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Abstract

Medical image analysis is a key component of modern healthcare, required not only
for diagnosis, but also for treatment planning and disease monitoring. The number of
medical images acquired every day is constantly increasing and with it the need for
automated tools to process, segment and interpret these images efficiently and reliably.
Over the past decade, deep learning-based approaches, especially convolutional neural
networks, have revolutionized the field providing unprecedented performances for almost
all medical image analysis tasks, including semantic segmentation and image registration.
However, the training of deep neural networks needs vast amounts of data, whereas
most annotated medical datasets are small. The manual delineation of anatomical and
pathological structures needs expert knowledge, and is both time-consuming and error-
prone. These problems are even more severe in the analysis of disease progression, where
not just one image but several have to be analyzed together. Furthermore, pathologies
exhibit higher variability than anatomical structures and occupy comparatively small
image areas, further increasing the data demands for training.

This dissertation aims to develop deep learning-based algorithms for the automatic
analysis of medical time series image data, focusing on pathological progression over
time, such as retinal fluid in optical coherence tomography and brain lesions in mag-
netic resonance imaging. The main goal is to segment pathologies across all time points
in order to monitor disease progression. Expert segmentations are typically unavailable
for extensive time series data, requiring weakly supervised or fully unsupervised meth-
ods. Therefore, longitudinal registration of medical images is investigated as a tool for
pathology tracking and unsupervised segmentation.

To achieve the goals described, the present work follows three complementary research
directions. First, unsupervised clustering is used to segment individual images. Second,
registration-based approaches are developed for the joint analysis of longitudinal data
with simultaneous segmentation of non-correspondences that reflect evolving or disap-
pearing pathologies. Third, registration approaches inspired by metamorphosis models
are used to model the formation of new pathologies. To improve the plausibility of the re-
sulting deformations, these models are designed to separate displacements of anatomical
structures from volumetric changes of the pathologies.

The methods presented in this thesis enable the unsupervised segmentation of patho-
logical structures, without relying on manually generated pathology segmentations. By
leveraging weak supervision through anatomical labels and exploiting temporal informa-
tion in longitudinal data, the proposed approaches can identify disease-related changes in
an unsupervised manner. Overall, this work provides novel, annotation-efficient strate-
gies for the automated analysis of medical image time series data, with the potential to
support clinical workflows in the assessment of disease progression.






Kurzfassung

Die medizinische Bildverarbeitung ist eine zentrale Komponente der modernen Gesund-
heitsversorgung, die nicht nur zur Diagnosestellung, sondern auch zur Behandlungs-
planung und Krankheitsiiberwachung benotigt wird. Die téglich aufgenommene Menge
medizinischer Bilder steigt stetig und damit wird auch der Bedarf an Algorithmen grofler,
die diese Bilder automatisiert, effizient und zuverléssig segmentieren und interpretieren
konnen. In den letzten zehn Jahren hat das Deep Learning, insbesondere in Form
von Faltungsnetzwerken, die medizinische Bildverarbeitung revolutioniert, indem es bis
dahin unerreichte Leistungen in Aufgaben wie der semantischen Segmentierung und der
Bildregistrierung erzielt hat. Das Training tiefer neuronaler Netze erfordert jedoch sehr
groffle Datenmengen, wahrend medizinische Datensatze haufig nur in begrenztem Um-
fang und mit wenigen Annotationen verfiigbar sind. Anatomische oder pathologische
Strukturen manuell zu segmentieren, ist eine zeitaufwandige und fehleranfallige Auf-
gabe, die zudem Expertenwissen erfordert. Diese Probleme sind bei der Analyse von
Krankheitsverlaufen noch verstarkt, da nicht nur ein Bild, sondern mehrere gemeinsam
ausgewertet werden miissen. Zudem zeigen Pathologien eine groflere Variabilitat als
anatomische Strukturen und nehmen dabei gleichzeitig meist nur kleine Bildbereiche
ein, was den Datenbedarf fiir das Netzwerktraining zusatzlich erhoht.

In der vorliegenden Dissertation werden Deep-Learning-Algorithmen fiir die automa-
tisierte Analyse medizinscher Bildzeitreihen entwickelt, wobei der Fokus auf der Un-
tersuchung von Pathologieveranderungen iiber die Zeit liegt. Dabei werden insbeson-
dere retinale Fluide in Aufnahmen der optischen Kohéarenztomografie untersucht sowie
Gehirnlasionen in Magnetresonanztomografiebildern. Das Hauptziel der Arbeit ist die
Segmentierung von Pathologien fiir alle Zeitpunkte, um Krankheitsverlaufe zu tiber-
wachen. Fiir umfangreiche Zeitreihendaten liegen typischerweise keine manuellen Seg-
mentierungen von medizinischen Experten vor, sodass Methoden bendtigt werden, die
schwach tiberwacht oder vollstandig uniiberwacht trainiert werden konnen. Ein zentraler
Fokus der Dissertation liegt daher auf der zeitlichen Registrierung medizinischer Bilder,
wobei die Registrierung als Werkzeug fiir die Pathologieverfolgung und untiiberwachte
Segmentierung dient.

Um die beschriebenen Ziele zu erreichen, nutzt diese Arbeit drei sich erganzende
Forschungsansatze. Erstens wird uniiberwachtes Clustering verwendet, um einzelne
Bilder zu segmentieren. Zweitens werden Registrierungsansatze fiir die gemeinsame
Auswertung von Bildern verschiedener Zeitpunkte entwickelt. Diese Methoden sind in
der Lage, gleichzeitig mit der Registrierung nicht-korrespondierende Bereiche, welche
neu auftretende oder verschwindende Pathologien widerspiegeln, zu segmentieren. Drit-
tens werden von Metamorphosemodellen inspirierte Registrierungsalgorithmen einge-
setzt, um die Entstehung neuer Pathologien zu modellieren. Zur Verbesserung der
Realitatsnahe der resultierenden Deformationsfelder werden die Modelle so konzipiert,

il



dass sie Volumenveranderungen der Pathologien ermoglichen, wahrend die umgebende
Anatomie durch die Pathologien verschoben wird.

Die in dieser Arbeit vorgestellten Methoden ermoglichen die uniiberwachte Segmen-
tierung pathologischer Strukturen, ohne auf manuell erstellte Pathologiesegmentierungen
angewiesen zu sein. Durch die Nutzung einer schwachen Uberwachung mittels ana-
tomischer Annotationen sowie die Auswertung zeitlicher Informationen in longitudi-
nalen Bilddaten kénnen die vorgeschlagenen Ansitze krankheitsbedingte Verdnderun-
gen auf uniitberwachte Weise identifizieren. Insgesamt liefert diese Arbeit neuartige, an-
notationseffiziente Strategien fiir die automatisierte Analyse medizinischer Bildzeitrei-
hendaten, die das Potenzial haben, klinische Arbeitsablaufe bei der Beurteilung von
Krankheitsverlaufen zu unterstiitzen.
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Chapter 1

Introduction

1.1 Motivation

Medical imaging visualizes the interior of the body and, thus, enables the diagnosis,
monitoring, treatment planning and follow-up of diseases. Nowadays, imaging proce-
dures are widely used in almost all medical disciplines and the number of images taken
every day is constantly increasing. In Germany alone, more than 13 million computed
tomography (CT) and also more than 13 million magnetic resonance (MR) images were
taken in 2022, compared to around 11 million CT scans and 10 million MR scans in
2013 [Eurostat, 2024]. As the number of images increases, so does the need to exam-
ine and evaluate them. Semantic segmentation describes the process of partitioning an
image into several regions, that correspond to anatomical or pathological structures, by
assigning a class label to each pixel in the image. Segmentation masks are the basis
for many subsequent medical image analysis and interpretation tasks, such as size mea-
surements of organs or pathologies, 3D rendering, implant design and surgery planning
[Handels, 2000; Semmlow, 2008]. However, manual segmentation of medical image data
is labor-intensive and error-prone, especially for 3D volumes, where the structures of
interest need to be delineated in each 2D slice separately. In addition, for many medical
segmentation tasks, expert knowledge is required, which makes the manual annotation
process extremely expensive and ties up physicians’ time. These problems are even more
severe when analyzing time series data, where not only one but several images need to
be analyzed jointly to assess disease progression based on differences between the time
points.

During the last decade, deep learning-based (DL-based) approaches, especially convo-
lutional neural networks (CNNs), have set new benchmarks for almost all medical image
processing tasks, including semantic segmentation. Since its development in 2015, the
U-Net [Ronneberger et al., 2015] has been the predominant architecture, whose exten-
sions won well-known medical image processing challenges BraTS, e.g., [Isensee et al.,
2021b; Ferreira et al., 2024], MOOD [Baugh et al., 2023] and many more. Compared
to classical image processing algorithms, CNNs allow the beforehand crucial task of fea-
ture engineering to be skipped, since they automatically learn to extract relevant image
features during a data-driven training process. CNNs can, thus, be applied more flexi-
bly, being directly adaptable to a specific use case by retraining with a custom dataset.
As they are also very fast and deliver reproducible results, automated DL solutions for
medical image segmentation have already substantially improved the clinical workflow
and will continue to do so in the future.
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However, one of the major obstacles for the training of CNNs in the medical field
is data scarcity. CNN training requires large amounts of data, which is particularly
important for medical images to cover the wide variety of patient anatomy and the
even greater differences in pathologies. Despite the large number of images taken every
day, most medical image datasets are small due to privacy restrictions and the rarity
of certain diseases. In addition, the training of supervised segmentation networks does
not only require the image data but also the corresponding ground truth annotations,
which, as described above, are difficult to get. Therefore, annotated medical image data
is even more seldom, oftentimes preventing the application of DL-based methods. Many
approaches have been proposed to ease the data problem, data augmentation being the
most popular choice. Here, the dataset is artificially enlarged by applying intensity
or spatial transformations to the given images. Another approach to expand or even
replace datasets is the generation of synthetic images, e.g. through generative adversarial
networks or diffusion models [Goodfellow et al., 2020; Ho et al., 2020]. However, these
methods themselves require large, yet annotation-free, datasets.

A different approach frequently pursued is not to enlarge the training data, but to
use transfer learning. Here, CNNs are first pre-trained on separate, large-scale datasets,
so that they have a good starting point for adapting to small medical datasets, and
then fine-tuned for the respective tasks. Thereby, either the entire network is fine-
tuned or only the last layers of the network are replaced and trained. Self-supervised
learning (SSL) uses labels that are artificially produced from the data to pre-train the
networks rather than manual labels. Among others, SSL tasks may include predicting
transformations applied to the input images, superresolution, inpainting, denoising or,
in the case of time series data or videos, frame ordering and forecasting. Contrastive
SSL, similar to clustering methods, aims to align similar input pairs while pushing apart
dissimilar inputs. Similar or positive pairs are generated by randomly augmenting the
same input twice, while dissimilar or negative pairs are built from different images. The
network is then trained to produce the same features for positive and dissimilar features
for negative pairs [Chen et al., 2020]. Such pre-training methods can greatly improve
the supervised fine-tuning of CNNs on small datasets, and have the potential to be used
as stand-alone unsupervised techniques for medical image analysis.

Anomaly detection methods tackle the data scarcity problem from a different perspec-
tive. Rather than relying on datasets featuring the pathologies or diseases of interest,
the aim is to detect everything that deviates from the “normal” appearance of images.
For this purpose, networks are trained on healthy images and applied to pathological
data during inference. In autoencoders, deviations from the healthy distribution can
then be found based on the reconstruction error or by analyzing the feature distribution
in the latent space [Zhou and Paffenroth, 2017; Uzunova et al., 2019]. Self-supervised
anomaly detection, in turn, uses artificially introduced anomalies reflecting the appear-
ance of real pathologies to train anomaly segmentation networks in a supervised manner
[Baugh et al., 2023]. Such methods allow increasingly precise delineations of pathologies,
but need a careful selection of pretext tasks, i.e. a sophisticated creation of artificial
anomalies, to ensure that the vast variety of real pathologies is covered. Furthermore,
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methods relying on no or on synthetic labels usually still lag behind solutions that use
manual annotations.

While semantic segmentation allows to interpret individual images, the pixel-precise
comparison between images from different time points, patients or modalities is only
possible if corresponding structures in the images are exactly aligned. To achieve such
an alignment is the goal of image registration, which describes the process of transform-
ing images into a common coordinate system. Typically, image registration is done in
an unsupervised manner by using image similarity and deformation regularity as opti-
mization objective for either iterative algorithms [Beg et al., 2005; Avants et al., 2008;
Klein et al., 2009] or DL approaches [Jaderberg et al., 2015; de Vos et al., 2019; Bal-
akrishnan et al., 2019; Mok and Chung, 2020]. Here, the pathologies often observed in
medical images pose difficulties since they differ greatly in their size, appearance and
location among patients. This means that for the pixels affected by the pathology in
one image, no corresponding pixels can be found in the other image. The intensity
differences introduced by such non-correspondences are disparate from the differences
that occur in other areas of the images. In many registration frameworks, this leads to
unrealistic deformation fields that overcompensate for the intensity differences, making
them unsuitable for subsequent volume change or displacement analyses [Chen et al.,
2015]. Similar problems arise when analyzing time series image data: New and disap-
pearing pathologies or pathologies that have changed in size lead to non-correspondences
between time points, as they are either not visible for one time point or occlude and
displace the surrounding anatomy.

One approach to achieve more realistic deformation fields in the presence of pathologies
is to use segmentation masks to regularize the deformation in non-correspondent areas.
This, however, requires that the segmentations are available beforehand. In addition, the
segmentations of individual images for time series data do not directly contain informa-
tion on which pathologies do not correspond to the other time points. Due to the as yet
unestablished spatial alignment, it is unclear which pathology has newly appeared, has
changed in size, or has disappeared. Finally, even with given segmentations, structures
that are only visible at one time point cannot be compensated for by deformation-based
approaches alone. Metamorphosis approaches, therefore, estimate both shape and ap-
pearance differences to match the images [Niethammer et al., 2011; Frangois et al., 2022;
Tian et al., 2023]. Oftentimes, these methods suffer from an entanglement of form and
appearance, i.e. differences in form are compensated for in appearance and vice versa,
which again hinders the plausibility of the generated deformation fields.

Given the high necessity for automated tools to analyze medical images and the de-
velopments and problems described above, the goal of this work is to develop algorithms
for the interpretation of medical time series image data. More specifically, the goals are
to segment pathologies and analyze disease progression over time, with the main focus
on retinal and brain diseases on optical coherence tomography (OCT) and MR images.
Owing to the success of DL methods, the algorithms presented in this thesis use CNNs
and multi-layer perceptrons. Since medical images are available in larger quantities than
their corresponding labels, a further methodological focus of the work is to reduce or
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Figure 1.1: Medical time series image analysis faces common challenges: manual anno-
tations are often missing, and analyzing disease progression requires comparing multiple
time points despite evolving pathologies causing non-correspondent image areas. In im-
age registration, these non-correspondences result in unrealistic deformation fields (red
ellipse) that, additionally, cannot introduce evolving pathologies (marked in orange).
For this example, registration was performed using ANTs SyN [Avants et al., 2008],
mapping visit 1 and 2 to their subsequent follow-up. Below, the methodological chap-
ters of this thesis are listed and color-coded by the approaches used to address data
scarcity and registration challenges. Weakly, partially, and completely unsupervised
training methods are explored. The proposed image registration methods improve de-
formation plausibility by detecting and masking non-correspondent areas and explicitly
incorporating new pathologies into the registration process.

even eliminate the need for manual segmentations by exploiting the information hidden
in the images. Time series data bares the potential to identify disease progression as
variations between images from different visits. Many of the considered methods, there-
fore, use image registration to enable the comparison and detection of changes between
images. However, image registration suffers from the evolving diseases depicted in the
images, as they may contain new or disappearing pathologies. Hence, another goal of
this thesis is the integration of such evolving processes into image registration networks
to overcome the problem of unrealistic deformations caused by non-correspondences.
The objectives of this work can be summarized as follows:

Develop algorithms that
e analyze medical time series data
e minimize the manual annotation need
e are pathology-aware.

More specifically, the goal is to develop deep learning-based algorithms for the automa-
tized segmentation of medical time series image data, while minimizing the need for man-
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ual annotations to train such algorithms. A particular focus of this work lies in the imple-
mentation of image registration solutions that enable unsupervised non-correspondence
detection and result in realistic, i.e. pathology-induced, deformations.

These goals are pursued in three ways throughout this work: First, images are analyzed
individually using a clustering approach. Second, image registration with simultaneous
non-correspondence segmentation is used to jointly analyze images from subsequent
time points. The third class of approaches is also based on longitudinal image registra-
tion, whereby the focus here is on metamorphosis-inspired approaches to integrate new
pathologies in the deformation process. Fig. 1.1 provides a brief overview of the problems
addressed in this thesis and also indicates the chapters in which they are dealt with. A
more detailed description of the structure of this thesis and the proposed methodologies
is given in the following section.

1.2 Organization and Contributions

This work tackles the DL-based analysis of longitudinal medical image data, with appli-
cations focusing on the analysis of OCT images of the skin and eye and MR images of
the brain. Thereby, the overall goal to reduce or even completely eliminate the need for
difficult-to-get manual annotations is pursued in three ways. First, images are analyzed
individually using a contrastive-learning approach to separate healthy and pathological
image regions. This approach is presented in Chapter 3 and trained partially supervised
to segment retinal atrophy and fully unsupervised to segment wounds in OCT images.
Second, images from subsequent time points are analyzed jointly using image registration
approaches that detect non-correspondences between images automatically. Deforma-
tion fields and non-correspondence segmentations are generated within one network to
regularize the registration task, leading to more plausible deformations, as shown in
Chapter 4. In Chapter 5, this approach is extended for the detection, segmentation and
modeling of new multiple sclerosis lesions. Third, metamorphic registration approaches
for the decoupling of common and discriminative image features between time points
are presented. The separation of the (pathological) changes from the constant anatomy
helps to create more realistic, pathology-aware deformations. In Chapter 6, a convolu-
tional neural network is used for the longitudinal registration of OCT images with new
pathologies, whereas in Chapter 7 implicit neural representations are used for the same
purpose.
In more detail, this thesis is structured as follows:

e Chapter 2 gives the theoretical background necessary for a deeper understanding
of the methodologies described in Chapters 3 to 7. First, the basic concepts and
a brief overview of the existing methods for automatic image segmentation and
registration are given. Second, DL is introduced by explaining the functionality of
artificial and convolutional neural networks. Finally, the imaging modalities and
datasets analyzed throughout this thesis are introduced.
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e Chapter 3 uses invariant information clustering (IIC) in a contrastive learning-like
setup to segment pathologies in OCT images. IIC encourages network predictions
for differently augmented versions of the same image patch to be the same. Here,
it is proposed to combine IIC with a locality-preserving loss that favors spatially
close patches to be assigned to the same class, whereas distant patches are classi-
fied independently of each other. This new combination of loss functions allows the
unsupervised segmentation of wounds and the partially supervised segmentation
of atrophic eye regions. For both applications, pathology extension in the en-face
plane is the major biomarker of interest, which is why a sophisticated network ar-
chitecture is used that classifies single columns (A-scans) of the 3D image volumes.
The proposed method for wound segmentation was published in:

[Andresen et al., 2022b] J. Andresen, T. Kepp, M. Wang-Evers, J. Ehrhardt, D.
Manstein and H. Handels: “Unsupervised Segmentation of Wounds in Optical
Coherence Tomography Images Using Invariant Information Clustering” in Bild-
verarbeitung fiir die Medizin (BVM) 2022 (editors: K. Maier-Hein, T. Deserno, H.
Handels, A. Maier, C. Palm, T. Tolxdorff), Heidelberg, Germany, 2022

e Chapter 4 presents the joint non-correspondence segmentation and image regis-
tration network (NCR-Net), at the time one of the first and few CNNs capable
of registering pathological images while simultaneously segmenting areas of miss-
ing correspondences between the images. Network training uses a combination of
segmentation sparsity, deformation field regularization and an image distance mea-
sure that is masked with the segmentation output of the network. This masking
encourages the segmentation of voxels with a large appearance difference, while
ensuring smooth deformations inside these regions, thus leading to more plausible
transformations. No pathology annotations are required for training and yet the
resulting segmentations can be used for the unsupervised delineation of patholo-
gies, as demonstrated for retinal OCT and brain MR images and published in:

[Andresen et al., 2022a] J. Andresen, T. Kepp, J. Ehrhardt, C. von der Burchard,
J. Roider and H. Handels: “Deep Learning-Based Simultaneous Registration and
Unsupervised Non-Correspondence Segmentation of Medical Images with Patholo-
gies” International Journal of Computer Assisted Radiology and Surgery 17, 2022

e Chapter 5 proposes application-driven extensions of NCR-Net to enable the de-
tection and segmentation of new multiple sclerosis (MS) lesions. Most importantly,
ANCR-Net is introduced, where the “A” stands for appearance adaptation. In-
stead of only segmenting the new lesions, these are modeled with appearance off-
sets, inspired by metamorphosis approaches. Thus, the registration, segmentation
and modeling of new lesions is enabled within a single CNN. Furthermore, the
potential of the modeled lesions to reveal different lesion areas is shown. Unsu-
pervised approaches proved unsuitable for the difficult task of delineating the very
small and often subtle MS lesions, but for comparison to ANCR-Net, NCR-Net is
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trained again, and its outputs serve as prior knowledge to improve the performance
of a segmentation U-Net. These methods were originally proposed in:

[Andresen et al., 2022¢] J. Andresen, H. Uzunova, J. Ehrhardt, T. Kepp and H.
Handels: “Image Registration and Appearance Adaptation in Non-Correspondent
Image Regions for New MS Lesions Detection” Frontiers in Neuroscience 16, 2022

[Andresen et al., 2021] J. Andresen, H. Uzunova, J. Ehrhardt and H. Handels:
“New Multiple Sclerosis Lesion Detection with Convolutional Neural Registration
Networks” in MSSEG-2 Challenge Proceedings: Multiple Sclerosis New Lesions
Segmentation Challenge Using a Data Management and Processing Infrastructure.
MICCAI 2021 - 24th International Conference on Medical Image Computing and
Computer Assisted Intervention (editors: O. Commowick, F. Cervenansky, F. Cot-
ton and M. Dojat), Strasbourg, France, 2021

Chapter 6 focuses on the registration of OCT images with dynamically changing
pathologies. A fluid registration network (FluidRegNet) is proposed that models
the onset of fluid formation by estimating a sparse appearance “seed” which is de-
formed to match the pathology in the reference image. In longitudinal registration,
this allows to not only align existing fluids but to integrate new pathologies in the
registration process. The resulting deformation fields concentrate volume changes
in fluid regions and can, thus, be used to visualize areas of disease progression.
Appearance offsets and deformation fields are used to segment new fluids in an
unsupervised manner. In the second part of the chapter, FluidRegNet is trained
to register healthy onto pathological images, allowing to model and segment all
pathologies observed in the images, i.e. to use FluidRegNet for anomaly detection.
The first part of the chapter is based on:

[Andresen et al., 2024] J. Andresen, J. Ehrhardt, C. von der Burchard, A. Tatli,
J. Roider, H. Handels and H. Uzunova: “FluidRegNet: Longitudinal Registration
of Retinal OCT Images with New Pathological Fluids” in Proceedings of The 7th
International Conference on Medical Imaging with Deep Learning (MIDL) volume
250 of Proceedings of Machine Learning Research (editors: N. Burgos, C. Petitjean,
M. Vakalopoulou, S. Christodoulidis, P. Coupe, H. Delingette, C. Lartizien and D.
Mateus), Paris, France, 2024

Chapter 7 presents methods based on implicit neural representations (INRs)
for two different applications. First, a generalizable INR is proposed for the im-
proved shape interpolation of sparsely sampled retinal OCT images. Additional
context information from another imaging modality is integrated to enable the
reconstruction and correct localization of blood vessels. Second, INRs are used for
the registration of pathological images. Two INRs are used for each registration
problem, which allows to not only learn the deformation field, but also to integrate
developing pathologies into the registration process. Similar to FluidRegNet, the
proposed INR delivers deformation fields with larger volume changes in patho-
logic areas than in the surrounding healthy tissue, and the generated outputs are
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used for unsupervised fluid segmentation. The interpolation method was originally
published in:

[Kepp et al., 2025] T. Kepp, J. Andresen, and H. Handels: “Bridging Gaps in
Retinal Imaging - Fusing OCT and SLO Information with Implicit Neural Repre-
sentations for Improved Interpolation and Segmentation” in Bildverarbeitung fir
die Medizin (BVM) 2025 (editors: C. Palm, K. Breininger, T. Deserno, H. Han-
dels, A. Maier, K.H. Maier-Hein, and T.M. Tolxdorff), Regensburg, Germany,
2025

Each of the methodological Chapters 3 to 7 first motivates the presented approaches
and gives an overview of the relevant literature before describing the method itself, pre-
senting and discussing the results achieved. The concluding Chapter 8 summarizes the
results of the methodological chapters and looks at them from an overarching perspec-
tive in order to clarify whether the intended objectives were achieved and what further
research questions arise.

