrates the usefulness of systems with flexibility to examine multiple

potential aspects of PCD-CT efficiently and effectively. Further demonstrations of these

applications on clinical systems are ongoing in the greater field.

Altogether, PCD-CT offers a significant step forward in CT imaging. While energy

information can be obtained with DECT systems and ultra-high resolution EID-CT systems

are available, PCD-CT marries the benefits of both into a single system. Even operating

without energy information, PCD-CT will offer better image quality in terms of better

contrast due to equal energy weighting of x-rays, better spatial resolution, and lower image

noise, especially at low doses or x-ray fluxes, which is especially important for larger patients

and pediatric patients. Utilizing the energy information opens up many other avenues in

which PCD-CT can offer similar diagnostic information to other imaging modalities such as

magnetic resonance imaging (MRI), which can help speed up patient diagnosis and treatment

as extra scans can be reduced.
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8.1 Summary

Chapters 1 introduced PCD-CT and its potential clinical implications. Chapter 2 explained

the physics of matter and x-ray interactions and their subsequent downstream effects, x-ray

generation for imaging, x-ray detectors, and the CT imaging process, image quality metrics,

and image artifacts. Chapter 3 presented the principles of PCD-CT and offered a high-

level overview of the bench-top PCD-CT system along with a high-level introduction into

the four applications of PCD-CT that were explored in this thesis and a background of the

applications in CT and PCD-CT.

Chapter 4 examined a DECT material decomposition method for extracting Zeff and ρe

and adapted it to use two energy bins with PCD-CT. The stoichiometric material decom-

position model operates through calibration with a set of tissue equivalent materials with

known Zeff and ρe. Two models were optimized: one model using two energy bins for PCD-

CT and the other model using two separate scans at two beam energies from DECT. Both

models were optimized for parameters determining the degree of accuracy of the polynomial

expansions and the PCD-CT model was also optimized for the energy ranges. An initial scan

of the electron density inserts from an electron density calibration phantom with known Zeff

and ρe was acquired for both models in order to calibrate them, followed by a subsequent

scan of the inserts for model evaluation. Additionally an ex-vivo tissue sample was scanned

to evaluate the accuracy of the model in real tissue. K-edge imaging was also applied in

order to separate a gold contrast agent from the tissue sample in PCD-CT.

Chapter 5 investigated imaging of multiple contrast agents in a single scan with PCD-

CT and examined the effect system parameters such as filter type, energy bin width, and

projection time had on the image quality and CNR. The study successfully demonstrated

the ability of the PCCT system to differentiate and quantify these agents using K-edge

subtraction. The ideal parameters varied between contrast agents and for best results in the

clinic separate protocols should be developed based on the specific contrast agent.

Chapter 6 described a novel metal artifact reduction method, TRMAR. A phantom model

was used in order to represent a ground truth scan without metal artifacts. TRMAR uses the

metal trace information in the projection space to replace the metal-corrupted data in the

full spectrum images with the high-energy metal traces in order to retain the image quality

of the full spectrum image but with reduced metal artifacts. Images reconstructed using a

high-energy bin with 100–110 keV x-rays were shown to reduce metal artifacts compared to

full 120 kVp spectrum images, though with reduced contrast and higher noise.

Chapter 7 demonstrated the high-resolution abilities of PCD-CT by imaging three stents.
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The stents were scanned with the bench-top PCD-CT system as well as two clinical GE CT

scanners. Even in PCD-CT images with resolution comparable to the clinical systems, PCD-

CT outperformed the clinical systems in reducing blooming artifacts and reconstructing a

more accurate view of the stents. Our PCD-CT system at its highest resolution further

outperformed the initial results.

