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Abstract

The emergence of volumetric CT and MRI imaging technologies has dramatically improved
clinical diagnostics and research, enabling visualization of body parts and organs in three
dimensions. Deep learning, with its fundamental principles invented in the last century,
has become a de facto standard for the automated processing of medical images, supporting
clinicians in image interpretation and diagnosis. However, despite their widespread success,
deep learning methods often achieve inferior results when applied in clinical practice compared
to the training stage. This drop in performance is caused by the shifted properties of the images
used during the deep learning models’ training and the images encountered later at the time
of inference, combined with the models’ insu!cient generalization capabilities. The shift in
data properties to which the models fail to generalize may not be foreseen, and problematic
image di"erences for the deep learning algorithms may be invisible to the human eye and not
understandable by well-trained radiologists who can reliably diagnose patients’ conditions.

In this thesis, four methods for volumetric medical imaging are presented that reliably
generalize. It is researched in which areas and on which levels the generalization for volumetric
medical images can be enabled and improved. The developed methods cover various fields
of application, such as cardiac, abdominal, spinal, and brain volumetric medical imaging.
Generalization was enabled by modeling acquisition processes for cardiac shape reconstruction,
by e"ectively combining generalization and adaptation paradigms to overcome CT to MRI
image intensity di"erences, by harnessing image registration in combination with loss-based
modifications for generalizing segmentation of brain tumors across di"erently weighted MRI
images, and by model parameter design modifications targeting the inner units of deep learning
architecture to infer results from rotated or reflected input data reliably. All methods proved to
work even for small-scale datasets with far less than one hundred samples, proving the e!ciency
of the methodological contributions as an alternative to following the trend of increasing dataset
sizes and along with additional computational e"ort during training.
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Zusammenfassung

Die Möglichkeiten der klinische Diagnostik und Forschung haben sich mit dem Aufkommen
der volumetrischen CT- und MRT-Bildgebung, die eine dreidimensionale Darstellung von
Körperteilen und Organen ermöglicht, drastisch verbessert. Deep Learning ist inzwischen zum
Standard für die automatisierte Verarbeitung medizinischer Bilder geworden und unterstützt
KlinikerInnen bei deren Interpretation und der Diagnose von Krankheiten. Trotzdem erzielen
Deep-Learning-Methoden bei der Anwendung im klinischen Alltag oft schlechtere Ergebnisse
als während der Trainingsphase. Dieser Leistungsabfall wird durch veränderte Eigenschaften
der Eingabebilder, die beim Training der Deep-Learning-Modelle, und der Bilder, die später
bei der Inferenz verwendet werden, in Verbindung mit unzureichend generalisierender Modelle
verursacht. Bildunterschiede, auf welche die Modelle nicht generalisieren können, sind nicht
unter allen Umständen vorhersehbar und können mitunter für das menschliche Auge unsichtbar
sein. Gut ausgebildete RadiologInnen, die selbst auf vielfältigen Bildern valide Diagnosen
stellen können, sind jedoch auf die Zuverlässigkeit und Interpretierbarkeit der Ergebnisse
angewiesen.

In dieser Arbeit werden vier Deep-Learning-Methoden zur volumetrischen medizinischen
Bildverarbeitung vorgestellt, die zuverlässig auf Bilddaten generalisieren. Die Arbeit zeigt,
in welchen Bereichen und auf welchen Ebenen die Generalisierung für volumetrische medi-
zinische Bilder ermöglicht und verbessert werden kann. Die entwickelten Methoden decken
verschiedene Anwendungsbereiche wie die medizinische Bildgebung von Herz, Abdomen,
Wirbelsäule und Gehirn ab. Generalisierung für die Form-Rekonstruktion von Herzkammern
auf Basis weniger Schichtbilder von MRT-Aufnahmen wurde durch das gemeinsame Mod-
ellieren einer Deep-Learning-Pipeline und des MRT-Aufnahmeprozesses ermöglicht. Die
e"ektive Kombination von generalisierendem Training und Modellanpassung auf Einzelscans
zur Inferenzzeit wurde verwendet, um Organe zuverlässig auch unter Intensitätsverschiebungen
zwischen CT- und MRT-Bildern zu segmentieren. Gewichtungsfaktoren für Ungenauigkeiten
in Pseudo-Grundwahrheiten wurden in die Verlustfunktion während des Trainings von Segmen-
tierungsmodellen integriert, um die Qualität der zwischen verschieden gewichteten MRT-Bildern
übertragenen Label zu bewerten. Durch Designmodifikationen auf Ebene der Modellparameter,
wurde eine stabile, generalisierende Inferenz auf rotierten oder gespiegelten Eingabebilddaten
bei gleichzeitiger Verringerung des Rechenaufwands erreicht. Alle Methoden haben sich im
Training mit kleinen Datensätzen mit weit weniger als hundert Trainingsbildern als e"ektiv
erwiesen, was die E!zienz der methodischen Entwicklungen beweist.
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Chapter 1

Introduction

1.1 Motivation

Clinical diagnostics and research have been improved dramatically with the emergence of
volumetric imaging of computed tomography (CT) and magnetic resonance imaging (MRI)
technology, which enables visualizing body parts and organs. In recent years, CT examinations
have increased substantially in many countries [Martella et al., 2023; Masjedi et al., 2020;
Westmark et al., 2023]. The importance of MRI scans, which o"er better soft-tissue contrast
without exposing radiation to the patient examined, has likewise increased, reaching above
200 scans per 1000 people in some countries in 2020 [Martella et al., 2023]. Volumetric
imaging allows capturing the organ of interest in three-dimensional (3D) space, but despite the
availability of the complete organ view, interpreting the scans is still challenging. Radiologists
must undergo several years of training to become experts and make high-quality diagnoses,
even though they have built strong foundations and a general understanding of anatomy and
diseases on their study pathway before specializing in radiology (considering that the detection
of visual patterns is a skill that is learnt and refined since the early childhood). Studies suggest
that CT images seem easier to interpret than MRI scans, at least for less experienced clinicians,
which may be attributed to trainees undergoing CT before MRI training. Su!cient training
allows highly experienced readers to base a sophisticated diagnosis on just one modality, such
as MRI, whereas novice readers may benefit from reading CT and MRI scans combined [Radny
et al., 2024]. These findings illustrate that interpreting volumetric medical images is not trivial
and that a generalized understanding can be learned from multiple domains during clinical
training.

Automated image processing is growing to support clinicians in diagnosis. It helps clinicians
classify organ boundaries, measure tumor sizes, and highlight organ deformations, all of which
are complicated to perform manually when navigating a 3D volume. Deep learning, with
its basic principles invented in the last century, has now become a de-facto standard now for
automated processing and for (volumetric) medical image analysis, where hand-crafted method
design is now combined or even entirely replaced with data-driven, learning-based methods
[Hosny et al., 2018; Rajpurkar et al., 2022]. It has moreover created a significant technology
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Schema: 1. Describe
2. Generate new
3. Yes ☒,  No ☐

3
.
0

“ba”“de”“ba”

[Ahn et al., 1992]

[Nam et al., 2024]

[Frank et al., 2009]

Fig. 1.1: Generalization abilities of humans and the boundary to machine learning in volumetric medical
imaging: Infants, students, and adults showed generalization capabilities in di"erent tasks. The reasoning
process of a medical deep learning model for segmentation is set in contrast to the human abilities to
motivate the topic [Ahn et al., 1992; Frank et al., 2009; Nam et al., 2024].

push in versatile other fields such as for processing text, natural images, audio, video, analogous
signals, biological processes, or physical agent simulations [Birtchnell, 2018; Huang et al.,
2020; Jumper et al., 2021; Kirillov et al., 2023; Makoviychuk et al., 2021; Ouyang et al., 2022c;
Sahoo et al., 2020].

As a special variant of artificial learning, deep learning seeks to mimic brain tissue’s neuronal
activity. Higher-level concepts of human learning, such as reasoning about generalization, have
been found to apply to deep learning in similar ways [Jäkel et al., 2008].

Within the context of the main topic of the thesis, this raises a question:

What is generalization?

. . . and further, what does generalization mean in the context of deep learning, and especially
deep learning for volumetric imaging?

These questions will be approached by relating to the initial definition of generalization
before being contrasted with deep learning. “generalization” is learning related term and was
initially described for fear learning, where two sub-mechanisms of conditioned learning —
generalization and specialization — were discovered [Banich et al., 2011; Sternberg et al., 1988].
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Further, several theories of reasoning about generalization exist. Instance-based generalization
was initially described as mapping a novel fear to an environment [Banich et al., 2011]. This
theory is currently discussed more broadly with several possible explanations, suggesting
that biological generalization either stems from individual experience, from summarizing
several experiences, or a combination of both [Taylor et al., 2021]. Proposed learning
mechanisms comprise complementary learning, memory integration, on-the-fly generalization
through co-activation, o#ine generalization during sleep rest, decision-bound theory, and
rule-based generalization [Taylor et al., 2021]. The complementary learning theory tries to
explain generalization with fast and slow learning processes, where individual, idiosyncratic
experiences are first encoded fast in the hippocampus and generalized knowledge is slowly
formed in the striatum or neocortex [O’Reilly et al., 2000; Poldrack et al., 2003]. The memory
integration theory is based on findings that generalization can happen rapidly when current
events with overlapping experiences are integrated into the hippocampus and existing memories
are reactivated [Zeithamova et al., 2012]. On-the-fly generalization through co-activation
is argued to happen by co-activated individual memories combined and retrieved on the fly
concerning the current task demands [Kumaran et al., 2012]. Generalization is discussed to
also happen during sleep and rest, which is indicated by activity between the hippocampus and
neocortex during the time [Joo et al., 2018]. The decision-bound theory hypothesizes that not a
specific stimulus and a response are associated during learning but a perceptual region, where
those regions are divided by boundaries enabling seamless generalization [Ashby et al., 1993;
Ashby, 2014]. Findings according to the rule-based generalization theory indicate that di"erent
abilities exist to generalize to new situations when the initial learning happened implicitly
or by verbalized rules [Maddox et al., 2004]. All of the mentioned theories for biological
generalization are moreover currently considered not as competing theories but as possible
explanations of generalization learning that are not mutually exclusive [Taylor et al., 2021].

Humans have been shown to generalize to complex problems in several studies depicted in
Fig. 1.1. Infants can learn rule-based information and significantly shorter look at sequences of
visual shapes and sounds they have witnessed in a training phase before as compared to newly
introduced sequences [Frank et al., 2009]. The repetition of training sequences composed
of predefined shapes and sounds led infants to recognize the same pattern composed from
di"erent shapes and sounds [Frank et al., 2009]. Infants learned this generalization from less
than 90 repetitions during training. Ahn et al. [1992] showed that generalization in reasoning
can occur from a single example. In their study, students were given a text describing a plan and
asked to describe the schema of the text in abstract words, generate a new plan according to the
presented schema, and answer questions to test their understanding. Nam et al. [2024] presented
a sudoku-like riddle to click workers who were unaware of the sudoku rules and found ten
practice trials enough for participants to master the task for unseen samples [Nam et al., 2024].
Professional radiologists, in contrast, need to examine hundreds of CT or MRI images during
years of clinical radiology training to complete the curriculum and prove expertise, regarding
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that on average 1400 examinations are performed per year and radiologist [Kassamali et al.,
2014; Nakajima et al., 2008]. This shows that learning is highly dependent on the task, prior
knowledge, the learning procedure itself, the time and the number of samples presented to the
learner.

Biological and human learning processes have been studied on di"erent levels, and some
examples of studies in behavioral studies were presented above. On the cell level, learning (and
generalization) is assumed to work as the change of neuron (nodal) connection strength through
synaptic plasticity [Hebb, 1949; Martin et al., 2000]. Moreover, the investigation of principal
conditioned learning mechanisms in the last century revealed that learning is also context-based
and described as the association of an experienced stimulus to an expectation [Banich et al.,
2011; Pavlov, 2010; Pavlov, 1928] or perceptual regions [Taylor et al., 2021]. This implies that
learning must be analyzed on di"erent levels and in varying contexts and areas. Understanding
the aforementioned generalization abilities of humans, their possible mechanisms, experiments
that prove these findings, and di"erent vectors of analysis — namely areas and levels — of
biological research are still an active field of research and scientific discussion.

This work investigates generalization mechanisms similarly in di"erent areas and on di"erent
levels for automated volumetric medical image analysis. The explored areas cover cardiac,
spinal, brain, and abdominal volumetric medical image segmentation and shape reconstruction
in the CT and MRI domains. Within those areas, generalizing mechanisms are investigated
on several levels, such as by modeling the acquisition processes, altering the learning strategy,
tuning the learning loss function, and optimizing the inner units of deep learning architecture
on the kernel level.

The ability of deep learning models to generalize is a desirable aspect, just like in biological
learning, and it is actively researched. However, the mechanisms have not yet been understood
or solved entirely. This is undermined by the fact that deep learning models are often considered
black boxes, and understanding their internal reasoning is hard, if not impossible. A trained
deep learning model should still work if the specific anatomy in question is visible regardless
of the individual image properties of the scanner used to acquire the image to enable a reliable
analysis. However, it was often shown that deep learning methods struggle under imaging
domain shifts [Ouyang et al., 2022b]. Furthermore, while some studies use a minimal number
of 20 training samples [Zhuang et al., 2019], others involve magnitudes of samples more to
accomplish similar target tasks [Wasserthal et al., 2023]. The above-mentioned findings lead to
the final research question of this thesis:

In which areas and on which levels can
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Generalization in Deep Learning Methods for Volumetric
Medical Image Analysis

be enabled and improved?
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Chapter 6
Generalizing Equivariant 

Kernel Architectures

· Abdominal Im
aging ·

· Cardiac Imaging ·

· Segmentation ·
· CT/MRI domain ·

· Kernel level modification ·
· Canonical orientations · 

· Equivariance · 

· Cardiac Imaging ·

· Shape reconstru
ction·

Chapter 3
Generalizing Learning-based 

Data Acquisition

· MRI domain ·

· Process modelling  · 
· Model design · 

Chapter 5
Generalizing Sample Weighting 

and Aggregation Schemes

· Brain Imaging ·

· Vestib
ular Schwannoma ·

· Segmentation·· MRI domain ·

· Data level sample weighting ·
· Loss modification ·

· Whole-body Imaging ·

· Segmentation ·

· Cross-domain prediction · · CT/MRI domain ·

· Intensity / spatial · augmentation · 
· Training and test-time strategy · 

Chapter 4
Generalizing Augmentation-based 
Training and Test-time Adaptation

Fig. 1.2: Thesis organization: The four main chapters of this thesis will explore possible di"erent areas
and levels for generalization. Di"erent areas of exploration are described in the horizontal 3D plane.
The technical levels of exploration are visualized perpendicular to the areas on the vertical axis of each
chapter sub-figure. Progress toward generalizing models is made on the process level by modeling the
data acquisition and deep learning postprocessing jointly in Chapter 3, on the learning strategy level by
identifying e"ective ways to combine data augmentation, data descriptors, and self-supervised learning
in Chapter 4, on the loss and data level by estimating the quality of data samples in Chapter 5, and on the
model kernel level, which enables models to generalize to di"erently aligned input images in Chapter 6.
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1.2 Objectives

This thesis explores di"erent areas and levels at which generalization can be enabled. They are
laid out in the following paragraphs.

Areas of Exploration This thesis will cover deep learning-based, volumetric analysis tasks
throughout several body parts and organs and comprise cardiac, abdominal, brain, and spine
imaging scenarios. Volumetric imaging of the heart has been proven to successfully assess heart
function, e.g., via its time-varying end-systole and end-diastole ventricular volumes [Bernard
et al., 2018; Pattynama et al., 1994]. Furthermore, assessing the cardiac chambers’ shapes can
yield valuable information for future risk prediction [Ly et al., 2022]. Abdominal body scans
can yield valuable insight into the existence of cancerous tissue, pancreatitis, liver infection,
and spleen abnormalities, only to mention a few possibilities of diagnosis [Caraiani et al., 2020].
Volumetric brain imaging can be utilized to detect brain lesions, tumors, and other pathologies
[Hering et al., 2024; Uzunova et al., 2019] and follow-up scans enable the monitoring of tissue
changes, providing valuable information for treatment planning or evaluation [Baheti et al.,
2021]. Besides soft tissues, volumetric imaging enables the detection and classification of bone
fractures and other malformations [Kuo et al., 2022]. The deep learning-based analysis of the
mentioned body parts encompasses all their di"erent challenges. To be versatile in application,
generalizing methods should be task-agnostic and work in di"erent areas.

Another area of exploration covers the di"erent scanners used for acquisition, such as
CT or MRI scanners. Both device methods di"er substantially in their physical principle of
acquisition, and thus, the resulting images inherit vastly di"erent tissue contrast properties that
can be utilized according to the diagnostic questions at hand. When analyzing these images
with one deep learning model, the resulting image modality gap is challenging. While deep
learning methods can achieve outstanding results in the training domain, prediction quality can
significantly be reduced when the learned models are applied to images of a di"erent scanner
and, thus, a di"erent domain. Prediction across scanner modalities is even more challenging
[Pooch et al., 2020].

Levels of Exploration Perpendicular to the di"erent areas mentioned, generalization will be
analyzed on di"erent technical levels.

Progress towards generalizing deep learning models is achieved by optimizing the complete
acquisition process in interaction with the deep learning models. Deep learning has already
been integrated into acquisition protocols to acquire MRI scans faster [Wang et al., 2024]. The
work presented in the first chapter of this thesis moreover jointly optimizes the acquisition
process and a specialized deep learning model to improve the outcome of a shape reconstruction
task based on optimally acquired image data. At the level of the deep learning training pipeline,
this thesis questions how training strategies such as data augmentation, data descriptors, and

7
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self-supervised learning can be used to enable generalizing segmentation between CT and
MRI images. Deep learning is highly dependent on the data used during training. The third
chapter of this thesis thus targets estimating the quality of data samples used during training by
modifying the training objective function. This can be seen as a way of curating on the data
level. Generalization can further be enabled by modifying the deep learning model’s building
blocks. The last chapter shows how kernel-level modifications can make models generalize to
di"erently aligned input images.

1.3 Organization and Contributions

The thesis is divided into three major parts: Foundations are laid in Chapter 2 Background,
divided into clinical and methodological deep learning backgrounds. The following four
chapters, Chapter 3 to Chapter 6, present the developed generalization methods for volumetric
images in medical deep learning. Each of these four chapters is divided into a self-contained
introduction, a description of the methodology, the experiment configuration and results, and a
discussion and conclusion for the method. Fig. 1.2 highlights the significant aspects of the four
chapters, which are explained in more detail now.

• In Chapter 3 a holistic view on the high-level deep learning process is used to derive a
concept for optimized data acquisition. Given a cardiac shape reconstruction task, the data
acquisition process and the shape reconstruction model are jointly modelled and optimized to
find generalizing MRI view planes, which best describe the overall heart shape. The ideas
and methods were published in:

[Weihsbach et al., 2023] Weihsbach, C., Vogt, N., Hemidi, Z., Bigalke, A., Hansen, L.,
and Heinrich, M. “AcquisitionFocus: Slicing optimization for fast cardiac MRI”. in: 27th
Conference on Medical Image Understanding and Analysis 2023. 2023, p. 70

[Weihsbach et al., 2024] Weihsbach, C., Vogt, N., Al-Haj Hemidi, Z., Bigalke, A., Hansen,
L., Oster, J., and Heinrich, M. P. “AcquisitionFocus: Joint Optimization of Acquisition
Orientation and Cardiac Volume Reconstruction Using Deep Learning”. Sensors 24 [7],
2024, p. 2296

• Chapter 4 explains concepts to enable generalization for di"erent imaging domains, shifting the
view to the training and inference (application) phase of the model. Here, data augmentation
in combination with generalizing image descriptors is used to train models with generalization
capabilities to optimally segment various organs and bone structures, given a large CT base
dataset. The generalizing models are further optimized on individual MRI images to improve
their performance when segmenting the same anatomical structures given input images with

8
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large di"erences in intensity distribution compared to the training domain. The method was
published as a preprint in:

[Weihsbach et al., 2025] Weihsbach, C., Kruse, C. N., Bigalke, A., and Heinrich, M. P.
DG-TTA: Out-of-domain Medical Image Segmentation through Augmentation and Descriptor-
driven Domain Generalization and Test-Time Adaptation. 2025. arXiv: 2312.06275
[cs.CV]

• In Chapter 5, data aggregation and loss-level sample weighting parameters adopted from
curriculum learning methods enable generalization on the data output level. Applied to the
vestibular schwanomma tumor and cochlea segmentation task for T1- and T2-weighted MRI
images, the method is developed to weight individual samples during the training phase of
the model. This leads to learning a generalized shape representation given noisy, probably
imperfect input labels derived by image registration. The method was published in:

[Weihsbach et al., 2022a] Weihsbach, C., Bigalke, A., Kruse, C. N., Hempe, H., and Heinrich,
M. P. “DeepSTAPLE: Learning to predict multimodal registration quality for unsupervised
domain adaptation”. In: International Workshop on Biomedical Image Registration. 2022,
pp. 37–46

• Moving to a lower level of detail, in Chapter 6 modifications of the model kernels are
explained that enable to learn generalized representations of organs to be segmented for
di"erently oriented image volumes. The method’s task-agnostic capabilities were shown for
an abdominal organ segmentation scenario and a cardiac chamber segmentation scenario.
The method was published in:

[Weihsbach et al., 2022b] Weihsbach, C., Hansen, L., and Heinrich, M. “XEdgeConv:
Leveraging graph convolutions for e!cient, permutation-and rotation-invariant dense 3D
medical image segmentation”. In: Geometric Deep Learning in Medical Image Analysis.
2022, pp. 61–71

In the last chapter of this thesis, Chapter 7, all of the findings are summarized from two di"erent
perspectives: The clinical impact of the mentioned contributions is evaluated concerning the
benefit for patients and clinicians. Furthermore, technical improvements of the volumetric
medical deep learning methods are discussed.

9
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Chapter 2

Background

This chapter will lay the foundations for medical imaging for clinical diagnostics and the basic
methodology used throughout this thesis to tackle advanced imaging diagnostics.

2.1 Clinical Background: Volumetric Medical Imaging

2.1.1 Diagnostic Disciplines and Tasks

With the development of the CT scanner by Godfrey Hounsfield in the late 1960s, taking
volumetric images of the body became possible. It was used and researched with increasing
e"ort in the following decades [Alexander et al., 2010; Rubin, 2014].

Disciplines

Volumetric CT images can be used to diagnose and plan the treatment of several diseases and
conditions such as stroke, vascular diseases, cancer (see Chapter 5), trauma, acute abdominal
pain and di"use lung disease [Rubin, 2014]. With volumetric CT images, an exact evaluation
of three-dimensional measures such as tumor growth and estimation of doubling times and
analyzing the three-dimensional shape became possible [Rubin, 2014; Yankelevitz et al., 2000].
Similarly, other volumetric quantities could be measured, such as the volume of the left cardiac
ventricle, cerebral spinal fluid, liver and spleen and tumoral neoplasia [Henderson et al., 1981;
Jernigan et al., 1979; Lipton et al., 1978; Oppenheimer et al., 1983]. CT in its current state has
excellent spatial resolution and distinguishing tumors given that tumors and the surrounding
tissue provide enough contrast [Abramson, 2023]. However, the three primary objectives of
radiologists, namely the detection, resolution, and characterization of abnormalities might not
be satisfied when tissue does not provide enough contrast on X-ray beams [Abramson, 2023].

MRI, as opposed to CT, does not expose the patient to radiation. It has superior contrast
over CT regarding soft-tissue [Abramson, 2023; Kabasawa, 2022]. MRI sequences can be
specifically tailored toward the application. This tailoring requires a trade-o" between su!cient
signal-to-noise ratio (SNR), voxel volume, and acquisition time under the influence of the
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Cardiomyopathy: yes/no?
Heart

(a) MR image reconstruction (b) Classification (c) Bounding box detection

(d) Segmentation (e) Registration (f) Shape modelling

Fig. 2.1: Tasks performed to retrieve and analyze volumetric medical images. (Deep learning-based)
MR image reconstruction converts native MRI k-space data to interpretable images. In classification, a
conclusion is made based on the complete image. Bounding boxes can highlight organs or pathological
areas. Segmentation tasks aim to classify on the pixel level. Image registration finds corresponding
image regions between images to relate their content. Shape modeling yields insight into organ shapes
and characteristics.

examined object1 [Macovski, 1996]. E.g., T2 sequences suppressing fat are excellent for
tumor detection, where tumors are displayed brighter than the dark, suppressed fat, but spatial
resolution is rather coarse with 5mm thick slicing gaps [Abramson, 2023]. MRI can be used in
various applications such as assessing heart and brain function (see Chapter 3 and Chapter 5),
abdominal organs such as liver and pancreas (see Chapter 4), or knee cartilage [Mazurowski
et al., 2019].

Tasks

First, diagnosing the patient’s condition or disease is one of the most important tasks. This
diagnosis task translates to a classification scenario. However, for classification, often
quantitative sub-measures are needed, such as the size of a tumor [Sohaib et al., 2000] to
perform a correct diagnosis. Therefore, indirect tasks such as the pixel-level classification of an

1A more in-depth explanation can be found in 3
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Fig. 2.2: Top: One CT and several MRI images of cardiac studies and one internal dataset (Nancy)
[Bernard et al., 2018; Campello et al., 2021; Martín-Isla et al., 2023; Zhuang et al., 2019]. Bottom:
Histogram of the image intensities, each scaled to min-max feature scales. The CT histogram is shaded
with the corresponding image grayscale intensities. The appearance of CT and MRI images di"er
substantially, but also MRI images have a considerable variation in appearance due to di"erent scanners
and acquisition protocols. Similar findings are presented in [Guan et al., 2021].

object of interest, referred to as segmentation, or the regression of scores such as scoring for
spinal osteoporosis are vital secondary tasks [Sato et al., 2022]. With the rise of automated
methods, these quantities can be derived on a larger scale for every patient, giving rise to
radiomics [Van Timmeren et al., 2020]. When comparing individual organs, the analysis of
shape and building of shape models is important [Frangi et al., 2002]. Widening the view
to the domain of time, monitoring the change of quantities is crucial and for some diseases,
a necessary indication such as the change detection of brain lesions in multiple sclerosis
[McDonald et al., 2001]. Monitoring change inherits the need to find corresponding image
regions in follow-up scans. These can be derived by using image registration methods that
either rigidly or deformably transform a source image to a target image and thus make images
comparable by mapping corresponding regions.

Having focused on the clinical application, image acquisition is the necessary predecessor.
Here, tasks such as the reconstruction of images from the raw data, artifact reduction, or
increasing resolution in images from raw data are no less important [Al-Haj Hemidi et al., 2023;
Gjesteby et al., 2017; Jiang et al., 2018a].
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2.1.2 Imaging Domains and Scanner Properties

Due to the di"erent acquisition principles of CT and MRI scanners and the adjustability of
MRI scanner sequences, images showing the same anatomical content can di"er substantially
in appearance, as shown in Fig. 2.2 forming multiple imaging domains. An imaging domain
contains data of the “same” distribution, whereas data of di"erent domains exhibits a covariate
shift [Wang et al., 2022]. The di"erent appearance of images and their variance in intensity
distribution is an often targeted challenge by generalizing methods and is thus used as an
example in the following paragraphs. The methodological chapters Chapter 4 and Chapter 5
of this thesis present generalizing approaches for this kind of input distribution shift. Shifts
in data distribution can moreover be introduced by di"erently shaped organs or di"erently
oriented images, two scenarios for which generalization approaches are presented in Chapter 3
and Chapter 6.

Computed Tomography In a CT scanner, X-ray beams are emitted and detected after the
matter and tissue of interest has influenced the beams according to Beer-Lamberts law given in
Eq. (2.1), where 𝐿0 initially transmitted X-ray intensity and 𝐿 the output intensity influenced
by 𝑀 materials with linear attenuation coe!cient 𝑁𝐿 and path length 𝑂𝐿 through each material.
Di"erences in attenuation coe!cients between materials and di"erent sizing contribute to a
larger attenuation contrast. For soft tissue that does not yield su!cient attenuation contrast,
phase contrast can be utilized to improve distinction. The materials’ refractive index 𝑀𝑀 consists
of factor 𝑃 influencing the aforementioned attenuation process and 𝑄 responsible for phase
changes of the X-ray waves that pass the object described by Eq. (2.2) [Withers et al., 2021].

