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Abstract

Coronary artery disease remains a leading cause of mortality worldwide. Coronary Computed
Tomography Angiography (CCTA) provides a non-invasive basis for diagnosis; however, an
accurate and connectivity-preserving segmentation of the coronary artery tree is essential for
robust automatic and quantitative analyses. Convolutional Neural Networks (CNNs)-based
architectures, in particular U-Net and no-new-U-Net (nnU-Net), have shown outstanding
performance across a wide range of medical image segmentation benchmarks, yet they may
frequently produce fragmented vessel trees when segmenting thin, tubular structures such as
coronary arteries. Recent studies indicate that connectivity-aware loss functions can mitigate
these discontinuities by explicitly penalizing missing centerline segments, but their efficacy
for coronary artery tree segmentation remains to be demonstrated.
This thesis quantifies the benefits and challenges of integrating connectivity-preserving loss
functions into an nnU-Net-based pipeline for one-step coronary artery tree segmentation from
CCTA images. Performance is assessed using complementary metrics covering vessel mask
accuracy, vessel accuracy, centerline completeness, and runtime, capturing volumetric over-
lap, connectivity-related effects, and computational cost. To contextualize the quantitative
results, we conduct qualitative case studies with targeted visualizations.
The comparison of connectivity-preserving losses reveals that the Skeleton Recall (SR)
loss provides the most consistent improvements in connectivity metrics while incurring
substantially lower training time than the other connectivity-preserving loss formulations. In
the final statistical analysis, augmenting the generic loss with a SR term improves coronary
artery tree connectivity in a statistically significant and practically relevant manner, without
substantially degrading volumetric overlap and with negligible computational overhead.
These findings identify SR as an effective, computationally efficient, and straightforward-to-
implement loss function, making it a practically viable choice for accurate and connectivity-
preserving coronary artery tree segmentation.
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Chapter 1
Introduction

1.1 Motivation

Coronary Artery Disease (CAD) continues to be a major cause of global morbidity and
mortality [1]. This disease is characterized by atherosclerotic plaques that narrow the
coronary lumen—a process known as stenosis—which can impair myocardial perfusion
and lead to ischemia or infarction [2]. CCTA has emerged as a primary non-invasive
imaging modality for assessing coronary anatomy and stenosis severity due to its high
spatial resolution [3–5]. However, CCTA primarily provides an anatomical characterization
and does not directly indicate hemodynamic signi�cance. To standardize reporting and
guide downstream management, Coronary Artery Disease Reporting and Data System
(CAD-RADS) is used for patients undergoing CCTA [6]. To assess whether a stenosis
is hemodynamically signi�cant, additional functional evaluation is advised, such as CT
Fractional Flow Reserve (FFR) [7], myocardial CT perfusion [8], or functional biomarkers
[9]. Coronary artery segmentation is a key base technology for these subsequent analyses.
Beyond diagnostics, accurate segmentations also enable virtually reconstructed coronary
models for in-silico stent simulation and planning [10–12] and can support education and
training [13, 14].
General-purpose CNN architectures, such as the U-Net [15] and the self-con�guring nnU-Net
[16], demonstrate outstanding performance across a wide range of anatomical structures.
However, they often struggle to preserve topology in thin, branching anatomy. For coronary
trees, structural integrity—particularly connectivity—is critical. Broken branches can conceal
stenotic segments and distort downstream functional computations. In contrast, limited over-
or under-segmentation of the vessel radius can often be tolerated, as it generally does not
substantially affect subsequent functional analyses. To address this limitation, state-of-the-art
methods often rely on complex, multi-stage pipelines that incorporate cascaded subnetworks
[17, 18] or post-processing steps like centerline reconnection and mask reconstruction [19].
In such stage algorithmic pipelines, errors potentially accumulate and amplify and �xing of
issues is cumbersome as there are multiple failure modes.
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2 Chapter 1. Introduction

A plausible reason for the observed performance gaps in generic frameworks lies in the
training objective itself. Generic losses (e.g., Dice, Cross Entropy (CE)) optimize volumetric
overlap, where all voxels contribute equally to the loss, and therefore do not explicitly penal-
ize missed voxels along centerlines. For structures with a high surface-area-to-volume ratio
Surface-Area-To-Volume Ratio (SA/V), predictions are therefore prone to discontinuities.
Recently, connectivity-aware losses, such as centerline Dice (clDice) [20] and the SR [21]
have been proposed to address SA/V effects and tree topology, but their ef�cacy for coronary
artery trees remains to be established.
Therefore, this work aims to systematically evaluate the bene�ts and challenges of integrating
tailored loss functions into a generic CNN framework such as nnU-Net for the segmentation
of coronary artery trees from CCTA images in a single analysis step. To this end, we conduct
a comprehensive benchmark to assess performance not only in terms of traditional mask
overlap but, crucially, with respect to topology-aware metrics. Our evaluation covers four
complementary quality criteria: (a) centerline completeness, (b) vessel mask accuracy, (c)
vessel accuracy, and (d) computational runtime.