8.2 Future Work

For multi-contrast imaging we demonstrated that gadolinium (K-edge energy = 50.2 keV)

and dysprosium (K-edge energy = 53.8 keV) were distinguishable from one another using

K-edge imaging, even given a K-edge separation of 3.6 keV. While impressive, dysprosium is

not currently a clinically available contrast agent. Two clinical relevant CT contrast agents

are iodine (K-edge energy = 33.2 keV), which is the most common CT contrast agent and

barium (K-edge energy = 37.4 keV) in the form of barium sulphate [44]. Although the

K-edge of iodine is considered to be outside or at the edge of the diagnostic energy range

due to few x-rays with energies between ∼30 and ∼40 keV reaching the detector either due

to beam filtration or attenuation within the patient. This would make the separation of

the two contrast agents with K-edge subtraction impossible due to the lack of counts in

the energy bins below the K-edge of barium (37.4 keV). And the dose necessary to get a

sufficient number of counts below 33 keV would be prohibitive. However, we are planning on

conducting a phantom study to investigate whether these contrast agents could be separated

and demonstrate how much exposure would be necessary to obtain sufficient counts in the

low energy bins to conduct K-edge subtraction imaging. Additionally, for our PCD, these

bins are also at the high end of the energy range in which we see high pixel count noise and

fluctuations, so gauging whether this is feasible with our system is also of technical interest.

Additionally, while the bench-top PCD-CT system is versatile it is lacking when it comes

to the size of phantoms and subjects we can scan. At the moment, we would be able to

do mouse studies, however, the z-coverage of flat panel detector (Fig. 2.15) is only 4.4 mm

at isocenter, meaning there would be an extended scan time to get a full view of the entire

mouse, even with helical scanning. However, the XCITE lab is currently installing a new

radiotherapy system (the SITKA system, which has been developed by our lab) which will

feature two robots which will be capable of non-coplanar kV radiotherapy and provide cone-

beam imaging. We are in the early stages of considering making the flat panel detector

removable so we could move between an EID and a PCD. We have a close relationship with

Redlen Technologies, the manufacturer of our current PCD, and have co-written several
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grants with them, so both parties are excited by this new opportunity. When we obtain a

larger flat panel PCD for the SITKA system, we will be able to conduct superb comparison

studies, as the system geometry and parameters will remain exactly the same between EID

and PCD scans. Additionally, we will be treating veterinary patients with SITKA, so this

could provide opportunities to compare EID and PCD radiotherapy treatment planning.

Our adapted material decomposition method could be utilized to provide accurate tissue

segmentation for such studies. The system would also be ideal for other imaging studies,

such as metal artifact reduction, though prostheses are likely not as common in the veterinary

clinic.

Finally, we are also receiving a new, small PCD from Redlen as part of a grant we received

in which the ASIC hardware has been upgraded. Both Redlen and our lab are interested

in studying whether image quality has improved with the new hardware and what effect it

might have on charge-sharing and other shortcomings of PCDs. One area we hope to study

is how the ASIC upgrade has affected non-conforming pixels in the low-energy range and

how this might affect ring artifacts.
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of a preclinical photon-counting CT prototype for pulmonary imaging. Scientific Re-

ports, 8(1), 2018.

[77] Shuai Leng, Zhicong Yu, Ahmed Halaweish, Steffen Kappler, Katharina Hahn, An-

dre Henning, Zhoubo Li, John Lane, David L Levin, Steven Jorgensen, Erik Ritman,

and Cynthia McCollough. Dose-efficient ultrahigh-resolution scan mode using a pho-

ton counting detector computed tomography system. Journal of Medical Imaging,

3(4):043504, 2016.

[78] Monica Sigovan, Salim Si-Mohamed, Daniel Bar-Ness, Julia Mitchell, Jean Baptiste

Langlois, Philippe Coulon, Ewald Roessl, Ira Blevis, Michal Rokni, Gilles Rioufol,

Philippe Douek, and Loic Boussel. Feasibility of improving vascular imaging in the

presence of metallic stents using spectral photon counting CT and K-edge imaging.

Sci. Rep., 9(1):1–9, Dec 2019.



159

[79] Jochen Von Spiczak, Manoj Mannil, Benjamin Peters, Tilman Hickethier, Matthias
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