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Abstract
Computed tomography (CT) is a widely used medical imaging modality.
By rotating an x-ray tube and an x-ray detector around the patient, a CT
scanner is able to measure the x-ray transmission from all directions and form
an image of the patient’s interior. CT scanners in clinical use today all use
energy-integrating detectors, which measure the total incident energy for each
measurement interval. A photon-counting detector, on the other hand, counts
the number of incoming photons and can in addition measure the energy of
each photon by comparing it to a number of energy thresholds. Using photoncounting detectors in computed tomography could lead to improved signalto-noise ratio, higher spatial resolution and improved spectral imaging which
allows better visualization of contrast agents and more reliable quantitative
measurements.
In this Thesis, the feasibility of using a photon-counting silicon-strip detector for CT is investigated. In the first part of the Thesis, the necessary
performance requirements on such a detector is investigated in two different
areas: the detector element homogeneity and the capability of handling high
photon fluence rates. A metric of inhomogeneity is proposed and used in
a simulation study to evaluate different inhomogeneity compensation methods. Also, the photon fluence rate incident on the detector in a scanner in
clinical use today is investigated for different patient sizes through dose rate
measurements together with simulations of transmission through patient images. In the second part, a prototype detector module is used to demonstrate
new applications enabled by the energy resolution of the detector. The ability to generate material-specific images of contrast agents with iodine and
gadolinium is demonstrated. Furthermore, it is shown theoretically and experimentally that interfaces in the image can be visualized by imaging the
so-called nonlinear partial volume effect.
The results suggest that the studied silicon-strip detector is a promising
candidate for photon-counting CT.
Keywords: photon-counting, silicon-strip detector, spectral computed tomography, ring artifacts, fluence rate, basis material decomposition, sub-pixel
information
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Sammanfattning
Datortomografi är en teknik för medicinsk avbildning med utbredd klinisk
användning. En datortomograf mäter röntgentransmissionen i alla riktningar
genom att rotera ett röntgenrör och en detektor kring patienten och kan på
så sätt skapa en bild av patientens inre. Alla datortomografer som används
kliniskt idag använder energiintegrerande detektorer, som mäter den totala
energin i varje mätintervall. En fotonräknande detektor, däremot, räknar antalet inkommande fotoner och kan dessutom mäta energin i varje foton genom
att jämföra den med ett antal energitrösklar. Användning av fotonräknande
detektorer i datortomografi skulle kunna ge bättre signal-brusförhållande, högre spatiell upplösning och bättre spektral avbildning vilket möjliggör bättre
visualisering av kontrastmedel och mer tillförlitliga kvantitativa mätningar.
I denna avhandling studeras möjligheten att använda en fotonräknande
kiselstrippdetektor för datortomografi. I avhandlingens första del undersöks
de prestandakrav som måste ställas på en sådan detektor inom två områden:
detektorelementens homogenitet och förmågan att klara av höga fotonfluensrater. Ett mått på inhomogenitet tas fram och används i en simuleringsstudie
för att utvärdera olika metoder för att kompensera för inhomogenitet. Vidare
undersöks hur hög fotonfluensraten är på detektorn i en datortomograf som
används kliniskt idag genom dosratmätningar tillsammans med simuleringar
av transmission genom patientbilder. I den andra delen används en prototyp
till en detektormodul för att demonstrera nya tillämpningar som möjliggörs av
detektorns energiupplösning. Möjligheten att ta fram materialspecifika bilder
av kontrastmedel med jod och gadolinium demonstreras. Vidare visas teoretiskt och experimentellt att det går att visualisera gränsytor i bilden genom
att avbilda den så kallade ickelinjära partialvolymseffekten.
Resultaten tyder på att den studerade kiselstrippdetektorn är en lovande
kandidat för fotonräknande datortomografi.
Nyckelord: fotonräknande, kiselstrippdetektor, spektral datortomografi, ringartefakter, fluensrat, basmaterialuppdelning, subpixelinformation
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Chapter 1

Introduction
1.1

Introduction and outline

X-ray computed tomography (CT) is a medical imaging modality that allows fast,
high-resolution imaging of the interior of the human body. It is in very frequent
clinical use with an estimated over 70 million examinations performed in 2007 only
in the United States.[1] The detectors in CT scanners in clinical use today are
energy-integrating detectors, but photon-counting detectors are promising candidates for use in future generations of CT scanners due to improved spatial resolution, improved trade-off between image noise and dose and energy-resolving
capabilities[2–9]. The objective of our research project at KTH Royal Institute of
Technology is to develop an energy-resolving photon-counting silicon-strip detector
which can replace the detectors in today’s state-of-the-art CT scanners and enable
improved image quality and new clinical applications. As a part of this project,
the purpose of this Thesis is to investigate the feasibility of using this detector for
CT imaging by studying the design requirements for a photon-counting spectral
CT detector and by demonstrating that the detector can be used for new spectral
imaging applications.
The outline of the Thesis is as follows: Chapter 2 contains an introduction to
computed tomography and spectral CT and describes the photon-counting siliconstrip detector. Chapter 3 studies the necessary design requirements for a photoncounting CT detector in two different aspects: detector element homogeneity and
the capability to handle large photon fluence rates. This is more closely investigated
in Papers 1 and 2, respectively. In Chapter 4 a prototype of the photon-counting
detector is used to demonstrate the feasibility of using the energy-resolving capability of the detector for two spectral imaging applications: material-selective imaging
and sub-pixel information retrieval using the nonlinear partial volume (NLPV) effect. These two experiments are described more closely in Papers 3 and 4. Finally,
Chapter 5 summarizes the work and discusses further research directions.
1
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CHAPTER 1. INTRODUCTION
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Chapter 2

Computed tomography
2.1

Computed tomography

The working principle of computed tomography is illustrated in Fig. 2.1. An x-ray
source and a detector rotate around the patient and the transmitted x-ray intensity
is measured at every point along the detector and for every rotation angle. The
measured data is then used by a computer to reconstruct an image of the x-ray
linear attenuation coefficient in the measured slice of the patient. The center of
rotation is referred to as the isocenter. A photograph of a commercial CT scanner
is shown in Fig. 2.2.
The detector is built up of so-called detector elements or detector pixels, which
should be distinguished from the pixels of the reconstructed image. Modern CT
detectors are pixelated not only along the x-ray fan but also along the longitudinal
direction of the patient, so that multiple image slices, for some scanners up to
320, are measured at once. To acquire images with larger longitudinal coverage,
the operator may choose between axial scanning, where several rotations are made
with the patient table fixed during the rotation translated in between, and helical
scanning, where the patient table is translated continuously during the scan. The
table translation for every rotation divided by the detector longitudinal coverage is
referred to as the pitch.
The mathematical description of computed tomography is most easily illustrated
for a system where the x rays impinge on the object in parallel, referred to as
parallel-beam geometry (Fig. 2.3). If f (x, y) is a function varying in the plane, the
Radon transform Rf of f is defined as
Z
(Rf )(t, θ) =

f (x, y)dx

(2.1)

`(t,θ)

where θ is the angle between the x-ray projection line ` and the vertical and t is
the position of ` along a coordinate axis orthogonal to the projection lines. An
image displaying the values of (Rf )(t, θ) is referred to as a sinogram, so denoted
3
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X rays

X-ray
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Patient
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Figure 2.1: Drawing of a CT scanner.