1.2 State of the Art

Deep learning has transformed medical image segmentation, with U-Net [15] and nnU-Net
[16] providing state-of-the-art baselines across diverse tasks. When suf�cient curated data
are available, these models facilitate accurate multi-structure segmentation in a single-stage
setting [22]. Nevertheless, preserving connectivity in thin, curvilinear anatomy remains
challenging for general-purpose tools. To better address such structures, various task-speci�c
architectures have been proposed. These include attention-based designs tailored to capture
long-range dependencies in curvilinear patterns [23] or vessel-specialized networks that
jointly learn vessel masks, centerlines, and bifurcations [24]. Coronary segmentation is
further complicated by the scarcity of publicly annotated cohorts, vessel diameters near the
resolution limits of clinical CT, and high inter-patient variability in tree topology—especially
in the presence of disease—which limits the utility of strong shape priors.
Community benchmarks re�ect both progress and limitations. MICCAI organized challenges
on centerline tracking (CAT, 2008) [25], stenosis assessment (STEN, 2012) [26], and full
coronary tree segmentation (ASOCA, 2022) [27]. The ASOCA challenge is based on 40
CCTA images (20 normal, 20 diseased) with voxel-wise annotations [28]. These 40 cases
served as the training set for ASOCA, complemented by an additional hidden test set of
20 CCTA images, which where provided without labels for submissions. In the ASOCA
challenge, fully automated methods were primarily evaluated with Dice score and 95 %
Hausdorff Distance (HD95). Top entries frequently relied on U-net or nnU-Net as a backbone
within multi-stage pipelines and substantial post-processing to boost these metrics. After the
of�cial challenge phase, research has continued, and the public leaderboard remains active
[29]. Rankings are listed under user handles and do not provide links to methods or public
code, which limits attribution and comparability. As of Nov. 2025, the best result on the
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public leaderboard is held by user “hongqq” with a Dice score of 0.8496 and a HD95 of
1.8879 mm. In the literature, Qiu et al. report leading results on the ASOCA training split
using �ve-fold cross-validation (Dice 88.53%, HD95 1.07 mm) with a three-stage framework
[19]. The pipeline �rst produces a voxel-wise coronary mask with nnU-Net. It then applies a
regularized walk to reconnect broken centerlines by integrating distance, centerline-classi�er
probabilities, and directional cosine similarity. Finally, the pipeline employs an implicit
neural representation to re�ne the geometry and recover missing vessel segments. However, a
proper quanti�cation of topological �delity remains limited, as no explicit connectivity-aware
metrics have been reported.
A complementary line of research modi�es the training objective to directly favor topology.
Early formulations inject topological priors using differentiable persistent homology [30]
or enforce Betti-number constraints through a dedicated loss [31]. More recently, the
use of a differentiable skeleton has gained traction with clDice, which introduced both
a skeleton-based metric for topology-preserving similarity and a corresponding training
loss that relies on a soft, differentiable approximation of the skeleton obtained via iterative
min and max pooling [20]. In brief, clDice operates on skeletonized representations rather
than pure volumetric overlap as in standard Dice, making the score sensitive to broken or
missing vessel segments. Building on this idea, the centerline Cross Entropy (clCE) replaces
the clDice ratio with CE terms, that are anchored to target and predicted skeletons. This
change aims to improve robustness to noise and variability in annotations [32]. On the
ASOCA dataset, the authors report 5-fold cross-validation with a Dice score of84:80%and a
clDice score of84:95%. To jointly re�ect topology and geometry, centerline boundary Dice
(cbDice) augments clDice with boundary-aware terms and incorporates radius information
from the distance transform along the skeleton. This approach addresses diameter imbalance
while preserving connectivity [33]. Notably, cbDice leverages the topology-preserving
differentiable skeletonization of Menten et al. [34], thereby promoting higher topological
accuracy. A practical limitation of soft-skeleton based losses is the training-time overhead of
computing differentiable skeletons. The SR loss, proposed by Kirchhoff et al. addresses this
by precomputing a tubed skeleton from the ground truth and optimizing a soft recall of the
prediction on that skeleton, thereby avoiding GPU-side differentiable skeletonization during
training [21]. Across multiple public datasets of thin tubular structures, SR reports state-
of-the-art performance while requiring only minimal additional training time and memory,
making it an effective and computationally lightweight topology-aware training loss.

1.3 Research Question

Research question

What are the bene�ts and challenges of integrating connectivity-preserving losses
into a standard architecture such as nnU-Net for coronary artery tree segmentation
compared to using generic losses?
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This thesis addresses the research question by systematically evaluating connectivity-preserving
losses (SR, clDice, clCE, cbDice) against a generic baseline (Dice + CE) within the nnU-Net
framework. We train and evaluate all models using a 5-fold cross-validation scheme on
a combined dataset comprising the public ASOCA dataset and two in-house cohorts (98
volumes in total). Performance is assessed through a consistent protocol based on four
complementary criteria: (a) centerline completeness, (b) vessel mask accuracy, (c) vessel
accuracy, and (d) computational runtime. To isolate the contribution of the loss function and
contextualize the quantitative results, we conduct targeted ablation experiments and qualita-
tive visualizations. All experiments are performed on the Philips Innovative Technologies
Hamburg compute cluster using an in-house PyTorch-based framework.



Chapter 2

Theoretical Fundamentals

In this chapter, the theoretical foundations required for this work are summarized. Following
the structure of a typical medical image analysis pipeline, we begin by presenting the relevant
medical background, then detail the acquisition of the imaging data, and �nally describe
their processing and segmentation.
Section 2.1 introduces the relevant medical background, including the anatomy of the heart
and coronary arteries, as well as the pathophysiology of coronary artery disease, which
provides the clinical context for cardiac imaging. Section 2.2 then reviews fundamental
radiological principles, covering X-ray generation, Computed Tomography (CT), and speci�c
aspects of CCTA acquisition. Section 2.3 formalizes the voxel-based representation of CCTA
images and segmentation labels, discusses key image processing operations, and introduces
the segmentation architectures employed in this thesis, namely the U-Net and the self-
con�guring nnU-Net framework.

