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Abstract

Photon counting x-ray detectors (PCDs) with spectral capabilities have the potential to
revolutionize computed tomography (CT) for medical imaging. The ideal PCD provides accurate
energy information for each incident x-ray, and at high spatial resolution. This information enables
material-specific imaging, enhanced radiation dose efficiency, and improved spatial resolution in
CT images. In practice, PCDs are affected by non-idealities, including limited energy resolution,
pulse pileup, and cross talk due to charge sharing, K-fluorescence, and Compton scattering. In
order to maximize their performance, PCDs must be carefully designed to reduce these effects

and then later account for them during correction and post-acquisition steps. This review article
examines algorithms for using PCDs in spectral CT applications, including how non-idealities
impact image quality. Performance assessment metrics that account for spatial resolution and noise
such as the detective quantum efficiency (DQE) can be used to compare different PCD designs, as
well as compare PCDs with conventional energy integrating detectors (EIDs). These methods play
an important role in enhancing spectral CT images and assessing the overall performance of PCDs.
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. INTRODUCTION

COMPUTED tomography (CT) is a workhorse for medical imaging, with an estimated

81 million exams performed annually in the United States alone [1]. Since the first CT
scanner was introduced almost 50 years ago, image quality has vastly improved through
technological advancements, further increasing its clinical utility. However, there is still
room for improvement. Radiation dose is a growing concern, despite efforts to reduce the
dose through better protocols, more efficient hardware, and advanced algorithms. Image
contrast, particularly between soft tissues and from contrast agents, can be increased,
while image noise can be further decreased. Many clinical applications could benefit from
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increased spatial resolution. Spectral x-ray information could be better lever-aged to obtain
quantitative material-specific imaging. While many approaches and technologies are being
developed to address one or more of these, a leading candidate is spectroscopic photon
counting detectors (PCDs).

Conventional CT scanners utilize an indirect conversion process to detect x-rays: a
scintillator converts x-ray photons into light photons, which are then converted to electric
charge by a photodiode and integrated. Since the amount of light is proportional to the x-ray
energy and signal is collected for many x-ray photons, such detectors are referred to as
energy integrating detectors (EIDs). PCDs directly convert x-ray photons to charge carriers
and are fast enough to count individual x-ray photons and bin them according to their energy
(Fig. 1). As will be discussed, PCDs offer the potential to improve dose efficiency through

a combination of higher geometric efficiency, lower sensitivity to electronic noise, and
optimal weighting of the signal; improved spatial resolution; and better spectral imaging,
enabling the quantification of two or more materials. Unique to PCDs is the ability to
provide spectroscopic information, typically in the form of counts in energy bins or windows
(Fig. 2). Spectral imaging is “always on”, without having to resort to special protocols (kV
switching) or dedicated hardware (dual source, split filter).

Compared with the 40+ years of EID development, PCDs for CT applications are relatively
new. In particular, the past decade has seen tremendous development of PCD technology.
Early results showed increased contrast-to-noise ratio (CNR) of iodine and calcium for
spectral photon counting CT (SPCCT) over conventional CT in phantom experiments [2]-
[6]. Inspired by these early results, Taguchi and Iwanczyk published a visionary paper

for what PCDs might bring [7]. Since then, prototype SPCCT scanners have been built

and demonstrated with human imaging, including: head and neck scans [8]; clinical-scale
SPCCT [9], [10]; increased iodine CNR in abdominal imaging compared to an EID system
[11]; better reader-rated diagnostic quality, reduced noise, and higher CNR for lung nodule
detection in chest CT [12]; vascular imaging of head and neck with lower noise and less
image artifacts such as those due to beam hardening [13]; better gray matter-white matter
differentiation in non-contrast head CT and increased CNR; and a dedicated breast SPCCT
system [14], [15].

A number of topical reviews have been written recently on PCDs that give an overview of
the technology and its potential applications, including by Taguchi [16], Fredenberg [17],
Willemink et al [18], and Leng et al [19]. Yet other papers include a review with a focus

on PCD electronics [20] or contrast agent development [21], [22]. This special issue also
includes a review of PCD hardware [23] and clinical applications [24]. The focus of this
review paper specifically examines algorithms and performance analysis for imaging, with
a focus on clinical CT applications. The extra information provided by PCDs needs to be
used efficiently, and its potential benefit in imaging applications needs to be assessed using
rigorous, quantitative comparisons. There is no doubt in the advantages of an ideal PCD, and
with an ideal energy response, no electronic noise, no pulse pileup, and perfect geometric
efficiency, the algorithms for extracting relevant imaging information are straightforward.
However, in the absence of an ideal PCD, we must understand how to use PCDs in the
presence of imperfections and how they affect imaging tasks.
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[I. ALGORITHMS

A. Energy Weighting

A simple way for PCDs to benefit image quality is through their ability to give photons

of different energies different weights in their contribution to a conventional “grayscale”
image. X-ray tubes produce photons with a broad spectrum of energies. Photon weighting
(with weights u(£)) of the detected spectrum N (£) happens at the detector, either
inherently (as in energy integration or in photon counting) or during data processing (as can
be done with spectroscopic PCDs). The detected signal is then S= /S w(E) N (E) dE.
Tapiovaara and Wagner showed that to maximize the contrast-to-noise ratio (CNR) of an
image, optimal weighting should give more weight to lower energy photons since they have
higher CNR (per photon) than higher energy photons [25]. Energy integration inherently
does the opposite, by weighting proportional to photon energy. Photon counting, where all
photons have equal weight, is an improvement over energy integration (e.g., of about 10%
in mammography [26]). Better yet, the optimal weighting was found to be approximately
proportional to £ =3 for photoelectric contrast (Fig. 3), giving more weight to lower energy
photons [27]. These optimal weights were found to give an improvement of about 30%
over energy integration in mammography [26]. Such weighting can be applied if the PCD
provides counts in energy bins or windows. Then, during processing of the data, a single
image from the weighted sum of the binned counts can be formed, where weights are
determined based on the energies represented by each bin.

One disadvantage of increased weighting of lower energies in the projection domain is that
it leads to increased beam hardening after CT reconstruction [28]. Another option is to
reconstruct projections of the individual energy bins, then apply image-based weighting.
Optimal image-based weighting was shown to improve CNR by 15% to 57% over energy
integration, depending on the task [29]. Additionally, in the image domain, each bin has
relatively little beam hardening, so the weighted sum of the reconstructed bin images

has less beam hardening than a reconstruction of the weighted sum of all binned counts.
However, in practice, object scatter and limited energy resolution of PCDs reduce such
gains and should be accounted for. For example, a scatter-to-primary ratio of 0.5 can
reduce iodine CNR by 24% without scatter correction, but this reduction is only 10% with
scatter correction [30]. The concept of energy weighting can also be extended to preserving
information content for material decomposition by weighting the bins by the attenuation of
the basis functions as a function of energy [31].

B. Spectral Imaging

Beyond energy weighting, spectral information contained in the binned counts can be used
for material-specific imaging. This simply extends the principles of dual-energy imaging

to multi-energy imaging, with PCDs providing spectral information through two or more
energy bins [32]. Using the same principles as dual-energy imaging, x-ray attenuation can

be decomposed into basis functions that represent physical effects (photoelectric absorption
and Compton scattering) or materials (e.g., bone and water) [33], [34]. When using materials
as basis functions, the resulting line integrals or images are of the mass density of the basis
materials. High-Z materials, as would be used in contrast agents, have K-edges in their
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attenuation curves that can be uniquely identified (Fig. 4). This opens up possibilities for
novel contrast agents beyond iodine, especially higher atomic number materials such as
gadolinium, tantalum, gold, and bismuth.

A small-animal CT system was shown to be able to differentiate fat, muscle, and bone,
despite the small difference in effective atomic number (Z) between fat (~6.5) and

muscle (~7.5) [35]. Still, there are limitations in differential sensitivity to materials, for
example in detecting small quantities of iron, which can be difficult to distinguish from
calcium [36]. Materials with similar Z (and hence attenuation as a function of energy)

form an ill-conditioned problem, resulting in high sensitivity to measurement noise or
incorrect modeling assumptions. Even at high dose levels and large slice thickness, accurate
decomposition and quantification of fat and muscle was found to be difficult [37].

Materials with K-edges have a unique difference in attenuation that an estimator can
leverage. Although iodine is the most commonly used contrast agent in CT, its relatively
low K-edge energy makes it difficult to uniquely quantify in many clinical applications
(separating iodine and calcium because few if any photons with energy below the iodine
K-edge can reach the detector), although it can still be suitable for imaging thinner objects,
such as small animals, breasts, or extremities. For example, SPCCT was used to quantify
iodine uptake in knee cartilage, potentially enabling assessment of cartilage health [38].

Other higher-Z contrast materials with higher K-edge energies are being investigated, such
as gold that can be incorporated into nanoparticles [39]. Gadolinium was also used to
quantify uptake in knee cartilage [40]. Additionally, more than one contrast agent can

be quantified if their K-edges are sufficiently different. Early results demonstrated the
feasibility of simultaneously quantifying iodine and gadolinium [2], which have K-edges at
33.2 keV and 50.2 keV, respectively, as well as iodine and gold (80.7 keV) simultaneously
[41].

Multiple contrast agents can be used to study different processes simultaneously, with

the contrast agents administered through different pathways or at different timepoints.
Cormode et al used SPCCT to simultaneously image and quantify iodinated contrast and
gold nanoparticles in a rabbit model [42], finding that the rapid scanning with SPCCT
enabled measurement of contrast agent kinetics in different organs. More recently, the group
demonstrated in-vivo single-acquisition multi-phase liver imaging with a dual contrast agent
protocol of iodine and gadolinium [43]. Other dual contrast agent, dual-phase imaging

was also performed of the heart [44] and kidneys [45] using iodine and gadolinium in a
canine model. lodine and gadolinium were also used to separate the colon lumen from
polyps for CT colonography [46]. Simultaneous imaging of three contrast materials (iodine/
gadolinium/bismuth) has also been investigated [45], [47].

