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1
Introduction

1.1 Breast cancer treatment
There is no doubt that breast cancer is the most diagnosed and one of the deadliest cancers
among women. In 2020 alone, about 685 thousand women died because of it worldwide and
more than 2.3 million new cases were diagnosed. Due to the world population becoming
larger, older, and overall less healthy due to environmental factors, nutrition, and increasing
exposure to stress, the number of new cases is predicted to increase to over 3 million per
year and the number of deaths to exceed 1 million by 2040 [1].

Although still debated, the introduction of organized screening programs has led to a
reduction of breast cancer-related deaths, because the cancers are detected earlier when
the treatment can result in a better outcome [2]. For example, it is estimated that the breast
cancer screening program in the UK prevented around 1300 deaths per year as of 2013
[3]. The introduction of breast cancer screening in the Netherlands accompanied with
advances in treatment enabled the reduction of the breast cancer mortality among women
older than 55 years by 42.3% in 2022 compared to 1989 [4].

If during screening the findings on the mammogram appear suspicious, the woman is
recalled and will undergo a diagnostic procedure. In case the woman is diagnosed with
breast cancer, different treatment options are available. The choice of treatment depends
mostly on breast cancer type and stage as well as on availability of breast surgeons, and
other factors. In some cases, women will first undergo neoadjuvant therapy (NAT) to reduce
the tumor size. Neoadjuvant therapy can include chemotherapy, immune therapy, hormone
therapy, radiotherapy, or any combination of the above. Sometimes, the neoadjuvant
therapy can be very successful and lead to pathological complete response (pCR).

However, the achieved pCR rate is highly dependent on the molecular subtype of the
tumor and treatment and can be anywhere between 8% and 60% [5, 6] or even exceed it for
certain molecular subtypes. One of the possible reasons for the low success of neadjuvant
therapy is the fact that this treatment is rarely personalized. Hence, the majority of women
receive similar treatments and few adjustments are made before the treatment starts or
during it, with no real verification to determine if the tumor is responding to it. The absence
of personalization and adjustments is caused among other things by the lack of a suitable
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imaging modality that could be used to monitor treatment response. In the next section, the
most commonly used imaging techniques in breast imaging treatment will be discussed.

1.2 Imaging modalities to monitor breast cancer
treatment

One of the most promising imaging modalities for breast cancer treatment monitoring is
PET/CT. Seban et al. demonstrated that some PET biomarkers such as maximum standard
uptake value and total metabolic tumor volume (SUVmax and TMTV) are independent
factors for pCR prediction using multivariable logistic regression [7]. In early-stage triple-
negative breast cancer cases that received neoadjuvant chemotherapy, the pCR rate was
85% for patients with high tumor SUVmax and low TMTV; 58% for patients with high
tumor SUVmax and low TMTV; 6% for patients with low tumor SUVmax and high TMTV.
Due to the major differences in the operational principle of PET and the developed imaging
modality in this thesis, PET/CT will not be discussed further in detail in this work.

Reig et al. agree with the majority of the studies that dynamic contrast-enhanced MRI
(DCE-MRI) is the most accurate modality to demonstrate response to therapy [8]. In their
institution, DCE-MRI examination consists of a precontrast sequence followed by three
axial T1-weighted postcontrast sequences. They have found that the changes in volume
are more accurate in predicting response than other parameters that can be derived from
images such as the longest diameter. Nevertheless, Chen et al. report that 6%-19% of cases
are overestimated in MRI and 7%-28% are underestimated on MRI images [9]. Reig et al.
list tumors with non-mass morphology or non-concentric shrinkage, and late enhancing
foci as the main factors leading to underestimation of residual disease. On the other hand,
fibrosis, i.e., post-treatment thickening of connective tissue, necrotic tumors that do not
contain viable tumor cells but are still present, and residual benign masses are factors that
can lead to overestimation of residual disease.

Fowler et al. agree that using the change of tumor as the main predictive quantity
might lead to the lower accuracy of MRI or other modalities [10]. The authors indicate
that the effect of therapy in terms of tumor size may not be immediate and some time is
needed for the cells to die, which can then be easily detected by comparing the size of the
tumor before and after therapy. However, since different areas of the tumor, which are
either positively or negatively responding to the therapy, could perfuse blood differently,
imaging of this difference could provide a valuable indication on the chances of positive
treatment outcome. This kind of imaging is also known as functional imaging.

Functional imaging with DCE-MRI requires a higher number of images in the post-
contrast sequence in order to calculate the perfusion parameters using both the images
and mathematical modeling of blood flow in the breast. For example, the volume transfer
constant 𝐾 𝑡𝑟𝑎𝑛𝑠 between the extravascular extracellular space and plasma correlates with
pathological response. Over the recent years more research was performed that confirmed
the high predictive power of functional MRI imaging. Liang et al. could show in their
study that a combination of parameters from DCE-MRI and apparent diffusion coefficient
can achieve sensitivity and specificity above 80% [11]. Similar results were reported in
a meta-analysis study by Chen et al. [9]. In a prospective study, Ramtohul et al. derived
radiomics features from 𝐾 𝑡𝑟𝑎𝑛𝑠 , volume fraction of extravascular and extracellular space,
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and maximum contrast agent uptake rate maps to achieve AUC of 0.8 for predicting pCR
[12].

Although DCE-MRI provides functional information about the tumor, it has funda-
mental limitations that are very difficult to overcome. In general, temporal and spatial
resolutions in DCE-MRI are coupled. Therefore, there is always a trade-off between the
ability to depict smaller structures and sampling the perfusion curve adequately so as to
not miss important phases. Moreover, motion artifacts become an important issue, which
further decreases the accuracy of estimation of the perfusion curve. Since the acquisition
takes longer in situations where an image with high spatial resolution is required, patient
motion becomes more likely and has a greater influence on images with high spatial reso-
lution. These limitations call for a different imaging modality, which can provide images
with high spatio-temporal resolution.

1.3 Dynamic CT Perfusion imaging
Unlike MRI, X-ray imaging modalities can maximize both the spatial and temporal resolu-
tions independently. The spatial resolution depends mainly on the geometric characteristics
of the source and the number of imaging elements (pixels) on the detector. The flux output
capability of the source, read-out speed of the detector, and the ability of the mechanical
components to move the source and detector relative to the object being scanned determine
the temporal resolution. Among all X-ray imaging modalities, computed tomography
(CT) is the most commonly used when it comes to dynamic functional imaging (perfusion
imaging).

One of the first ever published dynamic contrast-enhanced CT perfusion studies was
presented already in 1979 [13], within a decade after the invention of the CT scanner
by Godfrey Hounsfield. In this study the authors provided clear evidence that cerebral
ischemia and infarction could be detected by quantifying the change in the attenuation
coefficient as a function of time in the affected parts of the brain and could not be detected
on static scans.

Since then, significant progress has been made in the field of dynamic CT perfusion
imaging. The technical advances in CT technology have enabled imaging at much higher
spatial and temporal resolutions. Improvements in both the hardware and software have
led to decreased radiation dose to the patient during such exams. Finally, the parallel
development of mathematical models of perfusion permitted calculation of quantitative
maps, which are correlated with the clinical outcome of the studied pathologies. For
example, mean transit time (MTT) describes the average time for blood to flow through
vessels and increased values indicate the widening of blood vessels and decreased blood
pressure. It is often used with cerebral blood flow (CBF) - another important quantitative
map - to detect stroke. CBF is the amount of blood that flows per mass of tissue per minute.
Low CBF identifies regions that suffered from infarct. One of the main requirements for
the application of mathematical models that are used to calculate quantitative maps from
perfusion sequences is stable performance in low-dose acquisition mode. Methods based
on Bayesian modeling have been shown to be more robust in low-dose settings and are
currently used in clinical practice [14].

Nowadays, dynamic CT perfusion imaging finds its application not only in identifying
stroke, but also in diagnosing liver metastases, and cardiovascular diseases. The application
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of CT perfusion to monitor the effect of neoadjuvant therapy in the liver was demonstrated
in the study led by Kim et al. [15]. Similar studies provided evidence that dynamic CT
perfusion imaging at high spatio-temporal resolution is beneficial to assess treatment
response compared to static scans [16]. CT perfusion was especially important when the
treatment involved antiangiogenic therapies, i.e., therapies that have an indirect effect on
the size of the tumor since the cytostatic effect is more prevalent than the cytotoxic effect.
The treatment is called cytostatic when it affects the growth of tumor cells as opposed to
cytotoxic that aims to kill tumor cells.

According to literature, to this day only a handful of CT perfusion imaging sequences of
the breast have ever been accomplished. Hirasawa et al. could create perfusion CT images
for 24 patients who were scanned in supine position using helical CT scanners limited to
single-slice imaging [17]. The analysis of this data showed that it is possible to differentiate
tumor types based on perfusion values. One of the few theoretical studies on functional
CT imaging of the breast was performed on digital phantoms and was the foundation for
this thesis. In that study, Caballo et al. demonstrated that dynamic contrast-enhanced
imaging of the breast with a dedicated imaging modality, breast CT [18], would enable
the differentiation of not only malignant from benign tumors, but also the assessment of
treatment response on sub-tumor level. This dedicated CT scanner will be introduced in
the next section.

1.4 Breast CT
While full-body CT can be used to acquire images of the breast, it is not the optimal modality
due to three main reasons. The first limitation is that the spatial resolution of full-body CT
scanners is not high enough to accurately depict fine fibro-glandular structures and small
cancers in the breast. The second reason for not using full-body CT for breast imaging
is the relatively high dose administered to the patient since the X rays need to penetrate
the whole chest without the image suffering from photon starvation artifacts. A related
reason is the reduced soft tissue contrast that is caused by the higher energy x-ray beam
that is necessary to achieve this. Finally, imaging in supine position will likely result in
spatial misalignment of CT images at different time points because of patient motion due
to breathing while imaging in prone position requires modifications of the patient table.

Dedicated breast CT is a relatively novel imaging modality that has been developed to
acquire fully 3D images of the breast at high spatial resolution without exposing the chest
region to direct radiation. This is achieved by placing the X-ray source and detector on a
gantry that rotates in the horizontal plane around the breast in a pendant position. The
typical positioning of a woman in the breast CT scanner is shown in figure 1.1. The woman
lies prone on the table, with one breast pending through the opening in the table. The
gantry with mounted source and detector in half-cone beam geometry rotates around the
breast and acquires projection images that are then processed and used for reconstruction.
The dimensions of the breast CT scanner vary. In the CT scanner used for the research in
this thesis, the distance between the detector and source was 95 cm, while the center of
rotation was located 60 cm away from the source. The detector was approximately 30 cm
x 30 cm in size, enabling acquisition of breasts that are up to 19 cm long when they are
placed exactly at the center of rotation.

One of the main differences between full-body and breast CT is that the latter uses lower-
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Figure 1.1: A woman being scanned with breast CT. The woman lies in a prone position with one breast pending
through the opening in the patient table. The source and detector are positioned in half-cone beam geometry on
a rotational platform.

energy X-ray photons. The maximum photon energy typically does not exceed 65 keV. It
follows the same logic as in digital mammography and digital breast tomosynthesis (DBT)
with the reasoning being that low-energy photons enable high contrast between adipose
and fibro-glandular tissues. Unlike in the applications for which full-body CT is used,
there are usually no highly attenuating structures in the breast. Thus, low-energy photons
can still penetrate the breast and reach the detector. The absence of highly attenuating
structures and the ability to perform CT scans without data truncation, i.e. the entire breast
is projected onto the detector at all angles, allow for quantitative output in the form of
linear attenuation coefficients at every location in the image. In theory, this quantitative
output is only correlated to tissue properties and is independent of the breast’s size, shape,
and overall composition. However, physical effects such as scatter and beam hardening
will reduce the quantitative accuracy if they are not appropriately accounted for.

The acquisition time of breast CT is affected not only by the readout times of the
detector, but also by the size of the detector and mechanical components responsible for
the rotation of the gantry. Some breast CT vendors incorporate small photon-counting
detectors, requiring a spiral scan in order to perform the image acquisition of the whole
breast. From the mechanical point of view, breast CT scanners are not as advanced as
the full-body CT scanners produced by major vendors, thus, making CT acquisitions at
comparable speeds is impossible as of today. Long acquisition times and the absence of the
breast support or compression as is the case in digital mammography and DBT increase the
likelihood of involuntary patient movement, which will result in motion artifacts, therefore
reducing the diagnostic value and numerical accuracy of the reconstructed 3D images
when not accounted for with a motion compensation method.
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1.5 Image reconstruction
The acquired projections of the object can be used to reconstruct CT images with different
image properties depending on the clinical task at hand by selecting an appropriate recon-
struction method. The standard reconstruction method used by the vendor whose scanner
was used in this project is filtered-backprojection in half-cone beam geometry, also known
as the FDK algorithm [19], named after L.A Feldkamp, L.C Davis, and J.W. Kress who
proposed it. This is a fully analytical method, which requires only a single backprojection
operation of the previously prefiltered and weighted projections to obtain the distribution
of linear attenuation coefficients at the mean energy of the X-ray spectrum in the breast.
The filtering serves two purposes: removal of low frequency component introduced by
oversampling near the center of the reconstructed volume and image smoothing or re-
moval of high frequency components to reduce image noise. The main advantage of the
FDK reconstruction is its computational speed. No other method can achieve equivalent
image quality faster. Moreover, a high number of options is available to affect the image
properties by changing the type of the frequency filter and its cut-off frequency. For
example, a decision can be made to introduce more image smoothing to reduce image
noise, but it will come at the cost of losing the ability to detect small structures. In an ideal
situation, the inverse of the backprojection operation, the forward projection operation on
the reconstructed volume, would yield the measured projections independent of the used
filter.

Often, it is advantageous to be able to modify the image in the image domain directly,
while still ensuring that the forward projection and backprojection are each others’ inverse
operations. This can be achieved by incorporating regularizations in the image domain
into the reconstruction process; however, in order to be able to reconstruct the images in
that way, the reconstruction must become iterative, i.e., the image is constantly modified
by incorporating small updates until it converges fully.

One of the simplest examples is reconstruction of the images with additional total
variation regularization to reduce high-frequency noise. However, this algorithm can
sometimes lead to artificially-looking piece-wise constant output if performed with sub-
optimal settings. More advanced reconstruction methods take the statistical nature of the X-
ray acquisition process into account and model the signal on the detector as samples drawn
from the Poisson distribution. One such method, Maximum Likelihood in TRansmission
(MLTR) [20], finds the most likely distribution of the linear attenuation coefficients in the
imaged object to obtain the signal on the detector. Due to its specific modeling of the
detector signal, MLTR is more likely to lead to better results than FDK with decreasing
radiation dose. Figure 1.2 depicts how the same projection data can lead to a different
appearance as a result of different algorithms being used to reconstruct the images.

In addition to modeling the signal on the detector, one could also model each part
of the imaged object as a weighted combination of base materials or pseudo-materials.
For this, both base materials and pseudo-materials are specified by energy-resolved linear
attenuation curves, while the linear attenuation curves of pseudo-materials (𝜇1, 𝜇2) can be
mathematically described by using just a few parameters (𝑎,𝑏 & 𝑐, 𝑑):

𝜇 (𝐸) = 𝛼𝜇1 (𝑎,𝑏)+𝛽𝜇2 (𝑐, 𝑑) .

The introduction of such complex models is necessary to correctly account for the polychro-
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MLTRFDK smoothFDK sharp

Figure 1.2: The same slice reconstructed with three different methods. Although all reconstructions are consistent
with the projection data, their appearance is different.

matic nature of the X rays used in clinical CT. If the X rays are assumed to bemonochromatic,
it will lead to beam-hardening artifacts in the images. That is, the linear attenuation co-
efficient of the same tissues in the center of the image will always be lower than at the
border.

A good combination of pseudo-materials to construct the linear attenuation coefficient
in the low X-ray photon energy range typical for breast CT is the decomposition of the
linear attenuation coefficient of the tissue into contributions due to two physical effects
responsible for the attenuation of X rays in matter: Compton scatter and photoelectric
absorption. In general, such models would require two independent sets of projections,
e.g., acquired at different energies, to estimate the weighting coefficients 𝛼 and 𝛽. However,
in some situations, when it is possible to write the contributions due to those two physical
effects as a mathematical function of a single parameter 𝑥 , only one set of projections
is required to reconstruct images without beam-hardening artifacts using a model-based
method:

𝜇 (𝐸) = 𝛼 (𝑥)𝜇1 (𝑎,𝑏)+𝛽 (𝑥)𝜇2 (𝑐, 𝑑) .

The Iterative Maximum-likelihood Polychromatic Algorithm for CT (IMPACT) is an exten-
sion of MLTR method that achieves exactly that [21].

1.6 Automatic differentiation
Iterative model-based methods require the exact mathematical expression of the update
step to be known in order to perform the optimization process. For example, MLTR and
IMPACT maximize the posterior likelihood by constructing a monotonously increasing
function and derive the update step this way. The major difficulty of this approach is that
one is eventually limited in the complexity of the model that can be used. It is not always
straightforward to derive a closed form of the update step. Moreover, each modification to
the model requires a new derivation, notably limiting the number of changes that can be
tested in a short time.

The goal of each optimization is the convergence of some cost metric as a function of
input parameters of the model. In CT reconstruction, it is always possible to change one of
the input parameters in the model and observe the influence of this change on the cost
metric or, in other words, estimate the partial derivative. The easiest method to estimate
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Analytical calculation:

Calculation using the chain rule:

Figure 1.3: Symbolic and automatic differentiation lead to the same result. In the forward pass (solid lines) the
value of 𝑔 is calculated for given 𝑥,𝑦,𝑧. In the backward pass (dashed lines) the partial derivatives 𝜕𝑔

𝜕𝑥 ,
𝜕𝑔
𝜕𝑦 ,

𝜕𝑔
𝜕𝑧 are

calculated using the chain rule. At each link in the chain, the calculation of a partial derivative requires only the
partial derivative from the previous step in the backward pass and analytical expression for the derivative in the
current link.

the partial derivatives of any function is to introduce a very small change and observe how
the cost metric reacts to it. This method is fully numerical and is called finite difference
method of calculation of derivatives. If the partial derivatives of the cost metric in respect
to all input parameters (the gradient) are known, gradient descent methods can be used to
optimize the function to a local optimum.

Unfortunately, the finite difference method suffers from numerical inaccuracies and is
very time consuming as each partial derivative needs to be calculated separately. A more
efficient and accurate method is required to perform optimization with gradient descent of
any differentiable function no matter how complicated it is.

Automatic differentiation is such an alternative. It is used to calculate analytical
gradients of any composition of differentiable functions, since it can be shown that the
composition of differentiable functions is differentiable. In order to perform automatic
differentiation of a chained function, its computational graph needs to be constructed,
which can then be reversed to propagate the gradients (see figure 1.3). In fact, efficient
implementations of automatic differentiation accelerated the rise of deep learning and
neural networks.

Strictly speaking, not any differentiable function can be minimized for the optimization
result to be useful. Ideally, the function has a single point with zero gradient corresponding
to the global minimum of this function. In practice, however, highly multidimensional
functions usually contain local minima and saddle points where the gradient is also zero.
In order to overcome local minima and saddle points, modern gradient descent methods
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incorporate momentum terms that allow to skip regions with very small gradients with
inertia. It is similar to a massive tire rolling down a hill - it is very unlikely to stop in small
potholes the faster it rolls.

Application of automatic differentiation in CT reconstruction opensmany doors for very
advanced regularization techniques and complicated models. A very promising direction
is to approximate otherwise reference-based metrics with a neural network that can guide
the reconstruction process. For example, Huang et al. taught a neural network to calculate
Visual Image Fidelity, so that it can be used to reduce motion artifacts in an iterative motion
compensation process when no ground truth is available [22]. Another application is
the incorporation of the image domain resampling to reduce motion artifacts, as will be
discussed later in this thesis.

1.7 Image reconstruction in 4D imaging
Methods such as FDK,MLTR, and IMPACT described earlier put serious requirements on the
projection data. If these requirements are not fulfilled, the obtained reconstructions are not
optimal and often cannot be used clinically. The primary requirement is that the projections
must be densely sampled over an angular range sufficient to recover the image, i.e., covering
at least 180° + the angle of the fan-beam. In other words, the angular spacing between the
projections must be low. When this requirement is violated, characteristic streak artifacts
will appear in the image. Although methods exist to minimize these artifacts, they all
introduce changes to the images that are difficult to track down [9, 23–25]. Therefore, it is
preferable to not use such techniques if highly accurate images are desired. The secondary
requirement puts constraints on the noise in the projection domain. The lower the noise
present in the projection domain, the smoother the images will appear in the image domain.
Although there are regularization techniques to reduce the noise level in the image domain,
they result in trade-off with bias that needs to be accounted for in applications requiring
high numerical accuracy. In practice, those two requirements often lead to an increased
radiation dose administered to the patient to ensure high quality of the images. Techniques
such as tube current modulation can reduce the radiation dose by reducing photon fluence
at certain angles. For example the photon fluence can be increased as function of the path
length through the body that X rays need to propagate when acquiring projections from
different angles.

Although it becomes increasingly more challenging to obtain single-phase images of
comparable image quality with reduced dose, there is more freedomwhen dynamic imaging
is performed. One of the biggest advancements in image processing in the last decade was
the introduction of compressed sensing - a mathematical theory postulating that if some
conditions are met, Nyquist’s sampling theorem can be violated to obtain accurate signals
from highly undersampled data. The most notable application of compressed sensing
in CT was the development of the method for reconstruction of dynamic CT images
from undersampled projection data sets, otherwise known as prior image constrained
compressed sensing (PICCS) [26]. The base assumption of this method is that images in the
post-contrast sequence differ from the pre-contrast image only at a few locations, such as
in vessels or tumors, and that this change is not large. This is a valid assumption because
only the perfused anatomies will change their attenuation value depending on the amount
of blood, and at low concentrations of contrast agent this change is rather small. This
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assumption can be easily violated, though, if there is patient motion, since the change in
the attenuation coefficient cannot be explained solely by uptake of contrast agent.

However, if the assumption of small changes only due to perfusion holds, just a small
fraction of the pre-contrast image needs to be updated and it can be achieved using
sparsely-sampled projection data. Moreover, the projection data can be acquired at lower
dose compared to the pre-contrast image. As a result, both the sparse sampling and lower
dose per projection lead to significant decreases in patient dose.