𝐿 = 𝐿0𝑅
→∑𝐿

𝑀=1 𝑁𝑀 𝑂𝑀 (2.1)
𝑀𝑀 = 1 → 𝑄 + 𝑆𝑃 (2.2)

𝑇 (𝑈) = 𝑇0(1 → 𝑅
→𝑁/𝑂1) (2.3)

𝑇𝑂𝑃 (𝑈) = 𝑇𝑂𝑃,𝑄𝑅𝑂 (𝑅→𝑁/𝑂↑
2 ) (2.4)

CT: Basic equations describing the physi-
cal principle of CT imaging [Withers et al.,
2021].

MRI: Basic equations describing the mea-
surable magnetic field intensity decay in
MRI [Dale et al., 2015].

Medical CT scanners typically use rotating gantry systems containing several sources and
detectors or stationary cone-beam systems [Withers et al., 2021]. The spatial resolution of
the scan is constrained by geometrical properties — the detectors’ sizes, their number, their
distances to the X-ray sources, and the size of the X-ray focal spot [Withers et al., 2021].

Magnetic Resonance Imaging MRI images are generated by a completely di"erent physical
principle. Hydrogen nuclei in water or fat, whose single proton has a nuclear spin creates a tiny
magnetic field. In an external magnetic field 𝑉0, these protons align to the field either towards
or against the field direction [Ridgway, 2010] (𝑊-direction as per definition). On a macroscopic
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scale, all hydrogen nuclei within the tissue form a measurable net magnetization 𝑇0 after a
short alignment time. The nuclei can now be influenced by an radiofrequency (RF)-pulse with
a magnetic field rotation at Larmor frequency 𝑋0 = 𝑌𝑉0, disturbing the equilibrium and turning
them towards the 𝑂𝑍-plane of the scanner. This happens in a rotational motion called precession,
also at the Larmor frequency 𝑋0, where 𝑌 is the gyromagnetic ratio, which is constant. After
turning o" the RF-pulse a changes in magnetic fields 𝑇 and 𝑇𝑂𝑃 can be measured externally.
The change of magnetic fields happens at certain decay rates 𝑎1 and 𝑎↑

2 , specific to the tissue that
is examined Eq. (2.3) and Eq. (2.4) [Withers et al., 2021]. Exponential 𝑎1-decay (also called
relaxation) measures the return of nuclei to the initial magnetization 𝑇0, and 𝑎↑

2 -decay measures
the decay of net magnetization in the 𝑂𝑍-plane regarding that the nuclei with precession motion
lose their phase, which results in a stronger decay over time. The MRI device must contain
several electrical coils to generate and measure the magnetic fields (primary magnetic coils,
RF-pulse coils). Additional gradient coils are needed to alter the primary field strength spatially
to retrieve location information on the tissue in three dimensions [Ridgway, 2010]. Given
that RF-pulses are only e"ective for a specific Larmor frequency dependent on the primary
field strength, it is possible to only excite hydrogen nuclei inside a specific spatial region
[Ridgway, 2010]. This dependence enables a dynamic selection of imaging slices and to track
magnetic signals down to specific positions inside that slice, which can be used to compose
the k-space data and the final image after applying a two-dimensional (2D)-Fourier transform
[Ridgway, 2010]. Given that principle, di"erent types of RF-pulses can be applied, forming a
vast possibility of imaging sequences that, e.g., either emphasize tissue with prominent 𝑎1 or
𝑎
↑
2 values — generating 𝑎1- or 𝑎↑

2 -weighted images or a mixture. This adjustability makes MRI
a versatile tool for soft-tissue examination.

CT and MR in comparison A one-to-one comparison of CT and MRI is complex since
diagnostic disciplines and tasks all have their specialties. From the general contrast properties
MRI is especially suited for soft tissue and CT can deliver higher bone contrast, making it
ideal for fracture examination [Fleps et al., 2022]. But there are advanced MRI techniques
that can visualize cortical bone as well at the benefit of no additional radiation exposed to the
patient [Lee et al., 2021]. Skeletal muscles can be assessed interchangeably by both modalities
[Faron et al., 2020], whereas whole-body tumor staging was evaluated to be more accurate
with PET/CT than MRI [Antoch et al., 2003]. Whole-body CT is also used in acute trauma
situations and can deliver images fast [Çorbacıo$lu et al., 2018]. Also, the waiting time for
planned CT scans tends to be less in certain areas [Almanaa et al., 2024]. Image acquisition
itself takes some minutes with CT compared to MRI where acquisition can take over an hour
[Reyes-Santias et al., 2023]. Costs per exam were found to be nearly equal in cardiology and
attributed to consumables in case of CT scans and to amortization of equipment and higher sta"
costs for MRI [Reyes-Santias et al., 2023]. Metallic implants create artifacts in CT imaging,
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which imposes challenges [Kalender et al., 1987]. Implants are a contraindication for MRI,
since the varying magnetic fields cause internal electrical currents and result in heating tissue
[Winter et al., 2021].

2.1.3 Generalization Challenges

In the case of deep learning, where an algorithm is used to train a model on existing data
from a source domain, the usage of this trained model on another target domain often leads
to performance degradation. This degradation can be shown even for low-dimensional data
tasks, where optimal and less optimal ratios of source and target data used in the training
phase of the model can theoretically be derived [Ben-David et al., 2010]. In 2D-tasks, such
as the classification of several thousand images of the ImageNet dataset, this performance
decline was even shown after the commonly used training and test data partition (referred to
as data split) was altered for models that were optimized solely under the unaltered data split
[Recht et al., 2019]. This example shows that defining di"erent domains is a non-trivial task,
and boundaries can be blurred. Given that trained deep learning models su"er performance
degradation under shifts of the data domain, several challenges arise for volumetric medical
imaging tasks comprising images of scanners with di"erent acquisition principles and sequence
properties (see Sec. 2.1.2).

Image data availability The lack of images restricts the training of medical deep learning
models. This is due to ethical considerations, privacy concerns and costs of acquisition.
Everyday image datasets may comprise 11 million images and over 1 billion ground-truth masks
[Kirillov et al., 2023]. When comparing dataset subject numbers for medical datasets from 2011
to 2019, a study found that the median dataset size increased from 20 to 150 subjects [Kiryati
et al., 2021], a several magnitudes lower data count. Thus, medical image studies are limited to
only a few source domains (often only one domain) [Guan et al., 2021]. This limitation becomes
more severe if deep learning models for less prominent imaging techniques such as MRI with
radial instead of orthogonal sampling patterns are studied [Han et al., 2018]. Leveraging models
pre-trained on a large amount of natural image data (e.g., from the mentioned ImageNet dataset)
may be helpful, but using 2D models for 3D images does not access all information shared
between image layers in the volumetric image [Guan et al., 2021].

Annotation availability Similarly, the interpretation and annotation of the data are more
complicated for medical images than everyday images. Lay persons, also called crowd workers,
achieve lower segmentation scores for medical images than for everyday, natural images [Sameki
et al., 2015]. This performance gap indicates that medical experts must be considered for
high-quality annotation. Those experts need several years of training on the job to achieve
lower inter-rater variability, as shown in a comparison study of neurosurgical post-graduate
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residents and neurosurgeons with eight to 20 years of experience [Visser et al., 2019]. This
results in high costs when binding medical experts in data annotation tasks.

Data heterogenity As mentioned in Sec. 2.1.2, medical imaging data is highly heterogeneous
across sites and scanners, contributing to data distribution gaps and domain shifts. Even if,
in general, the same imaging sequence is used, such as steady-state free precession (SSFP),
image domain shifts can be severe enough between multiple vendors to diminish the results of
deep learning models, as shown in a segmentation task for GE, Siemens, and Philips scanners
[Yan et al., 2019b]. Image content changes can even be undistinguishably small so that humans
cannot observe changes, but results for deep learning-based algorithms may vary by a large
margin. This e"ect was also shown for medical image tasks with adversarial perturbations
made to the input images in cardiac segmentation [Yan et al., 2019a]. Explicitly leveraging
the knowledge of di"erent domains can improve generalization abilities [Ganin et al., 2016].
Nevertheless, this requires forcibly labeling image sets with a domain label — which is di!cult
because even the slightest changes can form a new domain.

Besides imaging distribution changes, pathological malformations contribute to organs’
shape inhomogeneity across patients [Zhuang et al., 2019]. Moreover, organs may vary in
position across time, such as in abdominal imaging settings, complicating the referencing
between follow-up images [Luo et al., 2024].

2.1.4 Generalization: Possibilities

Decent generalizing methods bridging domains could release the constraints on available
data for specific sequences. Moreover, powerful generalization capabilities would vanish
the boundaries set by inhomogeneous data, and method development could be focussed on
subsequent medical tasks instead of the individual consideration of scanners and their imaging
properties. Possibilities of deep learning methods are given with a focus on clinical application
in this section. Technical details of deep learning methods coping with data availability and
heterogeneity and a systematic categorization can be found in Sec. 2.2.5.

Data availability Rare sequences can be solved by leveraging larger-scale CT data as seen in
[Han et al., 2018]. This implies that data is used more e!ciently, and the acquisition of specific
imaging data would become obsolete. Furthermore, this would free the capacity of medical
experts that do not need to perform complex and repetitive annotation routines. Recently,
semi-automatic methods could reduce segmentation time by over 80 % or from over 1.5 hours
to a few minutes [Chan et al., 2024; Kirillov et al., 2023; Ma et al., 2024].

Data heterogenity Extracting edge features of the image may serve as a robust intermediate
training step to cope with multi-vendor MRI data [Huang et al., 2022]. Scores in cross-site
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segmentation can e"ectively be recovered with pre-training on large-scale computer-vision
datasets when the correct input prompting mechanisms are delivered for medical imaging
data [Gao et al., 2024a]. Moreover, specifically designed shape constraints for the target
organs can improve model generalization for T2-weighted cross-site MRI data [Liu et al.,
2020]. Cross-modality segmentation between MRI and ultrasound (US) can be improved with
intensive data augmentation [Zhang et al., 2020a] for di"erent tasks such as heart or prostate
segmentation. Overcoming a domain gap from MRI and CT domains is likewise improved with
targeted augmentation schemes [Ouyang et al., 2022b].

Depending on the target task, the generalization approaches can be specifically tailored.
Alzheimer’s classification was improved using structural-causal models in [Wang et al., 2021]
in brain MRI. Landmark detection on medical data was enabled for di"erent unlabeled domains
leveraging domain-specific and domain-shared model parts [Zhu et al., 2023]. Registration of
CT and MRI volumes becomes possible by extracting robust, hand-crafted image features and
a coupled optimization approach [Siebert et al., 2021]. Also, image reconstruction for multiple
domains of CT image kernels is feasible using generator-guided contrastive learning approaches
[Choi et al., 2023]. Joint intra-domain image features of positron emission tomography (PET)
and MRI can be combined to improve the reconstruction of undersampled MRI data [Gautier
et al., 2024].

2.2 Methodological Background: Deep Learning

The principal mechanisms of learning were studied in the last century by investigating
conditioned learning, where an outcome is associated with a stimulus by a learning organism,
e.g., a dog that awaits food after hearing the sound of a bell [Banich et al., 2011; Pavlov, 2010;
Pavlov, 1928]. Later, fear responses were intensively studied, and two sub-mechanisms of
conditioned learning — generalization and specialization — were discovered [Banich et al.,
2011]. In fear learning, an instance-based generalization occurs that initially maps a novel
fear to an environment [Banich et al., 2011]. Later, this generalization is specialized and
mapped to specific environmental stimuli, leading to discrimination [Banich et al., 2011]. It
was discovered that generalization can occur intra-modal and cross-modal, for the example
of the food awaiting dog either receiving visual or auditory stimuli [Pavlov, 1928] and that
gradients of generalization exist [Guttman et al., 1956]. The concept of generalization and
specialization can be tracked down to individual brain parts, where the initial generalized
learning is associated with the amygdala. In contrast, the specialization occurs in the prefrontal
cortex and the hippocampus [Banich et al., 2011].

On the cell level, learning and building memory is assumed to change neuron connection
strength through synaptic plasticity [Hebb, 1949; Martin et al., 2000]. Besides synaptic

17



Chapter " Background

information exchange, information exchange occurs volumetrically between glial cells and
neurons with extracellular vesicles in the nervous system [Schiera et al., 2019].

2.2.1 Basic Principles

Inspired by the research findings in biological learning processes, McCulloch et al. described
several parts of network structures mimicking neural systems [McCulloch et al., 1943]. Over a
decade later Rosenblatt developed the concept of a perceptron as a learning element for electronic
or electromechanical systems to recognize patterns [Rosenblatt, 1957]. First, classification
experiments were conducted by Widrow et al. using small neural networks [Widrow et al.,
1960]. More than two decades later, the Backpropagation mechanism was developed, which is
nowadays used in current deep learning approaches to systematically optimize the parameters
of neural networks [Rumelhart et al., 1986].

Backpropagation The basic principle of deep learning is the backpropagation mechanism. It
makes use of the property that for a chain of consecutive functions 𝑏𝐿 applied to an input value
𝑂 resulting in an output of 𝑍, the individual contribution of parameters 𝑐𝑆 on an output error
𝑑 can be traced through the function chain. This tracing enables to estimate how much the
change of the parameter will influence the error of the result (𝑒𝑑/𝑒𝑐𝐿 ).

𝑍 = 𝑏0 (𝑂0, 𝑓0) ↓ 𝑏1 ↓, . . . , ↓ 𝑏𝑇 (𝑂𝑇, 𝑐𝑇) (2.5)
𝑒𝑑

𝑒𝑐𝐿

=
𝑒𝑑

𝑒𝑂𝑇

· 𝑒𝑂𝑇

𝑒𝑂𝑇→1
· . . . · 𝑒𝑂𝐿+1

𝑒𝑂𝐿

· 𝑒𝑂𝐿
𝑒𝑐𝐿

(2.6)

During learning, adjusting the networks’ parameters should ideally result in a zero error
𝑑 = 0 for every given input. The optimal update of a parameter ω𝑐𝐿 is estimated by multiplying
the parameters gradient 𝑒𝑑/𝑒𝑐𝐿 with a learning rate factor 𝑔:

ω𝑐𝐿 = →𝑔 · 𝑒𝑑
𝑒𝑐𝐿

(2.7)

This equation represents the most straightforward update rule, whereas deep learning optimiza-
tion routines usually achieve better results with more complex formulations, e.g., [Kingma et al.,
2014]. Now that the general principle of deep learning mechanism has been derived, a deeper
insight into individual functions and the building blocks of deep learning models is given.

2.2.2 Data Representation and Model Architectures

This section explains the di"erent neural network architectures used in this thesis, their
properties, and the properties of the data they can process.
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Fig. 2.3: MLP with input layer 𝑂, output layer 𝑍 and three hidden layers 𝑕 (similar to [Rosenblatt, 1957]).
Data from neurons is weighted by 𝑖 prior to adding a bias term 𝑗 and applying a non-linearity (ReLU).

2.2.2.1 Multilayer Perceptrons

The multilayer perceptron (MLP) — also called fully-connected layer or linear layer — was
one of the earliest models used in deep learning [Rosenblatt, 1957; Rumelhart et al., 1986].
It is a feed-forward neural network inter-connecting all individual neurons of a layer with
its subsequent layer (concept visualized in Fig. 2.3) performing an a!ne linear operation of
multiplication and addition of learnable parameters 𝑖𝐿 𝑈 . After the linear mapping, a nonlinear
function 𝑘 such as the rectified linear unit (ReLU) activation function is applied (see Eq. (2.10)),
giving the network the capability of working as universal function approximators [Leshno et al.,
1993]. MLPs can map an arbitrary number of inputs 𝑂𝐿 to an arbitrary number of outputs 𝑍 𝑈 ,
where the input does not require spatial structure. They can be used as a general architecture
building block [Sitzmann et al., 2020] or as a final layer to reduce model activations to a desired
output size [Vaswani, 2017]. MLP operations can be expressed as matrix operations with
weights W enabling the e!cient implementation on graphics processing units (GPUs) (see
Eq. (2.8) and Eq. (2.9) following the notation of [LeCun et al., 2015]). An MLP is involved in
the model described in Chapter 3.

𝑍 𝑈 = 𝑘

(
𝑊 𝑈

)
= 𝑘

(∑
𝐿

𝑖𝐿 𝑈 · 𝑂𝐿 + 𝑗 𝑈

)
(2.8)

y = 𝑘 (z) = 𝑘 (Wx + b) (2.9)

𝑘

def
== ReLU (𝑊) = max (0, 𝑊) , (2.10)
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2.2.2.2 Convolutional Neural Networks

Convolutional neural networks usually process data in the Euclidean space — i.e., data that
is structured according to physical orientation like 2D or 3D gridded images. They can be
considered a special case of MLP, where the weight matrix W is more sparse, connecting
only some of the neurons of adjacent layers with shared parameters. This constraint is used to
enforce the detection of local patterns and invariances in 2D or 3D shapes [LeCun et al., 1998].

Convolutional Layers At the heart of convolutional layers, convolutional operations are
performed as formally written in Eq. (2.11) following the notation of [Smith, 1997] and
visualized in Fig. 2.4 for a 2D convolution, where 𝑙 defines the size of the filter kernel k. For
simplicity, 𝑙 is assumed to be equal in width and height here. The kernel can be understood
as a field of values superimposed over the 2D features. Each kernel value is multiplied with
the corresponding feature values, and a sum of all the products yields the output scalar value.
This procedure is repeated for all feature map coordinates 𝑆, 𝑚 . The 2D convolution results in
reduced size of output features unless the input is padded (like in Fig. 2.4).

y𝐿 𝑈 = x𝐿 𝑈 ↑ k =
𝑉∑
𝑊=1

𝑉∑
𝑄=1

x
𝐿→↔𝑋/2↗+𝑊, 𝑈→↔𝑋/2↗+𝑄 · k𝑊,𝑄 (2.11)

In an example employing a 3 ↘ 3 kernel, the kernel contains nine adjustable parameters.
Eq. (2.12) shows the weight matrix that can be constructed for this kernel when processing a
4 ↘ 4-sized input feature to a 2 ↘ 2-sized output feature.

W4↘16 =

'(((((
)

𝑛1,1 𝑛1,2 𝑛1,3 0 𝑛2,1 𝑛2,2 𝑛2,3 0 𝑛3,1 𝑛3,2 𝑛3,3 0 0 0 0 0
0 𝑛1,1 𝑛1,2 𝑛1,3 0 𝑛2,1 𝑛2,2 𝑛2,3 0 𝑛3,1 𝑛3,2 𝑛3,3 0 0 0 0
0 0 0 0 𝑛1,1 𝑛1,2 𝑛1,3 0 𝑛2,1 𝑛2,2 𝑛2,3 0 𝑛3,1 𝑛3,2 𝑛3,3 0
0 0 0 0 0 𝑛1,1 𝑛1,2 𝑛1,3 0 𝑛2,1 𝑛2,2 𝑛2,3 0 𝑛3,1 𝑛3,2 𝑛3,3

*+++++
,

(2.12)

The 4↘ 4 input is resized to a 16↘ 1 column vector prior to applying the weight matrix 𝑜 . The
4 ↘ 1 output of the matrix multiplication can then be reshaped to the target size.

Performing multiple convolutions in parallel increases the number of learnable parameters,
resulting in multiple output feature maps created from one input feature map. Networks using
convolutional layers have been shown to perform well on image recognition tasks as early works
in hand-written digit recognition with LeNet proved [LeCun et al., 1989, 1998]. They have
been a component of state-of-the-art methods for decades in image analysis tasks.

U-Net Convolutional neural networks were already used several years ago to perform
segmentation tasks [Long et al., 2015]. Ronneberger et al. [2015] introduced the so-called U-
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Fig. 2.4: Visualization of how a 2D kernel k projects the input feature map values of x to the output
feature map y during a convolutional operation. Based on [Dumoulin et al., 2016].

Net shaped model that e!ciently combined several architectural levels to enable high-resolution
localization and the integration of image context [Ronneberger et al., 2015]. The U-Net uses an
encoder and a decoder part. The encoder progressively downsamples the feature map spatially
while increasing the number of feature map channels at the same time. The decoder works the
other way around. Due to the symmetric nature of the architecture, information can be copied
between levels of the encoder and decoder using skip-connections. Spatial downsampling can
be performed with pooling, linear interpolation or strided convolutions. Upsampling can be
achieved by using linear interpolation or transpose convolutions.

The U-Net, which was initially designed for medical image segmentation, proved to be a
robust architecture and is a basis for highly-performant methods in the medical domain [Isensee
et al., 2021] as well as in state-of-the-art image generation models [Rombach et al., 2022]. In
this thesis, derivatives of the U-Net model were used for image segmentation in Chapter 4 and
Chapter 6 and for shape generation in Chapter 3.

2.2.2.3 Graph Neural Networks

Data that is not structured on regular grids, such as point clouds, needs di"erent approaches to be
processed within the deep learning pipeline, since convolution requires euclidean grid properties
(see. Sec. 2.2.2.2). Point clouds are commonly used in light detection and ranging (LIDAR)
applications, such as autonomous driving, and are increasingly used in medical applications
[Heinrich et al., 2023]. This thesis does not directly use point clouds, but the di"erent
methodologies used to process point clouds inspired advanced methods for regular data on
grids.

Conversely, Wang et al. [2019] were inspired by convolutional operations for gridded data to
advance point cloud methods. The authors designed a so-called EdgeConv, a convolutional
operation on point cloud edges. Fig. 2.6 (middle) visualizes the basic idea. From loose points, a
directed graph G = (V, E) consisting of edges E and points / vertices V is built. The method

21



Chapter " Background

Encoder Decoder

!!"#

320

!$%
64 64

128 128

32 32

256 256

320

256 256

128 128

64 64

32 32

Fig. 2.5: U-Net architecture. Convolutional layer blocks are given with the number of feature channels.
The architecture consists of five levels, progressively downscaling the feature maps by a factor of 1/2
with strided convolutions on the encoder side. The decoder side is progressively upscaling the feature
maps by a factor of 2 with transpose convolutions. On each level, a skip-connection improves gradient
backward-flow [Ronneberger et al., 2015].

uses the 𝑛 nearest neighbors of the point 𝑂𝐿 in the feature space to construct the edges since the
neighborhood of points in continuous space is not strictly defined as opposed to gridded image
data. Edge features e𝐿 𝑈 are generated using an nonlinear function 𝑕ε

(
𝑂𝐿 , 𝑂 𝑈

)
between a selected

point x𝐿 and x 𝑈1...𝑃 . ⊋ 𝑚 : (𝑆, 𝑚) ≃ E symbolizes a symmetrical aggregation function across all
edges like

∑
or max (·). x⇐

𝐿
is the output of the aggregated features at the position of x𝐿. The

graph is dynamically rebuilt in each layer, considering the feature distance of the convolved
outputs. This way, the EdgeConv operation introduces properties of translation-invariance and
non-locality to the continuous point space, depending on the choices of 𝑕ε

(
𝑂𝐿 , 𝑂 𝑈

)
and ⊋.

e𝐿 𝑈 = 𝑕ε
(
𝑂𝐿 , 𝑂 𝑈

)
(2.13)

x⇐
𝐿
= ⊋

𝑈:(𝐿, 𝑈 )≃E
𝑕ε

(
𝑂𝐿 , 𝑂 𝑈

)
(2.14)

The translation of convolutional arithmetic to point clouds is a more abstract view, where
some properties can be reapplied to the gridded convolution operation. This abstraction process
is pictured in Fig. 2.6 (right), where a gridded convolutional kernel is reconfigured to aggregate
adjacent neighboring pixels symmetrically. This shift of views was applied in Chapter 6 to
enable the equivariant behavior of kernels regarding input rotation.
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Fig. 2.6: Method transfer across di"erent data representations. Gridded data convolutions (left) inspired
the derivation of EdgeConvs (middle). EdgeConvs were translated back to the gridded representation in
Chapter 6, harnessing the pooling mechanism to yield invariance against rotational data misalignment.

2.2.2.4 Neural network equivariance

Neural network equivariance is an important architectural property. convolutional neural
networks (CNNs) are equivariant to spatial translation, ensuring that learned kernel parameters
can process image content independent of the spatial position. Equivariance is defined by
conditions working on mathematical groups. A mathematical group is a set of elements that
can be multiplied under the constraints that (1) multiplication is associative, (2) an identity
element exists, and (3) operations can be inverted [Holm, 2011].

In mathematical terms of Poulenard et al. [2022], a group 𝑝 that acts on the sets 𝑞, 𝑉 such
that 𝑏 : 𝑞 ⇒ 𝑉 is equivariant on input 𝑟 · 𝑂, 𝑂 ≃ 𝑞 if there is a corresponding action 𝑟 on the
output 𝑏 (𝑂) which is independent of 𝑂. Equivariance means that for all 𝑟 ≃ 𝑝:

𝑏 (𝑟 · 𝑂) = 𝑟 · 𝑏 (𝑂) (2.15)

In other words, when, i.e., multiplication with 𝑟 results in the spatial rotation of 𝑂, then a
neural network 𝑏 produces an equally rotated output — the network works equally well on the
unmodified version of 𝑂 and the rotated version. In comparison, invariance of 𝑏 means:

𝑏 (𝑟 · 𝑂) = 𝑏 (𝑂) (2.16)

Equivariance is further determined by the type of groups it holds. Lie groups are special
groups defined as “both a group and a smooth manifold, for which the group operations are
smooth functions” [Holm, 2011]. A smooth manifold is a space that locally looks like an
Euclidean space R𝑌 on which calculus can be performed [Lee et al., 2012]. Lie group SO(3)
equivariance means that the function is equivariant to the “special orthogonal” group that
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Fig. 2.7: The Dice-Sørensen coe!cient is measured as the intersection of two sets 𝑠 and 𝑝 related to
the number of elements in each set.

represents rotation in 3D. Lie group SE(3) denotes the “special Euclidean” group that represents
rotation and translation in 3D. The method proposed in Chapter 6 designs a network that is
SE(3)-equivariant to rotation and translation.

2.2.3 Evaluation Metrics

Before learning paradigms and method related aspects for generalizing deep learning are
introduced in the remaining sections, evaluation metrics used throughout this thesis to assess
the method performance are presented.

2.2.3.1 Dice-Sørensen Coe!cient

Initially, the Dice-Sørensen coe!cient was invented to quantify animal and plant species
individuals [Dice, 1945; Sørensen, 1948]. It can equally be used for pixel- and voxel-level
classification, counting the predicted pixels 𝑠 or voxel classes against the ground truth 𝑝

classes.

Dice =
2 |𝑠 | ⇑ |𝑝 |
|𝑠 | + |𝑝 | (2.17)

Eq. (2.17) relates the intersection of 𝑠 and 𝑝 in reference to the total number of pixels or
voxels in 𝑠 and 𝑝 resulting in values of [0 . . . 1]. The metric’s concept is visualized in Fig. 2.7.

2.2.3.2 Hausdor" Distance

To calculate the Hausdor" distance (HD) metric [Hausdor", 1914], first, the shortest distance
of every point in a set to all points of the other set has to be found. Then the the maximum
of those shortest distances min {𝑡 (·)} is taken to find the directed HD distances HD𝑍 !𝑎 and
HD𝑎 !𝑍. The maximum of those distances yields the HD metric. In other words, the metric
describes how maximally far the least distant points of both sets are to each other. The directed
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Fig. 2.8: Maximum value of the directed Hausdor" distances HD𝑍 !𝑎 and HD𝑎 !𝑍 forms the HD metric.
This relation is visualized for two point sets 𝑠 and 𝑝 with the path defining the resulting HD value
marked in red.

distances HD𝑍 !𝑎 and HD𝑎 !𝑍 usually yield di"erent results and are thus non-symmetrical.
The metric concept is visualized in Fig. 2.8.