Figure 2.2: Photograph of a CT scanner with its covers removed. Photo
courtesy of Mats Danielsson.

t

θ

Patient

Figure 2.3: Parallel-beam CT geometry, for definition of the Radon transform
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because each point in the imaged field of view corresponds to a sinusoidal curve in
the sinogram.
The x-ray attenuation in the imaged object is described by the so-called linear
attenuation coefficient µ(x, y, E) where E is the x-ray energy. If N0 (E) photons
impinge on the object along
R projection line `, the number of transmitted photons
−
µ(x,y,E)dl
will be N (E) = N0 (E)e `
. To simplify, we choose for the moment to
study the clinically unrealistic case of monochromatic radiation. We can then define
the log-normalized count value, also referred to as projection, as
Z
N
p = − ln
= µ(x, y)dl.
(2.2)
N0
`
in this formula, the dependence on energy has been suppressed.
The projection p as a function of projection line ` is therefore the Radon transform of the linear attenuation coefficient as a function of position, and the attenuation coefficient can be recovered from the projection data by applying the inverse
Radon transformation. The most common implementation of the inverse Radon
transformation, which is known as filtered backprojection, consists of a filtering
step followed by a backprojection step. In the filtering step, the projection data
p(t, θ) is filtered along the t dimension by convolving it with a one-dimensional
so-called ramp filter kernel, whose frequency response (i.e. Fourier transform) is
proportional to |f |, the absolute value of the frequency. In the backprojection step,
the filtered projection values p̂(t, θ) resulting from the filtering step are backprojected into the image volume by letting the reconstructed µ(x, y) be the sum of all
filtered projection values for projection lines passing through (x, y):
Z π
µ(x, y) =
p̂(t, θ)dθ,
(2.3)
0

where it should be noted that t is a function of x, y and θ. For a detailed treatment
of filtered backprojection, see [10, Sec. 3.4].
The resulting image is presented as a map of the so-called CT number, which
is measured in Hounsfield units (HU). The CT number is given by
1000 HU ·

µ − µw
µw

(2.4)

where µw is the linear attenuation coefficient of water. The CT number for air is
-1000 HU and 0 HU for water, whereas dense bone can have a CT number above
1000 HU.
In a real CT system, a polychromatic spectrum from an x-ray tube is used, and
the measured projection is therefore
R
R kVp
− µ(E)dx
N
(E)e
EdE
I
= − ln 0 R kVp
(2.5)
p = − ln
I0
N (E)EdE
0

6
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R kVp
where the projection is calculated by log-normalizing the intensity I = 0 N (E)EdE
instead of the number of photons, since the intensity is the quantity measured by
the energy Rintegrating detectors used in CT today. This quantity is nonlinearly
related to µ(E)dx. Since the attenuation coefficient is normally a decreasing
function of energy (the exception being k-absorption edges) the energy spectrum
shifts towards higher energies as the beam traverses a larger object. Since an x-ray
beam containing higher energies is more penetrating, adding a certain thickness
of a material will decrease the transmission more for a beam filtered through a
small path length of the body than for a beam filtered through a large path length.
This effect is known as beam hardening and, if it is not corrected for it can cause
dark shadows or streaks in the image near dense objects such as bone and so-called
cupping artifacts where the image is darker in the patient center compared to the
periphery.
A very common metric of image quality is the signal-to-noise ratio (SDNR),
sometimes also called the contrast-to-noise ratio (CNR). It is defined with respect
to a specific object or feature that may be present or absent in the image. The
SDNR is then defined by
SDNR =

E[I obj ] − E[I bg ]
p
V [I bg ]

(2.6)

where E and V denote expectation value and variance, respectively, and I obj and I bg
are the image pixel values if the object is present or absent, p
respectively. A variety
of this metric is obtained if the denominator is replaced by V [I obj ] + V [I bg ].
The SDNR is a useful metric because it is easy to compute, but it should be used
with caution for two main reasons. First, it does not take spatial resolution and
spatial noise correlations into account. Second, it can be misleading if the image has
been processed with a nonlinear image processing algorithm. For example, if the
noise level in the unprocessed image is low enough, one can easily use thresholding
to generate a binary image where the noise level is zero and the SDNR therefore
is infinite. A large amount of research has been made on more sophisticated image
quality metrics.[11].
Since the inverse radon transformation is linear, the variance in the reconstructed image is proportional to the variance in the projection data p. Due to
the random nature of x-ray photon generation, the number of photons impinging
on the detector in each measurement is Poisson distributed, so that the variance of
the number of photons V [N ] and the expected number of photons E[N ] are equal.
For large N , we therefore have

V [p] ≈

dp
dN

2
V [N ] =

1
1
·N = .
N2
N

(2.7)

The signal-difference-to-noise ratio in the image will therefore be proportional
√
to N , so that increasing the x-ray tube current, and hence the photon flux on
the detector, increases the SDNR. However, x rays are ionizing radiation and can
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therefore be harmful to the patient. The radiation dose to the patient should
therefore be kept as low as reasonably achievable (ALARA).
Different technologies have been devised to limit the dose to the patient and
still maintain an acceptable level of image quality. The beam is filtered through a
so-called bowtie filter, which is thin in the central parts and thicker in the periphery,
to obtain a higher fluence rate in the central parts where the path length through
the patient is larger compared to in the periphery. This serves the two purposes of
yielding a more homogeneous fluence rate distribution behind the patient, thereby
decreasing the dynamic range requirements on the detector, and avoiding too high
doses in the peripheral parts of the patient. It also reduces cupping artifacts. Another technology for dose optimization is tube current modulation (TCM)[12, 13],
also referred to as automatic exposure control (AEC). Angular TCM adapts the
tube current during each rotation, to compensate for the fact that the attenuation
length of the patient is typically larger for transverse rays (rays along the left-right
direction) than for anteroposterior rays (rays in the up-down direction). Longitudinal TCM adapts the current along the longitudinal dimension of the patient, to
account for the fact that the attenuation is different for different cross-sections of
the patient, as e.g. the abdomen is more highly transmitting than the lungs.