1.8 Noise reduction in dynamic CT
A probably even more straightforward approach to perform functional imaging at low dose
compared to PICCS is to take the high noise level in the projection domain into account
and use noise reduction techniques. Noise reduction techniques that are intrinsic to image
reconstruction in addition to regularization in the image domain have been mentioned
previously. On the one hand, frequency filters with lower cut-off frequencies can be used
in FDK to obtain smoother images. On the other hand, methods like MLTR model the
statistical nature of the X-ray attenuation and usually lead to images with lower noise
levels.

Noise reduction methods can also be applied directly to reconstructed images. In
general, the idea of such methods is to find similar voxels in the image and use them to
calculate the average of these voxels. One of the most basic noise filters, the mean filter,
calculates the mean value of all voxels in the spatial neighborhood of the voxel that is being
filtered and replaces the voxel value with this new value. If the size of the neighborhood
is large, it can lead to significant reduction of noise (see figure 1.4). Unfortunately, it also
removes fine anatomical structures in the image, decreasing the spatial resolution. Such
noise filters, which can be applied to a single image, always lead to worse spatial resolution.

Similar to the reconstruction of dynamic CT images, more options for noise reduction
become available when working with sequential image data. Specifically, dynamic imaging
removes the need to use voxels only from a local spatial neighborhood to calculate the av-
erage, since access to more information about each voxel other than its location is available.
With dynamic imaging, the search for similar voxels can shift from the image domain into
the time domain [27–31]. Therefore, the similarity of the voxels is determined based on

No mean filter Mean filter (2 px) Mean filter (7 px)

Figure 1.4: The same slice as in figure 1.2 reconstructed with a sharp FDK kernel before and after filtering with
increasing strength. The noise reduction comes at the cost of worse spatial resolution.
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the functional properties of corresponding anatomies, not based on their spatial proximity.
For example, voxels corresponding to blood vessels exhibit completely different perfusion
profiles than those of fatty tissue. A perfusion profile is the change of the linear attenuation
coefficient in a specific voxel as a function of time. This has two consequences. First, more
similar voxels can be found in the entire image than in a small local neighborhood based on
their perfusion profiles. This leads to greater noise reduction since it is proportional to the
square root of the number of similar voxels if they all are drawn from the same distribution.
Second, there is no more averaging of voxels corresponding to different tissues if images
are perfectly registered and aligned. Therefore, the spatial resolution is preserved. Again,
the last requirement is often very easily violated in clinical practice when a patient moves
during the scan sequence. In this case, patient movement needs to be counteracted by
registering images at each phase to a common reference point, before such noise reduction
methods are applied. One downside of these powerful methods that limits their application
in the clinic is high computational cost. It is especially important when the patient needs
to be diagnosed very quickly, for example when it is suspected to suffer from stroke. The
reason for this is the working principle of these methods relying on brute force comparison
of as many voxels as possible.

1.9 Outline of this thesis
This thesis focuses on three aspects of image reconstruction needed for successful imple-
mentation of low-dose dynamic contrast-enhanced breast CT in the clinic. We present our
approaches for accurate estimation of the iodine concentration in the breast at each time
point in the post-contrast sequence, reduction of motion artifacts in single-phase breast
CT acquisition, and advanced noise filtering when a series of independent very low-dose
CT images is acquired after the administration of the contrast agent.

In chapter 2, we present our attempt to use the most accurate model of linear atten-
uation coefficients in model-based iterative reconstruction. We demonstrate in a simple
simulation study that under strictly defined ideal conditions it could be beneficial to work
with an undersampled system of equations to achieve numerically highly accurate recon-
structions. Unfortunately, the results from this simplified theoretical study could not be
directly transferred to real reconstruction problems. Hence, an alternative approach for the
estimation of the iodine concentration in the breast needed to be developed. In chapter
3, we determine the optimal image acquisition and reconstruction parameters for PICCS
in breast CT. Here, we focus on the numerical accuracy of the iodine quantification and
absence of undersampling artifacts in the images. Next, we study the severity of motion
artifacts that can be expected when performing very long scan sequences. In chapter 4,
we examine DCE-MRI sequences for inter-frame motion and use this motion to develop a
digital phantom to generate motion vector fields describing motion in DCE-MRI to guide
us to a better understanding of the possible patient motion in breast CT. In chapter 5,
we describe our non-rigid motion compensation algorithm for breast CT. We explain how
we were able to reduce motion artifacts with a fully data-driven and model-free method.
Finally, we verify its performance on clinical data from multiple institutions. In chapter
6, we accelerate a commercially available noise filter for dynamic contrast imaging by
adapting it for execution on the GPU instead of the CPU and describe the changes to the
algorithm that were needed to be made to achieve this. This last work lays the foundation
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for achieving very powerful noise reduction of 4D DCE-BCT as an alternative method to
PICCS. In the General Discussion, we estimate the impact of this work on the application
of breast CT for treatment planning and monitoring of treatment response in clinical
practice.
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2
Are more accurate models

always useful?

So I hit my head up against the wall
Over and over and over and over again, and again

’Cause I don’t wanna be like them
I hit my head up against the wall

Over and over and over and over again
And again and again

Nothing But Thieves

Accurate models of the x-ray attenuation process are required for quantitative estimation
of iodine concentration with model-based reconstruction methods. The choice of model is
influenced not only by the accuracy sought but also by the increasing complexity when
more free parameters need to be reconstructed. The applicability of three attenuation models
was investigated in a single pixel problem using either two or three monochromatic beams
near the K-edge energy of iodine. We found that an empirical model with five components,
proposed by Midgley, leads to the lowest error when modeling iodine free materials and
small error in estimating iodine concentration (0.1% and 3.39%), whereas the decomposition
into contributions due to photoelectric effect and incoherent scatter results in more accurate
estimation of the iodine concentration (0.72%) but has larger error (8.9%) when reconstructing
iodine free materials. Decomposition into base materials shows the worst results on both
objectives (8.9% and 62%).

This chapter appeared as
� M. Mikerov, K. Michielsen, J. G. Nagy, and I. Sechopoulos.
Effect of attenuation model on iodine quantification in contrast-enhanced breast CT
7th International Conference on Image Formation in X-Ray Computed Tomography [1].
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2.1 Introduction
Tumor characterization through quantitative functional imaging may allow for better treat-
ment decisions in patients with breast cancer [2]. Dynamic contrast-enhanced breast CT is
a new imaging modality being developed with aim to provide such functional information
at good spatial and temporal resolutions. However, to maximize its clinical potential,
accurate estimation of iodine concentration in the breast CT images is crucial. Current
knowledge based on body CT imaging and computer simulations of contrast-enhanced
breast CT indicate that the iodine concentration in the areas of interest, especially the
tumor, can be expected to be in the range of 0.5 to 3.5 mg I per mL blood [3]. Coupled with
sparse projections of typical breast CT systems and low photon energies that are required
to increase the contrast (typically around 30 keV), the estimation of iodine concentration
is a challenging task. In our implementation of contrast-enhanced breast CT, to save
acquisition time and dose to the patient, individual projections are acquired only once with
one of the x-ray spectra being used. This makes the use of decomposition methods in the
projection domain not applicable.

Model-based methods are well suited to solve this reconstruction problem since they
can use all available information about the acquisition, such as system geometry, utilized
spectra, and physics models of attenuation processes. The latter determines, among other
things, the number of free parameters that need to be estimated. Accurate modeling of
the attenuation process is more difficult at low photon energies, where, in addition to
photoelectric effect and incoherent scatter, coherent scatter also plays a role. Various
parameterization schemes with different amounts of free parameters have been proposed
to model attenuation.

In this work, we present the results of two experiments in which we examine the perfor-
mance of three different parameterization schemes for energy dependent linear attenuation
coefficients in a single pixel reconstruction problem. We focus on biological materials in
the breast at x-ray energies below 49 keV and on accuracy of constrast quantification after
adding iodine in the attenuation models, so we can determine which parameterization is
most suitable to extend for our application, and include in our reconstruction method for
quantitative breast CT imaging.

2.2 Methods
To avoid confounding influences, we focus on estimation of the energy dependent linear
attenuation coefficient between 10 keV and 49 keV in a single pixel with monochromatic
beams in dual and triple energy systems. Therefore, we are not solving the geometric
aspect of the CT reconstruction problem, but are rather showing the adequacy of possible
models of the energy dependency of linear attenuation.

2.2.1 Forward model
All values in the projection domain are obtained using the Beer-Lambert law:

𝑝𝐸 = 𝐼0 exp(−𝐿 ⋅ 𝜇𝐸), (2.1)

where 𝜇𝐸 is the linear attenuation coefficient at energy 𝐸, 𝐼0 is the signal before attenuation,
and 𝐿 is the intersection length of the ray with the pixel of interest. The values of 𝐼0 and 𝐿
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were set to 1 for all experiments.

2.2.2 Solution of linear systems
Limiting the estimation of the linear attenuation coefficient to a single pixel allows us to
solve the linear system 𝐴x = b using two analytical methods. The first is non-negative
least squares, which is applied when the linear system has either full rank or is overdeter-
mined [4]. We solve underdetermined systems of equations using the conjugate gradient
method [4], an iterative method that requires a good initial guess. It can be shown that for
underdetemined systems of equations, conjugate gradient methods applied to 𝐴𝑇𝐴x = 𝐴𝑇b,
such as CGLS and LSQR, will converge to the minimum norm solution𝐴𝑇 (𝐴𝐴𝑇 )−1b, making
their application feasible [4].

2.2.3 Models of attenuation
We consider three different models for the energy dependent attenuation. The first model
consists of a decomposition into base materials. In breast imaging, decomposition into
adipose, fibro-glandular, and iodine components is the most evident choice. The system
of equations for the single pixel problem in dual energy systems then takes the following
form:

−
⎛
⎜
⎜
⎜
⎝

𝜇𝐿𝑎 𝜇𝐿𝑔 𝜇𝐿𝑖
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⎟
⎠

(2.2)

The subscripts L and H refer to low and high energies. The last row puts a constraint on
the otherwise underdetermined system of equations by enforcing conservation of volume,
possibly causing undesirable behavior when the selected base materials are suboptimal to
represent all expected tissues. When more than two spectra are used to acquire the images,
additional rows can be added, making this system overdetermined.

The second model makes use of the physical processes underlying the attenuation
of x rays. It decomposes the attenuation profile into contributions due to photoelectric
effect and incoherent scatter. The energy dependency of the photoelectric effect is usually
modeled using the power law

Φ(𝐸) = 1/𝐸3, (2.3)

where E is the x-ray energy, whereas the Klein-Nishina equation is employed to describe
incoherent (Compton) scatter

Θ(𝐸) =
(1+𝛼)
𝛼2 (

2(1+𝛼)
1+2𝛼

−
ln(1+2𝛼)

𝛼 ) (2.4)

+
ln(1+2𝛼)

2𝛼
−

1+3𝛼
(1+2𝛼)2

,

where 𝛼 = 𝐸/511 keV. However, this parameterization cannot model K-edges. Thus, in
order to use this model to estimate the concentration of contrast agents, the attenuation



2

18 Effect of attenuation model on iodine qantification in contrast-enhanced breast CT

Adipose

Glandular

Blood

Skin

Θ
 

0.0550

0.0575

0.0600

0.0650

0.0675

0.0700

μ(30 keV)
0.25 0.30 0.35 0.40 0.45

(a)

S1

S2

S3

S4 

S5

S k
 (E

) (
ba

rn
/e

le
ct

ro
nk  )

−0.2

−0.1

0

0.1

0.2

0.3

0.4

Energy (keV)
10 20 30 40 50

(b)

Figure 2.1: (a) Fitted contribution due to incoherent scatter as function of linear attenuation coefficient at 30 keV
for materials present in the breast. (b) The S-parameters were calculated using compositions of materials found
in the breast.

characteristics of iodine must be included in the model. Consequently, the linear system of
equations becomes:
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meaning that measurements at three different energies are required for the linear system
to have full rank.

This model can be used in dual-energy setups following the method that was proposed
by Depypere et al [5, 6]. If one can write 𝜙 and Θ as piece-wise linear functions of
some parameter, e.g., the attenuation coefficient at a given energy, only two different
measurements are needed. Hence, two parameters — the attenuation coefficient at a fixed
energy and the iodine volume fraction — can be reconstructed using dual-energy setups.
The difficulty of applying this method for breast imaging is that it is not possible to write
the attenuation coefficient as a piece-wise linear function, as indicated in figure 2.1a.
Blood, skin, adipose and glandular tissues have very similar properties. Since any possible
combination of materials in the triangle adipose-glandular-blood is theoretically possible, a
systematic error is introduced as soon as the background tissue does not lie on the chosen
line.

The third parameterization we included in our experiment was proposed by Midgley
[7]. It decomposes the linear attenuation coefficient into energy-dependent 𝑆-parameters
that are weighted by composition-dependent 𝑎-parameters:

𝜇𝐸 =
5
∑
𝑘=1

𝑎𝑘𝑆𝑘 . (2.6)

The number of 𝑆-parameters is not fixed and more parameters will lead to more accurate
models. However, five S-parameters are sufficient to keep the maximum error below 2% in
the energy range up to 50 keV [7]. Moreover, following that 𝑎𝑘+1 ≥ 𝑎𝑘 , 𝜇𝐸 monotonically
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decreases with energy. The 𝑆-parameters for biological tissues in breast imaging are shown
in figure 2.1b. They were calculated by taking into account that 𝑎-parameters are functions
of atomic number and electron density. Thus, the 𝑆-parameters are obtained by solving
a least-squares problem [8], in our instance for elements that are found in breast tissues,
specifically H, B, C, N, O, Na, Al, Si, P, S, Cl, Ar, K, Ca and Fe. As with the previous model,
this parameterization scheme cannot account for K-edges. Thus, we extended this model
to include the attenuation coefficient of iodine

𝜇𝐸 =
5
∑
𝑘=1

𝑎𝑘𝑆𝑘 (1−𝑓 )+𝑓 𝜇𝑖𝑜𝑑𝑖𝑛𝑒 . (2.7)

Assuming that the iodine volume fraction 𝑓 is very small, the resulting system of
equations in a dual-energy setup can be written as

−
(
𝑆𝐿1 𝑆𝐿2 𝑆𝐿3 𝑆𝐿4 𝑆𝐿5 𝜇𝐿𝑖𝑜𝑑𝑖𝑛𝑒
𝑆𝐻1 𝑆𝐻2 𝑆𝐻3 𝑆𝐻4 𝑆𝐻5 𝜇𝐻𝑖𝑜𝑑𝑖𝑛𝑒)

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

𝑎1
𝑎2
𝑎3
𝑎4
𝑎5
𝑓

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

=
(
ln𝑝𝐿
ln𝑝𝐻)

. (2.8)

2.2.4 Experiments
We examine the effect of the attenuation model on the accuracy of skin and iodine re-
construction in dual- and triple-energy acquisitions. We use skin as a good example of a
background material that needs to be modeled correctly in order to avoid systematic errors
that will otherwise propagate into the estimated iodine concentration in model-based
reconstruction. Since model-based reconstruction tries to minimize the mismatch in the
projection domain, incorrect linear attenuation coefficients in background material must
be compensated by adjusting iodine concentration, which leads to lower accuracy.

The tissue background for the experiment including iodine contrast consists of a
mixture of 50% adipose tissue, 50% fibro-glandular tissue; the volume fraction of blood
is 30%. Varying amounts of iodine (0–20 mg/mL) were then added to the blood fraction.
Our contrast agent is modeled as pure iodine. We assume that the attenuation of the
contrast agent suspension medium is equal to that of blood. All materials were modeled
with corresponding tissue substitutes [9–11]. and the attenuation profiles of elements were
obtained from XrayDB [12].

The energies of the low and high energy spectra in the dual-energy setup were set to
30 keV and 34 keV, and the third energy for the triple-energy setup was set to 38 keV. Water
was used as initialization for Midgley’s parameterization. No initialization was needed for
the other models since the resulting systems of equations were not underdetermined. The
decomposition into photoelectric effect and incoherent scatter was considered only in the
triple-energy setting.
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Figure 2.2: (a) Proportional error between reconstructed and true linear attenuation coefficient of skin when
using different models of attenuation and number of spectra. (b) Error in estimated iodine concentration as
function of the difference between the linear attenuation of the mixture below and above the K-edge of iodine
and concentration in blood. The negative region indicates rise in the attenuation due to K-edge. The background
tissue was 50% adipose and 50% fibro-glandular tissues; volume fraction of blood was 30%.

2.3 Results
2.3.1 Reconstruction of skin
Figure 2.2a shows the relative error of the reconstructed attenuation coefficient of skin
with three methods. The largest deviation (8.9% at 10 keV and 1.44⋅10−4 volume fraction of
iodine) results from the model that decomposes the background into adipose and glandular
tissues. The most accurate result is achieved with Midgley’s model in a triple-energy setup
(0.1% at 10 keV and -2.27⋅10−6 volume fraction of iodine). Complete results are shown in
table 2.1.

Table 2.1: Mean and maximum absolute relative errors on attenuation between 10 keV and 49 keV, and recon-
structed iodine volume fraction for skin.

attenuation model mean maximum iodine volume
error error fraction

PE + Compton (double) 0.71% 4.95% 0.00
Base materials (double) 3.50% 8.88% 1.44⋅10−4
Base materials (triple) 3.50% 9.28% 1.14⋅10−4
Midgley (double) 1.13% 2.25% -3.80⋅10−5
Midgley (triple) 0.07% 0.18% -2.27⋅10−6

2.3.2 Estimation of iodine concentration
Figure 2.2b shows the error in iodine concentration estimation as a function of the difference
between linear attenuation at 30 keV and 34 keV, resulting from the iodine K-edge when
reconstructed using Midgley’s model in dual- and triple-energy setups. The corresponding
concentration of iodine is shown on top. The error is 62% and 3.39% at 0.97 mg I per mL
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of blood with double-energy and triple-energy setups, respectively. An even lower error
(0.72%) is achieved with the decomposition into photoelectric effect and incoherent scatter
with monochromatic radiation.

2.4 Discussion
The aim of this study was to find the most accurate parameterization scheme for model-
based reconstructions methods for breast CT with a focus on quantitative accuracy of the
estimation of iodine concentration. Unsurprisingly, the base material decomposition into
iodine, adipose and glandular tissues is the least accurate method to reconstruct skin. The
error is substantial as it clearly shows that the iodine concentration in skin will not be zero.
The accuracy improves only slightly when using a triple-energy system.

Decomposition into contributions due to photoelectric effect and incoherent scatter on
the other hand, is very accurate above 25 keV. However, its accuracy drops noticeably in
the lower energy range. This can be explained by the contribution due to coherent scatter
in this low-energy range, which is absent from this model.

Finally, Midgley’s parameterization in the triple-energy setup leads to the most accurate
results for skin. The parameterization with three energies achieves better results than the
one with two. In particular, triple energy optimization has negligible iodine signal in skin
even though the linear system remains underdetermined. This is most likely explained
by our initialization which assigns a good approximation of the relative contributions of
the scatter processes. Parameters not well constrained in the problem would then not
end up far from a reasonable value. Further examination of how the initialization with
water holds up for calcifications will give an indication on the limitations of using a simple
homogeneous initialization in patient images.

Our experiment shows that the decomposition into contributions due to photoloelectric
effect and incoherent scatter is equally good asMidgley’s parameterization at energies above
25 keV. However, the result shown in figure 2.2a represents the ideal case. Introduction of
real polychromatic spectra will complicate the situation. Besides, one of the spectra must
have mean average energy below the K-edge of iodine to capture it, which leads to nonzero
fluence in the low energy range. Taking into account that the attenuation coefficients are
highest in this range, it is favorable to avoid systematic errors that are introduced due
to less accurate models when using model-based reconstruction methods. Nevertheless,
the mono-energetic simplification is the main limitation of this study that needs to be
addressed.

The triple-energy system leads to better results in the relevant concentration range
in our application, i.e., below 3.5 mg I per mL blood. Notably, it is not enough to just
have beam energies on either side of the K-edge. Accurate quantification requires the
K-edge that causes an increase in attenuation at relevant energies, otherwise, the accuracy
quickly decreases when the K-edge is not causing such increase as can be observed in
figure 2.2b. Since any allowed combinations of S-parameters are monotonically decreasing
functions, the K-edge does not need to be modeled in order to connect the points on the
linear attenuation profile at relevant energies. The continuous decrease in accuracy can
be explained by different slopes of iodine before and after the K-edge, which means that
there is still some information about iodine content present. The situation changes when
the measurement at the third energy is added. Now, the only way to account for rise in
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attenuation and different slopes below and above the K-edge is to add the correct fraction
of iodine.

2.5 Conclusion and outlook
In this simplified numerical study we have shown that the attenuation model influences
accuracy of iodine reconstruction in contrast-enhanced breast CT at energies below 49
keV. Such models could lead to underdetermined linear systems. Nevertheless, an accurate
solution can be found if triple-energy systems and appropriate initialization are used. In our
future research, we will examine if these conclusions remain valid for polychromatic spectra
before incorporating the preferred attenuation model in our model-based reconstruction
for breast CT.
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3
Using high-qality data to

obtain reliable information
from lower-qality data

Background: Four-dimensional dynamic contrast-enhanced breast CT (4D DCE-bCT) offers
promising high-resolution spatial and temporal imaging capabilities for the characterization
and monitoring of breast tumors. However, the optimal combination of parameters for iodine
quantification in image space remains to be determined.

Purpose: This study aims to optimize a dedicated bCT system to perform long dynamic
contrast-enhanced scans with high spatio-temporal resolution while maintaining a reasonable
radiation dose.

Methods: Our protocol includes the acquisition of a high-quality prior image that is re-
constructed with a polychromatic iterative algorithm (IMPACT). The acquisition of the post-
contrast sequence is continuous but sparse and these images are reconstructed using prior
image constrained compressed sensing (PICCS). A four-step optimization process is performed
using images of a physical phantom. First, the optimal tube current is selected by taking
the noise level into account. Second, the optimal number of angles is selected based on the
absence of streak artifacts. Third, the number of iterations in IMPACT is specified at the lowest
value that achieves the highest spatial resolution. Finally, the number of iterations in PICCS is
determined based on the quantitative accuracy of a range of iodine concentrations.