For the publications [Andresen et al., 2021, 2022a,b,c, 2024] listed above, the method-
ological development, implementation and evaluation were carried out by the author of
this thesis, who also took the lead in writing the manuscripts. Methodological develop-
ment and the writing of the manuscript of the publication [Kepp et al., 2025] were done
in equal parts by T. Kepp and the author of this thesis, who share the first authorship.
The data acquisition and annotation of the images used in the publications were car-
ried out by M. Wang-Evers, C. von der Burchard, A. Scharf and A. Tatli. J. Ehrhardt
contributed comparison algorithms for publications [Andresen et al., 2022al, [Andresen
et al., 2024] and [Kepp et al., 2025]. H. Uzunova also contributed a comparison al-
gorithm to [Andresen et al., 2024]. H. Handels and H. Uzunova supervised the work.
All co-authors provided critical feedback and helped shape the research, analyses and
manuscripts.



Chapter 2

Background

The purpose of this chapter is to provide the theoretical foundations for the following
methodological chapters. Sec. 2.1 introduces the two main applications of the algorithms
presented in this thesis: semantic segmentation and spatial registration of medical im-
ages. All considered algorithms are based on deep learning, the theoretical background
of which is described in Sec. 2.2. Subsequently, Sec. 2.3 gives a description of the metrics
used in this thesis to evaluate the proposed algorithms. Finally, in Sec. 2.4, the datasets
used throughout this thesis are briefly introduced.

2.1 Medical Image Analysis Tasks

The algorithms presented in this thesis serve two main medical image analysis tasks:
semantic segmentation and spatial registration, both used to monitor diseases over time.
The basic concepts of these two tasks will be presented in the following.

2.1.1 Semantic Segmentation

Semantic segmentation describes the process of assigning each pixel or voxel in an image
a class label to section the image into regions (segments) that correspond with the
displayed content. The most prominent applications of semantic segmentation in the
medical field are the quantification of pathologies such as tumors or fluids, organs or
other anatomical structures and their temporal monitoring. Furthermore, segmentation
is an important pre-processing step for other image analysis tasks like image registration,
three-dimensional rendering of the considered structures and computer-assisted surgery
planning. Formally, the image I : Q C RY — R is divided into segments by the mapping
S : Q — L with £ being the set of possible labels | € £ = {0, 1, ..., L — 1}. The spatial
dimension d typically is d = 2 or d = 3 for 2D or 3D medical images.

In clinical practice, semantic segmentations most often are generated manually by
physicians, which is a time-consuming and error-prone process. Automated segmenta-
tion methods can, therefore, significantly improve the clinical routine by saving expen-
sive off-patient expert time and harmonizing segmentation results. Existing algorithms
for automatic image segmentation can be divided into point-, region-, edge-, model-,
clustering- and learning-based approaches [Handels, 2000; Ramesh et al., 2021]. The
simplest, point-based approaches rely on pixel intensities only to achieve a pixel-wise
classification. One or several thresholds are used to assign each pixel a class label. Ob-
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viously, these approaches are highly susceptible to noise and intensity variations in the
images. Region-based approaches, such as the region growing algorithm [Adams and
Bischof, 1994], consider local image regions rather than single pixels. Starting from ini-
tial seed points, neighboring pixels are iteratively assigned to different segments based
on a pre-defined homogeneity criterion. Typically, methods based on region growing
are only semi-automatic, as they require manual seed point selection. Despite being less
prone to noise than point-based segmentation methods, region-based methods still suffer
from low contrast, local intensity variations and fuzzy edges.

Methods based on clustering follow a similar idea, grouping homogeneous pixels into
the same segment and separating dissimilar pixels into different segments. In contrast to
region growing, clustering methods are fully unsupervised. The most popular clustering
algorithm is k-means clustering [Lloyd, 1982]. Starting from k initial cluster centers,
each voxel is assigned the cluster whose cluster center has the minimum distance to
this voxel. The distance typically depends on voxel intensities, texture, location or a
combination of these. In the next step, the cluster centers are recalculated via averaging
of all voxels in the cluster. These steps are repeated until convergence is reached, or a
stopping criterion is met.

Edge-based methods seek to find strong local alterations of intensities or other image
features. A popular half-automatic edge-based segmentation method is the live wire
segmentation [Mortensen et al., 1992; Barrett and Mortensen, 1996, 1997]. The user
marks successive contour points, and, based on image edge information, the most cost-
effective path between these points is found using graph-theoretic methods. Additionally,
the cost function can also take into account external information, such as the smoothness
of the contour and the consistency of the new contour section with the partial contour
already found. This enables segmentation in the case of blurred edges or several closely
spaced edges.

In contrast to point- and region-based methods, model-based approaches can consider
the entire image to create meaningful segmentations, even in the case of poor-quality
images or partial occlusions. Statistical shape models (SSMs) are a prominent model-
based approach for semantic segmentation [Cootes et al., 1992; Cootes and Taylor, 1992].
Starting from a collective of segmented images, the mean shape of the considered struc-
ture is extracted and deformed in an iterative optimization process to fit new data.
SSMs are only applicable to structures that exhibit a typical shape throughout different
patients, e.g. organs, bones or other anatomical structures. Pathologies, however, are
characterized by large variations in their size and shape so that they are difficult or
impossible to represent using SSMs. Similar problems arise for another popular class of
segmentation algorithms: Atlas-based segmentation transfers the given segmentation of
one patient to a similar image of another patient. Pathologies are normally not transfer-
able from one patient to another, limiting the applicability of atlas-based segmentation
to anatomical features.

The most recent and currently most widely used approaches for semantic segmentation
are based on DL. Starting with the U-Net [Ronneberger et al., 2015], which surpassed
many standards of the time, a whole range of segmentation methods based on convolu-
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tional network architectures (cf. Sec. 2.2.4) has emerged. U-Net-like architectures are
characterized by the fact that they combine low- and high-level features of the images to
generate segmentations. These properties are learned automatically in a training phase,
during which a set of images, often annotated, is used to iteratively adjust the network
parameters.

2.1.2 Image Registration

The goal of image registration is to geometrically align images from the same or at least
similar scenes. That is, given two images taken, for example, at different times, per-
spectives or from different devices, the goal is to find a plausible transformation, such
that a deformed version of the first image is similar to the second one [Modersitzki,
2009]. Registered images can be analyzed simultaneously, as corresponding structures
also match spatially, allowing direct comparison between images. The applications of
image registration in the medical field are manifold, including treatment planning, dis-
ease monitoring, fusion of different modalities and motion correction. Recent surveys
of medical image registration approaches can be found in [Abbasi et al., 2022; Pan and
Chen, 2023; Chen et al., 2025].

Given a fixed reference image F' : Q C R? — R and a moving image M :  — R, image
registration involves finding a transformation ¢ : R? — R? that minimizes the image
distance D[F(x), M (p(x))] for the fixed and warped moving images. The transformed
image is denoted by M[p] = M{g](z) = M(p(x)) = (M o ¢)(x). Finding the optimal
¢ is an ill-posed problem that can only be solved with additional constraints. Smooth
transformations are often required in the medical field because the anatomy of the body
cannot deform freely. This constraint on the deformation field can be enforced by joint
optimization of the image distance and a regularizer R on :

D[F(x), M(p(x))] + aR [p(x)] —~5 min. (2.1)

The weighting parameter « serves to balance between image similarity and smoothness
of the deformation field.

Image registration algorithms can be classified by (1) the spatial transformation model
used (rigid, affine, deformable), (2) the measure of image similarity used (feature- or
intensity-based), and (3) the optimization techniques used to solve Eq. (2.1). More
recently, the widespread use of DL for solving image processing tasks has led to a further
distinction between traditional, i.e. mnon-learning-based, machine learning-based and
deep learning-based registration methods [Cao et al., 2020]. While traditional methods
solve registration problems individually, learning-based methods use an entire dataset of
registration problems to move the optimization to an offline training phase. This enables
faster run times of the learning-based methods once training is complete. Regardless of
the method used, the main idea is to use a gradient descent procedure to iteratively fit
a transformation model so that Eq. (2.1) is minimized.

A typical medical image registration pipeline includes two registration steps. First, a
linear registration is performed to globally align the images. This global transformation
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may include rotation, translation, scaling and shearing. Second, a deformable registra-
tion is performed to establish voxel-to-voxel correspondences between moving and fixed
images [Cao et al., 2020]. Many image registration approaches assume correspondence
between moving and fixed images for the entire image domain. That is, it is assumed
that for every structure in the fixed image, there is a matching structure in the mov-
ing image. Problems with this assumption arise, for example, in the registration of
infant brains, which look very different at different points in time, or in the registration
of healthy and pathological images. Pathologies are not present in healthy images, so
that no correspondence can be established for the diseased tissue. Various approaches
to address missing correspondences include down-weighing the image distance in non-
correspondent regions based on previously created manual segmentations [Brett et al.,
2001; Schaffland and Schoning, 2024], or segmentations estimated during registration
[Ou et al., 2011; Chen et al., 2015; Kriiger et al., 2019], and metamorphoses models that
jointly estimate deformation fields and appearance differences to make moving and fixed
images look the same [Niethammer et al., 2011; Frangois et al., 2022; Uzunova et al.,
2023].

2.2 Deep Learning

Deep learning (DL), a subfield of machine learning, includes algorithms that can learn
from data using artificial neural networks (ANNs). The functionality of ANNs is inspired
by the information processing and storage mechanisms in the biological brain. Similar
to the visual cortex, information is processed and passed on by small units, the neu-
rons, which are arranged in several layers one behind the other. Connected via so-called
weights, these neurons form a network-like structure that processes input data, extracts
information and finally draws conclusions from the data. DL is used wherever there are
huge amounts of data from which patterns or trends can be derived. Popular applications
are speech and face recognition, autonomous driving and personalized advertisements.
Many medical applications of DL are based on convolutional neural networks (CNNs).
These are especially suitable for image analysis tasks like image segmentation or clas-
sification. Other medical application fields are electronic health records, genomics and
drug development [Yang et al., 2021].

The weighting parameters that are decisive for the output of ANNs are learned
problem-specifically and data-driven in a training process. This is done by specifying
a loss function that determines the error between desired and actual network output.
Based on this error, the training data is used to iteratively adjust the network weights
using the backpropagation algorithm so that the network outputs converge to the de-
sired outputs. Once training is complete, the learned weights extract features that are
critical to the task from the data. Thus, no manual specification of features is required,
as was the case with other machine learning algorithms such as random forest classifiers,
e.g. [Lin et al., 2020], or support vector machines, e.g. [Nanni et al., 2017]. Therefore,
and because the large number of parameters makes it impossible to understand the net-

12



2.2 Deep Learning

work’s decision-making, ANNs are often considered black box systems. Currently, much
research is being done on the interpretability of neural networks, which is particularly
important in medical applications to assure correct and safe decisions. Counterfactual
explanations are generated by perturbing the network’s input to analyze which changes
cause deviating outputs. For image analysis, approaches such as Grad-CAM [Selvaraju
et al., 2017] or saliency maps [Simonyan et al., 2014] serve to determine those image
regions that have contributed the most to the network’s output. Different from these
post-hoc methods, case-based reasoning compares the input to a particular instance (e.g.
training instances or learned prototypes) to explain the prediction, allowing the user to
evaluate the network’s decision by inspecting the most similar instances [Narayanan and
Bergen, 2024].

2.2.1 Artificial Neural Networks

Biological neurons consist of a cell body, multiple dendrites, and a single axon as dis-
played in Fig. 2.1. Dendrites are highly branched cell processes that receive excitatory
or inhibitory signals from other neurons. The axon is another cell extension that carries
signals to other cells at the synapses. The effect of incoming signals is cumulative if they
occur in quick succession or are received by multiple synapses. When the accumulated
excitatory signals reach the threshold potential of the neuron’s cell membrane, an action
potential is triggered. This action potential follows the all-or-nothing principle: it either
occurs in full size or not at all [Campbell et al., 2015].

Artificial neurons mimic this behavior of accumulating incoming signals, weighting
them and only passing them on when an internal threshold is reached (cf. Fig. 2.1). For
this purpose, each artificial neuron has a certain number of inputs that receive signals
(usually real numbers between 0 and 1 or -1 and 1) from previous neurons. These input
signals are multiplied by weights and then summed up. The all-or-nothing principle
in a biological neuron is technically realized with an activation function applied to the
resulting summed input signal. The obvious choice for performing this thresholding
would be a simple step function. However, as will be explained in the following section,
any operation performed in the ANN must be differentiable, which is not the case for
step functions. Commonly used activation functions include the sigmoid function, the
hyperbolic tangent, and the rectified linear unit (ReLU), each of which is a differentiable
approximation to the threshold function. A comparison between biological and artificial
neurons, also called perceptrons, is shown in Fig. 2.1.

The output y of a perceptron is calculated via

y=g (Z Taw; + b) , (2.2)

=1

where ¢ is the activation function, z; for ¢ = 1,2, ..., n are the n inputs of the perceptron
and w; are its weights. The weight b is the bias weight of the perceptron and realizes the
internal threshold potential of biological neurons. A single perceptron can already per-
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Figure 2.1: Analogy between biological and artificial neurons. Own illustration inspired
by [Vadapalli, 2021; Burkhard, 2006; Meng et al., 2020]

form linearly separable classification tasks. However, the true power of neural networks
lies in the combination of many such perceptrons, same as the brain’s computational
power results from the complex interconnection of individual cells. The “intelligence”,
of ANNs results from the weights in the network, that copy the connections between
biological neurons, as they determine which signals are passed on or attenuated [Otte
et al., 2020].

Like biological neurons, perceptrons are arranged in layers one behind the other. Three
types of layers are distinguished from each other. The first layer of an ANN is called
the input layer, while the last layer is the output layer. Each layer in between is called
hidden layer. In current ANNs many of these hidden layers are being used, which has
led to the term Deep Learning. In typical fully-connected neural networks (FCNNs),
the perceptrons of one layer are connected to all perceptrons of the subsequent layer,
as shown in Fig. 2.1, and the data flows through the layers sequentially. For very deep
networks, it has proven to be beneficial to use skip-connections. These connections
represent a shortcut in the network, offering an alternative path for the data that is
directly passed to later layers of the network. The outputs from both paths are combined
via concatenation, or, in the case of so-called residual connections, via element-wise
addition. Skip-connections stabilize and speed up the learning process of ANNs and are
used very frequently.

2.2.2 The Backpropagation Algorithm

The goal of training ANNSs is to use examples to adjust the weights in the network so that
the network outputs match the given desired outputs. For this purpose, an objective
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or loss function £ is defined in advance, which is then minimized during training over
all given training data. Normally, training datasets are too large to be sent completely
through the ANN in a single run. Minimization is, therefore, performed using stochastic
gradient descent. A fixed amount of data points (mini batch) is drawn randomly and
passed through the network. Subsequently, the network weights are adjusted based on
the error made on this partial dataset. This step is repeated until the entire dataset has
been passed through the network. One pass through the dataset is called an epoch. The
training of ANNs requires many epochs to converge.

The algorithm used to adapt the network’s weights and biases is called the backprop-
agation algorithm and is a generalization of the delta learning rule. For example, let the
loss function be defined by the quadratic error £ = % Zjvzl (yj — ngT)Q between network
outputs y; and ground truth values yfT, whereby N is the number of output neurons
of the network. The connecting weight w;; of neurons ¢ and j is updated based on the
gradient of the loss function with respect to w;;. The gradient descent direction for w;;
is given by

w;}ew = wf;d —nN-Y;- 5]' (23)
where y; is the output of neuron ¢, 7 is the learning rate and J; is calculated via

P mawig) (y; — st if  is output
5j:{g (D im1 wiwij) (y; — ;) if neuron j is output neuron (2.4)

g (o7 xwij) Yo, 0wy, if neuron j is hidden neuron.

The index k runs over all neurons located in the layer following the layer in which
neuron j is located. Whereas the parameters of output neurons can be updated directly
by comparing them with the desired outputs, the parameters of hidden neurons are
updated by propagating the error from the end of the network to the input of the
network.

The learning rate 1 in Eq. (2.3) defines how strongly the parameters are changed
in each iteration. This parameter may be chosen fixed throughout the entire training
process, but typically it is changed with each epoch. The Adam algorithm [Kingma
and Ba, 2015] computes individual adaptive learning rates for each parameter based on
estimations of the first and second moments of the gradients. Like this, updates do not
solely depend on the current gradient but also on gradients of previous iterations. Adam
can help overcome problems arising from very steep or very shallow gradients, and is a
popular choice for the training of ANNs.

2.2.3 Implicit Neural Representations

Recently, a new way of using FCNNs or multi-layer perceptrons (MLPs) has emerged,
where the data is not used as input to the network, but is represented by the network
itself. For example, an image is encoded implicitly in an MLP by passing the spatial
coordinates of the pixels as input to the network and training the network to predict
the intensity or color value of the pixels. Such an MLP is called implicit neural repre-
sentation (INR), where the idea is to store the image not as a discrete matrix of pixel
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values, but as a continuous function from which the pixel values are sampled. Once
the network has been adapted to an image, pixel values can also be predicted at inter-
mediate locations outside the original pixel grid. This allows a memory-efficient and
resolution-independent storage of images or other signals.

However, INRs that use widespread activation functions, such as ReLLU, show a low-
frequency bias, i.e. they fail to represent the high-frequency components of the signals.
To mitigate the tendency to generate smooth, piece-wise linear functions of ReLLU-based
networks, two complementary strategies have emerged: First, replacing the activation
functions with periodic ones and second, transforming the input coordinates to higher-
dimensional features. Sitzmann et al. proposed sinusoidal representation networks
(SIRENSs), that use the periodic sine function for activation [Sitzmann et al., 2020].
The activation function g in Eq. (2.2) becomes

gsiren () = sin(wz), (2.5)

where w is used to match the frequency spectrum of the signal. In practice, w = 30
has proven successful for many applications [Sitzmann et al., 2020; Byra et al., 2023a].
Since then, several works proposed alternative activation functions that, like SIREN,
also improve the ability of the INR to capture fine details, e.g. [Ramasinghe and Lucey,
2022; Saragadam et al., 2023; Liu et al., 2024]. Wavelet INRs (WIRE) use complex
Gabor wavelet activation functions

gwire(x) = exp(jwz) - exp(—|sm|2), (2.6)

improving the representation quality over SIREN for both natural and medical images
[Saragadam et al., 2023].

Alternatively or additionally, the input coordinates can be transformed to frequency-
rich, higher dimensional features. For example, positional encodings map input coordi-
nates v € [0,1)? to a set of sinusoids before passing them through the network. The
mapping is defined by

v(v) = [sin(2°7mv), cos(2°7v), sin(2'mv), ..., cos(2" "'mv))] (2.7)

with a pre-defined number of frequencies K [Mildenhall et al., 2021]. Following, it was
proposed to use a random projection

v(v) = [sin(2r Bv), cos(2rBv)] ", (2.8)

where each element in the matrix B is randomly drawn from a standard normal dis-
tribution [Rahimi and Recht, 2007; Tancik et al., 2020]. There are several alternative
encodings, that can be used, e.g. multi-resolution grids [Barron et al., 2021] or hash
encodings [Miiller et al., 2022]. Input encodings are often used with ReLLU activation
functions, but are also increasingly being combined with periodic activation functions
[Byra et al., 2023b]. An overview of the different ways to implement an INR is given in
Fig. 2.2, using the example of an OCT image of a skin wound. In this work, STREN and
WIRE will be used in conjunction with positional encodings.
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Figure 2.2: Overview of a general INR framework for OCT image representation. Input
are the voxel coordinates, that are optionally transformed to higher dimensional feature
vectors. The network used is a simple MLP with dedicated activation functions. Output
of the INR are the OCT intensity values at the respective voxel locations. The example

image shown is taken from the wounds dataset (cf. Sec. 2.4).

2.2.4 Convolutional Neural Networks

The processing of images with FCNNs has a number of drawbacks. FCNNs require a
fixed number of inputs and outputs, so that only images of a fixed size can be processed
with one FCNN. Object detection or segmentation in images should work regardless of
the position of the object in the image. This is not the case with FCNNs, since it cannot
be ensured that the learned network weights evaluate different image regions in the same
way. Moreover, the pixels in an image have a spatial arrangement, that is being lost
in fully-connected layers (FC layers) since all output neurons are connected to all input
neurons. Finally, FCNNs have an enormous number of parameters to be learned, making
the processing of large 3D images infeasible, even with modern computers.

CNNs tackle these problems by using specific types of network layers designed to
process images, which are illustrated in Fig. 2.3. The name-giving convolutional layers
contain learnable weights and bias values like the perceptrons in FC layers and are also
used to extract features from the data. In contrast to FC layers, convolutional layers
have only a small number of parameters that are used as discrete filters applied to small
local image regions. Filtering is performed by calculating the scalar product of pixel and
filter values. Unlike in FC layers, the multiplication is not performed only once, but is
applied to each pixel position of the image in a sliding window fashion (blue and green
pixels in Fig. 2.3). Thus, the same weights are used at each position in the image, which
is why the weights in convolutional layers are called shared weights. Shared weights
inherently lead to translation invariance. The features extracted by the filter kernels
are the same regardless of where the object is located in the image. As in FCNNs, the
convolutional layer is most often followed by a non-linear activation function.