2.2

Spectral CT

A recent development of CT is spectral CT, where the image acquisition gives information not only about the spatial variation but also about the energy dependence
of the linear attenuation coefficient. There are different techniques to achieve this.
One technique, dual-source dual-energy CT, is based on having two x-ray tubes,
rotating around the patient with 90◦ separation, and two corresponding detectors.
By operating the two x-ray tubes at different voltages, two simultaneous scans
are made with different spectral shapes[14]. This technique also has the benefit
of improving the temporal resolution since each detector only needs to measure a
smaller angle interval, which is important for e.g. cardiac scans. The drawbacks
are that it is expensive to have two detectors and tubes, and that scattered photons
from one of the tubes may impinge on the detector belonging to the other tube and
increase the noise, so called cross-scatter.
In another technique, fast kVp-switching dual-energy CT, the x-ray tube voltage is switched rapidly between two (or more) different values, so that every other
angular view is acquired with the high voltage and every other with the low
voltage[15, 16]. Thereby the problem with patient motion between the two images is reduced compared to dual-source dual-energy CT, but a drawback is that
there is no simple way to apply different filters to two spectra originating from
the same source, which means that there will be a large degree of spectral overlap.
Also, from an x-ray tube engineering point of view the kVp switching is challenging
to combine with tube current modulation.
A third technique is to use an energy-sensitive detector. In this case, the mea-

8
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surements at different energy levels are done simultaneously, eliminating the need
to reinterpolate the energy-selective datasets to fit each other. This could be implemented as a multilayer detector where the sensitivities of the different layers
have different energy dependence[17]. Another way to implement it is to use an
energy-resolving photon counting detector, which counts the individual incident
photons and registers each of them in one of several energy bins depending on the
energy[2, 3, 5–9]. This is the approach studied in the present work and will be further described in Sec. 2.3. Photon-counting detectors with high energy resolution
could potentially attain a much higher degree of spectral separation, even if several
energy bins are used.
A spectral CT scan produces a set of sinograms, one for each measured energy
level. They could be reconstructed independently to yield one reconstructed image
per energy level, but there are also more sophisticated ways to process the spectral
image information. One way is so-called energy weighting[18], where a weighted
sum of the data from the different energy levels is used to generate a single image
with optimum SDNR for a given task. This can be done with the sinograms before
reconstruction, so-called projection-based weighting[19], or with the reconstructed
images, so-called image-based weighting[20, 21]. Apart from enhancing the visibility
of certain features in the image, energy weighting can also be used to separate
materials that have the same CT number in a conventional CT image[22].
In image-based weighting, the weights should be chosen such that the SDNR for
a given detection task in the weighted image is optimized. Denote the image pixel
values for energy bin i in the object present and object absent cases by Iiobj and Iibg ,
obj T
)
i = 1, . . . , M where M is the number of energy bins, and let Iobj = (I1obj , . . . , IM
P
bg
bg
and Ibg = (I1 , . . . , IM )T . The weighted image pixel value is Iwx = i wi Iix where
x is obj or bg. The weight vector w = (w1 , . . . , wM )T that maximizes

SDNRw =

E[Iwobj ] − E[Iwbg ]
q
V [Iwbg ]

(2.8)

is given by w ∝ (K bg )−1 (E[Iobj ] − E[Ibg ]), where K bg is the covariance matrix of
Ibg [11, Sec. 13.2.12].
A refinement of this method is frequency-based energy weighting, where different
weight factors are used for different spatial frequencies in the image, to further
optimize image quality[23].
Another way of processing the spectral information is by performing basis material decomposition[24], meaning that the composition of each pixel in the image
is retrieved as a combination of a number of basis materials. This is based on the
observation that the energy dependence of the linear attenuation coefficient of human tissue can be approximated as a linear combination of a small number of basis
functions fi :
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µ(E) =

K
X

ai fi (E),

(2.9)

k=1

where the constants ak are referred to as basis coefficients. The number of basis
functions K can, to a good approximation, be taken to be two for all substances
such as human tissue which are made of elements with low atomic number [24]. If
a heavy element with a K-absorption edge in the energy range probed by CT is
present in the field of view, the linear attenuation coefficient of this element must
be included as a third basis function. The most common example in CT is contrast
agent containing iodine, which has a K-edge located at 33 keV. This is near the
lower end of the energy range for which the K-edge can be detected, since very few
photons are transmitted through the patient at the lowest energies, but it has been
demonstrated that including an iodine basis function can decrease the root mean
square error in some cases when measuring
iodine concentration in the image.[25]
R
Let the basis projection Ak = ` ak (x, y)dl be the integral of the basis coefficient
ai along the projection line `. The expected number of counts λi in each energy
bin i is then a function of Ak . Given the measured counts Ni which are outcomes
of random variables Ñi ∈ Po(λi ) for i = 1, . . . , M , the basis projections Ak can be
estimated using the maximum likelihood method, which means that the vector A =
(A1 , . . . , AN ) is selected which maximizes the probability P (Ñ1 = Ni , . . . , ÑM =
NM |Ai ). This is equivalent to minimizing the negative log-likelihood function, as
derived in [26]:
M
X
l(A) =
λ(A) − Ni ln λ(A)
(2.10)
i=1

where a constant factor that does not affect the optimum has been omitted. By applying filtered backprojection to each of the resulting basis projections A1 , . . . , AK ,
maps of the basis coefficients a1 , . . . , aK can be reconstructed. For a spectral CT
implementation based on energy-integrating detectors, the number of counts Ni
should be replaced with the measured intensities Ii at each energy level.
Whereas energy weighting is easy to implement, basis material decomposition is
more difficult since it requires an accurate mathematical description of the detector
system[27], relating the basis projections A1 , . . . , AK to the expected registered
counts λ1 , . . . , λM in each energy bin. However, basis material decomposition has
the virtue of potentially being able to remove beam hardening artifacts altogether,
thereby giving a more quantitative measurement of the composition in each point
in the image. With single-energy CT, beam hardening artifacts can be corrected
for, using different methods, such as calibration measurements on water phantoms,
but they cannot be removed altogether because a scan with a single energy level
does not contain sufficient data for mapping the energy dependence of the linear
attenuation coefficient. In addition to this, basis material decomposition can be
used to generate material-specific images. Imaging the distribution of a K-edge
material, e.g. iodine, in this way is referred to as K-edge imaging.
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It has been demonstrated in [28] that, given a specified detection task, an optimally weighted sum of the basis projections Ai has the same SDNR as the optimal
weighted sum of the counts Ni at the different energy levels, suggesting that basis
material decomposition has the potential of producing the same images as those
resulting from energy weighting, but without beam hardening artifacts.
Material decomposed images can also be used to generate synthetic monoenergetic images [10, Sec. 12.6.3]. They can also be used to generate synthetic
Hounsfield-unit images similar to those resulting from a conventional energy integrating system, to make the transition to the new system easier for the radiologists[29].
Clinical applications where the utility of dual-energy CT has been demonstrated
so far include improving CT angiography (CTA), where the blood vessels are visualized by injecting iodinated contrast agent in the blood, by improving differentiation
between iodine and bone. Also, virtual nonenhanced images can be generated, eliminating the need for a separate precontrast scan. Other applications include differentiating iodine, blood and calcium in brain imaging, visualizing iodine-enhancing
tumors in the liver, characterizing kidney stones and improving perfusion imaging
of the lung and myocardium[30].

2.3

Photon-counting silicon-strip detector

The work presented in this thesis is centered around a photon-counting siliconstrip detector module developed within our group[6, 31–33]. Each detector module
consists of a 0.5 mm thick silicon diode array with its edge directed towards the
x-ray source, to obtain an absorption length of 31 mm. (An edge-on orientation has
also been investigated for a different detector in [34].) Viewed from the source, the
module constitutes a linear array of 50 0.5 mm × 0.4 mm detector elements. This is
a substantial improvement in spatial resolution since the pixel size of CT detectors
has been close to 1 mm × 1 mm for the last two decades. Each detector element is
divided into depth segments along the x-ray beam direction, to decrease the count
rate in each detector readout channel. The depth segmentation has also been shown
to have the additional benefit of giving some extra energy information[35].
To obtain a full CT detector a large number (about 2000) such detectors must
be put together in a stack, but the experiments in the present Thesis have been
carried out with a single such module. Two versions of this detector module, the first
version with 16 depth segments and the second version with 9 depth segments, are
shown in Fig. 2.4. Also shown in the image are the application specific integrated
circuits (ASICs) containing the readout electronics. Each ASIC can process data
from 160 readout channels simultaneously.
A large reverse bias voltage (a few hundred volts) is applied to the diode. When
a photon interacts with the detector material, a cloud of electron-hole pairs is
generated and collected by the electrodes. This generates a current pulse which
is amplified and processed by an analog signal processing circuit in the ASIC.,
resulting in a pulse whose height is proportional to the amount of collected charge.
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Figure 2.4: Silicon-strip detector module. The module is oriented with its upper
edge directed towards the x-ray source. Left panel: version with 16 depth segments.
Right panel: version with 9 depth segments.