HD𝑍 !𝑎 = max
𝑏≃𝑍

{
min
𝑐≃𝑎

{𝑡 (𝑓, 𝑟)}
}

(2.18)

HD𝑎 !𝑍 = max
𝑐≃𝑎

{
min
𝑏≃𝑍

{𝑡 (𝑟, 𝑓)}
}

(2.19)

HD𝑍,𝑎 = max
{

HD𝑍 !𝑎 ,HD𝑎 !𝑍

}
(2.20)

2.2.3.3 Why more than one metric for segmentation evaluation?

While the Dice similarity coe!cient yields valuable information about the ratio of correctly
predicted voxel classes, small, single voxel outliers would not noticeably influence the metric
value if the main body of the segmented class is large [Reinke et al., 2024]. Thus, evaluating
Dice scores and distance-based metrics like HD for segmentation and shape reconstruction
tasks is reasonable.
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Fig. 2.9: Learning paradigms are used in the following chapters of this thesis. Top: Supervised learning
— the basic paradigm for deep learning. Middle: Self-supervised learning for pre-training or adaptation
tasks that allow a neural network to grasp a general understanding of the underlying image context.
Bottom: Curriculum learning aims to optimize the order or weighting of data samples presented to the
network.

2.2.4 Learning Paradigms

Due to the di"erent amounts and quality of the available data, machine learning has split
into several sub-paradigms, such as supervised, unsupervised, semi-supervised, reinforcement,
meta, online, and curriculum learning [Emmert-Streib et al., 2022]. The three paradigms under
which methods were developed in this thesis are depicted in Fig. 2.9.

2.2.4.1 Supervised learning

Supervised learning is the most straightforward machine learning paradigm. As described in
Sec. 2.2, input data is mapped to outputs, and the neural network is trained to learn the optimal
mapping with given labels. In the case of the methods of this thesis, input images and output
organ labels are considered. For supervised learning both sets, the input images xtr and the
correct labels ytr need to be availabe for training:

𝑢𝑑𝑀 = {xtr, ytr}𝑌
𝑑𝑀=1 (2.21)
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Supervised learning is involved in all methods of the Chapters 3 — 6. In medical deep learning,
medical experts such as radiologists often provide the organ labels of the images.

2.2.4.2 Self-supervised learning

Self-supervised learning functions without providing labels during the learning process — this
would result in an open loop for forward prediction and backpropagation through the deep
learning network. To close the loop, an internal supervision task must be constructed from the
training images xtr.

𝑢𝑑𝑀 = {xtr}𝑌
𝑑𝑀=1 (2.22)

For image data, this can be done by corrupting the input images or providing puzzle tasks,
letting the network learn to repair the corruption or solve the puzzle to retrieve an uncorrupted
image, utilizing intrinsic information like spatial relation of di"erent organs and thus the
identification of those [Noroozi et al., 2016; Zhou et al., 2021]. Networks trained that way can
be used in the target task with less learning since they can build upon the learned knowledge.
In Chapter 4, a self-supervised learning task was constructed from augmented versions of input
images for which the network needed to provide a consistent prediction.

2.2.4.3 Curriculum learning

Curriculum learning is a paradigm developed after the intuition that humans are better at
learning from examples presented in a meaningful order, as in curriculums. Thus, data samples
are presented in an optimal way or an optimal order to the neural network during curriculum
learning. Easiness and presentation order can either be guided by empirically defined heuristics
or learned during the network training [Bengio et al., 2009; Saxena et al., 2019]. In Chapter 5,
a method of curriculum learning is adopted to weigh the meaningfulness of target labels.

2.2.5 Multi-domain Approaches

Before turning to generalization methods, this section introduces common approaches to
multi-domain challenges. Multi-domain signifies that all mentioned approaches in this section
deal with at least one source domain 𝑢𝑒 and one target domain 𝑢𝑑 :

𝑢𝑒 = {xs}𝑌𝑄
𝑒=1 𝑢𝑑 = {xt}𝑌𝑅

𝑑=1 (2.23)

Domain adaptation (DA) Under this term all approaches can be grouped that adapt a deep
learning network for a target domain.
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Fig. 2.10: Comparison of multi-domain approaches, each visualized by a spline. Each sector represents
one criterion that distinguishes the di"erent approaches. A spline crossing a criterion value indicates
that the multi-domain approach fulfills the criterion.
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Unsupervised domain adaptation (UDA) The basic unsupervised domain adaptation scheme
takes source images and labels and adds non-labeled target images to the training routine [Ji
et al., 2023; Orbes-Arteaga et al., 2022].

Source-free domain adaptation (SFDA) Source-free domain adaptation is more limited in
data than unsupervised domain adaptation. At adaptation time, no source data – neither images
nor labels — are accessed [Bateson et al., 2022; Wen et al., 2023].

Transfer learning (TL) In transfer learning, trained network parameters are transferred to a
new domain and task. For medical imaging, weights of networks trained on natural images
(ImageNet dataset) are often transferred to medical imaging tasks such as segmentation [Raghu
et al., 2019; Usman et al., 2022].

Test-time adaptation (TTA) Instead of using a set of target domain data, a minimal number
of samples down to one sample itself is given to which a network is adapted during test time
[Hu et al., 2021; Karani et al., 2021].

Few-shot Learning (FSL) In few-shot learning, a limited number of images and labels is
provided for adapting a neural network [Li et al., 2006]. In medical imaging, it has been applied
in works that aim to learn new label classes that have not been present in the training data [Feng
et al., 2021; Ouyang et al., 2020, 2022a].

Image-to-image translation (I2I) Instead of adapting a network to function optimally within
a target domain, the task is split into two parts: The base network is first optimized to perform
a task like segmentation on the source domain. In the second image-to-image step, a target
image is translated (stylized) to this source domain to serve as an optimal input for the base
network [Zeng et al., 2024; Zhu et al., 2017].

Domain generalization (DG) Domain generalization methods, which are covered in depth in
the next section, aim to bridge the domain gap without access to the target data. [Ouyang et al.,
2022b; Wang et al., 2022].

Entanglement of the approaches’ categories Fig. 2.10 shows all approaches mentioned in
the previous paragraphs distinguished by pre-training data type (1), whether target domain data
is used for model adaptation (2), whether source and target data are used at the same time (3),
whether adaptation is performed on test images (4), how many source domains are involved
in the approach (5) and which parameters are adapted (7) under which optimization strategy
(8). The list of multi-domain methods is not exhaustive, and methods were selected to grasp
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Fig. 2.11: Generalization method taxonomy as defined by Wang et al. [2022] and extended by Matta
et al. [2024].

the di"erences between the approaches and their categorization. The category terms are not
always clearly defined in the method papers, and concepts can be blended, complicating a
sharp categorization. Thus, Fig. 2.10 serves as a compass to the entangled ideas of the domain-
bridging concepts. A alternative visualization of approaches can be found in [Schwonberg
et al., 2023].

2.2.6 Generalization Approaches

The central di"erence between domain adaptation methods and domain generalization methods
is that domain generalization methods cannot access any target data. The goal is to achieve
a minimum error on samples from an unknown target data distribution under this limitation
[Wang et al., 2022]. This section follows the taxonomy defined by Wang et al. [2022] and
Matta et al. [2024], which divided domain generalization into three main approaches: Data
manipulation (1), representation learning (2) and domain-generalizing learning strategies (3).
This taxonomy is also presented in Fig. 2.11. The first group of approaches targets input data
augmentation presented to the network at training.

Data manipulation by augmentation Plain spatial and intensity image augmentation were
beside the network architecture, the main contribution for the U-Net method introduced in
Sec. 2.2.2.2. Albeit augmentation was solely used without explicit usage in out-of-domain
settings, it proved to be important to achieve high-quality in-domain outcomes and use
the available samples more e!ciently [Ronneberger et al., 2015]. Under the same motive,
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augmentation can be used in out-of-domain settings, improving the generalization capabilities
of the model [Chen et al., 2020a; Ouyang et al., 2022b].

Domain randomization (DR) Domain randomization is an extreme form of augmentation
where the data is generated artificially with complete control over the generation process and
thus also augmentation [Sganga et al., 2019]. In medical imaging, a complete simulation of
images is complicated, and thus, approaches harness given images of other modalities such as
CT to generate X-ray projections [Toth et al., 2019] or mixing of several source domains [Chen
et al., 2023].

Adversarial data augmentation E"ective augmentation needs a definition of strengths
and applied types, such as spatial or intensity augmentation. Adversarial data augmentation
integrates the configuration of augmentation schemes into the deep learning process, optimizing
the augmentation for maximal e"ect. It can be considered an adversarial measure of the
networks’ performance from which the network learns to cope with more intense augmentation.
Here, max-min objectives were introduced in medical imaging, first finding optimally complex
and diverse augmentations for which segmentation networks were optimized afterward [Chen
et al., 2020b; Xu et al., 2022] and also steer the augmentation to create diverse variations of
domains [Lyu et al., 2022].

Data manipulation by (style) generation Data manipulation by style generation targets model-
internal shu#ing or mixing of features. It can be considered a form of internal augmentation
[Chen et al., 2022], which was also combined with input-level image augmentation for increased
generalization power [Spanos et al., 2024].

Instead of providing diverse image representations to the learning procedure with augmentation,
representation learning seeks to separate the main factors for variation in the data to improve
generalization [Liu et al., 2022b]. Representation learning is further structured in domain-
invariant representation learning, feature disentanglement, and descriptor-based representation
building.

Domain-invariant representation learning Domain-invariant representations can be intro-
duced by kernel methods that work on the parameter or layer level. While CNNs are equivariant
against image translation, equivariance to rotation was introduced by creating several rotated
layer feature maps, which were then passed to subsequent layers in histopathological images
[Cohen et al., 2016; Lafarge et al., 2021]. A kernel method for generalization enabling network
equivariance against rotation is introduced in Chapter 6.

Explicit feature alignment aims to align the features of di"erent source domains during
learning. This has been performed in gray matter segmentation in a variational autoencoder’s
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latent space by regularization [Li et al., 2020] and successfully generalized across MRI scanner
domains.

Domain adversarial learning (DAL) disentangles domain specific representations from the
network by explicit “unlearing” the domain content. In DAL, a classifier branch attached to the
network tries to explicitly predict the given image domain and the gradients of the network
are then updated the opposite way [Ganin et al., 2016] and was successfully applied in eye
vasculature segmentation in eye fundus images [Javanmardi et al., 2018].

Representation learning by feature disentaglement Disentanglement of representations
refers to separate content for which the network should be invariant and content for which
the network should be equivariant [Liu et al., 2022b] (also see Sec. 2.2.2.4). For example,
disentangling the image’s appearance from the patient’s anatomy would be beneficial in a
prediction based solely on the anatomy representation.

A method developed for nasopharyngeal carcinoma segmentation in MRI successfully
disentangles anatomical information from image style. The disentangled styles were then
linearly combined to form new domains and generate images with new styles that could be
supervised with the ground-truth segmentation masks to improve generalization [Gu et al.,
2023].

Image reconstruction tasks from segmentation masks can also be combined with a domain-
discriminative branch to separate domain information and shape content in cardiac and gray
matter segmentation tasks, improving generalization across imaging sites [Liu et al., 2021c].

Low-rank methods aim to reduce neural networks’ complex feature space to a set of basic
vectors and can improve generalization. The minor eigenvector of the Hessian matrix was
used as a log-rank representation for the vessel structure in retinal vessel segmentation, along
with vessel images enhanced by passing them through several neural networks in parallel,
creating multiple inputs for a transformer-based segmentation network. The Hessian low-rank
representation generates a consistent appearance for vessels across di"erent image modalities,
according to the authors providing a unified input for the segmentation network [Hu et al.,
2022].

Generative modeling improved generalization when classifying diabetic retinopathy across
fundus images collected from di"erent sites. A variational autoencoder was used to regenerate
the fundus images under randomly drawn latent codes [Chokuwa et al., 2023].

Causality-inspired methods motivate the disentanglement from a theoretical point of view,
seeking the individual factors of patient anatomy and scanning modality that result in shape
and appearance representation [Castro et al., 2020; Liu et al., 2021a]. Based on the inspiration,
authors develop targeted augmentation and supervision schemes for improved generalization
[Ouyang et al., 2022b].
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Representation extraction with descriptors An additional possibility to extract domain-
invariant representations are non-learning-based descriptors used in Chapter 4. Descriptors to
transform an image into a representational form that is invariant to irrelevant features [Lowe,
1999]. In medical imaging, descriptors were successfully applied in CT to MRI cross-modality
registration [Heinrich et al., 2012a; Heinrich et al., 2013]. Other modalities and disciplines
require descriptors with specifically designed properties [Kim et al., 2016; Teng et al., 2023].

Despite manipulating data and the model structure, the overall learning strategy can benefit
neural networks’ generalization abilities.

Learning strategy: Ensemble learning In ensemble learning, multiple models are trained in
parallel and combined to form a common prediction. Ensembling showed e"ective generalization
for endoscopic image segmentation as well as for COVID-19 classification on X-ray images
[Abad et al., 2024; Hong et al., 2021] and is an e"ective way to reach high-quality predictive
performance [Isensee et al., 2021].

Learning strategy: Meta-learning In meta-learning, the network learning process is split
into two layers of optimization. In the first step, the task network is optimized against its task as
in standard neural network training. Instead of updating the network weights immediately, the
new weight values are used to evaluate a meta test-task. For domain generalization to create
such a test task, data of di"erent domains can be randomly split to perform the meta-test on
an out-of-domain sample. The network weights are updated to respect the gradients of the
actual target task as well as to optimally fulfill the out-of-domain meta-task with the intuition
that “future parameter updates should [...] generalize well to unseen domains” [Liu et al.,
2021c]. Meta-learning improves generalization in prostate segmentation and cardiac and liver
segmentation tasks successfully [Li et al., 2022a; Liu et al., 2020; Liu et al., 2021c].

Learning strategy: Self-supervised learning Self-supervised learning can be a preliminary
or parallel task to learn models without explicit ground truth (see Sec. 2.2.4). In medical deep
learning, image patch shu#ing and spatial augmentation were used in colorectal cancer tissue
classification for improved generalization in a parallel contrastive learning approach [Vuong
et al., 2022]. The paradigm also proved e"ective for disease classification on chest X-ray images
where non-destructive image transformations such as spatial augmentation were applied for
self-supervised contrastive learning [Sowrirajan et al., 2021]. Zhou et al. [2021] combined
several self-supervised tasks to build generalizing medical image foundation models similarly.

Learning strategy: Gradient operation Some methods tackle gradient operation directly to
achieve generalization. Regularization of gradients can be used to force domain-level gradient
invariance in classifier layers for diabetic retinopathy classification [Atwany et al., 2022].
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Learning strategy: Test-time augmentation Augmentation can not only be applied during
training but moreover on test images, for which a prediction should be made during inference.
Image-to-image translation was performed with generative adversarial networks (GAN)-based
models for multiple randomly drawn style codes to generate a set of styled images from which
classes were predicted in lymph node patch and colorectal tissue type classification. The class
candidates were then weighted to result in a final generalizing classification [Scalbert et al.,
2022].

Learning strategy: Multi-task learning Besides multiple models, multiple tasks during
training can result in generalizing model representations. This concept was applied in self-
supervised foundation model building with multiple image restoration tasks [Zhou et al., 2021]
or for surgical scene interpretation with multi-task classification and text generation image
scene captioning [Seenivasan et al., 2023].

In Fig. 2.12, the previously mentioned approaches are presented in a single graph along with
the methods of the following chapters. They are categorized by pretraining data type, how
many source domains are involved in the approach, optimization strategy, the level on which
the method was applied (6) and which parameters are trained/adapted (7).
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Fig. 2.12: Comparison of generalization approaches, each visualized by a spline. Each sector represents
one criterion that distinguishes the di"erent approaches. A spline crossing a criterion value means the
approach fulfills the criterion. For simplicity, the methods mentioned in this section are colored in
opaque-gray, where stronger gray tones indicate more methods (lines) crossing specific category values.
The developed generalization methods of this thesis presented in the following four chapters are colored.
This visualization is just a qualitative overview, and criteria for comparison were chosen with regard to
the developed methods.
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Chapter 3

Generalizing Learning-based Data Acquisition

This first methodological chapter of this thesis will cover cardiac shape reconstruction
on stationary as well as cine MRI sequence images. First, the magic triangle of MRI is
introduced to make the reader understand the constraints of acquisition due to the device’s
physics. Then, the clinical routine of cardiac imaging is presented to motivate the developed
end-to-end deep learning pipeline for generalizing shape reconstruction. This chapter closes
with a comprehensive method evaluation of real-world clinical and synthesized datasets and a
concluding discussion. The method was published in [Weihsbach et al., 2023; Weihsbach et al.,
2024]. Open source code was released under:
https://github.com/multimodallearning/acquisition-focus.

3.1 Introduction

cardiac magnetic resonance imaging (CMRI) typically follows a specific routine. Firstly, a
low-resolution scout scan is acquired to localize the heart coarsely. Secondly, the scout scan is
examined for manual imaging view-plane placement following dedicated protocol guidelines
[Ismail et al., 2022]. The scanner is then adjusted to capture the imaging planes of interest.
Lastly, the acquired images are examined by clinical experts or automated post-processing
software.
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3.1.1 MR Physics Constraints and Timing

Examining images relies on su!cient image contrast, i.e., the SNR. The SNR of an acquired
image slice is constrained by the physical principle of MR as derived by Macovsci [Macovski,
1996]:

SNR ⇓ 𝑏 (Obj) 𝑋𝑓𝑣𝑔

⇔
𝑎 (3.1)

where 𝑏 (Obj) is the influence of the examined object, 𝑋0 is the resonant frequency, 𝑣𝑔 is the
voxel volume, and 𝑎 is the acquisition time. Consequently, the SNR is a"ected by the imaging
time and the spatiotemporal resolution of a scan. In CMR, the SNR is negatively impacted by
cardiac and respiratory motion artifacts that increase with longer acquisition times [Ismail et al.,
2022]. Therefore, the acquisition time 𝑎 acts as a lower and upper bound for the quality of the
acquired cardiac images. Various sequences have thus been developed to improve the SNR
and reduce the acquisition time. The SNR can be increased by combining images of the same
cardiac phase when the acquisition is synchronized over multiple heart cycles [Ismail et al.,
2022]. This approach often requires breath-holding strategies that burden the patients [Ridgway,
2010]. In parallel imaging, the acquisition time is shortened by using multiple receiver coils
that are read out in parallel [Griswold et al., 2002; Pruessmann et al., 1999; Ridgway, 2010].
From another point of view, 𝑎 is proportional to the number of acquired slices 𝑤𝑕 and the
number of acquired k-space lines 𝑤𝑃 , which can be captured at the rate of the repetition time
TR [Balaban et al., 2019]:

𝑎 ⇓ 𝑤𝑕𝑤𝑃TR (3.2)

Eq. (3.2) states that acquiring more slices at a higher resolution (more k-space lines) takes
longer. This has been addressed with compressed sensing where only a fraction of k-space lines
are captured, accelerating the acquisition by a constant factor at the cost of introducing artifacts
[Lustig et al., 2007]. Nevertheless, applying these techniques for high temporal resolution cine
imaging may be insu!cient and remains a challenge [Raman et al., 2022].

In this study, we will investigate a reduced number of imaging slices 𝑤𝑕 for faster acquisition
without necessarily a"ecting the in-plane resolution or SNR that could additionally be combined
with parallel imaging and/or compressed sensing. This reduction is only applicable under the
regard that those sparsely acquired slices are su!ciently descriptive for clinical examination.
In the cardiac domain, such a sparse stack of slices is frequently acquired along the heart’s
short axis to examine the left-ventricular properties that have been proven to contain valuable
information for clinical experts [American Heart Association Writing Group on Myocardial
Segmentation and Registration for Cardiac Imaging et al., 2002]. Descriptive imaging planes
are also crucial for automated deep learning techniques, which often achieve impressive results
but ultimately rely on the data input.

We hypothesize that computer-assisted techniques can benefit from tailoring the slice selection
to the automated post-processing task (see Fig. 3.1). For demonstration, we build upon a recent
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Fig. 3.1: Current practice and research question (top): The performance of deep learning-based post-
processing methods is restricted by the input data quality, and standardized clinical protocols may be
sub-optimal for automated downstream tasks. Our approach and problem setup (bottom): Examining
cardiac function in high spatial and temporal resolution is desirable, but MR physics constrains the
quality of volumetric MR cine acquisitions. We aim to determine optimal descriptive imaging planes for
volumetric shape reconstruction from only two view planes.

work that explored the challenging task of reconstructing the full cardiac shape from a set of 2D
echo views [Stojanovski et al., 2022]. For MRI, we constrain the acquisition’s field of view to
two sparse slices and learn the optimal slice view orientation for accurate shape reconstruction
based on coarse localizer information. The definition and selection of optimal imaging planes
[American Heart Association Writing Group on Myocardial Segmentation and Registration
for Cardiac Imaging et al., 2002; Ismail et al., 2022; Watkins et al., 2013] for this task may be
di"erent from human intuition, especially when deep learning methods are involved. Despite
our study being linked to MRI acquisition and (shape) reconstruction, our method is unrelated
to image reconstruction from k-space signals. It operates in the image domain after applying
the inverse Fourier transform.

3.1.2 Shape Reconstruction and Imaging Plane Optimization

Volumetric shape reconstruction has been previously explored for various medical imaging
modality applications. In ultrasound imaging, there is an interest in reconstructing 3D volumes
from 2D slice acquisitions of free-hand sweeps. In [Luo et al., 2022], this was solved by an
LSTM model that combined sequential 2D imaging features with accelerometer parameters.
Jokeit et al. [Jokeit et al., 2022] demonstrated that 3D bone shapes could be reconstructed
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from standard planar X-ray radiographs using a CycleGAN network. In a similar work, bone
structures were reconstructed from sparse view segmentations using neural shape representations
[Amiranashvili et al., 2022]. In the cardiac domain, left ventricle shapes were successfully
reconstructed from sparse short-axis and long-axis image stacks using deformable mesh priors
[Beetz et al., 2022]. Stojanovsi et al. [Stojanovski et al., 2022] performed reconstruction of the
full cardiac shape from multiple slices. To overcome the lack of paired slice and 3D target data,
the authors simulated US intensity images for slices that were extracted from a 3D ground-truth
mesh. Their approach uses an e!cient variant of the Pix2Vox model presented in [Xie et al.,
2019] and will be considered for performance comparison in Sec. 3.3.2.

Optimal imaging planes have been considered in [Lee et al., 2022], where an orthopedic
scanning guide for diseases in 3D ultrasound applications was developed. The method relies on
a two-stream classification pipeline to predict the probe movement direction and the presence of
the desired target view. In the context of MRI, a target view classification network was proposed
to determine the optimal MR image slice for detecting lumbar spinal stenosis [Natalia et al.,
2022]. The authors selected the optimal image slice from multiple given slices and evaluated
the classification outcome for several network architectures and hyperparameters. Cardiac
segmentation of the left ventricle and atrium with joint prediction of standard clinical view
planes has been previously explored by Chen et al. [Chen et al., 2021b], who aimed to translate
findings from automated segmentations into clinical routine protocols. For optimal valvular
heart disease assessment, 14 slice orientations were defined using a cardiac MRI reference
scan [Nitta et al., 2014]. Odille et al. [Odille et al., 2018] reconstructed the left ventricular
shape by fitting a b-spline model to slice segmentations obtained from motion-corrected
high-resolution intensity data. They compared pre-defined configurations of 3–6 sparse slices
to evaluate the impact of view plane choices on the shape reconstruction quality. To the best of
our knowledge, none of the previously proposed methods studied the joint optimization of view
planes and volumetric reconstruction.

3.1.3 Contribution

While previous studies focused on detecting clinical standard imaging planes [Beetz et al.,
2022; Natalia et al., 2022; Nitta et al., 2014], we hypothesize that the slice view orientation
should be optimized in a task-driven manner and propose the following contributions:

1. In a challenging target scenario, we reconstruct the full cardiac shape of five structures from
only two slices.

2. We study the joint optimization of shape reconstruction and view-plane orientation to derive
optimal sparse slice configurations.
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Fig. 3.2: Method overview: From a coarsely segmented scout scan (1), we analyze the cardiac shape,
construct a!ne matrices P representing the standard clinical views, and optimize a neural network to
predict a rigid transformation matrix M. This matrix is returned to the scanner to yield optimal slicing
parameters for the volumetric shape reconstruction.

3. The optimized slice configurations lead to superior reconstruction quality compared to
standard clinical imaging planes, which we demonstrate for synthetic and clinically acquired
cardiac MRI data.

3.2 Methods and Materials

Our pipeline mimics the MRI acquisition process (see Fig. 3.1): From a low-resolution scout
scan, a coarse anatomical shape is generated by image segmentation. We analyze this coarse
segmentation to identify standard clinical view planes and optimize the image plane slicing for
cardiac shape reconstruction.

3.2.1 Extraction of Clinical Views

Experts follow a semi-automated routine to determine cardiac view planes [Herzog et al., 2017]:
Firstly, the left ventricle is localized in the scout scan, then pseudo-two-chamber (p2CH) and
pseudo-four-chamber (p4CH) views are extracted. Based on these views, a stack of short-
axis (SA) images is retrieved, which is a prerequisite to acquiring accurate two-chamber (2CH)
and four-chamber (4CH) views. We extract the mentioned views from the coarse image
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Fig. 3.3: Clinical cardiac views are automatically extracted from the segmentation maps of a coarse
scout scan. Axial (AX), coronal (COR), and sagittal (SAG) views are obtained directly from the volume.
According to [Herzog et al., 2017], pseudo-two-chamber (p2CH) and four-chamber (p4CH) are then
used to plan short-axis (SA) views from which, in turn, accurate 2CH and 4CH views can be retrieved.
We mimic this process by analyzing the inertial moments of segmented cardiac chambers.

segmentation by analyzing the inertial moments J of the cardiac chamber shapes to construct
orthonormal bases for an a!ne reorientation matrix P,

J =


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
d𝑦 𝑥𝐿 𝑈 = →


𝑄

𝑂𝐿𝑂 𝑈d𝑦 𝑆, 𝑚 ≃ [1, 2, 3] (3.3)

where 𝑦 is the shape’s (voxel) mass, 𝑆 𝑚 𝑛 are the spatial indices, and 𝑂 is the distance vector
from the point mass to a reference point [Czichos et al., 2012]. The resulting imaging planes
are visualized in Fig. 3.3.

3.2.2 Slicing View Optimization

As described in Fig. 3.2, we optimize for a!ne matrices M that maximize the reconstruction
accuracy. We first generate 𝑤 a!ne matrices M to define the slicing orientation. This work
explores the extreme scenario of studying only 𝑤 = 2 slice locations. Subsequently, we apply a
reconstruction model to process the extracted slices. The deep learning architecture is laid out
more specifically in Fig. 3.4. To obtain optimizable slice orientations, we feed the segmentation
of a (low-resolution) scout image scan 𝑣𝐿𝑇 into an acquisition model 𝑞𝐿 . The model comprises
two operators: 𝑧𝐿 aligns the input optimally to yield the oriented volume 𝑣𝑓𝑀 . From this
volume, the operator 𝛥 extracts a 2D slice 𝛩 per matrix M:

𝑧𝐿 : {𝑣𝐿𝑇 : ϑ3𝑖 ⇒ R} ⇒ {𝑣𝑓𝑀 : ϑ3𝑖 ⇒ R}, 𝑆 = 1, . . . , 𝑤 (3.4)
𝛥 : {𝑣𝑓𝑀 : ϑ3𝑖 ⇒ R} ⇒ {𝛩 : ϑ2𝑖 ⇒ R} (3.5)
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Fig. 3.4: Architecture of the proposed pipeline: The acquisition models (left) optimize the two slicing
views (center). The final shape is reconstructed from the stacked slices with a non-symmetric 2D-3D
encoder-decoder (right) that contains grouped convolutions in the 2D layers. The 2D-3D skip connections
and bottleneck in the reconstruction model are realized using a grid-sample operation that embeds the
2D features in the 3D feature space using the inverse of two a!ne matrices M1,2. (best viewed digitally).