The second type of layer designed for the processing of images are pooling layers.
These subsample the feature maps that result from the convolutional layers. A 2 x 2-
kernel is often used, that is moved over the image with a step size (stride) of two
pixels. The four pixels covered by this kernel are reduced to one, usually by keeping
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Figure 2.3: Illustration of convolutional and pooling layers typically used in modern
CNNgs.

the maximum pixel value or by taking the average of all four values (yellow pixels
in Fig. 2.3). Typically, pooling layers are applied periodically throughout the CNN
after a small number of convolutional layers. Pooling helps to condense the extracted
information and to reduce the computational load of CNNs. The reduced size of feature
maps enforces meaningfulness of the learned features. Moreover, pooling increases the
receptive field, the region in the input image that influences one pixel of the network
output.

In deep CNNs, multiple convolutional layers followed by pooling layers are used. With
each such layer, the receptive field is successively increased, allowing deep networks to
use large image regions to create outputs. The receptive field of deep networks fully
covers large objects and allows more context to be considered, which helps many image
analysis tasks like object detection, classification or registration. Another advantage of
using deep CNNs is that more complex features can be learned in deeper layers. Simple
features like edges are extracted early in the network, whereas the combination of these
simpler features leads to more complex and defining feature maps later in the network.

2.2.4.1 Classification with Convolutional Neural Networks

Most approaches for image classification with CNNs are based on network architectures
with multiple convolutional and pooling layers, followed by FC layers that finally provide
the classification label. The typical CNN architecture was proposed as early as 1980
by K. Fukushima under the name Neocognitron [Fukushima, 1980], but the enormous
success of CNNs started only in 2012 when the AlexNet proposed by A. Krizhevsky et al.
won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [Russakovsky
et al., 2015] with a lead of more than 10% over the other competitors [Krizhevsky et al.,
2012]. In Fig. 2.4, the AlexNet architecture is shown. Input to the network are RGB
images, rescaled and cropped to a resolution of 224x224x3 pixels. These inputs are first
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Figure 2.4: The architecture of AlexNet [Krizhevsky et al., 2012], one of the first
successful CNNs for image classification. Five convolutional layers are completed by
three fully-connected layers that map the input image to one of the 1000 classes of
the ImageNet dataset. Maximum pooling is performed after the first two and the last
convolutional layers. Numbers below convolutional layers give the sizes of the resulting
feature maps, and numbers below fully-connected layers indicate the number of neurons
of the respective layers. Illustration adapted from [Han et al., 2017].

processed by a convolutional layer with a filter size of 11x 11 and a stride of four pixels.
The three color channels of the input images are transformed into 96 feature maps, which
are then processed with maximum pooling and fed to a second convolutional layer with
a filter size of 5x 5. The 256 feature maps generated here are again processed with
maximum pooling before being sent through three more convolutional layers. Maximum
pooling is not applied between these layers, but only after the last convolutional layer.
The last three convolutional layers have 384, 384 and 256 kernels, respectively. The
resulting feature maps are flattened into a single vector, that is processed by three FC
layers with 4096, 4096 and 1000 neurons. The output of the network is a 1000-component
vector that is fed to a softmax activation function to produce a distribution over the
1000 class labels of the ILSVRC. The AlexNet architecture is still a popular choice for
image classification tasks. Other successful classification CNNs are, for example, VGG-
16 and -19 [Simonyan and Zisserman, 2015], GoogLeNet [Szegedy et al., 2015], ResNet
[He et al., 2016] and DenseNet [Huang et al., 2017].

In 2021, Dosovitskiy et al. presented Vision Transformer (ViT) as an alternative to
CNNs for image classification tasks [Dosovitskiy et al., 2021]. Transformers originate
from language processing tasks, where they surpassed the previously established recur-
rent neural network (RNN) architectures. RNNs process words one at a time, whereas
transformers are non-sequential and use full sentences to perform the task at hand. This
allows transformers to access past information while prioritizing the various input com-
ponents according to their importance. Analogously, in ViTs, input images are treated
as a sequence of image patches. Each patch is flattened into a vector which is projected
linearly onto a lower-dimensional embedding and combined with a learnable positional
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embedding. The embedded sequence is fed to a transformer encoder that is finalized by
FC layers that produce the class label. In contrast to CNNs with their local receptive
field, ViTs can capture the global context of the images [Shamshad et al., 2023]. ViTs
have gained in popularity since they were first presented. In particular, hybrid models,
where the input sequence is formed from CNN feature maps, are often used for image
classification, e.g. [Dosovitskiy et al., 2021; Chen et al., 2021; Wang et al., 2021b], but
also for other image processing tasks such as segmentation and registration, e.g. [Chen
et al., 2022; Zhang et al., 2023].

2.2.4.2 Segmentation with Convolutional Neural Networks

Image segmentation requires pixel-wise rather than global class labels. The architec-
ture of segmentation CNNs, therefore, needs to be changed compared to classification
networks such that they output images. The fully convolutional U-Net by Ronneberger
et al. accordingly consists of one encoding and an inverse decoding path [Ronneberger
et al., 2015]. The encoder processes the input images with several convolutional layers
and maximum pooling. This leads to ever smaller feature maps, the number of which
increases with the convolutional layers. The small feature maps are enlarged again in the
decoder and their number is reduced by convolutions. To preserve both high-resolution
spatial detail of the early layers, as well as the more meaningful information of deep lay-
ers, skip-connections are used to connect features in the encoding path with features in
the decoding path. This makes it possible to recognize the context of image objects and
perform an exact localization of the objects by using both the abstract feature maps of
the deep layers and the simpler features from the beginning of the network at the same
time.

The U-Net architecture is displayed in Fig. 2.5. At each resolution level, two convo-
lutional layers with a kernel size of 3 x 3 followed by maximum pooling are used. The
very first convolutional layer produces 64 feature maps, while the second does not in-
crease the number of features but produces again 64 feature maps. Analogously, in the
following convolutional blocks, the first layer doubles the number of features and the
second retains this number. ReLU is used after each convolution as non-linear activa-
tion function. In the decoder of the original U-Net paper, the enlargement of feature
maps is done by upsampling, followed by a 2 x 2 convolution to halve the number of
feature maps. Since upsampling may lead to checkerboard artifacts, more sophisticated
methods can be used, such as interpolation or transposed convolutions. An often used
modification to the original U-Net architecture is the usage of padded convolutions to
prevent the size of the feature maps from changing due to the convolutions. In [Ron-
neberger et al., 2015], segmentation maps were only given for the central part of the
input images. Furthermore, it has proven beneficial to use normalization layers after the
convolutions (and before applying the activation function), in which the values of the
feature maps are re-scaled to have zero mean and unit variance. While in instance nor-
malization, standardization is performed for each feature map of a single input example,

20



2.2 Deep Learning

Input
image
572X 572

Output
segm.
512 388 x 388

256 512 1024

6 Convolution 3 x 3, ReLU 6 Maximum pooling 2 X 2 6 Upsampling, convolution 2 X 2

Figure 2.5: The architecture of U-Net [Ronneberger et al., 2015], the most frequently
used CNN for image segmentation. The network consists of an encoding path, reducing
image resolution and extracting increasingly abstract features, and a mirroring decoding
path, that enlarges the images again. Features from both parts are concatenated to
preserve both spatial detail and abstract features. Numbers below boxes indicate the
number of feature maps, while arrows show the concatenation of features.

in batch normalization (BN), standardization is performed for each feature map of all
elements in a mini batch. Normalization can speed up the network’s convergence and,
in the case of BN, also improve the generalization of the network, since the result for a
given instance depends on the other elements in the batch, which introduces regularizing
noise into the training process.

Since its development in 2015, U-Net is the most widely adopted CNN architecture
not only for segmentation but also for other tasks, such as image-to-image translation or
the generation of deformation fields for image registration. While U-Net-based networks
proofed very successful in many medical image analysis tasks, their training requires
large amounts of (labeled) data. Especially in the medical field, the size of datasets
is often limited due to the small number of patients, data protection regulations and,
most importantly, the need for expert knowledge to create ground truth labels. This
data scarcity can lead to overfitting, where the enormous number of parameters in the
network are used to store the input data and the corresponding desired output, rather
than recognizing general patterns. This results in such a network performing significantly
worse on unknown data than on training data. To prevent overfitting and to robustly
train CNNs based on small datasets, data augmentation techniques are widely used
in the DL domain. Data augmentation serves to increase the variance in the dataset
artificially by applying transformations to the existing images. These transformations
can include geometric deformations as well as intensity changes. Most often, geometric
deformations comprise rigid transformations such as flipping, translation and rotation.
Depending on the application, elastic deformations might also be conceivable. Intensity
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changes include, for example, adding random noise, masking out random image areas or
adjusting the image brightness and contrast.

2.3 Evaluation Metrics

This section lists and shortly introduces the metrics used throughout this thesis to eval-
uate the segmentation and registration performance of the proposed algorithms. First,
metrics to assess segmentation results are given, followed by metrics for the assessment
of image registration accuracy and deformation regularity.

2.3.1 Segmentation Metrics

Given a binary ground truth segmentation ST : Q — {0, 1} of image I : Q — R, several
metrics can be used to evaluate the quality of a predicted segmentation S* : Q — {0, 1}
by comparing it to the ground truth. Typically, these metrics relate the number of true
positive (TP), true negative (TN), false positive (FP) and false negative (FN) voxels.
The sensitivity or true positive rate
TP
sens = ———— 2.9

T TP 4 EN (2:9)
gives the proportion of voxels that were correctly segmented, i.e. they were assigned
value one, out of all voxels that belong to the foreground class in the ground truth. In
turn, the specificity or true negative rate

N (2.10)
spec = ——— :
P INF PP
describes the proportion of correctly non-segmented voxels, whereas the accuracy
TP + TN
acc * (2.11)

" TP+ TN+ FP +FN’

measures the percentage of correctly classified voxels. All these metrics range between
zero and one, where zero indicates no agreement between ground truth and predicted
segmentation and one perfect overlap.

Oftentimes, it is more important to recognize a certain structure in the first place
than to detect every single voxel of the structure. In multiple sclerosis, for example,
the number of new focal lesions is a decisive biomarker to test the efficacy of drugs,
while the small size of these lesions means that even small changes in the segmentation
mask cause voxel-based metrics to fluctuate widely. In some applications, therefore, the
sensitivity and specificity are not reported on voxel-level, but on pathology- or image-
level. The sensitivity on pathology-level sensP®° gives the proportion of pathologies that
were correctly identified out of all pathologies in the ground truth, and the sensitivity

22



2.3 Evaluation Metrics

on image-level sens™# gives the proportion of images identified as pathological out of
all pathological images. Analogously, the specificity on image-level spec™® describes the
proportion of correctly empty predicted segmentations among all images showing no
pathology.

Area-based metrics

Let G = {x € Q|S“T(x) = 1} be the set of segmented voxels in the ground truth seg-
mentation and P = {x € Q|ST(x) = 1} be the set of segmented voxels in the predicted
segmentation. The Dice similarity coefficient (DSC) then measures the segmentation
quality as

_2[PNG| 2TP
~|P|+|G]  2TP+FP+FN’
Here, the segmentation overlap is set into relation to the total segmented area in both
ground truth and predicted segmentations. Similarly to the DSC, the Jaccard index is
given by

DSC(P,G) (2.12)

PN
- |PUG|

For some applications in this work, such a voxel-by-voxel comparison is less important
than the overall extent of the respective pathologies (e.g. the wound localization in
Chapter 3 or changes in the photoreceptor layer of the retina in Chapters 3 and 6).
A modification of the DSC is used here, in which the three-dimensional segmentations
SGT SP . Q c R® — {0,1} are first projected onto 2D using

Jac(P, Q)

(2.13)

1, if 32 such that ST (z,y,2) =1
SGT~ z, — ’ P 2.14
proi (1) {O, otherwise (2.14)
1, if 4 h that S¥ =1
Sty =" if 32 s.uc at S*(z,vy, 2) (2.15)
0, otherwise.

That is, a pixel in the 2D images is assigned value one, if any voxel in the respective 3D
column is segmented. The projected DSC is then calculated with
2|7 proj Gpr0j|

i & B 2.1
SCproi(P; G) | Poroj| + |Gproj|” o

where Gproj = {@ € Qproj| SSL:(2) = 1} and Pyroj = {& € Qproj|Shoi () = 1}

proj proj

Surface Distances

DSC and Jaccard index are area-based metrics, measuring segmentation quality based
on voxel overlap. However, they are insensitive to small segmentation errors or form
deviations, especially when evaluating large structures. Surface distance metrics are,
therefore, often used together with the DSC or the Jaccard index for applications where
the exact localization of segmentation boundaries is important. Given two sets of contour
points G and P, let

d(g, P) = mind(g, p), (2.17)

p
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where d is the Euclidean distance, then the average symmetric surface distance
deG d(.gv P) + ZpeP d(p7 G)
G|+ [P

measures the average of all shortest boundary distances between contour G to any point
on contour P and vice versa. The Hausdorff distance

HD(P,G) = max <max (d(g,P)|g € G), max (d(p,G)|p € P)), (2.19)

ASSD(P,G) = (2.18)

in turn, uses the maximum distance between the contours as measure, and is, thus, very
sensitive to outliers in the segmentation.

2.3.2 Registration Metrics

When registering two or more images, several features of the resulting deformed images
and the deformation field itself can be analyzed to evaluate how well corresponding
structures are aligned after registration and how plausible the applied deformation field
is. The regularity of the deformation field ¢ is typically assessed using the Jacobian
determinant J(x) = det(Vy(x)) = |Ve(x)|. When J(x) = 1, the deformation is
volume-preserving, whereas J(x) < 0 indicates foldings in the deformation field. In real
deformations inside the human body, inversions do not occur, which is why the (relative)
number of voxels with a negative Jacobian determinant is an important indicator for the
plausibility of the registration field and used in this thesis to evaluate image registration
results.

For evaluation of the registration accuracy, the segmentation metrics listed above can
be used, provided that the images to be registered are segmented. In that case, the
segmentation metrics are used to measure the overlap of corresponding structures after
registration. Additionally, image similarity metrics can be used to evaluate the similarity
of the fixed and warped moving images.

Image Similarity Metrics
Given two images [ : Q@ — R and J : Q — R, the mean absolute error (MAE) measures
the absolute intensity difference between the voxels in I and J:

MAE(I, J) = %Z (@) — J(@)], (2.20)

xze)

where n is the total number of voxels. The mean squared error (MSE) similarly is defined
by

1 2
MSE(I,J) = — I(x) — 2.21
SE( ) = 3 (1) - J)’ (2.21)
Using the MSE, the peak signal-to-noise ratio (PSNR) is given by
MAX
PSNR(1 =10-1 — . 2.22
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Here, MAX is the maximum possible voxel value of the images. The normalized cross-
correlation (NCC) image distance measure is defined by

> zeo (](93> _j) (‘](33) _j)
Ve ([(@) = 1)’ S (J(w) — T )’

with I being the average voxel intensity of image I and .J the average intensity of image .J,
and the local normalized cross-correlation (LNCC) calculates the NCC for small image
patches in a sliding window fashion.

These metrics have shown to oftentimes be inconsistent with human visual perception,
which is why the structural similarity index measure (SSIM) was proposed in [Wang
et al., 2004]. The SSIM is calculated with

NCC(1, J) = , (2.23)

(Cprprg + ¢1)(2015 + c2)
(1F + p5 +c1) (o7 + 05 +c2)’

SSIM(I, J) = (2.24)

where puy and p; are the mean voxel intensities of I and J, o; and o; the variances of
the intensities and o7, is the sample covariance of I and .J. Furthermore, ¢; = (k1L)?
and ¢y = (kyL)? are used to stabilize the division numerically, where L is the dynamic
range of the voxel-values. The default values of k1 and ks are 0.01 and 0.03. The
SSIM is a combination of luminance (the overall brightness of the images), contrast
and image structure. The image structure is measured using the correlation of intensity
changes. Since human perception is sensitive to structures (e.g. edges) but not so
sensitive to errors in single voxels, the SSIM corresponds more closely to the perceived
image similarity than, for example, the MSE, which only compares the intensities of the
individual voxels.

Similarly, the learned perceptual image patch similarity (LPIPS) was developed to
match the human perception of image similarity [Zhang et al., 2018]. Here, a neural
network (VGG or AlexNet) is trained on a dataset of human similarity judgments. The
images to be assessed are then both passed through the trained network, and the image
features that are extracted in the intermediate layers of the network are compared to
generate a similarity metric:

LPIPS(1,.J) = Hllwl ii Hw, © (f{(h,w) _ fﬂ(h,w)) Hz (2.25)
l h=1 w=1

where the index [ runs over the CNN layers, w; are the network weights of layer [ and
H; and W, are the height and width of the feature map f/ in layer [. Each feature map
is normalized channel-wise using ff = f{ /|l f{|2-
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2.4 Imaging Modalities and Datasets Analyzed in
this Thesis

The algorithms developed within this thesis serve the analysis of two different imaging
modalities, namely optical coherence tomography (OCT) and magnetic resonance imag-
ing (MRI). OCT applications include wound monitoring on images of the skin and the
analysis of various biomarkers in retinal diseases, primarily focusing on chronic central
serous chorioretinopathy (CSCR) and age-related macular degeneration (AMD). The
MRI applications consider diseases of the brain, including stroke and multiple sclero-
sis (MS). In the following, a brief overview of the dataset used throughout this thesis is
given.

2.4.1 Optical Coherence Tomography Datasets

Optical coherence tomography (OCT) is a non-invasive imaging technique providing
high-resolution cross-sectional images of transparent and semi-transparent materials.
The main application of OCT in medicine is in ophthalmology, but also increasingly in
dermatology. In OCT, a low-coherence light beam is directed towards the tissue under
examination. Different structures within the tissue have different optical properties and
reflect the light back towards the source. Similar to ultrasound imaging, the echo time
delay and the intensity of the reflected light are then used for depth resolution and
visualization of the tissue microstructure. In OCT, one such intensity profile is called
an A-scan, and to obtain 2D images (B-scan), the light source is moved over the sample.
For 3D volume images, several B-scans are taken one after the other and stacked to form
a volume. OCT visualizes individual tissue layers and pathologies of the retina or skin
with a resolution in the micrometer range. In Figs. 2.6 and 2.7, examples of a healthy
and a diseased retina are shown, highlighting the appearance of healthy retinal layers
and pathological biomarkers in OCT images.

The wounds dataset The dataset used in Chapter 3 for wound segmentation has
been acquired at the Cutaneous Biology Research Center in the Department of Der-
matology at Massachussetts General Hospital, Harvard Medical School. Twelve human
skin equivalents (EFT-400, MatTek, Ashland, MA, USA) were wounded and monitored
for one week. To do so, the epidermis was detached from each skin equivalent and two
circular wounds were created with a 1.5mm biopsy punch. After reattachment of the
epidermis, the skin equivalents were cultured in medium (EFT-400-ASY, MatTek). Each
wound was imaged with a Thorlabs OCT scanner immediately after the injury and on
the 1st, 2nd, 3rd, 4th and 7th day afterward (cf. Fig. 2.2 for an example wound image).
The dataset used for wound segmentation, thus, consists of 144 OCT images, each of
which spans a field of view of 3.5 x3x3 mm?® and has an image size of 1024 x 461 x 461
voxels. Out of the 24 wounds, six were manually segmented in the lateral dimension for
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Figure 2.6: Appearance of the healthy retina in OCT images. PR stands for photore-
ceptor and RPE for retinal pigment epithelium.

Figure 2.7: A diseased retina on OCT. Shown is an example from the CSCR, dataset
with pathologies intraretinal fluid (IRF), subretinal fluid (SRF) and pigment epithelial
detachment (PED).

all time points, i.e. the labels are given per A-scan, allowing to measure the extent of
the wound rather than its depth.

The CSCR dataset The CSCR dataset used in Chapter 3 for pathology segmenta-
tion and in Chapters 6 and 7 for image registration is a longitudinal retinal OCT dataset,
collected retrospectively from clinical databases at the Eye Clinic of the University Hos-
pital Schleswig-Holstein in Kiel (Universitatsklinikum Schleswig-Holstein (UKSH) Kiel).
The overall dataset consists of follow-up data from 126 CSCR. patients acquired with a
Heidelberg Spectralis scanner. The follow-up times vary from zero months to 14 years,
with up to 35 available OCT images per eye. For 20 patients (204 images), the reti-
nal pathologies intraretinal fluid (IRF), subretinal fluid (SRF) and pigment epithelial
detachment (PED) were segmented manually. Furthermore, manual annotations of pho-
toreceptor pathologies are available for 66 patients, out of which 26 show atrophy. The
dataset is described in more detail in Tabs. Al - A3 in the appendix, which include
for each patient the number of available OCT and segmentation images, as well as the
information whether the images were used for the training of the CNNs presented in this
thesis.

The IMI dataset The IMI dataset contains images of healthy eyes, acquired at the
Institute of Medical Informatics at the University of Liibeck. Both eyes of 50 volunteers
were imaged with a Heidelberg Spectralis scanner and a research prototype of a low-
cost handheld OCT system [Sudkamp et al., 2016]. For this thesis, only the Spectralis
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images are used, with Chapter 6 using images taken with the standard clinical settings
and Chapter 7 using an experimental OCT angiography (OCTA) setting. The images
taken with the standard setting are expected to match the appearance of the patient data
from the other datasets best. These images consist of 49 B-scans with a resolution of
496x512 pixels, covering a field of view of 2x6x6 mm3. There are no manual annotations
for these images. The OCTA images are densely sampled volumes consisting of 512 B-
scans, each having a resolution of 496 x 512 pixels, also spanning a field of view of
2x6x6 mm?. For these images, 12 retinal layers were first segmented automatically
with the lowa Reference Algorithms [Li et al., 2005], and the segmentations were then
corrected semi-automatically. Chapter 6 uses the standard OCT images for anomaly
detection, and Chapter 7 uses the OCTA images for B-scan interpolation and retinal
layer segmentation.

AMD datasets Two AMD datasets are used in this thesis, one containing only one
time point per patient and the other one being a longitudinal dataset. Both datasets
were retrospectively collected at the UKSH Eye Clinic in Kiel and exclusively contain
images acquired with a Heidelberg Spectralis scanner. The first AMD dataset consists of
60 OCT images from 60 eyes of 36 AMD patients with manual annotations of IRF, SRF
and PED. This dataset is used in Chapter 7 for anomaly detection. The longitudinal
AMD dataset consists of 709 OCT volumes from 41 eyes of 41 AMD patients. Follow-
up times range from 32.5 to 82.8 months with an average of 58.9 months (nine to 24
images per eye, 17.3 images on average). For each image, the inner limiting membrane
(ILM), the retinal pigment epithelium (RPE) and the Bruch’s membrane (BM) were
segmented. While the RPE and BM delineations allow analyzing PED, no segmentations
of further retinal fluids IRF and SRF are given. The longitudinal dataset is used for
image registration in Chapter 4.