This shaped pulse is then compared to user-settable reference voltage levels by
eight comparators, and the pulse is registered as a count in one of eight energy bins
depending on the pulse height.
The most commonly investigated detector materials for photon counting silicon
strip detector are cadmium telluride (CdTe) and cadmium zinc telluride (CZT)[2,
5, 9, 36–41]. These materials are composed of elements with high atomic number
and therefore have high absorption efficiency and give a low fraction of Compton
scattered photons. Our detector, on the other hand, is based on silicon, which has a
low atomic number and therefore gives low absorption efficiency and a high fraction
of Compton scatter.
At first sight, silicon therefore seems to be an unsuitable material for a CT
detector. However, the low absorption efficiency can be handled by using a large
absorption path length, such as the 31 mm in the detector used in this work.
The high fraction of Compton scatter, which means that many of the interacting
photons only deposit a small part of their energy at the interaction site and move on
in another direction, is detrimental to the image quality because the total photon
energy is not registered and because the scattered photon may also be counted in
another detector element, thereby contributing to image noise and detector blur.
However, even though the Compton interacting photons contribute little to the
energy information, they still contribute to the measured total number of counts.
Furthermore, the deposited energy of the Compton interactions can be separated
from the photoelectric interactions, in which the entire photon energy is deposited
(Fig. 2.5). So even though the Compton interactions are not as beneficial as the
photoelectric interactions, they still contribute to the image. Furthermore, the
problem of secondary interactions by scattered photons can be mitigated by adding
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Figure 2.5: Left panel: detection efficiency of 31 mm silicon, with 0.5 mm inactive
silicon in the front. Right panel: spectra of incident and deposited photon energies
for the silicon detector module, for a 120 kVp x-ray beam filtered by 7 mm aluminum. The deposited spectrum has been calculated with a simple model for the
detector that does not take charge sharing and secondary interactions of scattered
photons into account. Compton interactions can be seen in the deposited spectrum
as a peak close to 0 keV.

foils of a heavy element such as tungsten between the silicon diode wafers[6].
At the same time, silicon is preferable to CdTe and CZT for several reasons,
such as its low cost and a mature manufacturing process. Also, CdTe and CZT
suffer from fluorescence photons that are emitted at the site of interaction and may
be reabsorbed in a neighboring pixel, causing a double count[42]. Furthermore,
it is difficult to make CdTe and CZT detectors that are fast enough for CT since
these materials have low hole mobility.[43] CdTe and CZT also tend to become
polarized under irradiation because of charge trapping in impurities in the detector
material.[44] Silicon is therefore better suited to cope with the high fluence rates in
CT.
The silicon strip detector studied in this thesis has been characterized in [32] and
found to have a highly linear relationship between deposited energy and comparator
voltage, and an energy resolution of 1.6 keV (standard deviation) at 60 keV in the
low-flux limit. Characterization of the detector and ASIC has also been presented
in [31, 45].

Chapter 3

Detector requirements for
photon-counting CT
3.1

Homogeneity requirements

One important requirement for any new CT detector is its homogeneity, i.e. that
the different detector elements must have sufficiently similar response. This means
that the same incoming radiation must always give the same detector response in all
detector elements. If the response of one element deviates from that of the others,
the result will be a so-called ring artifact in the reconstructed image as illustrated
in Fig. 3.1.
In practice, it is not possible to manufacture a perfectly homogeneous detector.
In photon counting detectors, for instance, the charge collection efficiency may vary
between different detector elements because of impurities in the detector material.
Also, the different detector channels of the readout electronics have differences
caused by the statistical variations inherent in integrated-circuit manufacturing.
For the readout electronics of the silicon-strip detector used in the present work,
the energy E of each threshold is specified by setting a digital register value D (assuming values 0-255) as E = gkD − o where g is the gain in mV/keV, o is the
offset in keV and, k = 300
255 mV is a constant relating the register value to a nominal
digital-to-analog converter (DAC) voltage. The gain g and offset o should ideally
be constants but vary between different channels and between different thresholds
in the same channel. Since the register value D cannot be set individually for
different channels, the result is so-called threshold variation, i.e. that the energy
thresholds have different values in different readout channels. In [32] an average
gain of 1.69 mV/keV, a gain standard deviation of 3.7% and an offset standard deviation of 1.43 keV were reported. However, these figures include variation between
channels in different readout ASICs. Since the global threshold register D can be
set differently in the different ASICs, the more relevant quantities are the gain and
offset variations within a single ASIC, measured in [45] to be 2.0 % (gain, relative
13
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Source
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Figure 3.1: Origin of ring artifacts. Only one of the detector elements is shown in
the figure. As the detector rotates, the element samples projection lines at a fixed
distance from the isocenter (dashed line). If the detector element deviates from the
others the result will be a ring-shaped error in the reconstructed image.

variation) and 0.89 keV (offset).
While a single deviating detector element causes a single ring artifact in the
image, a stochastic variation among all detector elements leads to a random pattern
of several concentric rings. This pattern is disturbing to the eye and may lead to
incorrect interpretation of the image, and is therefore not acceptable. This fact gives
rise to two questions that are important to developers of photon counting detectors.
First, how large can the threshold variations be without giving visible rings in the
image? Second, to what extent can the threshold variations be corrected for after
the image acquisition? A comment regarding the second question is in place: the
most desirable way of treating this problem in future versions of the detector is
to introduce the possibility of adjusting the thresholds for the different channels
individually. This would reduce the threshold variation, but the more the variation
is to be reduced, the more complex the ASIC needs to be. There is also a risk that
the thresholds are affected by external parameters that may change during the
acquisition, such as temperature. In [46] the gain and offset of the present ASIC
were found to vary somewhat with temperature, but no statistically significant
differences between the temperature responses of different channels were found.
Both the above questions are investigated in Paper 1. Previously, quantification of inhomogeneity artifacts have been presented for SPECT in [47], and the
question of inhomogeneity corrections in photon counting spectral CT has been
addressed in [48], but in Paper 1 we present a comprehensive comparison of three
such compensation methods.
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To address the first of the two questions, we introduce a measure of the size
of the threshold inhomogeneities, called the systematic-to-statistical error quotient
q, defined in the projection (sinogram) domain as the variance over detector elements of the expected projection value divided by the average variance within each
detector element. Mathematically,
  
