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SummaRy
In the last decade, deep learning techniques have revolutionized the research field of
computer vision and reinforced data as the key element for predictive model generation.
Also in the medical domain, image processing solutions are increasingly data-driven.
However, the required quantity and quality of image and corresponding label data is
often a challenge in practice.

This dissertation describes a methodology to leverage the power of state-of-the-art
deep learning algorithms bypassing time-consuming, potentially noise-affected and
in its complexity limited manual data annotation. The main application focus is the
removal of cardiac computed tomography (CT) imaging artifacts. So-called forward
models for virtual artifact introduction are developed by incorporating prior knowledge
about the cardiac anatomy and CT imaging physics. They form the counterpart of the
desired deep-learning-based backward models for image enhancement. Artifact-free
clinical data is transformed by the forward models to produce pairs of artifact-perturbed
image data and underlying artifact parameters which serve as basis for predictive model
training. Estimation of artifact parameters is exclusively performed by convolutional
neural networks (CNNs) as these models exploit the low-level statistics of the underlying
medical images. The learned networks are used to detect, quantify and remove artifacts.

The proposed methodology is applied to two clinical relevant problems: coronary mo-
tion and pacemaker metal artifacts. Due to potential burring and concealing of anatomies
and anomalies in reconstructed CT image volumes, artifact reduction is defined as primary
goal. In the first application, a forward model is developed to retrospectively simulate mo-
tion during the CT acquisition. Pairs of motion-perturbed images and motion parameters
are generated. Based on this data, backward models for motion artifact measurement and
motion compensation are learned.
In the second application, a forward model inserts synthetic pacemaker leads into clinical
data without pacemakers. Based on the resulting pairs of metal-free and metal-affected
sinograms, CNNs are trained for metal removal directly in the projection domain.
Furthermore, the backward model is extended to localize metal positions inside the image
volume. In both applications, generalization capabilities of the learned models are verified
on data with real artifacts and with the aid of human observer ratings. In comparison
to existing model-based approaches for artifact detection and removal, similar or even
higher performances are achieved.

Both applications demonstrate that predictive models trained on synthetic data only
can generalize to real-world problems without the need of additional fine-tuning. The dis-
sertation provides a thorough analysis regarding strengths and challenges of labeled data
synthesis based on findings made in the addressed applications. The ability of high-level
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SummaRy

label generation, the data- and the time-efficiency are the main benefits compared to tra-
ditional manual annotation. The understanding of the data acquisition physics and the
system processing enables efficient and high quality data generation. The proposed gen-
eral concept of knowledge-driven forward modeling and deep-learning-based predictive
backward modeling is extendable to different imaging modalities and clinical applications.
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ChapteR 1

I schemic heart disease has been the leading global cause of death since many years ac-
cording to the World Health Organization1 and took more than 9.4 million lives in 2016

alone. This represents about 16.3% of all deaths within this year. In order to examine
what happens inside the patient’s body or, more precisely, in the cardiovascular system,
computed tomography (CT) is routinely applied. This imaging modality combines radio-
graphs from different recording angles for the calculation of a three-dimensional image
volume. Therein, body components like bone structures, soft tissues, blood vessels and
air are visible in characteristic intensities and high spatial resolution. Various hardware
and software developments continually increased the CT image quality within the last
decades, enabling challenging clinical applications like, for instance, coronary CT angiog-
raphy (CCTA). Here, clinical risk markers for coronary artery disease (CAD) like plaque
densities, locations and volumes are extracted directly from the contrast-enhanced CT
image without the need of invasive catheterization [28].

During CT reconstruction, consistency of the acquired projection data across all
recording angles is implicitly assumed. This assumption is frequently violated, for in-
stance, due to cardiac motion or high-density metal implants inside or close to the heart.
Resulting image errors, so-called artifacts, limit the diagnostic value and potentially cause
misinterpretations. In this work, two types of artifacts are addressed - namely coronary
motion artifacts and pacemaker metal artifacts.

(a) without motion
correction

(b) with motion
correction

(c) without metal
artifact removal

(d) with metal
artifact removal

Figure 1.1: Example pairs of artifact-perturbed and artifact-reduced clinical data. Both types, motion (a) and
metal artifacts (c) may preclude the analysis of CT images with respect to cardiac diseases. This dissertation
describes the development of two software solutions for post-processing inconsistent raw projection data in
such a way that related artifacts are suppressed (b,d).

1.1. PuRpose of tHe study
Coronary motion artifacts manifest in arc-shaped blurring and intensity undershoots
(see Figure 1.1a,b). As plaque densities and volumes cannot be reliably determined,
detection and treatment planning of CAD is frequently precluded. The purpose of this
study is to improve imaging quality in order to provide the basis for a better diagnosis.
More precisely, software solutions to identify vessel segments with motion-perturbation,
quantify artifact strengths and compensate coronary motion are aimed for. The thesis,
furthermore, deals with pacemaker metal artifacts which manifest in streak-shaped inten-
sity under- and overshoots combined with motion artifact pattern (see Figure 1.1c,d). Due
to associated concealing of neighboring anatomy, artifact removal is formulated as pri-
mary goal. In addition, localization of metal positions inside the image volume is intended.
1https://www.who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death
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Figure 1.2: Machine learning algorithms build predictive models in a data-drivenway. Two approaches to receive
the required feature and label data for supervised learning are compared. As an alternative to traditional manual
labeling, the software-based synthesis of labeled data is proposed. Artifact-free data is collected as input of
a forward model which retrospectively simulates motion during CT acquisition. By this procedure, tuples of
artifact-perturbed image data, underlyingmotion vectors and the corresponding artifact-free version are created.

This work focuses on deep-learning-based approaches to address the defined objectives.
Deep learning (DL) started to dominate the field of computer vision around 2012 [59]
and reinforced data as the key to artificial intelligence (AI). Based on pairs of input and
output samples, a mapping function is trained in an iterative way to fit the given data.
During test time, the resulting predictive model estimates for each novel input sample
the corresponding unknown output. The accuracy of a predictive model depends on the
representativity of the training data. Especially in the medical domain, correctly labeled
and properly balanced training data in sufficient quality and quantity are hard to get.

Let us, for instance, consider the traditional approach to learn a predictive model for
the detection of coronary motion artifacts (see Figure 1.2, left). First of all, the required in-
put data for supervised learning needs to be provisioned. Due to privacy and data security
regulations which restrict the medical data transfer, collection of sufficient clinical data
may already represent a challenge. As processing of entire 3D data sets may be associated
with memory and data imbalance issues, cross-sectional image slices can alternatively be
used as input features of the predictive model. Corresponding labels have to be manually
assigned by an expert human observer, e.g. a radiologist. Assessingwhich vessel segments
of the coronary artery tree are motion-affected is time-consuming and often not clearly
differentiable. Bifurcations and blurring artifacts have, for instance, similar appearances.
High intra- and interobserver variabilities are the consequence. Besides these drawbacks,
manual annotation is furthermore limited to low-level labels which do not enable learn-
ing of artifact reduction pipelines. For a human observer, annotating ground truth for
underlying motion trajectories based on artifact-perturbed image data is not feasible.

3
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(3) supervised learning

Φ( Ԧ𝑥clean)

Ԧ𝑥clean

Ԧ𝑥syn

Ԧ𝑦syn

Φ−1 Ԧ𝑥real, 𝑓𝜃( Ԧ𝑥real)

𝑓𝜃( Ԧ𝑥syn) ≅ Ԧ𝑦syn
generalization to real artifacts

(4) DL-based artifact reduction on real data

hand-crafted forward model

motion- or metal-perturbed data

artifact parameters (origin)Ԧ𝑥real
? Ԧ𝑦real ?

(1) collection of clean reference data

(2) controlled motion or metal introduction

motion artifact- / metal-free reference data 

predictive model

artifact-perturbed data
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Figure 1.3: A prior knowledge-driven forward model ϕ introduces synthetic motion or metal to clean reference
cases x⃗clean. The resulting tuples of artifact-perturbed data x⃗syn and associated artifact parameters y⃗syn are
used for supervised learning of fθ . The predictive model fθ is integrated into the learned backward model ϕ−1

for artifact removal on real data. Furthermore, predictive models are trained for the tasks of motion artifact
recognition, artifact strength quantification and metal reinsertion (not shown in this Figure).

Labeled data synthesis In this work, the approach of labeled data synthesis is pur-
sued, as an alternative to traditional manual annotation. Figure 1.2 (right) illustrates the
software-based generation of paired data for the particular task of coronary motion arti-
fact detection. The labeled data synthesis is build on a transformation function for syn-
thetic artifact introduction, hereafter called the forwardmodel. It is developed based on an
exhaustive analysis of artifact-perturbed data with respect to artifact origins, different ap-
pearances and potential influencing factors. Physical and mathematical prior information
like the CT acquisition geometry are included into the forward model.

As visualized in Figure 1.3, the forward model Φ takes artifact-free clinical data x⃗clean
as input and delivers a tuple of artifact-introduced data x⃗syn and corresponding target
labels y⃗syn as output. The target labels can, for instance, be the ground truth motion vec-
tors. Based on the synthetic data (⃗xsyn, y⃗syn), a predictive model fθ is trained to estimate
such underlying artifact parameters. The predictive model is integrated into a processing
pipeline which can also be applied on real data x⃗real with unknown underlying artifact pa-
rameters y⃗real. The processing can include, for instance, artifact detection, quantification
and removal. The next chapters will detail the individual steps of this described concept.

As learning of the predictive model is restricted to clinical data with synthetic artifacts,
applicability to real artifacts is crucial. The working hypothesis is formulated that the pre-
dictive models trained on the synthesized data will also generalize to real-world examples.
Based on the applications of coronary motion and pacemaker metal artifact removal, this
hypothesis is to be verified. The transferability to clinical practice is evaluated by manual
image quality assessment of CT image volumes with and without application the resulting
DL-based correction procedures. Furthermore, challenges and benefits of the labeled data
synthesis shall be determined within this work.

4
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1Chapter 1 Introduction

Chapter 2 
Cardiac CT imaging

Chapter 3 
Machine learning

Chapter 4 Recognition and 
quantification of coronary 

motion artifacts

Chapter 5 Removal of 
coronary motion artifacts

Chapter 6 Removal of 
pacemaker metal artifacts

Chapter 7 Discussion, 
synthesis and conclusions

• Acquisition
• Reconstruction
• Imaging artifacts

• Statistical learning theory
• Applications in cardiac CT
• Labeled data synthesis

• Coronary Motion Forward 
Artifact model for CT data 
(CoMoFACT)

• Artifact classification
• Artifact level regression

• Forward model for introduction 
of synthetic pacemaker leads

• Metal shadow segmentation
• Metal shadow inpainting
• Metal reinsertion

• Coronary Motion estimation 
by Patch Analysis in CT data 
(CoMPACT)

• Motion extrapolation and  
compensation

• Labeled data synthesis vs. 
manual annotation

• Outlook

• Purpose of the study
• Structure of the work

Figure 1.4: The chapter organization enables different potential orders of reading. An arrow from one chapter
to another indicates that the latter chapter builds upon the former.

1.2. StRuctuRe of tHe woRK
This work is organized into seven chapters. Figure 1.4 provides a flowchart depicting the
structure of the work and reading dependencies. Following this chapter, introductions
of cardiac CT imaging (see Chapter 2) and machine learning (see Chapter 3) are given.
Readers with extensive knowledge in these fields may skip the block of fundamentals
(highlighted in blue) in part. However, reading of Section 2.3, Section 3.2 and Section 3.3
is recommended. Section 2.3 has to be highlighted, as therein, mathematical and physi-
cal backgrounds of coronary motion artifacts and moving metal artifacts are presented.
Furthermore, the section points out the clinical relevance of the defined objectives and
provides an exhaustive literature overview on existing approaches addressing these types
of artifacts. In Section 3.2, trends in predictive model design and data handling are derived
based on a review of current publications in the research field of machine learning in car-
diac CT imaging. Section 3.3 describes the pursued approach of labeled data synthesis in
detail.

The methodology block (highlighted in orange) is based on previous publications. A
full list of publications incl. invention disclosures and patent applications can be found in
the Appendix. In agreement with the publisher Elsevier, contents of the journal articles are
partially adopted in this dissertation. Tables and Figures taken from published literature
are marked in the List of Tables and the List of Figures, respectively. In order to increase
clarity and comprehensibility of this dissertation, a List of Abbreviations and a List of
Symbols are provided in the Appendix.

The methodological part on coronary motion artifacts is split into two chapters. The
Chapter 4 is mainly inspired by the journal article [69]. It deals with artifact recognition
and quantification and initially describes the Coronary Motion Forward Artifact model for
CT data (CoMoFACT). Building on this, the pipeline for artifact removal based onCoronary
Motion estimation by Patch Analysis in CT data (CoMPACT) is introduced in Chapter 5. The
corresponding journal article is [68]. In the second part of the thesis, a fully automatic
pipeline for Dynamic Pacemaker Artifact Removal and metal reinsertion is developed. The
so-called DyPAR+ is introduced in Chapter 6 and in the journal article [71].

5
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Each methodology chapter X ∈ {4,5,6} is structured as follows:

X.1 Material
Acquisition procedures and pre-processing steps of the artifact-free reference data
x⃗clean and the clinical test data with real artifacts x⃗real are described.

X.2 Forward model
Thegeneration process of the synthetic learning data bymeans of the forwardmodel
Φ is detailed.

X.3 Learned method
This Section includes information about feature sampling, target label assignment,
the supervised learning setup and the integration of the predicted model fθ into the
processing pipeline.

X.4 Experiments and results
An evaluation of the predictive model fθ and the learned processing pipeline on
synthetic x⃗syn and real data x⃗real is performed.

X.5 Discussion
Limitations and potential extensions of the proposed method are discussed.

Strengths and challenges of the proposed procedure on labeled data synthesis compared
to common manual annotation are discussed in Chapter 7 based on the findings described
in the previous chapters. Finally, an outlook on potential further applications in medical
imaging is provided.

6
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C aRdiac computed tomography (CCT) is a non-invasive diagnostic imaging modality
for the assessment of cardiovascular diseases. Clinical applications include
• detection/diagnosis of coronary artery diseases (CAD), aortic dissections, valvular
defects, tumors and congenial heart defects,

• evaluation of vascular integrity, vascular volumetry and cardiac functions,
• preoperative assessment and planning for coronary artery bypasses,
• preoperative planning for device insertion or removal (e.g. coronary stents, pace-
makers or artificial valves).

Due to cardiac motion, a high spatial and temporal resolution is crucial for the diagnos-
tic value of CCT images [2, 13]. This chapter gives an introduction to CT acquisition in
general and dedicated scan modes for cardiac imaging (see Section 2.1). The image re-
construction methods utilized in this work are described in Section 2.2 and a literature
overview on the research fields of coronary motion artifacts and pacemaker metal arti-
facts is provided in Section 2.3.

2.1. Acisition
Photon-matter interaction leads to exponentially decrease of X-ray radiation intensity.
The Lambert-Beer law provides a mathematical model of monochromatic X-ray attenua-
tion. Assuming that photons are passing through an object of thickness η with a constant
attenuation coefficient µ, the radiation intensity at the detector ID is determined by

ID = IS e−µη, (2.1)

where IS denotes the source intensity. It has to be mentioned that scatter effects and
energy dependencies of attenuation values are not considered in this formulation. How-
ever, this simplified model is the basis for the computation of the unknown absorption
coefficients by CT systems.

2.1.1. 3D cone-beam pRojection
State of the art CT scanners are equipped with cone-beam detector systems as schemati-
cally depicted in Figure 2.1. The projection integral is defined by the negative logarithm
of the ratio of the incoming number of photons ID (t ,u, v) at the detector element and the
emitted number of photons IS (t ,u, v) at the X-ray source

p(t ,u, v) =− ln

(
ID (t ,u, v)

IS (t ,u, v)

)
=

∫
[0,1]

µ
(
S⃗ (t )+η

(
D⃗ (t ,u, v)− S⃗ (t )

))
dη. (2.2)

The line integrals represent the sum of attenuation coefficients along X-ray beams. S⃗(t )
determines the source position and D⃗(t ,u, v) the position of detector element (u, v) at time
point t ∈ [tstart, tend]. The variables tstart and tend denote start time and end time of the CT scan.
The continuous model of line integrals is replaced in computer discretization by projection
sums. During image reconstruction, the calculation of attenuation coefficients on a grid of
voxel positions ν⃗ ∈Ω⊂R3 is aimed for. Acquisition is performed for a limited number of
projection views P j . Each projection view P j is associated with a specific acquisition time
point t j and gantry rotation angle γ j = γ(t j ). It is defined as an array of line integrals of

10



CaRdiac CT imaging

2
X-ray 
source

𝑥

𝑦

𝑧

curved 
detector

𝛾

X-ray 
source

curved 
detector

𝑥

𝑧

𝑦

𝛽
𝑣

𝑢

𝑢

𝑣

Figure 2.1: Schematic drawings of the 3D cone-beam projection geometry. Left: The gantry angle γ is given by
the angular position of the rotating X-ray source in relation to the axial plane (x, y) of the fixed patient coordinate
system. Right: The cone-angle β influences the length of a line integral.

detector shape. By vectorizing projection values and unknown attenuation coefficients,
the forward projection, i.e. the Radon transformation R, can be described as a matrix
multiplication:

p⃗ = R µ⃗

l l l
p(t ,u, v) = R{µ(⃗ν)}.

The system matrix R specifies the relation between X-ray beams and voxels. For 3D cone-
beam geometry, ri j is assigned as the irradiated volume of voxel j by beam i . The size of
the system matrix is, therefore, determined by the number of voxels within the pre-defined
grid × (the detector height · the detector width · the number of acquired projection views).

2.1.2. ECG-gated acisition:
In Equation (2.2), the attenuation coefficient is defined as location-dependent variable. The
assumption that the object is static during acquisition does not hold in cardiac imaging.
Due to motion, attenuation coefficients µ(⃗ν, t ) have to be modeled as time-dependent vari-
ables as well. In CT reconstruction, calculation of the image volume at a fixed time point
is aimed for, comparable to a freezed snapshot of the scanned object. However, hardware
constraints and the angular range required for reconstruction restrict the temporal reso-
lution of the CT image volumes. In the following, requirements for performing cardiac
CT scans are described and methods to limit motion artifacts are introduced.

The scan preparation typically includes administration of beta blockers which slow
down the patients heart rate and the application of contrast agent which enhances the
visibility of the blood volume in reconstructed CT images. Besides the cancer risk which
increases with the radiation dose, allergic reactions to the usually iodine-based contrast
dye may occur. Furthermore, limited renal function is handled as contraindication for
contrast-enhanced CT. The acquisition is done during breath hold in order to inhibit pul-
monary motion artifacts. Three different acquisition modes are known which deal with
cardiac motion by exploiting its assumed periodicity using additional ECG information.

11
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Retrospectively ECG-gated spiral acquisition A simultaneous acquisition of ECG
signal and projection data enables the association of each projection view P j with a spe-
cific phase point tcc, j ∈ [0%,100%) within the cardiac cycle. The scan period covers mul-
tiple heart cycles and gantry rotations, as illustrated in Figure 2.2 and stated in [37]. Due
to the data redundancy, reconstruction can be performed at an arbitrary reference heart
phase r . The reference heart phase defines the center of the cardiac gating window which
is described in detail in Section 2.2.2. By means of retrospective ECG-gating, either image
volumes at heart phases of least motion, e.g. in diastolic rest phase, or full-cycle cine-
sequences can be generated.

The spiral acquisition mode combines continuous rotation of the sampling unit in the
x-y plane and a continuous table feed along the scanners z-axis, therefore resulting in a
helical arrangement of the raw projection data. The slice thickness in z depends on the
z-resolution of the detector and the helical pitch, i.e. the table displacement during 360◦
gantry rotation. A lower pitch corresponds to a higher data redundancy, a longer contrast
agent bolus and higher clinical risk as the same anatomic regions are repeatedly exposed to
radiation. Dose modulation, also known as ECG pulsing, is frequently performed to limit
the radiation dose. Under condition of a stable heart rate, 100% dose is emitted during a
selected cardiac window while the tube output is reduced during the remaining parts of
the cardiac circle.

R-peaks

ECG signal

Gating window

Scan period 70% 97% 
Table feed

0 1 2 3 4 5 6 7 8 9 10 11 12
time in secs

0◦

360◦

Gantry angle

0
1

Figure 2.2: Scan information plot of a clinical case with retrospectively ECG-gated spiral acquisition. Projection
data is retrospectively weighted depending on its associated cardiac phase point during image reconstruction.

0
1

R-peaks
Scan period

62% 83% 62% 84% 62% 84% Table feed

0 1 2 3 4 5 6 7 8 9 10 11 12 13
time in secs

0◦

360◦

Gantry angle

ECG signal

Gating window

Figure 2.3: Scan information plot of a clinical case with prospectively ECG-triggered sequential acquisition.
Scanning periods are determined by consideration of previous R-peaks times.
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Prospectively ECG-triggered sequential acquisition In the sequential acquisition
mode, table movement and CT acquisition are performed alternately, therefore resulting
in a circular arrangement of the raw projection data [45, 53]. In a so-called step-and-shoot
scan, the image slice thickness solely depends on the z-resolution of the detector, since
the z-coordinate remains constant for each scanning period. Depending on the detector
height and the patients anatomy, 2-3 scanning shots are commonly combined to achieve a
gapless volume coverage of the whole heart. For each axial slice, the projection data of the
scanning shot closest in z is used during reconstruction. Therefore, in contrast to spiral
acquisition, stack transition artifacts occur.

Scanning periods are determined by a pre-selected target heart phase (see Figure 2.3).
This limits the application scope to patients with low heart rate (≤ 65 bpm recommended)
and without tachyarrhythmia. As minimal angular scan range, 180◦ plus the fan angle
are required for image reconstruction in cone-beam CT. So-called padding, i.e. acquisi-
tion over a wider angular range increases the flexibility in retrospectively choosing the
reference heart phase r for gated reconstruction. Prospective ECG-triggering with its sig-
nificantly reduced radiation doses is currently the most widely used acquisition mode for
cardiac CT [78].

Prospectively ECG-triggered high-pitch spiral acquisition Under condition of a
stable sinus rhythm with low heart rate, CT acquisition with a relative pitch of more than
1.5 for single-source systems or 3.0 for dual-source systems enable gapless volume cover-
age of the whole heart within a fraction of a single cardiac circle [62, 97]. In contrast to
the previous approaches, the image volumes are not reconstructed at a fixed motion state,
but exhibit a phase shift along the z-axis. This acquisition mode is listed for the sake of
completeness only and not applied in this work.

2.2. ReconstRuction
The task of CT image reconstruction corresponds to the inversion of the Radon transfor-
mation R{µ(⃗ν)}. Reconstruction algorithms can be grouped into analytical and iterative
ones. Analytical approaches provide a direct solution of the reconstruction problem by
inverting the Radon transformation. Iterative approaches like algebraic reconstruction
techniques [87] or maximum likelihood reconstruction techniques [60] handle the image
reconstruction as an optimization problem by seeking the optimal fit given the measured
projection data. In comparison, iterative reconstruction approaches are more robust with
regard to noisy, missing or inconsistent projection data, but computationally expensive. In
the following, the thesis focuses on analytical reconstructionmethods based on the filtered
back-projection. However, it should be mentioned here that AI-based artifact detection
and correction methods can also be combined with iterative reconstruction methods.

2.2.1. FilteRed bacK-pRojection
The filtered back-projection (FBP) is the most popular CT reconstruction technique due
to its high computational efficiency. It is based on the Fourier Slice Theorem (or central
slice theorem for 3D reconstruction from 2D parallel projections) which states that the 2D
Fourier transform of a projection view is equal to a plane through the origin in the 3D
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frequency domain of the object function µ. The Fourier slice theorem is usually not di-
rectly applied as inverse Radon transform, because parallelization of data acquisition and
reconstruction is not feasible. Furthermore, the regridding might produce bad interpola-
tion results for the edge-encoding high frequencies. However, the Fourier Slice Theorem
forms the basis for the derivation of the analytic reconstruction methods [14].