1) Material Decomposition: To perform material decomposition, there should be at
least as many energy bins as desired basis materials, although additional constraints such

as volume conservation [48], mass conservation [49], or both [50] may enable more basis
materials than energy bins. Nonetheless, information from all the energy bins should be
used in a dose-efficient way, such as with a statistical material decomposition algorithm like
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maximum likelihood [2], [51]. Thus, having more energy bins provides more information
that reduces noise in the basis material images, although with diminishing returns as the
number of bins increases [31]. For K-edge materials, a good strategy would be to have one
energy bin just below and another just above the K-edge energy (i.e., one energy threshold is
at the K-edge energy).

In practice, empirical measurements can help inform material decomposition algorithms,
such as measuring step wedges of different basis materials and mapping the measured
counts to the known thicknesses of these basis materials [52]. Some interpolation and bias
corrections may be needed as well since the step wedges typically represent a small subset
of possible basis material thicknesses, although they should span the expected range of
thickness combinations for the imaged object [53].

2) Noise Reduction: Ideal PCDs provide better spectral information than dual energy
methods with EIDs. Compared to a dual-source EID system, ideal PCDs are able to reduce
noise in virtual non-contrast images by 29% and in iodine images by 43% [54]. Still, as in
dual energy imaging with EIDs, noise in basis material images is higher than in grayscale
images, and there is a large increase in noise when decomposing more materials using
conventional material decomposition methods [55].

The increased noise in basis material images can be compensated by suppressing the anti-
correlated noise in the basis material images [56] or through more advanced reconstruction
methods. Some methods operate in the projection domain and suppress noise through
additional regularization [57], [58], while others do this in the image domain [59]-[62].
Others use the sum of all energy bins as a prior to improve the basis material or energy bin
images [63], [64], or seek to exploit the structural redundancy between basis material images
and energy bin images [65], [66]. Additional priors such as volume conservation can also
help reduce noise [67]. Material decomposition and reconstruction can be viewed jointly, by
using the spectral projections to reconstruct material decomposition images [68]-[70]. These
typically have a forward model that maps material images to spectral projections and are
solved by iterative reconstruction methods. Incorporation of regularization can help promote
inter- and intra-image sparsity during reconstruction [71]. Model-based reconstruction can
also incorporate the detector’s spectral response, polychromatic information, and a statistical
model. The authors of [72] reported that together with image regularization, image noise
was reduced up to 90% compared to conventional material decomposition followed by
filtered backprojection.

C. Reduced Beam Hardening

After material decomposition, a weighted sum of the basis material images can be used

to create virtual monoenergetic (VM) images. These general principles are used in DECT
and carry over to SPCCT [73]. The weights are simply the attenuation coefficients of the
basis materials at the specified energy, and the resulting VM image appears as if it were
produced by a monoenergetic beam. Being monoenergetic, there should not be any beam
hardening. While this requires using spectral information to create the basis material images,
combining them in this way makes the VM image suitable largely for grayscale tasks, with
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the additional benefit of beam hardening correction. In addition, basis material images have
anti-correlated noise. When combining them with a weighted sum (as in VM images), the
noise tends to cancel out and be much lower to that in basis material images. Further, there is
an energy for which noise is the lowest or for which CNR is maximized [74].

SPCCT can also be robust against metal artifact. For metals without K-edges in the
diagnostic energy range such as aluminum, titanium, or steel, the benefit is a result of
reduced beam hardening. Other metals with K-edges such as platinum or gold can be
included as an additional basis material. The combination of spectral information and
statistical reconstruction was shown to substantially improve image quality around metal,
reducing streaks typical of metal artifact [75]. Another straightforward approach to reducing
beam hardening or metal artifact is to simply use the high energy bins since higher energies
are less susceptible to beam hardening and penetrate metal better [76], [77]. This said, if
the metal is so attenuating that few photons penetrate the object and reach the detector,

the SPCCT image will suffer from “photon starvation,” just like conventional images.

Even so, PCDs have the advantage of not adding electronic noise to the photon-starved
measurements, unlike EIDs.

D. Spatial Resolution

The direct conversion of x-ray photons to charge carriers in PCDs enables spatial separation
of detector pixels using the electric field inside the detector, without the need for septa
between pixels. This in turn enables higher intrinsic spatial resolution than EIDs. The
smaller pixels of PCDs are also in part out of necessity, to reduce count rates per pixel.

High spatial resolution images have been shown with prototype SPCCT systems, including a
high-resolution mode that leverages sub-pixels to achieve an effective pixel size of 0.25 mm
at isocenter. The 10% MTF, as measured by a wire phantom, corresponded to 17.7 Ip/cm

(or 280 um) resolution [78]. Another benefit of acquiring data at higher resolution is its
improved dose efficiency. This was shown by comparing the high-resolution detector mode
combined with a softer kernel with use of binned pixels. At the same in-plane resolution,
slice thickness, and dose, the high-resolution detector mode showed 19% less noise than

a standard mode with binned pixels [79]. This phenomenon was explained by Baek et al
[80], who showed that acquiring data with smaller pixels reduces image noise for image
reconstructions at a given resolution.

The improved spatial resolution can potentially benefit many clinical applications, including
temporal bone imaging, lung nodule volume quantification and shape differentiation [81]
and bronchial walls [82], coronary artery and stent imaging [83], and characterization of
renal stone morphology [84].

It should be noted that EIDs are also improving in spatial resolution [85]. A key challenge
to overcome in EIDs is the septa between individual detector pixels that prevent the spread
of light. The finite thickness of the septa reduces the geometric efficiency of the detector,
particularly as the pixel size decreases. Thinner septa can avoid this problem. Other methods
for increasing EID spatial resolution, such as a comb filter to decrease the effective detector
size, are not dose efficient compared to PCDs [86]. Regardless of the detector type, as
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detector resolution increases, other aspects of the CT system need to match the increased
resolution, otherwise they will limit the resolution. These include a smaller focal spot and
increased angular sampling [87].

To summarize, the potential benefits of an ideal PCD are shown in Table 1, assuming that
dose efficiency is proportional to the square of CNR and inversely proportional to the square
of noise.

I1l.  Accounting For Non-IpeaLiTiES

A. Spatial-Spectral Degradation

An ideal PCD would measure the exact energy of each photon incident on each pixel.
However, a number of physical effects degrade the spatial-spectral performance of

PCDs, including charge trapping, charge sharing, K-fluorescence, Compton scattering, and
electronic noise. Photons incident at pixel boundaries create charge clouds that can be
collected by two or more pixels, with the signal in each pixel corresponding to less than the
energy of the original photon. Secondary photons from Compton scattering and fluorescence
in the detector can be detected in neighboring pixels (Fig. 5), again causing multiple events
that share the total energy of the incident photon. K-fluorescence is more likely to occur

in higher-Z detectors such as cadmium telluride (CdTe), while Compton scattering is more
likely to occur in lower-Z detectors such as silicon (Si). Electronic noise can be thresholded
out (see Fig. 1), but still adds uncertainty to the photon energy and can lead to uncounted
event if the threshold exceeds the signal generated by the photon. These effects collectively
lead to: incorrect energy assignment; incorrect counts, including undercount (signal is no
longer above the lowest energy bin threshold) or overcount (multiple pixels have signal
above the lowest energy bin threshold); reduced spatial resolution (counts in neighboring
pixels); and spatial-spectral correlations between energy bins in different pixels.

Spatial-spectral degradation depends on many detector design considerations, but perhaps
none more than detector material and pixel size. As pixels become smaller, the likelihood
of charge sharing and cross talk from secondary photons increases. In particular, Xu et al
recommended that charge sharing effects should be taken into account for CdTe detectors
when the pixel is smaller than 1 mm? [88]. K-fluorescence in CdTe detectors can lead to a
large fraction of incident x-rays experiencing escaped photons (upwards of 20%, depending
on pixel size) [89]. On the other hand, Si detectors have a high fraction of Compton scatter,
which increases with increasing photon energy [90].

The impact on image quality can be substantial. K-edge contrast imaging is particularly
sensitive since the most unique signature is in a narrow band of energies around the K-edge.
Compared with an ideal detector, a realistic CdTe detector whose energy response contains
significant tailing, may have an SNR reduction by a factor of 2-3 for such spectral tasks
[91]. The penalty for grayscale imaging is less than in such spectral tasks since grayscale
imaging relies less on energy information.

These effects should be accounted for by characterizing the spectral response of a detector.
The energy response functions can be measured, for example with the monochromatic
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beam of a synchrotron [92] or with radionuclide sources [93]. Once characterized, they

can be included in the forward model to more accurately solve the inverse problem of
material decomposition. Conversely, spectral degradation can be compensated by empirical
calibration, for example with measurements of a multi-material step wedge phantom [51]. In
addition, anti-coincidence or charge summing logic in the detector electronics can be used
to recover spectral information and spatial resolution [94], [95], but at the expense of count
rate capability due to the increased processing time and increased pulse pileup due to the
possible inadvertent summing of the signals from different photons. Other concepts, such as
coincidence counters for charge sharing [96] and multi-energy inter-pixel variants [97], [98],
may be helpful in correcting and compensating for charge sharing.

B. Pulse Pileup

The charge generated by an x-ray photon is collected and shaped to form a pulse. The pulse
has a finite duration, and effectively triggers a dead time approximately the same duration as
the pulse. If another photon arrives during this dead time, pileup is said to occur. Due to the
overlap in signal, the second count may be lost. In addition, the recorded count may reflect a
partial sum of the photon energies, which alters the detected spectrum (Fig. 6).