The formulation of 𝑧𝐿 is inspired by Jaderberg et al. [Jaderberg et al., 2015] and uses a spatial
transformer network to sample an oriented 2D plane from a 3D volume. The network consists
of a CNN localization network with learnable parameters 𝑐𝑗𝑀 that maps the input volume
𝑣𝐿𝑇 to six rotational parameters api = (𝛬𝑓𝐿1, . . . , 𝛬𝑓𝐿6)𝑘 and three translational parameters
tpi with 3 ↘ 𝑤𝑑 𝑏 parameters, where 𝑤𝑑 𝑏 is chosen relative to the target o"set space (see
Sec. 3.3.3). From api, the rotational components of a 3D a!ne matrix Mi are generated using
the continual representation from [Zhou et al., 2019]. The translational vector ti = (𝛯𝐿1, 𝛯𝐿2, 𝛯𝐿3)𝑘
is formulated as:

tij =
2.0
𝑤𝑑 𝑏

↖𝛱𝛴 𝑏 𝛯𝑦𝛬𝑂

(
tpij

)
,

(
0, 1, . . . , 𝑤𝑑 𝑏

)
↙ → 1.0, tpij ≃ R𝑌𝑅 𝑆

, 𝑚 ≃ [1, 2, 3] (3.6)

The 3D a!ne matrix Mi is then used to create a grid for the di"erentiable spatial transformer
sampling layer. A slicing operator, 𝛥, extracts the center slice of the aligned volume. We want
to stress that for every 3D input shape volume, a separate set of api is predicted. This enables us
to take any segmented input volume and find the correct slicing orientation for the subsequent
scans using the same pre-trained model.
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3.2.3 Reconstruction Model

For a given set of 𝑤 optimized 2D image slices 𝛩 from the acquisition model, we aim to
reconstruct the full volumetric cardiac shape 𝑣𝑀𝑙:

𝛶 : {𝛩 : ϑ2𝑖 ⇒ R}𝑌 ⇒ {𝑣𝑀𝑙 : ϑ3𝑖 ⇒ R} (3.7)

Aiming for a mapping ϑ2𝑖 ∝⇒ ϑ3𝑖 , we configure the model to contain a 2D encoder and
a 3D branch, where the inverse of Mi is used at the skip connections and the bottleneck to
re-embed the 2D slices in 3D space (see Fig. 3.4 and Sec. 3.3.3).

3.2.4 Joint Optimization

Given the above models, we obtain 𝑤 optimized slices, by jointly training the parameters of 𝑤
acquisition models 𝑐𝑗1,...,𝑌 and one reconstruction model 𝛷𝑚:

𝑣𝑓𝑀1 , . . . ,𝑣𝑓𝑀𝑇 = 𝑧1
(
𝑣𝐿𝑇, 𝑐𝑗1

)
, . . . ,𝑧𝑌

(
𝑣𝐿𝑇, 𝑐𝑗𝑇

)
(3.8)

𝛩1, . . . , 𝛩𝑌 = 𝛥

(
𝑣𝑓𝑀1

)
, . . . ,𝛥

(
𝑣𝑓𝑀𝑇

)
(3.9)

𝑣𝑀𝑙 = 𝛶

(
𝛩1, . . . , 𝛩𝑌 ,𝛷𝑚𝑀

)
(3.10)

In a simplified setup, where 𝑣𝑀𝑙 and 𝑣𝐿𝑇 have the same spatial resolution, we would require
𝑣𝑀𝑙 ′ 𝑣𝐿𝑇 for an optimal reconstruction. This mapping could be fulfilled by learning an identity
function but is restricted since we feed the data through two bottlenecks that are reducing
information by extracting a sparse slice and compressing the shape representation:

L
(
𝑐𝑗1,...,𝑇 ,𝛷𝑚

)
= 𝛹

(
𝛶𝑛 ↓ 𝛥 ↓𝑧 𝑜 ,1 (𝑣𝐿𝑇) , . . . , 𝛶𝑛 ↓ 𝛥 ↓𝑧 𝑜 ,𝑌 (𝑣𝐿𝑇) ,𝑣𝑀𝑙 ′ 𝑣𝐿𝑇

)
(3.11)

In our pipeline, the slice bottleneck is particularly interesting, as the reoriented slices 𝛩1, ..., 𝑌
reveal information about the importance of individual structures for the reconstruction. In an
application-oriented setting, the scout scan 𝑣𝐿𝑇 has a lower spatial resolution than the output
𝑣𝑀𝑙. When passing the predicted a!ne matrix Mi to the MRI control panel, the optimized view
can be captured in higher resolution to provide more detailed information for the reconstruction
(see Fig. 3.2).

3.3 Experiments and Results

3.3.1 Datasets

We performed initial experiments with synthetic cardiac MRI scans generated with XCAT
[Segars et al., 2010] and MRXCAT 2.0 [Buoso et al., 2023]. In this dataset with free-breathing
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protocol, each scan consists of 100 image frames with 1 mm spatial and 50 ms temporal
resolution. The XCAT software provided ground-truth anatomical label maps, whereas
texturized MRI simulations were derived from these maps using MRXCAT 2.0. The data
were split into 24 training (male phantom) and 16 testing samples (female phantom). To show
the e"ectiveness of our method, a percentage of [25%...75%] of cardiac phase frames was
excluded from the training set to reserve frames of the systolic phase for testing. In subsequent
experiments, we used the MMWHS dataset [Zhuang et al., 2016] containing 20 labeled,
static, nearly isotropic MRI volumes with the following structures: myocardium (MYO), left
ventricle (LV), right ventricle (RV), left atrium (LA), and right atrium (RA). The dataset
contains significant shape variations, including patients with cardiovascular diseases such as
“cardiac function insu!ciency, cardiac edema, hypertension [...] arrhythmia, atrial flutter, atrial
fibrillation, artery plaque, coronary atherosclerosis, aortic aneurysm, right ventricle hypertrophy
[, and] dilated cardiomyopathy” [Zhuang et al., 2016]. The data were split into training and test
data using 3-fold cross-validation.

3.3.2 Experimental Setup and Evaluation

Firstly, in Experiment I, we performed full cardiac shape reconstruction and compared
the performance of our model to Pix2Vox (P2V, [Xie et al., 2019]) and a leaner variant
E!cient Pix2Vox (EP2V, [Stojanovski et al., 2022]), specifically designed for cardiac-slice-to-
volume reconstruction (see Sec. 3.1.2). In this experiment, we simplified the multi-chamber
reconstruction task to a binary shape reconstruction task to match the experimental setup of
[Stojanovski et al., 2022].

Secondly, in Experiment II, we extended the reconstruction task to multiple chambers
and investigated the impact of simultaneous view-plane optimization on the reconstruction
performance. We conducted an extensive ablation study transitioning from elementary to more
elaborate scenarios. This transition involved replacing ground-truth annotations with automated
segmentations as well as replacing high-resolution scout scans (1.5↘1.5↘1.5 mm3/vox) with
lower-resolution scout scans (6.0↘6.0↘6.0 mm3/vox) — a very coarse setting compared to the
settings used in [Kellman et al., 2011]. Note that these high-resolution scout scans are not
available in clinical settings. Shape reconstruction was performed with just two high-resolution
2D views with 1.5↘1.5 mm2/vox in all scenarios, which can be acquired quickly and enables
analysis with high temporal resolution.

Standard clinical views, such as 2CH and 4CH views (see Fig. 3.3) were extracted from the
scout input using the method described in Sec. 3.2.1. For the MMWHS dataset, we employed
3-fold cross-validation to address significant shape variations in the dataset. We assessed the
reconstruction performance with the 95th percentile of the Hausdor" distance (HD95) and Dice
score metrics.
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3.3.3 Implementation Details

Our acquisition model is a CNN consisting of layers with instance normalization, average
pooling, and a final fully connected layer. The last layer maps the input features to six api and
3x𝑤𝑑 𝑏 values. The a!ne matrices Mi are then constructed using the continual representation
of [Zhou et al., 2019] for rotational components and Eq. (3.6) for translational components,
restricting translational shifts to ±20%. The parameter count 𝑤𝑑 𝑏 = 51 was chosen to be 40 %
of the spatial input volume length. In preliminary experiments, we attempted to predict the three
translational components for every slice with three parameters but experienced instabilities.
Mapping the parameters described in Eq. (3.6) resulted in stable training and improved scores.

The one-hot encoded slice shape output is concatenated channel-wise (see Fig. 3.4, center)
and then fed to the reconstruction network. The reconstruction model is a U-Net based on
[Isensee et al., 2021], which we configure to consist of a 2D encoder and a 3D decoder by
replacing the convolution and normalization layers while keeping the exact kernel sizes. To
prevent the U-Net model from sharing information across slices in the encoder, we used grouped
convolutions with independent groups per input slice.

The 2D features were re-embedded to the 3D space using the a grid-sampling operator with
the inverse a!ne matrices Mi

→1 for every slice to enable the concatenation of 2D and 3D features
at the skip connections. Every block of the reconstruction model (see Fig. 3.4) comprises
two (transpose) convolutional operations, followed by instance normalization and LeakyReLU
nonlinearities. During joint training, we used the AdamW optimizer [Loshchilov et al., 2017]
(𝑔 = 0.001, 𝑃1 = 0.9, 𝑃2 = 0.999, 𝑡𝑅𝛺𝛬𝑍 = 0.01) for the reconstruction model and a batch size
of 𝑉 = 4. The acquisition models were optimized using AdamW (𝑔 = 0.002, 𝑡𝑅𝛺𝛬𝑍 = 0.1) and
cosine annealing scheduling with warm restarts [Loshchilov et al., 2016]. As a loss function,
we employed a combination of Dice loss and cross-entropy [Isensee et al., 2021]. We found
that simultaneously optimizing both slices resulted in unstable training and, therefore, followed
a two-stage approach. First, the slice output of the acquisition model 𝛩1 = 𝛥 (𝑧1(𝑣𝐿𝑇)) was
duplicated and stacked across the channel dimension while optimizing the parameters of the
CNN. Then, the parameters of model 𝑧1(·) were fixed, and only the parameters of 𝑧2(·) were
optimized. In both stages, the models were trained for 80 epochs. We always performed a
final reconstruction network training from scratch, where the models 𝑧1, 𝑧2, and thus the
input slices 𝛩1, 𝛩2 were fixed. Rotation and scaling augmentation were applied to the input and
output shapes to reduce the overfitting of the reconstruction model. For image segmentation,
we utilize the U-Net model pipeline of [Isensee et al., 2021], trained on 2D image slices
with downsampling augmentation to ensure accurate segmentations for low-resolution and
high-resolution inputs.
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Table 3.1: Binary shape reconstruction performance of P2V, EP2V, and our method (see Sec. 3.2.3) on
the synthetic cardiac data of the MRXCAT dataset.

Synthetic cine MRXCAT data HD95 in mm ∞ Dice in % ∈
1st view 2nd view Model 𝑁 ± 𝛻 𝑁 ± 𝛻

p2CH p4CH
P2V [Xie et al., 2019] 6.7± 2.9 95.4± 3.2

EP2V [Stojanovski et al., 2022] 7.2± 4.6 94.3± 4.5
Ours 4.7± 1.7 96.6± 1.4

2CH 4CH
P2V [Xie et al., 2019] 7.7± 5.5 93.6± 6.8

EP2V [Stojanovski et al., 2022] 5.6± 2.4 96.2± 2.1
Ours 5.2± 2.8 95.9± 2.2

2CH SA
P2V [Xie et al., 2019] 4.6± 1.1 97.1± 0.8

EP2V [Stojanovski et al., 2022] 6.2± 4.5 95.1± 4.8
Ours 4.3± 2.4 96.4± 2.4

Table 3.2: Binary shape reconstruction performance of P2V, EP2V, and our method (see Sec. 3.2.3) on
the clinically acquired cardiac data of the MMWHS dataset.

Clinically acq. MMWHS data HD95 in mm ∞ Dice in % ∈
1st view 2nd view Model 𝑁 ± 𝛻 𝑁 ± 𝛻

p2CH p4CH
P2V [Xie et al., 2019] 20.1± 6.2 83.0± 5.0

EP2V [Stojanovski et al., 2022] 22.1± 7.2 80.0± 7.8
Ours 20.0± 6.4 86.4± 4.1

2CH 4CH
P2V [Xie et al., 2019] 21.8± 5.9 82.5± 4.3

EP2V [Stojanovski et al., 2022] 22.1± 8.4 81.5± 7.2
Ours 18.1± 6.5 87.6± 3.5

2CH SA
P2V [Xie et al., 2019] 22.6± 7.7 82.6± 5.4

EP2V [Stojanovski et al., 2022] 20.8± 8.1 83.3± 5.2
Ours 23.7± 6.7 85.4± 4.5

3.3.4 Results

3.3.4.1 Experiment I

The evaluation of reconstruction model performance on the full cardiac shape is shown in
Table 3.1 for the synthetic cine data and in Table 3.2 for the clinically acquired data. We
observed lower Dice scores and higher HD95 errors for the MMWHS dataset, which contains
largely varying pathological deformed shapes. Applied to the MRXCAT dataset, our model
achieved the lowest HD95 errors in all scenarios and the best Dice score for the p2CH and
p4CH slice view inputs. It thus outperformed P2V and EP2V in four of six scores. The P2V
model [Xie et al., 2019] reached the best Dice score when reconstructing MRXCAT data from
2CH and SA views, whereas its e!cient variant, EP2V [Stojanovski et al., 2022], reached the
best Dice value on 2CH and 4CH views (see Table 3.1). When applied to the MMWHS data,
our model reached the highest performance in five of six scores, and was only outperformed
by EP2V, which presented a lower HD95 error in the case of 2CH and SA view inputs (see
Table 3.2).
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3.3.4.2 Experiment II

We report the results of an extensive ablation study for multi-chamber shape reconstruction with
our model on the synthetic MRXCAT dataset in Table 3.3 and the clinical MMWHS dataset
in Table 3.4, respectively. We compared three ablation scenarios for every dataset, indicated
by whitespace in the tables. The top group of values represents the first and most elementary
scenario in which high-resolution scouts and ground-truth annotations were considered. The
highest HD95 errors were observed for reconstructions based on the p2CH and the p4CH views
typically extracted at the start of cardiac routine acquisitions (8.5 and 22.5 mm). The error
was reduced to 6.9 and 14.1 mm for true 2CH and 4CH views (Fig. 3.3). Reconstruction from
2CH+SA yielded errors of 7.6 and 16.0 mm. Randomly chosen views resulted in errors of
8.0 and 17.1 mm (RND, mean out of six runs). Optimizing the views reduced HD95 errors
to a lowest of 6.2 and 11.9 mm (−0.8 and −2.2 mm compared to true 2CH and 4CH views).
An improvement could likewise be observed for the Dice scores, which improved to 86.9 and
82.7 % after optimization. Fig. 3.5 demonstrates that the highest scores were reached after the
second stage of optimization (Sec. 3.3.3). In the second ablation scenario, reconstruction from
realistic low-resolution scouts and ground-truth annotations was examined (see center groups of
Tables 3.3 and 3.4). We only considered the best-performing clinical 2CH+4CH views from the
first scenario for further comparison. For MRXCAT, 7.3 mm HD95 error of 2CH+4CH views
was reduced to 7.0 mm (−0.3 ) with optimization. While the MMWHS dataset demonstrated a
comparable error reduction (−0.7 mm), inferior Dice scores were observed. The last scenario
added automated segmentation to the pipeline, resulting in the most application-oriented
setting. For the MRXCAT data, HD95 errors increased compared to the ground-truth setting
of scenario two, resulting in 13.5 mm for 2CH+4CH clinical views and 9.7 mm for optimized
views. This was not reflected by Dice scores, for which 2CH+4CH clinical views outperformed
the optimized views with 81.0 % compared to 79.9 % respectively. For the MMWHS data,
the reconstruction error increased significantly to 51.2 mm for 2CH+4CH and 42.6 mm for
optimized views. We additionally report volumetric segmentation results for the coarse scout
scans. Note that for acquiring the scout scans, 32 captured slices instead of one slice are needed
at a lower in-plane resolution (1/4 per x-, y-axis), increasing acquisition time and making it
unsuitable for a direct comparison; hence, the values are enclosed in brackets. The slicing
reorientation obtained for the runs of Table 3.3 and Table 3.4 (OPT+OPT) is depicted in Fig. 3.6.
Notably, the first view was reoriented from the coronal view to an equivalent of the clinical
4CH view in the first 20 epochs, indicating that the 4CH view contains the most information
for reconstruction. Training and inference were performed on a single NVIDIA TITAN RTX
24 GB graphics card. Each stage of optimization took ∋29 min. Inference took 677 ms for
the entire pipeline to reconstruct volumes of 128↘128↘128 vox from two 128↘128 pix slices.
Each acquisition model contained 2.8 M parameters, the segmentation model contained 20.7 M
parameters, and the reconstruction model contained 15.5 M parameters.
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Fig. 3.5: MMWHS Dice scores throughout two-stage training, considering the views 2CH+4CH as
reference. After optimizing the first view, the reconstruction quality is on par with the reference.
Optimizing the second view outperforms the reference.

Epoch 0 Epoch 10 Epoch 20

Second view

First view

Fig. 3.6: View reorientation during joint training. A heatmap overlay visualizes the orientation across
the training batch (left, first column per epoch). Two individual batch samples are displayed in the
second and third columns. The first view (top) is optimized during the first optimization stage and then
fixed in the second optimization stage, in which the second view (bottom) is optimized. Notably, the
first view was reoriented from the coronal view to an equivalent of the clinical 4CH view in the first 20
epochs.
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Table 3.3: Multi-chamber shape reconstruction performances for the synthetic cardiac data of the MRXCAT dataset. The scenario’s di!culty
increases from the top to the bottom. Bold, colored values indicate the best values obtained within a scenario group of comparable scout
resolution and label map settings (ground-truth (GT) or automated segmentation (SG)). Views are indicated by their names, with RND and
OPT indicating random selection (mean out of six runs) and proposed optimization.

Synthetic cine MRXCAT data HD95 in mm ∞ Dice in % ∈
Type of: scout — slices 1st view 2nd view MYO LV RV LA RA 𝑁 ± 𝛻 MYO LV RV LA RA 𝑁 ± 𝛻

1.5𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT p2CH p4CH 6.2 5.3 11.9 5.3 13.9 8.5±14.7 82.4 90.0 84.2 90.6 83.4 86.1± 8.5
1.5𝑦𝑦

3 GT — 1.5𝑦𝑦
2 GT 2CH 4CH 6.5 7.1 8.0 5.1 7.7 6.9± 2.0 79.9 86.8 83.5 90.7 85.2 85.2± 5.9

1.5𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT 2CH SA 6.5 7.2 8.6 6.9 8.7 7.6± 2.6 79.3 86.5 83.9 88.6 82.9 84.2± 6.2
1.5𝑦𝑦

3 GT — 1.5𝑦𝑦
2 GT RND RND 7.2 8.4 9.6 8.0 6.9 8.0± 5.4 78.9 86.3 84.9 87.1 88.6 85.2± 7.0

1.5𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT >OPT< >OPT< 6.3 6.6 7.1 4.6 6.3 6.2± 2.0 80.7 87.8 86.3 91.0 88.9 86.9± 5.4

6.0𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT 2CH 4CH 6.3 7.3 10.3 5.1 7.6 7.3± 3.0 79.1 86.9 80.7 91.3 86.4 84.9± 6.7
6.0𝑦𝑦

3 GT — 1.5𝑦𝑦
2 GT >OPT< >OPT< 6.8 7.2 6.8 6.6 7.4 7.0± 1.8 78.7 85.7 87.3 88.7 87.2 85.5± 6.0

6.0𝑦𝑦
3 SG — N/A N/A N/A (5.3) (5.3) (5.5) (5.6) (5.8) (5.5 ± 0.3) (79.6) (91.5) (90.1) (85.5) (86.5) (86.6 ± 4.2)

6.0𝑦𝑦
3 SG — 1.5𝑦𝑦

2 SG 2CH 4CH 10.3 10.2 31.7 7.3 7.7 13.5±17.4 68.6 82.1 82.4 86.0 85.9 81.0± 8.0
6.0𝑦𝑦

3 SG — 1.5𝑦𝑦
2 SG >OPT< >OPT< 9.4 9.8 10.0 11.7 7.7 9.7± 3.0 69.9 81.8 84.0 76.4 87.4 79.9± 8.7
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Table 3.4: Multi-chamber shape reconstruction performances for the MRI-acquired cardiac data of the MMWHS dataset. The scenario’s
di!culty increases from the top to the bottom. Bold, colored values indicate the best values obtained within a scenario group of comparable
scout resolution and label map settings (ground-truth (GT) or automated segmentation (SG)). Views are indicated by their names, with RND
and OPT indicating random selection (mean out of six runs) and proposed optimization.

Clinically acquired MMWHS data HD95 in mm ∞ Dice in % ∈
Type of: scout — slices 1st view 2nd view MYO LV RV LA RA 𝑁 ± 𝛻 MYO LV RV LA RA 𝑁 ± 𝛻

1.5𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT p2CH p4CH 7.7 8.2 30.3 27.6 38.7 22.5±25.4 78.7 88.3 69.4 75.7 65.4 75.5±16.2
1.5𝑦𝑦

3 GT — 1.5𝑦𝑦
2 GT 2CH 4CH 6.8 8.2 19.5 8.9 27.1 14.1±10.2 81.8 88.7 77.2 86.5 74.9 81.8± 9.5

1.5𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT 2CH SA 7.8 10.2 16.5 13.8 31.6 16.0±10.0 79.9 87.7 77.0 79.7 61.3 77.1±12.1
1.5𝑦𝑦

3 GT — 1.5𝑦𝑦
2 GT RND RND 12.0 13.9 18.0 18.1 23.2 17.1±10.0 69.3 82.1 80.4 78.0 75.5 77.1± 9.2

1.5𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT >OPT< >OPT< 8.6 9.7 15.1 13.8 12.1 11.9± 3.9 79.7 87.8 79.8 81.1 85.0 82.7± 6.5

6.0𝑦𝑦
3 GT — 1.5𝑦𝑦

2 GT 2CH 4CH 7.5 8.1 18.9 11.0 22.7 13.6± 9.2 81.0 89.4 78.9 85.2 76.4 82.2± 8.6
6.0𝑦𝑦

3 GT — 1.5𝑦𝑦
2 GT >OPT< >OPT< 8.9 10.2 14.8 16.2 14.4 12.9± 7.2 77.1 86.1 81.0 81.3 81.1 81.3± 9.3

6.0𝑦𝑦
3 SG — N/A N/A N/A (10.8) (12.8) (16.3) (12.8) (13.0) (13.2 ± 11.5) (72.3) (87.6) (81.7) (80.0) (81.0) (80.5 ± 9.3)

6.0𝑦𝑦
3 SG — 1.5𝑦𝑦

2 SG 2CH 4CH 17.1 19.1 51.4 64.8 103.8 51.2±50.7 56.2 71.6 56.3 35.2 38.8 51.6±25.2
6.0𝑦𝑦

3 SG — 1.5𝑦𝑦
2 SG >OPT< >OPT< 35.0 32.7 39.9 53.9 51.6 42.6±23.4 43.8 69.0 56.5 39.6 61.3 54.0±19.6
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Epoch 0

Epoch 80

Fig. 3.7: Views of Fig. 3.6 depicted in 3D, where view planes of epoch 0 were reoriented to view planes
of epoch 80, as indicated by the arrows.

3.4 Discussion and Conclusion

We presented a novel approach to enhance the volumetric reconstruction of cardiac structures
from sparse slice acquisitions using joint view-plane location and orientation optimization to
overcome scan-time limitations for high-resolution 3D shape reconstructions. We tested our
approach on a synthetic, dynamic cine dataset (MRXCAT) and a static dataset (MMWHS) that
included significant shape variation caused by pathological deformations.

In the binary cardiac shape reconstruction experiment, our reconstruction model outperformed
two related methods with lower HD95 error in five of six scenarios and higher Dice performance
in four of six scenarios. Improving on the related methods, we then performed multi-chamber
reconstruction and joint optimization of the input views. In an extensive ablation study, we
showed that the joint optimization of slicing views could consistently reduce HD95 reconstruction
errors across all six of the ablation scenarios we performed (MRXCAT: −0.7 mm, −0.3 mm,
−3.8 mm, MMWHS: −2.2 mm, and −0.7 mm, −8.6 mm), whereas two scenarios demonstrated
a drop in Dice scores.

For the MRXCAT dataset, a promising low error rate of 9.7 mm HD95 was achieved for
multi-chamber reconstruction after view optimization, despite the fact that only a subset of
cardiac phases was seen during optimization. This indicates that the reconstruction model
learns a generalized shape representation. Visualizing the views of an entire test batch using the
heatmap overlay (Fig. 3.6 and Fig. 3.7), it is noticeable that views are reoriented consistently
to yield optimal reconstruction properties (also refer to Fig. 3.5). For the MMWHS dataset,
slice optimization reduced HD95 errors in all scenarios. A significant performance drop was
witnessed when slice segmentation was integrated into the pipeline. Here, the slice view
segmentation model limits the capability of reconstructing the 3D shape successfully. Pre-
training the segmentation model is challenging, as MMWHS data have a large shape-variability
and varying contrasts. Moreover, the segmentation model must generalize to arbitrarily oriented
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2D slice views that are not constrained to axial, coronal, and sagittal view planes. Training the
segmentation model on a larger dataset using the identified optimized slice orientations and
spatiotemporal data will certainly further enhance the model’s robustness.

We showed that five cardiac structures could be reconstructed with <13 mm HD95 and >80 %
Dice when reconstructing from only two optimized views regarding ground-truth label map
inputs. In future work, we plan to investigate the quantification of possible reconstruction errors
to assess the applicability of our method in clinical settings. Moreover, the reconstruction
from more than two image planes and the determination of the optimal tradeo" between the
reconstruction accuracy and the time needed to acquire the slices remains to be explored. The
proposed image plane optimization could furthermore be applied to other target tasks, such as
pathology classification. Summarizing our approach, we would like to motivate the medical
deep learning community to investigate the integration of (slicing) acquisition parameters into
their pipelines to improve computer-assisted analysis further.
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Chapter 4

Generalizing Augmentation-based Training
and Test-time Adaptation

In this second methodological chapter, a generalizing deep learning strategy is presented
that is driven by augmentation and a generalizing image descriptor. First, generalization
and adaptation strategies are set into contrast before describing the various datasets from
which several scenarios with extensive domain gaps in CT-toMRI cross-domain prediction are
constructed. Next, the self-supervised training strategy is explained along with the augmentation-
and descriptor-based input image modifications that span two branches for the self-supervision
loop. The results of the method are then compared to those of competing approaches, and the
performance of the method is shown for the compiled scenarios covering cardiac, abdominal,
and lumbar spine segmentation. The method was published in [Weihsbach et al., 2025]. Open
source code was released under:
https://github.com/multimodallearning/DG-TTA.

4.1 Introduction

Medical image analysis, particularly image segmentation, has made a significant leap forward in
recent years with deep learning. However, changes in data distribution introduced by di"erent
input modalities or devices can lead to errors in the performance of deep learning models [Karani
et al., 2018]. Since multiple imaging techniques are often required for disease identification,
treatment planning, and MRI devices especially o"er broad flexibility in adjusting acquisition
parameters, access to all of those di"erent domains is usually infeasible. Consequently, trained
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models may produce inaccurate results when encountering unseen, out-of-domain data at test
time [Pooch et al., 2020].