Results: When a high-quality prior image is available, the imaging of post-contrast images
can be performed using just 40 projection angles with a tube current of 32 mA. The noise
level in the post-contrast images is inherited from the prior image and no streak artifacts
are visible. Mean difference between the linear attenuation coefficients of samples containing
iodine reconstructed with IMPACT using all 360 projections and PICCS using 40 projections is
0.0004 mm−1 at most. The spatial resolution of images reconstructed with PICCS is lower than
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the one of IMPACT images and is concentration dependent. The cut-off frequency at 10% MTF
drops from 1.55 mm−1 in the prior image to 0.9 mm−1 when the target with the largest con-
centration is evaluated. The total mean glandular dose of the protocol does not exceed 22.5 mGy.

Conclusions: This study found the optimal acquisition and reconstruction parameters for a
low-dose dynamic contrast-enhanced bCT protocol. The numerical accuracy of the proposed
protocol was ensured by performing a physical phantom study.

3.1 Introduction
Around 16% of all cancer deaths among women are due to breast cancer, resulting in an
estimated 685 thousand deaths in 2020 worldwide. This problem is only growing, with
breast cancer being predicted to take more than 1 million lives in 2040 [2]. Screening
programs have already enabled early detection and diagnosis of breast cancer, thereby
increasing positive treatment outcomes [3]. After diagnosis, some women first undergo
neoadjuvant therapy to reduce tumor size, followed by breast conserving therapy. Cases
where neoadjuvant therapy leads to pathologically complete response are correlated with
both outcome and survival rates improvements [4–8]. In these cases it might even be
possible to eliminate surgical treatment [9, 10].

Currently, neoadjuvant treatment is less efficient because it is rarely personalized due
to limited availability of suitable imaging modalities. However, dynamic perfusion imaging
may provide the necessary functional information to personalize treatment. This raises
the importance of accurate quantification of the contrast agent concentration throughout
the tumor over time, regardless of the breast shape, size, or composition.

Dynamic contrast–enhanced magnetic resonance imaging (DCE–MRI) and dedicated
breast CT (bCT) are both suitable modalities for functional imaging. DCE–MRI with
gadolinium contrast agents is already an established modality in breast imaging [11], while
the feasibility of DCE imaging in bCT has only been shown on digital phantoms [12].
However, bCT offers several advantages over MRI, such as better uniformity, higher spatial
and temporal resolution, and the ability to depict calcifications and to provide quantitative
results. Iodine is a well suited contrast agent for bCT because of its K–edge energy of 33.2
keV, which enables the use of x–ray spectra with lower average x–ray energy to increase
contrast between adipose and fibro–glandular tissues.

The most straightforward way to obtain the iodine uptake and wash-out curves is
temporal subtraction imaging. The idea of this method is that when two images are
subtracted from each other, the difference is solely explained by the change in the iodine
concentration between the two acquisitions. Although one can use regular setups for
anatomic imaging with already existing reconstruction methods, patient exposure becomes
the limiting factor for this approach. Specifically, all images in the sequence must be

This chapter appeared as
� M. Mikerov, J.J. Pautasso, L. Goris, K. Michielsen, and I. Sechopoulos.
4D Dynamic contrast-enhanced breast CT: Phantom-based reconstruction parameter optimization for iodine
quantification
Medical Physics 2025 [1].
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acquired at high dose with densely-sampled projections to minimize the artifacts and noise
in the difference images. High dose limits the applicability of this method for sequences
with high temporal resolution, as it negatively affects both the patient and can lead to
overheating of the x-ray tube.

Alternatively, multi-energy acquisition protocols could be employed, where, depending
on the setup, iodine concentration estimation can be achieved without patient motion
artifacts. However, quantitatively accurate reconstruction of iodine distribution in multi-
energy bCT is challenging due to several factors, such as sparse and spatially misaligned
projections in half-cone beam geometry in the cone-angle direction. For example, the
number of projections during one whole revolution of bCT typically ranges from 225 to
500 [13]. This number is further split between each spectrum if the multi–energy mode of
operation is achieved by spectrum switching.

Thus, any reconstruction that requires material decomposition in the projection domain
is not possible without interpolation over a large angular range of missing data [14]. On
the other hand, methods based on decomposition in the image domain will need to handle
any artifacts that are introduced due to the reconstruction of sparse data. Furthermore,
methods that perform direct decomposition are limited to a maximum of two base materials
in the most commonly used double–energy setups, with a third base material with K–edge
possible given sufficient spectral separation around the K–edge energy. Although, this
limitation is tolerated when three base materials are different, e.g., bone, soft tissue, and
iodine, it is not sufficiently accurate for breast imaging, where it becomes important to
distinguish between similar tissues—blood, adipose, and glandular—especially when they
are combined with low concentrations of iodine.

In the future, multi-binned photon-counting detectors could enable the use of advanced
models of attenuation to provide accurate quantitative results. However, to the best of
our knowledge, photon-counting CT currently uses no more than two bins at the time of
writing this work, and is limited to use in spiral bCT due to the high cost of these detectors.

Prior image constrained compressed sensing (PICCS) sets itself apart from the above-
mentioned methods as a well suited technique for tracking of the contrast agent in bCT
[15]. Briefly, this method uses a high quality prior image to then allow reconstruction
of subsequent images from severely undersampled data of the same anatomy under the
assumption that only minor changes are present that can be captured through compressed
sensing. Although PICCS faces challenges with patient motion when applied in long
dynamic scan sequences, it enables low-dose imaging with high temporal resolution and
accurate quantification of the contrast agent using a single spectrum.

In this work we aim to determine the optimal data acquisition settings and recon-
struction parameters for accurate iodine quantification in 4D dynamic contrast-enhanced
bCT (4D DCE-bCT) using PICCS. We performed an extensive physical phantom study to
quantify the influence of dose, number of projections, and number of iterations in iterative
methods on the accuracy of iodine quantification.
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3.2 Materials and Methods
3.2.1 DCE-bCT imaging protocol
A bCT system (Vera, Koning Corp, Norcross, GA, USA) was modified to perform multiple
scan sequences, each up to 100 seconds in duration. The system is equipped with a pulsed
x-ray tube and a flat-panel detector (FPD) mounted on a rotating gantry. The x-ray tube
(M-1581, Varian Medical Systems, Salt Lake City, UT) can generate spectra with voltages
between 49 kV and 65 kV, tube currents between 32 mA and 160 mA, and pulse durations
between 5 ms and 8 ms in the current realization of the bCT. The FPD, a CMOS-based
Xineos 3030HS (Teledyne Dalsa, Waterloo, ON, Canada), possesses a 0.152 mm pixel pitch
and a 0.700 mm thick CsI:Tl columnar scintillator. The geometry of the system places the
source 950 mm from the detector and 600 mm from the isocenter. The FPD can be shifted
laterally to increase the field of view, but this option is not used in our setup since the
detector is large enough for the vast majority of breasts encountered in our clinic and this
allows higher temporal resolution since complete angular sampling is reached after a half
rotation plus fan-angle instead of a full rotation.

The scan protocol we want to optimize is intended for patients with a known lesion to
be characterized, follows the general idea of the protocol introduced by Prionas et al. [16].
The main difference is that instead of four post-contrast images in the original protocol,
we aim to have continuous acquisitions over 300 seconds. The protocol starts with a
pre-contrast scan of the contralateral breast. Afterward, the patient is repositioned and
the pre-contrast scan of the ipsilateral breast is made. The long post-contrast imaging
sequence of the ipsilateral breast begins immediately after contrast injection to ensure the
wash-in is captured. This sequence consists of two or three 100 seconds long individual
scans during which the projections are acquired continuously while the gantry rotates at
0.1 Hz, resulting in 10 full revolutions and 20 independently-reconstructed post-contrast
images per 100-second scan, with half rotation overlap between each time-point. Finally,
the patient is repositioned once more to perform a late-phase contrast-enhanced scan of
the contralateral breast.

For the imaging of the contralateral breast we will use temporal subtraction with
registration as developed by Gazi et al [17]. The reconstruction of the ipsilateral dynamic
image sequence is described in section 3.2.2.

3.2.2 Reconstruction of 4D seqence
We reconstruct post-contrast images using the Prior Image Constrained Compressed
Sensing (PICCS) method. This algorithm consists of two steps. To begin with, a high-
quality artifact-free prior image needs to be reconstructed. This image is acquired before
the administration of the contrast agent. It is always preferable to acquire this image at
the highest possible exposure with densely sampled projections and without any patient
motion, to maximize the chances that the prior image is not affected by artifacts, has good
spatial resolution, and is ideally close to being piece-wise constant.

Following that, each post-contrast image in the sequence is reconstructed from severely
undersampled projection data acquired at lower exposure levels using the high-quality
prior to guide the reconstruction. Under the assumption that only a small fraction of voxels
in the post-contrast image is different from the corresponding voxels in the high-quality
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prior image, their attenuation values can be estimated even from undersampled data by
enforcing data sparsity.

Reconstruction of the prior image
We use the iterative maximum-likelihood polychromatic algorithm for CT (IMPACT) to
obtain the prior image [18]. IMPACT is a single-energy polychromatic reconstruction
method, which enables reconstruction of the image without cupping and metal artifact if
the list of base materials is chosen appropriately for the imaged anatomy. IMPACT performs
the tissue decomposition into a weighted sum of the energy-dependent contributions due
to photoelectric effect Φ(𝑒) given by Braggs-Pierce power law and Compton scatter Θ(𝑒)
given by the Klein-Nishina equation:

𝜇𝑗 (𝑒) = 𝜙𝑗 ⋅ Φ(𝑒)+𝜃𝑗 ⋅ Θ(𝑒) . (3.1)

At first glance, this model has two unknowns for every voxel 𝑗 , 𝜙𝑗 and 𝜃𝑗 , which must
be estimated, meaning that two different spectra are needed to solve the reconstruction
problem. However, in practice both 𝜙𝑗 and 𝜃𝑗 are functions of a common parameter. In the
work of De Man et al. this was chosen to be linear attenuation at a reference energy of
70 keV, which is appropriate for clinical CT while we use the linear attenuation at 30 keV,
which is approximately the average energy in the breast CT x-ray spectrum. Fig 3.1 shows
the representation of the contributions of both effects as a piece-wise linear function of
linear attenuation at 30 keV for typical breast tissues. This data is also available in Table
3.1. Except for the choice of reference energy and base materials, our implementation
matches the update step provided in the work of De Man et al. exactly. For convenience,
this expression can be found in the appendix.

Table 3.1: Decomposition of the linear attenuation coefficient according to equation 3.1 for tissues present in
breast. Iron is included to ensure numerical stability of the reconstruction.

𝜃 (1/cm) 𝜙 (1/cm) 𝜇30keV (1/cm)
air 1.8993e-04 8.1078e-05 0.0004

adipose tissue [19] 0.1651 0.0382 0.2907
fibro-glandular
tissue [19]

0.1860 0.0630 0.3748

skin [20] 0.1863 0.0709 0.3959
calcification 1.1581 1.5463 5.0015

iron 16.8700 19.3133 64.3895

Reconstruction of post-contrast images
PICCS reconstruction can be written as the following minimization problem:

argmin
𝑋

𝛼‖∇(𝑋 −𝑋𝑝)‖𝑙1 +(1−𝛼)‖∇𝑋‖𝑙1 , s.t. ‖𝐀𝑋 −𝑌 ‖ ≤ 𝜖. (3.2)

Here, 𝑋 and 𝑋𝑝 are the post-contrast and prior images, respectively; 𝐀 is the forward
operator, 𝑌 is the projection data. Discrete gradient operator ∇ is used as a sparsification
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Figure 3.1: Contributions of photoelectric effect and Compton scatter to the total linear attenuation as functions
of linear attenuation coefficient at 30 keV. Each combination of two materials is given by a linear equation.

transformation. Hyperparameter 𝛼 can be seen as a control parameter for the smoothness
of the image 𝑋 .

The discrete gradient operator ∇ is chosen so that its application on the difference
image sets all unchanged voxel values close to zero and keeps only a small fraction of
large values. It is also applied to reduce the influence of a bad prior by enforcing image
smoothness. We set 𝛼 = 0.92 to favor accuracy over image smoothness [21]. In other
words, the post-contrast images can have a higher noise level and be affected by sparse
reconstruction artifacts, but are expected to provide more accurate quantitative values.

After initialization with the prior image, the reconstruction process is performed
iteratively, comprising two alternating main steps in each iteration. First, a single iteration
of the IMPACT method is performed to keep the current image estimate consistent with the
projection data. Second, a single step is taken to minimize the loss in eq. (3.2) using gradient
descent with backtracking line search [21]. The pseudo-code of our implementation of the
joint optimization procedure can be found in the appendix.

3.2.3 Breast phantom and iodinated contrast sample prepara-
tion

Iodine dilutions were prepared from a 300 mg/mL Iomeron (Bracco Imaging, Konstanz,
Germany) stock solution, with concentrations ranging from 10 mg/mL to a 0 mg/mL control
to mimic a scenario of a 100 kg patient with 5 liter blood volume. In such a case, a 150
mL injection of Iomeron, with a 300 mg/mL concentration, would provide an iodine blood
concentration close to 9.0 mgI/mL. This led us to establish 10 mgI/mL as the upper limit for
consistency. Each sample volume was adjusted to 50 mL, achieving dilutions from 0.5 to
10 mgI/mL. To ensure accurate and consistent sample volumes, water was initially added
to reach 50 mL, then an equivalent volume was replaced with Iomeron stock, enabling
precise dilutions and effective mixing. To ensure reproducible phantom positioning, a
custom 3D-printed support was developed to hold the 50 mL tube within a conically shaped
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Figure 3.2: Phantom for imaging, including a 50 mL tube with iodine dilution, secured by a 3D-printed holder, all
submerged in olive oil.

phantom, which measures 150 mm in height, transitioning from a 120 mm diameter at the
top to an 110 mm diameter at the base. This phantom, filled with olive oil, serves to mimic
the radiodensity characteristics of adipose tissue (Fig. 3.2). Due to the absence of motion, a
homogeneous adipose-equivalent phantom is appropriate to study image reconstruction
with PICCS since the background image is inherited from high-quality prior image [21, 22].
Thus, a phantom with a more complex background that includes features representing
fibro-glandular tissue is not needed for this optimization process.

3.2.4 Finding the best acqisition and reconstruction param-
eters

The imaging protocol and reconstruction methods described in the previous sections have
several parameters that need to be carefully selected to obtain good image quality and
maximize quantitative accuracy. On the image acquisition side, the x-ray spectrum was
selected to provide optimal iodine detection in projection domain in our previous work
[23] while the tube current and the number of projections per rotation remain to be chosen.

On the image reconstruction side only the number of iterations to reconstruct the prior
image and the number of iterations in PICCS need to be set, since in preliminary results it
was confirmed, as expected, that tube current (above a minimum) had no impact on the
reconstruction quality. These four parameters could be selected sequentially using the
following scheme:

1. Determine the tube current. We reconstructed the phantom with the 6 mgI/mL
target acquired with 60 projections over 360 degrees and at four different tube
currents (32/50/64/80 mA) using PICCS. Mean values and standard deviations were
calculated inside and outside the target in the ROIs displayed in Fig. 3.3 across
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20 slices. This approach was based on the premise that demonstrating outcome
consistency across settings was crucial, rather than the precision of individual values.
Hence, we chose sparse acquisition with 60 projections due to the absence of streak
artifacts and predetermined the lowest exposure setting that could be used if outcomes
were consistently similar.

2. Determine the optimal number of angles. After the optimal exposure per projec-
tion was selected, the minimum required number of angles was determined using a
method described in 3.2.6. The phantom with the highest concentration (10 mgI/mL)
was used, since from our previous analysis we knew that PICCS performs worse
when the difference between the images is large.

3. Determine the number of iterations in IMPACT. When reconstructing the prior
image, a higher number of iterations will lead to better spatial resolution, but will
also increase the noise level if the reconstruction is not regularized. However, noise
regularization results in added bias and resolution loss. Because high quantitative
accuracy and high resolution are important in this task, noise regularization was not
used. The difference in the spatial resolution between reconstructions was given by
the modulation transfer function (MTF) in the image domain, which was estimated
using the method proposed by Richard et al [24]. The number of iterations that leads
to the highest cutoff-frequency at 10% MTF while maintaining low noise level was
chosen for the final optimization.

4. Determine the number of iterations in PICCS. The same analysis was performed
to estimate the optimal number of PICCS iterations. However in this analysis, we
focused on the convergence of the average value within the target, rather than on
the noise level.

Had the sequential optimization not worked as described above, we would have per-
formed a multidimensional sampling of the space of all parameters.

3.2.5 Scatter correction
Since the deep learning-based scatter correction method we developed is only valid for
patient data [25], we implemented a dedicated correction for the phantom projection data
and note here that this correction is not expected to perform differently from our approach
for patient data. The concentration of iodine was the only variable modified; the shape and
the location of the phantom remained unchanged. Following reconstruction of a single scan
and segmentation of the phantom, primary and scatter projection images were produced
using a validated Monte Carlo simulation algorithm [26]. These simulations emulated the
bCT’s geometry and settings. A 65 kV spectrum with a 0.257 mm Cu filter was modeled,
and 109 photons were tracked. From the simulation, a set of 360 projections images (1°
steps) was generated. Scatter correction was achieved by subtracting these MC-simulated
scatter projections after normalization by the right magnitude from the phantom scans.

3.2.6Quantification of the streak artifacts
We developed a quantitative method to estimate the optimal number of projections making
use of the radial symmetry of the phantom. The method starts by aligning the geometrical
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Figure 3.3: Representation of a single slice of the 10 mgI/mL phantom acquired with 10 angles and reconstructed
with PICCS in Cartesian and polar coordinates. The data for frequency domain representation was collected
along the red line. Ten radial lines attributed to the streak artifacts are clearly visible in both coordinate systems.
Rectangular ROIs used to calculate the mean and standard deviation are overlaid on the Cartesian representation.

center of the phantom in the center of the 2D matrix. After that, coordinate transformation
is applied to represent each 2D slice in polar coordinates system. Then, a line close to
the outer border of the phantom is selected and averaged over 40 slices in the z-direction.
Finally, we represent this averaged line in the frequency domain, in which each peak
corresponds to the frequency of the streak artifacts. We select the angle of projections
as a trade-off between the exposure and visibility of the artifacts. Fig. 3.3 illustrates the
analysis of the phantom with the 10 mgI/mL target.

3.2.7 Air kerma measurement and dose calculation
To investigate the magnitudes of glandular doses resulting from the acquisition of an image
sequence using a 4D DCE-bCT modality, the geometry of the bCT system described in
Section 3.2.1 was replicated using a previously validated Monte Carlo-based algorithm [27].
This algorithm measured radiation captured by a pencil beam (100 mm × 10 mm) situated
at the isocenter, with the simulation tracking 106 photons. The validation process involved
comparing the simulated exposure distribution to empirical measurements obtained at the
isocenter using a pencil 100 × 10 mm ion chamber and a Radcal Accu-Gold+ Touch Pro
dosimeter.

Following validation, the simulation incorporated breasts of varying sizes, establishing
chest wall diameters (CWD) at 10, 12, 14, 16, and 18 cm. The chest-to-nipple distances (CND)
were set at 0.5, 0.75, and 1.0 times these diameters, yielding a total of 15 size variations
[28].

Subsequently, the normalized mean glandular dose in mGy per mGy air kerma (DgN)
from bCT was calculated, considering a glandular composition of 14.3% by volume [29]. To
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determine the mean glandular dose delivered to breast, the DgN coefficient is multiplied
by the measured air kerma (mGy) at the isocenter for the defined 4D DCE-bCT image
sequence.

3.3 Results
3.3.1 Optimal exposure level
Fig. 3.4a shows the mean values and standard deviations in five regions of the phantom:
inside the sample with iodine and four regions just outside the iodine tube. As expected,
the mean value inside the tube in the prior image is lower than in the post-contrast images
acquired at various tube currents because it contains no iodine. It is evident that the tube
current has no effect on neither the mean value nor standard deviation. Thus, we continue
our further analysis only with the lowest tube current.

3.3.2 Determine optimal number of angles
The frequency-domain representation of the mean value over the angles shown in Fig. 3.4b
indicates that 40 projections are sufficient to not cause major streaking artifacts. When the
number of projections is decreased to 36, the peak at 36° becomes significantly larger than
the peak at 40° leading to more visible streak artifacts as depicted in Fig. 3.5. Therefore, we
continue our further analysis only with 40 projections.

3.3.3 Optimal number of iterations to reconstruct the prior
image

Fig. 3.6a shows the radially-averaged edge profile of the tube filled with water in the image
domain. We clearly see that the sharpness increases with higher number of iterations.
Values near the center of the tube have larger spread due to the oversampling nature of the
method. The standard deviation becomes larger with higher number of iterations as the
noise increases. Therefore, only the range from 10 mm to 18 mm was used to calculate the
MTF that is shown in Fig. 3.6b. The MTF plot supports the conclusion that better spatial
resolution is achieved when the number of iterations is higher. Furthermore, in order to
provide the decision based on a numerical value, we plotted the standard deviation outside
the phantom and cutoff-frequency, at which MTF falls to 10%, as a function of the number
of iterations. From Fig. 3.7 we conclude that 60 IMPACT iterations will be sufficient, as the
benefits of having lower noise outweigh slightly better spatial resolution. Fig. 3.8 provides
visual confirmation that higher number of iterations leads to better spatial resolution but
also increases the noise level.

3.3.4 Optimal number of iterations in PICCS reconstruction
Fig. 3.9a visualizes the radially-averaged edge profiles of the tube filled with a 10 mg/mL
iodinated solution in the image domain reconstructed with different number of PICCS
iterations. It is apparent that a higher number of PICCS iterations is required for the
mean value to converge. Moreover, a higher number of iterations also leads to a sharper
depiction of the edge. However, the PICCS reconstruction is unable to reach the same
spatial resolution as the IMPACT reconstruction of the prior image. Fig. 3.9b shows the
image-domain MTF of the prior image and the phantom with the highest concentration
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Figure 3.4: (a) Mean attenuation values and standard deviations in five regions of the phantom with 6 mgI/mL
insertion. (b) Frequency-domain representation of the streak artifacts due to undersampled data acquisition in
the image-domain.
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Figure 3.5: PICCS reconstruction of the phantom with 10 mgI/mL acquired with different number of angles.
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Figure 3.6: (a) Average edge-profile of the tube with water in the image domain reconstructed for various number
of iterations. (b) Image-domain MTF of the reconstruction of the prior image for various number of iterations.
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Figure 3.8: Reconstruction of the prior image with increasing number of iterations.
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Figure 3.9: (a) Average edge-profile of the tube with 10 mgI/mL in the image-domain reconstructed with various
number of PICCS iterations. (b) Image-domain MTF of the prior image and image of the phantom with 10 mgI/mL
target.