The FBP consists of four steps: (1) Fourier transform of the projection data (2) High-
pass filtering in the frequency domain (3) Inverse Fourier transform (4) Back-projection. In
practice, high-pass filtering is performed by a 1D fast Fourier transformation (FFT) along
the detector rows, subsequent application of a band-limited ramp filter and final inverse
FFT. The voxel-driven back-projection operator B is defined as

B{p}(⃗ν) =
tend∫

tstart

p(t , ν⃗) dt (2.3)

where p(t , ν⃗) is the projection integral, which passes through the voxel ν⃗ at time point
t . A zero is assigned to p(t , ν⃗), if the voxel ν⃗ is not hit at time point t . The FBP can
also be expressed as matrix-vector multiplication µ⃗ = B H p⃗ , where the back-projection
matrix B = RT is equal to the transposed system matrix. The high-pass filtering matrix
H = F−1

1DGF1D is a composition of the discrete Fourier transform (DFT) matrix F1D, its
inverse F−1

1D and the ramp filter matrix G . The FBP is associated with the assumptions of
(1) orthogonal projections X-ray beams are of the same length and in parallel-beam

projection geometry,
(2) complete projections The projection data is uniformly sampled over the full re-

quired angular range of 180◦ (in parallel-beam geometry),
(3) consistent projections The projection data is consistent in time, i.e. no motion,

beam hardening, scatter, Poisson noise etc. occurs during acquisition.

2.2.2. ApeRtuRe weigHted caRdiac ReconstRuction
As the previously mentioned assumptions (1) and (3) contradict reality, additional weight-
ing functions are introduced in the aperture weighted cardiac reconstruction (AWCR) to
prevent or suppress corresponding imaging artifacts. The first step of the AWCR is the re-
binning p → pwedge of the input 3D cone-beamprojection data into virtual wedge (parallel-
beam) geometry. Subsequently, the attenuation coefficient µ(⃗ν) of each voxel ν⃗ ∈Ω in the
field of view (FOV) Ω⊂R3 can calculated by

µ(⃗ν) =
tend∫

tstart

wAWCR(t ,r, ν⃗) pfilt(t , ν⃗) dt , where (2.4)

pfilt =F−1
1D

{
F1D

{
wcospwedge

}
g
}

and (2.5)

wAWCR(t ,r, ν⃗) = wc (t ,r )wap (β(t , ν⃗))∑
t j ∈Π(t ) wc (t j ,r )wap (β(t j , ν⃗))

. (2.6)

The high pass filtering in Equation (2.5) is performed in the frequency domain by mul-
tiplying the fourier-transformed, pre-weighted and rebinned projection data with a band
limited ramp filter g . Purpose and design of the weighting functions are described in Table
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Table 2.1: Weighting functions in aperture weighted cardiac reconstruction.

Variable Name Description Function
wcos(β(t , ν⃗)) cosine

weighting
The cosine pre-weighting normalizes line in-
tegrals with respect to their length.

cosine

wap (β(t , ν⃗)) aperture
weighting

The aperture weighting suppresses large
cone-angles to avoid cone-beam artifacts.

trapezoid

wc (t ,r ) cardiac
weighting

The gating window function wc weights line
integral depending on its associated cardiac
phase point.

squared cosine
with compact
support

2.1. For each cardiac cycle, the center of the cardiac gating window is defined by the pro-
jection view with heart phase closest to the reference phase r . The width of the cardiac
gating window is typically chosen as narrow as possible (180◦ in parallel-beam geome-
try) to prevent motion artifacts. For a more detailed description, please refer to [58] for
retrospectively ECG-gated spiral acquisition and [110] for prospectively ECG-triggered
sequential acquisition.

In case of retrospective ECG-gating, the trajectory covers multiple gantry rotations.
Projections that contribute to a voxel under the identical viewing angle are called pi-
partners. For a given acquisition time point t , Π(t ) = {t j |γ(t j ) = γ(t )+ iπ, i ∈ Z} is de-
fined as the set of pi-partners. In Equation (2.6), pi-partner normalization is included, i.e.
the contributions from all redundant projections sum up to one for each angle. For un-
gated CT scans, aperture weighted reconstruction (AWR) is defined by calculating atten-
uation coefficients according to Equation (2.4) with a constant cardiac weighting function
wc (t ,r ) := 1.

2.2.3. Motion compensated filteRed bacK-pRojection
Despite ECG-controlled imaging, cardiac motion frequently leads to artifacts in recon-
structed CT images. Several motion compensation (MC) approaches have been developed
in the last years which deal with motion vector field (MVF) estimation and subsequent
motion compensated filtered back-projection (MC-FBP). The MC-FBP algorithm is an ex-
tension of the AWR/AWCR method which takes estimated displacements during CT ac-
quisition d⃗(t , ν⃗) ∈R3 into account:

µ(⃗ν) =
tend∫

tstart

wAWCR(t , ν⃗+ d⃗(t , ν⃗)) pfilt(t , ν⃗+ d⃗(t , ν⃗)) dt . (2.7)

The MVF d⃗ is usually calculated by: (1) Reconstructing a time-series of CT image vol-
umes, e.g. multi-phase data (2) Enhancement of relevant features, e.g by vesselness or
edge filtering (3) Image registration to estimate the displacement each voxel has under-
gone between a selected reference time point t0 and the remaining reconstruction time
points (4) Interpolation in time domain to cover the temporal projection range required
for MC-FBP. Enhancement features for motion correction can e.g. target coronary arteries
[6, 48, 109], the aortic valve [24] or lung structures [36]. Figure 2.4 compares the concepts
of AWR/AWCR with the MC-FBP and provides an example of motion compensated aortic
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𝑝 𝑡0, Ԧ𝑣
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(a) AWR / AWCR

Ԧ𝑑 𝑡−1, Ԧ𝑣
𝑝 𝑡0, Ԧ𝑣

Ԧ𝑑 𝑡+1, Ԧ𝑣
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(b) MC-FBP

(c) Aortic valve plane;
AWCR

(d) Aortic valve plane;
MC-FBP

Figure 2.4: Schematic drawing of voxel-driven back-projection without (a) and with (b) motion compensation.
The back-projection procedure in AWR/AWCR relies on the assumption that the object is static during acquisi-
tion. (c) Inconsistent projection data caused by motion leads to artifacts in the reconstructed CT image volume.
(d) In case of MC-FBP, moving voxel positions are considered and line integrals are spatially corrected in the
back-projection procedure in order to reduce associated blurring artifacts.

valve imaging. TheMVF contains motion information of each voxel between the reference
time t0 and the time t j each specific projection was acquired. During MC-FBP, each voxel
is moved accordingly before back-projection is actually done, therefore leading to a com-
pensation of correctly estimated motion as demonstrated by Roux [95] and Taguchi [105].
More detailed descriptions on MC-FBP are provided in [96] for ECG-triggered data with
step-and-shoot acquisition, [109] for ECG-gated data with helical acquisition and [54] for
ungated acquisition modes.

2.3. Imaging aRtifacts
CT imaging artifacts, i.e. systematic discrepancies between measured and real attenuation
coefficients , occur whenever the assumptions made in Section 2.2.1 are violated. Different
types of artifacts are known which vary in appearance and origin [5] like

• ring artifacts due to miscalibrated detector elements,
• beam hardening artifacts due to more rapid absorption of low-energy photons,
• photon starvation due to insufficient photons reaching the detector through paths
of high X-ray attenuation,

• Poisson noise due to the quantum nature of X-ray photons,
• partial volume artifacts due to a limited image resolution corresponding to averaged
attenuations within voxels,

• aliasing artifacts due to the limited number of projection views used for image re-
construction,

• truncation artifacts due to objects extending the scan field of view,
• stack transition artifacts due to temporal inconsistencies between scanning shots.

This work focuses on coronary motion artifacts and pacemaker metal artifacts. Section
2.3.1 and 2.3.2 detail characteristics of these artifacts and existing software-based solutions
for their suppression.
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Figure 2.5: Axial planes of a step-and-shoot case (left) and a helical case (right) reconstructed at diastolic rest
phase. Severe motion artifacts at the right coronary arteries (RCAs) are highlighted in red. Cardiac motion leads
to differently shaped artifacts in helical and step-and-shoot CT scans. Motion artifacts in step-and-shoot CT
scans are less complex as merely one coherent angular segment is used for the reconstruction of each voxel. Due
to table movement and multi-cycle reconstruction, motion artifacts have a different appearance in CT scans with
helical acquisition mode.

2.3.1. CoRonaRy motion aRtifacts
The majority of about two-thirds of all cardiac CT scans is performed for diagnosis and
treatment planning of coronary artery diseases (CAD) according to the European MR/CT
Registry 2019 of the European Society of Cardiovascular Radiology1. High quality imaging
of the vascular system is a prerequisite for non-invasive coronary computed tomography
angiography (CCTA) [12, 15, 28, 66]. Here, themain challenge is the suppression of motion
as hardware constraints like the gantry rotation speed and the required angular acquisi-
tion range restrict the temporal resolution of reconstructed CT image volumes. Despite
application of dual source CT systems [92] and ECG-controlled acquisition (see Section
2.1), cardiac motion frequently leads to artifacts in the reconstructed CT image volumes
[31]. Such motion artifacts manifest in characteristic patterns of arc-shaped blurring and
intensity undershoots due to the CT reconstruction geometry (see Figure 2.5) and poten-
tially limit diagnosis or even cause misinterpretations.

Multitudes of software-based solutions for motion artifact detection, quantification
and reduction have been developed in the last decade. A selection of related publications
is listed and compared in Table 2.2. Motion vector field (MVF) estimation and subsequent
motion compensated reconstruction (MCR) are themain components of mostmotion com-
pensation (MC) algorithms. A variety of MCR methods including motion compensated
filtered back-projection (MC-FBP) [96, 109], motion compensated iterative reconstruction
[48] and backproject-then-warp (BPW) strategies [6, 10] are known. The MC algorithms
in Table 2.2 are assigned into registration-based, PAR-based (partial angle reconstruction),
metric-based and image-based approaches.

Registration-based Motion estimation by 3-D/3-D registration of multiple heart
phases has shown great results in the reduction of moderate and severe motion artifacts
[6, 48, 106, 109] but requires an extended temporal scan range which corresponds to in-
creased radiation doses. In [38] a series of CT image volumes with reduced angular range
of 75◦ is reconstructed at the angular positions −120◦, −60◦, +60◦ and +120◦ around a

1https://www.mrct-registry.org/images/ESCR_2019_CardiacMRCTbooklet.pdf
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Table 2.2: Literature survey in the research field of coronary motion artifacts in CCTA images. Publications
are clustered into artifact reduction approaches, artifact detection/quantification approaches and the proposed
approacheswhich are based on syntheticallymotion-perturbed data generatedwith theCoronaryMotion Forward
Artifact model for CT data (CoMoFACT). The artifact removal pipeline relies on Coronary Motion estimation by
Patch Analysis in CT data (CoMPACT). In the second row, symbols (first column) and abbreviations (last column)
are explained.

Publications Purpose Approach Data Term Keywords

Symbols
R: rule-based
D: data-driven
Γ: required
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le Abbreviations
PAR partial angle reconstruction
MC-FBP motion compensated filtered back-projection
MC-IR motion compensated iterative reconstruction
BPW backproject-then-warp
ME motion estimation
TRIM temporal resolution improvement method
MAM motion artifact measure

[109] Stevendaal X X X R X model-based surface reg.; MC-FBP
[48] Isola X X X R X multi-phase elatic image reg.; MC-IR
[6] Bhagalia X X X R X X centerline reg.; subphasic warp and add; BPW
[106] Tang X X X R X multi-phase image reg.; alternating ME and MC-FBP
[38] Grass X X X X R X vesselness filtering; opposite PAR reg.
[56] Kim X X X X X R X linear PAR reg.; metric-based MVF refinement
[98] Schöndube X X R iterative PAR; histogram constraint; TRIM
[93] Rohkohl X X X R X iterative MAM optimization
[40] Hahn X X X X R X PAR; MAM optimization; BPW
[50] Jung X X D X X cross-phase style transfer; image-to-image translation

[112] Šprem X X D X X coronary artery calcification; deep learning
[72] Ma X X X R X fold overlap ratio; low-intensity region score

[26] Elss X X D X X CoMoFACT; deep learning
[25] Elss X X D X X CoMoFACT; deep learning
[69] Lossau X X X D X X CoMoFACT; deep learning
[68] Lossau X X X D X X CoMoFACT; deep learning; CoMPACT

selected center phase. The resulting partial angle volumes are post-processed by first com-
bining high frequencies from the partial scans with low frequencies from a central full scan
and subsequent vessel feature enhancement according to [116]. Dense MVFs are obtained
by elastic image registration of diametrically opposed partial scans as described by Kim
et al. [55]. As described in Section 2.2.3, the original raw projection data and the estimated
MVFs are integrated into MC-FBP to yield the motion-corrected image volume. By this
procedure, Grass et al. [38] reduced the required angular scan range to 315◦ plus fan angle
of the reconstruction field of view. The Table 2.2 provides an overview which methods are
associated with the constraint of Γ > 180◦+Fan Angle. The remaining approaches only
require the usual angular scan range for reconstruction via FBP, i.e. Γ= 180◦+Fan Angle.

PAR-based Partial angle reconstructions exhibit an increased temporal resolution com-
pared to short scan reconstruction, but suffer from streak-shaped artifacts. Several MC
methods like [38, 40, 56] exploit the increased temporal resolution during motion esti-
mation. Schöndube et al. [98] introduced the temporal resolution improvement method
which is based on an iterative PAR with an additional histogram constraint.
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Metric-based Rohkohl et al. [93] presented an initial metric-based approach, whereby
iterative minimization of handcrafted motion artifact measures (MAMs) enables MVF
estimation. This method was extended in [40] by introducing a novel motion model
parametrization and application of estimated MVFs to PARs. A hybrid approach has been
proposed by Kim et al. [56]. They combine the mentioned three strategies by first estimat-
ing linear motion using registration of PARs and subsequently refine the resulting MVF
by information potential minimization.

Purely image-based In image-to-image translation, a direct mapping of artifact-
perturbed image data to artifact-free image data is performed. An artifact suppression
method using deep residual convolutional neural networks (CNNs) has, for instance, been
developed by Jung et al. [50]. The main advantage of image-based approaches is the in-
dependence of the raw projection data. On the downside, the information content of the
motion perturbed input patches represents a limiting factor.

A few research articles also deal with image-based detection and quantification of coro-
nary motion artifacts. Assessment of the image quality might be useful for the application
of automatic analysis tools, e.g. by reporting on the reliability of coronary artery calcium
scores. Šprem et al. [112] introduced a DL-based method to identify coronary artery cal-
cifications which are strongly affected by cardiac motion artifacts. Furthermore, motion
correction methods can benefit from reliable motion artifact measures due to possible fail-
uremodes and their substantial computational footprint. In a first step, artifact recognition
enables the decision whether and where motion correction is required for accurate diag-
nosis of CAD. Second, artifact quantification measures could be used to verify the success
of a motion compensation method. Finally, an integration of motion artifact measures in
the motion compensation process as shown by Rohkohl et al. [93] is conceivable.

Most handcrafted measures for motion artifacts [76, 93] such as entropy and positivity
are best suited for relative assessment, i.e. for the comparison of the same image region at
different motion states. An absolute measure for consistent artifact quantification across
patients and vessel segments has to be robust with regard to possible variations in noise
level, background intensity, vessel structure and contrast agent enhancement. The abil-
ity of five handcrafted metrics to quantify absolute motion artifact levels at the coronary
arteries has been investigated by Ma et al. [73]. Besides the MAMs entropy and positiv-
ity, the three metrics normalized circularity, Fold Overlap Ratio and Low-Intensity Region
Score are considered. These rely on a prior segmentation of the blurring artifacts or the
intensity undershoot areas. During this work, deep-learning-based solutions for

• the recognition of coronary motion artifacts,

• the quantification of the absolute motion artifact levels and

• the estimation of coronary motion directions and magnitudes,

directly from coronary cross-sectional image patches, are aimed for. The content of the
related conference and journal articles [25, 26, 68, 69] is reprocessed in Chapter 4 and 5.
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Table 2.3: Comparative review of CT metal artifact reduction methods in terms of approach, properties and data
in chronological order. In the second row, symbols (first column) and abbreviations (last column) are explained.
The proposed approach for Dynamic Pacemaker Artifact Removal (DyPAR) is robust to cardiac motion.

Publications Approach Properties Data Source Keywords

Symbols
X: applicable
∼: not examined
T : test data
L : learning data
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LI linear interpolation; EM expectation maximization
ART algebraic reconstruction technique
ML maximum likelihood
NMAR normalized metal artifact reduction
FBP filtered back-projection
BHC beam hardening correction; DLB deep-learning-based
CNN convolutional neural network
MC motion compensation

[51] Kalender X X X T T semi-automatic metal boundary determination; LI
[113] Wang X X X T iterative deblurring; incomplete projections; EM; ART
[89] Oehler X X X X T directional interpolation; weighted ML-EM
[79] Meyer X X X T T NMAR; prior generation; projection normalization
[124] Zhang X X X T T incomplete projections; constrained optimization
[108] Slambrouck X ∼ X X T T block-iterative scheme; local models of varying complexity
[80] Meyer X X X T T initial NMAR; frequency split; spatial weighting
[107] Toftegaard X X X T marker segm. in projections; trajectory estimation
[33] Gjesteby X X X X X L initial NMAR; image-based MAR
[34] Gjesteby X X X X L initial NMAR; DLB sinogram correction
[125] Zhang X X X X X L T initial FBP; initial BHC; initial LI; DLB prior generation
[120] Xu X ∼ X T L deep residual CNN; metal artifact prediction
[46] Huang X ∼ X L T deep residual CNN; metal artifact prediction
[90] Park X X X L image-based metal segm.; DLB sinogram correction
[39] Hahn X X X X T T metal shadow refinement; LI; NMAR after MC

[70] Lossau X X X L T DyPAR; DLB; metal shadow segmentation
[71] Lossau X X X L T DyPAR+; DLB; metal shadow segm.; inpainting; modeling

2.3.2. PacemaKeR metal aRtifacts
Beam hardening, photon starvation, scattered radiation and the partial volume effect are
identified as potential causes of metal artifacts [20]. Beam hardening denotes the effect of
a more rapid absorption of low-energy photons by metallic materials. Hence, the assump-
tion of monochromatic X-ray attenuation made within the Lambert-Beer law in Equation
(2.1) is violated leading to inconsistent projection data. Photon starvation describes the
condition of insufficient photons reaching the detector surface through paths of high X-ray
attenuation. For the calculation of the projection integrals in Equation (2.2), the negative
logarithm of the ratio of incoming and outgoing numbers of photons is taken. In case of
extremely high attenuation, it holds ID → 0 and therefore p →∞ which causes extremely
noise-affected reconstruction. Metal artifacts manifest in streak-shaped intensity over-
shoots and shadings which frequently preclude the evaluation of neighboring anatomy
e.g. with regard to inflammations or calcifications [74].

Besides the adaptation of acquisition to dual-energy protocols for material decompo-
sition [3], several software-based solutions for CT metal artifact reduction (MAR) have
been developed in the last decades [32, 82]. An exhaustive collection of related research is
listed and compared in Table 2.3, where articles are grouped into three major approaches:
sinogram completion, iterative reconstruction and image-to-image transfer.
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Figure 2.6: Flowcharts of simple sinogram completion (adapted from [77]; Figure 2). (a) MAR is performed by
treating metal-affected line integrals as missing data. Incomplete projection data is filled based on surrounding
line integrals, e.g. by means of linear interpolation. Sinogram completion implicitly assumes that the object is
static during CT acquisition. (b) In case of moving metal objects, the initially reconstructed image volume is per-
turbed by a combination of metal andmotion artifacts. Image-basedmetal segmentation and subsequent forward
projection yields metal shadows of mixed motion states. Therefore, clear disagreements of predicted pacemaker
shadow and real metal positions in the uncorrected sinogram are visible. After inpainting and reconstruction,
image artifacts have even been aggravated.

Sinogram completion As visualized in Figure 2.6a, sinogram completion commonly
comprises the following steps for the generation of consistent projection data by replace-
ment of metal-affected line integrals:

1. Reconstruction of an initial image volume with metal artifacts using FBP
2. Metal segmentation in the initial image volume, e.g. by thresholding, delivers the

metal mask in the reconstructed image geometry
3. Forward projection of the metal mask yields the metal shadow in the originally

acquired projection geometry
4. Replacement of metal-affected line integrals, e.g. by interpolation or by incorporat-

ing prior knowledge
5. Reconstruction of the metal-free image volume using FBP and metal reinsertion

using the metal-only image obtained in step 2.
A multitude of variants of this method is known which include different types of pre-
processing, inpainting and post-processing procedures [39, 51, 79, 80].

Iterative Reconstruction In comparison to FBP, iterative reconstruction approaches
are more robust with regard to noisy, missing or inconsistent projection data. Instead of
refilling the holes of metal-affected line integrals, Zhang et al. [124] proposed to generate
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Figure 2.7: Second pass MAR approaches are not applicable for moving metal objects like pacemakers. (a) Each
projection view contains the metal shadow at a specific motion state. These are mixed during reconstruction
of the initial image volume. (b) Image-based metal segmentation and subsequent forward projection deliver
inaccurate predictions of metal-affected line integrals. Blurred electrode shadows (green circle) as well as shifted
and interrupted lead shadows (yellow circle) occur. Retrospective separation of the different motion states is not
feasible.

the CT image volume directly from incomplete projection data by means of constrained
optimization. However, iterative reconstruction is time-consuming. Therefore, van Slam-
brouck and Nuyts [108] introduced an image block-iterative scheme where metal-regions
are reconstructed with a fully polychromatic model whereas non-metal regions are re-
constructed with a model of reduced complexity. Also hybrid approaches using both,
sinogram completion and iterative reconstruction, have been investigated [89].

Image-to-Image Transfer Direct mapping from MAR-perturbed image data to
MAR-free image data, e.g. by means of deep residual convolutional neural networks,
allows for artifact suppression without consideration of the raw projection data [46, 120].
However, these approaches are essentially restricted by the information content of the
metal-affected input patches. In the articles [33, 125], image-to-image translation is
applied as post-processing step after conventional projection-based MAR.

Most of the existing MAR methods are second pass approaches which fail in the presence
of motion as they are based on metal segmentation in an initially reconstructed image vol-
ume (see Figure 2.6b). In the projection data, each recorded projection view corresponds
to a specific motion state. Due to the cardiac motion, metal positions are well-defined in
each projection view but not consistent across multiple views (see Figure 2.7a). During
reconstruction the different motion states are mixed, thus precluding the extraction of a
time-dependent 3D metal models. As already stated by Toftegaard et al. [107] and illus-
trated in Figure 2.7b, MAR approaches based on metal segmentation in the image domain
mainly suffer from the following problems: (1) Due to the motion blur, hounsfield units
(HU) of metal objects might get below the segmentation threshold resulting in incomplete
metal shadow prediction. (2) Metal object sizes might be increased by the range of motion

22



CaRdiac CT imaging

2

resulting in overestimated metal shadow areas. (3) Also in case of reduced motion arti-
facts by means of ECG-gated reconstruction, predicted metal shadows are often slightly
shifted compared to the real ones. This is caused by the temporal resolution required for
reconstruction and concurrent metal segmentation in a specific motion state where most
of the back-projected metal-affected line integrals are focused, e.g. capturing solely metal
positions belonging to cardiac rest phase.

The first pass moving metal artifact reduction (MMAR) method of Toftegaard et al.
[107] avoids such problems by automatic segmentation of cylindrical gold markers
directly in the projection domain. Two methods for MMAR have been introduced by
Hahn et al. [39]. The first approach utilizes image-based metal segmentation for coarse
metal shadow determination. Inside the coarse mask, metal shadows are than refined
by exploiting edge information in the projection data. The second approach assumes
respiratory-gated CT data for the application of normalized MAR (NMAR) on a time
series of previously motion compensated CT image volumes. So far, existing MMAR
methods are rule-based and rely on the assumption of high-density metal objects as in
the case of gold markers.