Depending on the detector design, the behavior may be paralyzable or non-paralyzable.
Paralyzable detectors require a full dead time without pileup to reset the detector into

the active state. Non-paralyzable detectors reset into the active state at the end of a

dead time, regardless of whether another pulse occurred during the dead time. While real
detectors behave somewhere in between, these models are well-described and useful for
understanding the impact on the total counts. For example, a non-paralyzable detector
asymptotically approaches the maximum periodic count rate (equal to the inverse of the dead
time, 1/t) as the input count rate increases. By contrast, for paralyzable detectors, as the
input count rate increases the output rate reaches a maximum (when the input rate is equal

to 1/x) and then decreases asymptotically to zero [99]. With both, when the input rate is high
the measured counts are no longer Poisson distributed with equal mean and variance [100].
For non-paralyzable detectors, because the relationship between output and input count rates
is monotonic a correction for lost counts is possible. For paralyzable detectors this is only
possible for input rates below 1/<. The lost counts lead to worse imaging performance, even
after correction. As mentioned above, real detectors may not behave according to either
model. A recent paper describes a semi-nonparalyzable model that better captures realistic
pileup behavior [101]. In addition, high photon fluxes can cause saturation from polarization
effects that further degrades the detector energy response and limit its count rate, particularly
for CdTe/CZT detectors [20], [92], [102].

In addition to the errors in measured count rate, the detected spectrum under pileup can be
substantially distorted, shifted to higher energies and can include counts at photon energies
higher than those actually in the input spectrum. Although Monte Carlo simulation can
predict how pileup will affect the detected spectrum under different input spectra and count
rates, analytic methods are preferred for faster prediction of pileup spectra under different
imaging conditions [103], [104]. The detected spectra and count statistics can then be
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applied to imaging tasks to predict performance, such as how pileup increases the noise in
material decomposition estimates [105], [106].

Models of pileup distortions can also be used to correct for such distortions [107]. Ideally,
the model only requires a small number of measurements or parameters to estimate, and is
accurate enough to capture the spectral distortions of a real PCD [102]. With an accurate
pileup spectrum model, material decompositions can be accurately performed; otherwise,
errors in the model lead to biases in the material decomposition [108]. Non-spectral tasks,
such as VM imaging, are less sensitive to spectral distortion [109]. As mentioned above,
compared to an ideal detector, even with corrections one should expect higher noise levels
due to pileup.

Care must be taken to avoid pileup or other high-flux effects when imaging at clinical dose
levels [110]. The incident count rate per pixel can be reduced by decreasing the detector
pixel size. As a result, many detectors have small pixel size, which comes with the benefit
of increased spatial resolution, but at the expense of increased cross talk, as previously
discussed. These effects, taken together, suggest that at very high x-ray flux, pileup limits
image quality and smaller pixels are preferred. The detector can also be segmented in the
depth direction, further decreasing the input rate per counter [111][5]. At low flux or for
thick objects, cross talk becomes the limiting factor and larger pixels are preferred [109].
Detector count rates also depend on semiconductor properties (e.g., carrier mobility), design
(e.g., detector thickness, depth segments), and pulse shaping time (e.g., shorter shaping

time decreases dead time but increases electronic noise). Increasingly, detectors have been
shown to support count rates in the range required by clinical CT systems (up to 100 Mcps/
mm?2, million counts per second per mm?2) [112]. The unattenuated beam can exceed 1000
Mcps/mm? [113], [114], although it is reduced by the patient and a bowtie filter. Other
proposed solutions include methods to reduce the peak incident count rate, e.g., dynamic
bowties that reduce flux where the scanned object is least attenuating [115], which improves
both dose efficiency and image quality. Other concepts for pulse-detection logic, such as
measuring the peak duration (width), may also provide useful information to overcome
pileup [116].

C. Use of Artificial Intelligence

Artificial intelligence (Al) is increasingly being investigated for countless applications,
including for PCD corrections. While such approaches generally require training data to fit
models such as neural networks, they can often avoid explicit models. The training data
could be in the form of empirical measurements of known objects and thicknesses (e.g., step
wedges of basis materials) that include non-idealities such as spectral or pileup distortions.
Then, neural networks can be trained to directly map binned counts corrupted by such
distortions to basis material images. Such approaches have been demonstrated for handling
spectral distortions [117] and pileup [118], [119]. In addition to neural networks, different
machine learning methods are being investigated [120], [121]. The extensive amount of
training data needed may pose a challenge to Al approaches, and methods such as transfer
learning can incorporate simulation data to reduce the amount of empirical data needed
[122].
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D. Patient Scatter

While scattered x-rays from the patient are a problem in all x-ray systems, they do add

some unique challenges to PCDs. Conventional CT scanners have substantially increased
longitudinal coverage, enabling increased coverage in axial mode and faster helical
scanning, but also leading to increased patient scatter [123]. Current SPCCT prototypes have
limited longitudinal coverage, enabling narrower collimation with reduced scatter. However,
as longitudinal coverage increases, so will scatter. The scatter signal distorts the measured
spectrum toward lower energies and adds undesired bias and noise into the binned counts,
which in turn affect imaging tasks such as material decomposition, as shown by Monte
Carlo studies [124], [125]. Even a relatively low scatter-to-primary ratio of 3.5% can have a
substantial impact on iodine quantification [126].

An anti-scatter grid can be effective at removing scatter, but it detracts from one of the main
advantages of PCDs. EIDs already have septa that separate pixel scintillators to avoid cross
talk, so a grid aligned with the septa has minimal, if any, effect on geometric efficiency and
quantum detection efficiency (QDE). However, in PCDs, septa are not typically included, so
overlaying a grid would reduce the geometric efficiency to the grid fill factor (Fig. 7). The
tradeoff between geometric efficiency and scatter was investigated in [127]. Without a grid,
scatter can reduce DQE by more than 50%, whereas a grid limits the DQE reduction to 19%,
with approximately half the reduction from geometric efficiency and the other half from
residual scatter. Aside from grid-based solutions, Sossin et a/. developed an approach to
estimate binned scatter counts using a partial attenuator in the beam [128], [129]. However,
even if the average scatter signal can be removed, noise from the scatter will remain. Likely,
some combination of hardware and software-based solutions is needed to physically reject
scatter and correct for residual scatter, respectively.

IV. PerrormAancE ASSESSMENT

A. Dose Efficiency

The question of dose efficiency is deeply intertwined with the discussion on grayscale

and spectral imaging performance. In general, measurement noise (standard deviation) is
inversely proportional to the square root of dose, so any reduction in noise can instead

be used for dose reduction. Conversely, increased noise may have to be overcome with
increased dose to maintain precision. Typically, dose efficiency is assessed by examining
measurement noise for fixed dose, enabling the fairest comparison. Here, we assume the
behavior is approximately linear and exclude noise reduction from non-linear denoising
algorithms, which can affect spatial resolution, noise texture, and/or introduce bias. For
grayscale imaging, dose efficiency is commensurate with increased CNR [29], [30], [110],
as discussed in Section Il. A and C.

Multi-material acquisition and decomposition from a single scan has the advantage of
simultaneous acquisition, which limits motion and registration issues. However, the potential
for dose reduction by using a single CT acquisition instead of multi-phase CT scans should
be carefully considered. A recent study showed conventional dual-phase imaging at different
time points following a single contrast injection (e.g., arterial, venous phases) is more dose
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efficient than a single scan with dual contrast agents. For the same total dose, simultaneous
imaging of dual contrast agents may result in increased noise; conversely, for equal noise,
the dose would need to be increased greatly [130]. In addition, dual contrast scans may
require larger amounts of contrast agents in total, raising toxicity concerns.

Another important consideration for dose efficiency is to ensure the source spectrum (tube
voltage, filtration) is optimized for the detector and imaging task, which can vary from
non-contrast imaging to quantification of iodine or gadolinium [131]. For example, lower
tube voltage for smaller objects (as low as 60 kVp for pediatric-sized phantoms) was
shown to increase the detectability index per unit dose by up to 30% for adipose imaging
and 70% for iodinated imaging, as compared to an EID [132]. Additionally, Shikhaliev
showed that adding a K-edge filter to the source improves dose efficiency since it creates a
pseudo bi-modal spectrum with greater energy separation between photons [133]. Perhaps
counterintuitively, even discarding photons from certain energies can help spectral tasks
[31].

For dual energy tasks, such as two-material decomposition or single contrast agent imaging,
DECT can have competitive performance as compared to SPCCT. Such comparisons should
allow for source spectrum optimization for both [134]. DECT performance largely depends
on the separation between the two measured spectra, so, for example, an optimized dual
source DECT with filtration can perform at the level of realistic PCDs [54]. Further
improvements can be achieved by combining dual spectra with PCDs, for example in a
hypothetical dual source SPCCT system, which would outperform both dual source DECT
and single source SPCCT [135].

At very low doses, where EIDs suffer from electronic noise, the relative performance of
PCDs is much higher. This is particularly evident in regions of photon starvation, such as the
shoulders. Yu et al showed that at the same low dose, PCD images had noticeably less streak
artifacts and less image degradation than EID images [136]. Conversely, at very high doses
(and flux rates), the relative performance of PCDs falls when pileup becomes significant

(Fig. 8).

B. CRLB

Noise is a critical part of assessing measurement quality, particularly when examining CNR,
dose efficiency, and material-specific imaging. Often, noise is understood in one domain
(e.g., binned counts), and needs to be used to predict the noise in another domain (e.g.,
basis material line integrals). The Cramér-Rao lower bound (CRLB) is a useful tool in that
regard since it propagates uncertainty from one domain to another. It gives the minimum
variance (or covariance matrix) for an unbiased estimator. The CRLB therefore provides
the performance of the best-case scenario for a maximally efficient unbiased estimator that
makes use of all energy information in the binned counts. Calculating the CRLB can be
useful for detector or system design, by understanding how design choices affect imaging
performance. This approach was used in the original dual energy paper by Alvarez and
Macovski [33] to analyze dual energy performance and has since been applied to assess
PCD performance [137].
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In the case of estimating basis material noise from binned counts, the CRLB requires
the probability distribution of the binned counts. Because the true distribution is often
intractable, a multivariate Gaussian approximation is assumed instead, using the first and
second-order statistics of the true distribution (mean and covariance matrix, respectively).