The RETOUCH dataset The Retinal OCT Fluid Challenge (RETOUCH) [Bo-
gunovié et al., 2019] was held in 2017 with the goal to detect and segment pathological
fluids in OCT images from different scanners. The publicly available RETOUCH train-
ing data consists of 70 OCT volumes, out of which 24, 24 and 22 were acquired with
Cirrus, Spectralis and Topcon scanners, respectively. Several diseases are represented in
this dataset, including AMD, retinal vein occlusion and diabetic macular edema. Again,
the three fluid types IRF, SRF and PED were segmented manually. The RETOUCH
dataset is used in Chapter 6 for anomaly detection.
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2.4.2 Magnetic Resonance Imaging Datasets

Magnetic resonance imaging (MRI) is a non-invasive imaging technique providing de-
tailed cross-sectional images of the inside of the human body without using ionizing
radiation. During MRI, the patient or the part of the body to be examined is placed
in the MRI machine, which produces a strong magnetic field. The protons in the body
align themselves along this field and generate a magnetization in the direction of the
externally applied field. Subsequently, a high-frequency alternating field is applied that
deflects the magnetization from the direction of the static field and converts it into
a transverse magnetization. The transverse magnetization starts rotating around the
field direction of the static magnetic field, generating an electrical voltage that can be
measured. Depending on the tissue type, it takes a different amount of time for the
protons to realign along the static magnetic field, after switching off the alternating
field. The brightness of different tissue types in MR images is determined by these dif-
fering relaxation times and the amount of hydrogen atoms (proton density). Which of
these parameters dominates the image contrast is influenced by the choice of imaging
method (pulse sequence) and the measurement parameters, allowing to generate images
with different contrasts within the same imaging test. MRI is particularly suited for the
imaging of soft tissues and is, therefore, the most sensitive imaging method to diagnose
and monitor brain conditions.

The LPBA40 dataset with phantom stroke lesions The LONI Probabilistic
Brain Atlas (LPBA40) dataset is a public dataset of 40 whole-head MRI volumes with
given manual segmentations of 56 anatomical brain regions [Shattuck et al., 2008]. The
images from 40 healthy volunteers were skull-stripped and co-registered into a common
atlas space. The images have a resolution of 181x217x182 voxels with an isotropic voxel
spacing of 1 mm. Here, a modified version of the dataset is used where four different
stroke lesions extracted from the Ischemic Stroke Lesion Segmentation (ISLES) dataset
[Maier et al., 2017] are inserted into the MR images artificially. Each lesion is inserted
separately into each LPBA40 image, leading to five versions of each image, i.e. original
and corrupted with lesion L1, L2, L3 and L4.

The MSSEG-2 dataset The Multiple Sclerosis New Lesions Segmentation (MSSEG-
2) challenge data consists of 100 whole-head FLAIR MR image pairs of MS patients
acquired between one and three years apart. 40 image pairs are defined as training data
by the challenge organizers, and the remaining 60 image pairs serve as testing data.
The dataset comprises images from 15 different MRI scanners (three GE, six Philips
and six Siemens scanners), with all images from GE scanners being assigned to the test
data in order to check the generalizability of submitted segmentation algorithms. For
each patient, baseline and follow-up images have been rigidly pre-aligned and manual
segmentation of new MS lesions was done by four neuroradiologists using the pre-aligned
scans. Afterward, a consensus was formed by letting a senior expert neuroradiologist
decide upon disputed lesions and then fusing the segmentations for the accepted lesions
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with majority voting. No new lesions were observed in 39 cases, out of which eleven
belong to the training and 28 to the testing datasets. For the images with new lesions,
the lesion count ranges from one to 45.
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Chapter 3

Invariant Information Clustering for
the Unsupervised Segmentation of
Pathologies in OCT Image Data

The manual segmentation of three-dimensional medical images is a tedious, difficult
and expensive task requiring expert knowledge and a lot of time. Moreover, manual
segmentation is error-prone, especially for pathology cases, thus suffering from high
inter- and intra-rater variability. Automatic segmentation methods are created to speed
up and harmonize medical image segmentation. The development of such methods
often requires large amounts of labeled image data. The training of deep learning-
based methods such as CNNs is particularly data-intensive. However, the generation
of sufficiently large annotated databases is often not feasible, despite the availability of
vast amounts of unlabeled image data.

Unsupervised image segmentation aims to divide images into distinct regions with-
out relying on expert annotations. Segmentation masks are generated based on the
structures or patterns observed in the input images. Both non-learning-based cluster-
ing and patch-based contrastive learning methods achieve a separation of semantically
meaningful image areas by grouping similar and separating dissimilar image parts. Con-
trastive learning offers particularly interesting possibilities here, since the discriminative
and common image features are learned over a large dataset, which reduces the strong
dependence on the image information of individual images in classical clustering.

This chapter uses invariant information clustering (IIC) for the unsupervised segmen-
tation of pathologies in OCT images. IIC is a DL-based framework for image classi-
fication and segmentation that originally has been proposed in [Ji et al., 2019]. Ji et
al. segment images by maximizing the mutual information (MI) of neighboring image
patches. In this thesis, IIC is applied to image patches in a contrastive learning setup
to improve segmentation performance and generalizability. The chapter is organized as
follows. Sec. 3.1 summarizes the recent literature on unsupervised image segmentation.
In Sec. 3.2, the theoretical foundations necessary for the upcoming experiments are laid.
In particular, I1C is explained. The IIC extensions that were introduced as part of this
thesis for the segmentation of OCT images are presented in Sec. 3.2.1. In Sec. 3.3, IIC is
used for the unsupervised segmentation of wounds in OCT images of the skin. This work
has partially been published in [Andresen et al., 2022b]. Additionally, in Sec. 3.4, IIC
is used to segment atrophy in retinal OCT images. Here, partially supervised training
is performed, allowing the network to learn from few annotated samples while profiting
from large amounts of unlabeled data that would not be usable in fully supervised ap-
proaches. Both Secs. 3.3 and 3.4 first give a short motivation and literature review of the
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3 IIC for Unsupervised Pathology Segmentation in OCT

respective use case before describing the application-specific methodologies, experiments
and results.

3.1 Related Literature

Unsupervised image segmentation methods can broadly be classified into classical, i.e.
non-learning-based, and learning-based approaches. Classical techniques usually work
by grouping similar voxels, that are assumed to be part of the same object. The earliest
classical methods include thresholding, edge- or contour-based methods, clustering-based
and graph-based approaches, among others [Rodrigues et al., 2024]. In Watershed-based
approaches, grayscale images are viewed as topographic surfaces where the voxel inten-
sities define the height of the surface. Image segmentation is then modeled as a flooding
of this landscape. Starting from local minima, the landscape is flooded by enlarging
the water basins with the neighboring voxels based on their intensity, and wherever wa-
ter from two different minima meets, a segmentation border is placed [Beucher, 1979;
Vincent and Soille, 1991]. Many variants and extensions of this algorithm have been
proposed to overcome the susceptibility to noise and to improve adherence to the se-
mantic content of the image, e.g. [Beucher and Meyer, 1992; Meyer, 1994; Najman and
Schmitt, 1996].

Clustering-based methods can be subdivided into partitioning and hierarchical ap-
proaches. In partitioning clustering, images are divided into a pre-defined number of
segments, referred to as superpixels. For example, k-means clustering works by using &
random initial cluster centers and assigning pixels to the cluster whose center has the
smallest Euclidean distance to the pixel in the feature space. The cluster centers are
then recalculated as the average location of the pixels assigned to the respective center.
This procedure is iteratively repeated until convergence is reached [MacQueen, 1967;
Lloyd, 1982]. Hierarchical clustering, in turn, builds clusters by either starting with
each voxel as a separate cluster and iteratively merging the most similar clusters, e.g.
[Arifin and Asano, 2006; Bruse et al., 2017], or by starting with a single cluster that is
subdivided iteratively, e.g. [Antonio et al., 2010].

Graph-based methods model the images as graphs, where each voxel is a node and the
edges between neighboring nodes are defined based on a similarity measure between the
voxels. This similarity measure may include color, texture or location information. The
graph is then divided into two or more subsets, defining the segmenting clusters, based on
the edge costs. Some of the most prominent works in this field are [Shi and Malik, 2000;
Felzenszwalb and Huttenlocher, 2004; Grady, 2006; Couprie et al., 2011]. Similarly, in
density-based approaches, e.g. [Ester et al., 1996; Hinneburg and Keim, 1998; Ankerst
et al., 1999; Comaniciu and Meer, 2002; Vedaldi and Soatto, 2008|, voxels are assigned
to clusters based on image features. Here, the voxels are grouped by shifting them to
the mode of a computed image distribution in the feature space [Rodrigues et al., 2024].

More recent approaches for unsupervised image segmentation most often are based
on DL. W-Net, for example, combines two U-Nets into an autoencoder [Xia and Kulis,
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2017]. The first U-Net segments the input images, and the second one receives these
segmentations to reconstruct the original images. Both networks are trained jointly
using the reconstruction error and a differentiable approximation of the normalized cut
applied to the output of the segmentation network. In [Kanezaki, 2018], a CNN is
proposed that outputs a probability distribution over k classes for each pixel. The
segmentation is generated by assigning the class with the highest probability to the
pixel. The network is trained with a specialized loss function that (1) favors pixels with
similar features being assigned to the same class, (2) favors neighboring pixels to be
assigned to the same class and (3) favors the number of labels used to be large.

In the medical field, anomaly detection methods are frequently used for the unsuper-
vised segmentation of pathologies. Here, the networks are trained on healthy images
and applied to pathological images to find everything that deviates from the “normal”
appearance. For example, autoencoder-based methods are assumed to only be able to
reconstruct the healthy anatomy they were trained on, and pathologies are segmented
as areas with high reconstruction error [Schlegl et al., 2019; Uzunova et al., 2019; Li
et al., 2021]. The GAN-based methods [Bielski and Favaro, 2019; Chen et al., 2019] are
able to detect, extract and redraw the main object of an image, giving segmentations
of foreground and background. However, these methods are limited to binary segmen-
tation problems. [Van Gansbeke et al., 2021] uses an unsupervised saliency detector to
generate mask proposals, which are used to generate negative and positive pairs for a
contrastive pre-training of a CNN. The pre-trained CNN already can separate images
into semantically meaningful segments, which are refined further using either classical
clustering methods or fine-tuning of the network on a small dataset. [Melas-Kyriazi
et al., 2022] also train a network in a self-supervised manner and use the feature maps
that the network extracts to generate semantic segmentations. Finally, [Ji et al., 2019]
and [Ouali et al., 2020] both train CNNs to maximize the mutual information between
network outputs for paired input samples to achieve unsupervised image segmentation.
In [Ji et al., 2019], neighboring image patches are passed through an encoder network,
whereas [Ouali et al., 2020] uses a feature extractor, an autoregressive encoder and a
decoder that output segmentations for different views of the same input image. The ap-
proach presented by Ji et al. is extended in this chapter. This method, first presented in
[Andresen et al., 2022b], appears to be the only one to date that performs a completely
unsupervised segmentation of cutaneous wounds in human skin equivalents.

3.2 Methods

To enable the unsupervised clustering of images and image patches, invariant information
clustering (IIC), proposed in [Ji et al., 2019], uses paired data samples and trains a
classification CNN to produce the same outputs for both instances in a pair. As a novel
clustering objective, it is proposed to maximize the mutual information (MI) between
paired network outputs. For image clustering, i.e. image classification, getting paired
data samples can be done by simply selecting two images from the same class. Since
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3 IIC for Unsupervised Pathology Segmentation in OCT

this requires given ground truth labels, the authors of [Ji et al., 2019] instead follow
a self-supervised approach using random augmentations of the same image as paired
data samples. To apply the approach for image patch classification, and like this for
semantic segmentation, paired data samples are generated by using neighboring image
patches. IIC is shown to achieve state-of-the-art performance for both image clustering
and unsupervised semantic segmentation on several datasets.

More formally, given a paired data sample & and «’, be it images or patches, 11C
requires a classification CNN & with parameters 6 to output the same class assignments
®(0;x) and ®(0; ) for inputs & and x’. The goal of IIC is, thus, to preserve what is
in common between x and x’ and to discard features that are instance-specific. The
training objective of IIC is

max MI(®(6; ), ®(6;2")). (3.1)

Since Eq. (3.1) is equivalent to maximizing the predictability of ®(x) from ®(x’) and vice
versa, the representations of paired data samples are favored to be the same. Therefore,
network training with IIC results in the desired preservation of common information.
If & has a small output capacity, which for clustering typically is the case, since the
representation space is a finite set of class assignments, Eq. (3.1) also fulfills the second
desired property of discarding instance-specific information irrelevant to the classifica-
tion task. The networks used for IIC perform soft clustering, i.e. the last network
layer is a softmax activation, resulting in network outputs being interpretable as class
probabilities.

Clustering can lead to degenerate solutions, e.g. to the prediction of only a single class
for all samples or, conversely, to an equally likely prediction for each class. Maximizing
the MI avoids both of these pitfalls as the MI expands to

MI(z, ) = H(z) — H(z|). (3.2)

As the authors of [Ji et al., 2019] explain, maximizing MI compromises minimizing the
conditional cluster assignment entropy H(z|z') and maximizing the individual cluster
assignment entropy H(z). While H(z) reaches its maximum In(C) (for a clustering into
C' classes) when all classes are predicted with equal probability, the predictability of
O(x) from ®(x’) is highest when class assignments are always the same (H(z|2") = 0)
and one-hot, i.e. the predicted cluster is predicted with probability 1. The maximization
of the individual cluster assignments, thus, favors mass equalization between classes,
whereas the minimization of the conditional cluster assignment entropy favors one-hot
predictions.

3.2.1 TIC Extensions for OCT Image Segmentation

IIC has been successfully used for unsupervised image segmentation by using neighbor-
ing image patches as paired data samples. Still, maximizing the MI for neighboring
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3.3 Wound Segmentation in OCT Images

image patches that are not in the same object, that is they do not belong to the same
semantic label, is not actually a suitable objective function but only works in expecta-
tion over images and patches. Therefore, a different approach is chosen here for OCT
segmentation and paired patches are generated by random augmentations of the same
patch. Furthermore, to avoid inhomogeneous clusters, a second term is added to the loss
function that pushes spatially close patches to similar encodings, while it allows distant
patches to be clustered independently. Based on [Huang et al., 2014; Aljalbout et al.,
2018], the locality preservation loss (LP loss) is defined as

Lip(0;zi, ;) =w(l;, 1) - D(xi, x;) - |z — 243 (3.3)

for two patches x; and x; from the same image volume at locations I; and l;. The
encoded representations z; and z; are feature maps generated within the IIC network
when passing x; and x; through the network. In the following section, an ablation study
will be performed to analyze the influence of the selected network layer from which z;
and z; are selected. The weighting function w assigns small distances between the patch
locations a large weight and sets large distances to zero. Spatially close patches are,
thus, pushed to similar representations. While this is similar to the application of I1C
on neighboring image patches, here, an image similarity measure D is used that reinforces
locality preservation for visually similar image patches and suppresses it for dissimilar
image patches. The full loss function for OCT segmentation is given by

L(0;xi, ;) = Luc(xi, x;) + Luc(zy, €}) + Lrp(xi, ;) + Lop(x;, x)) (3.4)

with
Lyc(z,z') = —MI(®(0;x), ®(0;x")) (3.5)

and x’ being a random augmentation of x.

In the following two sections, depending on the application, data preprocessing and
the choice of network architecture varies due to the differing dataset characteristics. For
wound segmentation, dense 3D volumes are analyzed whereas for retinal OCT images,
2D analyses are preferred to handle large inter-slice distances. The implementation
details per application are, therefore, described in the respective upcoming sections. In
all applications, D(x;, ;) = 1 — MSE(x;, x;) is used as the image similarity measure
and w(l;, l;) = exp(—||l; — 1;]|3/d) for the weighting function, where d is set to 0.01.
This means that positions that lie within a circle with a radius of approx. 3% of the
image width or height are assigned a weight of more than 0.9, while at a distance of
more than a quarter of the image width/height the LP loss has practically no influence
(weight < 0.001).

3.3 Wound Segmentation in OCT Images

Cutaneous wounds are defined as a disruption of the normal anatomic structure and
function of the skin caused by an injury. Natural wound healing is a complex process
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3 IIC for Unsupervised Pathology Segmentation in OCT

consisting of overlapping phases hemostasis, inflammation, tissue formation and tissue
remodeling. Evaluating wound healing processes is a very difficult task due to the high
number of factors that influence the course of individual wounds, such as wound size and
depth, the cause of the injury, the environmental conditions and also the age and state
of health of those affected. Typically, wounds are assessed by visual observation and
surface measurements [Wysocki, 1996; Deegan et al., 2018]. However, these assessments
are heavily dependent on the experience of the treating physicians and do not provide
any information about the structural changes in the deeper tissue layers [Sullivan et al.,
2004]. The Vancouver scar scale and the Manchester scar proforma are attempts to
quantify such measurements, but to date the best objective measurement of wound
recovery are biopsies [Deegan et al., 2018]. These, however, are invasive, leading to
additional tissue destruction and increasing the risk of infection [Yuan et al., 2010].

Given that, there is currently no standardized procedure for the development of oint-
ments or medications to support wound healing. OCT offers a noninvasive and noncon-
tact tool to visualize the tissue layers of the skin and is used in dermatology to evaluate
skin tumors, inflammatory skin diseases and various other skin changes [Welzel, 2001;
Wan et al., 2021]. Therefore, the use of OCT is being investigated as a promising way to
objectively assess wounds without having to perform a biopsy. For example, OCT has
successfully been used to monitor wound healing in mice and human skin [Kuck et al.,
2013; Greaves et al., 2014; Yousefi et al., 2014], to stage burns [Park et al., 2001] and to
observe scar formation [Greaves et al., 2015; Ghosh et al., 2020].

To date, only a few works exist that tackle the segmentation of skin structures such as
the epidermis, dermis, vessels, hair follicles or subcutaneous fat on OCT images and even
less address the segmentation of cutaneous wounds. Skin layer segmentation of normal
skin has been done with intensity-based image analysis [Hori et al., 2006], graph-based
methods [Srivastava et al., 2018] and convolutional neural networks [Calderon-Delgado
et al., 2018; Kepp et al., 2019; Del Amor et al., 2020]. A semi-automatic segmentation is
used to assess tissue injury depth in [Deegan et al., 2019]. [Ji et al., 2022] use five different
deep neural networks to segment the epidermis and scab, and wound quantification based
on skin layer segmentation was done in [Kumar et al., 2023]. Here, a U-Net ensemble
was trained supervised to segment the epidermis, dermis and subcutaneous tissue. The
extent of the wound is determined by the edges of the intact epidermis, allowing to
establish a wound healing progression graph.

Despite the possibility to quantify wound extension and skin layers on OCT, the eval-
uation of treatment effects is complicated by a lot of external factors. Skin equivalents
offer the possibility to induce wounds standardized in shape and depth and to monitor
these wounds in a controlled setting, as for example done in [Yeh et al., 2004; Xie et al.,
2010]. In this controlled environment, it is possible to isolate the effects of different
treatments. This could advance and improve future research into wound healing. The
goal of this section, thus, is to develop an automatic method to segment wounds in hu-
man skin equivalents. Since hardly any manual annotations are available for the given
dataset, unsupervised clustering with the previously described extension of IIC is used.
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3.3 Wound Segmentation in OCT Images

3.3.1 Data Preprocessing

The wound dataset (c.f. Sec. 2.4.1) contains images from 24 artificially introduced
wounds in human skin equivalents monitored over one week. It comprises 144 OCT
images with a field of view of 3.5 x 3 x 3 mm?® and an image size of 1024 x 461 x 461
voxels. For six wounds, manual wound delineations are given in the lateral dimension.
The OCT images exhibit a poor contrast and are, therefore, preprocessed using average-
smoothing on each horizontal slice with a window size of 11x11 pixels. To reduce storage
requirements, the images are resampled to a resolution of 291x128x128 voxels. The next
preprocessing step is a flattening of the upper skin border to a fixed height. Flattening
is performed by

1. calculating the image gradient magnitude

2. extracting the maximum value of the gradient per A-scan and entering the values
in a height map

3. smoothing the height with a mean filter of 5x5 pixels size

4. masking out the wound area in the height map using a square-shaped mask that
has been defined manually such that it covers all wounds in the dataset entirely

5. filling the masked area via bilinear interpolation

6. shifting each A-scan according to the filled-in height map such that the maximum
gradient position (corresponding to upper skin border) is shifted to a pre-defined
height.

This procedure assures that the flattening is guided only by the intact skin and not the
wounds. Finally, images are cropped to the upper 96x 128 x128 voxels, discarding image
parts not showing the skin. An overview of the preprocessing steps is given in Fig. 3.1.

3.3.2 1IC Network Architecture and Implementation Details
for Wound Segmentation

To use I1C for unsupervised segmentation of wound extension in lateral direction, patches
of the cropped OCT images are assigned to one of two clusters corresponding to wound
and healthy skin. Each patch extends over the entire height of the image while covering a
small square area in the lateral direction, which requires a network architecture tailored
towards the column-like shape of the inputs. The exact architecture is shown in Fig. 3.2
exemplarily for input patches of size 96 x 11 x 11. In the first network layers, 3 x 3 x 3
convolutions are performed, whereas in deeper layers 3x1x1 kernels are used, performing
convolution only in axial direction. The number of full 3D or axial convolutional layers
depends on the size of the input patches. Aslong as the resulting feature maps are larger
than 3 x 3 voxels in the lateral direction, 3D convolutions are performed and then axial
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Figure 3.1: Overview of the preprocessing steps for wound segmentation via IIC. Av-
erage smoothing is performed on each horizontal slice before subsampling. The healthy
skin is then flattened to a fixed height by analyzing the gradient magnitude of the pre-
processed images to extract the upper skin border (dashed orange line in Subfig. b)).
The skin borders are extracted per B-Scan and combined to a height map in the lateral
plane. The wound area is generously masked out and then interpolated so that the pro-
cessed height map is only based on the healthy skin. The difference between height map
and desired position of the healthy skin is used to shift each A-Scan vertically. Finally,
images are cropped, as indicated by the red box in Subfig. c).

convolutions. The network uses four convolutional blocks, which means that patches
with a size of 96x3x3 to 96x19x19 voxels can be used as input, with the output of the
last convolution layer having a size of 4x3x3 voxels for all sizes. After the convolutional
backbone, the resulting feature maps are flattened into a single vector and concatenated
with the position vector of the respective input patch. Since input patches span the
entire height of the images, position vectors are 2D, indicating the patch position in the
lateral plane. Finally, three FC layers process the enlarged feature vector and perform
the classification into wound and healthy. A second output head is used to allow for
auxiliary overclustering [Caron et al., 2018; Ji et al., 2019] generating ten instead of two
clusters.

Network training is performed with a six-fold cross-validation, whereby each fold uses
120 images of 10 skin equivalents for training and the remaining 24 images for testing.
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Figure 3.2: Network architecture for OCT wound clustering. In the first two convo-
lutional blocks, 3 x 3 x 3 kernels are used, in the following two blocks convolution is
performed in axial direction only using 3 x 1 x 1 kernels. The resulting feature maps
are flattened and passed to two output heads, performing binary clustering and auxil-
iary overclustering. Numbers above convolutional layers indicate the size of the feature
maps, whereas numbers below give the number of feature maps. Numbers below FC
layers describe the number of output neurons of the respective layer.