From the previous literature review and for the dedicated task of pacemaker artifact re-
moval, the following requirements are identified. It is aimed for a MAR approach which

• works completely rawdata-based,
• is applicable to ECG-gated as well as ungated CT scans,
• is robust regarding extremely low differences between metal shadow and back-
ground line integrals as occurring in case of pacemaker leads,

• enables metal reinsertion at a preselected motion state.

A DL-based approach is chosen, in order to circumvent the challenging task of designing
an appropriate rule-based system with, for instance, the necessary robustness regarding
low-contrast projection data. The content of the related conference and journal articles
[70, 71] is reprocessed in Chapter 6.
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I n order to address the defined objectives, machine learning approaches or, more pre-
cisely, deep learning approaches are applied. Deep learning is a subset of artificial in-

telligence which distinguishes from rule-based systems and classical machine learning
through a purely data-driven methodology (see Figure 3.1). It thereby holds the promise
to circumvent the challenging task of hand-designing appropriate rule-based feature ex-
tractors or mapping functions. The research field of deep learning is not novel and the
concept of convolutional neural networks, for instance, has already been introduced 1980
by Fukushima [30]. However, it was the availability of more powerful and affordable
graphics processing units (GPUs), the intense collection of large amounts of data and the
development of an accompanying bag of tricks that led to the end of the so-called AI
winter and enabled significant improvements in various data processing areas like visual
perception, decision-making, speech recognition or language translation.

This chapter gives an introduction into themain concepts of supervisedmachine learn-
ing with particular attention to convolutional neural networks as the most relevant DL
technique for the problem at hand (see Section 3.1). An overview of current applications
of machine learning in cardiac CT imaging is provided in Section 3.2. Finally, the central
idea of exploiting system knowledge for the synthesis of labeled data is introduced (see
Section 3.3).
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Figure 3.1: Overview on the different categories of artificial intelligence (adapted from [35]; Figure 1.5). Rule-
based systems are composed of hand-designed rules which represent a fixed knowledge base, i.e. given data
samples of inputs and target outputs are only used for testing purposes. In classical machine learning, relevant
feature are first carefully extracted by means of manual feature engineering and subsequently fed to a statistical
model such as a support vector machine. Deep learning models are based on the concept of hierarchical feature
extraction and trained in an end-to-end fashion. They are characterized by an increased number of tunable
parameters and not limited in their complexity.

3.1. Statistical leaRning tHeoRy
Several surveys, research monographs and textbooks including [9, 35, 83] provide a con-
cise treatment of statistical learning theory. This section aims to give a rough overview
and explain basic concepts applied in this work. In general, one can distinguish between
supervised, unsupervised and reinforcement learning. Supervised learning corresponds
to the task of finding a mapping that transforms a set of input features into a predefined
set of output features. In unsupervised learning (e.g. clustering) one aims to recognize
patterns in the input data and extract the corresponding, previously unknown features
without the need of pre-existing target labels. Several mixed forms like self-supervision
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by means of automatic label generation (e.g. in autoencoders), semi-supervision on par-
tially labeled data sets (e.g. in pseudo labeling) and weak-supervision for higher-level
output generation using low-level labels (e.g. segmentation from classification [22]) are
known. Finally, in a reinforcement learning framework, a reward-penalty function needs
to be provided to the algorithm, which enables a learning agent to assess whether previ-
ous actions were expedient and to interact accordingly with its environment. This work
focuses on supervised learning approaches only.

3.1.1. SupeRvised LeaRning
• Inputs x⃗ ∈ X are independent random variables drawn from the distribution P (⃗x).
• Outputs y⃗ ∈ Y are independent random variables assigned to x⃗ with a conditional
probability P (y⃗ |⃗x).

• Hypothesis space H defines a set of models f ∈H with f : X → Y .
• Loss function L(y⃗ , f (⃗x)),L : Y × Y → R measures the difference between actual
output f (⃗x) and desired output y⃗ .

Supervised learning corresponds to the task of finding the function f∗ ∈H that minimizes
the generalization error

E( f ) =
∫ ∫

L
(
y⃗ , f (⃗x)

)
P (⃗x, y⃗)d x⃗d y⃗ (3.1)

based on a limited number of data pairs z⃗i = (⃗xi , y⃗i ), i = 1, . . . ,m. Input and output samples
can be, for example, one-dimensional vectors or multi-dimensional image volumes. The
definition of a proper loss function L(y⃗ , f (⃗x)) and hypothesis space H is part of the prob-
lem definition. In case of a parametric statistical model, one can write H = { fθ : θ ∈ Θ}
where Θ is the parameter space. The model parameters θ are of finite number and can
be discrete or continuous. One example of parametric modeling is polynomial regression.
The input-output-mapping is defined by the coefficients θ. The degree of the polynomial
function determines the model complexity and is called a hyper-parameter. As the prob-
ability P (⃗x, y⃗) is unknown, empirical risk minimization (ERM) is performed by searching
the parameter setting

θz⃗ = argmin
θ∈Θ

E z⃗ ( fθ) , whereby E z⃗ ( fθ) = 1

m

m∑
i=1

L
(
y⃗i , fθ (⃗xi )

)
, (3.2)

that minimizes the empirical error E z⃗ ( fθ) as an approximation of the generalization er-
ror. The inference from known samples to the general case is called inductive reasoning.
The corresponding generalization error E( fθz⃗

) can be separated into the sample and the
structural error. The sample error is caused by the limited number of available data sam-
ples which might not be a good representation of the real underlying data distribution.
The structural risk is determined by the hypothesis space H which refers to the models
capacity. Both components can be associated with the ’garbage in, garbage out’ paradigm:

garbage data + appropriate hypothesis space= garbage model
appropriate data + garbage hypothesis space= garbage model

Figure 3.2 shows the problem of choosing an appropriate hypothesis space and the rela-
tion to under- and overfitting. The generalization power of a model can be verified by
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Figure 3.2: Underfitting is related to a hypothesis space of insufficient complexity, i.e. underlying models are not
able to capture the given data. The underfitting example (green) shows the prediction of a linear relationship
on non-linear data. Empirical risk minimization based on a hypothesis space of increased complexity (blue)
is prone to overfitting, i.e. the risk of finding a function fθz⃗

that matches the known data nearly exactly but
does not predict future output well. No generalization happens due to simple memorization of the given data
pairs including outliers and noise. An appropriate predictive model (orange) represents a trade-off between
complexity and empirical accuracy.

previously separating the known data into subsets for training and validation. Model op-
timization is performed solely on the training data, while the validation data is used to
monitor the learning process. Low or even no decrease of the training and validation
losses can be a sign of underfitting caused by an insufficient hypothesis space complexity
or poor model optimization. Simultaneous decrease of the training loss and increase of the
validation loss indicates overfitting, i.e. the model captures almost every information of
the given training data including the noise and does not generalize to unseen test samples.
Possible strategies to overcome the problem of overfitting are

• regularization, i.e. adaptation of the optimization function to E z⃗ ( fθ)+λR(θ) by
adding a regularization term R(θ) which, for instance, imposes a smoothness con-
straint by penalizing high model coefficients,

• structural risk minimization, i.e. an implicit regularization where balancing be-
tween the empirical loss and the capacity of the approximating model is performed,

• early stopping, i.e. an implicit regularization in time where model optimization is
stopped when the validation loss starts stagnating or decreasing,

• pruning, i.e. retrospective reduction of the model capacity by removing model
parameters based on their contribution to the model output in an iterative fashion,

• data augmentation, i.e. enlarging the number of data pairs by applying either
label-preserving or label-altering transformations that reflect real-world variations.
By this procedure, prior knowledge is incorporated and invariants or equivariants
(e.g. towards translations, rotations or mirroring) can be build into the models.
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Figure 3.3: Exemplary visualization of a convolutional neural network (CNN). Basic components of CNNs are
convolution layers (CONV) and pooling layers (POOL). Fully connected layers (FC and MLP), in contrast, do not
exploit the topology of image data.

The choice of appropriate overfitting prevention strategies is problem-specific. Classifica-
tion, regression, object detection, segmentation, registration, inpainting and style-transfer
are common image-related tasks. For solving these problems, a wide range of supervised
learning algorithms such as support vector machines (SVMs), Gaussian processes and arti-
ficial neural networks are available, each with its strengths and weaknesses. The so-called
no free lunch theorem says that there is no single learning algorithm that works best on
all supervised learning problems [117]. In their article, Wolpert and Macready state:
”[…] if an algorithm performs well on a certain class of problems then it necessarily pays for
that with degraded performance on the set of all remaining problems.”

3.1.2. Convolutional NeuRal NetwoRKs
Deep learning is a kind of machine learning based on the concept of hierarchical feature
extraction and refers to deep artificial neural networks or less frequently to deep rein-
forcement learning. During this work, supervised learning tasks are solved by means of
convolutional neural networks (CNNs), a specific type of mapping function which defines
the state-of-the-art in many computer vision applications.

Network architecture An artificial neural network (ANN) in its most simple form is
structured as a cascade of layers

x⃗(i ) =ϕ
(
W (i )x⃗(i−1)

)
, for i ∈ {1, . . . , N } (3.3)

with input x⃗(0) and predicted output ˆ⃗y = x⃗(N ). The hyper-parameter N defines the net-
work depth and ϕ denotes a non-linear activation function like, for instance, the sigmoid
function or the rectified linear unit (ReLU) [84]. The set of weight matrices θ = {

W (i )
}N

i=1
represents the model parameters which are learned during the training process, i.e. the
hypothesis space H or rather the parameter space Θ is given by the network architecture
while the learned weights define the mapping function fθ .

The structure of CNNs is loosely inspired by the information processing in the pri-
mary visual cortex and therefore characterized by sparse connections and shared weights
[30]. More precisely, the multiplication with a fully-connected weight matrix W (i ) is re-
stricted to a convolution of limited receptive field in at least one layer of a CNN leading
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to translation invariant feature extraction. As visualized in Figure 3.3, pooling operators
build another basic component of CNNs. Common methods for downsampling of feature
maps are strided convolutions, max- and average-pooling [8]. In Figure 3.3 only one con-
volution layer is depicted. In practice, pooling layers alternate with stacks of convolution
layers. By this procedure of alternating multiplication of the number of feature maps and
spatial downsampling, representions are learned as a nested hierarchy of concepts. The
abstraction level of extracted features increases with the network depth.

Depending on the learning task, further layer types are integrated into the network.
In case of voxel-level predictions (e.g. segmentation), upsampling layers are frequently
utilized in order to invert the spatial downsampling of the pooling operations [94]. In case
of image-wise predictions (e.g. classification or regression), fully connected (FC) layers or
rather multilayer perceptrons (MLPs) often define the final layers of the network [59]. By
this procedure and in contrast to classic machine learning, feature extractor and mapping
function are learned simultaneously, i.e. CNNs are trained in an end-to-end fashion.

Learning setup Stochastic gradient descent (SGD) solvers are popular neural network
optimizers. In each training iteration, gradients are approximated based on a randomly
selected subset of mbatch << m training samples. Suitable smoothness properties (e.g.
sub-differentiability) of the loss function and network layers are prerequisites for gradient
descent. For this reason, supplemental loss functions, like the cross-entropy in classifi-
cation tasks, commonly drive the learning process, while the real objective is defined as
validation metric. In SGD, the set of weight matrices θi at iteration i is updated by

θi+1 = θi +Vi+1 , where Vi+1 = ζVi −ϵ (i )∇θi L and V0 = 0,

i.e. a linear combination of the previous weight change Vτ and the negative gradient of
the loss function −∇θi L which is determined by backpropagation [61]. These terms are
weighted by the momentum ζ and the learning rate ϵ (i ). Several adaptive learning rate
methods like ADAGRAD [21], ADADELTA [122] and Adam [57] have been developed
within the last decade. Besides the learning rate, the choice of appropriate starting val-
ues θ0 is crucial for the convergence behavior. In [59] network weights are initialized by
random values following a zero-mean Gaussian distribution. Weight normalization ac-
cording to the activation function ReLU has been proposed by He et al. [41] and is applied
in the following. Fine-tuning of a pre-trained model, either partially or end-to-end, con-
stitutes an alternative to learning from scratch. The network optimization is performed
for a fixed number of training epochs, where one epoch is defined as a run through all
m training samples. Typically, the predictive model with the highest validation accuracy
over all epochs is selected for further application.

It has to be noted that only a rough introduction to the fascinating world of machine
learning is provided here. In practice, a multitude of additional tricks is used to facilitate
learning processes like the deployment of batch normalization to stabilize activation dis-
tributions [47], skip connections for improved gradient flows [42] or dropout as strategy to
prevent overfitting [104]. Due to the accordingly high number of adjusting screws which
include all hyper-parameters within network design and learning setup, CNN optimiza-
tion can be quite complex and often requires multiple tuning runs.
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Figure 3.4: Total number of publications listed in Web of Science Core Collection database for the years 2012 to
2019. Statistics are determined using the basic search on all fields. (Date: September 2019)

3.2. Applications in caRdiac CT
Figure 3.4 shows the general increase of publications in the research field ofmachine learn-
ing inmedical imaging and the share of articles particularly dealing withmachine learning
in cardiac CT. The number of publications in 2019 cannot yet be accurately estimated, but
it is indicated that a peak is reached. An overview of further existing studies on the ap-
plication of machine learning methods in cardiac CT imaging besides the detection and
removal of coronary motion artifacts and pacemaker metal artifacts is provided in this
section. Please refer to the review article [103]. In addition, a selection of publications is
listed in Table 3.1. On the basis of this literature collection, the following trends can be
derived.

Purposes: Table 3.1 reveals the diversity of processing tasks like risk assessment, land-
mark detection, anatomical segmentation, noise reduction, domain transfer and registra-
tion. Due to the high clinical relevance, a multitude of articles focuses on the analysis of
the coronary arteries [29, 86, 118, 119, 127].

Methods: CNNs are predominant and frequently applied in an end-to-end fashion
[1, 11]. Further examples which are not listed in Table 3.1, are the direct Agatston score
regression proposed byCano-Espinosa et al. [16] and the global coronary lumen segmenta-
tion via paired 3D multi-scale CNNs as introduced by Chen et al. [18]. Combinations with
or integrations into model-based pipelines can additionally provide a benefit. In [100],
coarse U-Net vessel segmentation outputs are refined by means of a level set approach.
Wolterink et al. [119] address the task of lumen segmentation by an iterative vessel track-
ing algorithm. It is based on a CNN which predicts the coronary centerline direction and
lumen radius directly from local image patches. By this procedure, the tubular structure

31



3

ChapteR 3

Table 3.1: Representative selection of publications in the research field of machine learning in cardiac CT.

Article Purpose Method Data

Nickisch
2015
[86]

Coronary
blood flow
simulation

Lumped model for FFR simulation; learned
translation of local vessel geometries into pa-
rameters of nonlinear vessel segment resistor;
hydraulic effect coefficient prediction via NNLS

32 CCTA images; 3D finite element
simulation; 59 FFR invasive mea-
surements

Wolterink
2016
[118]

Automatic
CAC scoring

Bounding box detection by three independent
CNNs on orthogonal planes; paired CNNs for
voxel-wise proposal extraction and classifica-
tion

250 CSCT and CCTA images; man-
ually annotated bounding box cen-
ter and calcification positions; auto-
matic CAC score calculation

Motwani
2016
[81]

5-year ACM
prediction

Automated feature selection by information
gain attribute ranking; LogitBoost for ACM
classification

10030 patients; 25 clinical and 44
CCTA parameters

Chartsias
2017
[17]

MR synthesis
from cardiac
CT data

Circle GAN for unpaired image-to-image trans-
lation; improved myocardium segmentation
using synthetic MR data for U-Net training

20 CT images; 20 MR images (un-
paired); manual heart segmentation

Noothout
2018
[88]

Landmark
detection

Multi-task FCN with shared weights; 3D dis-
placement vector regression from patch cen-
ter to eight landmarks; classification whether
patch contains landmark

198 CCTA images; manually anno-
tated landmark positions

Joyce
2018
[49]

Multi-class
anatomical
segmentation

Train GAN to synthesize realistic segmenta-
tion masks; reconstruction error, region vari-
ance (minimization) and region size (maximiza-
tion) as additional unsupervised correspon-
dence costs

20 CT images; 20 MR segmentation
masks (unpaired)

Zreik
2018
[127]

Stenosis
classification

LV myocardium segmentation by multiscale
CNN; unsupervised CAE and spatial clustering
for feature extraction; SVM classifier for signif-
icant stenosis

166 CCTA images; manual LV seg-
mentation; invasive FFR measure-
ments

Wolterink
2019
[119]

Coronary
artery
centerline
extraction

Vessel direction and radius prediction from lo-
cal image patch by 3D dilated CNN; iterative
tracking stopped based on uncertainty of direc-
tion classifier

8+24 CCTA images; manually anno-
tated centerline location and radius

Ahn
2019
[1]

Low-dose
image
denoising

Residual U-Net for low-dose noise prediction 25 CTA images; pairs of low-dose
CTA and noise images generated by
low-dose simulation tool

Freiman
2019
[29]

Abnormality
detection in
coronary
arteries

Unsupervised anomaly detection in coronary
cross-sectional image patches using deep
sparse autoencoders

90 CCTA images; manually an-
notated centerlines; automatic lu-
men and wall segmentation; normal
cross-section defined by a lumen-
wall-ratio > 0.8

Bruns
2019
[11]

Whole-heart
segmentation
in NCCT

FCN training on multi-slice VNC images with
propagated labels

18 contrast-enhanced CT scans; au-
tomatic segmentation in CCTA im-
ages; label propagation to VNC im-
ages; 218 NCCT images

Hering
2019
[43]

Inter-patient
CT-MR
whole-heart
registration

MVF estimation using three independent 2D
CNNs on orthogonal planes; NGF for unsuper-
vised distancemeasuring; weak supervision us-
ing segmentation labels

20 CT images; 20 MR images (un-
paired); manual heart segmentation

Abbreviations: ACM all-cause mortality; CAC coronary artery calcium; CAE convolutional autoencoder; CSCT calcium
scoring CT; FCN fully convolutional network; FFR fractional flow reserve; GAN generative adversarial network; LV left
ventricle; NCCT non-contrast CT; NGF normalized gradient field; NNLS non-negative least-squares; VNC virtual-non-contrast
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of the vessel segments is ensured. One can observe that sampling of rich input and output
features which accurately represent the underlying data structure is still essential, despite
the feasibility of model training in an end-to-end fashion. In several articles, the main
methodological focus lies in the feature engineering or the data generation itself.

Data: Several smart ways to circumvent the need of manual annotation are introduced
by either application of unsupervised learning procedures [49] or development of software
solutions for automatic paired data generation [1, 11, 29]. Furthermore, different strate-
gies to get the highest gain out of given information are described. Hering et al. [43],
for instance, incorporate modality-independent prior information in form of segmenta-
tion distance measuring and a second order curvature regularizer to guarantee smooth
deformation fields. In [88], the CNN is forced to learn additional anatomical context by
defining the supervised learning problem as combined landmark classification and dis-
placement vector regression task.

3.3. FoRwaRd models foR labeled data syntHesis
As already mentioned in the previous section, the application of machine learning and
especially deep learning leads to a focus shift from algorithm design to data handling.
Several public tools and pre-trained networks are available which enable learning of pre-
dictive models without proper knowledge in statistical learning theory. An example is the
interactive deep learning GPU Training System (NVIDIA DIGITS 6, NVIDIA Corporation,
Santa Clara, CA, USA). Data collection, curation, preparation and handling is often more
time-consuming and challenging than the network design and the hyper-parameter tun-
ing. Hornik et al. [44] proved that an ANNwith just one hidden layer can approximate any
continuous function to any degree of accuracy as long as it comprises a sufficient number
of neurons. That means, deep learning holds the promise to solve tasks of any complex-
ity. However, the universal approximator characteristic can only be exploited with large
amounts of appropriately labeled, representative data.

This can be crucial, especially in the medical domain, as data collection is restricted
by multiple types of regulations. Label noise, high time expenditure and the limitation to
low-level labels are the main disadvantages of manual annotation as explained in Chapter
1. Besides the use of hardware phantoms (e.g. the Dynamic Cardiac Phantom Model
008C from CIRS1) and additional data acquisition (e.g. by ECG units or respiratory belts),
software solutions form an alternative way of data collection. Synthetic sample generation
has been investigated from different perspectives:

• Over-sampled data is generated in [91] by convex combination of seed patterns
belonging to the same class. A pre-existing labeled database is required here.

• Paired data is generated in [126] based on two classes of unpaired image data using
cycle GANs. Unsupervised image-to-image translation enables label propagation
for subsequent supervised learning as performed by Chartsias et al. [17].

• Fully-synthesized data is generated in [75] among others by photo-realistic 3D
rendering for subsequent network training on optical flow estimation.

1https://www.cirsinc.com/products/all/128/dynamic-cardiac-phantom/
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Figure 3.5: (a) Development of a prior knowledge-driven forward model Φ is proposed in order to train an AI-
enabled backward model Φ−1. The forward model requires artifact-free input data and delivers the feature and
label data (⃗xsyn, y⃗syn) required for supervised learning as output. It aims to mimic the transition from artifact-
free data x⃗clean to artifact-perturbed data x⃗real. (b) Example of a classification network trained on artifact-free
data x⃗clean ∼ Pclean and data with synthetic artifacts x⃗syn ∼ Psyn. The decision boundary is illustrated as dashed
red line and also generalizes to real artifact-perturbed data x⃗real ∼ Preal, despite mismatching data distributions
Psyn and Preal.

• Transformed data is generated in [27] by clipping of projection data for subse-
quent network training on FOV extension.

• Augmented data is generated in several machine learning articles by performing,
for instance, random cropping, rotation or mirroring. In contrast to the previous
category of transformed data, a pre-existing labeled database is required here.

In this work, the fourth category of data synthesis approaches - the transformation of
existing clinical data by a prior-knowledge-based forward model is applied. As visualized
in Figure 3.5a, the forward model Φ takes artifact-free clinical data x⃗clean as input and
delivers a tuple of artifact-introduced data x⃗syn and corresponding target labels y⃗syn as
output. The labels are task-specific and can, for instance, be ground truth motion vectors
or metal shadow masks. Within the forward model, existing model-based approaches and
the given knowledge about the cardiac anatomy, the CT projection geometry and task-
specific measurements like vessel velocities [111] or metal densities are incorporated.

A predictive model fθ is trained to estimate underlying artifact parameters based on
the synthetic artifact-perturbed data, i.e. fθ (⃗xsyn) ∼= y⃗syn. At this point, it is assumed
that the information y⃗syn is incorporated in the provided data x⃗syn. The main goal is that
the predictive model fθ also generalizes to real-world data x⃗real for which corresponding
artifact parameters y⃗real are unknown. The predictivemodel fθ can, for instance, be trained
and applied for artifact recognition and quantification, or be integrated into an AI-enabled
backward model. Given a predictive model which produces sensible results for real data,
the inverse problem of artifact removal can be addressed as follows

ϕ−1 (⃗
xreal, fθ (⃗xreal)

)≈ x⃗clean. (3.4)

It has to be noted that the methodological approach is only sketched here. The reference
data x⃗clean consists of projection data and additional information like ECG measurements.
But, in case of artifact removal, the output of the backward model is the reconstructed
image volume without artifacts. Furthermore, some processing steps like the feature sam-
pling will be considered later.
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In general, it is not mandatory that the underlying data distribution Preal is accurately
approximated by the forward model. Figure 3.5b shows one example of sensible artifact
classification despite mismatching data distributions Preal and Psyn. However, represen-
tative synthetic data, i.e. realistic features with nicely calibrated target labels, is always
beneficial. The quality of the learning data is governed by the complexity of the forward
model. Detailed descriptions of the proposed coronary motion and the pacemaker metal
forward models are provided in the following Chapters 4 and 6.
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F iguRe 4.1 illustrates the basic concept of the Coronary Motion Forward Artifact model
for CT data (CoMoFACT). Synthetic motion is introduced to reference cases with

excellent image quality by means of the MC-FBP algorithm described in Section 2.2.3.
Development of the forward model went through different levels of complexity. First,
the CoMoFACT was designed in such a way that piecewise linear motion is introduced
in a limited area around the vessel tree. In the corresponding conference article [26], the
feasibility of motion artifact recognition using CNNs has initially been demonstrated.
However, testing is performed on data with synthetic artifacts only. Extending this
work, the journal article [69] furthermore presents an approach for DL-based artifact
quantification. The CoMoFACT is modified for local motion introduction in a limited
area around a single coronary centerline point. By this procedure, the relation between
motion direction, angular reconstruction range and coronary orientation can be steered.
In addition to the piecewise linear motion model, a constant linear motion model is
applied for data generation. The article also provides an extensive evaluation on clinical
data with real artifacts. This chapter is mainly inspired by [69] and structured as follows:
4.1 CCTA cases are collected and grouped into clinical reference or test data.
4.2 The CoMoFACT generates the required learning data by introducing simulated and

hence controlled motion to the artifact-free reference data.
4.3 An ensemble of CNNs is trained for the classification task of separating motion-

free and motion-perturbed coronary cross-sectional image patches. In addition, an
ensemble of CNNs is trained for the task of artifact level regression.