In addition, the sensitivity of the binned counts (mean /m, covariance ) to the material
thicknesses () needs to be known or determined empirically. Then, for material indices i/, j,
the Fisher information matrix is:

_fom\T __i(om) 1 (—1({0Z) 102

The covariance sensitivity can be difficult to compute and has been shown to be negligible
(constant covariance) when the number of photons is reasonably high [55]. The CRLB is
then the matrix inverse of the Fisher information: C (5 = F1 (2.

C. DQE

The detective quantum efficiency (DQE) is a more comprehensive metric of a detector’s
performance or overall imaging performance and can be used to compare PCDs and EIDs
[138]. DQE is a function of spatial frequency and can be defined as the ratio of output to
input SNR:

SNR3.(/)

. 2
SNRZ,(f) @

DQE(/f) =

Despite the relatively simple definition, evaluating it must consider the effects that degrade
SNR as a function of spatial frequency 7 The zero-frequency DQE is often easier to
evaluate, since this reflects large-area tasks (“large” compared with the length of spatial
correlations caused by the mechanisms that lead to cross-talk across pixels). For example,
it was shown that processes that lead to multiple counts in neighboring pixels inherently
reduce DQE(0) [139]. For the frequency-dependent DQE( f), cascaded systems analysis
helps create theoretical models of DQE by identifying and analyzing individual physical
processes that lead to signal creation [140]. The approach can include cross talk from
characteristic/scatter photons, stochastic conversion of x-ray photons to secondary quanta,
depth-dependent charge collection, and electronic noise [141]. Such models have been
compared to measurements and showed good agreement in MTF and DQE [142].

Realistic models should further include spatial-spectral effects between neighboring detector
pixels and energy bins (Fig. 9). This cross talk leads to correlations that can be captured

by their signal statistics. Monte Carlo simulations of these effects can reveal the impact

on DQE as a function of pixel size, photon energy, and detection threshold [143]. While
Monte Carlo is the gold standard, computationally efficient methods have been developed

as well [144]. A photon counting toolkit (PcTK) that models spatial-spectral cross-talk

and correlation between PCD pixels has been developed and made available to academic
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researchers. It includes models for detection efficiency, charge sharing, K-fluorescence, and
electronic noise [145]. The toolkit was used, for example, to examine the effect of sub-pixel
binning and masking, e.g., due to an anti-scatter grid [146].

To understand the impact on spectral tasks such as material decomposition, the PCD
statistics, including spatial-spectral correlations, need to be propagated through to the task.
Using the CRLB, Rajbhandary et al found that such effects can increase basis material noise
by 35% and virtual monoenergetic noise by 10% when using smaller CdTe pixels (4x4
binning of 0.25x0.25 mm? sub-pixels instead of a single 1 mm? pixel) [147]. As previously
discussed, this disadvantage of smaller pixels can be mitigated through charge sharing
compensation, and smaller pixels do have advantages in avoiding pileup. Rahbhandary et
al then extended the model to calculate DQE( f), by including a small-signal sinusoidal
imaging task and determining the CRLB with realistic detector correlations. It was shown
that these correlations degrade DQE( 7) beyond what is lost by the imperfect response in
each detector pixel [148].

Recently, a comprehensive framework for DQE( £) analysis for spectral (basis material)
and grayscale (virtual monoenergetic) imaging was developed, taking into account the full
spatial-frequency dependence of the available energy information [149]. The framework was
used to compare two realistic PCDs made of different materials: CdTe and Si. CdTe has
higher stopping power and little Compton scattering, while Si offers higher carrier mobility
(count rate), low electronic noise, negligible K-fluorescence escape, wide availability,

and potentially low cost [90]. Monte Carlo simulation was used to determine the extent

of spatial-spectral correlations, and the detector DQE was propagated to detection and
quantification imaging tasks. The two detectors were found to have different advantages,
with CdTe having better water/iodine detection, and Si having better material quantification
performance [150].

So far, all such models of spatial-spectral correlations have been in the low-count regime, to
avoid needing to include the effects of pileup. A comprehensive DQE model is still needed
to combine spatial-spectral effects with pileup. Such comprehensive models will provide a
complete picture of PCD performance and could facilitate optimization of SPCCT systems.

D. Task-Based Performance

While DQE describes detector or system-level performance, it can be helpful to incorporate
the imaging task into a performance metric such as detectability index. Depending on

the spatial frequency dependence of detector performance and imaging task, it is possible
to derive optimal frequency-dependent bin weights, which can improve the detectability
index by 10% as compared to conventional bin weights that are constant across all

spatial frequencies [151], [152]. Performance also depends on the observer, and has

been investigated with ideal [153], Hotelling [154], channelized Hotelling [155], and
human observers [156]. A complete assessment of the impact of PCDs may ultimately

be determined by incorporating the detector performance, task, and observer model into a
comprehensive performance metric.
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V. Summary

In summary, PCDs offer vast potential, including unique spectral information, higher dose
efficiency, and higher spatial resolution. Competing EID technologies have over 40 years of
engineering refinement, while PCDs are still a rapidly evolving technology. Key technical
problems still need to be solved, including count rate, spectral distortion, reproducibility, and
cost. Selection of the detector material may be key, with CdTe and Si having different pros
and cons. Scatter mitigation needs to be optimized, otherwise some of the intrinsic gains of
PCDs will be lost. The potential for spectral tasks is greater than grayscale tasks, but spectral
tasks tend to be more sensitive to non-idealities than grayscale tasks. The impact of such
non-idealities on image quality needs to be considered carefully and thoroughly. With the
right properties, PCDs can revolutionize medical x-ray imaging in general and CT imaging
in particular.

Acknowledgments

REerFerences

A. S. Wang receives research funding from GE Healthcare, Siemens Healthineers, and NIH U01 EB023822. N. J.
Pelc receives research funding from NIH U01 EB017140 and GE Healthcare and is an advisor to Prismatic Sensors.

[1]. McCollough CH, Bushberg JT, Fletcher JG, and Eckel LJ, “Answers to Common Questions About
the Use and Safety of CT Scans,” Mayo Clinic Proceedings, vol. 90, no. 10, pp. 1380-1392, Oct.
2015. [PubMed: 26434964]

[2]. Schlomka JP et al. , “Experimental feasibility of multi-energy photon-counting K-edge imaging
in pre-clinical computed tomography,” Physics in Medicine and Biology, vol. 53, no. 15, pp.
4031-4047, Aug. 2008. [PubMed: 18612175]

[3]. Shikhaliev PM, “Energy-resolved computed tomography: First experimental results,” Physics in
Medicine and Biology, vol. 53, no. 20, pp. 5595-5613, Oct. 2008. [PubMed: 18799830]

[4]. Fredenberg E, Hemmendorff M, Cederstrom B, Aslund M, and Danielsson M, “Contrast-enhanced
spectral mammaography with a photon-counting detector,” Medical Physics, vol. 37, no. 5, pp.
2017-2029, Apr. 2010. [PubMed: 20527535]

[5]. Xu C, Danielsson M, Karlsson S, Svensson C, and Bornefalk H, “Preliminary evaluation of a
silicon strip detector for photon-counting spectral CT,” Nuclear Instruments and Methods in
Physics Research, Section A : Accelerators, Spectrometers, Detectors and Associated Equipment,
vol. 677, pp. 45-51, Jun. 2012.

[6]. Shikhaliev PM and Fritz SG, “Photon counting spectral CT versus conventional CT: Comparative
evaluation for breast imaging application,” Physics in Medicine and Biology, vol. 56, no. 7, pp.
1905-1930, Apr. 2011. [PubMed: 21364268]

[7]. Taguchi K and Iwanczyk JS, “Vision 20/20: Single photon counting x-ray detectors in medical
imaging,” Medical Physics, vol. 40, no. 10, p. 100901, Sep. 2013. [PubMed: 24089889]

[8]. lwanczyk JS et al. , “Photon Counting Energy Dispersive Detector Arrays for X-ray Imaging,”
IEEE Transactions on Nuclear Science, vol. 56, no. 3, pp. 535-542, Jun. 2009. [PubMed:
19920884]

[9]. Yu Z et al. , “Evaluation of conventional imaging performance in a research whole-body CT
system with a photon-counting detector array,” Physics in Medicine and Biology, vol. 61, no. 4,
pp. 1572-1595, Feb. 2016. [PubMed: 26835839]

[10]. Si-Mohamed S et al. , “Review of an initial experience with an experimental spectral photon-
counting computed tomography system,” Nuclear Instruments and Methods in Physics Research,
Section A : Accelerators, Spectrometers, Detectors and Associated Equipment, vol. 873, pp. 27—
35, Nov. 2017.

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc Page 15

[11]. Pourmorteza A et al. , “Abdominal Imaging with Contrast-enhanced Photon-counting CT: First
Human Experience,” Radiology, vol. 279, no. 1, pp. 239-245, Apr. 2016. [PubMed: 26840654]

[12]. Symons R et al. , “Feasibility of Dose-reduced Chest CT with Photon-counting Detectors: Initial
Results in Humans,” Radiology, vol. 285, no. 3, pp. 980-989, Dec. 2017. [PubMed: 28753389]

[13]. Symons R et al. , “Photon-Counting Computed Tomography for Vascular Imaging of the
Head and Neck,” Investigative Radiology, vol. 53, no. 3, pp. 135-142, Mar. 2018. [PubMed:
28926370]

[14]. Kalender WA et al. , “Technical feasibility proof for high-resolution low-dose photon-counting
CT of the breast,” European Radiology, vol. 27, no. 3, pp. 1081-1086, Mar. 2017. [PubMed:
27306559]

[15]. RoRler A-C et al. , “Performance of Photon-Counting Breast Computed Tomography, Digital
Mammography, and Digital Breast Tomosynthesis in Evaluating Breast Specimens,” Academic
Radiology, vol. 24, no. 2, pp. 184-190, Feb. 2017. [PubMed: 27888024]

[16]. Taguchi K, “Energy-sensitive photon counting detector-based X-ray computed tomography,”
Radiological Physics and Technology, vol. 10, no. 1, pp. 8-22, Mar. 2017. [PubMed: 28138947]

[17]. Fredenberg E, “Spectral and dual-energy X-ray imaging for medical applications,” Nuclear
Instruments and Methods in Physics Research Section A : Accelerators, Spectrometers, Detectors
and Associated Equipment, vol. 878, pp. 74-87, Jan. 2018.