2.1 Medical Fundamentals

2.1.1 Cardiac Anatomy

The heart is located in the middle mediastinum and functions as a dual pump that drives both
pulmonary and systemic circulation. It consists of four chambers: the right and left atria,
which function as receiving chambers, and the right and left ventricles, which act as ejecting
chambers. A schematic overview of the cardiac chambers, valves, and great vessels is shown
in Figure 2.1. Blood �ow is regulated by the four cardiac valves. The atrioventricular valves
comprise the tricuspid valve between the right atrium and the right ventricle and the mitral
valve between the left atrium and the left ventricle. The semilunar valves are the pulmonary
valve between the right ventricle and the pulmonary artery and the aortic valve between the
left ventricle and the aorta [35].
The heart interfaces with the systemic and pulmonary circulation through the great vessels.
The superior and inferior vena cava return systemic venous blood to the right atrium. The

5



6 Chapter 2. Theoretical Fundamentals

Figure 2.1: Anterior views of the human heart. Left panel: partially dissected heart. Right panel: exter-
nal view. Both panels illustrate the main cardiac regions, heart valves, and major blood vessels; coronary
arteries are labeled in bold. Adapted from [38].

pulmonary trunk bifurcates into the pulmonary arteries which supply the lungs. The pul-
monary veins convey oxygenated blood to the left atrium, and the aorta carries oxygenated
blood from the left ventricle into the systemic circulation [36].
The cardiac wall consists of three principal layers: the endocardium, which lines the cardiac
chambers; the myocardium, which forms the contractile muscle layer; and the epicardium,
which covers the outer surface of the heart and is closely related to the visceral layer of the
pericardium [37]. The heart receives its blood supply via the coronary arteries, which run
along the surface of the heart within the epicardial fat and provide branches penetrating the
myocardium.

2.1.2 Coronary Artery Anatomy

The coronary arteries arise from the aortic root at the level of the right and left coronary
sinuses. From the left coronary sinus, the Left Main (LM) coronary artery, also known as the
Left Coronary Artery (LCA), originates, whereas the Right Coronary Artery (RCA) arises
from the right coronary sinus [39].
The LM most commonly bifurcates into the Left Anterior Descending (LAD) artery and the
Left Circum�ex (LCx) artery; a trifurcation pattern with an additional Ramus Intermedius
(RI) branch is a frequent anatomical variant [40]. The LAD artery courses within the anterior
interventricular groove towards the cardiac apex and typically gives rise to septal perforator
branches, which supply the interventricular septum, as well as and diagonal branches that
supply the anterolateral wall. The LCx artery runs within the left atrioventricular groove and
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Figure 2.2: SCCT 18-segment coronary artery nomenclature adapted from [42]. Proximal (p), middle
(m), distal (d). 1: pRCA, 2: mRCA, 3: dRCA, 4: right PDA, 5: LM, 6: pLAD, 7: mLAD, 8: dLAD, 9: D1, 10:
D2, 11: pLCx, 12: M1, 13: mLCx, 14: M2, 15: left PDA, 16: right PLB, 17: ramus, 18: left PLB.

supplies the lateral and posterolateral walls of the left ventricle via Obtuse Marginal (OM)
and Posterior Lateral Branch (PLB) [41].
The RCA follows the right atrioventricular groove and typically gives rise to the conus
branch, sinoatrial nodal branch, and acute marginal branches. Distally, it gives rise to the
Posterior Descending Artery (PDA) and PLB, depending on the coronary dominance pattern.
Coronary dominance is de�ned by the vessel that gives rise to the PDA: approximately
80–85% of individuals exhibit right dominance, 15–20% left dominance, and about 5%
co-dominance, although these proportions can vary across populations[40].
For standardized reporting in CCTA, the Society of Cardiovascular Computed Tomography
(SCCT) recommends an 18-segment coronary artery model. This model assigns segment
labels to proximal, mid, and distal portions of the major coronary branches and their side
branches [42], as illustrated in Figure. 2.2. Common anatomical anomalies include separate
conus origin, dual LAD, and anomalous coronary courses. Awareness of such variants is
essential to avoid misinterpretation; however, a detailed discussion of coronary anomalies
is beyond the scope of this work, and the reader is referred to [43] for a comprehensive
overview.
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Figure 2.3: Schematic illustration of a normal coronary artery with unobstructed blood �ow (left) and
an artery with atherosclerotic plaque buildup causing luminal narrowing (right). Adapted from [47].

2.1.3 Coronary Artery Disease

CAD arises from the development of atherosclerotic plaque in the coronary arteries. Atheroscle-
rosis is a chronic in�ammatory process characterized by subendothelial retention of athero-
genic lipoproteins, �brous remodelling, and progressive calci�cation, ultimately leading to
luminal narrowing, a process known as stenosis [44]. An illustrative depiction of normal and
stenotic coronary arteries is shown in Fig. 2.3.
Plaque complications, particularly �brous cap rupture or erosion with superimposed thrombo-
sis, underlie acute coronary syndromes and myocardial infarction. Beyond these acute events,
progressive luminal narrowing can become hemodynamically signi�cant. A �ow-limiting
stenosis imposes an additional pressure drop across the lesion. Resistance vessels distal to
the stenosis dilate to lower microvascular resistance and thereby preserve resting coronary
blood �ow via autoregulatory mechanisms. However, once maximal vasodilation is reached,
hyperemic �ow becomes limitted, coronary �ow reserve declines, and a mismatch between
myocardial oxygen supply and demand develops, resulting in myocardial ischemia [45].
The development and progression of CAD are driven by multiple, often interacting risk
factors. Major causal contributors include hyperlipidemia, arterial hypertension, diabetes
mellitus, cigarette smoking, and a sedentary lifestyle, among others [44]. The anatomical
severity of a coronary stenosis does not always correspond to its hemodynamic signi�-
cance. Lesion-speci�c ischemia is best assessed by physiological measurements such as
FFR, and management decisions should integrate symptoms, ischemia burden, and overall
cardiovascular risk [46].
For standardized anatomical and functional reporting in CCTA, CAD-RADS 2.0 provides a
graded framework (categories 0–5 with additional modi�ers) that harmonizes reporting and
downstream management recommendations across centres [6].
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Figure 2.4: Schematic illustration of X-ray generation in an X-ray tube. Electrons are accelerated from
the cathode (C) to the anode (A) and produce bremsstrahlung and characteristic X-ray photons upon
deceleration in the anode material. Adapted from [50].