(10 mgI/mL) - the most challenging case for PICCS. We observe significant decrease in the
ability to resolve small spatial features.

3.3.5 Calibration curves
Fig. 3.10a and 3.10b show that the maximum attenuation difference between values obtained
with PICCS reconstruction with just 40 angles and IMPACT reconstruction with 360 angles
does not exceed 0.0004 mm−1. With the optimized settings, we estimated the calibration
curves. The calibration curve using full reconstruction with IMPACT is

𝜇30keV = 0.001303 ⋅ 𝑐 +0.029581, (3.3)

While the same calibration curve obtained using PICCS reconstructions with 40 angles is

𝜇30keV = 0.001331 ⋅ 𝑐 +0.029553, (3.4)
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Figure 3.10: (a) Relative difference between the linear attenuation coefficients reconstructed with IMPACT using
all 360 projections and PICCS using 40 projections. (b) Calibration curves using IMPACT reconstructions of data
sets with 360 projections and PICCS reconstructions of data sets with 40 projections.

where 𝑐 is the concentration of iodine. The obtained parameters for the linear fit were
compared using ANCOVA and both slopes (p=0.068) and intercepts (p=0.057) were found
to not be different between both reconstructions.

3.3.6 Obtained air kerma and mean glandular dose
Air kerma measured at the isocenter showed that 360 projections at 65 kV and 80 mA with
a 0.257 mm Cu filter resulted in 12.2 mGy, while 40 projections at 32 mA resulted in 0.56
mGy. In Table 3.2, the normalized mean glandular dose (DgN) coefficients for breasts of
varying sizes are presented, with a mean value of 0.762 (ranging from a minimum of 0.667
to a maximum of 0.851).



3.4 Discussion

3

39

Table 3.2: Normalized mean glandular dose (DgN) coefficients in mGy per mGy of air kerma for breasts of varying
sizes, considering a glandularity of 14.3% by volume. Air kerma at the isocenter of the bCT system (65 kV/0.257
mm Cu) was taken as reference. "CWD" refers to chest wall diameters, and "CND" refers to chest-to-nipple
distances.

CWD (cm) CND (cm) DgN (mGy/mGy)
10 5 0.763
10 7.5 0.818
10 10 0.851
12 6 0.744
12 9 0.797
12 12 0.827
14 7 0.712
14 10.5 0.772
14 14 0.801
16 8 0.686
16 12 0.746
16 16 0.775
18 9 0.667
18 13.5 0.720
18 18 0.745

3.4 Discussion
The goal of this study was to perform the optimization of reconstruction parameters to
define a protocol for DCE bCT. Since the aim is to continuously acquire post-contrast
images over a minimum timespan of two minutes, it was important to reduce patient dose
and prevent tube overheating. PICCS reconstruction was deemed suitable for this task
as it allows image reconstruction from severely undersampled data acquired at low tube
currents. However, the quantitative accuracy of the method needed to be ensured.

To begin with, no dependency of the mean value inside the tube and noise level
on the tube current could be found. Image noise properties in the post-contast images
reconstructed with PICCS are inherited from the prior image. Thus, the lowest tube current
is selected for this protocol.

The minimum and maximum tube currents were determined by the bCT’s settings and
its 7 kW power capacity, respectively.

Following this, we recommend using 40 projection angles for post-contrast images,
even though a lower number of angles can further reduce the dose while still maintaining
sufficient image quality for diagnostic or localization purposes. Nevertheless, it will come
at the cost of more prominent streak artifacts, which will negatively influence quantitative
values.

The air kerma measured at the isocenter showed that 360 projections at 65 kV and 80
mA with a 0.257 mm Cu filter resulted in 12.20 mGy, while 40 projections at 32 mA resulted
in 0.56 mGy. From Table 3.1, if an average breast size of 14 cm CWD and 10.5 cm CND
is considered, then the mean glandular dose delivered to the breast is equivalent to 9.41
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mGy for the pre-contrast phase and 0.43 mGy for the single image in the post-contrast
case. During the entire post-contrast phase of 300 seconds, the total mean glandular dose
delivered to the patient will be 12.96 mGy.

Next, we wanted to ensure that the degree of enhancement can be quantified, since
making longitudinal comparisons throughout neoadjuvant treatment will be beneficial for
personalizing and adapting treatment to response. Due to the large variability of breast sizes,
shapes, and inner structures, FDK-based methods will suffer from cupping artifacts due to
insufficient beam hardening correction. To enable longitudinal comparisons, the images
were reconstructed with the iterative IMPACT method. While IMPACT reconstruction
combined with scatter correction eliminates beam hardening artifacts, its spatial resolution
and noise levels depend on the number of iterations. We determined that 60 iterations offer
an optimal balance between spatial resolution and image noise.

Finally, we studied the impact of the number of PICCS iterations on the accuracy of
the post-contrast images. In general, the higher the number of PICCS iterations, the more
accurate and sharper the images will be. The analysis showed that the spatial resolution
of the images reconstructed with PICCS will not reach the spatial resolution of the prior
image even when the number of iterations is high. However, this analysis was performed
with a very high concentration of 10 mgI/mL as the worst case scenario, while the iodine
concentration in clinical applications is not expected to exceed 6 mgI/mL [30]. In general,
the numerical accuracy of images reconstructed with PICCS will decrease with increasing
concentration of the contrast agent, due to the difference constraint with the prior image
and with smaller size of the perfused anatomy [31], the latter in our opinion likely due to
partial volume effects.

Future workwill be dedicated, among other things, to incorporating noise regularization
methods in IMPACT and to improving its convergence rate. Additionally, the lower spatial
resolution in the post-contrast images compared to prior image, which we identify as the
main limitation of the proposed method, must be addressed. Moreover, the influence of
intra-scan motion during the acquisition of the prior image and inter-scan motion between
different frames needs to be studied as it could not be replicated with the presented phantom.
Our approach for reducing inter-scan motion is rigid registration of the post-contrast
projections to the corresponding projections of the prior image. This approach should
significantly reduce the registration artifacts; in the best-case scenario, only non-rigid
motion will remain. The artifacts due to intra-scan motion during the acquisition of the
prior image can be reduced using our previously developed non-rigid motion compensation
method [32]. An important point to consider is that even though it is able to produce
artifact-free images when motion is moderate, there is no control over the final position
of the breast image and its geometrical shape. Thus, it could lead to a very different
representation of the prior and post-contrast images, limiting the accuracy of the method.
Finally, validation on a dynamic phantom with known ground truth [33] is required before
the protocol can be applied to scan patients. In terms of phantom design, addition of solid
structures representing non-perfused fibro-glandular tissue is necessary to confirm that
the background image is fully inherited from high-quality prior image without causing
artifacts when using PICCS, but the optimization performed here would most probably not
be affected.
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3.5 Conclusion
We propose a protocol for DCE bCT tailored to provide accurate quantitative values at
low dose. With this protocol, the pre-contrast image and a 300 seconds long sequence of
post-contrast images can be acquired at 22.37 mGy.
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Appendix
Joint optimization
In listing 1, we provide pseudo-code for the joint optimization method combining IMPACT
and PICCS methods. In this implementation the total variation of volume 𝐼 is calculated as

TV(𝐼) =∑
𝑖,𝑗 ,𝑘

√
(𝐼𝑖,𝑗 ,𝑘 −𝐼𝑖−1,𝑗 ,𝑘)2+(𝐼𝑖,𝑗 ,𝑘 −𝐼𝑖,𝑗−1,𝑘)2+(𝐼𝑖,𝑗 ,𝑘 −𝐼𝑖,𝑗 ,𝑘−1)2+𝜀,

with indices wrapping around and 𝜀 = 10−8, and the total gradient as

grad𝑇 𝑉 (𝐼 ) = (𝐼𝑖,𝑗 ,𝑘 −𝐼𝑖−1,𝑗 ,𝑘)+ (𝐼𝑖,𝑗 ,𝑘 −𝐼𝑖,𝑗−1,𝑘)+ (𝐼𝑖,𝑗 ,𝑘 −𝐼𝑖,𝑗 ,𝑘−1)
+ (𝐼𝑖+1,𝑗 ,𝑘 −𝐼𝑖,𝑗 ,𝑘)+ (𝐼𝑖+1,𝑗 ,𝑘 −𝐼𝑖+1,𝑗−1,𝑘)+ (𝐼𝑖+1,𝑗 ,𝑘 −𝐼𝑖+1,𝑗 ,𝑘−1)
+ (𝐼𝑖,𝑗+1,𝑘 −𝐼𝑖−1,𝑗+1,𝑘)+ (𝐼𝑖,𝑗+1,𝑘 −𝐼𝑖,𝑗 ,𝑘)+ (𝐼𝑖,𝑗+1,𝑘 −𝐼𝑖,𝑗+1,𝑘−1)
+ (𝐼𝑖,𝑗 ,𝑘+1−𝐼𝑖−1,𝑗 ,𝑘+1)+ (𝐼𝑖,𝑗 ,𝑘+1−𝐼𝑖,𝑗−1,𝑘+1)+ (𝐼𝑖,𝑗 ,𝑘−1−𝐼𝑖,𝑗 ,𝑘).

IMPACT update step
Let us assume that the image to be reconstructed has 𝐽 voxels, while projections have 𝐼
pixels. Then, given the measured projections 𝑦𝑖, forward projector operator FP =∑𝐽

𝑗=1 𝑙𝑖𝑗
and corresponding backprojector operator BP =∑𝐼

𝑖=1 𝑙𝑖𝑗 , the update step for the IMPACT
method can be written as follows:

𝜇𝑛+1𝑗 = 𝜇𝑛𝑗 +
𝜙′
𝑗 ⋅BP(𝜅𝑖𝑌 Φ𝑖 )+𝜃′𝑗 ⋅BP(𝜅𝑖𝑌 Θ𝑖 )
𝜙′
𝑗 ⋅BP (𝑀𝑖)+𝜃′𝑗 ⋅BP (𝑁𝑖)

,

where
𝜙
′
𝑗 = (

𝑑𝜙
𝑑𝜇)

|𝜇𝑛𝑗

𝜃
′
𝑗 = (

𝑑𝜃
𝑑𝜇)

|𝜇𝑛𝑗

𝜅𝑖 = 1−
𝑦𝑖
𝑦̂𝑖
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Algorithm 1 Joint optimization
Require: Fully sampled prior projections: 𝑃𝑓
Require: Sparsely sampled projections: 𝑃𝑠
Require: Backtracking parameters: 𝑐 ← 0.1, 𝛽 ← 0.5, 𝛾 ← 10
1: 𝐼 0𝑝𝑟𝑖𝑜𝑟 ← initial guess (e.g. 0)
2: for i = 1 to N do
3: 𝐼 𝑖𝑝𝑟𝑖𝑜𝑟 ← IMPACT(𝑃𝑓 , 𝐼 𝑖−1𝑝𝑟𝑖𝑜𝑟 )
4: end for
5: 𝐼 0𝑝𝑖𝑐𝑐𝑠 ← 𝐼𝑁𝑝𝑟𝑖𝑜𝑟
6: for i = 1 toM do
7: 𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 ← IMPACT(𝑃𝑓 , 𝐼 𝑖−1𝑝𝑖𝑐𝑐𝑠)
8: 𝐺𝑇 𝑉 ← 𝛼 grad𝑇 𝑉 (𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝐼𝑁𝑝𝑟𝑖𝑜𝑟 )+ (1−𝛼)grad𝑇 𝑉 (𝐼 𝑖𝑝𝑖𝑐𝑐𝑠)
9: 𝑇 𝑉𝑖 ← 𝛼TV(𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝐼𝑁𝑝𝑟𝑖𝑜𝑟 )+ (1−𝛼)TV(𝐼 𝑖𝑝𝑖𝑐𝑐𝑠)
10: 𝑇 𝑉𝛾 ← 𝛼TV(𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝐼𝑁𝑝𝑟𝑖𝑜𝑟 −𝛾𝐺𝑇 𝑉 )+ (1−𝛼)TV(𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝛾𝐺𝑇 𝑉 )
11: while 𝑇 𝑉𝛾 > 𝑇𝑉𝑖−𝑐𝛾||𝐺𝑇 𝑉 ||2 do
12: 𝛾 ← 𝛽𝛾
13: 𝑇 𝑉𝛾 ←∑𝑗 𝛼∇(𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝐼𝑁𝑝𝑟𝑖𝑜𝑟 −𝛾𝐺𝑇 𝑉 )+ (1−𝛼)∇(𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝛾𝐺𝑇 𝑉 )
14: end while
15: 𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 ← 𝐼 𝑖𝑝𝑖𝑐𝑐𝑠 −𝛾𝐺𝑇 𝑉
16: 𝛾 ← 10𝛾
17: end for

𝑀𝑖 = FP(𝜙
′
𝑗) ⋅(

𝑌 ΦΦ𝑖 𝜅𝑖+
𝑦𝑖 (𝑌 Φ𝑖 )

2

𝑦̂2𝑖 )
+FP(𝜃

′
𝑗) ⋅(𝑌

ΦΘ
𝑖 𝜅𝑖+

𝑦𝑖𝑌 Φ𝑖 𝑌 Θ𝑖
𝑦̂2𝑖 )

𝑁𝑖 = FP(𝜃
′
𝑗) ⋅(

𝑌 ΘΘ𝑖 𝜅𝑖+
𝑦𝑖 (𝑌 Θ𝑖 )

2

𝑦̂2𝑖 )
+FP(𝜙

′
𝑗) ⋅(𝑌

ΦΘ
𝑖 𝜅𝑖+

𝑦𝑖𝑌 Φ𝑖 𝑌 Θ𝑖
𝑦̂2𝑖 ),

and polychromatic sinograms are given as:

𝑌 Φ𝑖 =
𝐸
∑
𝑒=1

Φ(𝑒) 𝑦̂𝑖𝑒

𝑌 Θ𝑖 =
𝐸
∑
𝑒=1

Θ(𝑒) 𝑦̂𝑖𝑒

𝑌 ΦΦ𝑖 =
𝐸
∑
𝑒=1

Φ(𝑒)Φ(𝑒) 𝑦̂𝑖𝑒

𝑌 ΘΘ𝑖 =
𝐸
∑
𝑒=1

Θ(𝑒)Θ(𝑒) 𝑦̂𝑖𝑒
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𝑌 ΦΘ𝑖 =
𝐸
∑
𝑒=1

Φ(𝑒)Θ(𝑒) 𝑦̂𝑖𝑒 .

Finally, the polychromatic forward model is given by

𝑦̂𝑖 =∑
𝑒
𝑦̂𝑖𝑒 =∑

𝑒
𝑏𝑖𝑒 exp(−Φ(𝑒)FP(𝜙(𝜇𝑛𝑗 ))−Θ(𝑒)FP(𝜃(𝜇𝑛𝑗 ))) ,

where 𝑏𝑖𝑒 is the energy fluence for each pixel 𝑖 at energy bin 𝑒 in absence of any materials
between the x-ray source and the detector.
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4
Using different modalities

to create artificial data

Extending dedicated breast CT to dynamic contrast-enhanced breast CT will allow functional
data by following contrast distribution over multiple time points. As a result of longer scans,
unwanted patient motion becomes more likely and motion correction is necessary to avoid
artifacts. A crucial part of the development of a motion compensation method is its validation
on data with known ground truth. Thus, anthropomorphic phantoms with realistic motion
patterns are needed.

We present a method to combine motion vector fields, extracted from dynamic contrast-
enhanced breast magnetic resonance imaging (DCE-MRI), with digital breast phantoms.
DCE-MRI is an ideal source for these data due to its frequent clinical use and a similar prone
patient positioning compared to breast CT. Our algorithm consists of three steps. First, the
inter-scan motion vector fields are obtained by registration of consecutive images in the DCE-
MRI sequence. In the second stage, the digital breast phantoms are aligned on MRI scans
using an affine transformation. Finally, the obtained motion vector fields are transformed
and applied to the phantoms after parameterization such that the total motion is distributed
smoothly in time.

The applied motion is evaluated in reconstructions of the simulated breast CT acquisition by
qualitative comparison to clinical cases with intra-scan motion. We show that phantoms with
simulated motion exhibit the same artifacts as in clinical data such as smooth transitions at
the tissue interfaces and ghosting of fine structures.

This chapter appeared as
� M. Mikerov, K. Michielsen, N. Moriakov, and I. Sechopoulos.
Adding patient motion from DCE-MRI to anthropomorphic phantoms for dedicated breast CT
SPIE Medical Imaging 2022 [1].
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4.1 Description of purpose
Dynamic contrast-enhanced dedicated breast CT (DCE-BCT) is expected to provide func-
tional information at high spatio-temporal resolution [2]. However, with increased duration
of the scan sequence as compared to acquisition of a single anatomical image, unwanted
patient motion becomes more likely. In image acquisitions with comparable patient posi-
tioning during dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), the
expected displacement magnitude for a given voxel was estimated to be 0.59±0.23 mm
between the pre-enhanced and first post-enhanced volumes [3]. Motion of this order of
magnitude (almost twice the voxel size of breast CT) will result in motion artifacts in breast
CT that will lead to loss of spatial resolution and decrease of the accuracy of the estimation
of contrast agent concentration. To avoid these problems, a motion compensation algorithm
needs to be applied, which in turn requires data with known ground truth for validation.

In this work, we present our method to create such data for validation by modifying
existing voxelized digital breast phantoms [4] by incorporating realistic motion patterns.
Since DCE-BCT is still in the development phase and no data is available, we obtain
motion from existing DCE-MRI sequences by extracting the motion vector fields (MVFs)
using image registration (4.2.2). After that, we estimate the transformation needed for
the phantoms to match the anatomy of the breast imaged with MRI and, finally, apply
extracted MVFs to them (4.2.3).

4.2 Methods
4.2.1 Phantom and patient data
Due to limited breast DCE-BCT data, we decided to obtain MVFs from inter-scan motion in
DCE-MRI, where patients are scanned in a similar prone position, and which is frequently
used in clinical practice. To get high quality data, we selected image series acquired using
the compressed sensing volume interpolated breath-hold examination (CS-VIBE) sequence.
This choice was motivated by the absence of view sharing (and resulting temporal blur)
and the short acquisition time for individual images in this sequence (4.5 s), which is close
to the time of a whole revolution of our intended breast CT system (6 s). Eleven patient
cases from an ongoing ethics board-approved study examining the CS-VIBE sequence were
included in this work.

The anthropomorphic digital phantoms to which the DCE-MRI motion is applied are
based on segmented clinical breast CT scans described in our previous work [4, 5]. In
summary, each voxelized phantom contains voxels labeled as skin, adipose and glandular
tissues. Moreover, phantom resolution is improved to 0.091 mm from the initial clinical
resolution of 0.273 mm using a neural network [5].

To evaluate the realism of our method, we compared the artifacts present in recon-
structed phantom images to BCT patient cases with significant intra-scan motion obtained
with a dedicated breast CT clinical system (Koning Corp., Norcross, GA). The images were
reconstructed using filtered back projection with isotropic voxel size of 0.273 mm with the
vendor-specific cupping artifact correction.
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4.2.2 Motion vector fields estimation from MRI scans
While MRI and breast CT acquisitions have the same anatomical positioning, the MRI
volume is larger and contains both breasts. To match these with the breast CT data, we
manually determined a bounding box to crop the right breast in all MRI images prior to
the registration of subsequent images in the sequence. Next, N4 bias field correction was
applied to remove low-frequency intensity non-uniformity [6].

We used BSpline image registration to extract the MVFs from the DCE-MRI sequences.
This method is intensity based, and as such can be influenced by changing intensity due to
the varying presence of a contrast agent. We observed that if the time separation between
the images was large, not only the sought physical motion but also apparent motion due
to contrast agent was captured. However, we assumed that this effect can be neglected
if the registration is limited to subsequent frames, which are separated by only 4.5 s. A
Bspline transformation 𝑇𝑏𝑠𝑝𝑙𝑖𝑛𝑒 was obtained for all volume pairs using 3D Slicer [7] in an
automated workflow controlled by a Python script. Only MVFs with average motion of
at least half the MRI voxel size (0.4 mm) are considered for further processing due to the
decreasing accuracy of registration at that scale.

4.2.3 Application of the motion fields
In order to transfer the motion from the MRI source to the phantom data, both volumes
need to be aligned. However, this step can tolerate lower accuracy since the Bspline-based
MVF extends smoothly outside the breast volume. Because of the difficulty of aligning the
source and target breasts with potentially large variations in size and anatomical structure,
this step was carried out manually in 3D Slicer to obtain an affine transformation matrix
𝑇𝑎𝑓 𝑓 𝑖𝑛𝑒 . Then, the transformations representing patient motion and phantom alignment are
combined as follows:

𝑇𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 𝑇−1𝑎𝑓 𝑓 𝑖𝑛𝑒 ◦ 𝑇𝑏𝑠𝑝𝑙𝑖𝑛𝑒 ◦ 𝑇𝑎𝑓 𝑓 𝑖𝑛𝑒 . (4.1)

When applied to a phantom, this transformation scales and moves it to the location of
the segmented MRI breast, applies the measured patient motion, and finally, restores the
scaling and moves the modified phantom back to the initial location.

For simulation of a BCT acquisition, we also require the transformation for each
intermediary point between the start and end of the motion. To obtain this, we parameterize
the MVFs as follows:

𝑑(𝑥,𝑦,𝑧, 𝑡) = 𝑓 (𝑡) ⋅ 𝑑(𝑥,𝑦,𝑧, 𝑡 = 0) for 𝑡 = [0,1]. (4.2)

The upper limit of the function’s domain corresponds to the time required for the acquisition
of the complete set of projections (n=300 in our case). Many possible options for 𝑓 (𝑡) exist;
for the results shown here, we selected two scenarios. The first case is a steady continuous
motion during the whole acquisition. The second motion pattern is modeled by a sigmoid
function where most motion is concentrated in a short span of 30 frames approximately
halfway through the scan. Results for both scenarios are shown in figure 4.1.