To allow quantitative evaluation, each test set contains exactly one of the six segmented
wounds. Training is performed for 200 epochs, using Adam optimization, a learning
rate decay of 0.9 every 20 epochs and an initial learning rate of le-6. During training,
the image volumes are augmented using random flipping and scaling. Scaling is used to
prevent the network from concentrating solely on the upper border of the imaged tissue.
Patches are augmented by randomly applying Gaussian noise, intensity shifts and inten-
sity scaling. For each image, 150 patch pairs are randomly drawn in each epoch, using
a uniform distribution across the lateral dimension. The two patches are augmented
independently of each other, and the four resulting patches - two original and two ran-
domly modified - are passed through the network. At inference, only original image
patches serve as network input and for the generation of dense image segmentations, the
clustering results are kept only for the central A-scan in each patch, which is assigned
the cluster with the highest output probability.
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3.3.3 Experiments and Results

Several ablation studies are performed to analyze the influence of input patch size, the
network level on which locality preservation is applied and the proposed contrastive
learning setup. First, the clustering network is trained using only the clustering loss
for training, i.e., no locality preservation is applied, once with the proposed contrastive
learning-like approach (IIC.y,) and once with neighboring image patches as proposed in
[Jiet al., 2019] (IICy). This means that the loss function used for IIC oy is £(6; @i, ;) =
Lic(xi, ;) + Lic(x;, ;) for two randomly selected patches x; and x; from the same
image volume and for IICy; L£(0; x;, x;) = Luc(T:, ;) + Luc(x;, =) for neighboring im-
age patches x; and x; with random overlap. For IICy;, the augmentations applied are the
same for patches from the same image, while for IIC,,; these are selected independently
for each patch. Apart from this, all other hyperparameters such as the learning rate,
the number of training steps, the number of patches used per epoch, etc. are retained.
In the second ablation study, the locality preservation loss is applied on different levels
of the network. Precisely, the LP loss is applied to the outputs of the convolutional
backbone (LP-Conv) and of the first, second and last fully-connected layer (LP-FC1,
LP-FC2 and LP-FC3). Third, different input patch sizes are used for the training of
the proposed framework using the best-performing version from the first ablation study
(LP-Conv). Due to the different patch sizes, different sized border areas of the images
cannot be classified. For a fair comparison, the results of all experiments are, therefore,
evaluated only in the central image area that is covered by all variants. Finally, the
auxiliary overclustering head is shown to provide useful subclusters that can be used to
improve over the main head’s clustering results. For this, cluster labels corresponding
to the wound are found automatically using the manually annotated test images. For
each test image and the corresponding output of the overclustering head, all 10 labels

Wound A1, day 0 Wound Al, day 0 Wound E1, day 3 Wound E1, day 3
Patch size: 96x3x3 Patch size: 96x19x 19 Patch size: 96x19x 19
T ,

DSC: 0.9783 DSC: 0.9666

Figure 3.3: Exemplar clustering results using patch sizes 96 x 3 x 3 and 96 x 19x 19 to
segment wounds Al and E1. Wound A1 is generally well delineated, whereas wound E1
is one of the worst performing examples. The contour of the manually segmented wound
is shown in red and the predicted contour in green. The positions of the depicted image
slices are indicated with blue lines and black triangles. Results are similar irrespective of
the used patch size, but smaller patches tend to locate the wound border more precisely,
whereas larger patches deliver more consistent results.
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Figure 3.4: Exemplar clustering results using patch sizes 96 x 3 x 3 and 96 x 19x 19 to
segment wounds B1 and C1. For each wound and patch size, the clustering result of the
auxiliary overclustering head is overlaid on the wound image on the left, with different
shades of blue indicating different cluster assignments. On the right side, the result
of the main output head is shown with green segmentation contours and the result of
the overclustering with blue contours. The ground truth segmentation contour is shown
in red. DSCs for main and overclustering head are indicated with DSC and DSC,.
Auxiliary clusters deliver more precise wound delineations than the main head.

are considered, and the number of pixels that overlap with the segmented wound is
determined for each label. A label is included in the list of possible wound labels if
more than 75% of the label’s pixels lie within the wound. If this is not the case for any
label, the label with the highest number of wound pixels is included in the list. After
analyzing all six manually segmented test images of a fold, the labels that appear at
least four times in the list are retained and used to generate binary segmentations for
the six images. This procedure is repeated for each fold.

Quantitative results for unsupervised wound segmentation are given in Tab. 3.1, list-
ing the DSC and the accuracy when comparing the predicted cluster maps with the
ground truth wound segmentations (cf. Sec. 2.3). In addition, the number of images
for which the clustering failed is reported. Failed clustering is defined here as cases
in which all pixels are assigned to a single label. The evaluation metrics are averaged
over successful clusterings only. Results show that the proposed unsupervised methods
manage to separate wound and healthy skin well, with average DSCs above 72% for
each configuration. The contrastive learning approach I1C..,; improves over the train-
ing with neighboring patches (IIC.uy), achieving a higher DSC of 0.7512 compared to
0.7265 (averaged over non-failure cases only), and stabilizes training. IIC.q, fails for
two of the 36 test images and shows much higher variance in the metrics, whereas I1C o
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Table 3.1: Quantitative results for unsupervised wound clustering. In the upper part
of the table, the proposed I1C,., is compared against IICy. Two ablation studies are
performed, comparing performances when applying the LP loss on different levels of
the network (second part of the table) and when using differently sized input patches
(third part of the table plus last row of the second part). Finally, for the networks
trained with 11C.,; and LP applied to the output of the last convolutional layer, results
are additionally reported for the auxiliary overclustering head (marked with subscript
“aux”). For each configuration, DSC and accuracy are reported averaged over all test
images for which clustering was successful. Best results per ablation are underlined, and
the best overall results are given in bold font.

Method Patch size DSC 7t acc T Failed |
TIC; 96x 11x11 | 0.7265 (0.1670)  0.7975 (0.1674) 2
IIC cont 96x11x11 | 0.7512 (0.1035)  0.8045 (0.0931) 0
1Ceon + LP-FC3 96x 11x 11 | 0.7512 (0.1038)  0.8043 (0.0934) 0
ICeon + LP-FC2 96x11x11 | 0.7375 (0.1024)  0.7907 (0.0949) 0
IICont + LP-FC1 96x11x11 | 0.7429 (0.0989)  0.7971 (0.0902) 0
IICont + LP-Conv 96x11x11 | 0.7589 (0.1053)  0.8120 (0.0940) 0
IICeont + LP-Conv 96x 3 %3 0.8322 (0.0811) 0.8833 (0.0615) 0
TICone + LP-Conv 96x5x5 n/a n/a 36
IICont + LP-Conv 96 x7x7 0.7743 (0.1057)  0.8275 (0.0924) 0
IICcont + LP-Conv 96x9x9 0.7680 (0.1662)  0.8096 (0.1722) 0
IICcont + LP-Conv 96x13x13 n/a n/a 36
IICeont + LP-Conv 96x15x15 | 0.7903 (0.0956) 0.8452 (0.0779) 0
IICcont + LP-Conv 96x17x17 | 0.7749 (0.0983)  0.8300 (0.0830) 0
IICont + LP-Conv 96x19x19 | 0.7904 (0.0935)  0.8465 (0.0752) 0
IICeont + LP-Convanx | 96x3x3 | 0.8728 (0.1350)  0.9389 (0.0542) 0
IMCeont + LP-Convyyy | 96Xx5x5 0.8642 (0.0927)  0.9324 (0.0395) 0
[MCeont + LP-Convyyy | 96 X7 %7 0.8645 (0.1193)  0.9323 (0.0499) 0
IICeont + LP-Convayy | 96x9x9 0.7729 (0.2005)  0.8934 (0.0776) 0
IICeont + LP-Conva | 96x11x11 | 0.8979 (0.0776)  0.9466 (0.0383) 0
IICeont + LP-Convaux | 96x13x13 | 0.8767 (0.1187)  0.9400 (0.0470) 0
IICcont + LP-Convayy, | 96x15x 15 | 0.8811 (0.1179)  0.9415 (0.0485) 0
IICcont + LP-Convy,yy, | 96x17x17 | 0.8856 (0.1167)  0.9533 (0.0488) 0
IICcont + LP-Convyayy | 96x19x19 | 0.9063 (0.0711) 0.9504 (0.0350) 0

delivers meaningful results for all test images. Moreover, the LP loss helps to generate
semantically meaningful clusters, improving slightly over networks that were trained us-
ing 1IC only when applied to the output of the last convolutional layer (average DSC
of 0.7589). Compared to the results published in [Andresen et al., 2022b], this effect is
less pronounced here, which might be explained by an improved pre-processing of the
images carried out for this thesis. Still, as observed previously, results tend to be better
when locality preservation is applied on earlier network layers.

The size of the input patches has a greater influence, though no clear trend can be
observed for the main head. While best results are achieved for the smallest patch
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3.4 Atrophy Segmentation in Retinal OCT Images

size (DSC of 0.8322), second-best results are achieved when using the largest patch
size (DSC of 0.7904). Small patches seem to help to delineate the wound edges more
precisely, whereas the context provided by the larger patches leads to smoother and
more consistent segmentations, as shown exemplarily in Fig. 3.3. Generally, results are
more stable if the same kernel sizes are used within the convolutional blocks, i.e. if the
same sizes are used in the two subsequent convolutions between the maximum pooling
layers. Mixed kernel sizes are used for patch sizes 5, 9, 13 and 17 in lateral direction and
for sizes 5 and 13, all the cross-validation networks fail to separate wound from healthy
skin, predicting only a single label for all input patches.

Despite these failure cases for the main head, the overclustering head still generates
useful results for all considered patch sizes. In fact, the auxiliary overclustering delivers
much better results than the clustering with only two classes. The best performing
method here uses patch size 96 x 19 x 19 and delivers an average DSC of 0.9063 and
accuracy of 0.9504. Exemplary results comparing the outputs of main and overclustering
head are shown in Fig. 3.4. It can be seen that the higher number of classes allows the
network to separate different areas within the healthy skin and the wound, while aligning
well with the output of the main head. Misclassifications typically occur in areas where
the flattening failed. Most of these areas are caused by a partial detachment of the
epidermis, a problem caused by the use of artificial skin equivalents.

3.4 Atrophy Segmentation in Retinal OCT Images

In the context of eye diseases, atrophy is an irreversible loss of retinal tissue that often
occurs in the late stages of chronic diseases such as AMD or CSCR. Depending on the
affected retinal layers, different atrophy phenotypes and stages are distinguished. ORA
(abbreviation for outer retinal atrophy) describes atrophy of the outer retinal layers with-
out the RPE, while RORA (abbreviation for RPE and outer retinal atrophy) describes
the death of all outer retinal layers including the RPE. Further distinctions into incom-
plete or complete (R)ORA can be made based on the extent of the observed pathologies.
Typically, the atrophy extension is evaluated on fundus autofluorescence, providing high
contrast between atrophic and normal regions [Sadda et al., 2018]. The changes in-
troduced by atrophy are less pronounced in OCT images, but the cross-sectional scans
provided by OCT allow a more detailed analysis of which specific retinal layers are af-
fected by the tissue loss. Fig. 3.5 shows an example for both ORA and RORA. In ORA,
the RPE remains intact but an absence of external limiting membrane (ELM), ellipsoid
zone (EZ) and interdigitation zone (IZ) can be observed. The disappearance of the RPE
layer in RORA makes the underlying choroid appear brighter on OCT images. In both
ORA and RORA, a thinning of the outer retina can be observed.

As soon as atrophic processes affect the foveal center, severe vision loss occurs. Thus,
atrophy is a crucial biomarker for the treatment of chronic eye diseases. Its pathophys-
iology, however, is not yet fully understood. The close observation of affected eyes is
a key component for the development of therapeutic approaches, as it provides an un-
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Figure 3.5: A healthy photoreceptor ellipsoid zone (PEZ) and two examples from the
CSCR dataset of different atrophy types. (a) The healthy PEZ and RPE (segmentations
overlaid in yellow and red, respectively) appear as bright bands in OCT images. (b) In
ORA, the ELM, PEZ and 1Z are damaged while the RPE remains intact. (¢) In RORA,
also the RPE dies off, which leads to bright shadows in the choroid area on OCT images.
For both atrophy examples, the atrophic region is located on the outer left side of the
B-scans.

derstanding of how atrophy develops and progresses. Many existing works for atrophy
segmentation on OCT images are developed on small in-house datasets, e.g. [Wu et al.,
2019; Derradji et al., 2021; Chu et al., 2022; Mai et al., 2023] report that they are using
images from 56, 57, 115 and 100 patients, respectively. Nonetheless, all these works
use CNN networks that are trained in a supervised manner. Lachinov et al. propose
projective skip-connections to directly segment atrophy extension in the en-face plane
while using 3D OCT volumes as input [Lachinov et al., 2021]. Again, the network is
trained in a supervised manner.

To date, only very few works exist that propose weakly supervised or unsupervised
methods for atrophy segmentation. In [Ma et al., 2020], a classification network is
trained to distinguish healthy and geographic atrophy images. Subsequently, multi-scale
class activation maps are generated and post-processed to form atrophy segmentations.
Seebock et al. propose to train a Bayesian U-Net to segment retinal layers on healthy
OCT images and to exploit the epistemic uncertainty of the network for unsupervised
anomaly detection. They successfully apply this approach for atrophy segmentation
[Seebock et al., 2020].

In the following, the presented contrastive IIC approach is applied for the partially
supervised segmentation of atrophic eye regions. Similar to the wound segmentation,
atrophy is segmented A-scan wise, as its extension typically is measured in the en-
face plane. Since fully unsupervised segmentation of retinal pathologies using IIC has
proven to be infeasible in the experiments carried out for this thesis, partial supervision
is introduced using manual segmentations where available. Still, making use of the
clustering abilities of IIC, the method allows exploiting also the unlabeled data for
network training, which would otherwise not be usable.
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3.4.1 Methods

Retinal OCT images are taken with high inter-slice distances in clinical practice, making
3D evaluations infeasible. The IIC method presented in the previous section is, therefore,
adapted to perform on 2D images. As with the wounds, the main focus here is on the
extent of the pathology, which is why clustering is again performed on A-scan level
using patches that consist of eleven A-scans as network input. The network architecture
remains the same, with 3D convolutions and max pooling layers being replaced by their
corresponding two-dimensional variants. For example, filters of size 3x1x1 are replaced
by filters of size 3 x 1. The additional input, which describes the position of the patch,
now consists of just one value instead of two. The number of feature maps is doubled
compared to the wound network. During training, random intensity changes are applied
to the image patches as before online, but extended by shadow removal and contrast
limited adaptive histogram equalization. Another difference to the previous section is
that the predicted segmentations are post-processed by morphological operations to fill
small gaps and remove narrow segmented areas. For this purpose, first a binary closing
and then an opening is performed. A structural element with a width of eleven pixels is
used for the closing and seven pixels for the opening.

The dataset used for atrophy clustering is a small subset of the larger CSCR dataset
presented in Sec. 2.4.1. Manual atrophy annotations are available for 26 patients. For
most of these patients, annotation was done for the last available visit only, except for
one patient, for whom six time points were segmented. For four patients, atrophy was
observed in both eyes. The number of images segmented for atrophy, thus, sums up to
35, out of which six had to be excluded as they cover a different field of view than the
majority of the images. Manual annotation of atrophy was performed in two rounds by
focusing on changes in the photoreceptor ellipsoid zone (PEZ). No distinction is made
between ORA and RORA. For images segmented during the first round (eleven images
from six patients), only the five central B-scans are annotated whereas for images that
were segmented during the second round, all B-scans are annotated (24 images from 20
patients). For details on the CSCR dataset, please refer to the Tabs. Al to A3 in the
appendix. All images used for atrophy clustering have a B-scan resolution of 496 x 512
pixels and consist of either 25 or 49 B-scans.

The number of pixels affected by atrophic processes is very small compared to the size
of the OCT image. Therefore, successful atrophy clustering requires several supporting
mechanisms that make it easier for the network to recognize the relevant image areas.
First, a careful data selection is necessary to ensure that only volumes in which atrophy
is actually observed are used. Second, a flattening at the Bruch’s membrane (BM)
is performed, i.e. all A-Scans are shifted up or down such that the BM is brought
to a predefined height. Since no manually revised segmentations of the retina or the
BM are available for the images segmented for atrophy, a U-Net is trained for retina
segmentation. For this purpose, the entire CSCR dataset is used, selecting those images
for training for which manual retina segmentations are available. The architecture of
the U-Net is described in Fig. A3 in the appendix, and training is performed for 200
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Figure 3.6: Inputs given to the atrophy clustering network: The flattened and cropped
OCT image, as well as a weight map highlighting the PEZ region in the retina.

epochs using the Dice loss function, Adam optimization, an initial learning rate of le-4
and a learning rate decay with factor 0.99 in each epoch. A five-fold cross-validation is
performed using approximately 80% of images for training and 20% for testing. Splitting
is performed on patient-level, and an average DSC of 0.9887 (+0.0627) is achieved on
the test images.

The retina segmentation of the atrophy cases is performed by using all five networks
and segmenting only the pixels that were marked as retina by all networks. The BM is
extracted as the lower border of the retina segmentations and smoothed using an average
filter with a width of 21 pixels. The smoothed BM is then used for flattening. To ensure
the adequacy of the data for atrophy clustering, the smoothed images were manually
reviewed by the author of this thesis, and B-scans where flattening failed were excluded.
After flattening, the images are cropped to 150 x 462 pixels to simplify the training
process by removing most of the background and by cutting off flattening artifacts at
the borders of the images. Since the aim is not to distinguish between different types of
atrophy, but to recognize any type of photoreceptor atrophy, most of the choroid is also
cut away to prevent the bright shadows, that only occur with RORA, from distorting
the results. A representative pre-processed image is shown in Fig. 3.6. Finally, to further
support finding the relevant image areas, a weight map is defined that highlights the
outer retina in the flattened image space (also shown in Fig. 3.6). This weight map is
concatenated with the OCT B-scans, and the resulting two-channel images are used as
input for the network.

3.4.2 Experiments and Results

Several versions of the clustering network are trained to assess the influence of dataset
size and selected loss function. First, the network is trained in an unsupervised manner
with the same loss function as for the wound clustering, using only the 29 manually
annotated images. Second, the same 29 images are used for training, but a partially
supervised training is performed in which the IIC and LP losses are supplemented by
the binary cross entropy (BCE) loss for patches for which the ground truth label is
known. For patches for which the label is not known, only the clustering loss terms
are used. For comparison, a fully supervised training is also performed using only the
annotated B-scans to train a classification network with the BCE loss. Apart from the
removal of the overclustering head, the architecture of the network remains the same as
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for clustering, as do the augmentations and hyperparameters used. Third, the database
used for training is extended by unannotated images from the full CSCR dataset. To
avoid worsening the class imbalance, the additional images are selected manually so that
only images in which atrophy is observed continue to be used. 145 images are selected,
out of which 68 stem from the previously used 26 patients and 77 from eleven further
patients. The partially supervised training is repeated for the extended dataset. The
networks are trained in a five-fold cross-validation and the results, reported in Tab. 3.2,
are averaged over all test images.

Results show that despite the carefully selected training dataset, which contains only
atrophy cases and only B-scans where flattening was successful, unsupervised training
(IIC) only provides meaningful results in rare cases. For most images, no clustering takes
place at all and the network outputs a single class, resulting in very low sensitivity and
an average DSC,,.; of 0.0662. Results for the supervised (BCE) and partially supervised
(IIC 4+ BCE) training on the small dataset are very similar. On average, the networks
achieve a sensitivity of 0.76 and a DSCp,,; of 0.71, which is remarkable given the small
number of training images. The fully supervised training achieves marginally better
results, but does not allow the unannotated part of the data to be utilized, which is
possible with the proposed partially supervised method. When this method is used for
training on the much larger dataset, the results can be improved to 0.8198 sensitivity and
0.7450 DSCpyoj. The combination of patch clustering and patch classification benefits
from the information implicitly contained in the unannotated images and leads to a
good segmentation performance, while requiring only very small amounts of manually
segmented images.

Exemplary atrophy segmentation results are shown in Fig. 3.7 for the training with
the extended dataset. The examples are chosen to show the maximum achievable per-
formance, failure cases and cases close to the average DSC,,; to give an impression of
the overall performance. It can be seen that for images with no or small retinal fluids,
the proposed algorithm manages to reliably delineate atrophic eye regions. Sometimes,
changes in the photoreceptor layer that are not atrophy are incorrectly segmented (see
the first example in Subfig. 3.7 (b)). Cases with additional pathologies, such as large
IRF or SRF, seem to pose problems to the framework. There are two explanations for
this behavior. The first is the fact that there are almost no segmented atrophy cases
with severe fluid accumulation in the training data. The second is that the retinal fluids
strongly deform and displace the retinal layers, which can change the appearance of the
outer retina, making the problem of atrophy delineation even harder for these cases.

Table 3.2: Atrophy segmentation results using different loss combinations and datasets.
All experiments using IIC loss are performed with locality preservation.

Dataset ‘ Loss ‘ DSChproj T sens 1 spec 1

small IIC 0.0662 (0.1931)  0.0518 (0.1545)  0.9744 (0.0900)
small (subset) | BCE 0.7121 (0.2331)  0.7634 (0.2793)  0.9025 (0.1207)
small IIC + BCE | 0.7076 (0.2407)  0.7601 (0.2795)  0.9034 (0.1158)
extended IIC + BCE | 0.7450 (0.2197) 0.8198 (0.2521)  0.8970 (0.1195)
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).

Figure 3.7: Atrophy segmentation results. For each example, the original B-scan is
shown in large size and to the right of it the ground truth is shown at the top and the
predicted segmentation at the bottom, both overlaid in red.

3.5 Discussion

This chapter used invariant information clustering for the unsupervised segmentation
of wounds and the partially supervised segmentation of photoreceptor atrophy in OCT
images. A sophisticated network architecture was used to exploit the information con-
tained in entire A-scans and to measure the pathology extension in the en-face plane.
Additionally, a new combination of loss functions, adding locality preservation to IIC,
was proposed. It was shown that this extended loss function helps to give semantically
meaningful clusters by favoring similar encodings for spatially close and similar looking
image patches, while allowing distant patches to be clustered independently.

The wound images analyzed in the first part of the chapter show artificially introduced
pathologies, that are largely standardized in terms of their size and depth. These can
successfully be delineated in a fully unsupervised manner using IIC, achieving an average
DSC of 0.91 for the best performing network configuration. Simpler approaches that do
not require deep learning, such as fitting a circle or an ellipse to the height maps used to
flatten the images, would certainly also be suitable for segmenting the wounds. However,
these approaches would not be directly transferable to real wounds, which have more
irregular shapes, while this should more easily be possible with the clustering approach
presented. Furthermore, IIC is not limited to binary segmentations, but can potentially
also be used to distinguish different wound healing stages, as shown by the results of the
auxiliary overclustering, which were qualitatively shown to be consistent with different
wound areas.
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3.5 Discussion

The photoreceptor atrophies observed in the second part of the chapter are much
harder to segment than the wounds, resulting in the unsupervised approach to fail for
these images. However, the proposed combination of partially supervised classification
with IIC manages to detect atrophic regions in retinal OCT images with a promising
accuracy based on only very few annotated cases. The proposed method can, thus, re-
duce the problem of data scarcity by allowing unannotated data to be used profitably
for training. A limitation of the method is that no distinction is made between ORA
and RORA. Since CSCR mainly leads to ORA rather than RORA, the manual anno-
tation focused on PEZ atrophy and did not include RPE evaluations. The achieved
segmentations might potentially be subdivided further into atrophy with and without
RPE atrophy, given RPE annotations and more data to learn from. Another solution
might be achieved without DL by analyzing the choroid in A-scans marked as atrophic.
The choroid often appears hyperreflective when RPE atrophy occurs, whereas no change
in reflectivity is observed for ORA. Since no annotations are available to date that could
be used to evaluate such an analysis, this idea is not pursued further in this work.