V E p̃|ĩ
q =   
E V p̃|ĩ

(3.1)

where p̃ denotes the projection viewed as a random variable depending on both detector element number i and the noise realization, ĩ is a randomly selected detector
element index and E and V denote expected value and variance, respectively. One
can therefore see q as a squared signal-to-noise ratio where the signal is the ring
artifact pattern, meaning that a higher q value means more conspicuous rings. In
[49] it is shown theoretically that q is proportional to the photon fluence in each
detector element. In the same publication it is also demonstrated with a simple
observer study that the threshold where the rings become detectable to a human
observer is qth = 1.2 · 10−3 for a parallel-beam reconstruction from 1500 detector
elements and 2000 projection angles distributed over 180◦ . It is shown that this
threshold is, to a good approximation, independent of the number of detector elements and inversely proportional to the number of projection angles. Examples
of images reconstructed from projection data with different q values are shown in
Fig. 3.2. These images are the central parts of images reconstructed with filtered
backprojection in a fanbeam geometry with 750 detector elements and 2000 projection angles, with a source-to-isocenter distance of 1100 pixel widths and a detector
element spacing of 0.03◦ .
Turning to the second question posed above, there are two main categories of
post-acquisition correction methods for ring artifacts. The first category uses image processing methods to try to identify ring-shaped structures in the image and
remove them[50]. Such a postprocessing method is used in Paper 3. However, such
methods risk mistaking real anatomical structures for artifacts and it is difficult to
make them perform well for a wide range of different images. The second category,
which is studied here, uses calibration measurements to identify as much as possible of the individual properties of each detector and applies this information to
correct for the variations. In paper 1 we compare three such methods for multibin
photon-counting CT. The simplest method, which is standard in all CT imaging, is
simple flatfielding, where the measured number of counts in each detector element is
divided by the number of counts in the same detector element for an unattenuated
beam during log normalization. The second is signal-to-thickness calibration, where
the number of counts in each bin is measured when several different thicknesses of
a calibration material are placed in the beam. The number of counts can then directly be translated into an effective thickness by an interpolation method adapted
from [51]. The third method uses an affine transformation to transform the vector
of counts N in each energy bin into a corrected number of counts Ncorr = AN + b
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Figure 3.2: Examples of ring artifact patterns on homogeneous backgrounds reconstructed from sinograms containing randomly generated noise with different mean
values in different detector elements, with a variation giving the specified q-values.
The images were reconstructed in a fanbeam geometry with 2000 angles covering
360◦ , with 0.03◦ detector spacing as seen from the source and a source-to-isocenter
distance of 1100 pixel widths. Note that the artifacts are strongest near the isocenter, since the systematic errors from all angles are concentrated in a smaller circle
near the center than in the periphery.

where the matrix A and the vector b are fitted to calibration measurements of
different thickness combinations of soft tissue and bone.
Fig. 3.3(a) shows q as a function of energy threshold spread for a model of the
16-segment silicon-strip detector. For this calculation, an 80 kVp spectrum with
1.36 · 104 prepatient photons per detector element and angular view were used.
Since the q-value depends on how the different bin images are weighted together,
the maximum over all possible weighting schemes and the maximum over a library
of weighting schemes optimal for different tasks are presented. For comparison, fig.
3.3 also displays results for a silicon-strip detector with one depth segment and for
a detector with en ideal energy response. For the latter, seven energy bins are used
to avoid having one photon starved bin, and therefore a corresponding plot with
seven bins for the silicon-strip detector is also included.
As can be seen in Fig. 3.3, the affine transformation is the most successful of
the three methods, followed by signal-to-thickness calibration, i.e. the more complex compensation methods also perform better. The results also show that the
depth segmentation, which was originally introduced to mitigate the count rate
requirements in each individual detector readout channel, has the additional benefit of decreasing the level of ring artifacts since the threshold offsets in different
depth segments partially cancel each other when summing the outputs of the depth
segments. In Paper 1, CT images compensated with these three methods are also
presented, confirming that the affine transformation is the most successful of the
methods while signal-to-thickness is the second best method. The affine transformation method has been applied to images acquired with the photon-counting
silicon-strip detector in [33].
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Figure 3.3: Maximum value of the systematic-to-statistical error quotient q over different energy bin weighting schemes and different traversed material combinations
(0-160 mm soft tissue and 0-30 mm bone), plotted as a function of the standard
deviation of the threshold spread. (a) Silicon-strip detector with 16 depth segments
and eight energy bins. (b) Silicon-strip detector with one depth segment and eight
energy bins. (c) Silicon-strip detector with one depth segment and seven energy
bins. (d) Detector with the same quantum efficiency as the silicon detector but ideal
spectral response, with one depth segment and seven energy bins. Reproduced with
permission from Paper 1, © 2012 IEEE
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Figure 3.4: Maximum value of q over different energy bin weighting schemes and
material combinations including iodine, for the same imaging system as in Fig. 3.3a
with the difference that one threshold is placed on the iodine K-edge (33.17 keV)
instead of 30 keV. The compensation methods have been evaluated for (and in the
case of signal-to-thickness calibration and the affine transformation, fitted to) 0-160
mm soft tissue, 0-30 mm bone and 0-0.1 mm iodine (4.93 g/cm3 ).

The results in paper 3.3 apply to situations without a K-edge contrast material.
Making these compensation methods work for K-edge imaging is more difficult, because their parameters have to be fitted to a wider range of transmitted spectrum
shapes and because the weighting schemes used to highlight the K-edge material
make the ring artifacts more visible. A library of such “cancellation” weight vectors was created by optimizing the SDNR for visualizing 1, 10 or 100 µm iodine
embedded in a combination of 0-160 mm soft tissue and 0-30 mm bone against a
cluttered background where every pixel measures one of two combinations, with
50% probability each, of 0-160 mm soft tissue and 0-30 mm bone. The resulting
q values are shown in Fig. 3.4. Evidently, these weights give higher q than the
ordinary weights which are optimal for visualizing targets without iodine against a
nonrandom background. The q values in Figs. 3.3 and 3.4 can be compared to the
above-mentioned threshold value 1.2 · 10−3 .