4.4 Accuracy and generalization capabilities of the resulting predictive models in rela-
tive and absolute motion artifact measurement are investigated.

4.5 Limitations related to label calibration, centerline extraction and amount of learning
data are discussed.

Figure 4.1: The forward
model for coronary mo-
tion introduction called
CoMoFACT is based on
the MC-FBP algorithm.
The MC-FBP takes raw
projection data and a
motion vector field (MVF)
defined on the image grid as
input. It spatially displaces
line integrals during back-
projection and delivers the
motion-corrected image
volume as output. MC-FBP
leads to a compensation
of correctly estimated
motion (a), whereas the
application of the MC-FBP
with an artificial MVF on
high quality cases induces
motion artifacts (b).

MC-FBP

motion-perturbed 
projection data

ground 
truth MVF

motion-free 
image data

+

(a) The MC-FBP algorithm is developed for motion compensation. Given
motion-perturbed projection data and the ground truth underlying MVF, the
motion-free image volume is reconstructed.

MC-FBP

motion-free 
projection data

synthetic
MVF

motion-perturbed 
image data

+

(b) CoMoFACT inverts the process of motion correction by providing artifact-
free reference data and synthetic MVFs as input. Depending on the design of
the artificial MVF, more or less severe motion artifacts are introduced in the
reconstructed image volume by MC-FBP.
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4.1. MateRial
The CoMoFACT uses artifact-free CCTA data with step-and-shoot acquisition protocol
as a reference point to introduce motion. The restriction to step-and-shoot data offers the
advantage of artifact generation in awell-controlled situation, i.e. without tablemovement
and multi-cycle reconstruction. Besides the artifact-free reference data, additional clinical
data with real motion-perturbation is collected for testing purposes.

4.1.1. Clinical RefeRence data witHout aRtifacts
Slice-by-slice visual inspection is performed to gather contrast-enhanced cardiac CT data
sets which exhibit no coronary motion artifacts in the reconstructed CT image volume.
In total, 17 prospectively ECG-triggered clinical data sets from different patients are col-
lected. The reference cases are acquired by a 256-slice CT scanner (Brilliance iCT, Philips
Healthcare, Cleveland, OH, USA) with a gantry rotation speed of 0.272 sec per turn. The
mean heart rates of the patients HRmean ranged from 45.2 bpm to 66.0 bpm during acqui-
sition. Cardiac CT image volumes are reconstructed at the mid-diastolic quiescent phase
by AWCR (see Section 2.2.2). The center of the cardiac gating window, hereafter called
the reference cardiac phase r , is chosen between 70% and 80% R-R interval, respectively.
In addition to the reconstructed CT image volumes which determine the no motion state,
the corresponding ECG and raw projection data is required. Furthermore, the coronary
artery tree of each case is segmented by means of the Comprehensive Cardiac Analysis
Software (IntelliSpace Portal 9.0, Philips Healthcare, Cleveland, OH, USA). As the image
volumes are of excellent quality, the software delivers a set of accurately determined cen-
terline points c⃗ ∈C as output. Associated information on the corresponding cross-sections
including lumen contour and the normal vector n⃗c⃗ in centerline direction are provided as
well.

4.1.2. Clinical test data
In order to test the transferability to non-synthetic data, eight clinical cases which exhibit
real motion artifacts are collected. Step-and-shoot data (five vessels) as well as helical
data (three vessels) from different patients is included. The clinical test cases are acquired
by a Brilliance iCT and coronary centerlines are extracted by the Comprehensive Cardiac
Analysis Software. The step-and-shoot scans are performed using the same acquisition
protocol as in the reference data. The extended temporal scan range in ECG-gated spiral
acquisition enables retrospective multi-phase reconstruction. Centerlines are extracted
for these cases from the CT image volume reconstructed at 75% R-R.

4.2. FoRwaRd model
As visualized in Figure 4.2, the CoMoFACT takes a reconstructed CT image volume with
corresponding ECG-triggered raw projection data and segmented coronary artery tree as
input. It delivers locally motion-perturbed CT image volumes as output, whereby the
introduced motion magnitude is determined by the control parameter s ∈ R+, hereafter
called the target motion strength. As already mentioned, the CoMoFACT introduces sim-
ulated motion by application of the MC-FBP algorithm using a synthetic MVF. For each
centerline point c⃗ ∈C in the coronary artery tree, a continuous MVF d⃗c⃗ with pre-selected
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Figure 4.2: A Coronary Motion Forward Artifact model for CT data (CoMoFACT) is developed which enables
to transform cardiac CT data sets with excellent image quality to locally motion-perturbed CT image volumes.
Motion is introduced around each centerline point of the coronary artery tree by respectively creating a synthetic
continuous MVF and applying the MC-FBP algorithm. The target motion strength s is a control parameter which
scales the length of the displacement vectors in the CoMoFACT. A coronary cross-sectional patch (highlighted in
blue) is sampled perpendicular to the centerline from the locally motion-perturbed image sub-volume and used
as input data for supervised learning. Corresponding ground truth labels are defined by means of the target
motion strength s. Finally, CNNs are trained for motion artifact classification and artifact level regression on
randomly rotated, mirrored and cropped cross-sectional patches (highlighted in green, gray and red).

target motion strength s is created. The Subsections 4.2.1, 4.2.2, 4.2.3 detail the design
of the synthetic MVF and underlying motion models. Subsequent MC-FBP yields the CT
image volume locally motion-perturbed around the corresponding centerline point. The
reversing motion trajectory d⃗−1

c⃗ corresponds to the simulated heart motion during acqui-
sition. After motion introduction via CoMoFACT, one cross-sectional image patch is sam-
pled perpendicular to the centerline as input data for supervised learning. Corresponding
target labels are defined by the underlying target motion strength s (see Section 5.3.1).

4.2.1. SyntHetic motion vectoR field
The continuous MVF d⃗c⃗ : [0%,100%)×Ω→R3 describes the displacement of each voxel
coordinate ν⃗ ∈Ω⊂R3 in the CT volume at each time point tcc ∈ [0%,100%) in millimeters.
Due to the simulation of periodic motion, time is measured in percent cardiac cycle here.
The artificial MVF is defined by three separable components:

d⃗c⃗ (tcc , ν⃗) = s ·mc⃗ (⃗ν) · δ⃗c⃗ (tcc ) (4.1)

The first component is the pre-selected target motion strength s which scales the length of
each displacement vector in the continuous MVF. The role of s as motion level regulator
is illustrated in Figure 4.2. Whenever s = 0, no motion is introduced and the CoMoFACT
delivers the input CT image volume without motion artifacts as output.

The second component is the location-dependent weighting mask mc⃗ : Ω → [0,1]
which restricts the motion to a limited area around the currently processed centerline
point c⃗ and additionally forces the MVF to be spatially smooth. It is defined as a 3D
trapezoidal function generated by binary dilation of the centerline point and subsequent
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Figure 4.3: Schematic drawing of the
time-dependent motion trajectories
(dashed blue lines) determined by
the sample vectors δ⃗i (red arrows)
for both sub-models. (a) The piece-
wise linear motion model comprises
random displacement directions and
varying velocities. (b) The constant
linear motion model is restricted to
a predefined motion direction and
equidistant sample vectors.

Ԧ𝛿+1
Ԧ𝛿0 = 0

Ԧ𝛿−1
Ԧ𝛿−2

Ԧ𝛿+2Ԧ𝛿+2

ℓ =
𝑗=−2

1
Ԧ𝛿𝑗 − Ԧ𝛿𝑗+1 2

Ԧ𝛿−2
Ԧ𝛿+1

Ԧ𝛿−1 Ԧ𝛿0 = 0

sample vectorsreference point interpolated trajectory

(a) piecewise linear motion model (b) constant linear motion model

uniform filtering. A kernel radius of 15 mm for dilation and a uniform filter size of 12.4
mm × 12.4 mm are chosen in the following experiments. The limitation of the motion area
is required to avoid undesired motion artifacts from peripheral structures like bones. The
smoothing is necessary to avoid reconstruction artifacts as elastic tissue structure forbids
abrupt changes of motion in a local neighborhood.

The third component δ⃗c⃗ : [0%,100%) → R3 defines the motion direction for
each point in time. It is obtained by piecewise linear interpolation between five
sample vectors δ⃗i ∈ R3, i ∈ {−2,−1,0,+1,+2}. The corresponding phase points
ti ∈ {r −10%,r −5%,r,r +5%,r +10%} are assigned around the reference heart phase r of
the input CT volumewith a temporal distance of 5% cardiac cycle. The temporal projection
range required for reconstruction depends on the heart rate and the gantry rotation speed.
For the given data sets, the angular weighting window is narrower than 20% cardiac cycle
respectively, so no extrapolation has to be performed.

A schematic drawing of the artificial MVF is given in Figure 4.2. The displacement vec-
tors (light red arrows) are linearly interpolated in time domain from the sample vectors
(dark red arrows) to obtain the motion state at some tcc ∈ [r −10%,r +10%]. For a phase
point tcc , the motion directions are spatially constant, while the displacement length de-
creases with increasing distance to the currently processed centerline point c⃗ (highlighted
in blue). Two model variants are presented in the following Subsections 4.2.2 and 4.2.3
which differ in terms of the sample vector definition. Both concepts are compared in
Figure 4.3.

4.2.2. Piecewise lineaR motion model
The first model variant of piecewise linear motion has been introduced in Elss et al. [26]
andwas developed for the classification task of separating no-artifact and artifact coronary
cross-sectional patches. The sample vectors are calculated by:

δ⃗i = ρ⃗i

max j ,k
∥∥ρ⃗ j − ρ⃗k

∥∥
2

(4.2)

The motion directions are given by random uniform vectors ρ⃗i ∼ U [−1,1]3 for i ∈
{−2,−1,+1,+2} and the center heart phase defines the reference state of no motion, i.e.
ρ⃗0 = 0⃗. Normalization of the random uniform vectors ρ⃗i is performed so that the tar-
get motion strength s finally corresponds to the maximal displacement during 20% R-R
interval in millimeters (see Figure 4.3a).

41



4

ChapteR 4

The choice of random uniform vectors for ρ⃗i enables complex motion trajectories and the
application of the CoMoFACT leads to realistic-looking motion artifact pattern with dif-
ferently shaped blurring and intensity undershoots (see Figure 4.4a). The target motion
strength s is a weak surrogate of the visual artifact level. For DL-based motion artifact
quantification, the motion model is adapted with the objective of increasing the corre-
lation between selected target motion strength s and the resulting visual artifact level.
Compared to [26], the CoMoFACT is extended for cross-section-wise motion corruption
under consideration of the mean heart rate and the angular reconstruction range.

4.2.3. Constant lineaR motion model
The second model variant is developed for the regression task of predicting the artifact
level in coronary cross-sectional patches. Multiple factors besides the motion level during
acquisition have an impact on the artifact level. The phantom study in Figure 4.5 shows
that the relation between motion direction and the angular reconstruction range is essen-
tial. Most severe artifacts occur in case of motion which is orthogonal to the mean recon-
struction direction (highlighted in gray). In addition, the visual artifact level depends on
surrounding background intensities, the temporal resolution required for reconstruction
and the relation between motion direction and vessel orientation.

In contrast to the classification model variant presented in Section 4.2.2, severe re-
strictions are made to consider each of the aforementioned influencing factors except for
surrounding background intensities. The sample vectors are calculated now by the fol-
lowing formula:

δ⃗i =
60 bpm
HRmean

i

4
· ρ⃗orth∥∥ρ⃗orth

∥∥
2

(4.3)

As illustrated in Figure 4.3b, the regression model is limited to constant linear motion. It
takes the mean heart rate HRmean of each data set during acquisition into account to force
homogeneous velocities among the clinical input cases. In contrast to the previous clas-
sification model, the motion direction now depends on the currently processed centerline
point c⃗ .

The motion direction determined by ρ⃗orth is defined as the cross product of the normal
vector n⃗c⃗ of the corresponding centerline segment and the mean reconstruction direction
in axial plane (see Figure 4.5, right). The mean reconstruction direction is computed by
means of the gantry rotation angle at the center of the cardiac gating window and is
constant for each voxel reconstructed by the same circular scanning shoot. In case of
helical acquisition trajectories, voxels are not necessarily reconstructed by one coherent
angular segment. So, in contrast to the classification model, the regression model with its
orthogonal displacement directions is not directly transferable to helical cases.

Figure 4.4b shows coronary cross-section images with varying target motion strength
s generated by the constant linear motion model. In comparison to the corresponding
outputs of the piecewise linear model in Figure 4.4a, the data looks more consistent and
the target motion strength s can be interpreted as an approximate measure for the artifact
level. However, the severely restricted constant linear motion model only allows for a
specific artifact appearance (banana-shaped blurring) whereas the more complex motion
trajectories of the piecewise linear motion also generates bird-shaped artifacts. Therefore,
the risk of overfitting should be considered in the evaluation of the regression networks.
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s= 0 s= 1 s= 2 s= 3 s= 4 s= 5 s= 6 s= 7 s= 8 s= 9 s= 10

(a) Example output patches of the piecewise linear motion model from Section 4.2.2.

s= 0 s= 1 s= 2 s= 3 s= 4 s= 5 s= 6 s= 7 s= 8 s= 9 s= 10

(b) Example output patches of the constant linear motion model from Section 4.2.3.

Figure 4.4: Coronary cross-sectional image patches are sampled from motion-perturbed CT image volumes,
which are generated by means of the CoMoFACT. Each row shows the same cross-section of size 60×60 pixels
in different motion states. Both sub-models of the CoMoFACT are compared and reveal the trade-off between
motion model complexity and suitability of s as artifact level surrogate.
(a) The piecewise linear motion model from Section 4.2.2 leads to a wide range of coronary artifact appearances.
But, the visual coronary artifact level is not monotonically increasing with the underlying target motion strength
s. Patches highlighted in green and red are assigned to the classes no artifact or artifact, respectively. Non-
highlighted patches with a target motion strength s between two and five cannot be uniquely assigned to a
certain class and are, therefore, excluded from the learning process.
(b) The constant linear motion model from Section 4.2.3 leads to a limited range of arc-shaped coronary artifact
appearances. But, the underlying target motion strength s highly correlates with the visual artifact level at
the coronary arteries. All patches are included as input data in the regression learning process with s as their
corresponding label.

43



4

ChapteR 4

RMSE = 3.39RMSE = 3.37RMSE = 3.05RMSE = 2.50no motion

Figure 4.5: Constant linear motion is introduced in the axial plane of a vessel phantom using the CoMoFACT.
Depending on the relation of motion direction (red arrow) and mean reconstruction direction (gray dashed ar-
row), motion artifacts with varying level occur. The artifact level is measured by the root mean squared error
(RMSE) of the image intensities with respect to the motion-free phantom plane (left). Orthogonal motion (right)
leads to most severe motion artifacts in the reconstructed image.

4.3. LeaRned metHod
The proposed CoMoFACT enables the generation of multiple motion-perturbed CT image
volumes I c⃗,s

Ω
with controlled motion level s at specific coronary centerline points c⃗ ∈ C .

On the basis of velocity measurements at the coronary arteries by Vembar et al. [111],
the data generation process for the supervised learning task is limited in the following
experiments to maximal displacements of 10 millimeters during 20% cardiac circle.

Patch sampling The sampling process of the input data is illustrated in Figure 4.2. One
cross-sectional image patch I c⃗,s

100 of size 100×100×h voxels (blue box) is sampled by tri-
linear interpolation from each output CT image volume I c⃗,s

Ω
of the CoMoFACT with a res-

olution of 0.4×0.4×0.4 millimeters per voxel. The first two patch dimensions are aligned
perpendicular to the centerline segment while the third dimension is oriented along the
normal vector n⃗c⃗ . The center slice of each image patch covers the processed centerline
point c⃗ . Single-slice (h = 1) and multi-slice (h > 1) patches are tested as input data in the
following experiments. The grey values of each patch are clipped to the relevant intensity
range (window/level setting of 900/200 HU) and additionally normalized (from [−250,650]
to [−1,1]).

Sub-volume reconstruction For the final extraction of one cross-sectional image patch
I c⃗,s

100 per motion-perturbed image volume I c⃗,s
Ω

, merely a limited area of the image grid is
of interest. The CoMoFACT can thus be accelerated and be made more memory efficient,
by restricting the FOV Ω=Ω(⃗c) for the reconstruction of a sub-volume only. The selected
centerline point c⃗ defines the center of the restricted FOV and the FOV size is determined
by the patch sampling size.

Data augmentation Due to the patch similarity of adjacent centerline points, the data
for training, validation and testing are case-wise separated with a ratio of 9 : 4 : 4. The
database during the training process is extended by online data augmentation. Motion
artifacts are variable in shape, orientation and position. In order to build this invariance
into the neural network, the following transformations are performed in cross-sectional
plane, i.e. limited to the first two dimensions:
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Conv: 3 x 3, 32, /2 , BN =  Batch Normalization, ReLU = Rectified Linear Unit
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Notation:

Figure 4.6: The 20-layer ResNet takes coronary cross-sectional image patches of the size 60× 60×h as input.
In the last layer the soft-max function is used as activation function of the two (positive and negative) output
nodes. The projection shortcuts are realized as 1×1 convolutions. In case h > 1 the convolutional kernel sizes
are enlarged from (3×3×1) to (3×3×3).

(1) Cropping The CoMoFACT may cause small vessel shifts compared to the original
coronary centerline position. Image translation by cropping is necessary to avoid a
bias originating from the in-plane coronary position. Therefore, sub-patches of the
size 85×85×h are randomly cropped from I c⃗,s

100.
(2) Rotation The sub-patches of the size 85×85×h are randomly rotated by 0 to 360

degrees. The center patch of the size 60× 60×h is finally cropped to ensure full
image contents.

(3) Mirroring Horizontal mirroring is performed with a probability of 0.5.
The final image patches I c⃗,s

60 of size 60×60×h voxels are used as input data for supervised
learning. During validation and testing only center cropping is performed.

Artifact classification Following Elss et al. [26], the database for the classification task
of separating artifact and no artifact cross-sectional patches is generated by applying the
proposed piecewiese linearmotionmodel of Section 4.2.2 seven times (with different target
motion strength s) per coronary centerline point. The target label yclass (0: no artifact, 1:
artifact) of each image patch I c⃗,s

60 is defined by the corresponding utilized target motion
strength:

yclass =
{

0, if s ∈ {0,1}

1, if s ∈ {6,7,8,9,10}
(4.4)

The gap in s is chosen to assure better class separation. Merely a subset of two fifths of
the samples from class artifact is randomly selected and included in the learning process.
This ensures balanced classes during training and testing. A total amount of 14 724 sam-
ples is collected as classification database. Multiple hyper-parameter settings and network
architectures including the ResNet [42] and VGG inspired networks [102] were tested by
extensive cross-validation. Highest validation performances are achieved by a 20-layer
ResNet which is employed in all subsequent experiments. Figure 6.4 illustrates the net-
work architecture. The learning process is driven by the cross-entropy loss. The Adam
optimizer [57] with an initial learning rate of 0.05, a minibatch size of 32 and a momentum
of 0.8 is defined as the learning setup. Finally, the trained neural network NNclass takes a
cross-sectional patch I c⃗,s

60 as input and delivers a predicted artifact probability as output.
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Artifact level regression The database for the regression task of predicting the arti-
fact level in cross-sectional patches is generated by applying the proposed constant linear
motion model of Section 4.2.3 eleven times per coronary centerline point. The target label
yregr = s ∈ {0,1, . . . ,10} of each image patch I c⃗,s

60 is set equal to the corresponding utilized
target motion strength. By this discrete equidistant labeling procedure, a total amount
of 40 491 samples is collected as regression database. Except for the reduction of output
neurons in the last layer from two to one and the replacement of the soft-max function
by simple linear activation, no adaption of the network architecture is done compared
to Figure 6.4. The initial learning rate is changed to 5 ·10−4 while the remaining hyper-
parameters remain unchanged. The neural network NNregr takes a cross-sectional patch
I c⃗,s

60 as input and delivers a prediction ŷ ∈R as output. The learning process is driven by a
piecewise L1 loss function:

Lleaky(yregr, ŷ) =


max(0, ŷ), if yregr = 0

|yregr− ŷ |, if 0 < yregr < 10

max(0,10− ŷ), if yregr = 10

(4.5)

This loss function considers adaptive penalization at the boundaries for predictions out-
side the target interval [0,10] to avoid too conservative predictions. In comparison to
network training with the simple L1 loss, the regressors more often dare output values
near zero or ten. Clipping of the network output finally delivers the predicted artifact
level ŝ = mi n(max(0, ŷ),10) ∈ [0,10] which is used for the following evaluation.

Bagging approach An ensemble of five CNNs is learned using the aforementioned net-
work design and hyper-parameter setting by the following bagging approach:

1. Four validation cases and four test cases are randomly sampled.
2. Network training is performed based on the remaining nine clinical cases.
3. After every epoch of the learning process the generalization capability is examined

by means of the validation set.
4. The model with the highest performance on the validation set during 60 epochs of

training is selected for calculation of the test accuracy (or test error).
5. Steps 1.-4. are performed five times in total.
6. The mean test accuracy (or the mean test error) over the five splits is calculated.
7. Steps 5.-6. are performed for h ∈ {1,3,5,7} (with the same separations in training,

validation and testing for comparability).

4.4. ExpeRiments and Results
For all experiments, the Microsoft Cognitive Toolkit (CNTK v2.5, Microsoft Research, Red-
mond, WA, USA) is used as deep learning framework.

Quantitative error analysis The test results of the classification and the regression
networks are summarized in Table 4.1. The network performances increase with the
number of input slices. The additional information in multi-slice patches seems to pro-
vide a benefit, e.g. in the differentiation between bifurcations and blurring artifacts. But,
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Table 4.1: Mean and standard deviation of
the classification accuracy and the absolute
regression error on the test subsets with syn-
thetic motion artifacts for single-slice (h = 1)
and multi-slice (h > 1) input data.

number classification regression
slices accuracy error
h = 1 91.64%±1.63% 1.38±0.17
h = 3 92.08%±2.12% 1.16±0.06
h = 5 92.70%±2.18% 1.14±0.07
h = 7 93.26%±1.82%93.26%±1.82%93.26%±1.82% 1.12±0.071.12±0.071.12±0.07
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0.65 0.25 0.06 0.02 0.01 0.00 0.00 0.00 0.00 0.00 0.00

0.42 0.35 0.15 0.04 0.02 0.01 0.00 0.00 0.00 0.00 0.00

0.10 0.24 0.31 0.20 0.08 0.03 0.02 0.01 0.00 0.00 0.00

0.01 0.07 0.19 0.31 0.24 0.10 0.05 0.02 0.01 0.00 0.00
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Figure 4.7: Confusion matrix of the regression network for
multi-slice inputs (h = 7). r d denotes the rounding operator.

higher memory requirements and execution time have to set against it. In case of h = 7,
the classification result splits into a ratio of 46.90% : 46.36% : 3.64% : 3.10% for the rates
TN : TP : FN : FP, where positive refers to the class artifact. Figure 4.7 shows the confu-
sion matrix of the corresponding regression network. A clear diagonal structure with few
scattering of the predicted labels is observable.