For both applications, large annotated datasets are missing to investigate what per-
formance can be achieved when supervised methods are used. Also, longitudinal investi-
gation of changes or segmentation consistency cannot be done with the given data; For
the wounds, no incipient healing could be observed with the skin equivalents used and
for most of the atrophy cases only one time point was segmented manually. Still, given
that wound segmentation was done completely unsupervised and that the segmentation
of PEZ atrophy is a very difficult task, even manually, the achieved results seem promis-
ing. IIC combined with LP and partial supervision proofed especially useful for the
segmentation of small datasets and the integration of knowledge hidden in unannotated
images.
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Chapter 4

Unsupervised Segmentation of
Non-Correspondences during Image
Registration for the Analysis of
Pathological Changes

Segmentation and cluster analysis methods enable precise volumetric analyses of indi-
vidual images. In medicine, however, it is often necessary to analyze several images
together to enable diagnosis, treatment planning or follow-up examinations. This may
involve images from different points in time, e.g. before and after an operation, but
also from different modalities, such as CT and MRI, or patients, e.g. for the creation of
anatomical atlases. These images are usually not aligned with each other, which makes
direct comparison or fusion impossible. Image registration is, therefore, one of the most
important topics in medical image processing.

A major challenge in the application of registration procedures is the presence of
non-corresponding regions between the images. These can include inter-individual or
age-related anatomical differences, but also pathologies that often cause even greater
deviations between images. For approaches that find the registration deformation field
based on global intensity metrics, the resulting differences in intensity can lead to regis-
tration errors. Unrealistic deformations will be introduced that attempt to compensate
for the differences by dragging voxels that are similar in intensity but do not correspond
structurally into the non-correspondent area. As a result, the predicted deformation
fields are unsuitable for subsequent volume change analyses and the warped images
cannot be used for atlas generation or image fusion.

In this chapter, NCR-Net is presented, one of the first deep learning-based approaches
for the simultaneous registration and unsupervised non-correspondence segmentation of
medical images with pathologies that has been published in [Andresen et al., 2022a].
The network is trained with a loss function that uses a masked image distance measure
and at the same time favors the masked area to be small and compact. Like this, non-
correspondences between moving and fixed images are found as outliers in the image
distance measure, as proposed in [Chen et al., 2015] for a classical image registration
method. The built-in differentiation engine of modern DL libraries makes it compara-
tively easy to split up the optimization of the CNN parameters into several phases, or to
extend the loss function by further loss terms. Here, a two-stage training procedure is
proposed to facilitate the disentanglement of spatial alignment and outlier segmentation.
First, only the parts of the network that are used to create the deformation field are
trained, before also training the non-correspondence segmentation part of the network.
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Furthermore, weak supervision is used to guide the registration task by measuring the
overlap of the main anatomical structures after deformation. No expensive manual seg-
mentations of pathologies are required, and the method is additionally shown to perform
similarly when trained in a completely unsupervised manner.

The remainder of the chapter is organized as follows. Sec. 4.1 gives an overview of the
literature tackling the problem of registering medical images with pathologies. Sec. 4.2
presents the objective function, training, architecture and other implementation details
of the proposed method. In Sec. 4.3, NCR-Net is used for the 2D registration of retinal
OCT images from AMD patients (4.3.1) and for the registration of brain MRIs with
artificially inserted lesions, both in 2D (Sec. 4.3.2.1) and 3D (Sec. 4.3.2.2). Performances
are compared to several state-of-the-art registration frameworks. Additionally, the non-
correspondence segmentations generated by NCR-Net are shown to be usable for the
unsupervised segmentation of pathologies in Secs. 4.3.1.2 and 4.3.2.3.

4.1 Related Literature

The most intuitive solution to handle non-correspondences in image registration is to
mask out or weigh down the respective areas in the image similarity measure during
the registration process, e.g. [Brett et al., 2001; Nachev et al., 2008; Xie et al., 2021,
Schaffland and Schoning, 2024]. This requires that non-correspondent image regions
be segmented before registration. While the segmentation of pathologies already is
cumbersome, the segmentation of non-correspondences is often impossible, since the
unaligned images cannot be compared directly. For example, the distinction of existing
pathology and developing new pathological tissue is very difficult without exact spatial
alignment.

Several iterative approaches exist that detect non-correspondent image regions during
the registration process [Periaswamy and Farid, 2006; Chitphakdithai and Duncan, 2010;
Ou et al., 2011; Chen et al., 2015; Werner et al., 2016; Kriiger et al., 2019, 2020]. Chen
et al. use a sophisticated optimization functional to both segment non-correspondences
and find the registration deformation field [Chen et al., 2015]. Non-correspondences are
found as areas with large image distances, which are masked out and favored to be small
and have a smooth boundary. In [Ou et al., 2011], DRAMMS is introduced, a regis-
tration method in which continuously valued mutual-saliency maps are used to weigh
the influence of individual voxels onto the deformation. This is achieved by extracting
attribute vectors reflecting the geometrical and anatomical context around each voxel
and assigning higher weights to voxels that establish unique correspondences across im-
ages. Like this, outliers are given less weight. Similarly, Kriiger et al. weigh the image
distance during registration based on correspondence probabilities rather than assum-
ing one-to-one correspondences [Kriiger et al., 2019]. These probabilities are estimated
based on sparse image representations that describe shape and appearance features of
the images.
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Recently, with the rise of DL-based image registration frameworks, the problem of
aligning non-correspondent images has gained more attention. Sedghi et al. use a clas-
sifier network to patch-wise predict class probabilities for either registered, unrelated or
18 different transformations [Sedghi et al., 2019]. The deformation field is regularized by
setting it to zero in patches for which the unrelated class is predicted. While this method
allows to estimate non-correspondences directly, it only works on patch-level and relies
on an iterative scheme. The method described in the upcoming section and published in
[Andresen et al., 2022a] was at the time one of the first works to tackle the joint estima-
tion of non-correspondences and dense deformation fields with DL methods. It builds on
the idea to find non-correspondent image areas as outliers in the image distance measure
described in [Chen et al., 2015]. The objective function proposed there is transferred into
a differentiable loss function usable for CNN training, and the functionality of modern
CNNss is exploited for improved shape and appearance disentanglement.

In 2022, the BraTS-Reg Challenge was hosted with the goal to register pre- and post-
operative brain MRIs of glioma patients [Baheti et al., 2024]. Most challenge submissions
rely on DL to solve this task [GroBbréhmer et al., 2023; Mok and Chung, 2023; Wodzin-
ski et al., 2023; Meng et al., 2023; Almahfouz Nasser et al., 2023; Zeineldin et al., 2023;
Abderezaei et al., 2023]. Oftentimes, prior semantic information is given to the regis-
tration networks by either predicting tumor segmentations [Grofbrohmer et al., 2023;
Almahfouz Nasser et al., 2023] or using the manually annotated landmarks provided
with the data [Meng et al., 2023]. [Mok and Chung, 2023] and [Wodzinski et al., 2023]
use LapIRN [Mok and Chung, 2020] as baseline model to explicitly estimate the areas
of non-correspondence. For this purpose, baseline and follow-up are passed through the
network twice, with each image being used once as a fixed and once as a moving image.
The displacements resulting from both runs are used to calculate the forward-backward
error, which is large for non-correspondent regions. These regions are masked out in
the image similarity measure of the loss function during training, similar to the method
proposed in the following section.

Uncertainty estimation of CNN predictions opens a new way to find image areas where
registration is more difficult and where non-correspondences occur. The first papers to
perform such studies use Monte Carlo dropout and visualize the uncertainty after the
network has been trained [Yang et al., 2017; Sentker et al., 2018]. More recent works
let the networks predict uncertainty directly to improve or guide the network training
[Gong et al., 2022; Xu et al., 2022; Chen and Yang, 2025]. Xu et al. use a mean-teacher
model that allows to dynamically adjust the weighting parameter of the spatial regu-
larization for individual registration problems based on the estimated uncertainty [Xu
et al., 2022]. Chen et al. propose to couple a segmentation and a registration network,
which are both trained to perform the respective task and predict the uncertainty. Both
networks are first trained separately and then alternately, connecting the networks by
comparing the deformed segmentation masks with those of the other images in the loss.
In this way, both networks can benefit from each other, but the training requires manual
segmentations [Chen and Yang, 2025].
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4.2 Methods

The basic idea to achieve simultaneous image registration and non-correspondence seg-
mentation is to extend the registration problem (2.1) from

D[F, M o ;9] + aR [p] —— min (4.1)
to

D [F, Mo ;0\ O] + aR [g] + APer[O] + 7Vol[O] ~2Z min . (4.2)

While in Eq. (4.1) the distance measure is evaluated on the entire image domain €2,
the extended registration objective (4.2) requires image similarity only in Q \ O, where
O describes the region in F' that has no correspondence in M. At the same time,
to avoid the trivial solution of masking out the image distance on the entire image
domain, the non-corresponding region is regularized to be smooth-edged and small by
minimizing its perimeter (Per[O]) and volume (Vol[O]). Solving Eq. (4.2), thus, leads to
non-correspondence regions that correspond to outliers in the image distance measure
[Chen et al., 2015].

In [Andresen et al., 2022a], this approach is transferred to the field of DL. For the
registration of the moving image M : Q@ — R to the fixed image F' : Q@ — R, an
extended U-Net is used that consists of one encoder and two separate decoders that
output a diffeomorphic deformation field ¢ = exp(v) : R? — R¢ and a segmentation of
non-correspondences N :  — {0,1}. The network is trained with the loss function

L(0; M, F) = E{\H/I%%e%F» Mog;N)+ aﬁReg(@) + BEShape(N)a (4.3)

consisting of a masked MSE loss

LUEEF. M o i N) = 3 (1= N@)) - (Fla) - (M o ) (@)

e

with n being the number of voxels in €2, and regularizers

Lres(p) = Y [IVo(@)]3

Lsnape(N) = ZN(ZIZ) +’thanh (((Gx * N)(z) + (Gy *N)(w)>2>

The image distance is masked with the segmentation output N of the CNN and the
loss components of Lgpape(/N) differentiably approximate the volume and the perimeter
of the non-correspondence segmentation. The perimeter is calculated by converting the
non-correspondence segmentation into an edge image through convolution with Sobel
kernels G, and G,, and summing its values. Inspired by [Hering et al., 2019], a multi-
resolution approach is pursued, using additional output heads on different levels of the
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Figure 4.1: The architecture of NCR-Net. Moving and fixed images are passed as a two-
channel input to the network and encoded. Two separate decoders generate deformation
fields and non-correspondence maps on three levels of resolution.

network. The detailed network architecture of the non-correspondence segmentation and
registration network (NCR-Net) is displayed in Fig. 4.1. Similar to the U-Net, the two
decoders are connected to the encoder via skip-connections. The segmentation decoder
outputs non-correspondence maps Ny, Ny and N3 for the original, half and quarter
resolution of the input images. For the generation of diffeomorphic deformation fields
©; = exp(v;), the output heads of the deformation decoder first produce stationary vector
fields v;, which are then passed through an exponentiation layer [Krebs et al., 2018]. For
the exponentiation, the implementation provided by [Sandkiihler et al., 2018] is used.
The deformation fields are created with a resolution of one eighth, one quarter and one
half of the original resolution and then interpolated to the same resolution levels as the
non-correspondence maps. This leads to a further regularization of the deformations.

Using the outputs on three resolution levels, the loss function (4.3) is evaluated for each
level and combined into one loss that is used for backpropagation. Let £'(0; M, F) =
L(0; M;, F;) be the loss function evaluated for downsampled moving and fixed images,
denoted as M; and F; for resolution level i, then the final loss is given by

L= w1£1 + CL)2£2 -+ CL)3£3. (44)
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Finer resolution levels are assigned a higher weight w;. For the OCT registration, w; =
0.5,ws = 0.3 and w3 = 0.2 is used, whereas for the MRI registration, w; = 0.7, wy = 0.2
and w3 = 0.1 is chosen empirically.

Compared to iterative approaches for image registration, CNN-based methods make
it comparatively easy to add additional loss terms. This is exploited below to introduce
weak supervision of the learning process by adding the Dice loss Lpic (ST, S™ o ¢) of
anatomical structures to the loss function. Pathology labels are not used for training,
but only segmentations of large structures or tissues, which are much easier to obtain.
For OCT applications, S¥ and S™ describe the ground truth segmentations of the retina
and for MR applications those of the brain.

Finally, to prevent spatial misalignments from being masked out or non-correspon-
dences leading to registration errors, a two-step training scheme is introduced. In the
first half of training, the encoder and the deformation decoder are pre-trained with

e = sz (Laise (F, (Mi 0 90)) + alnes(0) + Mopice(SF, M 0 0))  (4.5)

as loss function. This corresponds to the “classical” registration problem (4.1), except
for the label supervision. In the second half of training, the non-correspondence segmen-
tation is enabled, and the entire network is trained with loss function (4.3), evaluated
on three resolution levels and extended with the weak supervision loss term:

L = sz : < Nercd (Fi, M 0 @i; Ni) + aLreg (i) + 5 Lshape (Ni) (4.6)

+ Apiee(SF, SM o %)).

Introducing the non-correspondence detection only when the network is already able to
perform meaningful registration helps the complicated disentanglement of non-corres-
pondence segmentation and deformation, as shown in the upcoming experiments.

NCR-Net is implemented in the PyTorch framework and training is done for 500
epochs with Adam optimization and a learning rate of 1le-4. The weighting parameters
are found empirically and set to o = 1, § = 0.005, v = 1.2 and A = 1 for OCT
registration. For MRI registration, parameters are set to a = 0.4, § = 0.05, v = 0.03
and A\ = 1, and the masked MSE loss is replaced with a masked normalized cross
correlation (NCC) image distance loss.

4.3 Experiments and Results

In the following, NCR-Net is used to perform longitudinal intra-patient registration of
OCT B-scans of AMD patients. Several ablation studies are performed to show the
influence of the proposed two-step training procedure and the weak label supervision.
Applicability to a wide variety of images is shown by subsequently applying NCR-Net
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for the inter-patient registration of horizontal MR image slices of the brain with artifi-
cially inserted pathologies (LPBA40 dataset with phantom stroke lesions, cf. Sec. 2.4.2).
Registration performance is evaluated by comparing to several state-of-the-art registra-
tion frameworks. Finally, NCR-Net is adapted to 3D and used to register the full MR
volumes. For both OCT and MRI, the non-correspondence segmentations are shown to
be usable for the unsupervised segmentation of pathologies.

4.3.1 OCT Image Registration

For OCT image registration, the AMD follow-up dataset from Sec. 2.4.1 is used. The
full dataset consists of 709 OCT volumes from 41 eyes of 41 AMD patients, but for
network training, only images with a field of view of 2 x6x 6 mm?® and a resolution of
496x512x25 voxels are used. In addition, only image pairs whose recording dates are no
more than five months apart are used for registration. This results in 193 image pairs
from 40 patients, with the follow-up scan serving as reference image and the baseline
scan as moving image to allow pathology tracking. The OCT images were recorded
using eye tracking so that images from different points in time show the same section
of the eye. It can, therefore, be assumed that corresponding B-scans also correspond
spatially, and that differences between images are mainly due to changes in the disease.
The large slice spacing makes 3D registration of OCT images obsolete, as the individual
B-scans are too far apart for any deformation between the B-scans to be expected. Thus,
registration is done on 2D B-scans, resulting in 913 - 25 = 4825 image registration pairs
being considered in total. Five-fold cross-validation is performed, with each network
trained on approximately 80% of the image data. The data is split at the patient-level
so that each training effectively uses approximately 3860 2D registration problems from
32 patients.

In most cases, the B-scans are already well aligned globally by the OCT device. In rare
cases, however, individual B-scans may be misaligned due to sudden eye movements. To
prevent the influence of these outliers, a spatial transformer network (STN, introduced
by [Jaderberg et al., 2015]) is trained that rigidly pre-registers the B-scans. The STN is
trained on Gaussian-smoothed B-scans using the MSE image distance as loss function.
The pre-aligned B-scans then serve as input for the proposed NCR-Net. As data aug-
mentation during training of both the STN and NCR-Net, flipping, rotations between
-7° and +7° and vertical shifting up to a quarter of the image height is performed at
random. The images are cropped to the central 384 A-scans to assure that the imaged
tissue spans the entire width of the images. At inference time, the images can be input
at full size.
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4.3.1.1 Ablation Studies

In this section, an ablation study is performed to analyze the influence of the proposed
two-phase training scheme, the non-correspondence detection and of the weak supervi-
sion using the Dice loss of anatomical segmentations as additional loss term. To do so,
four CNNs are trained:

1. R-Net: Registration-only network with encoder and deformation decoder archi-
tecture identical to NCR-Net but without the non-correspondence segmentation
decoder, trained with loss function (4.5)

2. uNCR-Net: Unsupervised training of the non-correspondence detection and regis-
tration network using loss function (4.3), evaluated on three resolution levels

3. sNCR~Net: No pre-training is used and the network is trained with loss function
(4.6), that uses weak supervision, throughout the entire training

4. NCR-Net: The proposed non-correspondence detection and registration network,
trained with weak supervision and two-phase training.

The ablation study results are reported in Tab. 4.1 giving the average symmetric sur-
face distance (ASSD) and the Hausdorff distance (HD) of the given three anatomical
surfaces ILM, RPE and BM before and after registration with the different network ver-
sions. Results show that all networks manage to achieve a good alignment of the retina
despite large appearance differences between time points. The registration-only net-
work, R-Net, thereby achieves best results but at the cost of unrealistic deformations as
shown in Fig. 4.2. While R-Net tends to stretch or compress retinal layers to compensate
for non-correspondences, NCR-Net manages to generate smoother deformation fields in
these areas, as can also be seen from the respective Jacobian determinant. However,

Table 4.1: Joint non-correspondence detection and OCT image registration results for
unsupervised (uUNCR-Net) and weakly supervised (sNCR-Net) training, as well as for
two-phase training with weak supervision (NCR-Net). To analyze the influence of the
non-correspondence detection, a registration-only network is trained additionally (R-
Net). ASSD and HD are specified in pixels. Best results are written in bold font.
Significantly best performing NCR-Net versions are marked with *.

ILM RPE BM
Method ASSD | HD | ASSD | HD | ASSD | HD |
w/oreg. | 6.83 (7.51) 15.15 (14.01) | 6.27 (7.28) 13.94 (12.18) | 6.64 (8.42) 12.22 (12.42)
R-Net 0.85 (1.79)  3.48 (5.98) | 1.86 (1.82) 7.31 (6.02) | 2.80 (4.17) 8.48 (9.37)
uNCR-Net | 1.09 (3.00)  4.42 (8.65) | 2.19 (3.27)  8.16 (7.91) | 3.10 (5.13)  9.10 (10.41)
sNCR-Net | 1.07 (2.95)  4.37 (8.52) | 2.20 (3.25)  8.21 (7.99) | 3.10 (5.12)  9.14 (10.46)
NCR-Net | 0.93* (2.17) 3.77* (6.90) | 2.10* (2.74) 7.89* (7.10) | 3.02* (4.76) 8.95 (10.00)
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Figure 4.2: Exemplary OCT registration results of R-Net and NCR-Net. For each ex-
ample, the fixed and moving images (F' and M) are shown, as well as the deformed image
M o after registration with the two networks. Additionally, the difference images after
registration, the amplitude and the Jacobian determinant of the deformation fields are
displayed masked to the retina. For NCR-Net, the contours of the non-correspondence
segmentation are overlaid onto the difference image in red. Note that the first two ex-
amples show images of three successive visits of the same patient. Areas highlighted
in yellow indicate more uniform deformations predicted by NCR-Net and unrealistic
stretching or compression of retinal layers introduced by R-Net.
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for very large retinal deformations, masking the non-matching areas can increase reg-
istration errors. In these rare cases, NCR-Net tends to oversegment non-correspondent
areas, while introducing too small deformations. This can be seen in the third exam-
ple in Fig. 4.2, where both networks cannot align the ILM. Here, the masking of the
non-corresponding areas leads to larger misalignments for NCR~Net.

Several observations stand out when comparing the NCR-Net versions. First, the
unsupervised network version performs very similar to the supervised version (ASSDs of
1.09, 2.19 and 3.10 for uNCR-Net vs. 1.07, 2.20, 3.10 for sNCR-Net for ILM, RPE and
BM, respectively), indicating that NCR-~Net does not require any supervision to achieve
good registration performances. Despite that, a slight improvement in the alignment
of the ILM can, however, be observed, indicating that supervision can help to find far
away correspondences. Second, the two-phase training significantly (one-sided Wilcoxon
signed rank test with significance level 0.05) improves registration performances to 0.93,
2.10 and 3.02 ASSD for the ILM, RPE and BM. Pre-training on the registration task,
thus, helps the disentanglement of spatial deformation and cost function masking.

4.3.1.2 Unsupervised New Fluid Segmentation

For longitudinal registration of retinal images, the main source for non-correspondences
is disease progression, assuming that age-related changes of the retina can be ignored
due to the short time interval between examinations. This can be exploited by using the
non-correspondence segmentations generated by NCR-Net as pathology segmentation,
as shown in Fig. 4.3 for six AMD patients. From the examples, it can be seen that
NCR-Net produces very detailed non-correspondence segmentations that align well with
areas of disease progression. Especially, the detection of newly emerging or disappearing
fluids is enabled through outlier detection in the image distance measure.

The AMD dataset that was used for NCR-Net training includes manual segmenta-
tions of the ILM, the BM and the RPE but no delineations of IRF or SRF. A quantita-
tive evaluation of the segmentation capacity of NCR-Net is, therefore, performed with
the manually segmented CSCR dataset described in Sec. 2.4.1 by comparing the non-
correspondence segmentation of NCR-~Net with manual segmentations of newly emerging
fluids. For the CSCR data, a good pre-alignment of the B-scans is ensured by a flatten-
ing of the input images at the Bruch’s membrane. Each B-scan is passed through all five
networks from the cross-validation, and the resulting non-correspondence segmentations
are combined via logical OR, which gave better results than majority voting. During
this evaluation, the non-correspondence maps are post-processed by masking them to
the retina. The ground truth segmentations of new fluids are generated per B-scan from
the manual fluid annotations as follows:

e (Case 1: There is no fluid in the baseline image, but in the follow-up image.
— All fluids in the follow-up are new fluids.

e (Case 2: There are pathologies in both time points.
— Dilation is performed on the fluid segmentations for both images. Each dilated
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Figure 4.3: Non-correspondence segmentation results of NCR-Net align with areas of
disease change. For each example, moving image M and fixed image F' are shown. The
registered moving image (warped baseline scan, M o ) is also displayed, as well as the
difference images before and after registration. The non-correspondence map N is shown
on the bottom right for each example and as a red contour overlay onto fixed and warped
moving images.

pathology in the follow-up examination that does not overlap with the expanded
fluids in the baseline is defined as a new lesion.

e Case 3: A fluid type is present in the follow-up image that was not observed in
the baseline.
— Each pathology of this fluid type is assigned to the new fluid segmentation.

e The remaining fluids in the follow-up image are defined as “not new” and not
added to the ground truth segmentation of new fluids.