3.2

Fluence rate requirements

One of the most important reasons that photon counting detectors are not used in
clinical CT scanners is that the photon fluence rate (the number of incident photons
per mm2 and second) on the detector in CT is very high compared to the fluence
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rate in other imaging modalities such as mammography, PET and SPECT. Today’s
state of the art CT scanners have upper limits of the x-ray tube current near 1000
mA, and this can give a photon fluence rate on the detector of 2 · 109 mm−2 s−1 if
there is no patient in the beam.
Compared to energy integrating detectors, photon counting detectors are more
challenging to develop for high fluence rates. Since each individual event is processed, the charge collection time of the detector material must be short enough
to give individually distinguishable pulses as input signal to the readout electronics. Furthermore, the readout electronics itself must be fast enough to count each
incoming pulse. Otherwise the result is so-called pulse pile-up, meaning that the
pulses arrive on top of each other, causing counts to be lost and energy resolution to be degraded. Methods have been proposed to model and compensate for
these errors[52–56], but these can only correct errors in the expected value of the
measurement, but not remove the extra variance caused by information loss in the
detection process.
Requirements on the count rate capability of each individual readout channel
can be reduced by decreasing the detector element size or by subdividing the detector elements into depth segments. However, decreasing the size of the detector
elements increases the probability that the deposited charge from one event is registered in more than one detector element, an effect known as charge sharing. If it is
not corrected for using advanced detector logic [57, 58], this effect can give double
counting and thereby increased noise and decreased spatial and energy resolution.
Also, using smaller detector elements means that a larger total number of readout
channels is required, which increases power consumption and may be challenging
to build due to the large number of required electrical connections.
The requirements on the detector could be alleviated by decreasing the incident
fluence rate. However, reducing the tube current without increasing image noise
means increasing the scan time, which can cause motion artifacts. One proposed
solution is to use dynamic attenuators to adapt the spatial x-ray fluence distribution
to the patient attenuation, thereby obtaining more homogeneous fluence rate distribution on the detector. This would enable eliminating the highest fluence rates on
the detector without increasing noise for more highly attenuating projection lines,
as well as giving a more optimal dose utilization[59–61].
Thus, it is important for developers of spectral CT detectors to know the maximum fluence rate that the detector must be able to sustain. However, the above
mentioned 2 · 109 mm−2 s−1 applies to an x-ray beam which is unattenuated and
therefore does not contain any anatomical information, meaning that this high
fluence rate does not have to be measured with maximum detector performance.
Assessment of the suitability of a photon counting detector for CT must therefore
take into account both how the detector performance varies with count rate and
how the distribution of fluence rates on the detector looks.
The count rate response of photon-counting detectors are commonly described
in terms of two idealized detector models: the nonparalyzable model and the paralyzable model. In the nonparalyzable model, each registered event triggers a dead
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Figure 3.5: Comparison of idealized models for the count rate response of a photoncounting detector. The nonparalyzable count rate model is plotted for parameter
values τ and TC fitted to the count rate response of the asic studied in this work.[45]
The other count rate models are plotted with parameters giving similar behavior for
low count rates, which however gives different asymptotes for the nonparalyzable
and semi-nonparalyzable models.

time, during which no new events can be registered. After the end of this dead time,
the detector is once again free to register another event, regardless of whether any
events have occurred during the dead time or not. The resulting count rate response
increases monotonically towards an asymptotic value. In the paralyzable model, on
the other hand, each event triggers a new dead time, even if they occur during the
dead time of a previous event. This means that a series of events that are separated
in time by less than the dead time will paralyze the detector so that only the first
event in the series is counted. The resulting count rate response is increasing for
low count rates but reaches a maximum and then decreases again for high count
rates. The nonparalyzable and paralyzable count rate responses are plotted in Fig.
3.5 together with another count rate model, the semi-nonparalyzable model, which
was developed in [45] to model the ASIC used for the silicon-strip detector studied
in this Thesis. Like the nonparalyzable model, it gives a monotonically increasing
count rate curve, but with a different shape. A more advanced model of count rate
performance and energy loss at high count rates is presented in [62].
For models where the output count rate is monotonically increasing with input
count rate, such as the nonparalyzable and semi-nonparalyzable model, an unbiased estimate of the input count rate can be retrieved by simply multiplying the
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output count rate with a correction factor. However, since counts have been lost
in the detection process the resulting estimate of the input count rate is noisier
than a direct measurement with a pile-up-free detector would have been. For the
paralyzable model, the same output count rate can correspond to two different input count rates, meaning that additional assumptions or measurements would be
needed to calculate the input count rate unambiguously. This demonstrates that
a paralyzable detector should preferably not be used with fluence rates above a
certain level which gives maximum count rate, whereas a nonparalyzable detector
does not have such an upper limit, although the DQE becomes worse as the output
count rate moves closer to the asymptote.
To what extent an image quality degradation due to pile-up is acceptable is
ultimately determined by the radiologist reading the images. However, there are
good reasons for assuming that pile-up in parts of the projection data may be
acceptable. First, high fluence rates may occur in projection lines traversing the
patient tangentially a short distance below the skin. This is especially true if the
patient is miscentered with respect to the bowtie filter. However, a deteriorated
image quality near the patient’s skin line may be acceptable if the area of interest
is located in the patient’s interior. Second, even if the projection lines with highest
fluence occur in the interior of the patient, these high fluence rates are likely to be
found only in a subset of the projection angles. The projection lines with highest
fluence rate are also the ones with least quantum noise, and even if the variance is
increased by pile-up for those projection lines, it may still be considerably lower than
the variance for the projection lines with lowest fluence rate. The variance at any
given point in the reconstructed image (if reconstructed by filtered backprojection)
is the sum of the variances in all the filtered projections for different projection
angles, so that a change in the noise level of the least noisy projection lines is
drowned in the contribution from the more noisy projection lines if the noise varies
widely between different views[63, Sec. 5.4.2]. An increase in the variance in the
projection lines with the highest fluence does therefore not necessarily have a large
impact on the noise level in the reconstructed image.
From the above discussion, it can be concluded that is important not only to
know the highest fluence rate that may impinge on the detector behind the patient,
but also to investigate how many of the projection lines it is that reach the highest
fluence rate levels and whether they occur close to the skin line. This question is
addressed in Paper 2. The fluence rate on the detector behind the patient shadow is
calculated for the AAPM reference CT protocols[64] for head, chest and abdomen
and for an ECG gated chest protocol[65], for a range of patient sizes and for both
centered and miscentered patients. The maximum and 99th and 95th percentiles
of the fluence rate distribution is calculated, and the variation with depth under
the skin is studied.
The calculations in Paper 2 are made using mathematical phantoms generated
from patient images and from an anthropomorphic phantom (PBU-60, Kyoto Kagaku Co., Ltd, Japan). The anthropomorphic phantom is scanned using a GE VCT
scanner and the tube current selected by the scanner’s automatic exposure control
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Figure 3.6: Fluence rate on the detector plotted versus patient waist circumference,
for an ECG gated chest protocol. The left panel applies to a patient centered in the
isocenter whereas values in the middle and right panels apply to patients centered
25 and 50 mm above the isocenter, respectively. The maximum and the 99th and
95th percentiles of the fluence rate distribution are plotted. The solid lines are
calculated from all projection lines passing through the patient and the dashed
lines from all projection lines passing 10 mm or more below the skin. From Paper
2.

is used, together with published data on the tube current scaling with patient size,
to estimate the tube current that the scanner would have used for the patient images. Measured dose longitudinal profiles and bowtie transmission profiles for this
scanner are then used to simulate the photon fluence rate on the detector.
The resulting maximum fluence rate is 1·108 mm−2 s−1 for a chest scan centered
in the isocenter, 2 · 108 mm−2 s−1 for an ECG gated chest scan and 4 · 108 mm−2 s−1
for a head scan centered 50 mm below the isocenter. Fig. 3.6 shows the fluence
rate on the detector for different patient sizes for an ECG gated chest protocol,
which is a high-fluence-rate protocol. As can be seen in the figure, the resulting
fluence rate is highest for small patients, up to 2.3 · 108 − 2.4 · 108 mm−2 s−1 for
the different patient center positions. The maximum fluence rate occurs behind the
interior of the patient in this case, so excluding the projection lines closest to the
skin does not decrease the fluence rate. However, if the 5% of the projection lines
with highest fluence rate are excluded, the maximum is reduced to less than half
the original value, showing that the highest fluence rates occur relatively rarely in
the projection data.
For comparison, the ASIC used in the photon-counting silicon-strip detector
studied in this work has been shown to exhibit linear count rate behavior up
to 2.5 · 108 mm−2 s−1 [45] and an energy resolution deterioration from 1.7 keV to
2.2 keV (standard deviation) when the fluence rate increases from zero to 1.6 ·
108 mm−2 s−1 [32]. These figures apply to the 16-segment detector module.