The presented quantitative results prove that CNNs are able to identify artifact pat-
tern from synthetically introduced motion. To further evaluate generalization capabilities
and the performance of the learned motion artifact measures in clinical practice addi-
tional qualitative experiments are performed. In comparison with the handcrafted MAMs
entropy and positivity from Rohkohl et al. [93], the abilities for measuring relative and
absolute levels of motion artifacts are verified.

4.4.1. Relative aRtifact measuRement
In the following, it is investigated whether the DL-based artifact measures are able to
identify the cardiac phase of a clinical data set with least motion artifacts. A quantitative
study by Vembar et al. [111] has shown that minimum velocities at the right coronary
artery (RCA) can be observed in the mid-diastolic cardiac phase (between 70% and 80%
R-R). Therefore, increasing temporal distance to this cardiac phase should go along with
increasing artifact levels.

The three helical test cases (see Section 4.1.2) are reconstructed at multiple cardiac
phases using the AWCR algorithm. The selected cardiac phases are arranged around 75%
R-R interval (mid-diastole) with a temporal distance of 2% R-R interval. Cross-sectional
patches of size 60×60×7 are sampled along the RCA as input for the DL-based and the
handcrafted motion artifact measures. Finally, the mean motion artifact measures across
the entire vessel are computed for each reconstructed phase image. In this experiment,
the bagging ensembles of the five classification and the five regression networks with
h = 7 are selected. The calculated motion artifact measures are scaled to the value range
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(a) Case 1

60% R-R 62% R-R 64% R-R 66% R-R

68% R-R 70% R-R 72% R-R 74% R-R

76% R-R 78% R-R 80% R-R 82% R-R

84% R-R 86% R-R 88% R-R 90% R-R

(b) Case 2

60% R-R 62% R-R 64% R-R 66% R-R

68% R-R 70% R-R 72% R-R 74% R-R

76% R-R 78% R-R 80% R-R 82% R-R

84% R-R 86% R-R 88% R-R 90% R-R

(c) Case 3

Figure 4.8: Themeanmotion artifact level of the RCA is analyzed in three cardiac CT caseswith helical acquisition
mode by the DL-based and the handcrafted motion artifact measures. For each reconstructed CT image volume
within the phase interval [60%,90%], cross-sectional image patches are sampled along the centerline segmented
at the reference phase 75% R-R.The outputs of themotion artifact measures are averaged across the vessel, scaled
to the interval [0,1] and visualized in the upper row. The predictions of the best cardiac phases are indicated by
colored dots, respectively. One axial slice per selected cardiac phase is given below for visual inspection.

[0,1], to provide comparability. Therefore, the predicted artifact levels ŝ ∈ [0,10] of the
regression network NNregr are down-scaled by a factor of ten. The handcrafted MAMs are
normalized to the interval [0,1] by the minimal and maximal output over all motion states.
As the classification network NNclass already delivers predicted artifact probabilities, these
remain unchanged.

Figure 4.8 shows the results of the proposed multi-phase experiment. In the first case
(Figure 4.8a), all motion artifact measures (handcrafted and DL-based) provide similar re-
sults. The predicted best cardiac phases around 72−76% R-R comply with the visual in-
spection. In the second case (Figure 4.8b), only the positivity and the DL-based measures
deliver predictions of the best cardiac phase which concur with the visual impression.
However, a weakness of the neural networks can be discerned. The modulation of the
radiation dose leads to lower signal-to-noise ratios (SNRs) at the marginal cardiac phases
around 60% R-R. The trained neural networks seem to be more vulnerable to such SNR
fluctuations than the handcrafted measures. In the third case (Figure 4.8c), the regression
network is in agreement with both handcrafted MAMs with respect to the predicted best
cardiac phase at 76% R-R. The classification network selects an earlier stage around 66%
R-R in which also hardly artifacts occur. A temporally extended rest phase is observable
which is discovered by the trained neural networks.
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The results of this multi-phase experiment are promising given the fact that the DL-
based measures are solely trained on step-and-shoot data which is perturbed by constant
or piecewise linear motion. Generalization capabilities of the CNNs and transferability to
helical data sets with real motion artifacts are demonstrated by this experiment.

4.4.2. Absolute aRtifact measuRement
In the following, it is investigated whether the DL-based artifact measures are able to
detect a region of motion, given the approximate location of the coronary artery.

Evaluation on syntHetic motion aRtifacts
Local motion is introduced to test reference cases at arbitrary points in the coronary tree
by means of the piecewise linear motion model proposed in Section 4.2.2. A target motion
strength of s = 8 is selected in the following experiments. For each centerline point of the
corresponding vessel, a cross-sectional patch of size 60×60×7 is sampled from the locally
motion-perturbed CT image volume I c⃗,s

Ω
and the corresponding motion artifact measures

are calculated. The classification and regression networks are selected so that the currently
processed test case has neither been used for training nor for validation.

Figure 4.9 shows the results of this local motion experiment for two test cases. The
left anterior descending artery (LAD) and the right coronary artery (RCA) are processed,
respectively. In each subplot, the original no motion state is visualized as reference above
the local motion state. The x-axis corresponds to the spatial coordinate along the cen-
terline. The value range [0,1] of the y-axis is determined by the weighting mask values
mc⃗ ∈ [0,1] which correspond to the level of introduced motion. In each subplot, calculated
motion artifact measures are scaled accordingly, to provide comparability again.

As expected, the handcrafted MAMs are not suitable for section-wise motion artifact
quantification, due to limited robustness regarding variations in background intensities.
The DL-based measures, by contrast, accurately detect regions of motion with few ex-
ceptions. Both networks are robust towards vessel shifts at stack transitions (see Figure
4.9a). Bifurcations (see Figures 4.9b), calcifications (see Figures 4.9c) and varying contrast
levels between scanning sequences (see Figure 4.9d) do not affect the DL-based measures
either. The aforementioned image areas are highlighted in the multi-planar reformations
(MPRs) by white arrows. The lowest artifact level in the motion area is predicted by the
regression network in Figure 4.9d, which also confirms with visual inspection of the four
motion-perturbed MPRs. This experiment already demonstrates generalization capability
of the regression network which is trained on perturbed data with constant linear motion
and tested on data with more complex piecewise linear motion trajectories.

Evaluation on Real motion aRtifacts
The ability for absolute motion artifact measurement is additionally tested on eight clin-
ical cases with real motion artifacts (see Section 4.1.2). Ensemble averaging (h = 7) is
performed for the evaluation. Figure 4.10 shows the resulting artifact measurements and
corresponding cross-sectional patches. The vessels are sorted by the maximum artifact
level predicted by the regression network. Artifact areas identified by the classification
networks (with running average for outlier removal) are highlighted in red.

Four separate observer studies were performed to rate the 120 cross-sectional image
patches visualized in Figure 4.10 with respect to diagnostic reliability in a five point Likert
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12.9 38.6 64.3 90.0 115.7 141.4 167.1

cu
rv

e
d
 M

PR

0.0

0.5

1.0

p
a
tc

h
e
s

12.9 38.6 64.3 90.0 115.7 141.4 167.1

  
 c

u
rv

e
d
 M

P
R

0.0

0.5

1.0

  
 p

a
tc

h
e
s

m~c NNclass NNregr entropy positivity

(b) Case 1, vessel = RCA
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(c) Case 2, vessel = LAD
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(d) Case 2, vessel = RCA

Figure 4.9: Section-wise outputs of the DL-based and the handcrafted motion artifact measures are calculated for
four vessels without and with synthetic motion artifacts. In each subplot, the no motion state is given as refer-
ence above the local motion state. Stack transition artifacts (a)&(d), bifurcations (b) and severe calcifications (c)
are indicated by white arrows in the MPRs. The weighting mask value mc⃗ marked in red, corresponds to the true
relative displacement width of each centerline point and determines the area of introduced motion. Correspond-
ing cross-sectional image patches are given below for visual inspection. In contrast to the handcrafted MAMs,
high predictions made by the neural networks are mostly correctly located at the regions of motion influence.
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Figure 4.10: Section-wise outputs of the DL-based and the handcrafted motion artifact measures are calculated
for eight vessels with real motion artifacts. The predicted artifact level ŝ of NNregr, the entropy and the positivity
are down-scaled to [0,1]. Corresponding cross-sectional image patches with four human observer ratings each
(from : excellent to : non-diagnostic) are given below for visual inspection. The vessels are sorted by
the maximum artifact level predicted by the regression network. Vessel type (RCA or LAD) and acquisition mode
(seq: step-and-shoot or hel: helical) are specified.
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scale ( : excellent, : good, : mixed, : strong artifact, : non-diagnostic).
The eight vessels were presented in random order without indication of the motion artifact
measures to the readers. It has to be noted that the readers were no radiologists, but
research scientists with high level of expertise in reading cardiac CT images. The resulting
annotations are visualized as color bars in the Figure 4.10.

In contrast to the handcrafted MAMs, the DL-based measures deliver sensible results.
The classification networks enable the rough detection of artifact areas and the regression
network additionally allows one to assess the artifact severity. Noise (see Figure 4.10e)
and vessel segments with narrow lumen (see Figure 4.10g) can be identified as potential
sources of uncertainty. The human observer ratings show disagreements in these areas as
well. Furthermore, confusions between bifurcations and blurring artifacts are observable
in the reader scores (see first patch of Figure 4.10b and Figure 4.10h). Image patches with
consistent artifact labels (red or orange) are correctly identified as motion-perturbed by
the neural networks. This also holds for image patches with consistent artifact-free labels
(light green and dark green). Hence, transferability from synthetic to real motion artifacts
is demonstrated. The proposed experiments reveal both, potential and current limitations
of DL-based artifact measurement in clinical practice.

4.5. Discussion
The feasibility of accurate motion artifact quantification in coronary arteries using deep
learning is demonstrated. The results of the quantitative error analysis only provide in-
dications, as the target labels do not always constitute exact ground truth. Figure 4.4a
showsmultiple image patches with false positive target label, for instance originating from
motion along the vessel orientation. The thresholds defining the margin in s are crucial
parameters which might affect the classification performance. The reduced complexity of
the constant linear motion model presented in Section 4.2.3 enables more consistent target
labels, but these might also exhibit slight inaccuracies. Some label noise originates from
approximations and simplifications in the CoMoFACT. The centerline and its normal vec-
tors are only estimates and the mean reconstruction direction is limited to the axial plane,
i.e. the z-axis is not considered. Furthermore, motion in the axial plane has different ef-
fects on the reconstructed image data than motion in z-direction. Also other factors like
background intensities and image noise influence the visual artifact level. The majority
of the generated image and corresponding label data constitute good approximations of
the reality. For network training purposes, the label quality is sufficient, but exact test
performance can not be determined. As a next step, quantitative comparison studies to
hand-labeled data from radiologists should be performed.

For the quality assessment of CCTA images using the proposed motion artifact mea-
sures, the approximate locations of the coronary arteries have to be known. Since mo-
tion artifacts frequently inhibit fully automatic centerline segmentation, alternative ap-
proaches are required. Many tools for coronary centerline extraction are semi-automatic,
i.e. they allow the user to guide the segmentation process. Furthermore, the creation of a
coronary artery atlas which involves the probability density for the position of each ves-
sel segment with respect to the heart segmentation and the deployment of deep-learning
based centerline extraction are options which should be investigated. The proposed Co-
MoFACT enables an evaluation of the robustness of centerline extraction methods with
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regard to motion artifacts. In general, motion introduction by the CoMoFACT might be
useful as a data augmentation strategy in several other CT data-driven learning tasks.

So far, the proposed measures are based on 17 clinical data sets only. CT images for
non-invasive coronary angiography are acquired with a wide variety of scanner types,
imaging protocols and reconstruction algorithms. In order to increase robustness of the
CNNs, collection of more data and network fine-tuning should be performed. Especially in
order to increase the networks insensitivity to noise, an extension of the training database
by including clinical cases with lower SNR or synthetic noise introduction would be re-
quired. Robustness might additionally be improved by measurement smoothing of adja-
cent centerline points in order to reduce appearing scatter and to avoid outliers.
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T he CoMoFACT introduced in [69] and Section 4.2 enable the generation of paired
data which consists of motion-perturbed image patches, corresponding artifact-free

versions and underlying motion trajectories. Two possible options to exploit the given
data for supervised learning of a motion compensation method are illustrated in Figure
5.1 and discussed in the following.

Option 1: Image-to-image translation
Initial experiments for direct mapping of motion-perturbed image data to artifact-free im-
age data using deep residual networks were performed. However, the information content
of the corrupted input patches mostly seems to be insufficient to restore the original ref-
erence data. In the following, the second option is investigated.

Option 2: DL-based motion estimation + motion correction
The steps of motion estimation and correction are separated. First, previously learned re-
gression models take the motion-perturbed image data as input to estimate the underlying
motion parameters. Second, based on the predicted motion parameters, a dense MVF is
calculated and integrated into the MC-FBP. The MC-FBP is applied in its usual way and
motion compensation is performed. By this procedure, the concomitant projection data is
also taken into account.

Phantom studies showed that motion artifacts manifest in characteristic pattern de-
pending on the relation between motion direction and angular reconstruction range (see
Figure 4.5). However, there is no guarantee that the information of underlying motion
parameters such as the motion direction, is incorporated in the motion-perturbed image
data. Possibly artifact types are ambiguous. This chapter addresses the question of how
well motion estimation can be performed from a single reconstructed CT image patch
based on the coronary artifact appearance.

motion-free 
projection data

underlying motion 
parameters

motion-perturbed 
image data

+
Φ

(a)

Option 1: image-to-image translation Option 2: DL-based motion estimation + motion correction

MC-FBP𝑓𝜃𝑓𝜃

(b) (c)

Figure 5.1: (a) The forward model Φ, also called CoMoFACT, takes high quality clinical cases x⃗clean as input and
delivers more or less motion-perturbed image data x⃗syn and corresponding underlying motion parameters y⃗syn
as output. The synthesized paired data enables learning of direct image-to-image translation (b) or DL-based
motion estimation combined with common MCR (c).
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The previous chapter reveals that CNNs are capable of identifying coronary motion
artifact patterns. In the conference article [25], the feasibility of axial motion estimation
using CNNs trained on synthetic data has initially been demonstrated. However, only
centerline segments with a maximal inclination of 45 degree to the z-axis of the fixed
patient system are considered here. A local motion compensation experiment is performed
on clinical data with real artifacts in order to investigate generalization capabilities.

Extending this work, the journal article [68] introduces the Coronary Motion estima-
tion by Patch Analysis in CT data (CoMPACT) method which is applicable on coronary
artery segments with arbitrary orientations. The CoMPACT consists of an ensemble of
five CNNs each taking cross-sectional image patches as input and delivering 2D axial
motion vectors as output. The patch sampling procedure and the network architecture
are adapted, accordingly. Furthermore, a novel iterative motion compensation pipeline,
called the CoMPACT MC method, is developed which combines the DL-based motion
estimation, MVF extrapolation and MC-FBP. This chapter is mainly inspired by [68] and
structured as follows:
5.1 CCTA cases are collected and grouped into clinical reference and test data. Based

on the reference data, phantom vessel trees are generated to investigate the feasi-
bility of DL-based motion estimation under well-controlled conditions, i.e. without
variation in background intensities, contrast agent density or noise level.

5.2 The CoMoFACT generates the required learning data by introducing simulated and
hence controlled motion to the artifact-free clinical and phantom reference data.

5.3 Ensembles of CNNs are trained for the task of motion vector regression based on
the artifact appearance. The CoMPACT networks trained on clinical data only are
integrated into an iterative motion compensation pipeline which uses alternating
MVF estimation and MC-FBP.

5.4 The proposed MC pipeline is tested on clinical test cases with real artifacts and
compared to the registration-based MC approach from Grass et al. [38] in order
to analyze the transferability of CoMPACT MC to clinical practice.

5.5 Advantages and disadvantages of the proposed CoMPACT MC compared to
registration-based MC are discussed.

5.1. MateRial
The CoMoFACT uses artifact-free CCTA cases with step-and-shoot acquisition protocol
as reference point for the motion introduction process. In the following, phantom as well
as patient data studies are performed. Section 5.1.1 details the expansion of the reference
database compared to the previous chapter. The design of the computer-simulated vessels
is described in Section 5.1.2. Additional clinical cases with real motion-perturbation are
collected in order to test the transferability to non-synthetic artifacts (see Section 5.1.3).

5.1.1. Clinical RefeRence data witHout aRtifacts
The database described in Section 4.1.1 is expanded by two additional clinical cases, re-
sulting in a total amount of 19 reference data sets which exhibit no coronary motion ar-
tifacts. The novel contrast-enhanced CT data is acquired using the same scanner type
(Brilliance iCT, Philips Healthcare, Cleveland, OH, USA) and scan protocol (prospectively
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Figure 5.2: Constant linear motion is introduced to phantom vessel trees using the CoMoFACT. Depending on
the relation of motion direction, reconstruction direction and coronary orientation, motion artifacts of different
appearance occur. In case of motion in direction of the coronary artery, artifacts are hardly visible due to blurring
within the vessel (left box, bottom row). The forward projected coronary artery mask depicted in the center is
split into two scanning shots. Patch-based motion prediction models have to be robust regarding related stack
transition artifacts.

ECG-triggered). AWCR and the segmentation of the coronary artery trees are executed
as before. Altogether the patients mean heart rates HRmean range now from 45.2 bpm to
68.9 bpm.

5.1.2. PHantom RefeRence data witHout aRtifacts
From each clinical reference case, one binary phantom mask is extracted which contains
the segmented lumen contour of the entire vessel tree (see Figure 5.2). Ray-driven forward
projection [7] and subsequent high-pass filtering delivers the projection data required for
the application of the CoMoFACT. The projection geometry, the ECG-data and the coro-
nary centerline points are adopted from the corresponding clinical data set. The phantom
study allows identifying the limits of DL-based motion estimation in a well-controlled sce-
nario without variation in background intensities, contrast agent density or noise level. It
focuses on variations in the vessel structure comprising different orientations, curvatures,
radii and bifurcations.

5.1.3. Clinical test data witH Real aRtifacts
Twelve additional clinical cases which belong to different patients and exhibit real motion
artifacts at the coronary arteries are collected for testing purposes. Acquisition is per-
formed by a Brilliance iCT scanner using the same scan protocol as in the reference data.
The mean heart rates of the patients HRmean ranged from 57.9 bpm to 83.0 bpm.

5.2. FoRwaRd model
In this part of the work, CNNs are trained for motion vector estimation in coronary image
patches. The required data for supervised learning is generated using an adapted version of
the previously introduced CoMoFACT. The CoMoFACT simulates inconsistent projection
data caused by artificial motion near the coronary arteries.

Synthetic MVF: In principle, arbitrary motion trajectories can be simulated using this
approach by adjusting the syntheticMVF. For simplicity, themodel is restricted to constant
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linear motion again, but with the additional restriction to arbitrary motion directions in
the axial plane. Therefore, minor adaptations of the synthetic MVF from Section 4.2.1 are
performed. In this CoMoFACT variant, the displacement d⃗c⃗ : [0%,100%)×Ω→R3 of each
voxel ν⃗ at time point tcc ∈ [0%,100%) in millimeters is calculated by:

d⃗c⃗ (tcc , ν⃗) = s ·mc⃗ (⃗ν) · δ⃗c⃗ (tcc ,α) (5.1)

As described before, tcc is measured in percent cardiac cycle, s ∈ R+ denotes the target
motion strength and mc⃗ : Ω→ [0,1] indicates a weighting mask which limits the motion
to the area of the currently processed centerline point c⃗ ∈ Ω. The motion direction is
determined by δ⃗c⃗ : [0%,100%)× (−180◦,180◦] which is adapted to:

δ⃗c⃗ (tcc ,α) = 60bpm
HRmean

· ρ⃗c⃗ (α)∥∥ρ⃗c⃗ (α)
∥∥

2

·


−0.5 if tcc < r −10%
(tcc−r )

20% if r −10% ≤ tcc ≤ r +10%

+0.5 if tcc > r +10%

(5.2)

The motion direction determined by ρ⃗c⃗ (α) is limited to the axial plane, i.e. the z-
component is set to zero. The x- and y-components of ρ⃗c⃗ (α) are defined in such a way
that α corresponds to the angle between mean reconstruction direction of the currently
processed centerline point c⃗ and the motion direction (see Figure 5.3). It has to be noted
that the system rotation direction is consistent for all cases. This is important, since a
reversed rotational direction would lead to a flipping of the artifact shapes.

In the previous chapter, the feasibility of motion artifact recognition and quantifica-
tion by utilizing the parameter s for target value assignment is investigated. This forward
model has one additional (angular) degree of freedom α, i.e. each MVF is now defined by
the parameter tuple (s,α). The target motion strength s scales the length of each displace-
ment vector in the MVF and therefore determines the motion magnitude. On the basis of
the velocity measurements at the coronary arteries by Vembar et al. [111], the target mo-
tion strength s is limited to the interval [0,10] in all experiments. The newly introduced
angle parameter α ∈ (−180◦,180◦] determines the in-plane motion direction.

5.3. LeaRned metHod
The adapted CoMoFACT enables the generation of motion-perturbed image data with con-
trolled motion magnitude s and motion direction α. Ensembles of CNNs are trained on
the synthetic data to estimate underlying motion vectors based on the artifact appearance
(see Section 5.3.1). Section 5.3.2 details the integration of the trained CNNs into iterative
motion compensation pipeline for alternating MVF estimation and MC-FBP.

5.3.1. SupeRvised leaRning
The extended CoMoFACT enables the generation of multiple motion-perturbed CT image
volumes I c⃗,s,α

Ω
with controlled motion level s and motion direction α at a specific coronary

centerline point c⃗ . Both parameters s and α are randomly sampled from uniform distri-
butions in the following experiments. Corresponding Cartesian coordinates xd = s cos(α)
and yd = s sin(α) define the ground-truth labels for the supervised learning task.

59



5

ChapteR 5

Patch sampling: For each centerline point c⃗ and parameter setting (s,α), one 2.5D im-
age patch I c⃗,s,α

2.5D is sampled as input data for supervised learning. A 2.5D patch consists of
three orthogonal image slices of size 60×60 pixels with an image resolution of 0.4×0.4
mm2 per pixel, the so-called x-y plane, x-z plane and y-z plane. The centerline point c⃗
defines the patch center and the patch orientation is contingent on the angular recon-
struction range. The parameter γmean is defined as the gantry rotation angle at the refer-
ence heart phase r . As illustrated in Figure 5.3, γmean determines the relation between the
static patient coordinate system (xpatient, ypatient, zpatient) and the rotated patch coordinate
system (x, y, z). More precisely, (x, y, z) represents a rotation of the coordinate system
(xpatient, ypatient, zpatient) by γmean about the zpatient-axis. By this procedure, the informa-
tion about the angular reconstruction range is embedded in the patch orientation.

In both studies, phantom and patient data, the CoMoFACTwith subsequent patch sam-
pling is applied 1000 times per reference case, thus, delivering a total amount of 19 000
samples as database for supervised learning. The artifact appearance with respect to the
relation between motion direction and vessel orientation is illustrated in Figure 5.2. Fig-
ure 5.3 shows distinct blurring artifacts depending on angular reconstruction range and
motion direction.

Data augmentation: Due to the patch similarity of adjacent centerline points, the data
is case-wise separated for training, validation and testing with a ratio of 11 : 4 : 4 to avoid
a bias. By this procedure, robustness of the trained networks is evaluated with regard
to unknown variations in the vessel geometry and background intensity. The data basis
during network training is extended by online data augmentation. Inherent symmetry
properties of motion artifacts are exploited for random mirroring of each axis in the input
patches. The target labels xd , yd are adapted accordingly. This procedure increases the
amount of vessel geometry variations in the phantom study and background variations in
the patient data study. Additionally, translation is performed as label-preserving augmen-
tation strategy. The patch center is randomly shifted in a range of [−10,10] voxels in x, y
and z direction in order to build translation invariance into the networks. This allows de-
viation between extracted and actual centerline positions. During testing and validation,
no mirroring and no translation is performed.