2.2 Radiology Fundamentals

2.2.1 X-rays

X-rays are a form of high-energy, ionizing electromagnetic radiation [48]. In medical
imaging, they are typically generated in an X-ray tube, which consists of an evacuated glass
or metal envelope containing a cathode and a solid metal anode [49]. Thermionic emission
from a heated �lament at the cathode releases electrons once the thermal energy exceeds
the binding energy of the �lament material. These electrons are then accelerated across a
high potential difference between the negatively charged cathode and the positively charged
anode. Upon impact with the anode, the fast electrons are decelerated and de�ected in
the electric �eld of the target atoms. This rapid deceleration of charged particles produces
electromagnetic radiation, including X-rays. A schematic of X-ray generation in an X-ray
tube is depicted in Fig. 2.4.
X-ray production in the anode material is dominated by two physical processes: bremsstrahlung
and characteristic radiation [48]. In bremsstrahlung interactions, incident electrons are de-
celerated and de�ected in the Coulomb �eld of the atomic nucleus, thereby losing part, and
in extreme cases almost all of their kinetic energy. This energy loss is emitted as an X-ray
photon. Because the fractional energy loss can vary continuously from nearly zero up to
the full incident energy, bremsstrahlung gives rise to a continuous polyenergetic spectrum.
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Figure 2.5: Example X-ray spectrum of a tungsten anode. Sharp peaks correspond to characteristic
radiation, whereas the continuous background represents bremsstrahlung. Adapted from [49].

In characteristic X-ray production, an incident electron transfers suf�cient energy to an
inner-shell electron of a target atom to ionize it and create a vacancy. This “hole” is sub-
sequently �lled by an electron from an outer shell, and the energy difference between the
two shells is emitted as an X-ray photon. The resulting spectrum consists of discrete lines
at energies characteristic of the target material. An example spectrum of a tungsten X-ray
tube illustrating the continuous bremsstrahlung background with superimposed characteristic
peaks is shown in Fig. 2.5.
In a typical diagnostic X-ray tube, the vast majority of the electron energy is dissipated
as heat through inelastic collisions with atomic electrons, whereas only a small fraction is
converted into bremsstrahlung and characteristic X-rays [48].
When X-rays interact with matter in the diagnostic energy range, the two dominant pro-
cesses in soft tissue and bone are the photoelectric effect and Compton scattering. In the
photoelectric effect, an incident X-ray photon transfers all of its energy to a bound electron
and is completely absorbed. The electron is ejected with kinetic energy equal to the photon
energy minus the binding energy of the electron. This process is strongly dependent on
the atomic number of the material and the photon energy, making it a major contributor
to image contrast. Compton scattering describes an inelastic interaction between an X-ray
photon and a weakly bound outer-shell electron. The photon transfers part of its energy to
the electron, which is ejected as a so-called Compton electron, while the scattered photon
emerges with reduced energy and is de�ected from its original direction. Compton scatter
contributes to image noise and reduces contrast because scattered photons may be detected
outside their original projection path [51]. Schematic depictions of the photoelectric and
Compton interactions are shown in Figure 2.6.
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Figure 2.6: Schematic illustration of the two dominant processes for X-ray interaction with matter. Red
circles indicate the atomic nucleus, and grey circles represent electrons in di�erent shells. Left panel:
schematic model of the photoelectric e�ect. Right panel: schematic model of Compton scattering.
Adapted from [52].

The diagnostic utility of X-rays arises from their ability to penetrate tissue to a depth
that depends on photon energy and material properties, thereby creating contrast between
structures of different composition. By adjusting the tube voltage, one can modify the energy
spectrum of the emitted X-rays and thus in�uence both image contrast and radiation dose. In
a simpli�ed, monoenergetic description, attenuation of X-rays in matter can be modeled by
the Beer–Lambert law. When a monoenergetic X-ray beam of initial intensityI0 traverses
a homogeneous object with linear attenuation coef�cientmand intersection lengthx, the
transmitted intensityI is given by

I = I0e� mx : (2.1)

This model neglects scatter and the energy dependence of attenuation but forms the basis of
the line-integral model used in CT reconstruction, in which attenuation is described as the
integral of the linear attenuation coef�cient accumulated along each X-ray path [53].

2.2.2 Computed Tomography

CT is an X-ray–based tomographic imaging technique in which cross-sectional images of the
body are reconstructed from multiple X-ray projections acquired around the patient [54]. In
conventional axial CT, a three-dimensional volume is obtained by acquiring, reconstructing,
and stacking a series of two-dimensional slices along the axial (z) direction. Compared
to conventional projection radiography, CT provides cross-sectional images that minimize
superposition of overlying structures and therefore enable improved visualization of internal
anatomy and pathology.
In a basic axial CT acquisition, often referred to as step-and-shot mode, the X-ray tube and
detector rotate around the patient within the gantry while the patient table remains stationary
for the duration of the rotation [55]. After each rotation, projection data for a given slice
are reconstructed into a two-dimensional image. The table is then advanced by a prede�ned
distance, and the process is repeated to acquire the next slice. For a given axial slice, all
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Figure 2.7: Conventional axial CT data representation. All projection rays for a given slice lie in a single
x� y plane orthogonal to the beam direction z, so the object can be described by a bivariate function
f (x;y). A three-dimensional CT image is formed by stacking the reconstructed two-dimensional axial
slices along thez-axis. Adapted from [55].