In Tab. 4.2, new lesion segmentation and detection results are reported both on B-
scan- and on lesion-level. The non-correspondence segmentation of NCR-Net does not
distinguish between different fluid types (or other sources of non-correspondences, such
as further pathologies or imaging artifacts). Therefore, results are reported for binarized
ground truth fluid segmentations first. The detection rate of new fluids is reported (sens)
as well as the Dice score, averaged over detected fluids (DSCgye). A B-scan containing
new lesions or an individual new lesion is counted as detected if there is an overlap
with the predicted segmentation. Second, results are reported per lesion type. To do
so, each fluid class in the ground truth is considered individually, and all segmented
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non-correspondent areas that overlap with the corresponding class are used to calculate
the DSC.

The quantitative results show high detection rates for IRF and SRF, with sens
29/37 = 0.78 for IRF and sens"™#=174/212=0.82 for SRF. IRF and SRF both typically
have low intensities in OCT images and high contrast to the surrounding retina. For
PED, detection rates are lower, with only 19 out of 60 B-scans identified as containing
new PED, which can be explained by the lower contrast to the surrounding tissue.
Segmentation performance also varies with fluid type. SRF is best segmented with an
average DSCgye of 0.57 on image- and 0.46 on lesion-level, which may be explained by
the high contrast and the fact that subretinal fluids typically consist of only one or very
few individual fluid inclusions below the retina. IRF, on the other hand, often consists of
many small fluid inclusions and is widely scattered within the retina. The segmentation
of IRF is, therefore, much more difficult than that of SRF, resulting in an average lesion-
level DSCyet of 0.34. Finally, the comparably low-contrasted PED typically consists of
only a few individual fluids that occur in the lower part of the retina and can, thus,
slightly better be segmented with an average lesion-level DSCge of 0.37. Overall, given
that no fluid segmentations are used for network training, segmentation accuracy is high
even at lesion-level, with an average DSCgey of 0.41 (see also anomaly detection results
in Sec. 6.3.2).

img__

Table 4.2: Using the non-correspondence maps of NCR-Net to segment new fluids in
the CSCR dataset. The detection rate (sens) of new fluids is given on B-scan- and
lesion-level. The DSC averaged over all detected fluids/B-scans is also reported. This
evaluation is carried out for the individual fluid types and in binary form by combining
all fluids in the ground truth into a single pathology class.
All fluids IRF SRF PED
Eval. level | sensT DSCget T| sensT DSCgyet 1| sens?T DSCget T| sens T DSCget T
B-Scan 213/293 0.4579 29/37 0.4777 174/212 0.5744 19/60 0.4060
494/955 0.4068 203/415 0.3362 269/448 0.4633 22/92 0.3676

Lesion

4.3.2 MRI Registration

MRI registration is performed in 2D and 3D using the LPBA40 dataset [Shattuck et al.,
2008] with artificially introduced stroke lesions from the ISLES dataset [Maier et al.,
2017]. Four different lesions are inserted separately into each LPBA40 image, leading
to five versions of each image (original, corrupted with lesion L1, L2, L3 and L4, that
can exemplarily be seen in Fig. 4.4) with exactly known lesion location and appearance.
This modified dataset is described in [Kriiger et al., 2019, 2020] and used there for
evaluation purposes. Here, the images are used for network training. Image registration
is performed between patients, with the original LPBA40 images serving as moving
images which are registered to the other patients’ images, both lesion-free and corrupted
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versions. For MRI registration, the NCC is used as image distance in the loss calculation.
Online data augmentation includes random rotation of one of the images between -3°
and +3° or of both images between -8° and +8°. In 3D, rotations are applied in the
horizontal plane only. Additionally, Gaussian noise is added and random shifting in each
direction by up to four pixels is performed. The 2D registration is performed on the
central horizontal MR slices, where two of the four inserted lesions are small, whereas
the other two corrupt large areas of the brain.

4.3.2.1 MRI Registration in 2D

In this section, NCR-Net is trained on the central horizontal slices of the modified
LPBA40 dataset. First, an ablation study is performed to compare registration results
of NCR-Net and R-Net as done for the OCT data. Subsequently, NCR-Net is compared
to three state-of-the-art image registration frameworks.

For the ablation study, NCR-Net is trained with the proposed two-phase training
scheme that performed best for the OCT data. Registration performance is measured
as in [Kriiger et al., 2019] by calculating the average Jaccard index for 19 anatomical
labels that are present in all central horizontal scans of the training data. The results
are reported in Tab. 4.3 and show that R-Net and NCR-~Net perform comparable for un-
corrupted images and images with small lesions L2 and L3. Since brain images generally
require smaller deformations for registration than OCT images, there are no failure cases
for either network. However, NCR-Net delivers much better results for large lesions L1
and L4 with average Jaccard values of 0.600 and 0.595 compared to 0.509 and 0.528 for
R-Net. Here, NCR-Net benefits a lot from the non-correspondence detection, leading to
plausible deformation fields also inside the pathology area. R-Net, on the other hand,
tends to pull background pixels into the brain to compensate for the dark intensities
inside lesions, as shown exemplarily in Fig. 4.4. There it can also be seen that R-Net
completely removes the cerebellum visible in the moving image only, while NCR-Net
better preserves such normal inter-individual differences.

To evaluate the registration accuracy of NCR-Net compared to state-of-the-art image
registration methods, three competitive algorithms are evaluated. First, deformable
registration via attribute matching and mutual-saliency weighting (DRAMMS) by Ou

Table 4.3: 2D MRI registration results for R-Net and NCR-Net. Reported are the
Jaccard indices averaged over 19 anatomical labels that are given in the central horizontal
slices of all 40 LPBA40 images. Registration performance is measured separately for the
original, uncorrupted images and for the images with four different artificially inserted
stroke lesions (L1-14).
Method |  Original L1 L2 L3 L4
w/oreg. | 0.480 (0.063)  0.480 (0.063)  0.480 (0.063)  0.480 (0.063) 0.0480 (0.063)
R-Net 0.620 (0.034)  0.509 (0.032)  0.610 (0.033) 0.620 (0.033)  0.528 (0.034)
NCR-Net | 0.619 (0.034) 0.600 (0.036) 0.619 (0.034) 0.619 (0.034)  0.595 (0.035)
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Figure 4.4: Exemplary MRI registration results of R-Net and NCR-Net. Shown are
the moving image M and the five versions of the fixed image F. For each example,
the warped moving image, the difference image after registration (noted as Dycr =
M — F o pxcr), the amplitude and the Jacobian determinant of the deformation are
shown in the top row for R-Net and in the bottom row for NCR-Net. For NCR-Net,
the predicted non-correspondences are overlaid onto the difference image in red as well
as the ground truth lesion segmentation in blue. NCR-Net generally leads to smoother
and more plausible deformation fields.

et al. is used. DRAMMS is similar to NCR-Net in that the impairment done by non-
corresponding image regions is reduced via a weighting of the image distance measure
[Ou et al., 2011]. For DRAMMS, the default parameters of the algorithm are used. Sec-
ond, the variational registration toolbox by Ehrhardt et al. (VarReg) is run with NCC
distance measure and curvature regularization [Ehrhardt et al., 2015]. These two com-
petitive algorithms are chosen as they are among the best performing registration meth-
ods on the LPBA40 dataset and open-source. Both are iterative approaches, whereas
for the third competitive algorithm VoxelMorph, a deep learning-based method, is used.
The diffeomorphic extension of VoxelMorph [Balakrishnan et al., 2019; Dalca et al.,
2019] is trained with loss function (4.5) with the same optimizer and learning rate and
for the same number of epochs as NCR-Net. The network architecture of VoxelMorph
is not changed from the original implementation.
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Figure 4.5: Results for 2D MRI registration. Average Jaccard indices are reported
for the 19 anatomical labels that are present in all 40 images. Additionally, results are
shown for the labels lying inside and outside lesions L1-1.4.

Registration performance is measured by calculating the Jaccard index for the previ-
ously considered 19 anatomical labels. To analyze the influence of non-correspondences
on the registration performance, results are additionally reported for anatomical struc-
tures that lie inside and outside the inserted stroke lesions. The results are averaged over
the respective labels and given in Fig. 4.5. All registration methods considered perform
similar on healthy images, but NCR-Net is the only method that delivers consistently
good results for disturbed images (average Jaccard indices over all 19 labels of 0.6194,
0.5999, 0.6187, 0.6192 and 0.5950 for lesion-free images and images with lesions L1 to
L4), no matter the size and intensity of the inserted lesions. Even for very large lesions
L1 and L4, NCR-Net achieves good alignment of anatomical structures, whereas the per-
formance of the competitive methods drops substantially, indicating that the introduced
non-correspondences lead to implausible deformations. For images containing no or only
subtle lesions (L2 and L3), NCR-Net performs better than DRAMMS and VoxelMorph,
but is slightly yet significantly outperformed by VarReg, as evaluated with a one-sided
Wilcoxon signed rank test with significance level 0.05. However, looking at performances
inside the lesions, NCR-Net gives better results than all other methods, except for lesion
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L2. NCR-Net, thus, proofs especially useful and robust for the registration of images
with large pathologies. In addition, NCR-Net provides segmentations of areas that do
not match between images, which is qualitatively shown to be a powerful indicator of
individual anatomical variations in Sec. 4.3.2.3, where the non-correspondence maps are
used for unsupervised stroke lesion segmentation.

4.3.2.2 MRI Registration in 3D

In this section, registration performance is evaluated in 3D using the full LPBA40 vol-
umes for registration. The architecture of NCR-Net is extended for 3D MRI registration
by replacing 2D convolutions with 3D convolutions using the same kernel sizes as before
but in all three directions. Maximum pooling is also performed in 3D instead of 2D
and the bilinear upsampling in the decoding path is replaced by trilinear interpolation.
For network training, the healthy LPBA40 image volumes are used as moving images
and the images with inserted pathologies serve as reference images. The weighting pa-
rameters in the loss function need to be adapted to the relatively smaller area occupied
by the inserted lesions and to the fewer interindividual deviations, since the full image
volumes are now used. The parameters are set to a = 0.04, § = 21000, v = 0.14, A = 1.
For 3D registration, the images are downsampled to 96 x 112x 96 voxels so that they fit
into the memory.

Registration performance is again measured with the average Jaccard indices of an-
atomical labels, this time using all 56 labels given in the LPBA40 dataset. Results
are reported in Tab. 4.4, once averaged over all labels and once averaged over labels
inside and outside lesions. For comparison, 3D VoxelMorph is trained with the same
loss function and hyperparameters as NCR-Net. Similar results can be observed as in
the 2D setting. NCR-Net outperforms VoxelMorph and, more importantly, registration
performance is stable for most inserted lesions (average Jaccard indices of 0.489, 0.486,
0.489, 0.476 and 0.486 for images without lesion and with lesions L1 to L4, respectively).

Interestingly, the registration performance of NCR-Net is impaired most by the hyper-
intense lesion L3. This lesion had hardly any effect on the 2D registration, as it is rather
small and has low contrast to the surrounding tissue in the selected image slice. In 3D,
however, the actual large extent of the lesion comes into play. Additionally, it is the only
lesion with a hyperintense appearance and with blurry borders. The comparably low
registration performance of NCR-Net for this lesion might, therefore, be explained by
the unclear delineation of this lesion, which prevents the non-correspondence detection
from completely masking it out. Still, NCR-~Net outperforms VoxelMorph for all labels
considered and achieves a promising alignment of healthy and pathological inter-patient
brain images, as shown exemplarily in Fig. 4.7.
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Table 4.4: 3D MRI registration results for VoxelMorph and NCR-Net. Reported are
the average Jaccard indices of 56 anatomical labels before and after registration, given
separately for the registration of uncorrupted images and images with artificially in-
serted lesions L1 - L4. For artificially corrupted images, Jaccard indices are additionally
reported for labels lying inside and outside the inserted stroke lesions. Significantly best
results are presented in bold font (one-sided Wilcoxon signed rank test with significance

level 0.05).

Method All 56 labels Inside lesion  Outside lesion
Tg w/o reg 0.373 (0.048) - -
5| VoxelMorph | 0.480 (0.056) - -
S | NCR-Net 0.489 (0.033) - -
w/o reg 0.373 (0.048)  0.418 (0.077)  0.365 (0.047)
= | VoxelMorph | 0.466 (0.052)  0.432 (0.050)  0.472 (0.056)
NCR-Net 0.486 (0.032) 0.521 (0.042) 0.480 (0.033)
w/o reg 0.373 (0.048)  0.416 (0.132)  0.372 (0.048)
N | VoxelMorph | 0.480 (0.056)  0.536 (0.104)  0.479 (0.055)
NCR-Net | 0.489 (0.032) 0.556 (0.069) 0.487 (0.033)
w/o reg 0.373 (0.048)  0.353 (0.078)  0.374 (0.048)
3 | VoxelMorph | 0.474 (0.053)  0.478 (0.055)  0.474 (0.054)
NCR-Net 0.476 (0.031) 0.480 (0.049) 0.476 (0.031)
w/o reg 0.373 (0.048)  0.413 (0.075)  0.366 (0.047)
| VoxelMorph | 0.464 (0.052)  0.426 (0.052)  0.471 (0.057)
NCR-Net | 0.486 (0.032) 0.516 (0.041) 0.481 (0.033)

4.3.2.3 Unsupervised Stroke Lesion Segmentation

Different from the longitudinal registration of OCT images, the non-correspondence
maps resulting from inter-patient MRI registration do not primarily contain pathologic
regions, but also a lot of normal inter-individual differences, as seen in Figs. 4.4 and
4.6. Therefore, two experiments are conducted to use the non-correspondence maps
for the unsupervised segmentation of the phantom stroke lesions L1 to L4. First, the
segmentation outputs are binarized with a threshold of 0.5 and compared directly to
the ground truth masks of the inserted lesions. Second, it is assumed that a seed point
inside the lesions is given, that could be easily and quickly generated during application
of NCR-Net. Using this seed, region growing can be performed on the binarized non-
correspondence segmentation to keep only the pathology segmentation and discard other
segmented areas.

For evaluation, the seed points are not set manually but determined automatically
by calculating the overlap between the non-correspondence map and the ground truth
lesion segmentations and by randomly selecting one of the overlapping voxels as seed.
Qualitative segmentation results are shown in Fig. 4.6 for a 2D image registration exam-
ple performed with the four different pathological versions of the fixed image. It can be
seen that the segmented non-correspondence regions that do not belong to the pathology
are very similar for the different image variants and align with anatomical differences be-
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Figure 4.6: Stroke lesion segmentation results using thresholding and region growing on
the segmentation output of NCR-Net. The moving image M is registered to four versions
of the fixed image F' with artificially introduced lesions L1 to L4 (shown in the second
and fifth column). For each image pair, the difference image after registration is shown,
with the segmentation of non-correspondent areas overlaid in pink and the ground truth
lesion segmentation in blue. In addition, the deformed moving image is shown with the
segmentation contour created by region growing on the binary non-correspondence map.

Table 4.5: Unsupervised (thresholding on (non-) correspondence maps) and weakly
supervised (region growing with seed point inside lesion) stroke lesion segmentation
performances for ProbReg [Kriiger et al., 2019] and NCR-Net. Reported are the DSCs
between ground truth and predicted segmentations averaged over images containing
lesions L1 - L4.

Method Post-proc. L1 L2 L3 L4

ProbReg | Thresholding | 0.693 (0.174) 0.278 (0.174) 0.126 (0.092)

NCR-Net | Thresholding | 0.742 (0.067) 0.225 (0.086) 0.362 (0.107) 0.737 (0.067)
ProbReg | Region growing | 0.865 (0.111)  0.629 (0.172)  0.754 (0.156) -
NCR-Net | Region growing | 0.871 (0.049) 0.870 (0.040) 0.630 (0.157) 0.880 (0.041)

tween patients. NCR-~Net can, therefore, reliably detect inter-individual differences, even
when the appearance of pathologies varies greatly. The pathology regions are sharply
delineated, and region growing can deliver very accurate and lesion-specific segmenta-
tions.

The segmentation performance is measured quantitatively for the 2D NCR-Net by
calculating the DSC between the predicted and the ground truth segmentations. Results
are averaged over all images and reported in Tab. 4.5. A similar analysis has been
performed for lesions L1 to L3 by [Kriiger et al., 2019], whose results are cited in the table
as well. Kriiger et al. estimate correspondence probability maps that have continuous
values, that are processed with thresholding to achieve binary lesion segmentations. To
do so, two different thresholds are used and the better result is kept for each image.

For the unsupervised lesion segmentation using thresholds, NCR-Net achieves compa-
rable or better results than ProbReg, indicating that the non-correspondences predicted
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by NCR-Net are more focused on pathology-related image differences. For the weakly
supervised lesion segmentation with region growing, NCR-Net achieves similarly high
segmentation DSCs of 0.871, 0.870 and 0.880 for lesions L1, 1.2 and L4. These lesions
are characterized by hypointense appearance and relatively sharp borders to the healthy
tissue. For lesions L1 and L2, which were also used in [Kriiger et al., 2019], NCR-Net can
outperform the results reported there. Thereby, the standard deviations for NCR-Net
are smaller than for ProbReg, which shows a more stable performance of the proposed
method. However, the rather small and subtle lesion L3 is segmented better by Prob-
Reg, with NCR-Net achieving an average DSC of 0.630 only. As observed in the 3D
registration results, lesion L3 is the only hyperintense lesion that is visually difficult
to distinguish from the surrounding tissue. The underperformance of NCR-Net might,
thus, again be explained by the blurry borders of the lesion. Similar results can be
observed when evaluating segmentation performances for the 3D version of NCR-Net.
Here, average DSCs of 0.584, 0.039, 0.028 and 0.679 are achieved for lesions L1 to L4
when using simple thresholding (cf. Fig. 4.7 for exemplary results). Region growing
improves results to 0.713, 0.675, 0.071 and 0.760. All results taken together, NCR-Net
shows a promising ability to segment pathologies with little or no manual supervision,
while providing consistent segmentations of other non-correspondences caused, e.g., by
normal inter-individual deviations.

4.4 Discussion

In this chapter, NCR-Net was introduced, one of the first deep learning-based frame-
works capable of simultaneous image registration and non-correspondence segmentation.
NCR-Net provides state-of-the-art registration accuracy with improved plausibility of
the deformation fields through outlier detection in the image distance and cost function
masking. Without the need for expensive manual pathology annotations, the proposed
training scheme enables the network to generate detailed non-correspondence maps that
align well with areas of disease change, as shown with the longitudinal OCT data. For
inter-patient registration, the non-correspondence maps additionally highlight individual
anatomical differences between images. Most experiments in this work were conducted
with weak supervision of the network training via an additional loss term that measures
the overlap between the tissues shown on the images. However, it was also shown that
the fully unsupervised NCR-Net achieves almost the same performance, indicating the
usability of the framework for unannotated datasets.

Especially when rather small deformations are required to align the images, non-
correspondence detection leads to increased robustness of the registration and smoother
deformation fields, as shown for MRI registration. For OCT registration, deformations
of almost unlimited size can occur. In such extreme cases, the non-correspondence
detection can lead to registration errors being amplified, as a non-correspondence is
marked at voxels where a deformation should actually occur. The training of NCR-Net,
therefore, requires tuning of the weighting parameters in the loss in order to achieve a
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Figure 4.7: MRI registration results for 3D volumes. Shown are the results for regis-
tering the same moving image to four versions (L1-L4) of the same fixed image. The
depicted slices are selected to lie at the center of the inserted lesions, the locations are in-
dicated with turquoise crosses. The non-correspondence segmentation results are shown
with pink contours on the difference image after registration and the ground truth lesion
segmentations in blue.

good compromise between deformation accuracy and non-correspondence segmentation.
The proposed two-stage training reduces this problem and can also be used to find good
hyperparameters: During the first phase of training, in which only the registration part
of the network is trained, suitable weightings can be determined for image distance
and deformation regularization. After this first phase, when the CNN already provides
meaningful deformations, only the parameters for the non-correspondence map need to
be found.

Further research might focus on automating this hyperparameter search to ease adap-
tation to different datasets, which is often difficult with problem-specific image registra-
tion solutions. Recently, the first foundation model for image registration, uniGradlCON
[Tian et al., 2024b] was published. Foundation models are a promising field of research
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for highly generalized, easily adaptable models that are pre-trained with huge amounts
of data and can be quickly fine-tuned to new problems. Using such a foundation model
as a starting point for image registration and non-correspondence segmentation CNNs,
like NCR-Net, could potentially boost performance and improve robustness compared
to networks being trained from scratch as done in this work.

A limitation of 3D NCR-Net is that it is currently only usable for comparably small
image volumes. Patch-based approaches such as [Cao et al., 2017; Lu et al., 2024; Wu
et al., 2024] could circumvent this problem. Finally, additional improvements might
be achieved regarding the disentanglement of cost function masking and deformation.
Although the plausibility of the deformation fields has been improved, their realism is still
questionable, especially in the case of OCT images. As fluids can appear very suddenly
in AMD or CSCR, deformations alone are not sufficient to model the development of
the pathologies. Chapter 6, therefore, presents an approach that makes it possible to
integrate new fluids into the registration. A pathology seed point is set, which is extended
with the deformation to the size of the new fluid. Both the registration and the creation
of the seed points are automatically learned by a CNN, similar to NCR-Net, leading to
more realistic deformation fields.
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Chapter 5

Detection and Segmentation of New
Multiple Sclerosis Lesions Using
Image Registration CNNs

Multiple sclerosis (MS) is a chronic immune-mediated disease that is estimated to affect
more than 200,000 people in Germany and 2.8 million worldwide [Petersen et al., 2014;
Walton et al., 2020]. Affecting the entire central nervous system (CNS), MS is the main
cause of neurological disability in young adults [WHO, 2008]. Various inflammatory pro-
cesses, which are not yet fully understood, lead to a loss of CNS tissue during the course
of the disease. In focal lesions, the body’s own immune cells attack the myelin sheaths
of the nerves in the white matter of the brain and spinal cord, which initially leads to a
slowing of the nerve conduction velocity and subsequently to destruction of the axons.
Focal lesions are considered to be the trigger for the typical relapsing neurological dis-
orders that occur in MS. However, autopsies and magnetic transfer imaging have shown
that neural destruction is not limited to the inflammatory foci, but that microlesions oc-
cur diffusely throughout the entire CNS [Bernhardt, 2010]. MRI is the standard imaging
modality for MS diagnosis and therapy monitoring. On T2/FLAIR, focal lesions appear
as localized, hyperintense areas, while the diffuse micro-lesions cannot be visualized.