Learning setup: Based on the synthetically motion perturbed data, CNNs are trained
for patch-based motion estimation. The networks take one image patch I c⃗,s,α

2.5D as input and
deliver the predicted predominant motion vector (x̂d , ŷd ) as output. Multiple patch sam-
pling strategies (2D, 2.5D and 3D), network architectures and hyper-parameter settings
were tested by extensive cross-validation. Best generalization capabilities are achieved by
the CNN visualized in Figure 5.4 which is used in all subsequent experiments. The x-y
plane, the x-z plane and the y-z plane are processed separately in one eight-layer ResNet
[42] each. No weight sharing between the paths is performed since each plane exhibits in-
dividual, characteristic motion artifact pattern. The outputs of the global average pooling
are concatenated and information are merged in a final dense layer with linear activation
function and two output neurons to predict x̂d and ŷd . The learning process is driven by
the squared error l = (xd − x̂d )2 + (yd − ŷd )2.
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(a)

𝛼 = -90°

𝛼 = -60°

𝛼 = -30°

𝛼 = 0°

𝛼 = 30°

𝑠 = 0𝑠 = 3𝑠 = 6𝑠 = 9 𝑠 = 9𝑠 = 6𝑠 = 3

𝛼 = 60°

𝛼 = 90°

(b)

Figure 5.3: The x-y plane of an example centerline point is illustrated in a phantom (a) and a clinical scenario
(b) for varying parameter settings (s,α). For better visualization, the patches of size 60×60 pixels are illustrated
as circles. Depending on the motion angle α, distinct blurring artifacts occur. Orthogonal motion (α = ±90◦)
leads to the most severe banana-shaped artifacts while parallel motion (α= 0◦ or α= 180◦) causes bird-shaped
blurring. In the clinical data, visibility of blurring artifacts and intensity undershoots are strongly influenced by
surrounding background intensities, i.e. artifact types are visually more difficult to distinguish. As illustrated in
the top left and top right corner of Subfigure (a), γmean defines the relation between the static patient coordinate
system (xpatient, ypatient, zpatient) and the rotated patch coordinate system (x, y, z).
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Notation: , BN =  batch normalization, ReLU = Rectified Linear Unit
kernel size, stride
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Figure 5.4: The orthogonal planes of each 2.5D input patch are processed separately in an individual path. In-
formation about in-plane artifact pattern are finally fused in a dense layer with two output neurons to predict
x̂d and ŷd . The network comprises 523 346 learnable weights.

The stochastic gradient descent solver Adam [57] with an initial learning rate of 0.01, a
mini-batch size of 32 and a momentum of 0.8 is used for network optimization. Training
is performed over 45 epochs while the learning rate halves after every 15th epoch. L2
regularization with a weight of 0.001 is used. Network training from scratch is performed
on the phantom and the clinical data, separately. Furthermore, weight initialization based
on previous phantom studies and subsequent fine-tuning on clinical data is investigated.
This is motivated by the recent success of transfer learning approaches [67, 123] and is
comparable with learning to recognize digits before learning to read house numbers.

Bagging approach: Three ensembles of five CNNs each are learned using the aforemen-
tioned network design and hyper-parameter setting by the following bagging approach:

1. Four validation cases and four test cases are randomly sampled.
2. Network training is performed based on the remaining eleven clinical cases.
3. After every epoch of the learning process the generalization capability is examined

by means of the validation set.
4. The model with the lowest mean euclidean error on the validation set during 45

epochs of training is selected for calculation of the test metrics.
5. Steps 1.-4. are performed five times in total.
6. Mean and standard deviation of each test metric over the five splits are calculated.
7. Steps 5.-6. are performed three times; once for phantom data, once for the clinical

data using training from-scratch and once for the clinical data with network initial-
ization based on the learned weights from the phantom study. For comparability,
the same case-wise data separation is used respectively.

5.3.2. Motion compensation pipeline
CNNs trained on the clinical database become the main component of the following mo-
tion compensation pipeline. A cardiac CT image volume with corresponding set of ap-
proximate centerline positions C ⊂ R3 and the raw projection data are required as input.
By patch sampling and subsequent application of the trained CNNs, a set of motion vectors
ˆ⃗dc⃗ ∈R3 for c⃗ ∈C is predicted along the centerline.
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Figure 5.5: For each voxel ν⃗ ∈ Θτ(C ) in the cen-
terline bounding volume highlighted in gray, a mo-
tion vector is calculated by scattered data extrapola-
tion. Distanceweighting of adjacent centerline points
c⃗ ∈ Θτ({⃗ν}) is performed according to the equations
(5.3) and (5.4).

Algorithm 5.1: Iterative MC in CCTA images using
patch-based motion estimation.

Input: image volume IΩ0 , raw projection data p ,
approximate centerline C , number iterations kmax

Output: improved image volume IΩkmax

set ˆ⃗dc⃗ = 0⃗ for c⃗ ∈C
for k = 1,2, ..,kmax do

for c⃗ ∈C do
I c⃗,s,α
2.5D = sample

(
IΩk−1, c⃗

)
ˆ⃗dc⃗ += ensemble

(
I c⃗,s,α
2.5D

)
end for
calculate ˆ⃗d(tcc , ν⃗) according to (5.3)
IΩk =MC-FBP

(
p, ˆ⃗d(tcc , ν⃗)

)
end for

The motion vector (x̂d , ŷd ,0) estimated by the CNNs is back rotated by −γmean about the
z-axis to yield ˆ⃗dc⃗ . Thus, ˆ⃗dc⃗ specifies the predicted displacement in the static patient coor-
dinate system. For MC-FBP, these sparse motion information are transformed into a dense
MVF ˆ⃗d(tcc , ν⃗) : [0%,100%)×Ω→R3 by distance-weighted extrapolation (see Figure 5.5).

MVF Extrapolation The estimated voxel displacements are calculated by:

ˆ⃗d(tcc , ν⃗) = mC (⃗ν)
60bpm
HRmean

·
0 if ν⃗ ∉Θτ(C )∑

c⃗∈C : c⃗∈Θτ({⃗ν})
w (⃗ν, c⃗) ˆ⃗dc⃗ if ν⃗ ∈Θτ(C ) (5.3)

·


0.5 if tcc < r −10%
(r−tcc )

20% if r −10% ≤ tcc ≤ r +10%

−0.5 if tcc > r +10%

w (⃗ν, c⃗) = q (⃗c − ν⃗)∑
c⃗i∈C : c⃗i∈Θτ({⃗ν})

q (⃗ci − ν⃗)
(5.4)

The bounding volume of a set A ⊂ R3 is defined as Θτ(A) = {⃗ν | ∃⃗υ ∈ A : ‖⃗ν− υ⃗‖ <
τ}. The distance weighting is performed using a 3D Gaussian kernel q (⃗c − ν⃗) =
exp(−‖⃗c − ν⃗‖2 /(2σ2))/

p
2πσ23 with σ= 8 (in millimeters). Besides MV extrapolation, the

distance weighting also leads to MVF smoothing. The weighting mask mC : R3 7→ [0,1]
is generated by dilation of each centerline point in C with a kernel radius of 15 mm and
subsequent uniform filtering with a kernel radius of 6.2 mm according to [69]. In order to
yield a smooth transition to zero, the bounding volume radius τ for each Θτ is set to 21.2
mm in the following experiments. The MVF extrapolation in equation (5.3) is performed
shot-wise, i.e. for each circular acquisition, as motion across different scanning shots is
usually not smooth.
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Table 5.1: Error metrics on the test cases with synthetic artifacts during the phantom study and the patient data
study with and without fine-tuning (FT). The baseline corresponds to ˆ⃗dc⃗ = 0⃗ which represents the mean ground
truth MV determined in the CoMoFACT.

ϵx,y ϵs ϵx ϵy ϵα

Baseline 5.00 5.00 3.24 3.24 NaN∗

Phantom 1.10±0.12 0.77±0.09 0.72±0.05 0.66±0.11 13.37◦±1.21◦

Clinical (no FT) 2.92±0.13 1.89±0.07 1.75±0.10 1.96±0.07 35.66◦±1.57◦

Clinical (with FT) 2.87±0.16 1.86±0.11 1.71±0.08 1.93±0.13 34.85◦±2.09◦
∗ The angle error ϵα is 90.00◦ for arbitrary constant ˆ⃗dc⃗ 6= 0⃗

Iterative MC In order to increase the robustness of the MV estimation, an ensemble of
five CNNs (see bagging approach in Section 5.3.1) is utilized for gradual approximation
in an iterative fashion. An additional input parameter kmax is introduced which indicates
the number of alternating MV estimation and MC-FBP steps. Algorithm 5.1 provides the
pseudo code of the iterative CoMPACT MC pipeline.

As an extension, alternative stopping criteria instead of a fixed number of iterations
are conceivable. Termination with respect to the convergence behavior or exploitation of
the artifact level quantification networks from [69] are possible solutions. The proposed
CoMPACTMCpipeline can be either applied on the full coronary artery tree, on individual
segments or on a single centerline point. In case of |C | = 1 and accurate motion estimation,
the dense MVF ˆ⃗d(tcc , ν⃗) equals to d⃗−1

c⃗ (tcc , ν⃗). The duration and the robustness regarding
outliers can be regulated by the density of centerline points.

5.4. ExpeRiments and Results
The Microsoft Cognitive Toolkit (CNTK v2.5+, Microsoft Research, Redmond, WA, USA)
is used as deep learning framework. In Section 5.4.1, networks accuracies are analyzed
based on synthetic motion artifacts. Qualitative performance evaluation of the proposed
CoMPACT MC pipeline based on real motion artifacts, observer studies and a run-time
analysis are provided in Section 5.4.2.

5.4.1. Qantitative analysis on syntHetic aRtifacts
The following error metrics are introduced for network evaluation:

ϵx,y =
√

(xd − x̂d )2 + (yd − ŷd )2,

ϵ◦ = |◦− ◦̂| , for ◦ ∈ {s, x, y},

ϵα = min(|α− α̂| ,360◦−|α− α̂|)

Table 5.1 summarizes the results on the testing subsets. As expected, more accurate
MV prediction is achieved during the phantom study. Fine-tuning shows a slight advan-
tage over network optimization from scratch. However, during qualitative performance
evaluation of the proposed CoMPACT MC pipeline based on real motion artifacts, net-
works trained from scratch yield better results than fine-tuned ones. The fine-tuned net-
works deliver too conservative in clinical practice, i.e. they seldom venture predictions
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Figure 5.6: Bar plot of mean and median angle er-
ror evaluated for subsets determined by the selected
s ranges.

Figure 5.7: Confusion matrix of the target motion
strength s.

far from the mean 0⃗ also in the presence of severe artifacts. This could be explained by
possible overfitting on the synthetic artifacts. For this reason, the following quantitative
error analysis and qualitative experiments are performed based on the bagging ensemble
of the five networks trained on the clinical data without fine-tuning.

Figure 5.6 illustrates the relationship between the accuracy of the predicted motion
direction and the introduced motion strength s. High angle errors ϵα correlate with low s
values, i.e. most accurate prediction of the motion direction is feasible for image patches
with severe motion artifacts. Figure 5.7 shows the mean confusion matrix of the target
motion strength s. The CNNs in the network ensemble frequently deliver too conservative
predictions. Especially high motion levels tend to be underestimated. This network be-
havior supports the iterative MC scheme. Furthermore, a weakness in the differentiation
of low motion levels s ∈ [0,3] is observable, which is also difficult for a human observer
(see Figure 5.3).

5.4.2. Qalitative analysis on Real aRtifacts
LocalMC Thefirst experiment investigates howwell motion estimation and subsequent
compensation can be done from a single 2.5D image patch, i.e. in case of |C | = 1. Centerline
points for 24 test patches aremanually selected from the twelve clinical test cases described
in Section 5.1.3 at vessel segments of varying position, orientation and artifact level. In
Figure 5.8, the corresponding x-y planes of size 60× 60 pixels are visualized before and
after k ∈ {1,3,10} iterations of CoMPACT MC. For comparison, the registration-based MC
approach from Grass et al. [38] is considered which exploits the entire 3D image field of
view (FOV).

The CoMPACTMC shows gradual improvement of the image quality in a multitude of
test cases (e.g. in Figure 5.8c,h,i,k) and sensible convergence properties (except for Figure
5.8m). Is has to be noted that the registration-based approach also fails in the patch of
Figure 5.8m. Indeed, the proposed pipeline has an advantage over the registration-based
approach in several patches, like for instance in Figure 5.8d,p,t. The networks are robust
regarding slight shifts between patch center and vessel position (see Figure 5.8b,e).
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Figure 5.8: The x-y planes of 24 image patches belonging to twelve different patients are visualized before (org)
and after k ∈ {1,3,10} steps of CoMPACT MC. For comparison, the registration-based MC (reg) is considered.
Significantly reduced artifact levels are observable in the majority of the test patches.

The main weakness of the method is the limited motion model complexity. Linear ax-
ial motion spatially constant in a local neighborhood is assumed. In some cases, these
assumptions do not seem to be fulfilled, e.g. in the presence of more complex motion tra-
jectories like turning motion (see Figure 5.8v) and spatially varying predominant motion
directions (see Figure 5.8i,m,q). Nevertheless, the CoMPACT MC is remarkably successful
in view of the little information content obtained from a single 2.5D image patch.
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Figure 5.9: The multiplanar reformats of four vessels belonging to different patients and branches of the right
coronary artery (RCA) are visualized before (org) and after k = 10 iterations of CoMPACT MC. Corresponding
cross-sectional image patches which are perpendicular to the extracted centerline are given below for visual
inspection. Furthermore, registration-based MC (reg) is considered for comparison. Both MC approaches, the
registration-based and the proposed CoMPACTMC, lead to significant reduction of moderate and severe artifacts
along the vessel.

Global MC The second experiment investigates how well motion estimation and sub-
sequent compensation can be done in clinical practice by application on the whole coro-
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Figure 5.10: Cross-sectional image patches before
and after MC are rated by four human observers
in a five point Likert scale (from 1: excellent to 5:
non-diagnostic).

Table 5.2: Mean duration of the CoMPACT MC
pipeline in case of |C | = 1000 and a FOV of size
512×512×300 voxels.

Processing Step Duration [secs]
Patch Sampling k = 1 62.10±3.61

k > 1 11.54±0.27
Ensemble Application 4.86±0.03
MVF Extrapolation 172.17±0.87
MC-FBP 116.16±0.16

Total (kmax = 10) 3196.44±139.39

nary artery tree. The simultaneous consideration of various centerline points also allows
for spatially irregular predominant motion directions. Figure 5.9 shows the multipla-
nar reformats of four vessels without MC, after 10 iterations of CoMPACT MC and after
registration-based MC. In Figure 5.9a,c,d, the corresponding centerlines were extracted
from the output image volume of the registration-basedMCusing the Comprehensive Car-
diac Analysis Software (IntelliSpace Portal 9.0, Philips Healthcare, Cleveland, OH, USA).
The centerline in Figure 5.9b was determined based on the original image volume as the
registration-based approach leads to increased artifact levels in the distal vessel segment.
Significantly reduced artifact levels after CoMPACT MC are observable in all cases, also
in the presence of noise (see Figure 5.9a) or bifurcations (see Figure 5.9d). In Figure 5.9c,
moderate artifacts in the proximal RCA are removed while the artifact-free mid and distal
vessel segments captured by the second scanning shot remain unchanged.

Observer studies Four separate observer studies were performed to rate cross-sectional
image patches before MC, after k = 10 iterations of CoMPACT MC and after registration-
based MC. Eight cross-sectional image patches are equidistantly sampled along the RCA
(as illustrated in Figure 5.9) from eleven test cases resulting in a total number of 4·3·8·11 =
1056 labeled patches. The twelfth clinical test case was omitted as stack transition artifacts
preclude the automatic coronary artery tree segmentation bymeans of the Comprehensive
Cardiac Analysis Software. Rating is performed in a five point Likert scale (1: excellent,
2: good, 3: mixed, 4: strong artifact, 5: non-diagnostic). Vessel segments are presented
in random order without indication of the underlying algorithm to the readers. It has
to be noted that the readers were no radiologists, but research scientists with high level
of expertise in reading cardiac CT images. The resulting annotations are summarized in
Figure 5.10. Mean observer scores of 3.08±0.24, 2.28±0.29 and 2.42±0.23 are achieved on
image volumeswithoutMC, after k = 10 iterations of CoMPACTMCand after registration-
based MC. The performed experiments demonstrate the generalization capabilities of the
trained neural networks on non-synthetic motion artifacts and a reasonable convergence
behavior of the iterative MC scheme.

Run-time analysis Table 5.2 provides the results of a five-fold run-time analysis per-
formed on a NVIDIA GeForce GTX 1080 Ti. In case of k = 1, patch sampling is performed
with respect to the mean reconstruction direction and voxel positions are cached for faster
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sampling in subsequent iterations (k > 1). Motion vector prediction by means of the net-
works, i.e. ensemble application, is the most time-efficient processing step, whereas MVF
extrapolation and MC-FBP are quite time-consuming in the current implementation. Ac-
celeration is possible by parallel processing of the individual scanning shots and restric-
tion of the reconstruction region during MC-FBP to the cached voxel positions required
for patch sampling. Furthermore, the run-time is controllable by adjusting the number of
iteration steps kmax and the centerline point density along the vessel.

5.5. Discussion
The first single-phase motion estimation approach which works solely on reconstructed
image data is proposed. The designed motion model which comprises linear trajectories
in the axial plane, reveals potential and limitations of image-based motion estimation. De-
spite severe simplification of the actual, more complex heart motion, significant artifact
reduction is achieved on clinical test data. More complex trajectories (e.g. turning motion)
could be determined by performing constant linear motion estimation at multiple time
points. Areas around the ostia exhibit 3D velocities with a noticeable contribution from
the z-component. In contrast, mid- and distal RCA and mid-LCX segments have a domi-
nant axial component and velocities in these segments are typically higher [111, 115]. The
introduced procedure of data generation by the CoMoFACT and subsequent supervised
learning is, in principle, extendable to arbitrary non-linear 3D motion trajectories. How-
ever, the information content of the reconstructed image volumes is a limiting factors in
model extension to more complex motion. Initial tests on additional prediction of motion
along the z-axis were not successful. These experiments are not described in the disser-
tation. The performed experiments on network fine-tuning from phantom to clinical data
already reveal the problem of potential overfitting to synthetic artifacts.

For application of the proposed CoMPACT MC pipeline, the approximate locations of
the coronary arteries have to be known. In case of incomplete or incorrect fully auto-
matic centerline segmentation due to severe motion artifacts, semi-automatic approaches
which require user-interaction have to be considered. This requirement constitutes the
main disadvantage of patch-based MC in comparison to registration-based MC. Both ap-
proaches lead to significantly reduced artifact levels in the CCTA images. CoMPACT re-
quires the minimal angular range of 180 degrees in parallel rebinned geometry while the
registration-based MC demands 315 degrees for the partial image reconstructions. Fur-
thermore, CoMPACT shows very promising results despite minimal spatial information
which enables fast local processing of a few centerline points and their neighborhood.

Patch-based motion estimation offers a lot of potential for further research. Addi-
tional prediction of network uncertainty and integration into the distance-weighted MVF
extrapolation might be useful in patches with little information content, e.g. in case of
low contrast enhancement. A cascade process as visualized in Figure 5.11 is conceivable
as well. In a first step, the artifact measures from Chapter 4 could decide whether and
where motion correction is required. For remaining patches with mid-size or severe ar-
tifacts, more accurate prediction of the motion direction can be performed. As an alter-
native to the fixed number of iterations, artifact quantification can be applied to define a
convergence stopping criteria. In general, motion orthogonal to the mean reconstruction
direction leads to most severe artifacts in the reconstructed CT-image (see Figure 4.5). This
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and Quantification

k = 1, ..., 10

Figure 5.11: Schematic drawing of the cascaded MC pipeline, whereby DL-based components are highlighted
in red. In a first step, artifact detection enables the decision whether and where motion correction is required
for accurate diagnosis of CAD. Second, motion correction is locally performed by alternating CoMPACT, MVF
extrapolation and MC-FBP. Finally, artifact quantification measures could be used to verify the success of the
performed motion compensation and replace the fixed number of iterations as stopping criteria.
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(a) Polar contour plot of the classification output.
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(b) Polar contour plot of the regression output.

Figure 5.12: The predicted artifact probability of the classification network and the predicted artifact level of
the regression network from [69] are calculated for the clinical validation data and visualized with regard to the
underlying (s,α) coordinate. The networks diagnose least severe artifacts in case of parallel motion (α = 0◦ or
α= 180◦). Especially, the output of the regression network is spatially smooth.

observation is also confirmed by the motion artifact measurements in Figure 5.12 which is
taken from [25]. Hierarchical motion estimation by an initial line search, i.e. estimation of
the motion magnitude with direction α=±90◦, and subsequent motion model extension
is feasible as well.

So far, the proposed CoMPACT method is only based on 19 clinical data sets. In gen-
eral, CCTA images are acquired with a wide variety of scanner types, imaging protocols
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and reconstruction algorithms. In order to increase the network’s robustness, collection of
more data and network fine-tuning is required. The transferability of the proposed CoM-
PACT MC pipeline to other scanner types and imaging protocols should be investigated.

The methodology of first introducing simulated motion to clinical cases with excellent
quality and subsequent supervised learning of motion estimation models based on the ar-
tifact appearance is, in principle, not restricted to contrast-enhanced coronary arteries.
By providing a set of reference cases without motion artifacts, patch-based motion esti-
mation and compensation is on-site trainable for data of arbitrary contrast protocol and
other parts of the human anatomy. Possible examples are motion artifact removal at the
aortic valve or correction of calcium scores in non-contrast CT.The information content of
the reconstructed image patches and overfitting to synthetic artifacts are again potentially
limiting factors.
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E xisting second-pass MAR methods are not applicable to cardiac CT data (see Figure
6.1a). In order to ensure robustness regarding motion, the approach of rawdata-based

metal shadow segmentation as visualized in Figure 6.1b is pursued. The required feature
and label data for supervised learning is generated by a forward model which inserts syn-
thetic pacemaker leads into clinical cases without metal implants. The following differ-
ences to the previous forward model for coronary motion simulation are noticeable. The
CoMoFACT can generate a smooth transition between artifact-free and artifact-perturbed
data, whereas absence or presence of a pacemaker is a binary state. Furthermore, x⃗syn
contains projection data as well as image data in this application.

In the conference article [70], an initial Dynamic Pacemaker Artifact Removal (Dy-
PAR) pipeline is developed. It is based on CNNs trained on clinical data with synthetic
pacemaker leads for the task of metal shadow segmentation. This method is restricted
to the insertion of static pacemaker leads, naive sinogram inpainting by inverse distance
weighting (IDW) and no metal reinsertion is included. Extending this work, the journal
article [71] introduces DyPAR+, whereby DL-based solutions for sinogram inpainting and
3D lead modeling are integrated as novel components into the pipeline. Furthermore, the
forward model is adapted for dynamic lead insertion by taking concomitant ECG data into
account.

1

2
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Uncorrected Sinogram

Predicted Metal Shadow

Uncorrected CT 
Image

Metal-only CT 
Image

Corrected CT 
ImageInpainting Mask

PROJECTION DOMAIN IMAGE DOMAIN

5 2

3
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Predicted Metal Shadow
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ImageInpainting Mask

1
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(a) (b)

Figure 6.1: (a) Sinogram completion consists of (1) reconstruction, (2) metal segmentation, (3) forward projection,
(4) inpainting, (5) reconstruction and metal reinsertion. Due to the metal segmentation in the image domain,
these MAR approaches are not applicable in the presence of motion. (b) Circumvention of the detour via the
image domain is proposed by (1) DL-based metal shadow segmentation directly in the projection domain. The
purely rawdata-based methodology is independent of 3D motion blur, i.e. predicted pacemaker shadows are
correctly located. Subsequent (2) inpainting and (3) reconstruction delivers the CT image volume without pace-
maker associated artifacts. Based on the segmented metal shadow, (4) metal masks in the image domain can be
estimated.
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Table 6.1: Comparison of clinical test database and synthetic learning database with regard to pacemaker type,
acquisition settings and scanner type (iCT: Brilliance iCT / B64: Brilliance 64, Philips Healthcare). The scanner
type and the helical pitch determine the scan trajectory and thus also the reconstruction geometry. The rotation
time [sec] and the number of recorded projection views per gantry turn define the temporal distance within the
projection data.