[18]. Willemink MJ, Persson M, Pourmorteza A, Pelc NJ, and Fleischmann D, “Photon-counting CT:
Technical Principles and Clinical Prospects,” Radiology, vol. 289, no. 2, pp. 293-312, Nov. 2018.
[PubMed: 30179101]

[19]. Leng S et al. , “Photon-counting Detector CT: System Design and Clinical Applications of
an Emerging Technology,” RadioGraphics, vol. 39, no. 3, pp. 729-743, May 2019. [PubMed:
31059394]

[20]. Ballabriga R et al. , “Review of hybrid pixel detector readout ASICs for spectroscopic X-ray
imaging,” Journal of Instrumentation, vol. 11, no. 01, pp. P01007-P01007, Jan. 2016.

[21]. Schirra CO, Brendel B, Anastasio MA, and Roessl E, “Spectral CT: a technology primer for
contrast agent development,” Contrast Media & Molecular Imaging, vol. 9, no. 1, pp. 62-70, Jan.
2014. [PubMed: 24470295]

[22]. Yeh BM et al. , “Opportunities for new CT contrast agents to maximize the diagnostic potential
of emerging spectral CT technologies,” Advanced Drug Delivery Reviews, vol. 113, pp. 201-
222, Apr. 2017. [PubMed: 27620496]

[23]. Ballabriga R et al. , “Photon Counting Detectors for X-ray Imaging with Emphasis on CT,” IEEE
Transactions on Radiation and Plasma Medical Sciences, pp. 1-1, 2020.

[24]. “PC review - clinical applications,” IEEE Transactions on Radiation and Plasma Medical
Sciences, 2020.

[25]. Tapiovaara MJ and Wagner R, “SNR and DQE analysis of broad spectrum X-ray imaging,”
Physics in Medicine and Biology, vol. 30, no. 6, pp. 519-529, Jun. 1985.

[26]. Cahn RN, Cederstrdm B, Danielsson M, Hall A, Lundqgvist M, and Nygren D, “Detective
quantum efficiency dependence on x-ray energy weighting in mammography,” Medical Physics,
vol. 26, no. 12, pp. 2680-2683, Dec. 1999. [PubMed: 10619253]

[27]. Giersch J, Niederl6hner D, and Anton G, “The influence of energy weighting on X-ray imaging
quality,” in Nuclear Instruments and Methods in Physics Research, Section A : Accelerators,
Spectrometers, Detectors and Associated Equipment, 2004, vol. 531, no. 1-2, pp. 68-74.

[28]. Shikhaliev PM, “Beam hardening artefacts in computed tomography with photon counting,
charge integrating and energy weighting detectors: a simulation study,” Physics in Medicine and
Biology, vol. 50, no. 24, pp. 5813-5827, Dec. 2005. [PubMed: 16333157]

[29]. Schmidt TG, “Optimal ‘image-based’ weighting for energy-resolved CT,” Medical Physics, vol.
36, no. 7, pp. 3018-3027, Jun. 2009. [PubMed: 19673201]

[30]. Schmidt TG, “CT energy weighting in the presence of scatter and limited energy resolution,”
Medical Physics, vol. 37, no. 3, pp. 1056-1067, Feb. 2010. [PubMed: 20384241]

[31]. Wang AS and Pelc NJ, “Sufficient statistics as a generalization of binning in spectral X-ray
imaging,” IEEE Transactions on Medical Imaging, vol. 30, no. 1, pp. 84-93, 2011. [PubMed:
20682470]

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc

Page 16

[32]. McCollough CH, Leng S, Yu L, and Fletcher JG, “Dual- and Multi-Energy CT: Principles,
Technical Approaches, and Clinical Applications,” Radiology, vol. 276, no. 3, pp. 637-653, Sep.
2015. [PubMed: 26302388]

[33]. Alvarez RE and Macovski A, “Energy-selective reconstructions in X-ray computerised
tomography,” Physics in Medicine and Biology, vol. 21, no. 5, p. 002, Sep. 1976.

[34]. Lehmann LA et al. , “Generalized image combinations in dual KVP digital radiography,”
Medical Physics, vol. 8, no. 5, pp. 659-667, Sep. 1981. [PubMed: 7290019]

[35]. Aamir R et al. , “MARS spectral molecular imaging of lamb tissue: data collection and image
analysis,” Journal of Instrumentation, vol. 9, no. 02, pp. P02005-P02005, Feb. 2014.

[36]. Ronaldson JP et al. , “Toward quantifying the composition of soft tissues by spectral CT with
Medipix3,” Medical Physics, vol. 39, no. 11, pp. 6847-6857, Oct. 2012. [PubMed: 23127077]

[37]. Shikhaliev PM, “Soft tissue imaging with photon counting spectroscopic CT,” Physics in
Medicine and Biology, vol. 60, no. 6, pp. 2453-2474, Mar. 2015. [PubMed: 25739788]

[38]. Rajendran K et al. , “Quantitative imaging of excised osteoarthritic cartilage using spectral CT,”
European Radiology, vol. 27, no. 1, pp. 384-392, Jan. 2017. [PubMed: 27165137]

[39]. Yuan Y, Zhang Y, and Yu H, “Optimization of Energy Combination for Gold-Based Contrast
Agents Below K-Edges in Dual-Energy Micro-CT,” IEEE Transactions on Radiation and Plasma
Medical Sciences, vol. 2, no. 3, pp. 187-193, May 2018. [PubMed: 30417162]

[40]. Tao S, McCollough CH, Rajendran K, Leng S, and Benike A, “Quantitative cartilage imaging
using spectral photon-counting detector based computed tomography,” in SPIE Medical Imaging
2019: Bio-medical Applications in Molecular, Structural, and Functional Imaging, 2019, vol.
10953, p. 44.

[41]. Cormode DP et al. , “Atherosclerotic Plaque Composition: Analysis with Multicolor CT and
Targeted Gold Nanoparticles,” Radiology, vol. 256, no. 3, pp. 774-782, Sep. 2010. [PubMed:
20668118]

[42]. Cormode DP et al. , “Multicolor spectral photon-counting computed tomography: In vivo dual
contrast imaging with a high count rate scanner,” Scientific Reports, vol. 7, no. 1, Dec. 2017.

[43]. Si-Mohamed S et al. , “Spectral Photon-Counting Computed Tomography (SPCCT): in-vivo
single-acquisition multi-phase liver imaging with a dual contrast agent protocol,” Scientific
Reports, vol. 9, no. 1, p. 8458, Dec. 2019. [PubMed: 31186467]

[44]. Symons R et al. , “Dual-contrast agent photon-counting computed tomography of the heart:
initial experience,” International Journal of Cardiovascular Imaging, vol. 33, no. 8, pp. 1253—
1261, Aug. 2017.

[45]. Symons R et al. , “Photon-counting CT for simultaneous imaging of multiple contrast agents in
the abdomen: An in vivo study,” Medical Physics, vol. 44, no. 10, pp. 5120-5127, Oct. 2017.
[PubMed: 28444761]

[46]. Muenzel D et al. , “Spectral Photon-counting CT: Initial Experience with Dual-Contrast
Agent K-Edge Colonography,” Radiology, vol. 283, no. 3, pp. 723-728, Jun. 2017. [PubMed:
27918709]

[47]. Tao S, Rajendran K, McCollough CH, and Leng S, “Multi-contrast imaging on dual-source
photon-counting-detector (PCD) CT,” in SPIE Medical Imaging 2019: Physics of Medical
Imaging, 2019, vol. 10948, p. 167.

[48]. Yu L, Liu X, and McCollough CH, “Pre-reconstruction three-material decomposition in dual-
energy CT,” in Medical Imaging 2009: Physics of Medical Imaging, 2009, vol. 7258, p. 72583V.

[49]. Liu X, Yu L, Primak AN, and McCollough CH, “Quantitative imaging of element composition
and mass fraction using dual-energy CT: Three-material decomposition,” Medical Physics, vol.
36, no. 5, pp. 1602-1609, Apr. 2009. [PubMed: 19544776]

[50]. Mendonca PRS, Lamb P, and Sahani DV, “A flexible method for multi-material decomposition of
dual-energy CT images,” IEEE Transactions on Medical Imaging, vol. 33, no. 1, pp. 99-116, Jan.
2014. [PubMed: 24058018]

[51]. Alvarez RE, “Estimator for photon counting energy selective x-ray imaging with multibin
pulse height analysis,” Medical Physics, vol. 38, no. 5, pp. 2324-2334, Apr. 2011. [PubMed:
21776766]

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc

[52].

[53].

[54].

[55].

[56].

[57].

[58].

[59].

[60].

[61].

[62].

[63].

[64].

[65].

[66].

[67].

[68].

[69].

Page 17

Zimmerman KC and Schmidt TG, “Experimental comparison of empirical material
decomposition methods for spectral CT,” Physics in Medicine and Biology, vol. 60, no. 8, pp.
3175-3191, Apr. 2015. [PubMed: 25813054]

Wu D, Zhang L, Zhu X, Xu X, and Wang S, “A weighted polynomial based material
decomposition method for spectral x-ray CT imaging,” Physics in Medicine and Biology, vol. 61,
no. 10, pp. 3749-3783, May 2016. [PubMed: 27082291]

Faby S et al. , “Performance of today’s dual energy CT and future multi energy CT in virtual
non-contrast imaging and in iodine quantification: A simulation study,” Medical Physics, vol. 42,
no. 7, pp. 4349-4366, Jun. 2015. [PubMed: 26133632]

Alvarez RE, “Dimensionality and noise in energy selective x-ray imaging,” Medical Physics, vol.
40, no. 11, pp. 1-13, 2013.