Supervised finetuning can be used as a workaround to adjust networks for the unseen domain.
Still, it would, in turn, require curating and labeling data again, which is often costly and
time-consuming. Frequently studied approaches to overcome this e"ort use domain translation
and unsupervised domain adaptation methods but require simultaneous access to both source
and target data [Varsavsky et al., 2020; Zhu et al., 2017]. Accessing the source and target data
jointly introduces a challenge since source data can be unavailable during model adaptation to
the target domain. Source-free domain adaptation circumvents those restrictions and requires
only target data during source-model adaptation. Here, some methods perform retraining on a
larger set of target images to adapt models [Chen et al., 2021a; Wen et al., 2023]. In practice, a
single out-of-domain data sample is often given for which we want to obtain optimal results
immediately. We target this setting in our study, facing the most challenging data constraints.
In this setting domain generalization techniques can be used to optimize the source model
performance for ‘any’ unseen out-of-distribution sample [Billot et al., 2023; Bucci et al., 2021;
He et al., 2022; Hoyer et al., 2023; Hu et al., 2022; Liu et al., 2023; Ouyang et al., 2022b; Tobin
et al., 2017; Xu et al., 2020; Zhou et al., 2021]. Domain-generalization is an ultimate goal to
achieve, but up to now, no universal solution that robustly works has been found. Test-time
adaptation (TTA), as a complementary approach, optimizes the source model performance only
for one or a limited number of samples [Bateson et al., 2020; He et al., 2020, 2021; Huang
et al., 2022; Karani et al., 2021; Liu et al., 2022a; Sun et al., 2020; Wang et al., 2020].

We argue that linking both approaches enables optimal separate use of source and target data
where domain generalization maximizes the base performance and TTA can further optimize
the result. Numerous methods to bridge domain gaps have already been developed, but often
require complex strategies and assumptions such as intertwined adaptation layers [He et al.,
2020, 2021], indirect supervision tasks [Huang et al., 2022; Li et al., 2022b], prior knowledge
about label distributions [Bateson et al., 2020], assumptions on the distinctiveness of domains
[Varsavsky et al., 2020] or many consecutive steps [Zeng et al., 2024].

We propose to employ DG-TTA, a minimally invasive and compact approach that uses a
powerful augmentation-descriptor scheme during domain-generalized pre-training and TTA for
high-performance medical image segmentation in unseen domains under large domain gaps.

4.2 Methods and Materials

4.2.1 Study design and patients

We included data from five publicly available datasets in this retrospective study (see Table 4.1
and Fig. 4.1). All patients included in the dataset studies have thus been previously reported
[Burian et al., 2019; Ji et al., 2022; Landman et al., 2015; Wasserthal et al., 2023; Zhuang
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et al., 2019]. Those prior studies dealt with data collection and the development of individual
segmentation methods whereas we target to develop a universal method for segmentation in
this study. Throughout the next paragraphs, we use abbreviated names of the BTCV, AMOS,
TotalSegmentator (TS), MyoSegmenTUM spine (SPINE), and MMWHS datasets. From the
mentioned datasets cross-domain prediction settings are compiled, all targeting the di!cult
domain gap of CT source to MR target prediction (CT > MR). Data partition was performed
randomly and kept throughout all evaluated methods for fair comparison.

4.2.2 Datasets

4.2.2.1 BTCV: Multi-Atlas Labeling Beyond the Cranial Vault

The dataset [Landman et al., 2015] contains 30 labeled abdominal CT scans of a colorectal
cancer chemotherapy trial with 14 organs: Spleen (SPL), right kidney (RKN), left kidney
(LKN), gallbladder (GAL), esophagus (ESO), liver (LIV), stomach (STO), aorta (AOR),
inferior vena cava (IVC), portal vein and splenic vein (PSV), pancreas (PAN), right adrenal
gland (RAG) and left adrenal gland (LAG). Data dimensions reach from 512↘512↘85 vox to
512↘512↘198 vox and fields of view from 280↘280↘280 mm3 to 500↘500↘650 mm3. We
split the dataset into a 20/10 training/test set for our experiments and used a subset of ten classes
that are uniformly labeled in all scans2.

4.2.2.2 AMOS: A Large-Scale Abdominal Multi-Organ Benchmark for Versatile Medical
Image Segmentation

The AMOS dataset [Ji et al., 2022] consists of CT and MRI scans from eight scanners with
a similar field of view as the BTCV dataset of patients with structural abnormalities in the
abdominal region (tumors, etc.). Unlike the BTCV dataset’s organs, AMOS has additional
segmentation labels for the duodenum, bladder, and prostate/uterus but not for the PSV class.

4.2.2.3 MMWHS: Multi-Modality Whole Heart Segmentation

This dataset [Zhuang et al., 2019] contains CT and MR images of seven cardiac structures:
Left ventricle, right ventricle, left atrium, right atrium, the myocardium of left ventricle,
ascending aorta, and pulmonary artery. The CT data resolution is 0.78↘0.78↘0.78 mm3/vox.
The cardiac MRI data was obtained from two sites with a 1.5 T scanner and reconstructed to
obtain resolutions from 0.80↘0.80↘1.00 mm3/vox down to 1.00↘1.00↘1.60 mm3/vox.

2Classes AOR, PSV, RAG, and LAG were omitted.
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Table 4.1: Characteristics of the publicly available datasets used in this study [Burian et al., 2019; Ji
et al., 2022; Landman et al., 2015; Wasserthal et al., 2023; Zhuang et al., 2019].

Dataset BTCV AMOS Total Segmentator
Training dataset

MyoSegmenTUM
spine

MMWHS

Variable
Date range △ 2015 2022 2012 — 2020 △ 2018 △ 2017
Modalities CT CT/MR CT MR CT/MR
CT scans 50 500 1204 0 60
MRI scans 0 100 0 54 60
Patients 50 600 1204 54 60
Sites N/A 1 8 1 3
Scanners N/A 8 16 1 4
Sex
Male N/A 314 ∋700 15 N/A
Female N/A 186 ∋500 39 N/A
Not reported 50 0 N/A 0 N/A

Age (y)
Min N/A 22 18 21 N/A
Max N/A 85 100 78 N/A
Median N/A 50 ∋70 40 N/A
Mean N/A 48.7 ∋70.0 51.6 N/A
Labeled structures Spleen, right kidney, left

kidney, gallbladder,
esophagus, liver, stomach,
aorta, inferior vena cava,
portal vein and splenic
vein, pancreas, right

adrenal gland, left adrenal
gland

Spleen, right kidney, left
kidney gallbladder,

esophagus, liver, stomach,
aorta, inferior vena cava,
pancreas, right adrenal

gland, left adrenal gland,
duodenum, bladder,

prostate / uterus

Cardiac, abdominal organ
and lumbar spine labels (a
subset of the 27 organs, 59

bones, 10 muscles, and
eight vessels labeled)

Vertebral bodies L1 to L5 Myocardium of left
ventricle, left ventricle,

right ventricle, left atrium,
right atrium, aortic trunk,
pulmonary artery trunk

Key clinical charac-
teristics

Patients were randomly
selected from a

combination of an
ongoing colorectal cancer
chemotherapy trial, and a

retrospective ventral
hernia study

Patients were be
diagnosed with abdominal
tumors and abnormalities

Patients with no signs of
abnormality (404),

patients with di"erent
types of abnormality

(645), including tumor,
vascular, trauma,

inflammation, bleeding,
and other

Healthy volunteers Patients with pathologies
involving cardiac diseases,

myocardium infarction,
atrial fibrillation, tricuspid
regurgitation, aortic valve

stenosis, Alagille
syndrome, Williams
syndrome, dilated

cardiomyopathy, aortic
coarctation and Tetralogy

of Fallot.
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4.2.2.4 SPINE: MyoSegmenTUM spine

This MRI dataset [Burian et al., 2019] contains water, fat, and proton density-weighted
lumbal spine scans with manually labeled vertebral bodies L1 — L5. The field of view is
220↘220↘80 mm3 with a resolution of 1.8↘1.8↘4.0 mm3/vox.

4.2.2.5 TS: TotalSegmentator, 104 labels

The large-scale TS dataset contains CT images of 1204 subjects with 104 annotated classes.
The annotations were created semi-automated, where a clinician checked every annotation. The
data was acquired across eight sites on 16 scanners with varying slice thickness and resolution
[Wasserthal et al., 2023]. Di"ering from the SPINE dataset, the vertebral bodies and the
spinous processes are included in the class labels of this dataset. Model predictions were
corrected accordingly in a postprocessing step to obtain reasonable results for evaluation (see
next paragraph).

4.2.2.6 Pre-/postprocessing

We resampled all datasets to a uniform voxel size of 1.50↘1.50↘1.50 mm3/vox. For the SPINE
task, we cropped the TS ground truth to omit the spinous processes with a mask dilated five
voxels around the proposed prediction in the TS > SPINE out-of-domain prediction setting to
provide comparable annotations.

4.2.3 Related work

Domain generalization One way to improve model generalization is to increase the data
manifold by augmentation. Augmentations can comprise simple intensity-based modifications
such as the application of random noise, partial corruption of image areas [He et al., 2022;
Hoyer et al., 2023], randomly initialized weights [Ouyang et al., 2022b; Xu et al., 2020] or
di"erentiable augmentation schemes [Hu et al., 2022]. Generalization by domain randomization
[Tobin et al., 2017] leverages a complete virtual simulation of input data to provide broadly
varying data [Billot et al., 2023]. Using specialized self-supervised training routines has also
proven to e"ectively improve model generalization [Bucci et al., 2021; Zhou et al., 2021].

Test-time adaptation Test-time adaptation (TTA) is performed in the target data domain and
can be limited to a single target sample without access to source data. Tent is an often cited
approach and adapts batch normalization layers of the network by minimizing the prediction
entropy [Wang et al., 2020]. Other works successfully introduced auxiliary tasks [Karani
et al., 2021] or priors to steer the adaptation like AdaMI [Bateson et al., 2020]. RSA uses
edge-guided di"usion models to translate images from the source to the target domain and
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selects the best-synthesized edge-image candidate by the consistency of predictions [Zeng et al.,
2024]. Autoencoders capturing the feature statistics can reduce implausible target segmentation
output like TTA-RMI [Karani et al., 2021] or [He et al., 2020, 2021]. Approaches nearest to
our proposed method use consistency-self-supervision schemes in combination with sample
augmentation but introduce further model complexity with Mean teacher or domain adversarial
additions [Perone et al., 2019; Varsavsky et al., 2020]. Many of the mentioned methods employ
2D models for image segmentation due to the memory requirements of the pipeline elements.

4.2.4 Proposed method

We seek to harness compact and e"ective domain-generalizing augmentation, as well as
self-supervision during test-time adaptation for 3D segmentation models to achieve optimal
cross-domain performance. As shown in Fig. 4.2 our method consists of two steps: Domain-
generalized pre-training of the segmentation network involves using domain-generalizing
techniques on the source image input (see next paragraph). Later, our TTA strategy is employed
on individual target domain samples and does not require access to the source data. Both steps
are integrated into the state-of-the-art nnUNet segmentation framework [Isensee et al., 2021].

4.2.5 Domain-generalized pre-training on source data

Pre-training is performed on the labeled source training dataset 𝑢𝑑𝑀𝑅𝐿𝑇 = {xs, ys}𝑊
𝑒=1, 𝛼 ≃ N,

where xs and ys can also be patches. Recently, global intensity non-linear augmentation GIN
[Ouyang et al., 2022b] was introduced to improve model generalization. In GIN, a shallow
convolutional network 𝑟 is re-initialized at each iteration by random parameters 𝛽 and used to
augment the input x. The augmented image is then blended with the original image weighted
by 𝑘:

GIN(x) = 𝑘 𝑟𝑝 (x) + (1 → 𝑘) x (4.1)

We propose combining GIN augmentation with self-similarity context (SSC) descriptors
[Heinrich et al., 2013]. The approaches can be considered orthogonal, where GIN augmentation
increases the input data manifold and SSC features were designed to yield one robust generalized
description. Our intuition is that GIN-augmented features e"ectively enrich the SSC descriptor
space and thus provide the network with meaningful input to generalize better.

SSC(x, p, d) = exp

(
→𝛩𝛩𝑢 (x, p, d)

𝛻
2
N

)
, p, d ≃ N , see [Heinrich et al., 2013] (4.2)

The generalizing SSC descriptor aggregates distance measures of the neighborhood around an
image patch neglecting the image patch itself. For a given input image x, smaller patches at
location p are extracted and their feature distance to neighboring patches at a spatial distance d
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TotalSegmentator
(abdominal, cardiac, spine labels)

AMOS
(abdominal labels)

BTCV
(abdominal labels)

MyoSegmentTUM
spine (spine labels)

MMWHS
(cardiac labels)

60 CT scans 60 MR scans54 MR scans1204 CT scans500 CT scans 100 MR scans50 CT scans
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TS > MMWHS MR

TS > SPINETS > AMOS

BTCV > AMOS

MMWHS CT > MR

Fig. 4.1: Study flowchart. Data from five publicly available datasets was included and combined to
define several out-of-domain CT > MR prediction scenarios (their combination is indicated by the red
arrows)[Burian et al., 2019; Ji et al., 2022; Landman et al., 2015; Wasserthal et al., 2023; Zhuang et al.,
2019]. We randomly extracted subsamples for a source and target data ratio of at least 2:1. For the
MMWHS dataset, we split the training and test data to include individual patients only (no paired data
across training and testing).
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Branch A
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1. Domain generalizing pre-training

2. Test-time adaptation through augmentation and self-supervision
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SSC descriptorGIN augmentation

+ apply descriptor

Fig. 4.2: Our proposed method consists of two steps that should be combined to reach optimal
performance but can generally be used independently. Both steps rely on input feature modification to
improve model generalization during training and enable unsupervised model adaptation at test time.
Left: Model pre-training with source domain data. We propose to use GIN augmentation [Ouyang et al.,
2022b] and the SSC descriptor [Heinrich et al., 2013] in this step. Right: TTA is applied in the target
data domain. Two di"erent augmented versions of the same input are passed through the pre-trained
segmentation network. The network weights are then optimized, supervising the predictions with a Dice
loss and steering the network to produce consistent predictions. After inverse spatial transformations,
consistency masking is applied to filter non-matching regions.
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is evaluated. This di"erence is weighted by a local variance estimate 𝛻N [Heinrich et al., 2013].
The neighborhood pattern N diagonally connects adjacent patches p of the 6-neighborhood
around the center patch resulting in a mapping of R1↘ |ϑ | ⇒ R12↘ |ϑ | for voxel space ϑ. For
our experiments, we use a patch size and patch distance of 1 vox.

4.2.6 Target domain TTA

Our test-time adaptation method can now be applied to pre-trained models. For any given
pre-trained model 𝑏𝑜 on the training dataset 𝑢𝑑𝑀𝑅𝐿𝑇, we want to adjust the weights optimally
to a single unseen sample of the target test set 𝑢𝑑𝑙𝑒𝑑 = {xt} during TTA. Instead of adding
complex architectures, we propose to use two augmentation functions, 𝑞 and 𝑉, to obtain
di"erently augmented images. The core idea of the method is to optimize the network to produce
consistent predictions given two di"erently augmented inputs, where 𝛩

𝑞/𝑟 each denotes spatial
augmentation:

xA,t = 𝑞(xt), 𝑞 = 𝛩𝑞 𝑞 : R |ϑ | ⇒ R |ϑ | (4.3)

xB,t = 𝑉(xt), 𝑉 = 𝛩𝑟 𝑉 : R |ϑ | ⇒ R |ϑ | (4.4)

Both augmented images are passed through the pre-trained network 𝑏𝑜 :

ŷA/B,t = 𝑏𝑜 (xA/B,t) (4.5)

Before calculating the consistency loss, both predictions ŷA/B,t need to be mapped back to the
initial spatial orientation for voxel-wise compatibility by applying the inverse transformation
operation 𝛩

→1
𝑞/𝑟. In addition, a consistency masking 𝑦𝑠 (·) is applied to filter inversion artifacts

with 𝛾 indicating voxels that were introduced at the image borders during the inverse spatial
transformation but are unrelated to the original image content:

𝑦𝑠 (ŷA,t, ŷB,t) =

ŷA,t ϖ 𝛾


▽

ŷB,t ϖ 𝛾


(4.6)

𝑞
→1 = 𝑦𝑠 ↓ 𝛩→1

𝑞
(4.7)

𝑉
→1 = 𝑦𝑠 ↓ 𝛩→1

𝑟
(4.8)

We steer the network to produce consistent outputs by comparing them after inversion and
masking:

L𝑘𝑘𝑞 = 𝛹(ŷA,t, ŷB,t) = 𝛹


𝑞
→1 ↓ 𝑏𝑜

(
xA,t

)
, 𝑉

→1 ↓ 𝑏𝑜

(
xB,t

) 
(4.9)
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Fig. 4.3: Dice loss landscapes given scalar probability values 𝑍̂𝑞 and 𝑍̂𝑟 for di"erent exponents 𝑡 = [1, 2]
in Eq. 3.11. 𝑡 = 2 yields zero loss along the diagonal, which is favorable for consistency.

As loss function 𝛹, we choose a Dice loss with predictions ŷA and ŷB given as class probabilities
for all voxels in ϑ, where 𝑅 is a small constant ensuring numerical stability, where |B| and |C|
indicate the batch and channel size:

𝛹(ŷA,t, ŷB,t) = 1 → 1
|B| |C|

B,C∑ ∑ϑ
𝑡

2 · 𝑍̂𝑞,𝑑 ,𝑡 · 𝑍̂𝑟,𝑑 ,𝑡 + 𝑅∑ϑ
𝑡
𝑍̂
𝑢

𝑞,𝑑 ,𝑡
+ 𝑍̂

𝑢

𝑟,𝑑 ,𝑡
+ 𝑅

, 𝑋 ≃ ϑ (4.10)

Selecting 𝑡 = 2 ensures consistency in the Dice loss landscape instead of 𝑡 = 1, which forces
the network to additionally maximize the confidence of the prediction (see Fig. 4.3). For spatial
augmentation, we use a!ne image distortions on image/patch coordinates which we found to
be su!cient during our experiments.

4.2.6.1 Optimization strategy

During TTA, only the classes 𝛥 of interest are optimized for consistency3. To increase the
robustness of predicted labels, we use an ensemble of three TTA models in the final inference
routine of the nnUNet framework [Isensee et al., 2021]. The AdamW optimizer was used with a
learning rate of 𝑔 = 1𝑅→5, weight decay 𝑃 = 0.01, and no scheduling. We empirically selected
a count of 𝑤𝑒 = 12 optimization steps throughout all of our experiments. Special caution has
to be taken when applying test-time adaptation to models that require patch-based input. Since
patch-based inference limits the field of view, the optimizer will adapt the model weights and
overfit for consistency of the specific image region. Therefore, we accumulate gradients of
𝑤𝑏 = 16 randomly drawn patches during one optimization step.

3The “classes of interest” are an arbitrary choice depending on the adaptation use case.
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4.2.7 Statistical methods

In the following sections, segmentation quality is evaluated using the Dice score overlap metric
(Dice) and the 95th percentile of the Hausdor" distance (HD95). The significance of TTA
improvements is determined with the one-sided Wilcoxon Signed Rank test [Wilcoxon, 1992],
significance levels denoted as *p<0.05, **p<0.01 and ***p<0.001 (software used: python 3.11,
scipy 1.14.1).

4.3 Experiments and Results

4.3.1 Experiment I: Abdominal CT/MR cross-domain segmentation

In this experiment, we evaluate the performance of multiple base models and adapted models
in an abdominal segmentation scenario. All base models were trained on source CT data
(indicated by BS in the figures and tables). NNUNET denotes the standard model of the nnUNet
pipeline [Isensee et al., 2021] without specialized domain generalization capabilities. NNUNET
BN denotes a nnUNet model with batch normalization layers. GIN, SSC and GIN+SSC base
models were pre-trained with the domain generalizing techniques described in Sec. 4.2.5.
For comparison, we report the results of four related cross-domain methods as mentioned in
Sec. 4.2.3 — Tent, TTA-RMI, RSA and AdaMI [Bateson et al., 2020; Karani et al., 2021; Wang
et al., 2020; Zeng et al., 2024]. Tent and AdaMI only need small changes to the pipeline (loss
and layers) and we integrated them into the nnUNet pipeline. For the evaluation of TTA-RMI
and RSA, we integrated the scenario data into the methods’ pipelines. For AdaMI, a class
ratio prior needs to be provided, which we estimated by averaging class voxel counts of the
training dataset while we consider the same image field of view for the patch-based input. In
addition to the base models’ performances, we report the adapted models’ performance after
TTA (denoted by plus adaptation (+A)) and the significance of improvements compared to the
NNUNET BS base model (reference). In the case of the batch normalization model NNUNET
BN, we additionally evaluated adapting only the normalization layer parameters (+A-nor) or
only the encoder (+A-enc). In all other experiments, all model parameters were adapted.

Results can be compared via the boxplots in Fig. 4.4 or Table 4.2 where Dice similarity is
presented. Table 4.3 presents Hausdor" distance results. For reference, we report the in-domain
target data performance when training the NNUNET model on the target domain (no test data
was included in target training).

The NNUNET base model achieves a mean Dice value of 32.0 % when predicting across
domains. This is a drop of −52.6 % compared to the NNUNET model when trained in the
target data domain (reference model). Tent can outperform the reference model by +17.6 %
Dice with significant improvements. Applying TTA-RMI outperforms the reference model
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Fig. 4.4: Base (BS) and adapted model (+A) performance of several methods bridging a CT > MR
domain gap in abdominal organ segmentation. Ordinate shows Dice scores in %. Median (—) and mean
(+) are indicated for boxes. The significance of improvement over the source NNUNET BS base model
is shown above boxes (*p<0.05; **p<0.01; ***p<0.001). The right part of the figure shows a zoomed-in
view of the three rightmost, proposed methods.

Table 4.2: Base (BS) and adapted model (+A) performance given in Dice similarity % of several methods
bridging a CT > MR domain gap in abdominal organ segmentation. In the case of the batch normalization
model NNUNET BN, we evaluated adapting only the normalization layer parameters (+A-nor) or the
encoder (+A-enc) additionally to evaluate the adaptation of all parameters. Higher Dice values indicate
better performance. Mean column corresponds to values in Fig. 4.4. Class names abbreviated: Spleen
(SPL), right/left kidney (RKN/LKN), gallbladder (GAL), esophagus (ESO), liver (LIV), stomach (STO),
aorta (AOR), inferior vena cava (IVC), and pancreas (PAN). The colors correspond to the label colors in
Fig. 4.6. Performance gains refer to the NNUNET BS model.

Method Stage SPL RKN LKN GAL ESO LIV STO AOR IVC PAN Dice 𝜴 ± 𝜶 Gain

NNUNET BS Reference 40.2 21.9 15.9 24.9 22.9 76.0 34.3 26.4 21.8 35.3 32.0±16.3
+A ours 76.0 70.0 74.4 42.5 42.0 79.8 52.0 65.2 46.7 60.8 60.9±13.6 +28.9

Tent BS 0.0 0.0 0.0 0.0 0.3 43.7 0.0 2.3 0.5 1.5 4.8±13.0 −27.2
+A 68.7 68.4 80.3 30.2 25.3 50.3 52.4 47.0 30.3 43.0 49.6±17.5 +17.6

TTA-RMI BS 3.2 10.8 23.3 3.3 11.6 38.9 15.2 3.1 8.7 11.2 12.9±10.5 −19.1
+A 65.8 48.0 55.7 9.3 25.1 66.7 37.0 36.0 25.6 28.5 39.8±17.9 +7.8

RSA BS 5.5 4.5 4.3 0.0 0.0 4.4 7.3 1.2 0.0 0.3 2.7± 2.6 −29.2
+A 12.5 14.1 18.6 0.9 2.4 24.5 5.3 10.0 15.8 2.9 10.7± 7.4 −21.3

AdaMI BS 40.2 21.9 15.9 24.9 22.9 76.0 34.3 26.4 21.8 35.3 32.0±16.3
+A 75.0 77.7 83.1 37.1 37.9 83.8 56.5 68.1 48.2 61.1 62.8±16.7 +30.9

NNUNET BN

BS 0.0 0.0 0.0 0.0 0.3 43.7 0.0 2.3 0.5 1.5 4.8±13.0 −27.2
+A-nor ours 62.8 79.2 80.1 32.8 26.5 74.0 67.6 52.5 34.5 56.3 56.6±18.7 +24.6
+A-enc ours 80.1 87.1 88.4 34.6 30.9 83.1 73.9 68.8 43.8 64.8 65.5±20.5 +33.6
+A ours 81.6 87.2 89.2 40.1 35.9 84.7 73.4 75.1 54.1 66.8 68.8±18.3 +36.8

GIN BS 81.9 90.4 91.9 63.7 47.8 92.7 73.2 80.9 72.1 68.1 76.3±13.5 +44.3
+A ours 81.6 90.5 92.1 72.3 48.9 93.3 74.7 79.2 70.9 70.6 77.4±12.6 +45.4

SSC BS ours 83.6 92.9 93.0 60.5 39.1 93.1 74.6 81.1 69.5 73.2 76.1±16.1 +44.1
+A ours 83.4 91.2 92.9 68.1 48.6 91.4 74.4 83.3 71.3 72.2 77.7±13.0 +45.7

GIN+SSC BS ours 83.0 93.3 93.3 65.9 50.3 94.1 76.5 83.9 73.7 71.9 78.6±13.3 +46.6
+A ours 82.2 92.7 92.7 68.4 47.1 93.4 74.5 84.8 73.5 72.5 78.2±13.6 +46.2

(NNUNET) (Target training) 86.5 94.6 95.0 70.9 59.9 97.3 81.4 91.2 85.4 83.2 84.5±11.1 +52.6
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Table 4.3: Base (BS) and adapted model (+A) performance given in the 95th percentile of the Hausdor"
distance in mm (HD95) of several methods bridging a CT > MR domain gap in abdominal organ
segmentation. Smaller distances indicate better performance. Class names abbreviated: Spleen (SPL),
right/left kidney (RKN/LKN), gallbladder (GAL), esophagus (ESO), liver (LIV), stomach (STO), aorta
(AOR), inferior vena cava (IVC), and pancreas (PAN). The colors correspond to the label colors in
Fig. 4.6. Distance reduction refers to the NNUNET BS model (the more negative, the better).

Method Stage SPL RKN LKN GAL ESO LIV STO AOR IVC PAN HD95 𝜴 ± 𝜶 Reduction

NNUNET BS Reference 96.2 60.2 105.0 66.0 68.8 151.3 181.1 127.7 115.2 72.6 104.4±38.1
+A ours 70.9 36.5 58.2 93.8 51.5 158.1 191.4 126.3 116.5 72.8 97.6±47.3 −6.8

Tent BS — 90.1 102.7 32.7 141.5 46.0 93.5 182.5 123.0 76.3 98.7±43.7 −5.7
+A 186.7 215.1 181.7 130.9 180.3 239.3 228.3 171.4 162.8 182.9 187.9±30.5 +83.5

TTA-RMI BS 105.9 101.0 92.6 69.4 149.9 114.3 163.3 101.9 109.6 96.8 110.5±26.0 +6.1
+A 67.9 47.6 84.8 65.9 122.0 93.5 103.4 99.7 112.9 76.9 87.4±22.0 −17.0

RSA BS 116.8 88.9 60.2 77.7 129.7 206.9 115.7 146.1 154.1 101.3 119.7±40.2 +15.3
+A 80.2 119.9 102.8 97.7 116.1 83.9 100.2 43.4 36.6 86.6 86.7±26.4 −17.7

AdaMI BS 96.2 60.2 105.0 66.0 68.8 151.3 181.1 127.7 115.2 72.6 104.4±38.1
+A 39.3 46.1 44.7 85.5 40.9 174.4 196.1 106.2 97.1 56.2 88.7±53.7 −15.8

NNUNET BN

BS — 90.1 102.7 32.7 141.5 46.0 93.5 182.5 123.0 76.3 98.7±43.7 −5.7
+A-nor ours 50.9 26.5 37.7 52.4 71.2 180.7 87.9 110.5 50.3 35.2 70.3±44.1 −34.1
+A-enc ours 27.4 11.8 9.6 43.5 68.5 157.5 56.4 57.7 37.3 17.4 48.7±41.1 −55.7
+A ours 38.1 54.0 42.6 50.4 33.0 134.6 70.2 82.9 31.6 20.2 55.8±31.7 −48.6

GIN BS 9.5 4.8 4.5 10.5 43.2 59.8 30.1 52.9 35.8 28.0 27.9±19.1 −76.5
+A ours 18.1 9.8 4.7 8.5 50.6 57.9 47.4 77.7 33.0 63.1 37.1±24.6 −67.3

SSC BS ours 19.5 3.7 4.3 9.5 19.0 20.5 26.5 55.3 38.3 37.5 23.4±15.6 −81.0
+A ours 33.9 54.8 4.1 7.9 41.8 43.7 41.4 48.5 41.4 22.3 34.0±16.2 −70.4

GIN+SSC BS ours 24.5 3.5 3.9 8.5 10.7 21.4 20.0 55.7 19.6 11.5 17.9±14.4 −86.5
+A ours 42.3 3.8 4.1 7.5 11.2 23.8 23.7 27.5 17.4 10.9 17.2±11.6 −87.2

(NNUNET) (Target training) 2.9 6.2 7.7 6.2 7.0 18.8 19.2 6.3 5.3 8.4 8.8± 5.3 −95.6

64



Chapter $ Generalizing Augmentation-based Training and Test-time Adaptation

by +7.8 % Dice. With RSA we experience a decrease to 10.7 % Dice. AdaMI performs best
among the comparison methods with a mean Dice value of 62.8 % after adaptation.