Clinical Test Data Synthetic Learning Data
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se
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se
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se
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se

7
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se
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se

9

Ca
se

1
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se

2-
4
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se

5-
7

Ca
se

8-
14

Defibrillator yes no no no no yes no no no no no no no
Gated yes yes yes yes yes yes no no no yes yes yes yes
Dose Modulation no no yes yes yes no no no no no no no no
Scanner Type iCT iCT iCT B64 iCT iCT iCT iCT iCT iCT iCT iCT iCT
Helical Pitch 0.160 0.160 0.165 0.200 0.180 0.180 0.664 0.664 0.993 0.160 0.160 0.180 0.180
Rotation Time / Turn 0.272 0.272 0.272 0.420 0.330 0.330 0.330 0.330 0.750 0.272 0.272 0.272 0.272
Number Views / Turn 1800 1800 2400 2320 2400 2400 2400 2400 2400 2400 1800 1800 2400

This chapter is mainly inspired by [68] and structured as follows:
6.1 Clinical cases with and without implanted pacemakers are collected. The cases with

pacemakers are grouped into template and clinical test data depending on availabil-
ity of corresponding raw projection data.

6.2 Pacemaker lead models are build based on the template data. The synthetic leads
are inserted into the pacemaker-free reference cases by means of thin plate spline
smoothing, dilation and time-dependent forward projection. By this procedure,
pairs of metal-free and metal-affected projection data in addition to corresponding
metal masks in the image domain are generated.

6.3 Ensembles of CNNs are trained for the tasks of metal shadow segmentation, sino-
gram inpainting and 3D lead modeling and included into the fully-automatic Dy-
PAR+ pipeline.

6.4 The proposed DyPAR+ pipeline is applied on the clinical test data and compared to
common MAR and DyPAR.

6.5 Potential extensions of DyPAR+, e.g. for the establishment of consistent projection
data or the application on other types of metal implants, are discussed.

6.1. MateRial
The learning data is generated by insertion of simulated pacemaker leads into the reference
data without pacemakers. Reasonable lead positions and pathways are extracted from the
template data with pacemakers as detailed in Section 6.2. Additional clinical cases with
real pacemakers are collected in order to test the transferability of the proposed DyPAR+
pipeline in clinical practice.

6.1.1. LeaRning data
Reference cases without pacemakers The raw projection data of 14 contrast-
enhanced cardiac CT data sets without pacemakers is collected for synthetic lead insertion.
In all reference cases, acquisition was performed with a 256-slice CT scanner (Brilliance
iCT, Philips Healthcare, Cleveland, Ohio , USA) using a retrospective gating protocol with
helical trajectory. Details on the acquisition settings are summarized in Table 6.1.
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Figure 6.2: The data required for supervised learning is generated by a forward model which introduces syn-
thetic pacemaker leads into the image and projection data of clinical cases without pacemakers. Surface meshes
delineating the segmented heart during multi-phase reconstruction allow for sensible insertion positions and
motion trajectories.

Template cases with pacemakers Seven reconstructed CT image volumes with pace-
makers are collected for the extraction of pacemaker lead positions and pathways with
respect to the cardiac anatomy. Corresponding raw projection data is not required. Dual
as well as triple chamber pacemakers are included, i.e. synthesis of right atrial, right ven-
tricular and coronary sinus leads is aimed for.

6.1.2. Clinical test data
In order to furthermore investigate generalization capabilities of the proposed DyPAR+
approach in clinical practice, the raw projection data of 9 additional cardiac CT data sets
with real pacemakers is collected. The clinical test data allows evaluating the networks
behavior in the presence of unseen features like electrodes or defibrillators and the ro-
bustness with regard to variations in contrast-enhancement, motion levels and acquisition
settings. ECG-gated as well as ungated contrast-enhanced CT scans with helical acquisi-
tion trajectories are included (see Table 6.1). The ECG-gated test cases are reconstructed
with a cardiac gating window around 75% R-R using AWCR, i.e. at mid-diastolic quiescent
phase. For the ungated test cases which exhibit lower contrast agent densities, simple FBP
is applied. Evaluation results on the clinical test data are presented in Section 6.4.2.

6.2. FoRwaRd Model
The data generation process is visualized in Figure 6.2. The forward model takes one
template case (i.e. a reconstructed image volume with pacemaker) and one reference case
(i.e. one ECG-gated sinogramwithout pacemaker Porg) as input and delivers synthetic data
required for the supervised learning processes as output. First, a set of ten reference image
volumes is obtained bymulti-phase reconstructionwith a temporal distance of 10% cardiac
cycle using AWCR. For the resulting reference phase-volumes and the template image
volume, corresponding heart meshes are determined by model-based heart segmentation
according to [23]. Along each pacemaker lead in the template case, at least ten B-spline
knots are manually selected. It has to be noted that the definition of these landmarks
represents the only manual processing step within the dynamic forward model. Thin plate
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spline smoothing based on point-to-point correspondences in the segmented heart meshes
allows the transformation of the B-spline knots from the template case into each phase
volume of the reference case.

Synthetic metal shadows in the originally acquired projection geometry of the refer-
ence case Pmetal are gradually filled by the following procedure. For each projection view
in the reference sinogram, the corresponding cardiac phase point tcc is determined. Land-
mark positions in this specific motion state are calculated by linear interpolation of the B-
spline knots associated with the two neighboring phase points within {5%,15%,. . . ,95%}
cardiac cycle. This approach ensures continuous movements across various projection
views. The corresponding B-spline curve is determined by cubic B-spline interpolation
for each pacemaker lead, separately. Dilation of the resulting lines with a chosen lead
diameter of 2 millimeters and an attenuation value of 4500 HU yields the binary image
volume Imetal(tcc ) in the reference image geometry. Subsequent forward projection de-
livers the metal shadow for the currently processed projection view. Clinical projection
data with synthetic leads Pinput = Porg+Pmetal is obtained by summation of the original
projection data and the forward projected lead mask. Thresholding with zero defines the
corresponding reference segmentation mask Pmask = 1Pmetal>0.

Random combination of reference and template data enables generation of multiple
metal-perturbed CT data sets. In the following experiments, the dynamic forward model
is applied two times per template case as twice as many reference cases are available.
With an iCT detector shape of 128×672 and an average number of 9 500 projection views
per reference case, a total amount of 14·128·672·9500 ≈ 1.15·1010 labeled line integrals is
collected. The database required for the segmentation, inpainting and modeling learning
tasks comprises for each provided reference case:

Pinput projection data with synthetic leads,
Pmask binary mask of metal-affected line integrals,
Porg original metal-free projection data,
Imetal(tcc ) time-dependent metal mask (image domain).

The learning data is case-wise separated into training, validation and testing sub-
sets with a ratio of 8:4:2, or rather 4:2:1 with respect to the corresponding template cases
in order to ensure disjoint pacemaker geometries and background line integrals among
the subsets.

6.3. LeaRned MetHod
The proposed DyPAR+ pipeline is built of three CNN ensembles and takes the raw pro-
jection data of a metal-affected CT scan as input. The SegmentationNets identify metal-
affected line integrals directly in the projection domain, i.e. independent of motion. The
InpaintingNets treat metal-affected values as missing data and refill the projection data
based on surrounding line integrals. Subsequent reconstruction of the inpainted sinogram
delivers the CT image volume without metal. The ModelingNets finally determine metal
positions in the image domain based on the segmented metal shadow mask. The resulting
metal mask can optionally be visualized as overlay. The DyPAR+ processing pipeline is
illustrated in Figure 6.3.
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Figure 6.3: Neural networks trained for the tasks of metal shadow segmentation, sinogram inpainting and metal
reinsertion represent the basic elements of the proposed dynamic pacemaker artifact removal (DyPAR+) pipeline.
The back-projection operator is abbreviated to BP.

6.3.1. SHaRed leaRning fRamewoRK
This section details components of the learning framework including network architec-
ture and hyper-parameter settings which are shared across the different tasks of metal
shadow segmentation, sinogram inpainting and metal modeling. Information on task-
specific learning setups are provided in the following Sections 6.3.2, 6.3.3 and 6.3.4.

Network architecture During training, the neural networks take patches of size b ×
n ×n ×h as input and deliver patches of size n ×n as output. The number of channels b,
the number of slices h and the plane size n ×n are task-specific parameters. Figure 6.4
illustrates the utilized U-Net architecture which is adapted from [94]. In case of multi-
slice inputs (h > 1), feature extraction in the contracting path is performed for each slice
separately using shared weights. Slice features are joint in the bottleneck and merely
feature maps of the center slice are copied from the contracting to the expanding path
in the skip connections. The network exhibits a receptive field size of 81× 81×h. In
contrast to [70], partial convolution based padding according to [65] is performed to keep
in-plane input and output sizes equal. In general, arbitrary output shapes are enabled by
the fully convolutional network, therefore, during validation and testing, metal shadow
segmentation and inpainting is performed over the full detector size of 128×672 in a single
step.

Bagging approach The stochastic gradient descent solver Adam [57] with an initial
learning rate of 0.01 and a momentum of 0.8 is used for network optimization. The learn-
ing rate decreases with a factor of two after 33% and 66% of the overall training time. L2
regularization with a weight of 0.0002 is used. One training epoch is defined by 105 pro-
cessed samples. Please remind, that the learning data is case-wise separated with respect
to the corresponding template cases, in order to ensure disjoint pacemaker geometries.
For each task, an ensemble of seven CNNs is trained by the following bagging approach:

1. Test data associated with one template case is selected.
2. Validation data (associated with two template cases) is randomly sampled from the

remaining data.
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Figure 6.4: The fundamental network architecture is shared across the tasks of metal shadow segmentation,
sinogram inpainting and metal modeling. The adapted U-Net design enables multi-channel and multi-slice input
patches. Task-specific parameters include the number of input channels b, the number of input slices h, the
plane size n×n and the number of feature maps at each layer determined by o. Each double line corresponds to
a multi-channel feature map. A slice number of h = 5 is illustrated for clarity. The actual shape of each feature
map is denoted below each line block. The arrows represent the different operations.

3. Network training is performed based on the remaining data (associated with four
template cases).

4. After every epoch, the network’s generalization capabilities on the validation data
are assessed by a task-specific validation metric.

5. The model with the highest validation metric within all training epochs is selected
for performance evaluation and application in DyPAR+.

6. Steps 1.-5. are repeated seven times; every synthetic learning case is selected one
time for testing.

Case-wise subsets for training, validation and testing remain unchanged across the tasks.

6.3.2. SegmentationNets
SegmentationNets are trained to map projection data with metal leads Pinput to corre-
sponding binary masks Pmask of metal-affected line integrals. On average, 1.37% of the
labeled projection data contain metal shadow voxels. To compensate for this foreground-
background class imbalance, a patch-based learning approach is applied.

Patch sampling During training, the SegmentationNets take patches of size 1×128×
128×11 as input and deliver patches of size 128×128 as output. The first dimension of
the networks input corresponds to the number of channels (here b = 1). The second and
the third dimension contain the information of the detector row and column. The fourth
dimension indicates projection views which are equidistantly sampled with respect to the
number of views per gantry turn so that 12 degrees gantry rotation are captured. The
SegmentationNets target the segmentation mask of the central (sixth) view. By including
neighboring projection views, the networks get additional information on the rotation
velocity, i.e. the distance of supposed pacemaker leads to the rotation center. The sampling
process is controlled such that 75% of the target output patches contain at least one object
voxel while the remaining 25% are randomly sampled.
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Learning framework In the contracting path of the SegmentationNets, 2D lead fea-
tures are extracted for each view, separately and joint in the bottleneck to exploit the tem-
poral information. In the expanding path, location information of the center slice to be
segmented are copied from the contracting path via skip connections. In the last network
layer, the soft-max function is used as activation. The SegmentationNets architecture with
its shared weights in the contracting path has 423 730 learned parameters. Training is per-
formed over 30 epochs using a mini-batch size of 32. The learning process is driven by the
focal loss [63] which is well suited for imbalanced segmentation tasks using a focusing
parameter of γ= 2. The Dice coefficient with a probability threshold of T = 0.5 is used as
validation metric in the bagging approach.

Application in DyPAR+ In order to increase the robustness of the metal shadow seg-
mentation, the entire ensemble of seven SegmentationNets yielded by the bagging ap-
proach is applied on the input raw projection data. The output probability maps are aver-
aged across the ensemble and contain values in [0,1]. The binary metal shadow mask (1:
metal-affected, 0: background) is obtained by thresholdingwith T = 0.15. The choice of the
relatively low threshold is motivated by the fact that incompletely segmented metal shad-
ows may lead to newly introduced artifacts after inpainting and reconstruction. There-
fore, sensitivity is judged as more important performance measure than precision. The
threshold of T = 0.15 corresponds to a maximal false negative rate of 1% during testing on
synthetic learning data.

During DyPAR+, InpaintingNets and ModelingNets rely on the outputs of the Seg-
mentationNets, i.e. they have to deal with false positive and false negative metal shadow
segmentations. For each data split in the bagging approach, the model selected in step 5.
is applied on the test cases. Binary segmentation masks resulting by thresholding with
T = 0.15 are stored in Psegm. As described in the following sections, InpaintingNets and
ModelingNets are trained on Psegm, i.e. the testing output masks with slight inaccuracies,
rather than on the ground truth masks Pmask.

6.3.3. InpaintingNets
InpaintingNets are trained to map metal-afflicted projection data Pinput masked by
M =¬Psegm to corresponding metal-free line integrals from the original projection data
Porg. Line integrals with a mask value of zero are treated as missing data.

Patch sampling During training, the network takes patches of size 2× 100× 100× 1
as input, whereby channel information are sampled from the projection data Pinput (first
channel) and the corresponding mask M (second channel). Online data augmentation is
performed by randomly treating up to ten additional line integrals in every tenth input
patch as unknown. The sampling process is controlled in such a way that each patch
contains at least one missing line integral.

Learning framework Several DL-based approaches dealing with free-form masks and
non-blind image inpainting (i.e. regions to be inpainted are known a priori) have been
presented in the last years [85, 121]. The network architecture illustrated in Figure 6.4 is
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adapted for the inpainting task by replacing all convolutional layers with partial convo-
lutions as suggested by Liu et al. [64]. In a partial convolution only valid pixels are taken
into account and the layers output is re-normalized according to the ratio of kernel size
and masking area. The mask is updated after every layer and passed as additional single-
channel feature map through the network. Within the skip connections, merely common
feature maps are copied and concatenated, i.e. upsampled masks from deeper layers are
utilized in the expanding path. After the last convolution layer with linear activation
function, inpainted areas of the networks output NNinpaint are combined with the original
input by Pclean = M ¯Pinput+ (1−M)¯NNinpaint. The network has an increased number
of feature maps compared to the SegmentationNets and 3 805 313 learned parameters in
total. Training is performed over 60 epochs using a mini-batch size of 64. The learning is
driven by the combined loss function:

Linpaint = 1

2N� (
∥∥∥P�

clean−P�
org

∥∥∥
1
+

∥∥∥Sx ∗P�
clean−Sx ∗P�

org

∥∥∥
1
+

∥∥∥Sy ∗P�
clean−Sy ∗P�

org

∥∥∥
1

)

The loss function is defined on patch-level, i.e. P�
clean and P�

org represent patches sampled
from Pclean and Porg, respectively. N� = 1002 is defined as the number of line integrals
in a training patch and Sx/y denote Sobel convolution kernels for vertical and horizontal
derivative approximation. The loss function is a combination of theMAE on the projection
data and the MAE on the corresponding gradients. It therefore penalizes differences in
edge information. The validation metric utilized in step 4. of the bagging approach is
replaced by a per-pixel reconstruction accuracy

nMAE= 1∥∥Psegm
∥∥

1

∥∥Pclean−Porg
∥∥

1 (6.1)

normalized by the number of metal-affected line integrals.

Application in DyPAR+ InpaintingNets take the raw projection data Pinput and the
corresponding metal shadow mask Psegm predicted by the SegmentationNets as input.
View-wise processing and subsequent ensemble averaging yields the inpainted projection
data Pclean. The metal-free image volume is obtained by reconstruction of Pclean using
either FBP for ungated cases or AWCR when concomitant ECG data is available.

6.3.4. ModelingNets
ModelingNets are trained to predict metal positions in the reconstructed image volume
based on segmented binary metal shadow masks. Since the SegmentationNets might pro-
duce slight inaccuracies, the networks have to be robust regarding false positives and false
negatives. Furthermore, cardiac motion needs to be compensated by the network to pro-
duce metal masks without blurring artifacts. The metal reinsertion method is inspired by
existing motion compensation approaches which exploit the increased temporal resolu-
tion of partial angle reconstructions (PARs) [38, 40, 55].

Partial angle reconstruction Each projection view P j is associated with a specific
gantry rotation angle γ j and acquisition time point tcc, j ∈ [0 % R-R,100 % R-R) within the
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Figure 6.5: TheModelingNets take a stack of partial angle reconstructions A−4, A−3, . . . , A4 obtained from the seg-
mented metal shadowmask as input and deliver the corresponding metal mask in the image domain Imetal(tcc,c )
as output (highlighted in red). Projection beams in A0 are closest in time to the target motion state determined
by tcc,c . With increasing temporal distance, slight shifts between back-projected beams and target metal mask
can be observed.

cardiac cycle. Given a center projection view Pc , the back-projection operator B without
high-pass filtering is used to reconstruct nine partial angle volumes

Ai =
∑

j∈Γi

B(Psegm, j ), with i ∈ {−4,−3, . . . ,4}, Γi = { j : |γ j −20◦i −γc | < 10◦} (6.2)

of disjoint 20◦ angle segments. By this procedure 180◦ gantry rotation are covered in total
as illustrated in Figure 6.5. The target metal mask Imetal(tcc,c ) which corresponds to the
motion state at acquisition time point tcc,c is highlighted in red. Depending on the center
index c , a partial field of view (pFOV) is defined as

Ωc =
{

1, if voxel is part of the FOV over the full angle range of 180◦.

0, otherwise.
(6.3)

For each reference case, four stacks of PARs Sc = {A−4, A−3, . . . , A4} with varying center
index c and corresponding target metal masks Imetal(tcc,c ) are created. Solely image re-
gions which are part of the pFOV are included in the learning data. By this procedure,
a total amount of 14 · 512 · 512 · 4 · 170 ≈ 2.5 · 109 labeled voxels is collected whereby on
average 0.024% of the image data contains object voxels. In order to compensate this class
imbalance, a patch-based approach is applied again.

Patch sampling During training, the ModelingNets take patches of size 9×60×60×7
as input and deliver patches of size 60×60 as output. The PARs A−4, . . . , A4 which belong
to different angular segments are provided as channel information. The second and third
dimension of the networks input contain the information of the axial plane. Seven neigh-
boring axial slices are included, whereby the ModelingNets target the segmentation mask
Imetal(tcc,c ) of the middle fourth view. The pacemaker leads can be arbitrarily oriented in
the image volume. By including neighboring axial views, the networks get additional in-
formation on the lead pathways. Online data augmentation is performed by random axial
rotation of the input and target patches by 0◦, 90◦, 180◦ or 270◦. Furthermore, mirroring
along the scanners x- and z-axis increases the training database. To enforce a clockwise
system rotation direction, the channel order is inverted in case of mirroring along the
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x-axis. The sampling process is controlled in such a way that 90% of the target output
patches contain at least one object voxel while the remaining 10% are randomly sampled.

Learning framework The number of feature maps is doubled compared to the Seg-
mentationNets, resulting in a total number of 1 398 114 learned parameters. The learning
setup including loss function, validation metric and hyper-parameter settings remains un-
changed compared to Section 6.3.2. Case sampling is performed with regard to the tem-
plate cases, i.e. 8 testing, 16 validation and 32 training volumes are selected for each split
in the bagging approach.

Application in DyPAR+ Gated CT scans are reconstructed by AWCR whereas simple
FBP is used for ungated test cases. Therefore, application of the ModelingNets is adapted
depending on the availability of ECG data.

ECG-gated test case: A specific heart phase tcc, j is associated with each projec-
tion views P j by means of the ECG data. During AWCR a reference heart phase
r needs to be specified which determines the center of the cardiac gating window.
For each recorded cardiac cycle C a corresponding subset of views is assigned by
Λ(C ) = { j |P j is aquired within C }. The projection view Pc(C ) with heart phase closest to
the reference phase is identified by c(C ) = argmin

j∈Λ(C )
|tcc, j − r |. The stack of corresponding

partial angle volumes Sc(C ) is generated according to equation (6.2) and fed into the Mod-
elingNets. The networks output NNmodel includes averaging across the ensemble. Under
consideration of the pFOV Ωc(C ), the output probability map is calculated by

Imetal =
∑

C NNmodel(Sc(C ))¯Ωc(C )∑
C Ωc(C )

. (6.4)

Thresholding with 0.5 finally delivers the binary metal mask in image domain.
Ungated test case: In case of ungated CT data, projection views P j can not be associated

with a specific time point tcc, j . But, for each axial image slice Iz , a corresponding nearest
projection view P j can be calculated by

j (z) = NVPT
Pitch (resz · z +Tz −Sourcez ) , (6.5)

whereby NVPT denotes the number of views per gantry turn and resz is the image resolu-
tion in z. The expression Tz−Sourcez specifies the distance in z of the first axial slice in the
image FOV to the center of rotation for the first projection view. In order to avoid blend-
ing of different motion phases in the metal image, the metal probability map is block-wise
filled, i.e. Imetal,Z =NNmodel(Sc(Z )), whereby Z denotes a subset of axial slice indices. The
center index c(Z ) = j (z∗) is calculated according to equation (6.5) whereby z∗ is defined
as the center slice of Z . The axial block size |Z | is an adjustable parameter. A small block
size leads to smoother output probability maps, but requires a longer runtime. It has to be
noted that the metal reinsertion process for ungated cases can be significantly accelerated
by reusing partial image volume under consideration of the table movement during 20◦
gantry rotation. Furthermore, PARs should only be back-projected to the relevant image
area defined by Z . Thresholding of Imetal,Z with 0.5 finally delivers the binary metal mask
in image domain.
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Table 6.2: Test results on the synthetic learning
data including mean and standard deviation of se-
lected performance metrics for segmentation and
inpainting tasks. The threshold T defines the
metal-background class separation, whereby T = 0
would correspond to classifying all pixels/voxels as
metal-affected. Except for the mean absolute error
(MAE) in the projection and in the image domain,
all scores are expressed in percent.

∗D1-corrected: false positives and false negatives
within the dilated true positive area (using a 3×3×
3 structure element) are ignored

Approach Metric Score
SegmentationNets Dice coefficient 94.16±1.49
(threshold T = 0.5) Sensitivity 93.88±1.37

Precision 94.57±2.34
SegmentationNets Dice coefficient 88.05±2.17
(threshold T = 0.15) Dice coefficient (D1) 97.88±2.42

Sensitivity 99.02±0.79
Sensitivity (D1) 99.53±0.53
Precision 79.44±2.94
Precision (D1) 96.51±4.03

InpaintingNets nMAE (projection) 6.040±0.88
MAE (image) [HU] 11.54±2.49

Inverse Distance nMAE (projection) 6.337±0.87
Weighting MAE (image) [HU] 12.17±2.57
PatchMatch nMAE (projection) 6.912±1.16

MAE (image) [HU] 12.72±2.71
ModelingNets Dice coefficient 55.60±4.79
(threshold T = 0.5) Dice coefficient (D1) 76.02±6.98

Sensitivity 53.35±5.07
Sensitivity (D1) 73.24±7.34
Precision 59.15±5.03
Precision (D1) 80.96±6.70

6.4. ExpeRiments and Results
For all experiments, the Microsoft Cognitive Toolkit (CNTK v2.5+, Microsoft Research,
Redmond, WA, USA) is used as deep learning framework. Section 6.4.1 deals with quanti-
tative and qualitative evaluation of the network’s performance on the synthetic learning
data. The network’s generalization capabilities to clinical test data with real pacemakers
are examined in 6.4.2.