projection rays lie approximately within a singlex–y plane orthogonal to the beam direction
z, allowing the object to be modeled by a bivariate functionf (x;y) (Figure. 2.7).
The X-ray source trajectory and detector geometry are commonly described in terms of
fan-beam geometry [55], in which all rays for a given projection angle emanate from a
single focal spot and impinge on a curved or �at detector (Figure 2.8, left panel). Modern
scanners typically employ Multi Detector Computed Tomography (MDCT) geometries [56].
Instead of a single row of detectors, multiple parallel detector rows are arranged along the
z-axis, allowing simultaneous acquisition of several slices per rotation (Figure. 2.8, right
panel). This increases longitudinal coverage per rotation and enables faster volume scanning.
Even single-detector-row CT systems use multiple detector elements along the fan direction,
but only a single detector row in the longitudinal direction. In MDCT, multiple slices are
reconstructed from each projection set by exploiting the multiple detector rows, which is
particularly advantageous for dynamic studies and angiographic applications.
For volumetric acquisitions, current CT systems typically employ helical CT, also referred
to as spiral CT [57]. In helical CT, the X-ray tube rotates continuously around the patient
while the table is translated at a constant speed along thez-axis, resulting in a helical
source trajectory (Figure 2.9). Compared with step-and-shoot acquisitions, helical CT offers
substantially faster coverage of the scan volume and reduces motion artifacts because the
entire region of interest can be imaged in a single continuous run.
As outlined in Section 2.2.1, under the monoenergetic assumption and neglecting scatter, each
X-ray measurement can be modelled by Beer–Lambert's law, which relates the measured
intensity to the line integral of the linear attenuation coef�cient along the corresponding
ray [53]. In the context of CT, these measurements can therefore be interpreted as line
integrals ofm(x;y;z) along a set of rays through the object. CT reconstruction algorithms
(e.g. �ltered backprojection or iterative methods) invert this transform to estimate the spatial
distribution ofmin the scanned volume.
In clinical CT, reconstructed attenuation values are commonly mapped to the Houns�eld Unit
(HU) scale, which is normalized such that water has a value of0HU and air approximately



2.2. Radiology Fundamentals 13

Figure 2.8: Basic acquisition geometries in CT imaging. Blue arrows indicate the trajectory of the X-ray
source, and thick black lines depict the detector. Left panel: fan-beam geometry, where all rays for
a given projection angle emanate from a single focal spot. Right panel: multi-slice CT geometry with
multiple detector rows, enabling simultaneous acquisition of several image slices from one X-ray source
position. Adapted from [55].

Figure 2.9: Helical CT acquisition geometry. The X-ray source rotates in thex� y plane while the patient
table is translated along the z-axis, resulting in a helical source trajectory. Fan-beam projections for a
given axial position can be obtained by interpolation between neighboring points on the helix.

� 1000HU. The HU of a given material is de�ned as

HU = 1000�
mmaterial� mwater

mwater
; (2.2)

wheremmaterialandmwater denote the linear attenuation coef�cients of the material and water,
respectively[58]. Typical HU values for relevant tissues and materials are summarized in
Table 2.1.

2.2.3 Coronary Computed Tomography Angiography

Cardiac CT, and CCTA in particular, poses speci�c challenges due to the continuous motion
of the heart. The key technical requirement is suf�cient temporal resolution to effectively
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Table 2.1: Typical HU values and ranges for di�erent tissues and materials. Exact values depend on
tissue composition, tube voltage, and temperature [59�61].

Material / Tissue HU

Air � 1000
Fat � 100 to � 80
Water 0
Muscle + 10 to + 40
Blood + 30 to + 45
Soft tissue + 40 to + 80
Opaci�ed blood + 250 to + 350
Bone + 400 to + 2500

“freeze” cardiac motion. If the acquisition is too slow or occurs at an unfavorable phase of
the cardiac cycle, residual motion can leading to image blurring and impaired diagnostic
quality [62].
Patient preparation is therefore critical. The heart rate is typically lowered to� 60–65;bpm
using oral or intravenousb-blockers [63]. In addition, an iodinated contrast bolus (e.g.
Omnipaque) is administered via an intravenous line to opacify the coronary arteries, thereby
increasing attenuation of the intravascular blood pool and improving image contrast [27].
CCTA acquisition is usually initiated using bolus tracking: scanning starts once the attenua-
tion in a prede�ned region of interest, typically the ascending aorta, reaches a predetermined
HU threshold [64].
Besides high temporal resolution, correct timing within the cardiac cycle is essential. Image
acquisition is synchronized to the Electrocardiogram (ECG) using ECG gating. Two main
approaches are employed: prospective ECG triggering and retrospective ECG gating. In
prospective ECG triggering, data are acquired only during selected phases of the cardiac
cycle, typically mid-diastole, when cardiac motion is minimal. The scanner monitors the
ECG and initiates X-ray exposure after a speci�ed delay following the R-wave. Between
these acquisition windows, the X-ray tube is switched off, resulting in a step-and-shoot–like
acquisition along thez-axis.
In retrospective ECG gating, the X-ray tube operates continuously with tube current mod-
ulation, and data are acquired over several cardiac cycles while the table moves through
the gantry [62]. The ECG signal is recorded simultaneously, and images are reconstructed
retrospectively at selected phases of the cardiac cycle, such as during systole or diastole.
This approach enables functional assessment of ventricular performance and valve motion
and allows �exible selection of phases with minimal coronary motion. However, it usually
entails a higher radiation dose than purely prospective protocols [62].
A schematic overview of a typical CCTA work�ow is shown in Figure 2.10.
Following these acquisition steps, the reconstructed images depict the coronary arteries in
multiple anatomical planes. Figure 2.11 shows representative high-contrast CCTA images in
axial, coronal, and sagittal views.
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Figure 2.10: Work�ow of a typical CCTA image acquisition. After administration of heart-rate-lowering
medication, an intravenous contrast bolus is injected and bolus tracking is used to select the optimal
scan start time. The patient is connected to ECG monitoring and the scan is synchronized to the R�R
intervals. Data acquisition is performed under ECG gating either with prospective triggering (shaded
blue intervals indicate periods when the X-ray tube is on) or with retrospective gating (tall shaded blue
boxes indicate diastolic reconstruction windows; the continuous blue line illustrates continuous, ECG-
modulated tube current).

Figure 2.11: Example CCTA images in axial, coronal, and sagittal views illustrating the coronary arteries
and cardiac anatomy.