Chapter 4

Imaging with a photon-counting
spectral detector
4.1

CT imaging

To demonstrate the feasibility of using photon-counting silicon-strip detectors in
CT, we have used a single detector module in a table-top lab setup to acquire CT
images. Seen from the source, a single detector module is a 20 mm wide linear array
of 50 0.5 mm × 0.4mm detector elements, each of which is subdivided into depth
segments. To get a larger field of view, the object must therefore be translated stepwise across the field of view in a so-called partial fanbeam geometry (Fig. 4.1), so
named because the image is sampled by several fan-shaped beams each of which
partially covers the object. To obtain a CT image the phantom must be rotated at
least 180◦ + φ where φ is the angular width of the fan for every step, but we choose
to rotate it 360◦ and take the average over two half-rotations, to average out ring
artifacts and the effects of misalignment in the setup. The measurements must then
be reinterpolated to parallel-beam geometry before the image can be reconstructed
with filtered backprojection.
Calibration is done by measuring the transmission through different thicknesses
of a wedge-shaped calibration phantom made of polyoxymethylene (POM). As a
reference for the calibration we use the log normalization of the average number of
counts over the different detector elements. Denoting this quantity for calibration
thickness k by pav
k and denoting the measured counts in one of the detector elements
Nk , a curve for each detector element is fitted to the data points (Nk , pav
k ) and
subsequently used to correct the count values measured during imaging. Each
energy bin is treated separately.
To demonstrate the high spatial resolution of the detector, Fig. 4.2 shows an
image of an excised human atherosclerotic plaque from one of the carotid arteries,
cast in paraffin. It was imaged with 80 kVp, an effective tube current-time product
of 150 mAs contributing to the image, a 0.4 mm focal spot and an 11◦ anode angle
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Phantom

Detector

X-ray
focal spot

Figure 4.1: Illustration of the partial fanbeam geometry used for imaging with
a single detector module. The object to be imaged is mounted on translation
and rotation stages. A complete projection image is obtained by translating the
phantom step-wise through the field of view and measuring at every step. To avoid
gaps in the measured data, the translation step should be equal to the width of the
fan in the isocenter plane.

Figure 4.2: Excised atherosclerotic plaque imaged with the photon-counting siliconstrip detector. Image postprocessing has been applied to reduce ring artifacts in
the image.
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x-ray tube spectrum filtered through 2 mm aluminum. A pure ramp filter kernel
was used for the reconstruction.
Paper 3 demonstrates K-edge imaging with the silicon-strip detector module.
An example of this is shown in Fig. 4.3, where the imaged object is a piece of lamb
meat with iodine injected into the spinal canal, in order to mimic a myelography
examination. The imaging was done with an 80 kVp spectrum and a current-time
product of 143 mAs for the exposure time contributing to the image. Since no
accurate forward model describing the detector had been developed at the time
of this work, the iodine-selective image was generated using a linearized forward
model fitted to measurements in the reconstructed image of a 9 cm diameter cylindrical PMMA phantom with inserts of different materials (see Fig. 5 in Paper 3).
A similar approach has been described previously in [66]. Specifically, the vector of reconstructed effective linear attenuation coefficient in the eight images µ
reconstructed from the individual energy bins was assumed to be a linear function
µ = Ma

(4.1)

of the basis coefficient vector a. The matrix M was generated from measurements
of µ for water, calcium and iodine. Two different basis coefficients for calcium
with different amounts of beam hardening had to be used in order to cancel out
the calcium background well enough. The fact that this is necessary signifies that
basis material decomposition in projection space, which is able to eliminate beam
hardening, is preferable to the basis material decomposition in image space used
here. Once M had been generated, the bin images of the meat slice could be
transformed into basis images by solving (4.1) for a in the least squares sense.
As seen in the figure, an image formed as the sum of the energy bin images,
all with the same weight factor, does not allow iodine to be distinguished from
bone (Fig 4.3b). However, the iodine-only image highlights the iodine at the site
of injection (Fig 4.3c), and can be included as a color overlay on the flat-weighted
image (Fig 4.3d).
Paper 3 also demonstrates the capability of the detector to separate iodine,
calcium and gadolinium inserts in the PMMA phantom referred to above and to
quantify concentrations of iodine and gadolinium, even when they occur in a mixture.

4.2

Sub-pixel information retrieval with the NLPV effect

Whereas Sec. 4.1 demonstrates that the photon-counting silicon-strip detector enables separation and quantification of contrast agents using K-edge imaging, we will
now turn to the question of how having more than two energy bins may improve the
image even without a K-edge material. The common assumption that the space of
linear attenuation coefficients is spanned by two basis functions is only valid as long
as the noise is high enough to obscure the existence of other basis functions. In [67]
statistical tests were used to conclude that there are four statistically significant
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Figure 4.3: CT image of a slice of lamb meat with iodine injected in the spinal
canal. (a) Nonenhanced image taken before the injection of iodine. (b) Image
after the injection of iodine. (c) Iodine-only image. (d) The iodine image as color
overlay over the image in (b). Image postprocessing has been applied to remove ring
artifacts. Reproduced with permission from Paper 3. © 2014 Institute of Physics
and Engineering in Medicine.

basis functions spanning the NIST XCOM[68] database of linear attenuation coefficients for elements of atomic number 1-20, and in [69] basis material decomposition
with soft tissue, bone and adipose as basis materials was demonstrated. Whether
the presence of more than two basis functions is of relevance in clinical applications
is still an open question.
However, even if the two-basis approximation is assumed to hold for all homogeneous substances present in the field of view, the two-dimensionality is, perhaps
surprisingly, violated at interfaces between different materials, due to the so-called
nonlinear partial volume (NLPV) effect[70, 71]. This effect is illustrated in Fig.
4.4, which shows an x-ray beam, which has the same cross-section area as a single detector element, incident on a volume containing two materials. If the two
materials are intermixed or if they are separated by an interface orthogonal to the
beam, the resulting number of transmitted photons is the same as if the volume
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N0
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Figure 4.4: Ilustration of the NLPV effect. The depicted volume has thickness
L in the beam direction and the beam cross-section area corresponds to a single
detector element. It contains equal volumes of two materials with linear attenuation
coefficients µ1 (white) and µ2 (gray). N0 photons of energy E impinge on the
volume, and the expected number of transmitted photons is stated below each
volume. Left panel: the two materials are mixed with a grain size much smaller than
the volume. Middle panel: the materials are separated by an interface orthogonal
to the beam. Right panel: the materials are separated by an interface parallel to
the beam.