6.4.1. Evaluation on syntHetic leaRning data
Performance measurements of the network ensembles achieved on the testing subsets are
summarized in Table 6.2. As most segmentation errors produced by the Segmentation-
Nets and the ModelingNets occur at the boundaries of the metal mask, also D1-corrected
performance measures are considered. Despite thin line-shaped object masks, remarkably
high dice coefficients are achieved by SegmentationNets. The ModelingNets have to deal
with a more extreme class imbalance and segmentation errors of the SegmentationNets.
Furthermore, predicting the exact position and diameter of the pacemaker leads, based
on the PARs is indeed a difficult task. The image volumes in the learning data are recon-
structed with a voxel resolution between 0.4 mm and 0.5 mm. Therefore, lead pathways
shifted by few voxels are tolerable.

The InpaintingNets are compared with the rule-based approaches PatchMatch [4] and
inverse distance weighting [101]. For PatchMatch, a third-party implementation1 is used.
The IDW is performed in the following experiments by interpolating metal-affected line
integrals based on border pixels (defined in a 8-neighborhood around the segmentation
mask) using the L∞ metric as distance function. All inpainting approaches are tested by
view-wise processing using the projection data Pinput and the ground-truth metal shadow
masks Pmask as input. Besides the normalized mean absolute error in the projection do-

1https://github.com/younesse-cv/patchmatch
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Figure 6.6: Comparison of reconstructed axial image slices after inpainting of synthetic metal shadows using
PatchMatch, inverse distance weighting (IDW) and the InpaintingNets with the original reference image volume
without synthetic leads.

main (nMAE) introduced in Equation (6.1), the mean absolute deviation from Iorg is re-
garded, as the image quality after reconstruction is most crucial. In both domains, the DL-
based approach outperforms the rule-based ones. In Figure 6.6, example reconstruction
results after inpainting are compared. The visual impression coincides with the perfor-
mance scores. The InpaintingNets induced least streak-shaped artifacts and seem to fill
the projection data with higher consistency across the projection views.

6.4.2. Evaluation on clinical test data
DyPAR+ is applied to 9 clinical test cases with real pacemakers described in Section 6.1.2.
Figure 6.7 provides qualitative evaluation results of the networks outputs in the projection
domain. As already stated in [70], the SegmentationNets object-background separation
also generalizes to electrodes and defibrillators despite the lag of dedicated learning data.
False negatives occur especially at the pacemaker leads due to a low deviation of metal
shadow and background line integrals (see Figure 6.7d,f). ECG-leads and pacemaker leads
are visually hard to distinguish based on a single projection view. Apart from few excep-
tions (see Figure 6.7h), the SegmentationNets are remarkably successful in their separation
and seem also to consider rotation velocities (see Figure 6.7b,c,e). The InpaintingNets are
able to fill metal-affected line integrals. However, inpainted areas exhibit removed noise
patterns and reduced edge preservation, e.g. in the case of interrupted ECG-leads (see
Figure 6.7b,e). This is a known effect of many data-driven inpainting approaches that use
the MAE as loss function.

Maximum intensity projections visualized in Figure 6.8 compare between real and pre-
dicted lead pathways. The output of the ModelingNets highly depends on the quality of
the previous metal shadow segmentation step. In all test cases, hardly false positive ac-
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Figure 6.7: For each clinical test case, one example view
of the input projection data Pinput with corresponding
outputs of the SegmentationNets Psegm and Inpaint-
ingNets Pclean is depicted.
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Figure 6.8: Maximum intensity projections of axial
(top) and sagittal (bottom) slices are compared for im-
age volumes reconstructed without MAR, image vol-
umes after DyPAR+ and the output probability maps
of the ModelingNets Imetal.

tivations are present. In the gated test cases, edges at the boundaries of the partial FOVs
Ωc(C ) are visible in the probability maps (see Figure 6.8a-c). However, extracted binary
metal masks after thresholding are coherent and inserted at the correct positions. The
redundancy in the projection data due to the low pitches and averaging across different
cardiac cycles increases the robustness of metal modeling for gated cases. In contrast, the
predicted metal probability map of the ungated case in Figure 6.8d exhibits stack transi-
tion artifacts and increased blurring. One fifth of the axial slices is selected as block size
|Z |. Interrupted leads occur in the extracted binary metal mask after thresholding. In this
case it might be more sensible to use the probability map without binarization as heatmap
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Figure 6.9: A selection of axial image slices withoutMAR, after 2nd passMAR, after DyPAR and after DyPAR+ are
visualized using a level/window setting of 150/750 HU. Reinserted metal is highlighted in red. Observer rankings
of the MAR approaches are provided in the upper left corner of each slice whereby a score of 1 corresponds to
least artifacts.

overlay. It has to be mentioned that especially in the ungated test cases, contrast enhance-
ment and acquisition settings like pitch and gantry rotation speed vary from the learning
data (see Table 6.1). Nevertheless, a significant metal artifact reduction can be observed
in the DyPAR+ output.

The proposed pacemaker artifact removal method is compared with a common sec-
ond pass approach and the previous DyPAR pipeline. In the second pass approach, metal
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masks are segmented in the image domain using 3D hysteresis thresholds of 1000 HU and
1500 HU.Themetal shadow areas are yielded by forward projection and thresholding with
zero. IDW is applied as inpainting strategy. The DyPAR pipeline proposed in [70] com-
prises DL-basedmetal shadow segmentation and IDW. For each clinical test case, two axial
slices are depicted in Figure 6.9 which exhibit severe metal artifacts after conventional re-
construction. Image slices after MAR are ranked by visual comparison of blurring and
streak-shaped artifact levels, whereby a ranking of 1 corresponds to the highest image
quality. In case of similar artifact levels, MAR approaches yield the same score.

Mean observer rankings of 2.5 and 1.94 are achieved by the second pass and theDyPAR
approach. The second pass approach is not robust regarding cardiac motion and leads to
increased blurring in the neighboring anatomy, incomplete metal removal and introduc-
tion of new severe artifacts in several slices (see Figure 6.9b,c,g,h,i). For visual inspection
of motion perturbations inmetal shadowmasks resulting from image-based segmentation,
please refer to Figure 2.7 and [70]. In [70], two additional test data sets without pacemakers
are considered for false positives quantification. Incorrect metal shadow segmentations
are caused by ECG leads and sternal steel wires. In contrast to the image-based approach
which exhibits higher false positive rates, severe calcifications and stents are not misinter-
preted by the networks. However, metal shadow masks are post-processed in DyPAR by
largest connected component extraction in order to reduce the number of false positives.
This post-processing step is not applied in DyPAR+, as it might lead to incorrect removal
of true positives in case of gaps in the metal shadow masks (see Figure 6.9f). Furthermore,
no metal reinsertion is performed in [70] in contrast to second pass MAR and DyPAR+.

With a mean observer ranking of 1.0, axial image slices after DyPAR+ exhibit least
artifacts, i.e. it benefits from the DL-based metal shadow segmentation and inpainting.
However, partial angle artifacts due to incompletemetal shadow segmentations (see Figure
6.9d,g) and introduction of streak artifacts due to inconsistencies among the 2D projections
occurred after the inpainting step (see Figure 6.9a) are still the main sources of image
quality degradation. Nevertheless, metal artifacts are successfully reduced by DyPAR+
and the evaluation of neighboring anatomy is facilitated in most cases. In Figure 6.9h
number and position of pacemaker leads can be identified without cardiac motion blur
and in Figure 6.9a-c, metal artifacts are removed which hamper evaluation of portions of
the coronary arteries. It shows a high robustness to different noise levels, contrast agent
densities and motion velocities. The experiments demonstrate the feasibility of pacemaker
artifact removal without the need of an initial image reconstruction and the transferability
from synthetic leads to real pacemakers.

6.5. Discussion
The proposed DyPAR+ pipeline can facilitate evaluation of neighboring anatomy, for in-
stance, with regard to inflammations or calcification. Especially, the procedure planning
from cardiac CT data for minimal invasive pacemaker lead extraction might be improved
bymeans of DyPAR+. Pacemaker leads need to be removed in case of infection, damage or
needlessness. Furthermore, a multitude of existing model-based and DL-based approaches
for risk assessment, anatomical segmentation etc. fail in the presence of pacemaker metal
artifacts. Figure 6.10 shows an example of perturbed coronary vessel segmentation by
the Comprehensive Cardiac Analysis Software (IntelliSpace Portal 9.0, Philips Healthcare,
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(a) (b)

Figure 6.10: Coronary lumen seg-
mentation in case 3 of the clinical
test data without (a) and with (b)
DyPAR+. False positives caused
by streak-shaped motion artifacts
and false negatives at the right
coronary artery are highlighted
in white boxes.

Cleveland, OH, USA). DyPAR+ might thus also be used as pre-processing step for subse-
quent examination of other anatomies and pathologies.

The proposed approach for dynamic MAR offers a lot of potential for further research
and exhibits several tunable parameters. By reducing the angular range of the PARs in
Section 6.3.4 to less than 20◦, the temporal resolution could be further increased. During
parameter tuning the observation was made that especially the number of input slices k
in the SegmentationNets and the ModelingNets significantly influences the network per-
formances. Multi-slice inputs are preferable to the single-slice inputs. Except for simple
thresholding, no post-processing of the network outputs is performed so far. Applica-
tion of morphological operations and frequency splitting [80] might further increase the
resulting image quality.

Establishment andmaintenance of consistent projection data ismost crucial for artifact
removal and avoidance, but the current view-wise processing precludes the consideration
of long time dependencies. Approaches for spatial propagation, e.g. by means of recur-
rent neural networks [19] or spatio-temporal adversarial objectives [114], could provide
solutions here. The extension of the dynamic forward model for introduction of synthetic
electrodes and defibrillators with additional simulation of beam hardening and Poisson
noise as performed by Zhang and Yu [125] might enable the combination of the segmen-
tation and the inpainting step by directly learning to predict residual metal shadows. By
this, also information behind the metal shadow are exploitable.

The methodology of first transforming template device models into clinical reference
cases for subsequent device-specific network training is, in principle, not restricted to
pacemakers. Transferability to projection-based detection and removal of other metal
implants like artificial valves, electrodes, or left ventricular assist devices is part of fu-
ture research. In contrast to second pass MAR approaches, DyPAR+ furthermore enables
suppression of artifacts caused by high-density object outside the scan FOV. Besides the
device-specific learning, also protocol-specific MAR is feasible. Cardiac CT images are ac-
quired with a wide variety of imaging protocols. By providing a set of sinograms without
metal implants, DyPAR+ is on-site trainable on data of arbitrary scanner type, acquisition
mode and contrast protocol.
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C omputed tomography image quality enhancement and artifact reduction is an excel-
lent area to develop learning based methods to improve the imaging capabilities of

modern scanners. This is due to the in depth knowledge of the underlying imaging physics
and the associated ability to derive efficient and accurate forward models. In the previous
chapters, the feasibility of coronary motion artifact detection, quantification and reduc-
tion as well as pacemaker artifact removal and metal reinsertion by means of DL-models
trained on synthetic data is demonstrated. The working hypothesis was thus confirmed.

The proposed forward model CoMoFACT enables introduction of local motion in ad-
justable complexity at arbitrary positions of the vessel tree. The forward model for pace-
maker lead synthesis is designed in such a way that sensible insertion positions, pathways
and motion trajectories are ensured. An essential step for subsequent supervised learning
is the sampling of rich features, e.g. multi-slice instead of single-slice inputs or patches
rotated w.r.t. the angular reconstruction range. Careful forward model design, input fea-
ture sampling and supervised learning are thus the methodological building blocks of this
work. Figure 7.1 summarizes the pursued strategy of developing knowledge-driven for-
ward models to learn the AI-enabled backward models.

As task-related discussions, i.e. method limitations and potential extensions, are al-
ready provided in the corresponding Chapters 4, 5 and 6, the following sections give an
interpretation of the methodology and the results with a more generic view. Section 7.1
compares risks and advantages of classical manual annotation and the conducted labeled
data synthesis. An outlook of potential further applications inmedical imaging is provided
in Section 7.2.

Pacemaker Metal Artifacts

FORWARD MODEL
synthetic lead insertion

FORWARD MODEL
synthetic motion introduction
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Coronary Motion Artifacts

Figure 7.1: System knowledge is exploited to create synthetic artifact-perturbed data from artifact-free clinical
cases. Subsequently, supervised learning is applied to develop predictive models which enable reversion and
also generalize to real coronary motion and pacemaker metal artifacts.

7.1. Labeled data syntHesis vs. manual annotation
In the following, all challenges and strengths of labeled data synthesis identified during
this work are listed, whereby - denotes a challenge, + indicates a strength and +/- is neural.
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Figure 7.2: Examples of a classification networks trained on artifact-free data x⃗clean and data with synthetic
artifacts x⃗syn which generalize badly (a) or well (b) on real artifact-perturbed data x⃗real. The decision boundary
is illustrated as dashed red line. (c) One potential cause of bad generalization is the occurrence of an unexpected
bias. The input features x⃗ are separated into biased x⃗biased and non-biased components x⃗non-biased. The predic-
tive model may learn to separate between artifact-free and synthetic data based on feature components x⃗biased.
As the bias is not present in real data, the model will not generalize.

- Challenging forward model development The complexity of the forward model
is similarly critical as the hypothesis space complexity. A forward model of increased
complexity is prone to bad label calibration. One example is the required limitation
of the CoMoFACT to constant linear motion in order to define accurate labels for
coronary motion artifact quantification. Furthermore, the information content in the
synthetic data x⃗syn might be a limiting factor in the prediction of underlying artifact
parameters y⃗syn if the model is too complex. For this reason, CoMPACT covers solely
linear trajectories in the axial plane despite potential extension to arbitrary non-linear
3D motion trajectories.

The input representation can be crucial as well. In Figure 7.2a, the classes no artifact
and real artifact are not perfectly separable with given feature representation. One ex-
ample are the similar appearances of bifurcations and blurring artifacts in single view
data. In comparison, multi-slice input data led to increased classification accuracies.

A forward model of insufficient complexity, on the other hand, is related to the out-
of-distribution problem. The larger the deviation of real and synthetic data, the higher
is the risk of lacking generalization capabilities. However, Figure 7.2b shows the ideal
case of a classification network trained on artifact-free data x⃗clean and data with syn-
thetic artifacts x⃗syn which also generalizes to real artifact-perturbed data x⃗real despite
mismatching data distributions. One example is here the learned metal shadow seg-
mentation which also holds for electrodes and defibrillators despite lack of dedicated
learning data.

- Overfitting to synthesized data Figure 7.2a shows the contrary case of poor gen-
eralization due to an overfitting to the synthesized data. Another potential cause,
besides the generation of insufficiently realistic data x⃗syn due to the limited forward
model complexity, is the occurrence of an unexpected bias as visualized in Figure 7.2c.
The classification of coronary motion artifacts is, for instance, prone to such a bias.
Centerlines are extracted based on the artifact-free reference cases and motion in-
troduction may lead to slight vessel shifts. Therefore, image translation by cropping
is necessary to avoid supplemental information embedded in the in-plane coronary
position during supervised learning.
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- Forward model requirements Collection of the required input data for the forward
models can be challenging. The CoMoFACT database, for instance, is limited in scope,
since clinical cases which meet the requirements on the reference data are hardly
available. CCTA image volumes which are completely free of motion artifacts at the
given resolution level are rare. Furthermore, corresponding raw projection data is
most often unavailable. Typically, these are erased from the systems after a finite
time period. In addition, raw data download from the system requires interruption
of the clinical work flow and is therefore also difficult. In contrast, the input data of
the pacemaker forward model is easier to get as solely the raw projection data of the
pacemaker-free reference cases is required.

+/- Label noise Labeled data synthesis and manual annotation may both suffer from la-
bel noise due to missing calibrateability. In Chapter 4, the fact is discussed that the
artifact levels are not equivalent to the motion magnitudes as artifact appearances
additionally depend on other influencing factors like the tube positions during acqui-
sition, the orientation of the coronary arteries and the attenuation coefficient of the
neighboring anatomy. Therefore, accurate label assignment is challenging. In case of
manual annotation, influencing factors can, for instance, be subjective perceptions of
different observers or annotation duration and time.

+ Data efficiency Several approaches for data augmentation, data generation and
transfer learning have been developed in the last years in order to deal with the prob-
lem of machine learning on data sets of limited scope. Forward models allow one to
generate for each artifact-free image patch multiple artifact-perturbed variants. Be-
sides proposed applications in artifact detection and removal, forwardmodels can also
be used to augment the database for other learning or testing tasks like, for instance,
DL-based centerline extraction and robustness evaluation with respect to increasing
motion artifact levels. In Section 4.4.2 and Figure 5.12, predictive models trained for
artifact level regression are evaluated on clinical data which is synthetically perturbed
using amore complexmotionmodel. By such a procedure, the forwardmodel can also
be used to generate test data for the investigation of generalization capabilities.

+ Time efficiencyManual annotation processes can be very time-consuming and, thus,
often represent a bottleneck in predictive model development. Synthetic label gener-
ation, in contrast, requires the first time to set the forward model up, but afterwards
works without user-interaction and furthermore enables on-site training.

+ Increasing system knowledge Development and application of the forward model
can provide additional knowledge about the system itself. In the phantom studies of
[25] and [68], the CoMoFACT is used to identify additional factors which influence
the appearance of coronary motion artifacts.

+ Controllable data distribution Several approaches have been developed which deal
with the problem of supervised learning on imbalanced data sets [52, 63]. Label and
data distributions are, to a certain extend, steerable by the forward model. Uniformly
distributed coronary motion magnitudes are, for instance, enforced in Chapter 4 and
Chapter 5.
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+ Reproducible data As mentioned before, intra- and interobserver variabilities occur
during hand-labeling as results are influenced by data-independent factors like the an-
notating person or the annotation time (see Figure 4.10). In several cases like coronary
motion artifact quantification, no accepted standard exists. Forward models offer the
advantage of a deterministic feature-label-assignment on a quantitative scale.

+ High-level label generation Some types of ground truth labels like the underlying
motion trajectories in [68] or the inpainting targets in [71] are not manually anno-
tatable. They can only be approximated, e.g. by motion estimation using existing
model-based approaches and subsequent manual selection of clinical cases with sig-
nificantly improved image quality. In contrast, target outputs utilized to train the
AI-enabled backward models are exact, i.e. also do not exhibit label noise.

In total, three negative, one neutral and six positive arguments for the synthesis of labeled
data are collected. However, the proposed procedure relies on the assumptions that

(1) the information content in the input data is sufficient for target prediction,
(2) the chosen training loss (e.g. the euclidean distance of predicted and real motion

vector) is a good surrogate of the real target metric (e.g. the resulting image quality
after artifact reduction),

(3) the complexity of the hypothesis space H is sufficient,
(4) the synthesized data is sufficiently realistic in such a way that predictive models

also generalize to real data.
The assumptions (1) to (3) are generally made in supervised learning. As none of them
can be assured, multiple iterations of forward model tuning, input sampling and super-
vised learning might be necessary to yield the desired results. It is worthwhile noting that
manual annotation is still performed in both applications. During reference data collec-
tion, visual inspection is done to identify CCTA images which exhibit no coronary motion
artifacts. The forward model for synthetic lead insertion includes the manual selection of
B-spline knots along the pacemaker leads. So, it should not necessarily be an either-or
question, but a task-specific consideration of how to combine both methods, labeled data
synthesis and manual selection, in a clever way.

7.2. OutlooK and conclusion
Visual inspection is the first step in identifying to which extent the forward model is able
to approximate the real data distribution P (⃗xreal). In Figure 7.3, real and synthetic data is
anonymized and compared. Are you as a human observer able to separate both classes?
The corresponding solution which patches obtain real coronary motion artifacts or pace-
maker metal shadows is provided in Figure 7.4. The training of a discriminator network
for the task of real and fake data separation should be considered as well. Correctly clas-
sified patches with synthetic artifacts can subsequently be analyzed, e.g. by means of
Grad-CAM [99], in regard to unexpected biases. In case of insufficient generalization to
real data, synthetic data might be useful for pre-training only. Besides the option of model
fine-tuning on real data, direct mixture of manually annotated and synthetic data might
further increase the models accuracy on real data.

95



7

ChapteR 7

(a) Example image patches with either real or synthetic motion artifacts.

(b) Example projection patches with either real or synthetic pacemaker leads.

Figure 7.3: Is it possible to fool human observers with the data generated by the proposed forward models? Try
it out! Which patches are real and which are fake?

Further potential applications Amultitude of existingmodel-based andDL-based ap-
proaches for risk assessment, anatomical segmentation etc. fail in the presence of imaging
artifacts. Data with synthetically introduced artifacts, in general, could also be used to
evaluate the robustness of such methods. Furthermore, forward artifact models can be
integrated as data augmentation strategy into data-driven learning approaches in order
to build invariants into the resulting predictive models. The extraction of coronary cen-
terlines in CCTA is one potential application. In the first step, an existing extraction tool
like the Comprehensive Cardiac Analysis Software (IntelliSpace Portal 9.0, Philips Health-
care, Cleveland, OH, USA) can be applied to extract centerlines in artifact-free reference
cases. Afterwards, artifact introduction, label propagation and supervised learning is per-
formed to train, for instance, an iterative tracking method as proposed in [119] which does
not break in the presence of motion artifacts. However, one has to be aware that the label
propagation is associated with label noise as motion introduction may lead to slight shifts
of the centerline position.

An image-related task which suffers from missing ground truth, in general, is regis-
tration. Weak supervision and unsupervised learning are usually performed instead [43].
A forward model for motion introduction using MC-FBP could provide a solution for the
generation of ground truth data in mono-modal image registration. However, ref-
erence cases which exhibit no motion-artifacts during 360 degrees gantry rotation are
required to also take different angular reconstruction ranges into account. Forward mod-
els which create perturbed or incomplete CT projection data for subsequent DL-based
detector element recalibration, partial angle reconstruction, denoising or FOV
extension [27] are less complex. According to the motto ”it is easier to make the mess
than to clean it up”, supervised learning is applied here to solve the more difficult inverse
problem of artifact removal either directly in the projection domain or via retrospective
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realreal fakefakefake

(a) Corresponding artifact-free image patches with fake/real solution.

realfakerealfake

(b) Corresponding pacemaker metal shadow masks with fake/real solution.

Figure 7.4: The solution of the fake/real test from Figure 7.3 is rotated by 180 degrees. (a) Artifact-free patches
are sampled from the reference data for fake examples or from the CoMPACT MC output for real examples. (b)
The pacemaker metal shadow masks (highlighted as red overlay) are obtained by the forward model for fake
examples or by the SegmentationNets of DyPAR+ for real examples. ECG leads are not masked.

correction of the reconstructed image data. Besides the simulation of imaging artifacts,
synthetic anomalies may be inserted into clinical data. Corresponding forward models
will take data of healthy patients as input and deliver image data with artificial patholo-
gies plus accurate annotation for anomaly detection, classification or segmentation
as output. Potential examples are, for instance, tumor or coronary plaque synthesis. The
described potential applications are not limited to cardiac CT, in principle. Other parts
of the human anatomy and imaging modalities should be considered as well.

Conclusion In this dissertation, the feasibility of learning backward models based on
synthesized data is demonstrated by two clinical relevant examples of artifact reduction.
Key contributions are the

• development of sufficiently complex forward models for realistic coronary motion
and pacemaker metal introduction,

• adaptation of existing DL approaches for prediction of underlying artifact parameters,
• integration of the learned predictive models into end-to-end processing pipelines, e.g.

for artifact detection and removal,
• assessment of the transferability to clinical practice based on data with real artifacts,
• final analysis of challenges and benefits of labeled data synthesis and identification of

potential further applications.

To sum up, many steps in application of machine learning in cardiac CT imaging, or more
general in medical imaging, have already been taken (see Section 3.2) and there is still a lot
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of potential for further research. However, despite the recent success of DL approaches,
model-based methods should not be neglected. One way to continue to benefit from them
is the integration into forward models for labeled data synthesis. In this dissertation, two
examples of successful implementation in cardiac CT reconstruction are presented. Soft-
ware solutions for artifact removal on clinical cases with real coronary motion artifacts
and pacemaker metal artifacts are developed based on synthesized data. Improved CT
imaging quality and diagnostic value enhancement are achieved. Furthermore, the fea-
sibility of coronary motion artifact recognition, quantification and metal reinsertion is
demonstrated.
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