Muenzel D et al. , “Simultaneous dual-contrast multi-phase liver imaging using spectral photon-
counting computed tomography: a proof-of-concept study,” European Radiology Experimental,
vol. 1, no. 1, Dec. 2017.

Mechlem K et al. , “Spectral Angiography Material Decomposition Using an Empirical Forward
Model and a Dictionary-Based Regularization,” IEEE Transactions on Medical Imaging, vol. 37,
no. 10, pp. 2298-2309, Oct. 2018. [PubMed: 29993572]

Ducros N, Abascal JFP-J, Sixou B, Rit S, and Peyrin F, “Regularization of nonlinear
decomposition of spectral x-ray projection images,” Medical Physics, vol. 44, no. 9, pp. e174—
€187, Sep. 2017. [PubMed: 28901616]

Li Z, Leng S, Yu L, Manduca A, and McCollough CH, “An effective noise reduction method for
multi-energy CT images that exploit spatio-spectral features,” Medical Physics, vol. 44, no. 5, pp.
1610-1623, May 2017. [PubMed: 28236645]

Clark DP and Badea CT, “Spectral diffusion: an algorithm for robust material decomposition of
spectral CT data,” Physics in Medicine and Biology, vol. 59, no. 21, pp. 6445-6466, Oct. 2014.
[PubMed: 25296173]

Niu T, Dong X, Petrongolo M, and Zhu L, “Iterative image-domain decomposition for dual-
energy CT,” Medical Physics, vol. 41, no. 4, p. 041901, Mar. 2014. [PubMed: 24694132]

Wu W, Chen P, Wang S, Vardhanabhuti V, Liu F, and Yu H, “Image-domain Material
Decomposition for Spectral CT using a Generalized Dictionary Learning,” IEEE Transactions
on Radiation and Plasma Medical Sciences, vol. 7311, no. ¢, pp. 1-1, 2020.

Leng S, Yu L, Wang J, Fletcher JG, Mistretta CA, and McCollough CH, “Noise reduction in
spectral CT: Reducing dose and breaking the trade-off between image noise and energy bin
selection,” Medical Physics, vol. 38, no. 9, pp. 4946-4957, Aug. 2011. [PubMed: 21978039]

Yu Z, Leng S, Li Z, and McCollough CH, “Spectral prior image constrained compressed sensing
(spectral PICCS) for photon-counting computed tomography,” Physics in Medicine and Biology,
vol. 61, no. 18, pp. 6707-6732, Aug. 2016. [PubMed: 27551878]

Tao S, Rajendran K, McCollough CH, and Leng S, “Material decomposition with prior
knowledge aware iterative denoising (MD-PKAID),” Physics in Medicine & Biology, vol. 63,
no. 19, p. 195003, Sep. 2018. [PubMed: 30136655]

Tao S, Rajendran K, Zhou W, Fletcher JG, McCollough CH, and Leng S, “Improving iodine
contrast to noise ratio using virtual monoenergetic imaging and prior-knowledge-aware iterative
denoising (mono-PKAID),” Physics in Medicine & Biology, vol. 64, no. 10, p. 105014, May
2019. [PubMed: 30970337]

Ren L, Tao S, Rajendran K, McCollough CH, and Yu L, “Impact of prior information on material
decomposition in dual- and multienergy computed tomography,” Journal of Medical Imaging,
vol. 6, no. 01, p. 1, Mar. 2019.

Long Y and Fessler JA, “Multi-Material Decomposition Using Statistical Image Reconstruction
for Spectral CT,” IEEE Transactions on Medical Imaging, vol. 33, no. 8, pp. 1614-1626, Aug.
2014. [PubMed: 24801550]

Foygel Barber R, Sidky EY, Gilat Schmidt T, and Pan X, “An algorithm for constrained one-step
inversion of spectral CT data,” Physics in Medicine and Biology, vol. 61, no. 10, pp. 3784-3818,
May 2016. [PubMed: 27082489]

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc Page 18

[70]. Liu J, Ding H, Molloi S, Zhang X, and Gao H, “TICMR: Total Image Constrained Material
Reconstruction via Nonlocal Total Variation Regularization for Spectral CT,” IEEE Transactions
on Medical Imaging, vol. 35, no. 12, pp. 2578-2586, Dec. 2016. [PubMed: 27392346]

[71]. Zhang Y, Xi Y, Yang Q, Cong W, Zhou J, and Wang G, “Spectral CT Reconstruction With Image
Sparsity and Spectral Mean,” IEEE Transactions on Computational Imaging, vol. 2, no. 4, pp.
510-523, Dec. 2016. [PubMed: 29034267]

[72]. Weidinger T, Buzug TM, Flohr T, Kappler S, and Stierstorfer K, “Polychromatic Iterative
Statistical Material Image Reconstruction for Photon-Counting Computed Tomography,”
International Journal of Bio-medical Imaging, vol. 2016, pp. 1-15, 2016.

[73]. Yu L, Leng S, and McCollough CH, “Dual-Energy CT-Based Monochromatic Imaging,”
American Journal of Roentgenology, vol. 199, no. 5_supplement, pp. S9-S15, Nov. 2012.
[PubMed: 23097173]

[74]. Bornefalk H, “Synthetic Hounsfield units from spectral CT data,” Physics in Medicine and
Biology, vol. 57, no. 7, pp. N83-N87, Apr. 2012. [PubMed: 22433422]

[75]. Nasirudin RA et al. , “Reduction of Metal Artifact in Single Photon-Counting Computed
Tomography by Spectral-Driven lterative Reconstruction Technique,” PLOS ONE, vol. 10, no. 5,
p. e0124831, May 2015. [PubMed: 25955019]

[76]. Rajendran K et al. , “Reducing beam hardening effects and metal artefacts in spectral CT using
Medipix3RX,” Journal of Instrumentation, vol. 9, no. 3, 2014.

[77]. Zhou W et al. , “Reduction of Metal Artifacts and Improvement in Dose Efficiency Using
Photon-Counting Detector Computed Tomography and Tin Filtration,” Investigative Radiology,
vol. 54, no. 4, pp. 204-211, Apr. 2019. [PubMed: 30562270]

[78]. Leng S et al. , “150-um Spatial Resolution Using Photon-Counting Detector Computed
Tomography Technology,” Investigative Radiology, vol. 53, no. 11, pp. 655-662, Nov. 2018.
[PubMed: 29847412]

[79]. Pourmorteza A, Symons R, Henning A, Ulzheimer S, and Bluemke DA, “Dose Efficiency of
Quarter-Millimeter Photon-Counting Computed Tomography,” Investigative Radiology, vol. 53,
no. 6, pp. 365-372, Jun. 2018. [PubMed: 29595753]

[80]. Baek J, Pineda AR, and Pelc NJ, “To bin or not to bin? The effect of CT system limiting
resolution on noise and detectability,” Physics in Medicine and Biology, vol. 58, no. 5, pp. 1433—
1446, Mar. 2013. [PubMed: 23399724]

[81]. Zhou W et al. , “Lung nodule volume quantification and shape differentiation with an ultra-high
resolution technique on a photon-counting detector computed tomography system,” Journal of
Medical Imaging, vol. 4, no. 04, p. 1, Nov. 2017.

[82]. Bartlett DJ et al. , “High-Resolution Chest Computed Tomography Imaging of the Lungs,”
Investigative Radiology, vol. 54, no. 3, pp. 129-137, Mar. 2019. [PubMed: 30461437]

[83]. Symons R et al. , “Quarter-millimeter spectral coronary stent imaging with photon-counting
CT: Initial experience,” Journal of Cardiovascular Computed Tomography, vol. 12, no. 6, pp.
509-515, Nov. 2018. [PubMed: 30509378]

[84]. Ferrero A et al. , “Renal stone characterization using high resolution imaging mode on a photon
counting detector CT system,” in SPIE Medical Imaging 2017: Physics of Medical Imaging,
2017, vol. 10132, no. March 2017, p. 101323J.

[85]. Yanagawa M et al. , “Subjective and objective comparisons of image quality between ultra-high-
resolution CT and conventional area detector CT in phantoms and cadaveric human lungs,”
European Radiology, vol. 28, no. 12, pp. 5060-5068, Dec. 2018. [PubMed: 29845337]

[86]. Leng S et al. , “Dose-efficient ultrahigh-resolution scan mode using a photon counting detector
computed tomography system,” Journal of Medical Imaging, vol. 3, no. 4, p. 043504, Dec. 2016.
[PubMed: 28042589]

[87]. Honda O et al. , “Influence of gantry rotation time and scan mode on image quality in ultra-high-
resolution CT system,” European Journal of Radiology, vol. 103, no. January, pp. 71-75, Jun.
2018. [PubMed: 29803389]

[88]. Xu C, Danielsson M, and Bornefalk H, “Evaluation of Energy Loss and Charge Sharing in
Cadmium Telluride Detectors for Photon-Counting Computed Tomography,” IEEE Transactions
on Nuclear Science, vol. 58, no. 3, pp. 614-625, Jun. 2011.