Generalizing pre-trained models achieve 76.3 %, 76.1 %, 78.6 % Dice when predicting across
domains (GIN, SSC, GIN+SSC). Subsequent adaptation gains +1.1 %, +1.6 %, −0.4 % Dice.
The highest mean performance is reached by the GIN+SSC pre-trained model (78.6 %) whereas
its adaptation results in a slight performance decrease (−0.4 %). HD95 distance can be reduced
to a lowest of 17.2 mm after adaptation of the GIN+SSC model. Using our TTA scheme, the
performance of non-generalizing pre-trained models improves significantly. The highest model
internal improvement is reached for the NNUNET BN model when all model parameters are
adapted during TTA (+64.0 % Dice and −42.9 mm HD95). Adapting partial layers of the
model results in lower gains. The Hausdor" distance measurements (HD95) in Table 4.3 reflect
the Dice score changes in most cases. For Tent an increase of mean HD95 distance is measured
whereas Dice performance increased. This can be explained by falsely predicted pixels, that
appeared at the outside regions of the image far away from the organs’ centers.

4.3.2 Experiment II: Multi-scenario CT/MR cross-domain segmentation with
DG-TTA

Building upon Experiment I, we show the e!cacy of our method leveraging the TS dataset 600
training samples as a strong basis in three segmentation tasks (all CT > MR): Abdominal organ-,
lumbar spine- and whole-heart segmentation (TS > SPINE, TS > AMOS, TS > MMWHS MR).
Opposed to the large TS dataset, we present results for the whole-heart segmentation task using
only as few as 12 CT samples in model pre-training (MMWHS CT > MR).

Abdominal prediction across domains using the TS > AMOS datasets resulted in 64.1 %,
68.4 %, 81.4 %, 79.0 %, and 79.6 % Dice similarity after adaptation of the models (see
Fig. 4.5). All adapted and generalized pre-trained models significantly increase the base model’s
performance. Compared to the more limited BTCV training dataset tested in experiment I
(GIN+SSC+A, 78.6 %Dice), training on the TS dataset led to better top results (GIN+A, 81.4 %
Dice). The best mean Dice score for lumbar spine segmentation was reached by the GIN+SSC
adapted model (73.7 % Dice). In the cardiac segmentation scenario rich- and low-sample
training datasets were compared. For cross-domain prediction with the rich-sample pre-trained
TS model a best mean Dice of 82.6 % was reached with GIN augmentation. For the low-sample
training MMWHS dataset, GIN+SSC+A reached the highest mean Dice of 71.5 %. Visual
results of the mentioned scenarios are depicted in Fig. 4.6.

Table 4.4 summarizes the mean Dice and HD95 scores of all scenarios for GIN, SSC and
GIN+SSC methods along with their ranked scores. We found GIN+SSC+A to perform best
across all scenarios reaching a score rank of 1.9 outperforming SSC+A and GIN+A (ranks 3.3
and 3.5).
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Fig. 4.5: Base (BS) and adapted (+A) model performance given in Dice similarity % for several
cross-domain prediction scenarios. Top row and bottom left: TS pre-trained models. Bottom right:
MMWHS CT pre-trained models with only 12 training samples. Ordinate shows Dice scores in %.
Median (—) and mean (+) are indicated for boxes. The significance of improvement over the source
NNUNET BS base model is shown above boxes (*p<0.05; **p<0.01; ***p<0.001).

Fig. 4.6: Visual results correspond to statistics of Fig. 4.4 and 4.5. The rows show source and target
datasets used; columns indicate the base (BS) or adapted (+A) models’ prediction. Ground truth is
given in the leftmost column. Positively predicted voxels are shown in colors. The erroneous area of
predictions is marked with contours. The class colors for the abdominal task can be found in Table 4.2.
Whole-heart class labels comprise the right ventricle , right atrium , left ventricle , left atrium ,
and myocardium . Best viewed digitally.
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Table 4.4: Mean base (BS) and adapted (+A) model performance for GIN, SSC and GIN+SSC methods
summarized for all evaluated scenarios. Performance given in Dice in % and the 95th percentile of the
Hausdor" distance (HD95) in mm. Rank of the scores per group is given in brackets. The combined
score rank is given in the last column of the lower table group (mean of ranks across all scores per
method).

Method Stage TS > AMOS
Dice

TS > AMOS
HD95

TS > SPINE
Dice

TS >SPINE
HD95

TS > MMWHS MR
Dice

TS > MMWHS MR
HD95

NNUNET BS Reference 51.4 68.2 0.8 59.2 67.6 34.8

GIN BS 81.2 (2) 11.8 (1) 73.2 (2) 11.7 (3) 81.4 (5) 11.1 (6)
+A ours 81.4 (1) 14.2 (3) 72.8 (3) 9.7 (2) 82.6 (1) 10.2 (5)

SSC BS ours 77.7 (5) 16.7 (5) 35.6 (6) 22.8 (6) 81.3 (6) 8.9 (2)
+A ours 79.0 (4) 22.6 (6) 69.1 (4) 13.3 (4) 82.0 (2) 8.5 (1)

GIN+SSC BS ours 75.7 (6) 14.8 (4) 57.9 (5) 15.3 (5) 81.8 (4) 10.1 (4)
+A ours 79.6 (3) 12.1 (2) 73.7 (1) 9.4 (1) 81.8 (4) 9.4 (3)

Method Stage BTCV > AMOS
Dice

BTCV > AMOS
HD95

MMWHS CT > MR
Dice

MMWHS CT > MR
HD95

C!"#$%&’
()!*& *+%,

NNUNET BS Reference 32.0 104.4 15.8 147.8

GIN BS 76.3 (5) 27.9 (4) 36.8 (6) 85.6 (6) 4.0
+A ours 77.4 (4) 37.1 (6) 49.7 (5) 77.5 (5) 3.5

SSC BS ours 76.1 (6) 23.4 (3) 58.8 (4) 53.0 (4) 4.7
+A ours 77.7 (3) 34.0 (5) 70.5 (2) 25.4 (2) 3.3

GIN+SSC BS ours 78.6 (1) 17.9 (2) 59.9 (3) 47.9 (3) 3.7
+A ours 78.2 (2) 17.2 (1) 71.5 (1) 17.8 (1) 1.9
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(a) Gains in Dice score on a
non-domain-generalized pre-
trained NNUNET model.

(b) Gains in Dice score on
a domain-gerneralized pre-
trained GIN model.

(c) Combined rank for configura-
tions of subfigure a) and b). The
best rank is highlighted.

Fig. 4.7: Comparison of di"erent configurations of the proposed TTA method for out-of-domain
abdominal segmentation task BTCV > AMOS. Gradient flow, intensity augmentation and spatial
augmentation were varied for branches A and B (x/y axes). Higher Dice values appear darker, lower
values appear lighter. A, B, and AB indicate using a block in one specific or both branches (e.g. that
gradient flow was enabled in branch A, upper half of configurations). The / sign indicates that a block
was not used in any branch.

4.3.3 Experiment III: TTA ablation experiments

In this ablation experiment, the best configuration of our TTA scheme is evaluated using
combinations of the individual TTA pipeline blocks: Intensity augmentation, spatial augmen-
tation, and gradient backpropagation of the self-supervised consistency Dice loss in the two
branches A and B (see Fig. 4.7). Disabling or enabling the blocks of our pipeline resulted in 56
combinations. We selected one conventionally pre-trained base model (NNUNET BS) and one
generalized pre-trained base model (GIN BS) to find an optimal configuration of our method in
the abdominal segmentation task BTCV > AMOS.

Varying blocks for NNUNET model results in up to +30.1 % gains in Dice score. For the
GIN model, +1.6 % is the maximum gain in Dice score as this model is already generalizing
well. TTA benefits from both, intensity and spatial augmentation but no clear trend can be seen
to reject specific configurations entirely (apart from applying no augmentation at all which
always yields consistent outputs for branches). Combining the ranks of the Dice gains of
both models (Fig. 4.7a and Fig. 4.7b) we found using gradients and backpropagation only in
branch A, no intensity augmentation and a!ne spatial augmentation in branches A and B to be
an optimal trade-o" between conventionally pre-trained and domain generalized pre-trained
models (see Fig. 4.7c).
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4.4 Discussion and Conclusion

In this study, we examined the use of generalizing augmentation combined with a generalizing
feature descriptor for cross-domain medical image segmentation. We showed that the GIN+SSC
augmentation-descriptor combination is highly e"ective, especially with limited data samples
in pre-training in our two-step approach.

If the domain-generalized pre-training does not result in su!cient target domain performance,
our test-time adaptation scheme recovers weakly performing networks. This is crucial as it
is impossible to know the target domain properties a priori. Significant gains were achieved
in all scenarios with the GIN+SSC combination especially in the cardiac MMWHS CT > MR
scenario where we report improvements from +21.8 % Dice for GIN+SSC over using GIN-only
augmentation. The presented results are consistent across five challenging CT > MR out-of-
domain prediction scenarios spanning abdominal, cardiac, and spine segmentation with small-
and large-scale datasets from 12 to 600 training samples. Crucially, our approach can address
many performant public segmentation models that have been trained on large private and
unshareable datasets without the need to control their training regime for domain generalization
directly. This is, moreover, beneficial because model providers would usually opt for a less
generalizable model if this led to higher in-domain performance. Here, our method reaches
improvements of up to +64.0 % Dice for non-domain-generalized pre-trained models (see
Sec. 4.3.1, model NNUNET BN).

Pertinent findings in this study: The proposed GIN+SSC augmentation-descriptor scheme
outperforms augmentation-only and descriptor-only configurations in our pre-training and
TTA pipeline with a best score rank of 1.9. Similar to earlier works, we updated the batch
normalization layers of the models with our TTA scheme but mean performance is higher when
using consistency loss vs. the entropy-based formulation of Tent. Also, adapting all parameters
is preferred over just single layers or parts of the model with our consistency scheme. Many
cross-domain methods require 2D models since the surrounding pipelines are complex and set
limits to the base model memory size. Our compact scheme can be used with 3D models and
does not require prior assumptions.

Di"erences with regard to existing literature: TTA-RMI, AdaMI and RSA methods
evaluated in this study are tailored to specific setups, datasets, and their properties. Adaptation
with AdaMI was successful but requires a class-ratio prior. This assumption is especially hard
to fulfill in patch-based frameworks, where it is unclear, what organ is visible and how large it
will appear in the image region. We could not acquire high scores with RSA which generates
convincing source-style CT images from MR inputs but the predicted 2D masks are scattered
in 3D space since the method does not include 3D convolutional layers. In our experience,
there is a tendency towards designing overly complex methods. Our method is compact and
readily integrated into the well-established nnUNet pipeline [Isensee et al., 2021] since solely
input-feature modifications and self-supervised test-time adaptation needs to be added.
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Limitations of the technical method: GIN augmentation alone can reach su!ciently
high-performance out-of-domain when considering anatomies for which large pre-training
dataset are available. Here our TTA scheme yields only moderate additional gains (abdominal
+1.1 % and +0.2 %, lumbar spine −0.4 % and cardiac +1.2 % Dice overlap). We empirically
selected the number of adaptation epochs and witnessed further score gains or sometimes score
drops for samples if the test-time adaptation continued further as the specified epoch. A clear
measure of convergence to stop the adaptation would be needed but is currently out of reach
(since TTA has no ground truth target to evaluate). We kept the chosen number of epochs
throughout all performed experiments and scenarios and are thus confident that the choice is
reasonable for new scenarios as well. Apart from intensity-level domain gaps, domain gaps
in image orientation, and resolution of the target domain scans impose further di!culties for
cross-domain predictions. To mitigate these issues, the pre-training of our source models could
further be optimized by multi-resolution augmentation in this regard or images of the unseen
target data could be reoriented to a standardized orientation.

Conclusion: Our study examined the use of a generalizing augmentation-descriptor com-
bination for cross-domain segmentation and results indicate that its usage in pre-training and
during test-time adaptation enhances cross-domain CT to MR prediction.
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Chapter 5

Generalizing Sample Weighting and
Aggregation Schemes

This third methodological chapter covers imaging domain gaps introduced by di"erently
weighted T1- and T2-follow-up MRI scans. The vestibular schwannoma tumor segmentation
tasks were introduced for the CrossMoDA challenge [Dorent et al., 2023] and served for the
evaluation of this chapter’s method. Apart from the previously presented generalizing strategy,
this chapter targets the training loss by integrating weighting parameters for each training
sample to down- or up-weight noisy labels transferred from the T1 to the T2 image domain
by image registration. Consensus labels in the target domain are generated by utilizing the
learned weighting parameters in a subsequent step. The experiments, results, and closing
discussion sections evaluate and explain possible improvements and limitations of the loss
weighting method. The method was published in [Weihsbach et al., 2022a]. Open source code
was released under:
https://github.com/multimodallearning/deep_staple.

5.1 Introduction

Deep neural networks dominate the state-of-the-art medical image segmentation [Isensee et al.,
2021; Liu et al., 2021b; Ronneberger et al., 2015], but their high performance depends on the
availability of large-scale labeled datasets. Such labeled data is often unavailable in the target
domain, and direct transfer learning leads to performance drops due to domain shift [Yan et al.,
2019a]. It is desirable to transfer existing annotations from a labeled source to the target domain
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to overcome these issues. Multi-atlas segmentation is a popular method, which accomplishes
such a label transfer in two steps: First, multiple sample annotations are transferred to target
images via image registration [Heinrich et al., 2012b; Marstal et al., 2016; Siebert et al., 2021]
resulting in multiple “optimal” labels [Artaechevarria et al., 2009]. Secondly, label fusion
can be applied to build the label consensus. Although many methods for finding a consensus
label have been developed [Artaechevarria et al., 2009; Heckemann et al., 2006; Rohlfing
et al., 2004; Wang et al., 2013; Warfield et al., 2004], the resulting fused labels are still not
perfect and exhibit label noise, which complicates the training of neural networks and degrades
performance.

5.1.1 Related work

In the past, various label fusion methods have been proposed, which use weighted voting on
registered label candidates to output a common consensus label [Artaechevarria et al., 2009;
Heckemann et al., 2006; Rohlfing et al., 2004; Warfield et al., 2004]. More elaborate fusion
methods also use image intensities [Wang et al., 2013]. However, when predicting across
domains, source and target intensities can di"er substantially, complicating intensity-based
fusion and would therefore require handling of the intensity gap, i.e., with image-to-image
translation techniques [Zhu et al., 2017]. When using the resulting consensus labels from
non-optimal registration and fusion for subsequent CNN training, noisy data is introduced to
the network [Karimi et al., 2020]. Network training can then be improved with techniques of
curriculum learning to estimate label noise (i.e. di!culty) and guide the optimization process
accordingly [Castells et al., 2020; Saxena et al., 2019] but the techniques have not been used
in the context of noise introduced through registered pixel-wise labels [Bengio et al., 2009;
Castells et al., 2020; Jiang et al., 2018b; Saxena et al., 2019; Zhang et al., 2020b] or employ
more specialized and complex pipelines [Ding et al., 2019, 2020; Liu et al., 2021d]. Other
deep learning-based techniques to address ambiguous labels are probabilistic networks [Kohl
et al., 2018].

5.1.2 Contributions

We propose to use data parameters [Saxena et al., 2019] to weight noisy atlas samples as a
simple but e"ective extension of semantic segmentation models. During training, the data
parameters (scalar values assigned to each instance of a registered label) can estimate the label’s
trustworthiness globally across all multi-atlas candidates of all images. We extend the original
formulation of data parameters by additional risk regularization and fixed weighting terms
to adapt to the specific characteristics of the segmentation task and show that our adaptation
improves network training performance for 2D and 3D tasks in the single-atlas scenario.
Furthermore, we apply our method to the multi-atlas 3D image scenario where the network
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scores do not improve but yield equal performance compared to regular cross-entropy loss
training when using out-of-line backpropagation. Nonetheless, we can improve by deriving an
optimized consensus label from the extracted weights and applying a straightforward weighted
sum to the registered atlases.

5.2 Methods and Materials

This section will describe our data parameter adaptation and introduce our proposed extensions
in semantic segmentation tasks, namely, a special regularization and a fixed weighting scheme.
Furthermore, a multi-atlas-specific extension will be described, which improves training
stability.

5.2.1 Data parameters

Saxena et al. [Saxena et al., 2019] formulate their data parameter and curriculum learning
approach as a modification altering the logits input of the loss function. Learnable logit-
weighting improvements could be shown in di"erent scenarios when noisy training samples
and/or classes were weighted during training. Our implementation and experiments focus
on per-sample parameters DPS of a dataset 𝛩 = {(xs, ys)}𝑇𝑒=1 with images 𝑂𝑒 and labels 𝑍𝑒

containing 𝑀 training samples. Since weighting schemes for multi-atlas label fusion like
STAPLE [Warfield et al., 2004] use a confidence weight of zero indicating “no confidence”
and one indicating “maximum confidence”, we slightly changed the initial formulation of data
parameters:

DP𝑣 = 𝛱𝑆𝑟𝑦𝛴𝑆𝑡 (DPS) (5.1)

According to Eq. 5.1, we limit the data parameters applied to our loss to DP𝑣 ≃ (0, 1) where
a value of zero indicates “no confidence” and one indicates “maximum confidence” such
as weighting schemes like STAPLE [Warfield et al., 2004]. The data parameter loss 𝛹𝑖𝑍 is
calculated as

𝛹𝑖𝑍 ( 𝑏𝑜 (xB) , yB) =
|𝑟 |∑
𝑤=1

𝛹𝑥𝑦 ,𝑒𝑏𝑅𝑑𝐿𝑅𝑊 ( 𝑏𝑜 (xb) , yb) · 𝑢𝑠𝑣𝑈 with 𝑉 ̸ 𝛩 (5.2)

where 𝑉 is a training batch, 𝛹𝑥𝑦 ,𝑒𝑏𝑅𝑑𝐿𝑅𝑊 is the cross-entropy loss reduced over spatial dimensions
and 𝑏𝑜 the model. As in the original implementation, the parameters require a sparse
implementation of the Adam optimizer to avoid diminishing momenta. Note that the data
parameter layer is omitted for inference. Inference scores are only indirectly a"ected by data
parameters through optimized model training.
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5.2.2 Risk Regularisation

Even when a foreground class is present in the image, and a registered target label only contains
background voxels, the network can achieve a zero-loss value by overfitting. Consequently,
up-weighting the overfitted samples will not harm loss reduction, leading to the up-weighting of
maximal noisy (empty) samples. We therefore add a so-called risk regularisation encouraging
the network to take risk:

𝛹 = 𝛹𝑖𝑍 →
|𝑟 |∑
𝑤=1

# { 𝑏𝑜 (xb) = 𝛺}
# { 𝑏𝑜 (xb) = 𝛺} + # { 𝑏𝑜 (xb) = 𝛺} · 𝑢𝑠𝑣𝑈 (5.3)

where # { 𝑏𝑜 (xb) = 𝛺} and # { 𝑏𝑜 (xb) = 𝛺} indicate positive and negative predicted voxel count.
According to this regularisation, the network can reduce loss when predicting more target
voxels under the restriction that the sample has a high data parameter value, i.e., is classified
as a clean sample. This formulation is balanced because predicting more positive voxels will
increase the cross-entropy term if the prediction is inaccurate.

5.2.3 Fixed weighting scheme

We found that the parameters strongly correlate with the number of positively labeled ground-
truth voxels. Applying a fixed compensation weighting to the data parameters 𝑢𝑠𝑣𝑈 can
improve the correlation of the learned parameters and our target scores

𝑢𝑠𝑣̃𝑈 =
𝑢𝑠𝑣𝑈

𝛼𝛴𝑟 (# {(yb = 𝛺} + 𝑅) + 𝑅

(5.4)

where # {yb = 𝛺} denotes the count of ground-truth voxels and 𝑅 Euler’s number.

5.2.4 Out-of-line backpropagation process for improved stability

The inter-dependency of data parameters and model parameters can cause convergence issues
when training inline, especially during earlier epochs when predictions are inaccurate. We found
that a two-step forward-backward pass, first through the main model and in the second step
through the main model and the data parameters, can maintain stability while still estimating
label noise (see Fig. 5.1). First, only the main model parameters will be optimized. Secondly,
only the data parameters will be optimized out-of-line. When using the out-of-line, two-step
approach data parameter optimization becomes a hypothesis of “what would help the model
optimizing right now?” without intervening. Due to the optimizer momentum, the parameter
values still become reasonably separated.
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model CE model CE DPmodel CE DP

step 2

+
step 1

Fig. 5.1: Left: Inline backpropagation updating (red arrow) model and data parameters together. Right:
Out-of-line backpropagation first steps on model (gray arrow) using normal cross-entropy loss and then
steps on data parameters using the model’s weights of the first step.

5.2.5 Consensus generation via weighted voting

To create a consensus CM, we use a simple weighted-sum over a set of multi-atlas labels 𝑇

associated with a fixed image that turned out to be e"ective

CM =

( |𝑧 |∑
𝑄=1

𝛱𝛴 𝑏 𝛯𝑦𝛬𝑂(DPM)𝑄 · ym

)
> 0.5 with 𝑇 ↦ 𝛩 (5.5)

where DPM are the parameters associated to the set of multi-atlas labels yM.

5.3 Experiments and Results

In this section, we will describe the general dataset and model properties as well as our four
experiments which increase in complexity up to the successful application of our method in
3D multi-atlas label noise estimation. We will refer to oracle-labels4 as the real target labels
which belong to an image and “registered/training/ground-truth”-labels as image labels that the
network used to update its weights. Oracle-Dice refers to the overlapping area of oracle-labels
and “registered/training/ground-truth”-labels.

5.3.1 Dataset

For our experiments, we chose a challenging multimodal segmentation task which was part
of the CrossMoDa challenge [Dorent et al., 2023]. The data contains contrast-enhanced
T1-weighted brain tumor MRI scans and high-resolution T2-weighted images (initial resolution
of 384/448↘ 348/448↘ 80 𝛿𝛴𝑂 @ 0.5 𝑦𝑦 ↘ 0.5 𝑦𝑦 ↘ 1.0→ 1.5 𝑦𝑦 and 512↘ 512↘ 120 𝛿𝛴𝑂

@ 0.4 ↘ 0.4 ↘ 1.0 → 1.5 𝑦𝑦). We used the original The Cancer Imaging Archive (TCIA)
dataset [Shapey et al., 2021] to provide omitted labels of the CrossModa challenge, which
served as oracle labels. Before training, isotropic resampling to 0.5 𝑦𝑦 ↘ 0.5 𝑦𝑦 ↘ 0.5 𝑦𝑦

4“The word oracle [...] properly refers to the priest or priestess uttering the prediction.”. “Oracle.” Wikipedia,
Wikimedia Foundation, 03 Feb 2022, en.wikipedia.org/wiki/Oracle
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Fig. 5.2: Sample disturbance at strengths [0.1, 0.5, 1.0, 5.0].

was performed, and cropping the data to 128 ↘ 128 ↘ 128 𝛿𝛴𝑂 around the tumor. We omitted
the provided cochlea labels and trained on binary masks of background/tumor. As the tumor is
on the right- or left side of the hemisphere, we flipped the right samples to provide pre-oriented
training data and omit the data without tumor structures. For the 2D experiments, we sliced the
last data dimension.

5.3.2 Model and training settings

For 2D segmentation, we employ a LR-ASPP MobileNetV3-Large model [Howard et al.,
2019]. For 3D experiments, we use a custom 3D-MobileNet backbone similar as proposed in
[Sandler et al., 2018] with an adapted 3D-LR-ASPP head [Hempe et al., 2022]. 2D training
was performed with an AdamW [Loshchilov et al., 2017] optimizer with a learning rate of
𝜀2𝑖 = 0.0005, |𝑉|2𝑖 = 32, cosine annealing [Loshchilov et al., 2016] as scheduling method
with restart after 𝛯0 = 500 batch steps and multiplication factor of 2.0. For the data parameters,
we used the SparseAdam-optimizer implementation together with the sparse Embedding
structure of PyTorch with a learning rate of 𝜀𝑖𝑍 = 0.1, no scheduling, 𝑃1 = 0.9 and 𝑃2 = 0.999.
3D training was conducted with a learning rate of 𝜀3𝑖 = 0.01, |𝑉|3𝑖 = 8 due to memory
restrictions and exponentially decayed scheduling with a factor of 𝑡 = 0.99. As opposed to
Saxena et al. [Saxena et al., 2019] during our experiments, we did not find weight-clipping,
weight decay, or 𝛹2-regularisation on data parameters to be necessary. Parameters 𝑢𝑠𝑒 were
initialized with a value of 0.0. We used spatial a!ne- and b-spline-augmentation and random
noise augmentation on image intensities for all experiments. Before augmenting, we upscaled
the input images and labels to 256 ↘ 256 𝑓𝑂 in 2D- and 192 ↘ 192 ↘ 192 𝛿𝛴𝑂 in 3D training.
Data was split into 2/3 training and 1/3 validation images during all runs and global class
weights were used to weigh the cross-entropy loss term 1/𝑀𝑤𝐿𝑇𝑒0.35.
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5.0: 85.8%@DP vs. 79.2%

1.0: 86.8%@DP vs. 77.3%  

0.5: 86.8%@DP vs. 82.5%  

0.1: 86.6%@DP vs. 86.3%  

rs=0.48 rs=-0.29

rs=-0.60 rs=-0.05

Fig. 5.3: Left: Validation Dice when training with named disturbance strenghts, either with data
parameters enabled ( ) or disabled ( ). Right: Parameter distribution for combinations of risk
regularization (RR) and fixed weighting (FW): RR+FW | RR | FW | NONE . Saturated data
points indicate higher oracle-Dice. Value of ranked Spearman-correlation 𝜁𝑒 between data parameters
and oracle-Dice given.

5.3.3 Experiment I: 2D model training, artificially disturbed ground-truth labels

This experiment shows the general applicability of data parameters in the semantic segmentation
setting when one parameter is used per 2D slice. To simulate label-noise, we shifted 30% of the
non-empty oracle-slices with di"erent strengths (Fig. 5.2) to see how the network scores behave
(Fig. 5.3, left) and whether the data parameter distribution captures the artificially disturbed
samples (Fig. 5.3, right). In the case of runs with data parameters, the optimization was enabled
after 10 epochs.

5.3.4 Experiment II: 2D model training, quality-mixed registered single-atlas
labels

Extending experiment I, we train on real registration noise with 2D slices on single-atlases in
this setting. We use 30 T1-weighted images as fixed targets (non-labeled) and T2-weighted
images and labels as moving pairs. We use the deep learning-based algorithm ConvexAdam
[Siebert et al., 2021] for registration. We select two registration qualities to show quality
influence during training: Best-quality registration means the single best registration with an
average of around 80 % oracle-Dice across all atlas registrations. Combined-quality means a
clipped, gaussian-blurred sum of all 30 registered atlas registrations (some sort of consensus).
We then input a mix of 50 %/50 % randomly selected best/combined labels into training.
Afterward, we compare the 100 % best, 50 %/50 % mixed, and 100 % combined selections,
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DP 6.70 DP 6.96

DP -7.18 DP -7.15

Fig. 5.4: Selected samples with low- and high parameters: Oracle-label , network prediction and
deeds registered label

focusing on the mixed setting where we train with and without data parameters. Validation
scores were as follows (descending): best@no-data-parameters 81.1 %, mix@data-parameters
74.1 %, mix@no-data-parameters 69.6 % and combined@no-data-parameters 61.9 %.