had been filled with a material with the linear average of the two linear attenuation
coefficients. If they are separated by an interface parallel to the beam, on the other
hand, the transmission is different from the other two cases, i.e. the effective linear attenuation coefficient is a nonlinear combination of the two linear attenuation
coefficients. If the linear attenuation coefficients of the two materials lie within the
above mentioned two-dimensional space, the linear average will also lie within this
space. However, the nonlinear average lies outside this space. Therefore, interfaces
parallel to the beam have a unique spectral response, which can be used to separate them from any homogeneous material present in the field of view. This means
that sub-pixel spatial information has been obtained since the spectral information enables the imaging system to obtain information on the distribution of the
linear attenuation coefficient within a single detector element. This also suggests
the possibility that this method could be extended to create a map of the linear
attenuation coefficient at higher resolution than the pixel size, thereby achieving
super-resolution imaging. (Here, the term super-resolution is used to describe a
system with higher resolution than the pixel size, as opposed to its use in optical
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imaging, where the term is often used for resolution below the diffraction limit.)
As demonstrated in Paper 4 and its supplementary note, the basis material
decomposition framework can be adapted to image the NLPV effect by including
an extra NLPV basis function. This basis function does not correspond to the linear
attenuation coefficient of any physical material but is constructed mathematically
to give the same transmitted spectrum as an interface parallel to the beam. The
corresponding basis image resulting from basis material decomposition will then
be a map showing the locations of sharp interfaces parallel to the beam, thereby
allowing those interfaces to be distinguished from more gradual transitions. A
choice of materials on either side of this interface and of the path length along the
interface must be made to construct the NLPV basis function. The basis function
will thereby be adapted to this specific choice, but we make the assumption that it
can also be used to approximate the deviation from the two-dimensional space for
other combinations.
Even though the argumentation above has been about situations without a Kedge material, the method can also be used with a K-edge material. This is the
case in Paper 4 where iodine and polyethylene are used as basis function.
The ability to distinguish between sharp and gradual transitions may be useful
to identify bone splinters and air pockets in patients having suffered trauma. It can
also be useful in examinations where iodinated contrast agent is used such as CT
angiography, where iodine is injected into the blood in order to image the blood
vessels. As is discussed in Paper 4, this can be useful for seeing dissections, where
the layers of blood vessel wall have separated, forming a pocket where blood can
leak in, as well as for identifying blood vessel ruptures.
In Paper 4 this imaging method is demonstrated experimentally in a projection
image. The imaging was made in a similar way as in Sec. 4.1 although the detector
module was oriented vertically instead of horizontally. The imaged phantom is
a 120 mm diameter polyethylene cylinder with a 6 mm hole in its center, where
the hole is filled with iodinated contrast agent (200 mg/ml iodine). The resulting
NLPV image is shown in Fig. 4.5 together with a simulation and a synthetic
monochromatic image of the same region. As seen in the figure, bright lines are
visible in the NLPV basis image at the interfaces on each side of the iodine hole,
in agreement with the simulation. Although the iodine concentration used here
is high, such high concentrations may occur during interventional examinations
when iodine is injected directly into the imaged blood vessel with a catheter. This
demonstration of the effect is done in a projection image, but it could also be
applied to CT by reconstructing an image from an NLPV basis sinogram.
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Figure 4.5: Experimental demonstration of imaging of interfaces with the NLPV
effect (from Paper 4). The imaged object is a 6 mm hole filled with 200 mg/ml
iodine solution in a 120 mm diameter polyethylene cylinder. The scale bar length
is 1 mm. (a) Synthetic monochromatic projection image at 60 keV. (b) Average
horizontal profile of (a). (c) NLPV basis projection image. (d) Average horizontal
profile of (c)

Chapter 5

Conclusions and outlook
In this Thesis, the feasibility of using an energy-resolving photon-counting silicon
strip detector for CT has been investigated. A metric for ring artifact visibility
has been proposed and used to investigate the effectiveness of different methods
of compensating for threshold variations between detector elements. The photon
fluence rate on a CT detector has been investigated, which is important in order to
establish count-rate performance requirements for photon-counting detectors. Also,
the spectral imaging capability of the detector has been demonstrated by showing
that it can be used for K-edge imaging of contrast agents. Furthermore, a novel
way of using the spectral imaging capability of the detector to obtain sub-pixel
image information by imaging the nonlinear partial volume effect is proposed and
verified experimentally.
Future work includes developing an improved version of the detector which
fulfills all the requirements for replacing the current energy-integrating detectors
in CT. The results on homogeneity and count rate requirements are important
design inputs to this task. Ultimately, the question of whether the detector element
homogeneity is high enough to avoid generating ring artifacts in the images needs
to be settled experimentally, and must likely take look-up tables into account for
compensating for variations in external parameters such as temperature. Also, the
investigation of how high the fluence rate can be on a CT detector is only the first
step in establishing the high-count-rate performance that is necessary for a photoncounting detector. A more complete investigation should include modelling the
performance degradation of the detector with increasing count rate and studying
the corresponding degradation of reconstructed image quality.
The demonstrated energy-resolved imaging could be improved by developing an
accurate mathematical model of the detector response and using it to perform basis
material decomposition in the projection domain. Since the publication of Paper 3,
projection-space basis material decomposition of the cylinder phantom used in this
Paper has been presented in [33], and further refinement of the method is important
future work. Another future task is to demonstrate the performance of the single
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detector module used in this work when it is stacked into a volumetric detector.
Finally, the method of imaging interfaces using the NLPV effect needs to be
further investigated in order to better identify its clinical usefulness and to explore
methods for reducing the necessary radiation dose.

Summary of papers
Paper 1: A framework for evaluating threshold variation compensation
methods in photon counting spectral CT
This Paper proposes a metric for quantifying detector element inhomogeneity in
CT, called the systematic-to-statistical error quotient. This metric is used in a
simulation study for comparing three methods for compensating for threshold variations: simple flatfielding, signal-to-thickness calibration and a method based on
an affine transformation of the vector of counts in different energy bins. The results show that the affine transformation is the most successful of these methods,
followed by signal-to-thickness calibration.
Paper 2: Upper limits of the photon fluence rate on CT detectors
This Paper investigates the maximum photon fluence rate incident on the detector
in standard CT examinations, through dose rate measurements and simulations of
x-ray transmission through mathematical phantoms generated from patient images.
Reference head, chest and abdomen protocols are studied, and an ECG gated chest
protocol is included. The effects of patient miscentering is also studied. The study
suggests that the upper limit of the fluence rate on the detector in standard CT
examinations is 1 · 108 − 4 · 108 mm−2 s−1 .
Paper 3: Energy-resolved CT imaging with a photon-counting siliconstrip detector
In this Paper a photon-counting silicon-strip detector module is used for imaging in a table-top lab setup. The ability to use the energy-information to generate material-selective images is demonstrated by separating calcium, iodine and
gadolinium inserts in a phantom and by separating iodine and bone in a slice of
meat. The ability to quantify contrast agent concentrations is also demonstrated.
Paper 4: Sub-pixel information retrieval from spectral x-ray images
This Paper demonstrates theoretically that an energy-resolved detector can be used
to obtain sub-pixel information about sharp interfaces in an image through the
nonlinear partial volume (NLPV) effect. This is also demonstrated experimentally
in a projection x-ray image using the photon-counting silicon-strip detector, by
imaging an iodine-filled hole in a phantom and showing that its edges have a unique
33
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spectral response. Possible clinical applications are discussed.
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