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc Page 19

[89]. Shikhaliev PM, Fritz SG, and Chapman JW, “Photon counting multienergy x-ray imaging: Effect
of the characteristic x rays on detector performance,” Medical Physics, vol. 36, no. 11, pp. 5107-
5119, Oct. 2009. [PubMed: 19994521]

[90]. Persson M et al. , “Energy-resolved CT imaging with a photon-counting silicon-strip detector,”
Physics in Medicine and Biology, vol. 59, no. 22, pp. 6709-6727, 2014. [PubMed: 25327497]

[91]. Roessl E, Brendel B, Engel K-J, Schlomka J-P, Thran A, and Proksa R, “Sensitivity of Photon-
Counting Based K-Edge Imaging in X-ray Computed Tomography,” IEEE Transactions on
Medical Imaging, vol. 30, no. 9, pp. 1678-1690, Sep. 2011. [PubMed: 21507770]

[92]. Xu C et al. , “Energy resolution of a segmented silicon strip detector for photon-counting
spectral CT,” Nuclear Instruments and Methods in Physics Research, Section A : Accelerators,
Spectrometers, Detectors and Associated Equipment, vol. 715, pp. 11-17, 2013.

[93]. Barber WC, Wessel JC, Nygard E, and Iwanczyk JS, “Energy dispersive CdTe and CdZnTe
detectors for spectral clinical CT and NDT applications,” Nuclear Instruments and Methods in
Physics Research, Section A : Accelerators, Spectrometers, Detectors and Associated Equipment,
vol. 784, pp. 531-537, 2015.

[94]. Gimenez EN et al. , “Study of charge-sharing in MEDIP1X3 using a micro-focused synchrotron
beam,” Journal of Instrumentation, vol. 6, no. 01, pp. C01031-C01031, Jan. 2011.

[95]. Ullberg C, Urech M, Weber N, Engman A, Redz A, and Henckel F, “Measurements of a
dual-energy fast photon counting CdTe detector with integrated charge sharing correction,” in
SPIE Medical Imaging 2013: Physics of Medical Imaging, 2013, vol. 8668, no. March 2013, p.
86680P.

[96]. Hsieh SS, “Coincidence Counters for Charge Sharing Compensation in Spectroscopic Photon
Counting Detectors,” IEEE Transactions on Medical Imaging, vol. 39, no. 3, pp. 678-687, Mar.
2020. [PubMed: 31398114]

[97]. Taguchi K, “Multi-energy inter-pixel coincidence counters for charge sharing correction and
compensation in photon counting detectors,” Medical Physics, vol. 47, no. 5, pp. 2085-2098,
May 2020. [PubMed: 31984498]

[98]. Taguchi K, “Assessment of Multi-Energy Inter-Pixel Coincidence Counters (MEICC) for Charge
Sharing Correction or Compensation for Photon Counting Detectors with Boxcar Signals,” IEEE
Transactions on Radiation and Plasma Medical Sciences, vol. 47, no. 5, pp. 1-1, 2020.

[99]. Knoll G, Radiation Detection and Measurement, 4th ed. Wiley, 2010.

[100]. Yu DF and Fessler JA, “Mean and variance of single photon counting with deadtime,” Physics
in Medicine and Biology, vol. 45, no. 7, pp. 2043-2056, 2000. [PubMed: 10943937]

[101]. Grénberg F, Danielsson M, and Sjélin M, “Count statistics of nonparalyzable photon-counting
detectors with nonzero pulse length,” Medical Physics, vol. 45, no. 8, pp. 3800-3811, Aug. 2018.

[102]. Cammin J, Xu J, Barber WC, lwanczyk JS, Hartsough NE, and Taguchi K, “A cascaded
model of spectral distortions due to spectral response effects and pulse pileup effects in a
photon-counting x-ray detector for CT,” Medical Physics, vol. 41, no. 4, p. 041905, Mar. 2014.
[PubMed: 24694136]

[103]. Taguchi K, Frey EC, Wang X, lwanczyk JS, and Barber WC, “An analytical model of the
effects of pulse pileup on the energy spectrum recorded by energy resolved photon counting
x-ray detectors,” Medical Physics, vol. 37, no. 8, pp. 3957-3969, Jul. 2010. [PubMed: 20879558]

[104]. Taguchi K et al. , “Modeling the performance of a photon counting x-ray detector for CT:
Energy response and pulse pileup effects,” Medical Physics, vol. 38, no. 2, pp. 1089-1102, Feb.
2011. [PubMed: 21452746]

[105]. Wang AS, Harrison DD, Lobastov V, and Tkaczyk JE, “Pulse pileup statistics for energy
discriminating photon counting x-ray detectors,” Medical Physics, vol. 38, no. 7, pp. 4265-4275,
2011. [PubMed: 21859028]

[106]. Alvarez RE, “Signal to noise ratio of energy selective x-ray photon counting systems with
pileup,” Medical Physics, vol. 41, no. 11, p. 111909, Oct. 2014. [PubMed: 25370642]

[107]. Kappler S, Henning A, Kreisler B, Schoeck F, Stierstorfer K, and Flohr T, “Photon counting CT
at elevated X-ray tube currents: contrast stability, image noise and multi-energy performance,” in
SPIE Medical Imaging 2014: Physics of Medical Imaging, 2014, vol. 9033, no. March 2014, p.
90331C.

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc

Page 20

[108]. Cammin J, Kappler S, Weidinger T, and Taguchi K, “Evaluation of models of spectral
distortions in photon-counting detectors for computed tomography,” Journal of Medical Imaging,
vol. 3, no. 2, p. 023503, May 2016. [PubMed: 27213165]

[109]. Hsieh SS, Rajbhandary PL, and Pelc NJ, “Spectral resolution and high-flux capability tradeoffs
in CdTe detectors for clinical CT,” Medical Physics, vol. 45, no. 4, pp. 1433-1443, Apr. 2018.
[PubMed: 29418004]

[110]. Gutjahr R et al. , “Human Imaging With Photon Counting—Based Computed Tomography at
Clinical Dose Levels,” Investigative Radiology, vol. 51, no. 7, pp. 421-429, Jul. 2016. [PubMed:
26818529]

[111]. Herrmann C, Engel K-J, and Wiegert J, “Performance simulation of an x-ray detector for
spectral CT with combined Si and Cd[Zn]Te detection layers,” Physics in Medicine and Biology,
vol. 55, no. 24, pp. 7697-7713, Dec. 2010. [PubMed: 21113093]

[112]. Liu X, Gronberg F, Sj6lin M, Karlsson S, and Danielsson M, “Count rate performance of
a silicon-strip detector for photon-counting spectral CT,” Nuclear Instruments and Methods in
Physics Research, Section A : Accelerators, Spectrometers, Detectors and Associated Equipment,
vol. 827, pp. 102-106, Aug. 2016.

[113]. Roessl E, Schlomka J-P, and Proksa R, “Edge-on semiconductor x-ray detectors - towards high-
rate counting computed tomography,” in 2008 IEEE Nuclear Science Symposium Conference
Record, 2008, pp. 1748-1751.

[114]. Taguchi K, Srivastava S, Kudo H, and Barber WC, “Enabling photon counting clinical X-ray
CT,” in 2009 IEEE Nuclear Science Symposium Conference Record (NSS/MIC), 2009, pp.
3581-3585.

[115]. Hsieh SS and Pelc NJ, “A Dynamic Attenuator Improves Spectral Imaging With Energy-
Discriminating, Photon Counting Detectors,” IEEE Transactions on Medical Imaging, vol. 34,
no. 3, pp. 729-739, Mar. 2015. [PubMed: 25265628]

[116]. Hsieh SS and Pelc NJ, “Improving pulse detection in multibin photon-counting detectors,”
Journal of Medical Imaging, vol. 3, no. 2, p. 023505, Jun. 2016. [PubMed: 27284548]

[117]. Touch M, Clark DP, Barber W, and Badea CT, “A neural network-based method for spectral
distortion correction in photon counting x-ray CT,” Physics in Medicine and Biology, vol. 61, no.
16, pp. 6132-6153, Aug. 2016. [PubMed: 27469292]

[118]. Alvarez R, “Near optimal neural network estimator for spectral x-ray photon counting data with
pileup,” ArXiv 1702.01006, Feb. 2017.

[119]. Jenkins P and Gilat Schmidt T, “Experimental study of neural network material decomposition
to account for pulse-pileup effects in photon-counting spectral CT,” in SPIE Medical Imaging
2019: Physics of Medical Imaging, 2019, vol. 10948, p. 69.

[120]. Lu Y et al. , “Material Decomposition Using Ensemble Learning for Spectral X-ray Imaging,”
IEEE Transactions on Radiation and Plasma Medical Sciences, vol. 2, no. 3, pp. 194-204, May
2018.

[121]. Lu Y et al., “A learning-based material decomposition pipeline for multi-energy x-ray
imaging,” Medical Physics, vol. 46, no. 2, pp. 689-703, Feb. 2019. [PubMed: 30508253]

[122]. Zimmerman KC, Sharma G, Parchur AK, Joshi A, and Schmidt TG, “Experimental
investigation of neural network estimator and transfer learning techniques for K-edge spectral
CT imaging,” Medical Physics, vol. 47, no. 2, pp. 541-551, Feb. 2020. [PubMed: 31838745]

[123]. So A et al. , “Technical Note: Evaluation of a 160-mm/256-row CT scanner for whole-heart
quantitative myocardial perfusion imaging,” Medical Physics, vol. 43, no. 8, pp. 4821-4832,
2016. [PubMed: 27487900]

[124]. Engel KJ, Bdumer C, Wiegert J, and Zeitler G, “Spectral analysis of scattered radiation in CT,”
in SPIE Medical Imaging, 2008, no. March 2008, p. 69131R.

[125]. Wiegert J, Engel KJ, and Herrmann C, “Impact of scattered radiation on spectral CT,” in SPIE
Medical Imaging, 2009, no. March 2009, p. 72583X.

[126]. Erhard K, Sossin A, Thran A, Rokni M, Brendel B, and Daerr H, “Experimental evaluation
of the influence of scattered radiation on quantitative spectral CT imaging,” in SPIE Medical
Imaging 2018: Physics of Medical Imaging, 2018, vol. 10573, p. 46.

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc

Page 21

[127]. Persson M, Wang A, and Pelc NJ, “Detective quantum efficiency of photon-counting CdTe and
Si detectors for computed tomography: a simulation study,” Journal of Medical Imaging, Feb..