4.2.4 Acqisition simulation and reconstruction
To simulate a breast CT scan of the moving phantom, 300 volumes were created, each
corresponding to a different time point 𝑡 of the parameterization. In this process, discrete
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Figure 4.1: Two example functions that were used to create intermediate MVFs. The blue line describes continuous
motion. The orange curve represents a case of sudden repositioning halfway during the acquisition of the breast.

tissue compositions in the original phantom were replaced by interpolated tissue mixtures
at tissue edges. For example, if the adipose-glandular interface ended up at the center of a
voxel after applying the MVF, that voxel would be assigned a tissue composition of 50%
glandularity. This way smoother transitions between tissue types during the reconstruction
were achieved.

The forward projection of each of the 300 volumes was simulated at its specified x-ray
source position with a monochromatic beam at 30 keV, after which Poisson noise was
added. The linear attenuation coefficients for skin, glandular, and adipose tissues were set
to 0.395, 0.374, and 0.282 cm−1, respectively. The photon count in the air was set to 3𝑥105.
The phantom projections were reconstructed using the FDK algorithm with a Shepp-Logan
filter. The voxel size was set to 0.273 mm, matching the patient reconstruction. Hence, the
resolution in the reconstructions is three times lower than that of the simulated phantom.
No cupping artifact correction was required since the simulation does not include scatter
or beam hardening.

4.3 Results
Out of 11 patient cases, with a total of 231 evaluated image pairs, twoMVFs with sufficiently
large motion were identified. Figure 4.2 depicts the displacement of each voxel relative
to the initial volume of the glandular tissue in a transformed phantom. It was created by
transforming the voxelized segmentations of glandular tissues (at initial position and after
motion) into meshes using marching cubes and subtraction of those meshes [8]. Color
variation indicates that the motion is not uniform. In the region where most displacement
can be observed, the magnitude is in the range from 0.23 mm to 0.70 mm. This result
corresponds well with result from literature [3].
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Figure 4.2: Segmented glandular tissue with colormap representing displacement magnitude.

Figure 4.3 shows artifacts present in a patient case and in our simulation. The window
widths and levels were selected to emphasize different motion artifacts that can be found
in the patient case. Particularly, the display range in the left column highlights streak
artifacts in the air. The top row displays the reconstruction of an example patient case
with significant intra-scan motion. Some specific features due to this motion are, for
example: 4.3a) the prominent background streak artifacts which originate when the skin-
air interface changes its position during acquisition; 4.3b) appearance of ghosting of fine
structures and skinline; and 4.3c) shadowing artifact at the border of the glandular tissue.
The reconstructed phantom with sigmoid motion interpolation is shown in the middle row
of figure 4.3 (4.3d, 4.3e, and 4.3f). All three artifacts observed in the patient image, can be
identified here as well. Taking into account the parameterization of motion, these effects
can be explained by inconsistencies in the projection data obtained from the initial and
transformed positions. The artifacts are less prominent when the total motion is distributed
equally over all projections with linear interpolation (4.3g, 4.3h, and 4.3i). Especially
ghosting of fine structures is absent from the reconstructions. This can be explained by
the fact that there is rather continuous motion that does not cause projections that are
acquired at two or more different positions.
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Figure 4.3: Reconstructions of the patient case (top) and phantom with added motion (middle and bottom). The
middle row shows motion interpolation with sigmoid function, while the bottom row represents the linear case
(cfr figure 4.1). The display range in the top row is unique for each column and is shown in images. The images
in the middle and bottom rows were not transformed to HU and have arbitrary scale to visualize the artifacts.
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4.4 Discussion
In this work we have presented a method to create digital phantoms for breast CT that
include patient motion and could be used to validate motion correction algorithms. For
these phantoms to be useful in this regard, they need to include anatomical structures,
which are inherited from the original static phantoms, and the phantom deformation caused
by the applied motion needs to be realistic and result in similar artifacts as seen in clinical
cases, which is demonstrated in figure 4.3. While we only found two occurrences of a
sufficiently large motion in the first 11 examined cases, it indicates that the approach works.
More motion patterns can be created as the dataset grows.

A substantial limitation of this method is that the whole process is laborious and
quite inefficient computationally. Thus, its application is limited to final testing of motion
correction methods and not, for example, to create large datasets for machine learning. As
such, the limited number of available DCE-MRI sequences that can be used as input for
our method is less problematic.

Attempting to apply the MFV derived from a specific breast to a phantom with a
potentially very different size and different interior structure poses some challenge. In
this work, the affine transformation between the two was set by hand, but at least partial
automation is preferred before attempting to process further data. A specific consequence
of matching motion from different sized breasts that we should note is that the magnitude
of the original MVF also scales with the affine transformation. And while this means that
the applied motion does not exactly match the measurement, the actual motion pattern
remains realistic even after scaling its magnitude.

This study was supported by ERC grant 864929.
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5
Do we need to know the

truth?

Objective: The goal of this work is to develop a data-driven empirical motion-artifact reduc-
tion algorithm for non-rigid motion in dedicated breast CT.

Methods: Breast CT is a novel imaging modality that offers fully 3D images at good spatial
resolution without breast compression and tissue overlap. However, the slow rotation speed of
the gantry in such systems increases the likelihood of motion artifacts. Because of the breast
anatomy, motion-artifact reduction techniques need to be able to handle artifacts induced by
non-rigid motion, which cannot be modeled due to variable motion patterns and the breasts’
inner structure, shape, and size. In this work, we present an iterative data-driven empirical
algorithm to reduce motion artifacts in breast CT. The highlight of our method is the ability to
perform transformations in the image domain using b-spline fields that are defined for each
angle and can be efficiently updated with gradient descent and automatic differentiation.

Result: We test the method using a simulation study, on physical phantoms, and clinical
cases, and show that it can significantly reduce the appearance of motion artifacts.

Conclusion and Significance: This work introduces a fully data-driven empirical motion-
artifact reduction capable of identifying and minimizing motion artifacts without an underly-
ing model of motion.

This chapter appeared as
� M. Mikerov, K. Michielsen, N. Moriakov, J. J. Pautasso, S. A. M. Tunissen, A. M. Hernandez, J. M. Boone and I.
Sechopoulos.
Empirical motion-artifact reduction for non-rigid motion in dedicated breast CT
TBME 2025 [1].
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5.1 Introduction
Despite early detection through screening and improvements in treatment, breast cancer
still takes over half a million lives worldwide every year [2, 3]. Breast cancer screening
typically involves acquiring mammographic or digital breast tomosynthesis images. Both
imaging modalities not only require breast compression, which some patients experience
as painful, but also suffer from tissue overlap, which can lead to missed cancers and
false positives in dense breasts. Dedicated breast CT is a further development capable
of full 3D imaging that can produce high-quality images of the breast at good spatial
resolution without tissue overlap [4]. However, it can not yet match the spatial resolution
of mammography or breast tomosynthesis.

To improve the visibility of microcalcifications and other small details, breast CT devel-
opers tend to reduce detector pixel size as it improves spatial resolution of the scanner [5, 6].
The reduction in detector pixel size results in longer scan times due to a commensurate
increase in readout time of the detector and a reduction in rotation speed to minimize
blurring the x-ray source due to the finite pulse width. Patient motion mitigation strategies
such as breath-hold become impractical for many patients, due to the rather long acqui-
sition times of a single image, and thus artifacts and blurring due to involuntary patient
motion become the factors limiting spatial resolution.

To examine the need for motion-artifact reduction in dedicated breast CT, we previously
estimated patient motion in breast imaging modalities with prone patient positioning by
registering subsequent frames of dynamic contrast-enhanced (DCE) MRI breast acquisitions
[7]. Of the 11 patient cases examined, with a total of 231 evaluated image pairs, we found
two cases containing motion, with an estimated amplitude in the range from 0.23 mm to 0.70
mm, which was in good agreement with a similar study by Melbourne et al., who reported
motion of 0.55 mm±0.21 mm [8]. It is important to note that the patient positioning in
DCE-MRI differs slightly from that in breast CT. Although both imaging modalities require
prone positioning, only a single breast is suspended in the field of view in breast CT while
in MRI both breasts are in the field of view.

Brombal et al. estimated patient motion in synchrotron-based breast CT to be in the
range from 0.4 mm to 1 mm in the vertical and 0.2 mm to 0.5 mm in the horizontal directions
using optical tracking with markers placed on the skin [9]. Interestingly, in their study
healthy volunteers exhibited periodic motion patterns in both directions, with a frequency
of 9 to 18 cycles/minute, despite our expectation that prone positioning of the patient
would mitigate motion of the breast due to breathing. It is worth mentioning that in
synchrotron-based breast CT, as opposed to conventional dedicated breast CT, the patient
rotates rather than the gantry, which can lead to slightly higher motion amplitude.

Despite the availability of many motion compensation algorithms applicable for cone-
beam breast CT [10], to the best of our knowledge, none are used in clinical practice.
Several factors make their development difficult. To begin with, the breast is non-rigidly
deformable, even when freely hanging in the scanner, requiring modeling of such motion.
This limits the usefulness of optical markers since they do not provide explicit information
on deformations inside the breast. Next, even though Brombal et al. demonstrated that
periodic motion is present [9], the motion we observed in our evaluation of DCE-MRI cases
presented abrupt motion of large amplitude, which originally motivated us to develop a
motion-artifact reduction method. The occurrence of this abrupt motion makes the use of
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periodic models of motion inapplicable. In addition, limited availability of existing breast
CT data with or without motion makes the use of machine learning-based algorithms for
motion compensation not suitable at this time.

The uniqueness of each breast and its motion during a scan leaves us with data-driven
methods as the most appropriate choice since they estimate motion from projection data
only and are not limited in what motion they can model. For a more in depth overview on
different data-driven methods, we refer the reader to the recent review by Kyme and Fulton
[11]. One class of such methods involves autofocus methods. It is known that patient
motion reduces sharpness of the reconstructed image. Thus, it is possible to estimate the
motion in such way that its removal improves an image quality metric in the image domain.
Capostagno et al. optimized the gradient entropy in the image domain by dividing the
whole reconstructed volume into smaller cubes that could move rigidly [12]. Moreover,
they assumed that motion is smooth during the scan and used temporal b-splines to
enforce smoothness of each motion parameter. In their follow-up paper, they used Visual
Information Fidelity, a reference-based similarity metric that, when optimized, removes
motion artifacts from images as perceived by human observers [13].

Another class of data-driven methods are joint motion estimation and update methods.
Sun et al. developed an iterative method in which they find in the motion estimation phase
a rigid translation of the projected reconstruction from the previous iteration in such a
way that it minimizes the mismatch in the projection domain for each projection [14].
Afterwards, the inverse transformation is incorporated into the projection matrix and an
image update takes place.

Both classes of methods can correct the whole volume or its parts for rigid motion
only. Moreover, both use non-gradient based estimation of motion parameters (covariance
matrix adaptation evolution strategy in [12, 13] or numerical finite difference method of
gradient estimation in [14]) that require long computation times to evaluate all possible
combinations. Consequently, such optimization methods cannot be applied to correct for
non-rigid motion since the number of parameters that need to be optimized increases
drastically. The alignment of a scan sequence with motion to a reference image simplifies
the problem by removing the need to update the reference after each motion estimate, as
shown by Flach et al. who present a non-rigid registration algorithm based on projection
domain misalignment [15]. In their recent work on autofocus methods, Huang et al. [16]
implemented gradient-based optimization of the motion parameters, which should improve
the computational performance; however, they are still dividing the whole volume into
large cubes that can only move rigidly.

In this work, we propose a data-driven empirical motion-artifact reduction algorithm
in which we minimize the data mismatch in the projection domain by non-rigidly and
globally deforming the reconstructed volume. To minimize the already high computational
requirements associated with non-rigid motion-artifact reduction techniques, we avoided
adding any constraints or physics models with additional cost. Our method builds upon
the diffeomorphic demons registration algorithm [17] by moving the cost function to the
projection domain, and uses the automatic differentiation [18, 19] functionality of modern
deep learning frameworks to efficiently optimize b-spline fields with gradient descent.
We demonstrate that our method reduces image artifacts both on digital and physical
phantoms, and for patient data.



5

58 Empirical motion-artifact reduction for non-rigid motion in dedicated breast CT

It is important to point out that the goal is thus to reduce or remove the appearance
of motion artifacts and not to estimate the motion that occurred during the scan. This is
analogous to how empirical beam hardening corrections aim to avoid the appearance of
cupping artifacts without needing explicit knowledge of x-ray spectral properties of the
scan.

5.2 Algorithm proposed
Wewill start with a high level overview of our empirical motion-artifact reduction algorithm
in section 5.2.1 before describing specific aspects in more detail. First, section 5.2.2 explains
estimation of parameters needed to deform the reconstructed volume. Then, sections 5.2.3,
5.2.4, and 5.2.5 clarify how we perform a differentiable transformation in the image domain.
Finally, we provide a theoretical analysis of the runtime in section 5.2.6.

5.2.1 Data-driven empirical motion-artifact reduction algo-
rithm

In general, our method follows the scheme of classical joint motion estimation and image
update methods. However, instead of estimating the motion vector field that was applied
to the object in the physical space, we estimate b-spline fields that parameterize the
deformation of the volume to match the forward projected data to the measured data. The
reader is referred to the algorithm pseudocode 2 for a schematic representation of our
method.

Each iteration of the method consists of two stages: an image update followed by
estimation of b-spline fields. The b-spline field 𝑑𝑛,𝑘 for angle 𝑘 at iteration 𝑛 is defined on a
sparse sampling grid, is initialized with zeros, and can then be interpolated using cubic b-
splines to create the corresponding dense representation𝐷𝑛,𝑘 , as further described in section
5.2.5. Both 𝑑𝑛,𝑘 and 𝐷𝑛,𝑘 have three channels to specify the deformation in 𝑥𝑦𝑧-direction.
In the image update phase, we use the inverse of the current image transformation 𝐷𝑛,𝑘
to transform the backprojection BP(𝑃𝑘) of a single projection 𝑃𝑘 weighted with cosine
weights and filtered with a ramp filter in the image domain. This inverse is guaranteed to
exist since we require the transformation to be diffeomorphic, as shown in section 5.2.4.
Finally, we sum all transformed backprojections 𝐽𝑘 to obtain the reconstructed volume 𝐼𝑛.
Since we are working with single-phase data, the projection data must be acquired over
at least 180 degrees plus fanbeam angle. In the second phase, we perform the following
operation for each projection angle 𝑘: we first densify the sparse b-spline field 𝑑𝑛,𝑘 , and
use it to transform the current reconstruction estimate 𝐼𝑛 before performing a forward
projection FP𝑘 of the transformed volume at this angle. We then calculate the L1 loss
 between the resulting forward projection 𝑝𝑛,𝑘 and the measured projection 𝑃𝑘 at this
angle and backpropagate the error to update the sparse field 𝑑𝑛,𝑘 . Practical aspects of the
optimization process are further discussed in section 5.2.2.

These steps are repeated until the loss is no longer decreasing by a substantial amount
as defined by stopping threshold 𝜖. In this work, the iterative process was interrupted if the
average L1 loss did not decrease by more than 1% compared to the L1 loss at the previous
iteration. Alternatively, the algorithm can be run for a fixed number of iterations 𝑁 , or a
combination of these approaches. After the algorithm has finished, the final b-spline field
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Algorithm 2 Empirical motion-artifact reduction
Require: Log-converted projections 𝑃
Require: Stopping threshold 𝜖
1: 𝑛 ← 0
2: repeat

Image update
3: for all angles 𝑘 do
4: 𝐷𝑛,𝑘 ←Densify(𝑑𝑛,𝑘)
5: 𝐷−1

𝑛,𝑘 ← Inverse(𝐷𝑛,𝑘)
6: 𝐽𝑘 ←BP(𝑃𝑘) ◦𝐷−1

𝑛,𝑘
7: end for
8: 𝐼𝑛 ←∑𝑘 𝐽𝑘

Estimation of b-spline fields
9: for all angles 𝑘 do
10: 𝐷𝑛,𝑘 ←Densify(𝑑𝑛,𝑘)
11: 𝑝𝑛,𝑘 ← FP𝑘(𝐼𝑛 ◦𝐷𝑛,𝑘)
12: 𝑛+1,𝑘 ← ‖𝑃𝑘 −𝑝𝑛,𝑘‖1
13: ∇𝑑 ← 𝜕𝑛+1,𝑘

𝜕𝑑𝑛,𝑘
14: 𝑑𝑛+1,𝑘 ← ADAM(𝑑𝑛,𝑘 ,∇𝑑)
15: end for
16: 𝑛 ← 𝑛+1
17: 𝑛+1 ←∑𝑘𝑛+1,𝑘
18: until (𝑛−𝑛+1) < 𝜖
19: return d
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𝑑𝑁 ,𝑘 can be used for one last image update followed by a deformation to an arbitrary angle
𝑘. This last step ensures improved volume preservation after motion-artifact reduction.
While the transformations are diffeomorphic and thus invertible, their combination at
all angles is not guaranteed to preserve volume. However, at each angle the projected
volume is constrained by the measurement. The last reconstruction can be performed
using a different (smoother) FDK filter, as done in this work. Alternatively, any other
reconstruction method that accepts the estimated b-spline fields as input can be used to
obtain the final result.

We note here that the filtered backprojection BP and forward projection FP ray tracing
operators do not model the physics of the acquisition process fully (e.g., no resolution loss
or spectral information is considered), and therefore the calculated loss is a combination of
data discrepancy due to patient motion and imperfect modeling. To minimize the effects
of these discrepancies, after log-conversion the measured projection data should ideally
be processed to correct for the presence of scatter and beam hardening. Masking out the
background signal in the projection data also helps by eliminating the effect of streak
artifacts in the air in the image domain that could hinder algorithm performance.

5.2.2 Estimation of b-spline fields
The objective of the second phase in the algorithm 2 is to minimize the mismatch between
the forward projection of the reconstructed image after deformation and the measured
projection at each angle, by optimizing the sparse parameters 𝑑. We use gradient descent
to solve this minimization problem. The gradient to update the b-spline field 𝑑𝑛,𝑘 is given
by the partial derivatives of the objective function:

𝜕
𝜕𝑑𝑛,𝑘

=
𝜕

𝜕𝑑𝑛,𝑘
‖𝑃𝑘 −FP𝑘(𝐼𝑛 ◦𝐷𝑛,𝑘)‖1. (5.1)

A similar approach of optimizing parameters by minimizing the data fidelity function in
the projection domain was previously used by Wang et al. [20]. However, our approach
differs in two key ways: we do not require multi-phase projection data for the optimization,
and we also use automatic differentiation, a computational technique used for numerical
optimization, to compute necessary gradients. Automatic differentiation applies the chain
rule to calculate the derivatives. Therefore, as long as any operation in the chain can be
composed of functions for which their analytical derivative is known, such operation will
also be differentiable. In strict mathematical sense, the derivative of the L1 loss is not
defined at 0, however, it is often assumed 0, as it would mean that no change is required
to further reduce the loss value. Our choice of L1 loss as the cost function as opposed
to, e.g., MSE loss, is driven by the fact that the derivative of L1 loss with respect to each
parameter is always 1 or -1 and does not decrease with decreasing difference between
current estimated data and measured data, ensuring that even small mismatches contribute
to parameter update but large differences due to possible artifacts do not dominate the
loss value. We use ADAM optimizer to adaptively and independently reduce the step size
for each element in the b-spline field as it converges to a stationary value [21]. The used
ADAM optimizer is provided by PyTorch and has the following parameters: learning rate
𝛾 = 0.0001, 𝛽1 = 0.9, 𝛽2 = 0.999, weight decay 𝑤 = 0 [19].
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The requirement that each operation needs to be differentiable for the automatic
differentiation to work means that the forward projection operation (FP) that projects a
3D voxelized volume into a 2D pixelized projection requires special attention. Despite
the fact that it can be formulated as a chain of simple algebraic operations, this would
be highly inefficient. In our previous work, we have shown that if the forward projector
operator FP is the Hermitian adjoint to the backprojector operator BP, the calculation of
the derivative of FP requires applying BP to 2D images of the same size as projections
filled with gradients that are known by following the chain rule from latter operations in
the forward pass. This allows us to use the existing projector implementations with only
minor modifications [22].

Similar to any other gradient-based optimization method in high-dimensional space
where limited data leads to an underdetermined setup, our approach is not guaranteed to
converge to the global optimum. The final solution is a result of local optimization that
reduces the data mismatch in the projection domain but is not necessarily the best solution.

5.2.3 Volume transformation in the image domain
A crucial part of our method is the ability to transform 3D volumes in a non-rigid manner in
such a way that this transformation is reversible and differentiable using accurate analytical
derivatives. The transformation by sampling of a 3D volume 𝐼 requires a 3D grid 𝐷 of the
same size as 𝐼 , where each component −1 ≤ 𝛿𝑖 ≤ 1 indicates the relative position in three
directions of the voxel in the original volume 𝐼 that is needed to obtain the value of the
matching voxel in the new volume. Jaderberg et al. showed that this sampling operation
can be efficiently implemented using textures on a GPU with bicubic interpolation [23].
They also proved that this sampling operation is differentiable, and therefore, it is possible
to backpropagate the error to update each 𝛿𝑖 to reduce the loss function.

Nevertheless, this operation comes with a downside due to the additional bicubic inter-
polation in the image domain, which combined with the interpolation due to upsampling of
the b-spline fields leads to some resolution loss. In this work, we decided that chaining two
simple, already-available components in favor of implementing a highly complex operator
that combines the deformation with the projection operators was a sound trade-off.

5.2.4 Diffeomorphic transformation
In general, the sampling grid 𝐷 can be constructed or modified in such a way that the
transformation is not reversible. We employ the scaling and squaring method from the dif-
feomorphic demons registration algorithm to construct the sampling grid as a composition
of deformations with smaller spatial changes, approximating the exponential mapping that
ensures that the resulting composite deformation is reversible and differentiable [17, 24, 25].