5.3.5 Experiment III: 3D model training, registered multi-atlas labels

Extending experiment II, ,we train on real registration noise in this setting but with 3D volumes
and multiple atlases per image. We follow the CrossMoDa [Dorent et al., 2023] challenge task
and use T2-weighted images as fixed targets (non-labeled) and T1-weighted images and labels
as moving pairs. We conducted registration with two algorithms (iterative deeds [Heinrich
et al., 2012b] and deep learning-based algorithm ConvexAdam [Siebert et al., 2021]). For each
registration method, 10 registered atlases per image are fed to the training routine, expanding
the T2-weighted training size from 40 to 400 label-image pairs each. Fig. 5.5 shows a run with
inline and out-of-line (see Sec. 5.2.4) data parameter training on the deeds registrations as an
example how training scores behave.

5.3.6 Experiment IV: Consensus generation and subsequent network training

Using the training output of experiment III, we built 2x40 consensi: [10 deeds registered
@ 40 fixed] and [10 ConvexAdam registered @ 40 fixed]. Consensi were built by applying
the STAPLE algorithm as a baseline and opposed to our proposed weighted-sum method on
data parameters (DP) (see Sec. 5.2.3). On these, we trained several powerful nnUNet-models
for segmentation [Isensee et al., 2021]. In Fig. 5.6 in the foreground, four box plots show
the quality range of generated consensi regarding the oracle dice: [deeds, ConvexAdam
registrations]@[STAPLE, DP]. In the background, the mean validation Dice of trained nnUNet-
models (150 epochs) is shown. As a reference, we trained directly on the T1-moving data with
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inline
16.6% dice, r=-0.13

out-of-line
60.1% dice, r=+0.65

Fig. 5.5: Inline and out-of-line backprop-
agation. Validation Dice ( ) and Spearman-
corr. of params. and oracle-Dice ( )

Fig. 5.6: FG: Box plots of STAPLE and DP consen-
sus quality, mean value on the right. BG: Bar plot
of nnUNet scores; deeds , ConvexAdam

strong data augmentation (nnUNet “insane” augmentation), trying to overcome the domain gap
directly (GAP). Furthermore, we trained on 40 randomly selected atlas labels (RND), all 400
atlas labels (ALL), STAPLE consensi, data parameter consensi (DP) and oracle-labels either
on deeds or ConvexAdam registered data. Note that the deeds data contained 40 unique moving
atlases, whereas the ConvexAdam data contained 20 unique moving atlases, both warped to 40
fixed images, as stated before.

In Experiment I, we could show that our usage of data parameters is generally e"ective in the
semantic segmentation scenario under artificial label noise. Fig. 5.3 (left) shows an increase of
validation scores when activating stepping on data parameters after 10 epochs for disturbance
strengths > 0.1. Stronger disturbances lead to more severe score drops but can be recovered by
using data parameters.

5.3.7 Summary of Experiments I — IV

In Fig. 5.3 (right), one can see that data parameters and oracle-Dice correlate most when
using the proposed risk regularization as well as the fixed weighting-scheme configuration
(see Sec. 5.2). We did not notice any validation score improvements when switching between
configurations and therefore conclude that sorting of samples can also be learned inherently
by the network. However, properly weighted data parameters can extract this information,
make it explicitly visible, and increase explainability. In Experiment II, we showed that
our approach works for registration noise during 2D training: When comparing di"erent
registration qualities, we observed that training scores drop from 81.1 % to 69.6 % Dice when
lowering registration input quality. By using data parameters, we can recover to a score of
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74.1 %, meaning an improvement of +4.5 %. Experiment III covers our target scenario — 3D
training with registered multi-atlas labels. With inline training of data parameters (used in
the former experiments), validation scores during training drop significantly. Furthermore,
the data parameters do not separate high- and low-quality registered atlases well (see Fig. 5.5,
inline). When using our proposed out-of-line training approach (see Sec. 5.2.4), validation
Dice and ranked correlation of data parameter values and oracle-Dice improve. Experiment IV
shows that data parameters can be used to create a weighted-sum consensus as described in
Sec. 5.2.3: Using data parameters, we can improve mean consensus-Dice for both, deeds and
ConvexAdam registrations over STAPLE [Warfield et al., 2004] from 58.1 % to 64.3 % (6.2 %,
ours, deeds data) and 56.8 % to 61.6 % (+4.8 %, ours, ConvexAdam data). When using the
consensi in a subsequent nnUNet training [Isensee et al., 2021], scores behave likewise (see
Fig. 5.6). Regarding training times of over an hour with our LR-ASPP MobileNetV3-Large
training, one has to consider that applying the STAPLE algorithm is magnitudes faster.

5.4 Discussion and Conclusion

Within this work, we showed that using data parameters in a multimodal prediction setting
with propagated source labels is a valid approach to improve network training scores, get
insight into training data quality, and use the extracted information about sample quality in
subsequent steps, namely to generate consensus segmentations and provide these to further
steps of deep learning pipelines. Our improvements over the original data parameter approach
for semantic segmentation show strong results in both 2D- and 3D-training settings. Although
we could extract sample quality information in the multi-atlas setting successfully, we could
not improve network training scores in this setting directly since using the data parameters
inline of the training loop resulted in unstable training. Regarding that, we want to continue
investigating how an inline training can directly improve training scores in the multi-atlas setting.
Furthermore, our empirically chosen fixed weighting needs a more theoretical foundation. The
consensus generation could be further improved by trying more complex weighting schemes
or incorporating the network predictions themselves. Also, we would like to compare our
registration-segmentation pipeline against the specialized approaches of Ding et al. and Liu et al.
[Ding et al., 2019, 2020; Liu et al., 2021d], which we consider as very interesting baselines.
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Chapter 6

Generalizing Equivariant Kernel Architectures

This last methodological chapter explains kernel-level modifications for convolutional model
layers, enabling model equivariance regarding the canonical reorientation of the input data while
reducing parameter count and inference time. After motivating the idea, related modifications for
convolutional operations for volumetric and unstructured graph data are introduced, leading to
the method’s description. The method is then evaluated for abdominal and cardiac segmentation
tasks, and the computational and task performance is discussed at the end of the chapter. The
method was published in [Weihsbach et al., 2022b]. Open source code was released under:
https://github.com/multimodallearning/XEdgeConv.

6.1 Introduction

Semantic 3D segmentation using U-Net models has become an integral part of a wide variety
of medical image analysis pipelines, including registration, image guidance, localization,
and diagnostics. The nnUNet framework [Isensee et al., 2021] has set new state-of-the-art
accuracies in most recent benchmarks due to its potent parameterization, rule-based architecture
recommendation, and robust pre-processing and augmentation. It comes at the cost of
large models and extensive test-time augmentations that may limit an e!cient application
in resource-limited environments, among others, in point-of-care healthcare or developing
countries.
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6.1.1 Related Work

A large number of complementary approaches exist that aim at limiting the kernels of deep
convolutional networks, e.g., by constraining their quantization [Zhang et al., 2021], reducing
their rank [Jaderberg et al., 2014] or requiring symmetry [Marcos et al., 2016]. While
translational invariance is given for fully convolutional architecture, equivariance against
rotations has to be incorporated at the additional computational expense by augmentation
strategies in training and at the time of inference. A particular popular direction of research
explores the use of rotation equivariant networks [Cohen et al., 2016] that employ multiple
rotated versions of filters [Bekkers et al., 2018; Dieleman et al., 2016] (or steerable filters
[Weiler et al., 2018]) and find a maximum response among them. While steerable 3D filters
can have great expressiveness, they come at the cost of an additional computation overhead.
SymNets [Dzhezyan et al., 2021] explore a range of complexity levels for symmetric filters in
image classification but see a notable accuracy drop when moving from reflection symmetry
(which would yield four distinct values in a 3↘3 kernel) to full rotational invariance (only two
distinct values in a 3↘3 kernel).

Depth-separable convolutions found in E!cientNet and MobileNet [Howard et al., 2019],
are another solution that can massively reduce the parameterization of deep networks and
is successfully used in 2D semantic segmentation. Here, filter kernels’ spatial and channel
dimensions are separated, replacing regular 3↘3 convolutions by grouped variants and 1 ↘ 1
filters. In addition, the intermediate channel capacity is substantially increased. It comes,
however, without any beneficial geometric invariances.

Geometric deep learning [Bronstein et al., 2017] focuses on learning filters for unstructured
3D data, i.e., point clouds or point graphs, but may o"er an attractive invariance against
permutations. The seminal point net [Qi et al., 2017a] can, in principle, be rotation- and
permutation-equivariant but introduces canonical geometric transformations based on absolute
3D coordinates. Di"usion graph CNNs [Atwood et al., 2016] design isotropic filters that
only depend on the magnitude and not the angle of the spatial distance between two nodes.
Graph attention networks [Veli%kovi& et al., 2018] are related to recent (vision) transformer
architectures and employ a similar multi-head attention for aggregating neighborhood features.
Edge convolutions [Wang et al., 2019] achieve the exact mechanism without scaling of weights
by softmax functions and are a particularly suitable starting point for our contribution. Here,
neural messages across a graph are learned based on a shared MLP (or 1↘1 convolution) that
receives the concatenated pointwise features of two connected nodes as input. All incoming
messages to a node are aggregated using a symmetric function. That means the output of each
message-passing step is independent of the spatial position or o"set of the connected nodes.
Hence, an EdgeConv network that omits absolute geometric coordinates as input features is
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rotation- and permutation-invariant by design. Due to the complexity of multi-scale operations
on an irregular domain, graph convolution networks have been limited (cf. [Qi et al., 2017b]).
Here, recent works explored the use of isotropic kernels weighting spatial distances of graph
features [Schütt et al., 2017].

Combined Architectures attempt to exploit the advantages of volumetric and graph learning
approaches. The Point-Voxel CNN [Liu et al., 2019] processes irregular 3D input data as
point clouds to reduce memory consumption (which allows higher spatial resolutions) but
performs convolutions with volumetric kernels for more e!cient memory access through
better memory locality. The proposed point voxel convolution is a drop-in replacement for
MLPs in PointNet(++) architectures. It can increase the prediction accuracy on di"erent point
cloud datasets while improving runtime and GPU memory consumption. In another approach,
[Garcia-Uceda Juarez et al., 2019] replaces the bottleneck layer of a multi-scale U-Net with
graph convolutions. This allows features to be propagated more e"ectively over a nearest
neighbor keypoint graph, improving airway segmentation on chest CT images. In contrast,
in this paper, we investigate the level of filter kernels in which way and to what extent graph
approaches can replace regular convolutions. Our key hypothesis is therefore: Can we combine
the benefits of the common-place multi-scale U-Net architecture with the power of symmetric
neural message passing of edge convolutions?

6.1.2 Contribution

1) We present a new convolutional network design for 3D voxel grids equivariant to both the
permutation of input dimensions and all rectangular rotations of input scans. That means the
output segmentation is accurate irrespective of all 48 possible orientations of a 3D scan without
requiring any test-time augmentation or computation of multiple (rotated) filter versions. 2) We
achieve a more than a magnitude reduction in model complexity and model capacity compared
to full 3D kernels. 3) for the first time, we demonstrate that implementing a graph-convolutional
architecture for voxelized data has immense benefits - aside from point cloud data - and
outperforms all other symmetric or permutation equivariant alternatives. 4) We evaluated the
clear advantages of permutation-invariance in practical applications on two datasets (CT and
MRI) for 3D medical image segmentation.

6.2 Methods and Materials

We address segmenting multiple anatomical structures in 3D medical scans using a deep
convolutional network. Our proposed method replaces conventional 3 ↘ 3 ↘ 3 convolution
kernels with reflection- and/or rotation-invariant alternatives. Since the seminal U-Net paper
[Ronneberger et al., 2015], many architectural design choices have been extensively studied.
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Fig. 6.1: Segmentation U-Net with default 3 ↘ 3 ↘ 3 convolution compared to symmetric permutation
and rotation invariant kernels and our proposed XEdgeConv operation that uses neural message passing
to enable invariance.

Nevertheless, a careful augmentation and supervision strategy of this classic architecture has
been repeatedly shown to outperform various alternatives. We, therefore, base our method on
the state-of-the-art nnUNet framework [Isensee et al., 2021] and implement the new kernels as
a drop-in feature.

Symmetric kernels Our first and most straightforward modified variant of the convolution
kernels uses a reduction of learnable parameters for each filter and channel from 27 to 4 by a
rotationally symmetric reflection. To remove any dependency on the orientation of the filter
kernel, we introduce weight sharing for all elements that have the same distance from the
center. In a 3 ↘ 3 ↘ 3 these are four elements with 𝜁 = {0, 1,

⇔
2,
⇔

3}, see Fig. 6.1. This
approach is most closely related to di"usion graph CNNs [Atwood et al., 2016], which also
learns isotropic graph convolutions that are orientation-independent. In a second variant, we
experimented with a reflection-only symmetric kernel comprising eight distinct elements but
found small improvements with the downside of losing rotational invariance. Both variants have
been studied in SymNets, yielding good performance for moderately challenging 2D image
classification [Dzhezyan et al., 2021], but using relatively large kernels and shallow networks.
Exploring the performance of incorporating such a simplistic concept into state-of-the-art
segmentation networks has not been investigated so far and can serve as baseline.

XEdgeConv kernels Next, we introduce our proposed XEdgeConv operation. In geometric
deep learning, the definition of a consistent spatial kernel layout is impossible due to the
absence of a regular grid. Hence, the interaction between points (or nodes) in a graph can only
depend on point-wise features. The introduction of graph attention [Veli%kovi& et al., 2018]
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and edge convolutions [Wang et al., 2019] opened the possibility of learning to compute edge
attention weights and neural messages, respectively, that depend on intermediate feature vectors
of both considered nodes connected by an edge in the graph. For XEdgeConv, a graph that
comprises vertices and edges is constructed G = (V, E), which in the simplest case can be a
Euclidean knn-graph. Edge features of two nodes 𝑆 and 𝑚 that are in close spatial proximity
are defined as 𝑅𝐿, 𝑈 = 𝑕ε(𝑂𝐿 , 𝑂 𝑈), where 𝑂𝐿, 𝑈 are point-wise feature vectors and 𝑕ε a trainable
function. Without loss of generality, we assume 𝑕ε to be a 1↘1 convolution of the concatenated
feature vectors 𝑂𝐿 and 𝑂 𝑈 with subsequent normalization and ReLu activation. Once all 𝑛
messages are computed, a symmetric aggregation is required to combine the information that
is received from the neighborhood. Here we opt for a max operator5, which goes along with
the standard nnUNet pooling operation, followed by another 1 ↘ 1 convolution, normalization
and nonlinearity, but using averaging yielded similar performance in preliminary experiments.
Note that a naïve implementation of 𝑕ε would require 𝑛 computations per feature channel.
Since a linear transform after concatenation can be replaced by computing two individual linear
transforms independently and adding their respective results, this overhead is reduced from 𝑛 to
2. Because of weight-sharing, the same linear part is required repeatedly for all k neighbors for
which a node sends out messages; these computations can be reused. When using image data
on a grid, two 1 ↘ 1 convolutions and a gather operation along all directions of knn-neighbors
followed by the max aggregation can be used to pass messages.

6.2.1 Implementation and Ablations

The global U-Net architecture comprises a base number of channels of 24, five downsampling
and upsampling steps in the encoder and decoder part, respectively, with skip connections to
pass features of the same scale across the bottleneck (or lower branches) and to achieve highly
accurate segmentation of anatomies with varying sizes. To ensure permutation invariance,
the stride of downsampling should be the same in all dimensions, and the upsampling cannot
contain learnable transposed convolutions, so we opt for trilinear interpolation instead. The
whole architecture uses 22 convolution filters of size 3 ↘ 3 ↘ 3 with a maximum channel depth
of 320, instance normalization, and leaky ReLU activations.

Baselines As an upper heavy baseline, we train the standard nnUNet with 27 unique coe!cients
in each filter element. The model excelled at all tasks of the Medical Segmentation Decathlon
[Antonelli et al., 2022] and incorporates extensive augmentation, including mirroring along all
axes, together with a robust cost function — Dice and cross-entropy loss deeply supervised at
multiple scales — and a patch-based training routine. All hyperparameters, design choices, and
pre-processing steps follow the rule-based concept described in [Isensee et al., 2021]. As a light

5For irregular graphs, the pooling layer would need to be replaced by a graph coarsening layer such as in [Qi et al.,
2017b]
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baseline, we implement a 3D version of MobileNetV3 [Howard et al., 2019] with a lite R-ASPP
(atrous spatial pyramid pooling) segmentation head (MobileLRASPP). In addition to changing
the dimensionality of the kernels from 2D to 3D, we replace batch by instance normalization
and use leaky ReLU activations to account for smaller batch sizes. Since the network choices
for MobileLRASPP are based on larger (2D) images, we increase6 the resolution of 3D patches
by a factor of 1.5. The network comprises 62 convolutional layers with residual connections
in its backbone, e!cient depthwise separable convolutions, and large dilation kernels with
squeeze-excitation in the segmentation head - counting 6.8 million parameters. The network is
run in the nnUNet environment to ensure comparability.

SymPermutation As our first concept, we implement rotation symmetric and permutation
invariant kernels in two variants: (1) A symmetric kernel which contains only four trainable
values as shown in Fig. 6.1 (denoted as SymPermutation (full)). (2) A symmetric kernel, which
only has the center and its six neighbors as trainable parameters resulting in 2 trainable values
(denoted as SymPermutation (6-nbh)). The latter variant is closer related to our proposed
method, as XEdgeConv also only includes six neighbors in our experiments.

XEdgeConv Our method replaces each 3 ↘ 3 ↘ 3 convolution with two 1 ↘ 1 kernels, a
gathering operation in the immediate six-neighborhood (𝑛 = 6 in the graph) followed by
instance normalization and ReLU with another subsequent 1 ↘ 1 convolution, normalization
and leaky ReLU. We reduced the base number of feature channels from 24 to 16. We used the
arithmetic mean of the number of input and output channels to specify the intermediate feature
width between two subsequent convolutions. We can reduce from 30.8 to only 2.0 million
trainable parameters within the nnUNet framework which boosts inference performance and
moreover benefits of complete rotation and permutation equivariance.

6.3 Experiments and Results

Various datasets could have been chosen to evaluate our methodological contribution. We
opted for one abdominal CT and a cardiac MRI segmentation dataset:

Abdomen-CT In this task, we use the abdominal CT dataset described in [Xu et al., 2016]
used in the Learn2Reg 2020 challenge [Hering et al., 2022]. For the latter, a pre-processed
version consists of resampling to the isotropic resolution of 2mm, automatic cropping to a
similar field-of-view, and a!ne pre-registration to a canonical space. To give an impression
of the variability of organ shapes, we can compute the overlap of copying the segmentation

6We did not alter the MobileLRASPP layer count despite smaller image size to stick close to the definition of the
basis model
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Fig. 6.2: Left: Overview of model resource usage and accuracy on abdomen CT experiments. XEdgeConv
excels with the smallest number of parameters and floating point operations (FLOPs) and second-best
accuracy. Right: The validation accuracy and standard deviation w.r.t. to the number of training epochs.

masks from another randomly selected scan, resulting in a very low average Dice overlap of
28.1%. We split the data into 20 training and 10 validation scans with 13 anatomical labels
each. We train all networks for 150 epochs with default settings. During inference, test-time
augmentation (TTA) is used only for the two full-kernel variants (heavy- and light-baseline),
which boosts their performance by ∀ 1%point at the cost of 8-times longer inference. We used
pytorch 1.10 and either an Nvidia RTX A4000 or A40 (with 16 and 48 GByte video random
access memory (VRAM), respectively) for training all models. Training each epoch takes 230
seconds. For the heavy baseline, 180 secs. For symmetric permutations, 100 secs. For the
light-baseline (MobileLRASPP) and between 290–500 secs. Our proposed model (depending
on whether memory checkpointing is employed for reduced VRAM). The CPU inference time
of XEdgeConv is 25 times faster than the heavy baseline (considering TTA) and 3.2 times faster
on a single pass.

Table 6.1 (left) highlights the di"erences across methods and shows that XEdgeConv
can drastically reduce the required model capacity and complexity for each state-of-the-art
performance. This contrasts with more simplistic symmetric permutation invariant kernels
and depth-wise separable convolutions, which each result in a substantial drop in quality.
The detailed numerical results in Table 6.1 demonstrate the very accurate results that can be
obtained with our model that has 15↘ fewer parameters than the baseline across all anatomical
structures (with a minor exception of the stomach, for which rotational invariance seems to be a
disadvantage). Fig. 6.3 clearly shows the benefit of our model when applied to permuted input
data, where the performance of the baseline nnUNet drops to nearly half (45.1% vs. 84.4%).
However, our XEdgeConv method retains high scores (81.6% vs. 78.8%).
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Table 6.1: Dice overlap of 10 unseen 3D abdominal CT scans with 9 of 13 structures shown. XEdgeConv
(ours) can maintain high scores at a significantly reduced parameter count. Class labels: Spleen ⫅̸, right
kidney ⫅̸, left kidney ⫅̸, gallbladder ⫅̸, esophagus ⫅̸, liver ⫅̸, stomach ⫅̸, aorta ⫅̸ and pancreas ⫅̸.

Method #Param. Input ⫆̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ avg.(13)
Light-baseline 6.8 M permuted 24.2 71.2 80.0 11.3 7.0 82.7 23.8 18.1 9.4 29.5 ± 9.0%
Heavy-baseline 30.5 M permuted 61.4 88.0 88.9 41.3 31.0 86.1 56.5 31.0 39.7 45.1 ± 8.7%
SymPermutation (6-nbh) 2.0 M permuted 80.3 86.6 87.1 46.1 30.0 86.8 54.4 71.6 43.7 59.5 ± 12.4%
SymPermutation (full) 4.6 M permuted 75.1 85.5 93.1 37.8 24.9 89.9 58.3 77.1 43.1 60.2 ± 12.4%
SymPermutation (6-nbh) 2.0 M normal 90.7 90.0 92.3 44.1 67.2 94.0 73.4 80.7 54.5 70.3 ± 5.8%
Light-baseline 6.8 M normal 87.6 89.0 90.9 45.8 70.4 84.1 74.3 77.5 64.9 71.5 ± 6.0%
SymPermutation (full) 4.6 M normal 90.3 91.0 93.2 66.2 61.4 94.1 74.7 83.5 58.1 74.9 ± 5.9%
XEdgeConv 2.0 M permuted 93.6 90.8 91.5 58.3 74.2 95.1 78.6 84.3 70.8 78.8 ± 5.0%
XEdgeConv 2.0 M normal 94.0 91.8 93.9 77.4 75.1 96.2 79.8 88.2 71.7 81.6 ± 4.0%
Heavy-baseline 30.5 M normal 95.2 93.7 93.2 73.3 76.9 96.8 91.1 91.6 76.3 84.4 ± 3.2%

Fig. 6.3: Prediction on a regularly orientated scan (left) and a permuted input (right). Our XEdgeConv
method maintains performance.
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Table 6.2: Dice overlap of 6 unseen cardiac scans under RIA orientation domain shift (training with AIL
orientation). Labels: left myocardium ⫅̸, left atrium ⫅̸, left ventricle ⫅̸, right atrium ⫅̸, right ventricle ⫅̸,
ascending aorta ⫅̸ and pulmonary artery ⫅̸.

Method Input ⫆̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ ⫅̸ avg.(7)
Light-baseline RIA 18.0 6.2 17.6 45.7 14.4 40.2 32.5 24.9 ± 14.2%
Heavy-baseline RIA 25.7 16.7 26.7 39.5 3.9 52.3 31.7 28.1 ± 17.9%
SymPermutation (6-nbh) RIA 5.8 47.1 6.7 50.5 15.9 48.4 46.3 31.5 ± 18.5%
SymPermutation (full) RIA 20.6 69.2 22.3 49.4 15.0 61.2 42.4 40.0 ± 18.9%
XEdgeConv RIA 49.7 84.9 52.1 56.9 40.3 71.2 59.7 59.3 ± 22.1%

ground truth heavy kernel nnUNet XEdgeConv

Fig. 6.4: Heavy baseline and XEdgeConv predictions given an RIA-oriented test case. Networks were
trained on AIL-oriented data. With our method, more reasonable predictions are achieved (see left
atrium and right ventricle prediction, arrow). Class labels see Table 6.2.

Cardiac-MRI As the heart’s orientation can vary across patients, we found it suitable to
show the influence of rotational and permutational invariant network training. The dataset
described in [Zhuang et al., 2019] contains MRI scans of the whole heart and seven cardiac
labels annotated by experts. Additional to the inter-patient di"erences in heart orientation, the
MRI data subset was acquired in two di"erent canonical scanner directions (6x RIA, 14x AIL)7.
We split data such that training on AIL samples and testing on RIA samples introduced an
additional domain gap to the network. The MRI volumes were resampled at 1.5↘1.5↘1.5mm
and centre-cropped around the ground truth label centroid to a size of 200↘200↘200 voxels. For
this setting, we experience a large improvement in Dice mean accuracies, shown in Table 6.2.
The visual results of one test case are shown in Fig. 6.4 for the center slice and the 3D volume
(ground truth, nnUNet full-kernel baseline, and XEdgeConv). The potential of our method can
also be seen in cardiac segmentation where the heavy-baseline nnUNet cannot overcome the
orientation domain gap as successfully as our method (28.1% vs. 59.3%, Table 6.2). Test case
predictions are more convincing for some classes (e.g., the left atrium and pulmonary artery in
Fig. 6.4).

7Directional convention is defined as: Right to Left, Anterior to Posterior, Superior to Inferior
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6.4 Discussion and Conclusion

We have presented a radically new concept for computing spatial convolutions in a 3D
segmentation U-Net that does not directly use a spatial filter kernel but is based on the concept
of neural message passing. This comes with the benefit of rotation, reflection, and permutation
equivariance. The benefits of using mirror (reflection) augmentations in semantic segmentation
had been previously discussed [Isensee et al., 2021], but enabling equivariance for input
permutations o"ers further robustness, e.g., for potential incomplete meta-data of imaging data
in practical use cases (and removes the need for augmentation).

We evaluated the benefits of transferring graph convolutions to grid data in two medical
segmentation tasks. Our XEdgeConv-Net reduces the number of parameters by a factor of 15
(i.e. by 93%) and the number of computational FLOPs by 95% compared to the baseline nnUNet
model while resulting in a minor reduction of 2.8% in Dice accuracy (81.6% vs 84.4%) for the
first experiment (Abdomen-CT), with data that had been canonically aligned as pre-processing.
For canonically unaligned data — such as MRI images acquired with di"erent clinical scanning
protocols — we can show that substantially higher Dice accuracies can be achieved (28.1% vs.
59.3%). We can thus show that our proposed XEdgeConv minimizes the deterioration of 3D
U-Net models in the case of domain shifts introduced by di"erences in 3D image orientation.
Obtaining such a strong performance by replacing full convolution kernels with only two
trainable coe!cients (a 15↘ fold decrease in model capacity) is an unexpected and surprising
result that can initiate further research into trainable graph-based message passing algorithms
for segmentation. To the best of our knowledge, this is the first method that demonstrates
advances in voxelized 3D image analysis using concepts from geometric point-cloud learning.
A substantial speed-up (3.2↘ without and 25↘ with test-time augmentation) is achieved for
inference on CPU. This clearly demonstrates that geometric deep learning methods’ reduction
of computational operations translates into more e!cient 3D image analysis when applied in
clinical practice. However, due to the highly optimized tensor compute units in GPU servers,
this does not directly translate into faster training times during development. In future work,
other graph neighborhoods and message-passing schemes could be considered, and a more
varied set of datasets could be studied to gain further insights into the relevance of di"erent
invariances for other applications.
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Chapter 7

Summary

The previous four chapters presented methods to achieve model generalization for volumetric
medical imaging. After a summary of those chapters in Sec. 7.1, this chapter will set them into
context with the raised research question of this thesis: In which areas and on which levels can
Generalization in Deep Learning Methods for Volumetric Medical Image Analysis be enabled
and improved? This will be done two-fold, looking at the clinical impact of the contributions in
Sec. 7.2 and the technical and methodological impact of the contributions in Sec. 7.3. This
chapter will close with a clinical and methodological outlook in Sec. 7.4.