2.3 Image Processing

2.3.1 Voxel-based Image Representation

In digital image processing, images are represented by numerical values associated with
positions on a regular grid. In two dimensions, a single grid location is referred to as a
pixel, and the associated numerical value is typically given as a gray value or colour channel
intensity [65].
As introduced in Section 2.2.3, this work deals with three-dimensional images. In this setting,
the numerical value is associated with a small volume element in 3D space, referred to as a
voxel. A voxel-based image can therefore be regarded as a discrete mathematical function
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that maps a grid position in three-dimensional space to a scalar value. Formally, the image is
represented as

I [i; j ;k] = p; (2.3)

wherei; j;k denote the voxel indices along the three image axes andp is a scalar intensity
value. In CCTA imaging,p corresponds to the voxel's attenuation expressed in HU, as
introduced in Section 2.2.2.
In addition to intensity imagesI , segmentation labels are represented as voxel-based images
to serve as ground-truth annotations for training and evaluation of segmentation models. A
label image

L[i; j ;k] 2 f 0;1; : : : ;C� 1g (2.4)

is de�ned on the same voxel grid asI [i; j ;k] and assigns a discrete class label to each voxel. In
the simplest case of binary vessel segmentation used in this work,C = 2 andL[i; j ;k] 2 f 0;1g
indicate background and coronary artery voxels, respectively.
Following the conventions of SimpleITK [66], each image is characterised by an origin,
specifying the physical location of the �rst voxel, a voxel spacing, de�ning the distance
between neighbouring voxels along each axis, a size, giving the number of voxels in each
dimension, and a direction cosine matrix, which describes the orientation of the image
axes [67]. In CCTA images, the voxel grid is generally anisotropic. The in-plane resolution
in x andy is often relatively homogeneous across scans, whereas the slice spacing inzshows
substantially more variability between protocols. This results in elongated voxels along the
through-plane direction and heterogeneous anisotropy across the dataset.
CNNs operate purely on the discrete voxel grid and do not natively account for differences
in physical spacing, so all volumes are typically resampled to a common, near-isotropic
target spacing before training [68]. For images, linear interpolation is commonly used for
resampling intensity images, whereas nearest-neighbour interpolation is employed for label
images to avoid generating mixed or fractional class labels. On a regular grid, each target
voxel inside a grid cell is assigned a weighted average of the surrounding source voxels, with
weights proportional to the relative distances along each image axis so that voxels closer to
the target position contribute more strongly than distant voxels. Figure 2.12 illustrates these
concepts on a 2D grid.

2.3.2 U-Net

U-Net, a fully convolutional neural network introduced in 2015, represents a landmark
architecture for biomedical image segmentation [15]. Its structure is characterized by
a symmetric encoder–decoder layout with skip connections, as illustrated in Fig. 2.13,
combining a contracting path that captures contextual information with an expanding path
that enables precise localization. This design allows simultaneous exploitation of high-
level semantic information and low-level spatial detail, which is crucial for medical image
segmentation tasks [69].
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Figure 2.12: Illustration of pixel coordinates, spacing, and interpolation regions on a 2D image grid. Left
panel: relationship between pixel indices and physical coordinates, including image origin and spacing.
Right panel: pixel coverage (Voronoi region) corresponding to nearest-neighbour interpolation, where
each point is mapped to the closest pixel centre, and linear interpolation regions (Delaunay regions),
where the intensity is obtained as a continuous interpolation of several neighbouring pixels. Adapted
from [66].

In the encoder, blocks of two successive convolutions, each followed by a nonlinear activation,
are applied and then downsampled using max-pooling to halve the spatial resolution. With
each downsampling step, the number of feature channels increases, allowing the network to
encode increasingly abstract and semantically rich representations while reducing spatial
dimensionality.
In the decoder, these operations are essentially reversed. Transposed convolutions are used to
increase the spatial resolution and reduce the number of feature channels. At each resolution
level, the upsampled features are concatenated with the correspondingly cropped feature
maps from the contracting path via skip connections, followed by two convolutions with
nonlinear activations. These skip connections help recover �ne spatial details that might
otherwise be lost during downsampling. Finally, a1� 1 convolution maps the multi-channel
feature representation of the last decoder layer to the desired number of classes, producing a
dense segmentation map. Since the output typically has the same spatial dimensions as the
input image, a voxelwise loss between prediction and ground truth can be directly computed
for training.

2.3.3 nnU-Net

The nnU-Net framework is a seminal advancement in medical image segmentation, proposing
an automated and dataset-adaptive con�guration of U-Net–based architectures [16]. Its
central premise is that a well-con�gured, “vanilla” U-Net is dif�cult to outperform across
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Figure 2.13: U-Net architecture (example for 32� 32 pixels in the lowest resolution). Each blue box
corresponds to a multi-channel feature map. The number of channels is denoted on top of the box, and
the x� y size is indicated at the lower left edge. White boxes represent copied feature maps passed via
skip connections. Arrows denote the di�erent operations (convolutions, pooling, upsampling). Taken
from [15].

diverse segmentation tasks, and that much of the performance gap in practice arises from
suboptimal, dataset-speci�c design choices rather than from architectural limitations [70].
Consequently, nnU-Net does not fundamentally change the network building blocks but
automates the con�guration and training pipeline that would otherwise require extensive
manual tuning.
Conceptually, nnU-Net contrasts a typical U-Net work�ow—where hyperparameters, pre-
processing, and architecture variants are iteratively tuned for each new dataset—with an
automated pipeline that infers most design choices from the data itself (Fig. 2.14).
The �rst step in the nnU-Net pipeline is to compute a dataset �ngerprint that captures key
dataset-speci�c properties, such as image size, voxel spacing, intensity distribution, imaging
modality, number of classes, and number of training cases.
This dataset �ngerprint is combined with a set of blueprint parameters, which are dataset-
agnostic, and a set of inferred parameters derived from heuristic rules. Blueprint parameters
include, for example, the loss function, optimizer, learning-rate schedule, and data augmenta-
tion strategy. Inferred parameters are determined from the dataset �ngerprint via rule-based
heuristics and include the intensity normalization scheme, resampling strategy for images
and annotations, target spacing, network topology, and batch size.
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Figure 2.14: Comparison of a typical U-Net work�ow and the nnU-Net framework. Upper panel: con-
ventional work�ow involving manual selection of hyperparameters and preprocessing for a speci�c
dataset, training the model, evaluating its performance, and iteratively adjusting the con�guration if
the results are unsatisfactory. Lower panel: nnU-Net, built on a vanilla U-Net architecture, automates
this loop by deriving most con�guration choices from the dataset �ngerprint, while only a small set of
blueprint parameters needs to be speci�ed by the user. Adapted from [68].