5.2.5 Sparse and dense representations of the image transfor-
mation

Looking at the overview of the method presented in subsection 5.2.1, we require a 3D
grid 𝐷𝑛,𝑘 for each projection 𝑘 and each of the 𝑥𝑦𝑧-components of 𝐷𝑛,𝑘 is as large as the
reconstructed volume. It is computationally not practical to store all this information for a
clinical dataset at a useful resolution. Hence, we need a way to use smaller sparse field 𝑑𝑛,𝑘
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Figure 5.1: Breast phantom for ultrasound, mammography, and MRI, CIRS Model 073, positioned in the gantry
of the breast CT scanner with attached sticky tape. The transparent part of the photo depicts the approximate
deformation of the phantom.

that can be used to calculate the dense field 𝐷𝑛,𝑘 on the fly. This operation also needs to
be differentiable using analytical differentiation so that we can update 𝑑𝑛,𝑘 using gradient
descent. One way to perform this operation is to use 3D convolution using a 3D cubic
b-spline kernel 𝐵. Such a (3D) cubic b-spline kernel can be seen as a (3D) convolution of a
rectangular function with itself three times [26]. Given a sparse field 𝑑𝑛,𝑘 with a 3D cubic
b-spline kernel 𝐵, the resulting dense field is a convolution operation:

𝐷𝑛,𝑘 = 𝑑𝑛,𝑘 ∗ 𝐵. (5.2)

We use the Airlab library for densification of the field and to ensure that the transformation
is diffeomorphic. This implementation allows error backpropagation and therefore can be
used for automatic calculation of the gradient [27]. Even though the enforced diffeomor-
phism and sparse representation add constraints on possible image transformations, we still
consider our motion-artifact reduction fully model free and data driven. These constraints
are forming a regularization that reduce the likelihood of overfitting on noise rather than
excluding anatomically plausible image transformations that can be approximated using
these assumptions.

5.2.6 Runtime analysis
We can provide a theoretical analysis of expected runtime using algorithm 2. For each
angle 𝑘 at each iteration 𝑛 of the method, one FP and two BP (FDK and backpropagation)
operations are performed, similar to what is required for a maximum likelihood iterative
reconstruction algorithm. Additionally, the transformation that includes densification of
sparse b-spline fields is combined with application of scaling and squaring algorithm as
well as image resampling (denoted by ’◦’) is computed twice. Therefore, the total time to
process each angle is as follows:

𝜏𝑘 = 𝜏𝐹𝑃 +2𝜏𝐵𝑃 +2𝜏𝑡𝑟𝑎𝑓 𝑜+𝜏𝑏𝑎𝑐𝑘𝑝𝑟𝑡𝑟𝑎𝑓 𝑜 +𝜖, (5.3)

where 𝜖 is the time required to perform the remaining mainly algebraic and tensor opera-
tions, such as addition of reconstructed images and loading correct geometry configurations.
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Runtimes 𝜏𝐹𝑃 and 𝜏𝐵𝑃 are dependent on the implementation of the projector operators used
and system geometry; however, since the FP and two BP operations are performed just for
a single projection angle, their combined runtime is expected to be much lower than 𝜏𝑡𝑟𝑎𝑓 𝑜.
The densification operation is implemented using 3D convolution of the sparse field with a
b-spline kernel and its runtime depends on how sparse the fields are chosen and volume
size, with denser sampling decreasing the cost due to the smaller convolution kernel this
requires. In general, this time depends on the number of the of steps in the scaling and
squaring algorithm. The time 𝜏𝑏𝑎𝑐𝑘𝑝𝑟𝑡𝑟𝑎𝑓 𝑜 needed to backpropagate the error back to the sparse
b-spline field is closely related to it. We can omit inverting the image transformation
from the calculation, since it is just an additional multiplication with -1 in the scaling and
squaring method that ensures diffeomorphism in the densification step.

5.3 Materials and Methods
We demonstrate the performance of our method using a simulation study with a digital
breast phantom and by applying it to real scans of physical phantoms and clinical cases.

5.3.1 Simulation study
Motion simulation
Realistic linear attenuation coefficients were assigned to skin, adipose, and fibro-glandular
tissues in a digital breast phantom [28]. The non-rigid deformation without rotation and
translation at each angle 𝑘 of the phantom was given by the following affine matrix:

𝐴𝑘 =
⎛
⎜
⎜
⎜
⎝

1 𝑡𝑘 𝑡𝑘 0
0 1 0 0
0 0 1 0
0 0 0 1

⎞
⎟
⎟
⎟
⎠

(5.4)

The corresponding maximum transformation was achieved at projection angles 75 and
150. The object kept its original shape for the first and last 75 projection angles. The shape
of the object between projection angles 75 and 150 varied between both extreme states
according to the function in Fig. 5.2. The digital phantom was deformed individually for
each of the 300 projection angles using SimpleITK with the linear interpolation option
[29].

Monochromatic simulations were performed at an energy of 30 keV using the geometry
of the Koning 1st generation breast CT scanner described in more detail in the following
section. The projections were corrupted by Poisson noise with mean 6 ⋅ 105 in the air,
similar to the noise level observed in clinical scans on the simulated system.

Motion-artifact reduction
The sparse b-spline field was initialized with zeros and had the following dimensions at
each projection angle: 3 x 22 x 29 x 29. Here, the first dimension corresponds to the X, Y,
and Z components of the deformation parameters. Ramp filter was used to reconstruct all
images, i.e., the initial reconstruction affected by motion artifacts and resulting images at
each iteration.
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Figure 5.2: Parameterization of deformation given by (5.4). The object has its original shape in the first and last
quarters of the scan. The maximum deformation is achieved at projection angles 75 and 150.

We tracked the L1 loss in the projection domain as function of iteration number to
verify that the empirical stopping criterion defined in section 5.2.1 is an appropriate choice
for this method. The sum of all image intensity values was tracked in both the static
position and the deformed position at the first angle to examine volume preservation after
motion-artifact reduction. Moreover we investigated whether the resulting b-spline image
transformation is correlated to the motion field applied to the object in the object space by
plotting the values of a single parameter as a function of projection angle.

Finally, we used the resulting parameters in an iterative reconstruction method, specifi-
cally in maximum-likelihood in transmission reconstruction (ML-TR) [30], to show that
the estimated b-spline fields can be used with any reconstruction method.

5.3.2 Physical phantoms and clinical cases
The data acquired on three different breast CT systems consists of six datasets: two
measurements of physical phantoms with known types of motion and four patient scans
without specific information on motion patterns. Table 5.1 lists important parameters of
each breast CT system; table 5.2 provides information about each measurement.

Both phantom images were acquired using the Koning 2nd generation breast CT scanner.
The first phantom, a dry orange, is as the name suggests a solid dried out orange with
distinct fiber structures. It was mounted on coupled translational stages that moved in
horizontal and vertical directions separately in a loop. The dry orange was attached with
tape that caused the orange to oscillate in the air leading to motion that was not quantifiable.
While this motion was rigid, it could not be modeled by only using translations. The motion
artifacts were reduced using the fully non-rigid empirical motion-artifact reduction method.

The second physical phantom was a multi-modal breast phantom (CIRS Model 073
[31]) compatible with ultrasound, mammography, and MRI. This phantom material is
easily deformable, so in order to simulate non-rigid motion, it was placed into the gantry
with a long piece of tape attached near the nipple as shown in Fig. 5.1. The tape was
pulled to deform the phantom before the start of the acquisition, and was then released
approximately halfway through the scan, leading to a measurement with non-rigid motion.
In addition to visual inspection, a homogeneous area of this phantom was used to evaluate
the noise texture before and after motion-artifact reduction by computing the noise power
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spectrum (NPS). The NPS was obtained by calculating the 2D NPS inside a 97𝑥97 ROI for
11 consecutive slices and averaging the results. Each slice was detrended to remove any
remaining cupping artifact by fitting a plane. To obtain the 1D NPS from the 2D NPS,
rotational averaging was performed. Sample distribution before signal averaging was
propagated to estimate error bars.

The next two scans, RUMC P1 & P2, were acquired with a Koning 1st generation breast
CT scanner. We suspect that they are affected by sudden motion of large amplitude during
the scan. A rough estimate based on the double appearance of the skinline indicates motion
of approximately 1.6 mm and 4 mm, respectively. The main differences relevant for our
experiments between the Koning 1st generation system, used for these patient images, in
comparison to the Koning 2nd generation system, used for the phantom images, are the
larger pixel size (0.388 mm vs. 0.152 mm), smaller magnification factor (1.42 vs. 1.58), and
higher number of projections (300 vs. 225).

The last two scans, UC Davis P1 & P2, were acquired at University of California, Davis,
with the "Doheny" breast CT system [5, 32] using relevant acquisition parameteres as
detailed in Table 5.1. Also here the motion is suspected but not confirmed. The main
difference between the Doheny scans and the RUMC cases is the higher noise level in
the Doheny cases resulting from inherently higher spatial resolution utilized during the
acquisition.

Clinical results in this work were generated using the FDK algorithm, although our
motion-artifact reduction method is compatible with any reconstruction algorithm as
shown in the simulation study. This is because motion is only relevant to the geometric
transformations performed by the projector and backprojector operations, and is therefore
effectively independent from any other aspects in a reconstruction algorithm. As mentioned
before, for b-spline fields estimation the FDK algorithm was applied with a ramp filter,
additionally, except for the log-conversion, we did not apply any pre-corrections. We only
applied a beam hardening correction to the projections for visualisation of final results
according to [33].

5.4 Results
5.4.1 Simulation study
Motion-artifact reduction
Analysis of the average L1 loss over all 300 projections of our simulation experiment is
shown in Fig. 5.3a. We observe fast decrease of the L1 loss value in the beginning before it
slowly approaches the lowest value. After a certain number of iterations it starts to increase
again but does not reach the original L1 loss value. This graph validates our stopping
criterion defined by the first iteration when the L1 is not decreasing by more than 1%. In
that case, it is the sixth iteration.

We investigated the intensity and volume preservation of the method in Fig. 5.3b. It
shows that if the final result is obtained without additional transformation to one of the
angles, intensity starts decreasing after a couple of iterations due to volume shrinking.
However, when this additional transformation is applied, the overall intensity remains
relatively stable for longer periods of time. Small increase of the overall intensity is caused
by better delineation of the linear attenuation coefficient on the interfaces between skin,
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Figure 5.3: (a) L1 loss as function of iteration number in the projection domain. (b) Sum of all intensities inside
the breast in the image domain as function of iteration number. The dotted line corresponds to the sum of all
intensities in the motion-free reconstruction.

W/L: 0.085, 0.285 1/cm

correctedground truthuncorrected

Figure 5.4: Application of proposed algorithm to remove motion artifacts due to non-rigid deformation in a digital
breast phantom. Structures in the corrected image appear similar to the ground truth image.

adipose, and fibro-glandular tissues.
Fig. 5.4 presents the results of application of six iterations of the proposed method

to remove the motion artifacts from the transformed digital phantom. The characteristic
blur caused by motion is reduced, enhancing the delineation of the structures. Therefore,
the fibro-glandular structures recover their shape and become visually very similar to
the ground truth. However, the corrected image does not attain the shape and location
of the ground truth image entirely as is shown in the left difference image in Fig. 5.5.
Black contours on the left and white contours on the right indicate that the corrected
image is laterally shifted even after motion-artifact reduction. We performed b-spline
registration of the corrected and ground truth images using the BRAINS framework in
Slicer 3D 5.6.2. [34, 35]. When the difference image is calculated using registered images,
the inner structures appear to be almost perfectly matched.
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W/L: 0.079, -0.004 1/cm
difference:

not registered registered

corrected - ground truth

Figure 5.5: The difference between the corrected and ground truth images with and without non-rigid registration
to ground truth.

Deformation parameters
Three raster images in Fig. 5.6 display X, Y, and Z components of the resulting sparse
b-spline field at projection angle 150. The bottom right panel shows the X, Y, and Z
components of one specific sparse parameter as function of projection angle indicating
that the found parameters do not match with the motion vector field applied to the breast
phantom, thus leading to unmatched position in Fig. 5.4. The raster images support this
claim since Z and Y components would need to be zero everywhere if the b-spline fields
correlated to the deformation matrix in (5.4). Additionally, despite the mismatch there is
no visual indication of this in the reconstructed volume.

Reconstruction using iterative method
Fig. 5.7 shows the results of iterative reconstruction using the estimated b-spline fields.
The number of iterations was 50 in all three cases. Notably, the image blur due to motion
is significantly reduced and the shape of the inner structure closely resembles the inner
structure of the motion-free ground truth image.

5.4.2 Physical phantoms
Rigid motion
Fig. 5.8 shows uncorrected, corrected, and static scans of the dried orange. All three images
were reconstructed with the same FDK kernel according to table 5.2 and are displayed
with the same window width/level (W/L). Overall, we observe sharpening of skin and
fibers inside the orange. Ghosting artifacts, especially in the right part of the image, are
significantly reduced and fibers do not appear as doubled lines anymore.
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corrected ground truthuncorrected

W/L: 0.08/0.29 cm-1

`

Figure 5.7: ML-TR reconstructions of the breast phantom without and with motion-artifact reduction. Ground
truth image is shown for comparison. Blurring due to motion is reduced when motion-artifact reduction is
applied.
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W/L: 0.24/0.17 cm-1 

uncorrected corrected static

Figure 5.8: Application of empirical motion-artifact reduction to a scan of a rigidly moving dried orange. Compa-
rable slice made with a static acquisition is depicted in the right column. The skin appears thinner and brighter
on the corrected image. Additionally, ghosting artifacts of the inner structures are removed.
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Figure 5.9: Application of motion-artifact reduction to a scan of a non-rigidly deformed ultrasound phantom.
Comparable slice made with a static acquisition is depicted in the right column. The line profiles are shown in
Fig. The bottom panel shows maximum intensity projection through each volume.

Non-rigid motion
Fig. 5.9 demonstrates that our method successfully reduces motion artifacts from a scan
of an object that was non-rigidly deformed during the acquisition. We observe notable
improvement in the lower part of the image, where a denser spiculated object A separates
clearly from the skin and looks more similar to its depiction on the static phantom when
motion-artifact reduction is used. Another improvement is visible in the left part of the
image, where a nodule B takes the correct form and is connected to the rest only in two
places.

Because our method reconstructs the image at some (weighted average) position that
is different from the position of the object during the static scan, as shown in section 5.4.1,
some anatomical structures in the corrected images are not aligned with the static scan but
can be found in other slices in the image.

The quantitative analysis of noise texture using NPS confirms the visual impression
that the homogeneous region in the corrected image appears to have the same structure
when compared to the uncorrected image. Fig. 5.10 shows that, in fact, the frequency
content remains the same when the method is applied.

However, not all structures could be restored and there still exists large differences in
appearance between corrected and static images, e.g., a combination of bright and dark
circles C in the lower right part of Fig. 5.9. Even a few slices above or below the same
structure does not take the same shape as in the static scan, although it can be found. To
verify that all structures that can be detected in the uncorrected scan can also be found in
the corrected scan, we resliced the images and calculated the maximum intensity projection
(MIP). The resulting MIP projection is shown in the bottom panel of Fig. 5.9. By comparing
all three images it becomes apparent that no additional structures are added to the scan
when the method is applied but also no structures are missing. The shapes of structures
at the bottom and at the right approach their true shape. Nevertheless, the static scan
still outperforms the corrected image in both sharpness and visibility of structures. The
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Figure 5.10: Noise power spectrum in the homogeneous region of the ultrasound phantom. The proposed empirical
motion-artifact reduction does not change the noise structure.

depiction of the denser sphere inC improves only slightly, with a brighter core in the center
and it remains prolonged even when the empirical motion-artifact reduction is applied.

5.4.3 Clinical cases
Motion-artifact reduction
The result of the application of our method to two clinical cases acquired with the 1st
gen. Koning breast CT is displayed in Fig 5.11. In both cases we observe repaired skin line
depiction when reconstructed with motion-artifact reduction. Furthermore, the glandular
structures become sharper and take on a well-defined shape. It is important to point out
that high-contrast objects such as a calcification or blood vessels in the second patient are
not affected by the method and remain unchanged both in intensity and location. We also
want to point out that the black stripe of what seems adipose tissue along the skin is not
an artifact due to our method but is caused by a non-linear detector response at the higher
exposure levels. It is evident since this effect is also visible in uncorrected scans although
not as clear as on corrected images due to motion blur.

Fig. 5.12a shows the uncorrected and corrected images of the UCD_P1 clinical case after
six iterations. The skin line has uniform high contrast appearance when reconstructed
with our method. Moreover, all inner structures can be found at the same locations but
they appear sharper. The majority of interrupted lines of fibro-glandular structures in the
uncorrected image are connected again in the corrected one.

The mean loss for this case has decreased from 0.4312 to 0.4107 as shown in top panel in
Fig. 5.12b. The bottom panel of the same figure shows that the improvement was achieved
for all projection angles. This figure tells us that the reconstruction was consistent with
the first third of the projection angles as the loss at the first iteration has barely decreased
in this region. However, after only three iterations the improvement is substantial for all
angles. We can see almost no change between iterations five and six, indicating that the
iterative process can be stopped as is does not lead to improvement.

Image quality improvement after application of the empirical motion-artifact reduction
method can also be observed for the second clinical case from UC Davis in Fig. 5.13.
Again, we see sharpening of the structures and better depiction of the skin line. From the
qualitative analysis of the projections, we hypothesize that the patient most likely exhibited
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RUMC_P2RUMC_P1

W/L: 0.1/0.28 cm-1

correctedcorrecteduncorrected uncorrected

Figure 5.11: Application of empirical motion-artifact reduction to the two clinical scans acquired with a first
generation Koning breast CT system. Restored skin line and increased sharpness of inner structures can be
observed for both patients in different views.
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Figure 5.12: (a) Application of motion-artifact reduction to clinical scan UCD_P1. (b) Recorded loss as function of
iteration number and loss per projection when applying the method to clinical case UCD_P1.
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UCD_P2
W/L: 0.075/0.16 cm-1

uncorrected uncorrectedcorrected corrected

Figure 5.13: Application of empirical motion-artifact reduction to clinical scan UCD_P2. There is clear improve-
ment in the side view where the locations of the blood vessels remain unchanged but the tissue is better attached
to the skin towards the nipple as indicated by red arrows.

sudden vertical motion towards the end of the scan that resulted in "detached" skin near the
nipple that can be seen in the axial view highlighted by red arrows. Our method identified
the location of this artifact but could not fully resolve it in the anterior region of the breast
near the nipple where this detachment is the largest. The sudden vertical motion is the
likely cause of the double appearance of a calcification ring shown in the axial view. Our
method restores the shape of the ring and surrounding fibro-glandular tissue.

Runtime analysis
We performed the detailed runtime analysis of patient UCD_P1. This acquisition consisted
of 492 projections of 924×768 pixels, and the reconstructed volume size was 300×500×500
voxels. Sparse b-spline field describing the image transformation at each projection angle
had the following shape: 3×27×44×44 - the sparse coefficients were placed approximately
every 11 voxels in each direction. The overview of the time required for each operations is
presented in table 5.3. In each iteration, the estimation of b-spline field took around 400
seconds and the image update took 255 seconds with non-optimized research-level code: all
492 projections were processed sequentially on a Nvidia A6000 GPUwithout any operations
performed on the CPU. When estimating the b-spline fields, the FP operation required in
total less than 0.5 seconds, while combined time to densify the b-spline fields, apply scaling
and squaring, and deform the image took 177 seconds. The error backpropagation took
220 seconds, which included the BP operation and error backpropagation through scaling
and squaring algorithm and 3D convolution of sparse b-spline fields. The remaining time
was spent mainly on algebraic operations and memory manipulations. In the image update
phase, the BP operation took in total 5 seconds. The time needed for image transformation
remained unchanged.
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Table 5.3: Time required to perform a single iteration of the method on UCD_P1 case.

Component Time (s)
FP (𝜏𝐹𝑃 ) 0.5
BP (𝜏𝐵𝑃 ) 5
Transformation (𝜏𝑡𝑟𝑎𝑓 𝑜) 177
Backpropagation transformation (𝜏𝑏𝑎𝑐𝑘𝑝𝑟𝑡𝑟𝑎𝑓 𝑜 ) 220
Total time: b-spline fields estimation 400
Total time: image update 225

5.5 Discussion
We developed a data-driven non-rigid empirical motion-artifact reduction algorithm for
dedicated breast CT that can potentially also be applied to any type of cone-beam CT. Our
method is model-free and, therefore, does not require knowing the type or amplitude of
the motion in order to fit its parameters during motion-artifact reduction. Unlike deep
learning-based motion compensation methods, we also do not require large datasets of
cases with known motion for training. Therefore, the presented method can be applied to
novel imaging modalities for which the size of existing datasets do not allow training of
neural networks. We demonstrated the independence from both acquisition parameter and
motion type by applying the developed method to three different implementations that
use different x-ray spectra and dose levels as well as to a digital phantom [36]. In all cases,
the method was able to correctly recognize and significantly reduce motion artifacts.

We verified the correctness of this method by performing a simulation study with
known motion pattern. The comparison of the shape of fibro-glandular tissue in Fig. 5.4
suggests that the method is able to correctly identify artifacts due to non-rigid patient
motion and remove them while analysis of the estimated b-spline fields in Fig. 5.6 and the
difference image in Fig. 5.4 indicates that the developed method does not need to recover
the ground truth motion in order to do so.

The evolution of the reconstructed volume seen in Fig. 5.3b shows that we do need to
select a reference position instead of using the average position found by the algorithm.
Practically we used the first position even though this does not correspond to the starting
position during the scan. The reason to select this reference position is that the b-spline
fields that we find are not guaranteed to preserve volume. The existence of the inverse
only guarantees that the Jacobian of the local transformation at a specific point is non-zero
while volume preservation would require the Jacobian to be equal to 1. At the chosen
reference position there is the additional constraint that the projection of the volume needs
to match the measured data, effectively adding a constraint to the volume that does not
exist at the average position.

The versatility of our approach to variations in motion type are evident when examin-
ing scans of physical phantoms that exhibited motion, whether it was rigid or deformable
in nature. Fig. 5.8 and 5.9 show the reduction of motion artifacts. The outer skin line and
overall shape of the objects could always be successfully restored. Moreover, the ghosting
of inner structures disappeared and a large part of the objects inside the phantoms took
their original form. We achieved independence on motion type by using a very general
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combination of b-spline representation combined with diffeomorphic transformation. Al-
though it puts some limitation on the type of motion for which artifacts can be reduced
for, it most probably fully covers anatomically-feasible motion.