7.1 Contributions

Generalizing Learning-based Data Acquisition

Chapter 3 examined the MRI acquisition process to enable cardiac shape reconstruction on cine
imaging sequences. The MRI scanner physics set limits to the data acquisition, so a tradeo"
between imaging contrast and the temporal and spatial resolution of full volumetric heart scans
must be made. High-temporal acquisition in this setting enables the analysis of movement
patterns of the heart and fosters cardiac disease prediction and prevention. For this scenario, an
end-to-end deep learning method was designed to predict the volumetric cardiac shape from a
low number of input slices. In terms of generalization, the developed method finds the most
descriptive slice orientations from which the deep learning model can build the most generalizing
shape representation for 3D reconstruction. This entirely new process modeling approach
mimicked the slice selection usually done by radiographers, showing that reconstruction from
just two sparse slices is possible and that the trained model was shown to derive a generalizing
representation of the heart’s shape. Errors of <13 mm HD95 and Dice scores of >80 % were
achieved, outperforming other reconstruction models, showing the method’s e"ectiveness for
simulated cardiac cine MRI sequences and static clinical cardiac MRI. In short, the end-to-end
process model enabled generalization over shapes for cardiac volume reconstruction. The
method was published in [Weihsbach et al., 2023; Weihsbach et al., 2024]. Open source code
was released under: https://github.com/multimodallearning/acquisition-focus.

Areas:
Cardiac imaging, shape reconstruction,

cine MRI

Levels:
Process modelling, deep learning model

design
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Generalizing Augmentation-based Training and Test-time Adaptation

Chapter 4 assessed the generalization of models across two domains, CT and MRI, with severe
di"erences in input image intensities. The method uses a sophisticated combination of data
augmentation and a generalizing descriptor to enable model generalization for multi-organ
segmentation. Generalizing pre-training was combined with test-time adaptation, whereas most
prior works exclusively select generalization or adaptation approaches in their method design.
This dual strategy serves as a fallback, as a model’s generalization capabilities cannot be known
apriori.

This method newly introduced both the descriptor-augmentation and the generalization-
adaptation combination. Experiments covered abdominal, spine, and cardiac multi-class
segmentation scenarios. Results showed that significant gains between +14.2 % and +72.9 %
Dice in segmentation performance were achieved for CT to MRI cross-domain prediction in
abdominal, spine, and cardiac segmentation over models with insu!cient generalization. In
summary, the generalization of models was improved by a large margin with data generalizing
input feature extraction and augmentation embedded into an e"ective training and test-time
adaptation pipeline. The method was published in [Weihsbach et al., 2025]. Open source code
was released under:
https://github.com/multimodallearning/DG-TTA.

Areas:
Whole-body imaging, Segmentation,

Cross-domain prediction, CT/MRI domain

Levels:
Data Level, Training and test-time strategy

Generalizing Sample Weighting and Aggregation Schemes

Chapter 5 sought to find a concept to integrate data from multiple consecutive MRI follow-up
scans to train a generalizing model in a T2-weighted target imaging domain only using labeled
data from T1-weighted MRI scans. The T1-weighted data was transferred via image registration,
resulting in imperfect, noisy labels. The developed method presented a way to weigh the noisy
labels and enabled the model to generalize given the ambiguous label input.

Whereas data parameter-based loss weighting was previously introduced for curriculum
learning methods, it was newly adopted for medical image segmentation in this work. By
integrating the per-sample weightings, the model could reasonably predict the registration
quality of multiple atlases. The weighting parameters could be used to generate a label
consensus that outperforms other consensus generation methods.
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In essence, models can e"ectively be steered to generalize between label candidates by
adding only a small count of parameters to weight training data samples. The method was
published in [Weihsbach et al., 2022a]. Open source code was released under:
https://github.com/multimodallearning/deep_staple.

Areas:
Brain vestibular schwannoma tumor, MRI,

T1/T2-weighted follow-up scans,
segmentation

Levels:
Data input and output level, training loss

modification

Generalizing Equivariant Kernel Architectures

In the last methodological Chapter 6, the model convolutional kernel architecture was modified
to improve generalization. A graph-convolutional methodology was reintegrated into volumetric
deep learning model kernels, enabling the model to generalize to canonically rotated, reflected,
and permuted input volumes. When CT or MRI volumes are aligned di"erently in data space,
deep learning models may fail to infer misaligned input. The presented method embedded
rotation, reflection, and permutation equivariance into the network while significantly reducing
the number of model parameters for faster clinical application inference. While parameter count
was reduced by 93 %, the model performance did only decrease by 2.8 % Dice for abdominal
multi-organ segmentation tasks. Compared to the other developed methods, the generalization
capabilities of the model are improved by integrating parameter-level modifications to form
a new variant of convolutional operation as a building block that can replace operations in
every convolutional model, leaving the rest of the training pipeline untouched. The method was
published in [Weihsbach et al., 2022b]. Open source code was released under:
https://github.com/multimodallearning/XEdgeConv.

Areas:
Abdominal data, cardiac imaging, CT /

MRI, segmentation

Levels:
Model kernel level, canonical orientations,

equivariance

7.2 Clinical Impact of Contributions

Fig. 7.1 shows clinically acquired data segmented by models without and with generalization
abilities. The generalizing model clearly outperformed the non-generalizing model by creating
valid segmentation masks. Such generalizing abilities of deep learning methods were improved
for several clinical application areas throughout this thesis. Even intra modality MRI-to-MRI
inference can fail if trained models lack generalization capabilities as seen in Fig. 7.1. More
severe domain gaps of CT-to-MRI cross-prediction were examined and significantly mitigated
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Fig. 7.1: Showcase of the impact of model generalization. Left: Segmentation prediction of a U-Net
trained without special generalization abilities on an open-source MRI dataset. Right: Same model, but
trained with generalizing augmentation on the same training data (an early stage of the method presented
in Chapter 4). The shown target MRI image was acquired in a research project for a study targeting
patients with ventricular arrhythmia during the preparation of this thesis. Without generalization
abilities, the model produces scattered segmentation label pixels even though laypersons without clinical
knowledge might be able to at least delineate tissue boundaries for the target scan.

in Chapter 4. This results in less data needs to be acquired in clinical practice to achieve similar
results with deep learning, even for unseen image domains formed by specific scanners or
imaging protocols, vanishing the boundaries of domain gaps. Reduced domain gaps, in turn,
result in less data that needs to be ethically considered, less data that needs to be stored for
training purposes in the clinic systems, and less data that needs to be annotated by medical
experts such as radiologists. Also, for future developments in MRI sequences, the methods
presented in this work allow to build new solutions upon already trained models without
retraining. Data can be used more e!ciently in this way, and large-scale, openly available
CT data can serve the pre-training. The method could generalize from small-scale training
datasets with just twelve volumetric images in the cardiac task. Moreover, it was shown to
work for abdominal, cardiac, and lumbal spine segmentation scenarios. Clinical follow-up
diagnostic was considered in Chapter 5, and the image intensity domain gap of T1- and T2-
weighted scans was overcome by incorporating sample-wise weighting parameters to generate
label consensi for vestibular schwannoma tumor segmentation. Chapter 6 demonstrated that
kernel-level modifications can e"ectively overcome domain gaps created by canonically rotated,
reflected, and permuted input. These kernel modifications preserve the orientational freedom
of clinical data acquisition, where acquisition protocols must be tailored to the deep learning
post-processing step if models do not generalize well. Proceeding in that direction, in Chapter 3,
the MRI acquisition process was modeled, and the deep learning end-to-end pipeline was
specifically tailored to the clinical data acquisition. That way, the former manual definition
of slicing orientation of cardiac imaging views was integrated into the pipeline to optimally
reconstruct cardiac chamber shapes from sparse slices. The modeling enabled more accurate
shape reconstruction for 3D and 3D+t cine MRI sequences. Due to the sparse input data needed
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for shape reconstruction, patients benefit from shorter acquisition times, which also frees the
capacity of the medical personnel.

7.3 Methodological Impact of Contributions

The methodological progress made in Chapter 3 to Chapter 6 is visually presented in Fig. 7.2.
Specific aspects discussed in this section are annotated in the figure with (a) — (f). In the
following paragraphs, a comparison of the methods is guided by this figure.

Overview

All developed methods in this work targeted generalization scenarios with pre-training on
volumetric medical images (a). The methods presented in Chapter 3, Chapter 4, and Chapter 6
used only one source domain during training, making use of minimal data, increasing the
challenge for the generalization abilities of the models (b). Chapter 5 is special here since data
from two domains was used to obtain noisy labels for training (T1- and T2-weighted MRI scans).
The data parameter-based loss formulation generalizes across the di"erent provided label
candidates to reasonably weigh label samples for the T2-weighted MRI target domain images.
The method presented in Chapter 3 fosters generalization within the MRI cardiac imaging
domain and enables the model to learn the optimal MRI slicing orientation to reconstruct cardiac
chamber shapes optimally. Thus, no other target image domain is involved in this method at
test-time (c). The end-to-end trained pipeline selects the most useful slicing orientation to
derive a generalizing cardiac shape representation given sparse input slices. Whereas most
models are trained from scratch, the method of Chapter 4 is special in combining generalization
techniques during pre-training with adaptation at test-time (d,e). With this e"ective combination,
we achieved generalizing segmentation even if the pre-trained models failed to generalize
su!ciently when applied out of the box. We presented a strong generalizing model pre-training
routine achieved by the augmentation-descriptor combination as a starting point for successful
adaptation at test time. The methods’ strategies for generalization cover consistency-based
adaptation, loss-based generalization, and individual strategies8 (f).

The methods of Chapter 3 to Chapter 6 incorporate a wide range of design levels (g).
Chapter 3 targets the data input and model level to preserve the physical slice orientation during
reconstruction within the U-Net-like encoder-decoder model. Chapter 4 operates on the input-
and output data level as many augmentation-based or loss-based generalization methods do but
is exceptional in incorporating a test-time adaptation scheme and using a very lightweight and
e!cient self-supervision strategy. Chapter 5 targets the training loss with down- or upweighting

8Strategy categories for generalization were defined to group the methods presented in Sec. 2.2.6. If a method’s
strategy did not fit one of the distinct categories, it was defined as an “individual” strategy.
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Chapter 3

Ch
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r 4

Chapter 5

Chapter 6
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Fig. 7.2: Entangled methodological space of generalization methods within this thesis depicted along
with clinical areas of applications. The figure was first introduced in Sec. 2.2.6. The methods of
Chapter 3 , Chapter 4 , Chapter 5 , and Chapter 6 are displayed in this entangled space and specific
aspects discussed in this section are annotated with (a) — (f). -colored method strings represent related
generalization works presented in Sec. 2.2.6.
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noisy data labels. Chapter 6 features a pure model-level design methodology with developing a
new type of convolutional kernels inspired by edge-convolutions for point clouds. Next, the
areas where generalization in deep learning methods for volumetric medical image analysis
was enabled and improved are presented.

Areas

The methods of this work targeted volumetric medical image data of various body regions.
MRI data was incorporated in Chapter 3 to Chapter 6 and CT data in Chapter 4 and Chapter 6.
Chapter 4’s method aimed to bridge the domain gap between CT and MRI domains. The
method was successful due to the newly introduced augmentation-descriptor scheme, which
improved segmentation outcomes significantly over competing approaches, given the large
di"erence in appearance between the CT and MRI images. Chapter 6 did not target the
image covariate domain shift but the domain shift created by canonically rotated, reflected,
and permuted input data. Clinically acquired data may not always be oriented as expected
in pixel space. The introduced kernel design inspired by graph convolutions could keep up
the segmentation performance with permuted, reflected, and canonically rotated input data.
While stationary images were analyzed in Chapter 3 and Chapter 4, the method developed in
Chapter 3 specifically targeted cine MRI sequences in a shape reconstruction task. The method
was designed for the acquisition process of MRI devices, which was sought to be optimized by
our method by auto-selecting the slicing orientation, usually done manually after predefined
guidelines by radiographers. Our approach was special in identifying the optimal imaging slices
for reconstruction and performing multi-chamber reconstruction for demanding target cases
with a considerable shape variation due to the cardiac pathologies in the real-world dataset.

Methods for abdominal data were presented in Chapter 4 and Chapter 6. Here, the significant
variation in organ shape and position increases demands for the developed segmentation
algorithms. While the rotation, reflection, and permutation equivariant network design from
Chapter 6 was examined on abdominal CT, Chapter 4 featured both CT and MRI domains
in constructing the multi-domain scenarios. Further, we could show that the generalizing
augmentation and supervision scheme developed in Chapter 4 works for several CT and MRI
cross-domain prediction scenarios such as lumbal spine segmentation and that substantial gains
in out-of-domain prediction performance are possible.

Lastly, in Chapter 5, the segmentation of vestibular schwannoma brain tumors near the
cochlea was improved on di"erently weighted T2-target MRI images given T1- and T2-weighted
follow-up scans from a publicly available challenge dataset [Dorent et al., 2023].
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Levels

Besides di"erent areas of application, generalizing mechanisms for volumetric medical deep
learning were investigated on several levels. Chapter 3 targeted the acquisition process. Cardiac
slice selection is usually performed manually according to clinical guidelines based on a
volumetric reference scout image. In our work the image slice selection was integrated into
the end-to-end training routine to automatically select optimally oriented image slices. To
the best of our knowledge, this was the first work to incorporate the slicing orientation step
into the end-to-end pipeline and one of few methods that target the volume-from-slice shape
reconstruction [Stojanovski et al., 2022].

Data and learning strategy level design were studied in Chapter 4, where a self-supervised
test-time strategy was used along with an augmentation-descriptor combination to optimize
segmentation performance for out-of-domain scenarios with harsh domain gaps from CT
pre-trained models to MRI target data, introducing a significant covariate image data shift.
Self-supervision is driven by a consistency scheme that optimizes the network to produce
similar outputs on spatially di"erent augmented test images. For the method, only a single
target scan is necessary. Generalizing pre-training with the same augmentation-descriptor input
modification was performed to provide a strong generalizing basis for adaptation. While the
consistency-augmentation scheme is also used in other works [Perone et al., 2019; Varsavsky
et al., 2020], the additional use of the generalizing image descriptor and the combination of
generalization and adaptation sets the method apart. The work of Chapter 5 transferred a method
used in computer vision curriculum learning to train a generalizing segmentation network on an
unseen data domain. The method targeted the model output level by integrating data parameters
as a per-sample loss-weighting. This way, ambiguous pseudo-labels can be presented to the
network for the same input. During the training routine, unreasonable, noisy pseudo-labels were
down-weighted against the better multi-atlas candidates. A later weight-based combination of
the pseudo-labels resulted in consensus predictions exceeding the performance of the network
training alone.

The work presented in Chapter 6 optimized convolutional layers’ deep learning model kernels
to make a model equivariant to reoriented volumetric input data. This way, the segmentation
performance could be decoupled from the input orientation. At the same time, the parameter
count of the model was reduced by 93 %, resulting in 95 % less floating point operations and
thus theoretically in faster model inference.

The works of Chapter 3, Chapter 4, Chapter 5, and Chapter 6 clearly showed that model
generalization can be enabled on several levels, such as the process, data input-, data output-, the
training strategy- or the model parameter level. These developed techniques are not mutually
exclusive and could be combined depending on the generalization challenge to be solved.
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7.4 Research Outlook

Outlook for Clinical Application

This thesis addressed the generalization of methods for volumetrical medical imaging. Years
ago, the question was raised whether generalizability is a useful property of models to have
because a model that can generalize to global cross-site data was thought to unavoidably perform
worse compared to models that are specialized to one specific clinical site [Futoma et al.,
2020]. This is still a valid concern, and the method of Chapter 4 showed lower segmentation
performance than when trained directly on the target dataset. However, the performance gap
could be significantly reduced by improved generalization with the presented training and
adaptation strategies, which make these concerns recede into the background. Generalization
of patient data within the context of a single dataset is still required, and Chapter 3 showed that
better-generalized representations of cardiac shapes could be retrieved from a patient population
with optimized acquisition processes. In the end, generalization must be defined and evaluated
given a task and learning context.

Recent studies consider generalization to be a major challenge for clinical application.
Wu et al. [2025] mention generalizability among interpretability and the establishment of
confidence for deep learning model application as one of three persisting challenges for the
successful adoption of AI in clinics. The authors pinpoint issues in generalization to the
influence of the data and the devices employed to acquire the data. While this is true and was
likewise explained in Sec. 2.1.2 and Sec. 2.1.3, the achievements made in this thesis showed
that data inhomogeneities can be overcome by improving the deep learning methods (see
Chapter 4, Chapter 5, and Chapter 6). Thus, this thesis made significant contributions to the
abovementioned issues. In addition to the progress made, further validation of the methods
developed in collaboration with clinical experts is required for final application in clinics.

A clinical outlook on the development and future impact of generalizing methods is given by
referring to scientific works published in the European Radiology journal from 2020 to 2025,
focusing on high-quality work written by leading radiologists. In the mentioned timeframe,
works were identified by filtering the abstracts for the term "generaliza". Many works considered
the performance evaluation of deep learning algorithms such as for classifying radiographs
in a picture archiving and communication system (PACS), CT scan segmentation for surgery
planning, automatic brain metastasis detection and segmentation, predicting treatment failure
in di"use B-cell lymphoma, or breast cancer classification [Dot et al., 2022; Dratsch et al.,
2021; Qian et al., 2024; Qu et al., 2023; Yuan et al., 2023]. Eleven of 25 works mentioning
generalization focused on radiomics, a high-throughput tissue analysis method [Spadarella et al.,
2023]. That may be explained by the fact that radiomics is data-driven and was made possible by
the applicability of artificial intelligence and, in particular, deep learning models, which excel at
segmentation, the first step taken prior to analyzing the data in radiomics [Van Timmeren et al.,
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Fig. 7.3: The ratio of papers in % (total number in brackets) published with keywords “generaliza”
( -colored) and “adapta” ( -colored) of all published papers from 2020 to 2025 in the International
Conference on Medical Image Computing and Computer-Assisted Intervention proceedings (MICCAI),
Transactions on Medical Imaging journal (TMI), and Medical Image Analysis journal (MEDIA).

2020]. Generalization is stated to be one of the major challenges in the successful application of
radiomics [Van Timmeren et al., 2020]. The developed generalizing methods of this thesis thus
also enable data analysis to “generate novel imaging biomarkers” with radiomics [Spadarella
et al., 2023].

Outlook for Methodological Developments

Methodological trends were discovered by analyzing the abstracts of the International Conference
on Medical Image Computing and Computer-Assisted Intervention Proceedings (MICCAI),
Transactions on Medical Imaging Journal (TMI), and Medical Image Analysis Journal (MEDIA)
from 2020 to 2025. When comparing the ratio of adaptation vs. generalization keywords,
a trend toward methodologies concerning generalization can be identified, highlighting the
relevance of the generalizing methods developed in this thesis (see Fig. 7.3).

Word clouds were extracted from the same abstract texts in Fig. 7.4 to delve into current
trends of technical generalizing method development, revealing that segmentation considered
in Chapter 4, Chapter 5, and Chapter 6 continues to play an important role in medical image
analysis methods. Open-source release of code (“github”, “code”) progressively increased from
2021 to 2025, and the methods of this work were in the same manner made available to the
research community. In 2022 and 2023, transformer models (“transformer”, “attention”) were
of increasing interest, inspired by their success in natural language processing and computer
vision applications. Still, in current methods of the past two years, the potent architecture
is a foundation for model and methods development [Chowdary et al., 2024; Kusters et al.,
2025; Li et al., 2024a], whereas CNNs used throughout the methodological chapters of this
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Fig. 7.4: Words clouds generated from abstracts of all published papers from 2020 to 2025 in the
International Conference on Medical Image Computing and Computer-Assisted Intervention Proceedings
(MICCAI), Transactions on Medical Imaging Journal (TMI), and Medical Image Analysis Journal
(MEDIA) containing the term “generaliza”. Year numbers were manually added to each cloud as
individual words. Irrelevant words regarding sentence structure or words ubiquitous to the field, such as
“learning”, were filtered prior to generating the clouds. Best viewed digitally.

thesis can perform comparably well [Kusters et al., 2025]. Generalizability is moreover actively
researched for “di"usion” models powered by the U-Net architecture and thus by CNN-based
architecture [Liu et al., 2024; Meng et al., 2024; Oh et al., 2024; Xie et al., 2024]. Due
to the ongoing progress in natural language processing, vision-text, vision-language models
and prompt-based methods gain focus [Fang et al., 2024; Li et al., 2024a]. Here, especially
the “Segment Anything” method provides a starting point for future development targeting
volumetric medical images [Gao et al., 2024a,b; Kirillov et al., 2023; Koleilat et al., 2024;
Li et al., 2024a; Liang et al., 2024; Shen et al., 2024]. Like the large-scale vision training
dataset of SAM, more and more large-scale medical imaging datasets tend to be collected
[Amadou et al., 2024; Huang et al., 2024; Kusters et al., 2025; Li et al., 2024b; Wasserthal
et al., 2023; Zhang et al., 2024]. Federated learning incorporates data from multiple sites with
large inhomogeneities [Arya et al., 2024; Chen et al., 2024a; Dalmaz et al., 2024; Li et al.,
2025; Wu et al., 2024].

Methodological Limitations and Ongoing Work

The methods presented in this thesis improved deep learning model generalization for volumetric
medical imaging in several aspects. However, there are still limitations that can be explored
in future work, and the summary given in the following paragraphs should serve as a starting
point for further methodological developments.

Chapter 3 investigated the modeling of a complete MRI acquisition process and showed
that generalizing shape reconstruction from arbitrarily oriented sparse slices is possible.
Still, the distance of surface points is relatively large, with an error of 11.9 mm HD95 for
optimally outlined, ground-truth slice structures. When using suboptimal slice segmentation,
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the error distance increased to 42.6 mm HD95, hindering clinical applicability. The pipeline’s
segmentation model was trained on arbitrarily oriented slices cut from the volume beforehand,
and it could be trained especially on views similarly oriented to the slices for reconstruction.
Furthermore, reconstruction performance could be improved by using more than two slices
at the cost of a slower image acquisition. The current voxel CNN learns shape constraints
implicitly. Geometrical shape models or template models could provide a form of explicit
regularization that might benefit the reconstructed shapes as seen in other works [Beetz et al.,
2022; Yang et al., 2024; Ye et al., 2023; Yuan et al., 2022]. Newer works incorporate implicit
neural representational models that showed promising results when reconstructing multiple
heart chambers from sparse slices [Mu"oletto et al., 2023]. Apart from sparse slice acquisition,
other methods exist to reconstruct the image data itself from highly undersampled MRI k-space
data showing promising speed-ups for fast acquisition scenarios [Al-Haj Hemidi et al., 2024;
Wang et al., 2024].

A generalizing cross-domain segmentation method bridging considerable covariate shifts
between CT training data and MRI target data was developed in Chapter 4. The proposed
combination of a generalizing descriptor and augmentation during training and test-time via
self-supervision showed substantial improvements of up to +64.0 % Dice. The presented
augmentation-descriptor combination showed promising results for small training datasets
where it could outperform augmentation-only schemes by +21.8 % Dice. Although substantial
gains were diminishing the domain gap, the method’s performance could not reach that of
segmentation models trained directly in the target domain. One caveat was that the number of
adaptation steps was empirically chosen instead of defining convergence criteria at test time.
Here, other reference methods chose entropy-based measures, which could be additionally
integrated into the pipeline [Bateson et al., 2020]. Shape-aware and uncertainty-based adaptation
at test-time was used in that regard after generalizing pre-training in combination with student-
teacher models, achieving higher performance in similar abdominal CT to MRI tasks but for
fewer abdominal organ classes [Zhu et al., 2025]. As discussed in the previous section, adopting
the vision transformer model [Dosovitskiy et al., 2020], whose base architecture propels state-
of-the-art natural language processing models, might be a possible source for improvement.
Recent methods used vision transformer models in combination with an “attention-in-attention”
scheme to capture long-range image dependencies [Ji et al., 2023]. Suppose fully automated
generalizing segmentation methods do not achieve su!cient performance. In that case, semi-
automatic methods that seek to incorporate little prompting e"ort of radiologists (a trend
discussed in the former section) might be a way for improvement and have recently been shown
to produce expert-level volume annotations when specifically pre-trained on volumetric medical
images [Isensee et al., 2025].

Sample-based loss-weighting during model training was used in Chapter 5 to foster gener-
alization of the segmentation model given noisy label candidates. The trained weights were
then harnessed to obtain a better consensus label from the atlas of noisy candidates. Although
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reasonable multi-atlas sample weightings were extracted during training, a relatively large
gap of 67.8 % Dice for segmentation models trained on the consensus data vs. 84.4 % Dice
for models trained in the target domain remains, indicating that the subsequent segmentation
network did not receive su!ciently high-quality input to generalize to higher segmentation
scores. One has to consider that from the relatively small number of registered candidates,
a single consensus label has to be derived by fusion where the vast di"erence in registration
quality impeded that fusion for label candidates with a single weighting parameter. A viable
solution would be a more granular per-voxel level weighting, resulting in greater shape flexibility.
A further option would be consolidating the registration, segmentation, and fusion steps into a
combined trainable pipeline. Similar works were refining the atlas registration quality here,
but consensus generation is still performed separately [Ding et al., 2021]. Recent approaches
sought to combine registration, segmentation, and uncertainty measures. They found that
estimated uncertainties correlate with label propagation errors, which could be a valid starting
point for improving the proposed fusing method [Chen et al., 2024b].

In the last methodological chapter, low-level kernel modifications were introduced to the
CNN layers to enable the generalization and equivariance of models to canonical rotation,
reflection, and permutation. The developments of Chapter 6 show that similar segmentation
quality can be reached with a fraction of the original convolutional parameter count when
symmetrically aggregating neighboring pixels via pooling operations. Besides those promising
results, the equivariance was achieved for rectangular rotation, permutation, and reflection
regarding the initial imaging axes. Our approach cannot cover other spatial image distortions
such as di"erent resolutions, scaling, or sub-90° rotation. Newer works have extended CNNs
for rotation and scaling invariance [Qiao et al., 2025]. Recently, the pooling idea has been
similarly applied to vision transformers, where MLP-based attention layers were replaced by
pooling operations aggregating nearby features similarly without learnable parameters [Yu
et al., 2022]. This MetaFormer concept has been successfully extended for medical images
where convolutional patch merging within the MetaFormer has been replaced by lifting and
aggregational layers pooling across rotated feature maps, forming a Roto-MetaFormer that
enables complete rotation and permutation equivariance [Heinrich, 2025].
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2D two-dimensional
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AX axial

BS base
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CT computed tomography

CMRI cardiac magnetic resonance imaging

COR coronal

DA domain adaptation

DAL domain adversarial learning

DG domain generalization

DP data parameters

DR domain randomization

ESO esophagus

FSL few-shot Learning

FW fixed weighting

FLOP floating point operation
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GAN generative adversarial networks

GPU graphics processing unit
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LAG left adrenal gland

LIDAR light detection and ranging

LIV liver

MICCAI International Conference on Med-
ical Image Computing and Computer-
Assisted Intervention

MEDIA Medical Image Analysis Journal

MLP multilayer perceptron

MRI magnetic resonance imaging

MYO myocardium

OPT optimized
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PACS picture archiving and communication
system
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PET positron emission tomography
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RA right atrium

RAG right adrenal gland

RKN right kidney

RND random
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SFDA source-free domain adaptation

SG segmentation

SNR signal-to-noise ratio
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ReLU rectified linear unit

RF radiofrequency

RR risk regularization
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SSC self-similarity context

SSFP steady-state free precession

TCIA The Cancer Imaging Archive

TL transfer learning

TMI Transactions on Medical Imaging jour-
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TTA test-time adaptation

UDA Unsupervised domain adaptation

US ultrasound

VRAM video random access memory
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