[128]. Sossin A, Rebuffel V, Tabary J, Létang JM, Freud N, and Verger L, “A novel scatter separation
method for multi-energy x-ray imaging,” Physics in Medicine and Biology, vol. 61, no. 12, pp.
4711-4728, Jun. 2016. [PubMed: 27249312]

[129]. Sossin A, Rebuffel V, Tabary J, Létang JM, Freud N, and Verger L, “Experimental validation of
a multi-energy x-ray adapted scatter separation method,” Physics in Medicine and Biology, vol.
61, no. 24, pp. 8625-8639, Dec. 2016. [PubMed: 27880736]

[130]. Ren L, Rajendran K, McCollough CH, and Yu L, “Radiation dose efficiency of multi-energy
photon-counting-detector CT for dual-contrast imaging,” Physics in Medicine & Biology, vol. 64,
no. 24, p. 245003, Dec. 2019. [PubMed: 31703217]

[131]. Chen H, Xu C, Persson M, and Danielsson M, “Optimization of beam quality for photon-
counting spectral computed tomography in head imaging: simulation study,” Journal of Medical
Imaging, vol. 2, no. 4, p. 043504, Nov. 2015. [PubMed: 26835495]

[132]. Chen H, Danielsson M, and Xu C, “Size-dependent scanning parameters (kVp and mAs) for
photon-counting spectral CT system in pediatric imaging: simulation study,” Physics in Medicine
and Biology, vol. 61, no. 11, pp. 4105-4126, Jun. 2016. [PubMed: 27163252]

[133]. Shikhaliev PM, “Photon counting spectral CT: Improved material decomposition with K-edge-
filtered x-rays,” Physics in Medicine and Biology, vol. 57, no. 6, pp. 1595-1615, Mar. 2012.
[PubMed: 22398007]

[134]. Wang AS and Pelc NJ, “A comparison of dual kV energy integrating and energy discriminating
photon counting detectors for dual energy x-ray imaging,” in SPIE Medical Imaging: Physics of
Medical Imaging, 2012, vol. 8313, p. 83130W.

[135]. Tao A, Huang R, Tao S, Michalak GJ, McCollough CH, and Leng S, “Dual-source photon
counting detector CT with a tin filter: a phantom study on iodine quantification performance,”
Physics in Medicine & Biology, vol. 64, no. 11, p. 115019, May 2019. [PubMed: 31018197]

[136]. Yu Z et al. , “Noise performance of low-dose CT: comparison between an energy integrating
detector and a photon counting detector using a whole-body research photon counting CT
scanner,” Journal of Medical Imaging, vol. 3, no. 4, p. 043503, Dec. 2016. [PubMed: 28018936]

[137]. Roessl E and Herrmann C, “Cramér—Rao lower bound of basis image noise in multiple-energy
x-ray imaging,” Physics in Medicine and Biology, vol. 54, no. 5, pp. 1307-1318, Mar. 2009.
[PubMed: 19190361]

[138]. Acciavatti RJ and Maidment ADA, “A comparative analysis of OTF, NPS, and DQE in energy
integrating and photon counting digital x-ray detectors,” Medical Physics, vol. 37, no. 12, pp.
6480-6495, Nov. 2010. [PubMed: 21302803]

[139]. Michel T et al. , “A fundamental method to determine the signal-to-noise ratio (SNR) and
detective quantum efficiency (DQE) for a photon counting pixel detector,” Nuclear Instruments
and Methods in Physics Research Section A : Accelerators, Spectrometers, Detectors and
Associated Equipment, vol. 568, no. 2, pp. 799-802, Dec. 2006.

[140]. Tanguay J, Yun S, Kim HK, and Cunningham IA, “The detective quantum efficiency of
photon-counting x-ray detectors using cascaded-systems analyses,” Medical Physics, vol. 40, no.
4, p. 041913, Mar. 2013. [PubMed: 23556907]

[141]. Tanguay J, Yun S, Kim HK, and Cunningham IA, “Detective quantum efficiency of photon-
counting x-ray detectors,” Medical Physics, vol. 42, no. 1, pp. 491-509, Jan. 2015. [PubMed:
25563288]

[142]. Xu J et al. , “Cascaded systems analysis of photon counting detectors,” Medical Physics, vol.
41, no. 10, p. 101907, Sep. 2014. [PubMed: 25281959]

[143]. Stierstorfer K, “Modeling the frequency-dependent detective quantum efficiency of photon-
counting x-ray detectors,” Medical Physics, vol. 45, no. 1, pp. 156-166, Jan. 2018. [PubMed:
29131361]

[144]. Faby S et al. , “An efficient computational approach to model statistical correlations in photon
counting x-ray detectors,” Medical Physics, vol. 43, no. 7, pp. 3945-3960, Jun. 2016. [PubMed:
27370113]

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang and Pelc

Page 22

[145]. Taguchi K, Stierstorfer K, Polster C, Lee O, and Kappler S, “Spatio-energetic cross-talk in
photon counting detectors: Numerical detector model (PcTK) and workflow for CT image quality
assessment,” Medical Physics, vol. 45, no. 5, pp. 1985-1998, May 2018. [PubMed: 29537627]

[146]. Taguchi K, Stierstorfer K, Polster C, Lee O, and Kappler S, “Spatio-energetic cross-talk in
photon counting detectors: N x N binning and sub-pixel masking,” Medical Physics, vol. 45, no.
11, pp. 4822-4843, Nov. 2018. [PubMed: 30136278]

[147]. Rajbhandary PL, Hsieh SS, and Pelc NJ, “Effect of Spectral Degradation and Spatio-Energy
Correlation in X-Ray PCD for Imaging,” IEEE Transactions on Medical Imaging, vol. 37, no. 8,
pp. 1910-1919, Aug. 2018. [PubMed: 29993882]

[148]. Rajbhandary PL, Persson M, and Pelc NJ, “Detective efficiency of photon counting detectors
with spectral degradation and crosstalk,” Medical Physics, p. mp.13889, Nov. 2019.

[149]. Persson M, Rajbhandary PL, and Pelc NJ, “A framework for performance characterization of
energy-resolving photon-counting detectors,” Medical Physics, vol. 45, no. 11, pp. 4897-4915,
Nov. 2018. [PubMed: 30191571]

[150]. Pelc NJ and Persson M, “Simulation model for evaluating energy-resolving photon-counting
CT detectors based on generalized linear-systems framework,” in SPIE Medical Imaging 2019:
Physics of Medical Imaging, 2019, no. March, p. 66.

[151]. Bornefalk H, “Task-based weights for photon counting spectral x-ray imaging,” Medical
Physics, vol. 38, no. 11, pp. 6065-6073, Oct. 2011. [PubMed: 22047371]

[152]. Yveborg M, Danielsson M, and Bornefalk H, “Task based weights for spectral computed
tomography,” in Medical Imaging 2012: Physics of Medical Imaging, 2012, vol. 8313, p.
831334,

[153]. Ji X, Zhang R, Chen G-H, and Li K, “Task-driven optimization of the non-spectral mode of
photon counting CT for intracranial hemorrhage assessment,” Physics in Medicine & Biology,
vol. 64, no. 21, p. 215014, Oct. 2019. [PubMed: 31509812]

[154]. Rigie DS and La Riviere PJ, “Task based characterization of spectral CT performance via
the Hotelling Observer,” in 2012 IEEE Nuclear Science Symposium and Medical Imaging
Conference Record (NSS/MIC), 2012, pp. 3729-3731.

[155]. Fetterly KA et al. , “Determination of optimal image type and lowest detectable concentration
for iodine detection on a photon counting detector-based multi-energy CT system,” in Medical
Imaging 2018: Physics of Medical Imaging, 2018, vol. 10573, p. 180.

[156]. Kalluri KS, Mahd M, and Glick SJ, “Investigation of energy weighting using an energy
discriminating photon counting detector for breast CT,” Medical Physics, vol. 40, no. 8, p.
081923, Jul. 2013. [PubMed: 23927337]

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Wang and Pelc Page 23

Energy Integrating Photon Counting
(Indirect Conversion) (Direct Conversion)
>
o0
(]
=
w
N

Collect light from scintillator Collect charge from semiconductor Time

Not fast enough for individual Count individual photons

photons

Fig. 1.

Energy integrating detectors use an indirect conversion process to detect x-rays. Multiple
photons contribute to each measurement. Photon counting detectors use direct converters
and fast electronics to count individual photons in energy bins.
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Different energy weighting schemes.
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Mass attenuation curves for different materials.
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Charge Sharing Fluorescence/Scatter

Fig. 5.
Illustration of charge sharing and K-fluorescence/Compton scattering, which lead to spatial-
spectral degradation.
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Fig. 6.
Pulse pileup leads to lost counts and spectral distortion.
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Fig. 7.
Effect of anti-scatter grids on quantum efficiency.
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Fig. 8.
PCDs do not suffer from electronic noise but do have count rate limitations.

IEEE Trans Radiat Plasma Med Sci. Author manuscript; available in PMC 2022 July 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Wang and Pelc

Realistic PCD

Page 31

= Bin 1
=~ Bin 2

Bin 3
- Bin 4

125

=
=
©
0]
Q.
n
©
3]
©
9
)
o
0 25 50 75 100
Energy (keV)
Fig. 9.

Spectral cross-talk of realistic PCDs, showing incident photons that contribute to each

energy bin.
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TABLE |
IMPROVED DOSE EFFICIENCY: IDEAL PCD vs EID
“Grayscale” imaging “Spectral” imaging
Higher geometric efficiency 15 15

Better spectral information | Optimal weighting 1.3 — 2.5 [29] | Basis material imaging 2.0 — 3.1 (or more) [54]

No electronic noise At very low flux At very low flux
Noise aliasing At high spatial freq. At high spatial freq.
TOTAL 2.0 — 3.7 or more 3.0 — 4.6 or more
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