Fig. 5.9 and 5.13 suggest that although the method can reduce artifacts with great
success, major motion artifacts cannot be completely eliminated. For example, in the
UCD_P2 case a residual artifact is still present towards the nipple where the skin is still
not attached to the rest of the breast tissue. The performance of our method on the CIRS
073 phantom is satisfactory at best. We explain it by the fact that the method is unlikely
to arrive at the global minimum when performing the optimization. In other words, the
method cannot recover the true object form and motion field that is applied to the scanned
item in the object space. Consequently, not all parts of the reconstructed image become
equally artifact-free as can be seen in Fig. 5.9, where the objects only in the left part of
image took the same shape as in the corresponding static scan. The features on the right
are the average between all acquired discrete realizations of the phantom.

Another limitation of our method that makes its introduction into clinical use difficult
is the long computational time and high GPU memory usage. We believe that the runtime
can be improved in two ways. First, due to the linear run time dependency on the number
of angles, multiple angles could be processed in parallel in both phases. Depending on the
available GPU memory, the runtime could be at least halved in this manner. Second, the
runtime of the most time consuming operation – densification of sparse b-spline fields –
can be decreased further by adjusting the spatial spacing between the elements so that
3D convolution is faster without negatively affecting the performance. Third, the scaling
factor in the scaling and squaring method can be reduced on the fly if the resulting image
transformation is expected to be diffeomorphic. Smaller scaling factor will reduce the time
required to densify the parameters and backpropagate the error through this operation.

In our opinion, future research needs to address issues with convergence by, e.g.,
performing both phases of the method using cleverly selected subsets of projections as
it might lead to better results when motion amplitude is large or when high-contrast
objects are present in the tissue. Execution of the method with subset processing could
also be combined with motion detection based either on external sensors or camera data
or by checking that projections are consistent. When motion is detected using a dedicated
method, subsets could be selected based on how well they cover the timepoint when
motion has happened. Given the limited performance observed in regions with the largest
motion amplitude, starting with a rigid pre-correction that can then be further refined by
the presented method and would likely help both processing quality and speed. Another
important aspect to be investigated is the selection of the stopping criterion. The L1 loss
used in this work was chosen empirically, and although it leads to good results on our
datasets, it is not guaranteed to be the best since we lack mathematical proof. Moreover,
the selection of the cost function could depend on anatomy and, hence require a different
stopping criterion. For example, in the presence of highly-attenuating objects such as
bones, in our opinion an additional term in the cost function accounting for edges could be
advantageous.

Finally, we only presented a technical and visual evaluation of our method and the
question whether the improvements we have shown translate to a clinical benefit remains
to be answered. For example, the doubled appearance of the calcification ring in Fig.
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5.13 coupled with visible skin detachment towards the nipple would be a rather obvious
indication of motion artifacts for experienced clinicians that is unlikely to result in misinter-
pretation of the image. The same holds true for the region near the nipple in the corrected
image where the skin is still detached. However, despite the limitations, our method now
allows us to perform motion-artifact reduction in clinical breast CT scans when needed
and thus creating the data that will allow us to demonstrate potential clinical benefit and
to train deep-learning based motion compensation methods if desired. Moreover, perfusion
imaging that relies on artifact-free prior images is now more likely to succeed since the
alignment of artifact-free images is in general an easier task.

5.6 Conclusion
We presented an empirical motion-artifact reduction algorithm that follows joint model-free
motion estimation and image update scheme for cone beam breast CT. We demonstrated
in simulations, phantom studies, and clinical cases that this method is able to reduce major
motion artifacts and substantially improve image quality in all examined cases. However,
there are still remaining residual artifacts due to severe motion present in some cases;
therefore, improvement in the performance on such cases still needs to be addressed.
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6
Approximate vs. exact: the
(un)expected advantage of

approximations

Functional 4D CT imaging including contrast injection can be beneficial when evaluating
pathology. However, acquisition of long image sequences implies the need to use a low dose
per phase to limit total radiation dose. This calls for development of advanced processing
methods that can handle the resulting high image noise efficiently. Noise filters specific for
dynamic imaging can use temporal information to achieve higher noise reduction but have a
high computational cost. In this work, we accelerated an existing clinical 4D noise filter by
making changes to its algorithm that enabled it to run approximately 13 times faster on GPU
compared to a highly optimized CPU implementation without any obvious reduction in its
effectiveness.

This chapter appeared as
� M. Mikerov, S.A.M. Tunissen, K. Michielsen, E.J. Smit, and I. Sechopoulos.
Adaptation of a 4D noise filter for implementation on GPU
8th International Conference on Image Formation in X-Ray Computed Tomography [1].
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6.1 Introduction
Despite significant progress in CT hardware and software that improved image quality
and clinical decision making, standard CT provides only anatomical information of the
patient condition. In many clinical situations it would be beneficial to also obtain functional
information by studying the enhancement with iodinated contrast agents, especially when
evaluating pathology for treatment planning or response.

Usually three- or four-phase functional imaging protocols are implemented in the clinic
for patients with stroke, cardiac ischemia, or liver lesions. They can still be performed
at relatively low doses but have the risk of mistimed acquisitions, resulting in missing
important aspects of contrast dynamics. More densely sampled sequences would eliminate
the risk of missing important points on perfusion curves.

Functional imaging with long sequences consisting of 10 to 30 phases depending on the
protocol comes at the cost of an increased dose. To reduce this, each phase in the sequence
needs to be acquired at considerably lower dose than a standard anatomical CT image.
Noise reduction filters can then be applied as a postprocessing step to enable the extraction
of useful information from otherwise too-noisy images.

Traditional denoising filters can be used in each individual phase, however they often
use information from a small spatial neighborhood, leading to loss of resolution. To solve
this, information from the other images in the sequence can also be used to decrease noise
in the current phase. Therefore noise filters specific for dynamic imaging that leverage the
temporal information such as the 4D similarity filter have been proposed [2].

In this work, we aim to improve runtime of the 4D similarity filter by introducing a
small modification to the algorithm that enables its implementation on GPU. We performed
the first comparison with the exact CPU version and did not notice a performance drop.

6.2 Filter implementation
6.2.1 4D similarity filter
Prokop and Smit introduced a 4D similarity filter to reduce noise in low dose 4D imaging
[2]. The idea of this filter is to find, for each voxel 𝑣 in the image at a given timepoint 𝑡, a
set of voxels {𝑉𝑐} that have similar perfusion curves and use those with the least differences
to calculate an average voxel value that can then be used to update the image.

The search for similar voxels is performed by comparing the perfusion curves of the
voxel of interest 𝑣 (the one being updated) with a large pool of candidate voxels 𝑣𝑐 ∈ {𝑉𝑐}
from the entire image according to how close the temporal mean of each voxel 𝑣𝑐 is to that
of 𝑣. If the perfusion curve of a candidate voxel 𝑣𝑐 is similar according to some threshold
𝑇𝐻 , it is saved in an array 𝐴. When the array is full, it is sorted based on the difference of
perfusion curves and only the best 𝐹𝑆 candidate voxels are used to calculate the average
value for this voxel. This filter can be implemented both on CPU and GPU, but the latter
has not been achieved before. There exist multi-threaded CPU realizations of this filter,
which are already used in clinical practice [3–5].

One of the drawbacks of the 4D similarity filter is long computational times since every
voxel in the image needs to be processed independently. In a typical 320x512x512 volume,
with just 1/3 of all voxels being in the mask, the total number of voxels is around 27 million.
On a 32-core CPU, each core would need to process more than 870 thousand voxels. The
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independence of each voxel invites use of the GPU for this task, since it has many more
cores, which can process even more voxels in parallel. However, we encountered major
problems when implementing the 4D similarity filter on the GPU.

6.2.2 Difficulties of implementation on GPU
In general, low computational times on the GPU are achieved when it is possible to execute
one thread per output element that can run independently from other threads and consists
mainly of arithmetic operations with very limited memory accesses. This is due to the fact
that arithmetic operations need up to 20 times fewer cycles to complete than operations on
device (global) memory. If a high number of memory accesses are required to compute a
single output element, several techniques can be employed. First, one wants to ensure that
memory reads are coalesced, i.e., during the calculation of neighboring output elements,
memory reads from the threads in the same block should be performed in accordance
to memory layout. Second, if multiple threads in the same block can reuse some of the
information, shared memory can be used to specify a user-defined and -maintained cache.
Third, if memory reads are random but there is a high chance of having close spatial
proximity, textures can be utilized due to their large cache, which is checked first before
reading the data from the (slow) device memory.

Unfortunately, none of these optimization techniques are applicable in our problem
since each candidate voxel can be located in a completely different part of the image,
therefore making coalesced memory reads impossible. Moreover, the probability of hitting
the same element is very low, which removes the advantages of using the fast texture cache.
Shared memory cannot be used either since it is not known at execution time whether a
candidate voxel in one of the threads will be reused in another thread within the same
block and, if so, in which one specifically. Thus, it is not possible to save this value in a
structured cache for future use.

Another major limiting factor is the need to sort the selected similar voxels in array
𝐴 according to the difference in perfusion curves. This is difficult due to two reasons. To
begin with, keeping track of sometimes thousands of data pairs (difference and voxel value)
requires sufficient memory that quickly exceeds the amount of fast on-chip shared memory.
Moreover, since shared memory needs to be shared between all threads in a thread block,
it greatly reduces the number of voxels that can be processed in parallel. Thus there is no
other choice left other than accept writes into slow device memory. The fastest sorting
algorithms require on average  (𝑛 log𝑛) comparisons, which can become a large number
for typical settings of the filter. From the computational point of view this method becomes
inefficient on the GPU, since memory reads and writes are done in device memory and
if not all threads in a thread block (warp) have finished their sorting, the core cannot be
released to process another block of threads.

A very straightforward approach to reduce the computational burden due to sorting at
the end is to sort each element at insertion by using, e.g., min-heap structure of size 𝐹𝑆.
With this approach, one does still need to keep the differences and values of 𝐹𝑆 elements.
However, 𝐹𝑆 is almost always smaller than the size of 𝐴 and it can be possible to store all
𝐹𝑆 elements in fast memory. Theoretically, on average the insertion takes again  (𝑛 log𝑛)
comparisons, but now the memory throughput is very high since we are working with
fast shared memory only. In our case, this number will be even lower since the min-heap
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Figure 6.1: A sorted array structure is used to store the average value of voxels within a specific range of differences,
along with the corresponding voxel count required for this average calculation. The insertion and extraction
operations have a worst-case performance of  (1).

structure is sorted before each insertion. Nevertheless, the insertion must be performed
as many times as the number of elements we wanted to have in our original array 𝐴.
Furthermore, element insertion into a heap has multiple if-statements, which increases the
likelihood of branching and therefore they could lead to the cores being idle more often.

6.2.3 Our solution
Based on these algorithmic bottlenecks hindering an efficient implementation on GPU,
we propose a simple change to the algorithm that enables us to work around these issues
and attain fast computational times on the GPU at the cost of a small reduction in the
numerical accuracy of the solution.

Figure 6.1 schematically represents our way of storing the same number of elements as
in the original 𝐴 with limited space requirements and a fixed number of operations ( (1))
on insertion and reading in the worst-case scenario.

As in the original version, a candidate voxel 𝑣𝑐 is considered for future processing only
if the difference between its and voxel 𝑣’s perfusion curves is below a given threshold 𝑇𝐻 .
By carefully selecting 𝑇𝐻 , it is possible to save all good candidate values in a sorted manner
with limited memory resources. Since the end-result of each kernel execution is an average
of 𝐹𝑆 best candidate voxels 𝑣𝑐 , it makes sense to store the average and corresponding count
utilizing as little memory space as possible. Assuming that a typical CT image is in the
range from -1024 to 3071 HU, storing each value using only positive numbers requires
just 12 bits. In case of 32-bit integers it leaves us with 20 bits that can be used to store
metadata corresponding to this number. For us, the only metadata we have for the average
value is the number of voxels that were used to calculate it. Now we only need to store it
in a sorted manner in a small data structure. We propose to create an array 𝐻 of size 𝑁
where each 𝑛-th bin stores the average value of the candidate voxels 𝑣𝑐 with the differences
between 𝑛 ⋅ 𝑇𝐻/𝑁 and (𝑛+1) ⋅ 𝑇𝐻/𝑁 . For example, if 𝑁 = 100, 𝑇𝐻 = 2000, the first bin is
responsible for storing the average value of candidate voxels with the difference between 0
and 19. The size of the array 𝑁 is a trade-off between the intended bin width for a certain
𝑇𝐻 and the number of threads that can run in parallel. For example, for the Nvidia A6000
GPU with 99 KB of shared memory, one can theoretically have 193 parallel threads with
𝑁 = 128 or just 96 threads with 𝑁 = 256 in each block.

6.2.4 Limitations
The changes introduced to the algorithm have a negative effect on the numerical accuracy of
the 4D similarity filter, which is important to understand and to explore possible solutions.
To start, some accuracy is lost when calculating the average due to rounding, since only
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integer values can be stored. Theoretically, one could use fixed point number arithmetic
to mitigate this problem, if one can accept that fewer bits will be used to represent the
integer part of the number or the maximum count will be smaller. Following that, the
width of the bin could be too broad so that almost all of 𝐹𝑆 best voxels can be found in one
of the first bins. If the number of candidate voxels in one of the bins near the start of the
array 𝐻 greatly exceeds 𝐹𝑆 at some locations in the image, the noise reduction will not be
homogeneous across the whole image. When it is not possible to increase the number of
bins anymore due to memory constraints, one could move the array 𝐻 into device memory,
at the cost of increasing memory latency. Alternative solution could be to use the array 𝐻
with non-uniform bin width. This way, the first bins can be made smaller to enable more
granular summation of 𝐹𝑆.

6.3 Materials and methods
We compared the performance of our and commercial CPU implementations of the 4D
similarity filter on simulated CT images of an anthropomorphic XCAT perfusion phantom.
The acquisitions were simulated in low-dose mode (CTDIvol = 1.3 mGy per phase) using
a previously developed and validated CT simulator [6]. The images were reconstructed
using an own implementation of the standard FDK algorithm. To avoid negative values
and allow the custom array structure we applied the following linear scaling to arbitrary
units: AU = (HU+3000)/6. n this preliminary work, we performed very simple analysis
that included quantification of noise reduction in terms of signal-to-noise ratio (SNR) in a
homogeneous region of the liver and estimation of the bias.

The GPU implementation has fewer and slightly different parameters than the CPU
version. Even though we adjusted the parameters according to our understanding of the
filter in order to achieve comparable performance, we note that both filters are not expected
to lead to identical results. The size of array 𝐻 was 128 bins to have a multiple of 32 to
avoid bank conflicts when writing and reading from 𝐻 . Mean squared error (MSE) 𝑇𝐻 was
12800, leading to each bin being 100 MSE units wide. 𝐹𝑆 was set to 100. For each voxel in
the mask, 40 000 candidate voxels were checked.

6.4 Results
Figure 6.2 shows a slice of the original reconstructed phantom and two slices filtered using
the CPU and GPU versions of the algorithm. Both results look very similar in terms of
representing anatomical structures.

We calculated the SNR in the entire liver as we had perfect segmentation from the
XCAT phantom. The GPU version has achieved slightly higher noise reduction than the
GPU version, (SNR increased by a factor of 7.3 and 7.7, respectively). Since the noise is
expected to decrease mainly as a function of the number of averaged voxels 𝐹𝑆 provided
that they are sampled from the same distribution, and unlike in the CPU version, 𝐹𝑆 is not
fixed, we calculated the actually used 𝐹𝑆 for each voxel in the output. Figure 6.3a shows
the actually used 𝐹𝑆 to calculate the average for each voxel in the image. In the whole liver,
we found 𝐹𝑆 to be 126±19 which is higher than the intended 𝐹𝑆 = 100 used in the CPU
version.

No visible bias is observed when comparing images filtered on CPU and GPU. To verify
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Figure 6.2: Comparison of exact CPU and approximate GPU 4D similarity filters. W/L: 200/50 HU.
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Figure 6.3: (a) Actually used 𝐹𝑆 for each voxel measured as a number of voxels used to calculate the average. The
values are clipped at 300. (b) Bland-Altman plot comparing GPU and CPU versions of the filter. The output of the
GPU version is on average lower.

this we constructed the Bland-Altman plot shown in Figure 6.3b. There is a small negative
bias of -6 HU. There appears to be no clear dependency of the difference between two
versions of the filter and voxel grayscale value. Moreover, we observed that both the CPU
and GPU versions introduce either positive or negative bias depending on the location in
the liver or other organs. There is no clear dependency on anatomy, functional or image
properties.

The GPU result can be obtained within 44 seconds on an Nvidia A6000 GPU, which
is on average 13 times faster than the multi-threaded commercial CPU implementation
that is executed on 32 cores, based on the mean of three runs. The Nvidia profiler has also
shown that the L1 and L2 caches are not fully utilized. In order to improve reading from
device memory, we implemented memory prefetching – eight candidate voxels are loaded
from the device memory into registers and are then processed. This modification improved
the utilization of the caches. Better memory utilization increased compute throughput by
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385% and enabled, thus, the execution of the filter within 27 seconds, which is roughly 23
times faster than the CPU version.

6.5 Discussion
Wemodified the original algorithm of the 4D similarity filter in order to avoid GPU-specific
computational constraints. With this wewere able to run it on GPU several times faster than
with highly-optimized multi-threaded code on the CPU. The main change was replacing
the sorting operation by using an ordered hash-like structure that can reside in fast but
limited on-chip shared memory and thereby enabling  (1) writing and reading. However,
we needed to sacrifice accuracy to use this data structure. We performed first tests with
both versions of the similarity filter to study the effect of this accuracy loss.

Overall, both versions produce very similar outputs with comparable set of parameters.
The main difference is a higher level of denoising than anticipated, which is explained by
the fact that 𝐹𝑆 is not a fixed parameter anymore. Therefore it leads to different level of
noise reduction in various parts of the image, as demonstrated. To counteract this effect,
the bin width in the hash 𝐻 could be chosen smaller, therefore enabling more granular
division of candidate voxels and thus increasing the chance of using the sought number of
voxels 𝐹𝑆 for averaging.

An important advantage of our implementation is significantly reduced complexity
of the code. This simplification will enable us to add modifications to the algorithm and
explore additional features such as looking for neighbors in a local region or using different
metrics to select the voxels. Furthermore, our implementation enables the filtering of single
phase in the sequence. An interesting scenario to investigate would be the application of
the filter to reduce the noise in every second or third image in the sequence for calculation
of approximate perfusion maps in clinical situations in which the time of diagnosis is the
main concern, while more images are being processed in the background to update the
perfusion maps with more accurate data.

In this work we performed an initial evaluation of how the filter is affected by the algo-
rithm changes in a digital phantom. At the moment it is not clear whether the introduction
of slightly non-uniform noise reduction throughout the image and different anatomies we
found will have negative effects on the performance of radiologists or further processing
of the images, e.g., to calculate perfusion maps. Based on these initial results we plan to
continue with further analysis of the performance by, e.g., quantifying bias of the perfusion
curves in different anatomies. Such an analysis combined with hyperparameter tuning
must be done in order to ensure correct and trustworthy performance.

6.6 Conclusion and outlook
We implemented a GPU version of the 4D similarity filter that is on average approximately
13 times faster than a highly optimized commercial multi-threaded CPU realization by
introducing a change into the original algorithm to make it more GPU-friendly at the cost
of lowering accuracy. Our modification to the algorithm removed a significant bottleneck
for GPU implementation. Our further non algorithm-specific modification enabled further
speedup by factor of 1.7 compared to the already modified algorithm.
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7
General Discussion

The work I presented in this thesis lays the technical foundation from the algorithmic
point of view for application of dynamic contrast-enhanced breast CT to personalize breast
cancer treatment and monitor the treatment response to neoadjuvant therapy. These
foundational developments were tested and validated using both computer simulations
and imaging of physical phantoms, with the expectation that they will be tested in humans
once patient testing of this new modality begins. Therefore, I can only speculate about
the potential impact of the developed imaging modality on breast cancer treatment and
will do so at the end of this chapter. There I will explain in more detail why the devel-
oped modality can be used for treatment planning and monitoring and what future work
needs to be performed in order to make the research results in this thesis applicable to the
clinic. In the meantime, however, I will recap the key findings and discuss the influence
of the developed methods on low dose DCE CT imaging not necessarily limited to breast CT.

I will start by examining the applicability of Midgley’s decomposition in iterative
model-based image reconstruction. In chapter 2, we demonstrated in a theoretical study
with restrictive assumptions that Midgley’s parameterization into energy-dependent 𝑆-
curves and material specific 𝑎𝑖-coefficients1 is the most accurate decomposition of the
linear attenuation coefficient in the low photon energy range for typical breast tissues. In
accordance with the initial research by Midgley [1], I am confident that it will remain the
most accurate decomposition that separates dependencies on energy and atomic numbers
also for other soft tissues and bones, as long as they do not contain materials with a K-edge
in the relevant energy range. I identify two directions on how this decomposition can be
used in X-ray imaging.

On the one hand, this parameterization can be used in simulations of tissue variability
across different regions of the organ. Since the linear attenuation coefficient in each voxel
is given by five parameters, only five forward projections are required to calculate the
signal on the detector, independent of the number of variations in tissue composition
present in the organ of interest. This is more efficient than the classical approach of
1In chapter two, we combined electron density 𝑁𝑒 and material specific 𝑅𝑖-coefficients into 𝑎𝑖-coefficients to
reduce the number of unknowns from six to five.
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representing certain tissues in each voxel of the image by discrete values, since a very
large number of forward projections is required to calculate corresponding thickness maps
of each material if multiple materials are present. Researchers in my group have already
successfully applied Midgley’s decomposition to simulate tissue variability for applications
in digital breast tomosynthesis [2]. Even when tissue variability is not a requirement but
multiple organs are used in simulations, e.g., in full-body CT, Midgley’s parameterization
will already provide a computational advantage. This parameterization is also superior
compared to decomposition into the effects of photoelectric absorption and Compton scatter
on attenuation of X rays, since there are constraints on the selection of its parameters.
𝑎-parameters in this parameterization are defined in a such way that 𝑎𝑘+1 ≥ 𝑎𝑘 and the
maximum possible 𝑎-coefficient corresponds to the largest atomic number in the modeled
tissue. Therefore, the anatomical feasibility can be easily ensured. Furthermore, the use
of different parameterization methods in simulation and reconstruction is advantageous
when developing new reconstruction algorithms to avoid the exact match between the
models used to simulate projection data and reconstruct it.