During training, nnU-Net employs deep supervision by attaching auxiliary loss functions
to upsampled predictions from all decoder levels except the �nal one, thereby encouraging
meaningful representations at multiple scales [71].





Chapter 3

Materials and Methods

This chapter describes the methodological and computational foundations of the proposed
analysis pipeline, illustrated in Figure 3.1. Section 3.1 introduces the software environment
used throughout this work. Section 3.2 details the composition annotation properties of
the combined coronary CCTA cohorts and summarizes key image- and label statistics that
inform subsequent preprocessing and network design. Section 3.3 formalizes the baseline
generic loss and the evaluated connectivity-preserving losses, providing their mathematical
de�nitions and implementation details. Section 3.4 describes the full training pipeline, includ-
ing the initial exploratory setup and the con�guration used within the nnU-Net framework.
Section 3.5 de�nes the scoring metrics used to assess segmentation quality, describes the
main visualization strategy employed for qualitative inspection, and outlines the methodology
for the subsequent error analysis. Finally, Section 3.6 outlines the statistical analysis strategy
used to assess distributional assumptions and select appropriate tests.

3.1 Tools and Framework

Python [72] served as the primary programming language for this work. All computations
were executed on the Philips Innovative Technologies Hamburg cluster using OmniLearn[73].
For qualitative inspection of the CCTA volumes, coronary annotations, and segmentation
results, we used ITK-SNAP [74] and the in-house Mirador viewer.

3.1.1 PyTorch

PyTorch [75] is an open-source deep learning library that provides tensor operations, au-
tomatic differentiation and ef�cient GPU acceleration. It is widely used in medical image
analysis due to its �exibility, dynamic computation graph and extensive ecosystem for
training convolutional neural networks.

21



22 Chapter 3. Materials and Methods

Figure 3.1: Overview of the analysis pipeline used in this work. The work�ow begins with data curation,
during which the available coronary CCTA datasets are inspected, validated, and re�ned where neces-
sary. The curated data are then used in two successive training stages. First, an exploratory pipeline is
employed to obtain an initial comparison between the generic loss and a connectivity-preserving loss
and to tune the blueprint parameters. In the second stage, these parameters are �xed and an nnU-Net-
based setup is trained to systematically compare the generic loss with several connectivity-preserving
loss con�gurations. Segmentation performance is subsequently assessed using appropriate quantita-
tive scoring metrics and qualitative inspection. In addition, a dedicated error analysis is conducted to
identify typical failure modes, and statistical tests are employed to evaluate the signi�cance of perfor-
mance di�erences between the loss con�gurations. Figure for nnU-Net framework adapted from [68].

3.1.2 OmniLearn

OmniLearn is a Philips-internal deep learning framework for medical image analysis, built
on top of PyTorch. Conceptually similar to MONAI [76], it provides modular components
for data preprocessing, model training, inference, postprocessing and evaluation, and thereby
covers the full AI cycle from raw data to deployable models. In addition to segmentation,
OmniLearn supports tasks such as registration, landmark detection and classi�cation, and in-
cludes infrastructure for experiment management and transfer of trained models into business
and product environments. The overall framework structure is illustrated in Figure 3.2.

3.1.3 ITK-SNAP

ITK-SNAP is an interactive tool for displaying and annotating 3D medical images [74]. It
supports ef�cient slice-based navigation, volume rendering and surface generation, making
it suitable for inspecting anatomical structures and verifying segmentation quality.
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Figure 3.2: Schematic overview of the OmniLearn framework. It comprises modules for preprocessing,
network training, postprocessing, evaluation and deployment, and is integrated with the internal GPU-
cluster infrastructure for large-scale experiments.

3.1.4 Mirador

Mirador is an in-house visualization tool developed at Philips. It enables synchronized view-
ing of image volumes, ground-truth labels and segmentation predictions, which facilitates
qualitative assessment of coronary artery connectivity and segmentation consistency.

3.2 Dataset

This section describes the CCTA datasets used in this work and their preparation for the
segmentation pipeline. We �rst outline the composition of the combined cohorts and the
available voxelwise annotations and then summarise key image and label properties that
guide the choice of preprocessing settings and training parameters, before describing the
curation steps applied to correct and re�ne the annotations.

3.2.1 Overview

The dataset used in this thesis consists of 98 CCTAs drawn from two sources: the public
training dataset of the MICCAI 2020 ASOCA challenge and an in-house dataset comprising
acquisitions from two clinical sites. The CCTA acquisition protocol underlying both cohorts
is described in Section 2.2.3. Both datasets contain voxelwise multi-class annotations of
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Figure 3.3: Visual examples of the voxelwise annotations available in the dataset. Left: axial CCTA
slices with overlaid multi-class labels, including the RCA, LAD and aorta (AO) in the �rst image, and
the right ventricle (RV), left ventricle (LV) and left ventricular myocardium (MLV) in the second image.
Right: 3D volume renderings of the annotated coronary arteries, aorta and heart.

the coronary arteries and the aorta, as well as heart masks that delineate the cardiac region.
Representative examples of these annotations are shown in Figure 3.3.
The ASOCA cohort comprises 40 CCTA scans, including 20 scans from healthy subjects and
20 scans from patients with con�rmed coronary artery disease [28]. All scans were acquired
on a GE LightSpeed 64-slice CT scanner under heart-rate control below 60 bpm. Coronary
arteries were manually annotated by three expert readers, and a majority-vote fusion of their
annotations was used to obtain the �nal reference segmentation.
The in-house cohort contributes 58 additional annotated CCTA scans acquired on Philips
Brilliance 64 and Philips iCT 256 CT scanners under heart-rate control below 65 bpm.
Twenty cases were reported as having no signi�cant coronary artery stenosis, whereas the
remaining 38 cases exhibited varying degrees of coronary artery disease.

3.2.2 Properties

In all cases, the in-plane matrix size is �xed at 512� 512 voxels in theX- andY-directions,
consistent with conventional CT reconstruction, where 2D axial slices are acquired and
stacked along theZ-direction (Fig. 2.7). The number of slices in theZ-direction varies
substantially between patients, re�ecting differences in the scanned anatomical range and
acquisition protocol. The number of slices in theZ-direction varies substantially between
patients, re�ecting differences in the scanned anatomical range and acquisition protocol. The
in-plane voxel spacings inX andY show only minor variation across cases, whereas the
spacing inZ exhibits markedly larger variability and is also coarser on average.
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Figure 3.4: Distributions of image size and voxel spacing across the dataset. Left panel: distributions
of image size in the X-, Y- and Z-directions. Right panel: distributions of voxel spacings in the X-, Y-
and Z-direction.

X Y Z

Min 512 512 168
Median 512 512 259
Max 512 512 481

Table 3.1: Image size statistics (in voxels) across the dataset. Here,X and Y denote the in-plane image
width and height, and Z the number of slices.

X Y Z

Min 0.283 0.283 0.330
Median 0.404 0.404 0.505
Max 0.494 0.494 0.625

Table 3.2: Image resolution statistics (voxel spacing in mm) across the dataset. Here,X and Y denote
the in-plane spacing, andZ the slice thickness.

Figure 3.4 summarizes the corresponding distributions of image size and voxel spacing,
whereas Tables 3.1 and 3.2 report the main summary statistics.
In contrast-enhanced CCTA, coronary arteries exhibit substantially higher intensities than the
surrounding tissues due to intravascular iodinated contrast. Table 3.3 summarizes selected
percentiles for both the full image and for voxels belonging to the annotated coronary arteries,
illustrating the shift towards higher intensities in the contrast-enhanced vessels.
The overall image intensities span a wide range of HUs, re�ecting the mixture of lung,
soft tissue and bone, with a median of around� 191HU. For the coronary foreground, the
median intensity is about306HU, and the central 99 % of foreground voxels range from
about� 96HU and928HU. In both cases, the maximum intensities lie far above the 99.5th
percentile, indicating a small number of extreme high-intensity voxels, for example due to
metallic implants.
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Percentile Overall Foreground

Min -1024 -1001
0.5th -1024 -96
Median -191 306
99.5th 591 928
Max 3090 2817

Table 3.3: Summary of selected intensity percentiles (in HU) for the overall image and for foreground
voxels belonging to the annotated coronary arteries.

Foreground Ratio

min 0.0296
mean 0.0694
max 0.1371

Table 3.4: Foreground ratio statistics (percentage of voxels belonging to the annotated coronary arter-
ies) across the dataset.

In terms of label distribution, the coronary arteries occupy only a very small fraction of the
3D volumes. Table 3.4 summarizes the foreground ratio across the dataset.

3.2.3 Curation

The raw datasets contained several imperfections that required manual curation before use
in the segmentation pipeline. The main curation steps are summarized in Figure 3.5 and
comprise heart mask correction, connected-component analysis of the coronary label maps,
and the identi�cation and correction of clearly too short vessel annotations.
Curation followed an iterative multi-step procedure. After each correction, cases were re-
inspected and earlier steps were revisited if necessary, as changes in one step could reveal
additional issues in another.
In one ASOCA case, the heart mask was undersegmented, missing parts of the right ventricle.
The mask was therefore corrected and extended so that it tightly enclosed the cardiac
chambers and proximal coronary arteries.
A connected-component analysis was performed on the coronary label maps to assess the
topological consistency of the annotations. As described in Section 2.1.2, the coronary
arteries form two main connected trees, originating from the left and right coronary ostia.
In some cases, the label maps contained small isolated components or branches that were
not connected to either of the major coronary trees. Such clearly implausible components
were removed or reconnected to the appropriate main branch based on the underlying CCTA
image. In contrast, two cases legitimately contained three connected components. Figure 3.6
illustrates such an example: in addition to the right and left coronary trees, a separate
conus branch originates from a distinct third coronary ositum at the the right coronary sinus,
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Figure 3.5: Overview of the main data curation steps. Top panel : correction of the heart mask to obtain
an anatomically appropriate region of interest for cropping. Middle panel : connected-component
analysis of the coronary label map to enforce anatomically plausible coronary trees. Bottom panel :
correction of too short vessel annotations by extending distal segments.

representing a well-known anatomical variant rather than an annotation error. These cases
were therefore retained unchanged.
The length and extent of the coronary annotations were inspected. In several cases, the
vessels clearly continued distally in the CCTA images, while the corresponding labels
stopped prematurely. Such truncated annotations arti�cially shorten the coronary trees and
cause distally predicted vessel segments to be counted as apparent False Positives (FPs).
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Figure 3.6: Example of a case with three connected components. Left panel: 3D rendering of the
coronary label map showing the left coronary tree (green), the right coronary tree (red), and a separate
conus branch (blue). Right panel: CCTA slices. The upper image shows the CCTA slice with the coronary
labels overlaid, the lower image shows the raw CCTA slice. The black circle indicates the region of the
separate conus ostium.

Where the distal vessel course was clearly identi�able, the annotations were manually
extended to follow the contrast-enhanced lumen in the in-house cases.

3.3 Loss Functions

This section introduces the loss functions evaluated in this work. We �rst present the generic
voxel-based losses that serve as our baseline, followed by four connectivity-preserving losses
speci�cally designed for thin tubular structures.

3.3.1 Generic Losses

Segmentation networks for medical images are most commonly trained with generic loss
functions that quantify voxel-wise agreement between the predicted segmentation and the
ground-truth label. In this work, we consider the two most frequently used loss functions:
the soft Dice and the soft CE.

3.3.1.1 Soft Dice

We de�ne soft precisionp and soft recallr as
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