On the other hand, the incorporation of this parameterization into iterative reconstruc-
tion of soft tissue without iodine in double-energy setups has shown promising initial
results. This might sound counter-intuitive since the problem to be solved is underde-
termined - five unknowns must be determined from two sets of measurement data. The
explanation why this decomposition still works in reconstruction is the fact that there
is more than a single unique way to achieve the same polychromatic linear attenuation
coefficient, which in combination with the spectrum used, leads to the right value at the
detector. Since the linear attenuation coefficient at some energy rather than the exact
𝑅-parameters is sought, this decomposition leads to the correct result. From the technical
point of view, the easiest way to apply this parameterization is to use automatic differ-
entiation and gradient descent optimization to minimize the data discrepancy between
the forward projected and measured data. The use of automatic differentiation will also
permit incorporation of advanced regularization priors, therefore leading to very accurate
polychromatic reconstruction with desired visual properties in the image domain.

Although this model can be used to reconstruct images of organs not containing K-edge
materials, it fails to do so when such materials are present. In this case, the fact that the
problem is underdetermined makes accurate estimation of the concentration of the material
with the K-edge not possible. Even if the concentration of such a material is incorrectly
estimated, the remaining five parameters can still compensate for it leading to matching
projected and measured data.

The inability to accurately estimate low iodine concentration in breast imaging using
iterative model-based methods and the fact that it would have been possible only at very
high patient dose resulted in us investigating other methods to reconstruct post-contrast
images. In chapter 3, we optimized the image acquisition and reconstruction settings
using the well-known PICCS method. Using PICCS we were able to significantly reduce
the radiation dose required. When I look back at the original problem, I firmly believe that
this was the right decision, not only due to reduced patient dose, but also due to reduced
heating of the X-ray tube in the current realization of breast CT. When we had started
working on this project, we underestimated the latter.

The main technical novelty of our PICCS implementation is the use of the IMPACT
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- single-energy polychromatic reconstruction method. Although it is a computationally
expensive method, its polychromatic nature enables numerically accurate reconstructions
without beam hardening artifacts such as cupping. It opens the doors to intrapatient
longitudinal comparisons even if the studied organ exhibits large variability in size and
shape. It becomes especially important in breast imaging, since the breasts vary largely
not only in size, but also in shape and inner structure. These effects cannot be accounted
for efficiently with a simple single-material beam-hardening correction.

Another advantage of IMPACT as the backend method for PICCS is that it is based on
MLTR, and therefore it models the detector signal as samples drawn from Poisson distri-
bution. Therefore, it achieves lower noise levels in the image domain than other iterative
methods without this assumption or working in log-domain. Despite that, I think that
future research should aim towards incorporating noise-reducing priors while maintaining
numerical accuracy. This becomes especially important since we have demonstrated that
post-contrast images reconstructed with PICCS fully inherit the noise properties of the
prior image. Moreover, we found that high spatial resolution in the prior image leads
to more numerically accurate results in post-contrast PICCS images. We studied spatial
resolution and noise level systematically as a function of the number of iterations and
selected the optimal operating point based on these two characteristics. It is important to
point out that the spatial resolution was optimized using the available data only. One of
the issues with this dataset is that it contained only one object with a very large diameter.
Therefore, we could perform MTF measurements in the image domain on the edges of this
object. The major flaw of this method is the reporting of the final result, i.e., the maximum
spatial resolution. The standard way to report the results of this measurement in literature
is to use the frequency that corresponds to 10% MTF. Although this definition enables
protocol optimization based on a quantitative metric, it remains an open question whether
10% MTF is sufficient to see small objects. In my opinion, in order to define the spatial
resolution of this system, one needs to perform additional measurements with objects of
different sizes filled with various concentrations of contrast agent and define the spatial
resolution as the minimum size that can be detected for each concentration level. This
type of study is known as contrast-detail study and, in general, requires a sophisticated
phantom that, to the best of my knowledge, does not exist for breast CT, yet.

A rather unexpected result presented in chapter 3was the decrease of spatial resolution
defined as frequency corresponding to 10% MTF with increasing iodine concentration in
the post-contrast images reconstructed with PICCS. However, this has a simple explanation.
The higher the concentration of iodine, the larger the difference between the linear attenu-
ation coefficients in corresponding voxels between non-contrast and iodine-containing
phases and the larger the values in the difference image. Since PICCS is trying to reduce the
L1 metric on this difference image, it finds it more difficult to not oversmooth the peak. In
my opinion, this presents the main limitation for the use of PICCS in DCE imaging, where
high numerical accuracy at high spatial resolution is sought. I see two ways to improve
the performance in this case. First, one should aim to achieve the highest possible spatial
resolution in the prior image. Second, the use of a different sparsification transformation
could lead to better performance. However, at this moment it is unclear which properties
would be required for this different sparsification method.

My colleagues are currently working on verifying and testing PICCS reconstruction
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on phantoms with dynamically changing iodine concentration that is known at each time
point. I contributed to the development of this kind of phantoms, although not as a part
of the work presented in the previous chapters. Together with colleagues we developed a
setup that can be used to estimate concentration of iodinated solutions using absorption
of visible light. My contribution to this development was the help with the selection
of optical components and writing software to acquire data from photodetectors. First
results obtained with this new setup have already been published and presented at various
conferences [3–5]. They are well aligned with the conclusions regarding strong points and
drawbacks of the optimized protocol presented in chapter 3.

The main limitation of the study in chapter 3 is that all experiments were performed
on an immobile phantom. It is obvious that patient motion will drastically affect the
performance of PICCS because the change in the linear attenuation coefficients will not be
explained solely by differences in the iodine concentration. While working on this chapter,
we developed a rather straightforward method to compensate for the intraframe motion
by rigid registration of the post-contrast projections to the projections of the prior image.
That this method achieves reasonable efficiency can only be verified once this algorithm
is applied to clinical cases. At the present moment, we have limited knowledge of the
amount of motion and how it would affect the accuracy of the PICCS reconstructions.
Brombal et al. concluded in their study, in which they tracked motion in volunteers in
synchrotron breast CT using optical markers, that the typical range of motion in the vertical
direction is between 0.4 mm and 1 mm over a time span of 40 seconds [6]. Moreover, they
found that the motion patterns are periodic and are caused by breathing. This result is
rather unexpected as it is believed that prone positioning of the patient prevents breathing
motion. This assumption is usually valid only for MRI where breathing is unlikely to affect
low-resolution scans. Despite our own data being limited only to single-phase scans of 10
seconds, we could not observe periodic patterns due to breathing.

After reading the entire thesis, the reader might argue that the results presented in
chapter 4 can be used to perform the first estimation of intraframe motion, but I have
to disagree. The important difference between the motion extracted from DCE-MRI in
chapter 4 and potential patient motion in breast CT is the positioning of the patient. In
breast MRI, both breasts are pending through openings while both shoulders lie on a special
support, offering stability. This stability is missing in breast CT, where only one shoulder
is resting on the table, while, in general, the second shoulder is not touching the surface of
the table. This is not an issue for most patients when a single breast CT scan is performed.
But it might become an issue when the woman has to remain in the same position for
more than five minutes. The next factor that makes the extracted motion not a very good
predictor of motion in breast CT is the presence of motion compensation in DCE-MRI. We
do not have any information about the type of motion compensation methods applied to
the data we used to extract the motion field. Hence, it is quite possible that the data used
in chapter 4 as representative of patient motion is actually the residual motion left after
the DCE-MRI system corrected for the actual patient motion.

Nevertheless, chapter 4 provided a good starting point to add motion to existing digital
phantoms in order to obtain ground truth data for testing motion compensation methods.
However, I do not see further application for this method at this time. As already mentioned
above, the motion vector fields that are extracted from DCE-MRI sequences are usually
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processed with motion compensation methods and do not represent the entire range of
motion. Moreover, the intraframe motion needs to be parameterized to be used as interscan
motion. It is impossible to simulate all possible cases since motion of various magnitude
can happen at any time during the scan. I believe that the methods that are are based on
finite element simulations are superior for adding motion to digital phantoms.

In chapter 5, we introduced a non-rigid motion-artifact reduction method for single-
phase breast CT. This method reduces the motion artifacts by non-rigorously modifying
the volume in order to reduce the L1-metric between the forward projection and measured
data. Although the concept of minimizing data discrepancy is certainly not new, the use
of automatic differentiation to estimate the partial derivative for the update step of each
motion parameter independently is novel. The use of automatic differentiation enabled the
optimization of the motion parameters in a reasonable time. We demonstrated that this
method is successful at mitigating the motion artifacts that can be encountered in breast
CT. I expect that outside of breast imaging this motion-artifact reduction method can also
be successfully applied when scanning anatomies with high contrast using cone-beam CT.
The presence of high-contrast objects simplifies the use of the L1 loss in the projection
domain and gradient descent since there is an easily-findable single update direction that
needs to be followed to reduce the motion artifacts. The application of the developed
algorithm in lung or trauma imaging is an interesting research direction worth pursuing.

Severe motion still presents a great challenge for this method and additional strategies
need to be developed and tested to improve the method. I believe that the most promising
solution to this problemwould be rigid precorrection. It should eliminate the largest motion
components while still maintaining the shape of the scanned object. Along this direction,
future research should be focused on speeding up the algorithm and on incorporating the
motion parameters into iterative model-based reconstruction methods, such as MLTR or
IMPACT.

As it often happens in research, the best results are achieved when they are least
expected. Work in chapter 6 certainly falls into this category. I started working on the
acceleration of the 4D similarity filter to learn a new skill and help a colleague who was
working on another project. In the end, we were able to significantly improve the runtime
of the noise filter while still maintaining its denoising performance. The GPU version of the
4D similarity filter uses a hash-like data structure to store candidate values for calculation
of the average voxel value. This hash-like data structure can be implemented efficiently
on modern GPUs. However, due to its approximate nature it is not possible to match the
outputs of GPU and CPU versions of the filter. In chapter 6, we have shown that both
implementations lead to similar results and I believe that this difference will not have
negative impact. In fact, it is possible that the resulting dynamic data-driven effective filter
strength resulting in the GPU implementation results in better outcomes, but this needs
to be investigated further. Another advantage of the new GPU-based version of the 4D
similarity filter is simplified code, since there are no low-level hardware specific instruc-
tions that make code modification a non-trivial task. Incorporation of neighborhood search
or use of different similarity metrics is rather straightforward. Currently, the modified
version of the filter is already used in research and shows very promising results in stroke
imaging in brain CT scans [7]. The GPU version of the filter presented in this chapter
enables accelerated research on 4D filtering and can find its application in the clinic, when
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time needed to make the diagnosis is crucial. Unfortunately, due to the high degree of
time-domain correlation in PICCS images, we cannot use this filter to reduce image noise
in the developed DCE breast CT. However, if we will find later that the PICCS approach
results in sub-par performance on clinical cases, the use of the 4D similarity filter may
become a viable alternative for low-dose DCE breast CT imaging.

When I started working on this thesis a bit more than five years ago, our goal was
to develop a breast imaging modality to enable numerically accurate dynamic contrast-
enhanced breast imaging at high spatial and temporal resolutions. Now, as I approach the
writing of the end of this chapter, I can say that this goal was achieved. We have a solid
technical foundation to start investigating whether DCE breast CT provides additional
clinical value to other imaging modalities or can even replace them when it comes to
personalizing treatment and monitoring treatment response. I will quickly repeat the main
characteristics of the developed modality and speculate why it can succeed at this task.

Spatial resolution depends on the iodine concentration in the post-contrast images. The
lowest in-plane spatial resolution will be around 0.9 mm−1 at 10 mg I/mL. However,
this resolution is still almost twice than what can be achieved in MRI. At lower iodine
concentrations, the spatial resolution will be higher, making the imaging of large
cancers at the subtumor level possible.

Temporal resolution is limited mainly by the rotational speed of the gantry. In the
current implementation of the breast CT, the gantry rotates at 0.1 Hz, leading to
10 seconds gap between post-contrast images when in 360° reconstruction mode
and around 6 seconds when in 180° + fanbeam reconstruction mode. Although this
temporal resolution is not significantly better than what is possible in DCE-MRI, it
is only limited mechanically and can be improved by focusing development towards
installation of a more stable and faster mechanical setup without affecting spatial
resolution.

Radiation dose is lowered by using sparse sampling and PICCS reconstruction. We could
reduce both the number of projections and the fluence per projection.

Accurate numerical output is provided by the IMPACT reconstruction method that
models the polychromatic linear attenuation coefficient and a scatter correction
algorithm developed by colleagues in the lab.

Low dose2 and high spatial and temporal resolutions are essential components of DCE
breast CT that set it apart from other X-ray based breast imaging modalities or DCE-
MRI. An additional advantage is the accurate numerical output that enables longitudinal
studies. However, all these advantages will not result in DCE breast CT being used for the
envisioned clinical applications if intraframe patient motion plays an important role and
cannot be mitigated.
2Although, many patients will receive radiotherapy, not all women will undergo it. Therefore, we should follow
the ALARA principle. ALARA stands for As Low As Reasonably Achievable and dictates to use the lowest
possible radiation dose that still leads to accurate diagnosis.
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Future work must first and foremost focus on performing a large patient study. The
study must answer the question of whether patient motion has a substantial effect on
numerical accuracy and howwell the same image quality is maintained across images of the
same and different patients. Furthermore, relevant perfusion maps need to be determined.
This process will likely involve development and further improvement of blood perfusion
models in the breast. Currently, the enormous amount of output data cannot be easily
and efficiently interpreted and used to draw clinical conclusions and, therefore, must be
simplified.

Towrap up this work, I want to emphasize that researchers and breast CTmanufacturers
need to work more closely to introduce DCE breast CT in the clinic. However, even when
this imaging modality reaches its final stage and is proven to produce consistently accurate
numerical results, radiologists will need to be convinced to give it a chance. At this moment
there is a general reluctance towards CT perfusion when imaging other organs largely
caused by concerns about radiation dose, and it will not be different in breast imaging. For
DCE breast CT to be successful it either needs to excel in treatment monitoring, which can
only be determined by multiple clinical studies or be the most cost-effective solution at
comparable level of performance to other modalities. In other words, it must significantly
improve the clinical outcome for women with breast cancer. Technical superiority alone
will not be enough, but it is absolutely necessary for this. I firmly believe that the results
in this work can be used to move it several steps closer to achieving this goal.
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Summary

Although breast CT is the only imaging modality that can deliver fully 3D images at high
spatial resolution and without causing patient discomfort, it is not suited for screening
due to its higher radiation dose compared to mammography and DBT. However, because
unlike in MRI the spatial resolution is decoupled from the temporal resolution, the addition
of dynamic perfusion imaging to breast CT opens up new possibilities of using breast CT
to monitor neoadjuvant treatment of breast cancer. This thesis discusses the technical
advancements necessary to accomplish highly accurate dynamic perfusion imaging using
breast CT.

Chapter one provides a General Introduction to the monitoring of breast cancer treat-
ment, dynamic CT imaging, dedicated breast CT, image reconstruction in 3D and 4D, as
well as image noise reduction techniques.

Chapter two explores theoretically whether a more accurate model of linear attenuation
coefficients usingMidgley’s decomposition into five coefficients is more useful than classical
decompositions into just two components. It comes to the conclusion that Midgley’s
decomposition is more accurate for the low-energy range of breast CT, but not practical
for application in reconstruction.

Chapter three presents an optimized protocol for dynamic perfusion imaging in breast
CT to achieve high numerical accuracy in the estimation of iodine content. This is made
possible while using polychromatic reconstruction from sparse data involving just 40
projections. The chapter also discusses limitations causing lower spatial resolution than in
comparable static scans.

Chapter four describes an approach of combining patient motion data that can be
obtained from DCE-MRI sequences to create digital breast CT phantoms with motion. The
generated phantoms are then used to create projection data for better understanding of
motion artifacts in breast CT. Similar artifacts to the ones observed in real clinical data can
be achieved with these simulations.

Chapter five introduces a non-rigid motion compensation algorithm for single-phase
breast CT scans based on transforming the volume using automatic differentiation to match
the reprojected volume and measured projections. The correctness of the method was
verified in a simulation study and its performance was evaluated on real clinical cases
from two institutions. Overall, the algorithm reduces the appearance of motion artifacts.
However, artifacts caused by motion with large amplitude cannot always be fully removed.

Chapter six explores the possibility of using approximations to speed up a 4D noise
filter by making it possible to execute it on a GPU. Old and new versions of the filter are
tested on the same simulated data. The GPU version performs up to 23 times faster.

The thesis ends with a General Discussion, containing the author’s opinion about
the methods presented in each chapter and their impact on dynamic perfusion breast
CT imaging. Moreover, this thesis has a dedicated data management plan, this summary,
author’s CV, and his scientific contributions during his PhD trajectory.
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Samenvatting

Hoewel borst-CT de enige beeldvormingsmodaliteit is die echte 3D-beelden kan leveren
met hoge spatiale resolutie en zonder ongemak voor de patiënt, is het niet geschikt voor
bevolkingsonderzoek vanwege de hogere stralingsdosis in vergelijking met mammografie-
en DBT-onderzoeken. De toevoeging van dynamische perfusiebeeldvorming aan deze
modaliteit biedt echter nieuwe mogelijkheden voor het gebruik van borst-CT om de neoad-
juvante behandeling van borstkanker te controleren, omdat, in de tegenstelling tot MRI,
spatiele resolutie onafhankelijk is van de temporele resolutie. In dit proefschrift worden
de technische ontwikkelingen besproken die nodig zijn om nauwkeurige dynamische
perfusiebeeldvorming met borst-CT te realiseren.

Hoofdstuk één biedt een algemene inleiding over het opvolgen van de behandeling van
borstkanker, dynamische CT-beeldvorming, de borst-CT, beeldreconstructie in 3D en 4D
en technieken voor beeldruisonderdrukking.

Hoofdstuk twee onderzoekt theoretisch of een nauwkeuriger model van lineaire ver-
zwakkingscoëfficiënt met behulp van Midgley’s decompositie in vijf coëfficiënten voorde-
liger is dan klassieke decomposities in slechts twee componenten. De conclusie van dit
hoofdstuk is dat Midgley’s decompositie nauwkeuriger is bij de lage fotonenenergie van
borst-CT, maar niet praktisch toepasbaar in beeldreconstructie.

Hoofdstuk drie presenteert een geoptimaliseerd protocol voor dynamische perfusie-
beeldvorming in borst-CT. Het onderzoek is gericht op het bereiken van een hoge numerieke
nauwkeurigheid van de aanwezige jodiumsconcentratie en een lage stralingsdosis met
behulp van polychromatische reconstructie van slechts 40 projecties. Het hoofdstuk be-
spreekt ook beperkingen die een lagere spatiale resolutie veroorzaken dan in vergelijkbare
statische scans.

Hoofdstuk vier beschrijft hoe beweging van patiënten uit DCE-MRI-sequenties kan
worden geïntroduceerd in digitale CT-fantomen. De gegenereerde fantomen worden vervol-
gens gebruikt om projectiedata te creëren voor een beter begrip van bewegingsartefacten in
speciale borst-CT. De gecreëerde bewegingsartefacten zijn vergelijkbaar met de artefacten
in klinische beelden.

Hoofdstuk vijf introduceert een algoritme voor niet-rigide bewegingscompensatie voor
borst-CT, gebaseerd op het transformeren van het volume met behulp van automatische
differentiatie om het gereprojecteerde volume en de gemeten data op elkaar af te stemmen.
De nauwkeurigheid van de methode werd geverifieerd in een simulatiestudie en verder
geëvalueerd op echte klinische scans uit twee instellingen. In het algemeen vermindert
het algoritme de bewegingsartefacten, maar wanneer ze het gevolg zijn van beweging met
grote amplitude, kunnen de artefacten niet altijd volledig worden verwijderd.

Hoofdstuk zes onderzoekt de mogelijkheid om specifieke benaderingen te gebruiken
om een 4D-beeldruisfilter te versnellen door het uitvoeren op een GPU. Oude en nieuwe
versies van de filter worden getest op dezelfde gesimuleerde gegevens. De GPU versie is
tot 23 keer sneller.
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Het proefschrift eindigt met de Algemene Discussie. Deze bevat voornamelijk de
mening van de auteur over de methoden die in elk hoofdstuk worden gepresenteerd en
hun invloed op dynamische CT-beeldvorming van borstperfusie. Daarnaast bevat dit
proefschrift een datamanagementplan, deze samenvatting, het CV van de auteur en zijn
wetenschappelijke bijdragen tijdens zijn promotietraject.
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Research data management

In this thesis different types of data were used, consisting of phantom images, simulated
data, and retrospective patient images. Each chapter is discussed below.

Chapter two uses simulation data only. Simulation code is published in a Data Sharing
Collection (DSC) in the Radboud Data Repository (RDR) with open access (https://doi.
org/10.34973/27m3-c202, CCO). Chapter two is published with open access.

Chapter three uses only measured data of a physical phantom. Raw projection data
and geometry specifications of the breast CT scanner are archived in their original form
in a Data Acquisition Collection (DAC) in the RDR under closed access (https://doi.
org/10.34973/4ptk-ez10).

Chapter four uses retrospective pseudo-anonymized patient data performed under
CMO 2016-2774, Project 20068. Two extracted usable motion vector fields in this chapter
are archived in a DSC in the RDR (ru.rumc.mmrict_t0000541a_dsc_950, CCO).
Chapter four is published without open access.

Chapter five uses simulation data, measured data of physical phantoms, and retro-
spective anonymized patient data from RadboudUMC and UC Davis. The data from
RadboudUMC used in this research was obtained during the study "Dedicated Breast CT
for Diagnosis of Breast Cancer" (NL55378.091.15). The participants gave consent for the
re-use of their data for other research purposes. The data from UC Davis was approved
by the Institutional Review Board (#214750) at UC Davis. Raw projection data of phan-
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