The size, number and location of inflammatory lesions are established MS biomarkers.
However, in the growing literature, the development of new lesions is considered an even
more important biomarker to evaluate. In fact, the only indicator of drug efficacy is
the absence of new CNS lesions on T2 images [Commowick et al., 2021]. Since MS
lesions are small and difficult to detect, the manual assessment of MS lesions is a very
time-consuming and complex task. Geurts et al. reported that only 40% of lesions
found on histopathology were also found on FLAIR MR scans in a postmortem study
[Geurts et al., 2005]. Even more challenging is the assessment of new MS lesions, as it
requires the joint analysis of images from two time points. Spatial misalignment and non-
correspondences between time points, such as imaging artifacts or physiological changes
in the brain, complicate the differentiation of new from existing, possibly progressive
MS lesions. Automating the detection and delineation of such lesions would, therefore,
be a major advance for M'S monitoring.

In this chapter, different methods are presented to solve the task of new MS le-
sion segmentation and detection. These methods are all based on deep learning image
registration networks with simultaneous non-correspondence detection. First, an exten-
sion of NCR-Net is proposed, that models new lesions as appearance offsets in non-
correspondent image areas. This allows analyzing different regions of individual focal
lesions. The CNN is called ANCR-Net for appearance-adaptation in non-correspondent
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regions and image registration network and published in [Andresen et al., 2022c]. Sec-
ond, the NCR-Net approach from the previous chapter is used and complemented with
an additional U-Net that refines the non-correspondence segmentations generated by
NCR-Net. This approach was submitted to the MICCAI 2021 - Longitudinal Multiple
Sclerosis Lesion Segmentation (MSSEG-2) challenge [Commowick et al., 2021], which fo-
cuses on the detection and segmentation of new MS lesions, and published in [Andresen
et al., 2021].

The remainder of this chapter first gives an overview of the literature related to new
MS lesion segmentation (Sec. 5.1). In Sec. 5.2, the architectures and training procedures
of the proposed methods are explained. New lesion detection and segmentation perfor-
mances are evaluated in Secs. 5.3.1 and 5.3.2. The appearance offset maps generated by
ANCR-Net are used to model new lesions in Sec. 5.3.3. A summary and discussion of
the presented approaches and results are given in Sec. 5.4.

5.1 Related Literature

The existing literature, tackling the automatic examination of longitudinal MS data, can
broadly be classified into lesion detection and change detection methods [Lladé et al.,
2012]. Lesion detection approaches analyze images from different time points separately
and only subsequently detect changes over time by comparing the resulting segmenta-
tions. In [Kohler et al., 2019], for example, all scans of a patient are affinely registered
to a reference scan and lesions are categorized into static, dynamic and new, based on
the overlap of lesion masks from the individual time points. In change detection ap-
proaches, images from subsequent time points are analyzed jointly to directly detect
changes between baseline and follow-up. These approaches can further be classified into
deformation- and intensity-based approaches [Salem et al., 2020]. Typically, registration
is a pre-processing step for intensity-based approaches and image intensities are com-
pared voxel-wise to generate segmentations of new lesions [Moraal et al., 2010; Battaglini
et al., 2014; Ganiler et al., 2014; Battaglini et al., 2014; Jain et al., 2016; Fartaria et al.,
2019]. Non-rigid registration is used in deformation-based approaches, where deforma-
tion fields are used to improve new lesion segmentation [Rey et al., 2002; Cabezas et al.,
2016; Salem et al., 2018, 2020].

Since 2020, the majority of works on new MS lesion segmentation has been based
on DL, e.g. [Kriiger et al., 2020; McKinley et al., 2020; Salem et al., 2020; Combes
et al., 2021]. In [Salem et al., 2020], image pairs from four different MRI modalities
are used and registered in a CNN, before the generated deformation fields are passed
on to the second part of the network, which segments new lesions. Kriiger et al. use
FLAIR image pairs to train a U-Net-like CNN for the segmentation of new or enlarged
MS lesions [Kriiger et al., 2020]. [Combes et al., 2021] propose a complete workflow for
the integration of computer-aided new MS segmentation into the clinic. The automatic
segmentation module uses nnU-Net to segment new lesions in FLAIR, T1-w and T2-w
MRIs and the network is purposely tuned to be oversensitive in order to not miss any
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new lesions and removal of false positives is left to users. In contrast, false positives are
reduced automatically using segmentation uncertainty in [McKinley et al., 2020].

In 2021, the MSSEG-2 challenge took place [Commowick et al., 2021}, as part of which
the paper [Andresen et al., 2021] was published. The challenge provided a longitudinal
dataset of 100 FLAIR MR image pairs of MS patients taken one to three years apart and
manual segmentations of new MS lesions in the follow-up image. Four medical experts
segmented the images, and a consensus ground truth was built that served as a reference
for evaluating submissions that addressed the task of new MS lesion segmentation. 24
teams submitted 30 pipelines, only one of which was not based on DL.

The U-Net architecture is predominant, whereby different 3D [Andresen et al., 2021;
Ashtari et al., 2021; Basaran et al., 2021; Fenneteau et al., 2021; Kamraoui et al.,
2021b,c,a; Kang et al., 2021; Lohr et al., 2021; Macar et al., 2021; Masson et al., 2021;
Schmidt-Mengin et al., 2021] and 2D [Dalbis et al., 2021; de Sousa and de Oliveira, 2021;
Sarica and Seker, 2021; Zhang et al., 2021] variants and ensembles [Efird et al., 2021;
Gibicar et al., 2021; Nichyporuk et al., 2021; Siddiquee and Myronenko, 2021] are used.
Promising results are achieved by Dalbis et al. and Zhang et al. that both rely on a 2.5D
approach, using 2D slices from all three directions as network input. Several strategies
are implemented to overcome the class imbalance problem, inherent to the MSSEG-2
training data, due to the small size and number of new lesions. Most methods rely on
patch sampling strategies, either selecting only patches within the brain [Dalbis et al.,
2021; Efird et al., 2021; Fenneteau et al., 2021] or oversampling positive patches using
manual ground truth, e.g. [Andresen et al., 2021; Ashtari et al., 2021; Basaran et al.,
2021; Gibicar et al., 2021; Kang et al., 2021; Macar et al., 2021; Preloznik and Ziga
Spiclin, 2021; Sarica and Seker, 2021]. Some works automatically select ROIs based on
the subtraction image of both time points [Rosa et al., 2021; Prados and Kanber, 2021].
[Hamzaoui et al., 2021] is the only work that analyzes images from both time points sep-
arately. Also, additional data, either generated [Kamraoui et al., 2021a] or real [Basaran
et al., 2021; Cabezas et al., 2021; Dalbis et al., 2021; Lohr et al., 2021; Masson et al.,
2021], is used to pre-train networks or to expand the training set. Nichyporuk et al. use
a lesion reweighting strategy to adapt the BCE loss to give more weight to lesion voxels
[Nichyporuk et al., 2021}, and Schmidt-Mengin et al. perform weighted patch sampling
and hard example mining to improve training [Schmidt-Mengin et al., 2021].

A common approach is to use a two-stage process, where the first stage is used to
identify potential lesion regions and the second to refine the result of the first stage.
This strategy is also used in [Andresen et al., 2021], which uses NCR-Net to register the
images from both time points and simultaneously segment non-correspondent regions.
The non-correspondence map serves as a segmentation of new lesion candidates and is
refined with a segmentation U-Net that receives the registered images, their subtraction
image and the non-correspondence map as input. [Prados and Kanber, 2021] detect
potential lesions in the subtraction image of the two time points, and use a gradient
boosting classifier to separate positive and negative lesion candidates. [Kang et al.,
2021] tune a U-Net to be oversensitive and reduce false positives with a ResNet first,
and by comparing baseline and follow-up in the potential lesion area second. Methods
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proposed in [Basaran et al., 2021; Fenneteau et al., 2021; McKinley et al., 2021] all use a
CNN to segment all lesions for both time points separately and pass the result as input
to a refinement network to generate segmentations of new lesions. [Lohr et al., 2021] also
train a network to segment all lesions in both time points, but generate segmentations
of new lesions by simply removing all lesions present in the segmentation of the first
time point from the segmentation of the second time point using connected components
analysis. Similarly, [Nichyporuk et al., 2021] cascade five U-Nets, out of which four
are trained on the segmentation masks of individual raters and the fifth receives the
outputs of the other four networks plus the MRIs as input and is trained to generate
the consensus segmentation.

Following the MSSEG-2 challenge, numerous follow-up papers, including ANCR-Net,
the method presented in this chapter, were published in the Research Topic [Commowick
et al., 2023], addressing the problem of detecting and segmenting new MS lesions. Again,
U-Net variants are predominant [Andresen et al., 2022¢; Basaran et al., 2022; Hitziger
et al., 2022; Kamraoui et al., 2022a; Sarica and Seker, 2022; Schmidt-Mengin et al., 2022],
many of which use residual blocks [Ashtari et al., 2022; Hitziger et al., 2022; Sarica and
Seker, 2022] and are further improved with attention gates [Sarica and Seker, 2022|, deep
supervision [Ashtari et al., 2022] or 2.5D inputs [Hitziger et al., 2022]. Best performance
is achieved by Basaran et al. who use deformable registration for pre-processing and
train an nnU-Net with a sophisticated data augmentation that mimics imaging artifacts
and uses CarveMix to increase the number of new lesions in the training data [Basaran
et al., 2022].

Several works use joint image registration and segmentation [Andresen et al., 2022¢;
Dufresne et al., 2022; Salem et al., 2022] to improve over pure intensity- or deformation-
based approaches. The here presented method follows this direction by using an exten-
sion of NCR-Net, that introduces appearance matching [Andresen et al., 2022¢|. This
work manages to achieve state-of-the-art performance compared to the other methods
published in [Commowick et al., 2023]. [Salem et al., 2022] modify their CNN for regis-
tration and subsequent segmentation presented in [Salem et al., 2020] to work with only
the FLAIR modality, while [Dufresne et al., 2022] use an iterative, alternating optimiza-
tion scheme to jointly register images and segment changes between time points.

Since then, research into the automatic segmentation of MS lesions has produced many
more papers, most of which focus on the segmentation of all, rather than new, lesions
in multimodal MR data, e.g. [Hashemi et al., 2022; Tran et al., 2022; Kamraoui et al.,
2022b; Rondinella et al., 2023; Sarica et al., 2023|. In line with this, another challenge
took place at ICPR 2024 that tackled the segmentation of MS lesions on T1-w, T2-w
and FLAIR images [Rondinella et al., 2025]. Here, up to four time points per patient
are given to allow for analysis of segmentation robustness over time points. Recent
works covering the segmentation of new MS lesions are given in [Martinez-Heras et al.,
2023; Wu et al., 2023b; Tahghighi et al., 2024; Basaran et al., 2025, 2024; Nasheeda and
Rajangam, 2024]. [Basaran et al., 2024] propose SegHeD, an nnU-Net that can be used
for the segmentation of all, new and vanishing MS lesions. The network is trained by
incorporating domain knowledge into the loss function using longitudinal, anatomical
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and volumetric constraints. The CoactSeg network, described in [Wu et al., 2023b],
improves over previous baselines using a network with two output heads that generate
segmentations of all and only new lesions. Input to the network are both the original
MRIs and a brain difference map. Current reviews on the usage of DL and machine
learning algorithms for the diagnosis, analysis and prognosis of MS can be found in
[Vézquez-Marrufo et al., 2023; Amin et al., 2024; Pilehvari et al., 2024].

5.2 Methods

Borrowing ideas from metamorphic approaches such as [Uzunova et al., 2021], ANCR-
Net models new MS lesions as appearance offsets between baseline and follow-up image.
As in the previous chapter, the goal is to perform image registration and simultaneous
non-correspondence segmentation within the same network. Here, non-correspondences
should only include the new lesions. Therefore, rather than masking out non-correspon-
ding regions in the image distance calculation, the appearance of the baseline is adapted
to directly model the newly appearing lesions. The loss function used to train ANCR-
Net for the registration of the moving baseline image M : {2 — R and the fixed follow-up
image F': Q) — R is

E(Qa M, F) = ‘CDist (F7 (M + N - A) © (10) + aﬁReg(Qp) + ﬁﬁDice(N oY, SGT)7 (51)

with non-correspondence segmentation N and appearance offset map A. While the
spatial displacement ¢ accounts for general misalignments between visits as well as for
existing lesions changing size and shape, the intensity transformations are masked with
the non-correspondence segmentation and inserted into the baseline image to compen-
sate for new lesions. Normalized cross-correlation is used as image distance measure and
diffeomorphic deformation fields ¢ = exp(v) with stationary velocity fields v are gen-
erated. The regularizer Lre, = %Zweﬂpatch |Vv||2 enforces smoothness of the velocity
field, with n being the number of voxels of the input patches. To guide the segmentation
task, the Dice loss is used that compares the deformed non-correspondence segmenta-
tion N with the ground truth segmentation of new MS lesions ST. The weighting
parameters o and [ are found empirically and set to a = 60 and [ = 0.1.

The architecture of ANCR-Net is U-Net-based and described in detail in Fig. 5.1. The
network consists of one encoder and two separate decoders. Input to the network are
the concatenated fixed and moving images and their difference image. The two sepa-
rate inputs are passed through two convolutional layers each, before being concatenated
and processed together. The first decoder is the deformation decoder that generates
the deformation field for three resolution levels. The second decoder predicts both the
appearance offsets and the non-correspondence segmentation output for the three resolu-
tion levels. At each level, two separate output heads consisting of two 1x1 convolutional
layers are used to generate non-correspondence segmentation N and appearance offset A.
Skip-connections are used between encoder and decoders.
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Figure 5.1: The architecture of ANCR-Net. Two separate input blocks process the
MRIs to be registered and their difference image. Two separate decoders generate the
deformation field ¢, the segmentation of new MS lesions N and the appearance offset
map A. The numbers below/above the boxes indicate the number of feature maps
resulting from the respective convolutions.

5.2.1 Network Training

Network training is performed with the 40 training images of the MSSEG-2 challenge
dataset (c.f. Sec. 2.4.2), which is split into training and validation subsets in a five-fold
cross-validation. Eleven out of the 40 training images show no new lesions, whereas
the new lesion count for the remaining 29 cases ranges from one to 33. Furthermore,
the training data comprises images from 12 different MRI scanners with image sizes
ranging from 144 x192x192 to 300x 576 x 576 voxels. For training, the horizontal slices
of the images are resampled to an isotropic pixel spacing and, if necessary, padded to
have an image size of 368 x 512 pixels. An error in the segmentation of patient 12 only
became apparent after the challenge. In [Andresen et al., 2022¢c|, evaluation results were,
therefore, reported for only 59 of the 60 test patients. Since challenge submissions and
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further related works evaluated on all 60 cases, the evaluations in this thesis are carried
out on the full test dataset to ensure fair comparability to other methods.

As done with NCR-Net, deep supervision is used, i.e. loss calculation is performed on
each resolution level and the weighted sum of the three losses is used for backpropagation
during training. Finer resolution levels are again given higher weight and the weighting
factors are chosen to be 0.7, 0.2 and 0.1. New MS lesions are rare, often subtle and
small, resulting in a severe underrepresentation of the lesion class compared to the
background class. Thus, a high image resolution, especially in the horizontal plane, is
required for successful network training. However, memory limitations prevented the
entire image volumes from being passed on to the network. Consequently, network
training is performed on patches consisting of five successive horizontal slices. The
inherently high class imbalance caused by the small number and size of new MS lesions
is tackled two-fold. First, careful training data selection is done by sampling training
patches so that they all contain new lesions. This is necessary to avoid the network from
simply ignoring the segmentation task and outputting an all-zero non-correspondence
prediction. During inference, the entire image volumes are segmented by slice-wise
iteration through the volume and keeping the segmentation result for the central slice
of the stacked input patches only.

Second, new lesions are simulated to pre-train the network with the images from the
training data without real new lesions. New lesions are simulated as Gaussian ellipsoids
that are placed at random locations inside the brain by adding their values to the image
intensities. To do so, a brain mask is generated by performing brain extraction on both
time points separately and calculating the union of both masks. Brain extraction is done
using the default pre-processing pipeline provided with the challenge data!. To exclude
the ventricles from the mask, baseline and follow-up images are normalized to intensity
range [0, 1], thresholded above 0.1 and multiplied with the brain mask. Finally, the mask
is shrunk with morphological erosion to make sure inserted lesions do not protrude the
brain. Lesion insertion is done on the fly during pre-training, and for each image, a
random number of inserted lesions is chosen between one and five.

The manipulated follow-up is then subjected to a random elastic deformation. This
modified image serves as reference scan and the baseline image as moving scan. Pre-
training is done for 200 epochs in a fully supervised manner using the Dice loss of the
inserted and predicted lesions as well as the MSE between ground truth and predicted
transformations. Adam optimization is used with an initial learning rate of le-4 and
learning rate decay with a factor of 0.8 every 20th epoch.

For both pre-training and the subsequent main training, several augmentation tech-
niques are applied. These include spatial augmentations (random rotations between +5°
and random shifts up to three pixels in the axial plane performed on both images) and
intensity augmentations. Most intensity augmentations are applied to the brain region
only (Gaussian noise, overall brightness change, artificial brightness gradient) except for
adaptive histogram equalization that is applied to the entire image patches. During

https://anima.irisa.fr/
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main training, the dataset size is doubled by using patches containing new lesions twice,
once in the original orientation and once flipped horizontally. To assure full convergence
of the network, no early stopping is performed, running the training for 400 epochs with
the same optimizer and learning rate schedule as for the pre-training.

5.2.2 Application of NCR-Net for New MS Lesion
Segmentation

With the preliminary work described in Chapter 4, the question arises as to how well
the non-correspondence maps generated with NCR-Net can delineate new MS lesions
and how it compares to ANCR-Net. Therefore, NCR-Net is trained as described in the
previous chapter to generate diffeomorphic registration deformation fields and segmen-
tations of non-correspondent image areas. The only modification done to NCR-Net is
the addition of a second input block, consisting of two convolutional layers with batch
normalization and ReLU activation, that processes the difference image of baseline and
follow-up as done with ANCR-Net. The unsupervised non-correspondence maps are not
exclusive for new lesions but also contain other sources of mismatch between the im-
ages. The non-correspondence segmentations are, therefore, refined with a second CNN,
that receives the registered images, their difference image and, in a second experiment,
also the non-correspondence map as input. The architecture of this network is a U-Net
with separate input blocks for each input modality. This U-Net is trained supervised
using the Dice loss to compare predictions to ground truth new lesion segmentations.
The intuition behind this method is two-fold. First, the better aligned input images
should ease the identification of altered regions. Second, the spatial context provided
by the non-correspondence maps should guide the network to the relevant image areas
and simplify the task of new lesion detection and segmentation to a refinement of the
provided non-correspondence maps. The proposed pipeline is depicted in Fig. A2 in the
appendix.

This procedure corresponds to the methodology described in [Andresen et al., 2021]
and has been submitted to the MSSEG-2 challenge. However, several improvements
have been introduced for the experiments performed in this thesis. Most importantly,
the pre-processing of the images was adapted with an improved resampling that requires
only one interpolation rather than two. Instead of using three successive horizontal
image slices as input patches now five slices form one patch. Also, in [Andresen et al.,
2021], the U-Net received the original baseline image as input and used the registered
image only for the difference image input, whereas now the deformed baseline is used
as input. Finally, in the previous implementation, training patches included all patches
containing new lesions and one percent of patches containing no new lesions. Here, only
patches with new lesions are used for training. These changes are consistent with the
implementation used for ANCR-Net to make results directly comparable.
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5.3 Experiments and Results

Five-fold cross-validation is performed for all experiments run in this section, using 32
of the 40 MSSEG-2 training images for network training and the remaining eight for
validation in each fold. For segmentation evaluation on the test data, the predictions of
the five networks are combined using majority voting. Post-processing of the predicted
segmentations includes masking to the brain and discarding lesion with a volume smaller

than 3 mm?.

5.3.1 New Lesions Detection

In this section, new lesion detection performance of ANCR-Net is evaluated separately
for stable and progressing patients. For stable patients with no new lesions in the ground
truth, the average number and volume of false positive predicted lesions are reported.
For progressing patients, the lesion sensitivity, lesion positive predictive value and the
F, score are reported. The lesion sensitivity sens" describes the proportion of correctly
identified lesions out of all lesions in the consensus segmentation. The lesion positive
predictive value PPV®, in turn, gives the proportion of true positive lesions out of all
predicted lesions. In the Fy score

P 2 . senst - PPV
e sensl + PPV’

(5.2)

both metrics are combined to describe the trade-off between detection rate and the
generation of few false positive predictions in one value. Additionally, for both stable and
progressing patients, the proportion of correctly classified patients is reported (sens”).
Progressing patients are counted as correctly classified if at least one ground truth lesion
is correctly detected. Stable patients are counted as correctly classified if the predicted
segmentation is empty.

In the following, ANCR-Net results are compared to human medical expert perfor-
mance, the best performing challenge submissions, results reported in [Basaran et al.,
2022; Dufresne et al., 2022; Salem et al., 2022; Sarica and Seker, 2022; Wu et al., 2023b],
NCR-Net, and three different U-Nets. The metrics reported for the medical experts have
been calculated for each of the four manual segmentations compared to the consensus
and then averaged. Three competitive methods were chosen from the challenge submis-
sions: MedICL [Zhang et al., 2021] achieved the highest DSC, Mediaire-B [Dalbis et al.,
2021] the highest F; score and LYLE [Ashtari et al., 2021] performed best for stable
patients, with lowest number and volume of false positive lesions.

Additionally, five papers were selected from the relevant literature for comparison.
Two papers were selected because they follow methodologically similar approaches to
this work. [Dufresne et al., 2022] use an iterative non-learning-based approach for joint
change detection and image registration, and [Salem et al., 2022] use two cascaded
segmentation U-Nets, the first of which is trained to be hypersensitive to find lesion
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Table 5.1: New lesion detection results for images with and without new lesions in
ground truth. Reported are average F; score, lesion sensitivity sens” and positive pre-
dictive lesion value PPV" for images containing new lesions. For stable patients, the
average number of erroneously detected lesions and their volume are reported (ngp and
Vrp). The results are given for the medical experts who generated the manual ground
truth data, as well as for ANCR-~Net with (ANCR-Netpr) and without (ANCR-Net)
pre-training. Performance is compared to NCR-Net, NCR-Net plus additional U-Nets
using unregistered images (U-Net), registered images (U-Net,,) and registered images
plus non-correspondence segmentation (U-Net,e,n) as input, the three pipelines that
performed best in the MSSEG-2 challenge (MedICL, Mediaire-B and LYLE) and five
selected methods from the literature. Metrics not given in the literature are marked
with n/a. Best results are given in bold font and second best are underlined.

Progressing patients Stable patients
Method Data | F; 1 sens®1 PPVF?1 sens® 1 | npp | Vep | sens® 1
Expert 1 Val. | 0.808 0.808 0.853 0.931 0.000 0.000 1.000
Expert 2 Val. | 0.691 0.665 0.778 0.828 0.000 0.000 1.000
Expert 3 Val. | 0.718  0.667 0.825 0.862 | 0.000 0.000 1.000
Expert 4 Val. | 0.721  0.662 0.839 0.862 | 0.000 0.000 1.000
NCR-Net Val. | 0.170 0.402 0.160 0.690 9.636  970.158 0.000
U-Net Val. | 0.578  0.605 0.635 0.828 | 0.182 0.944 0.818
U-Netyeg Val. | 0.642  0.704 0.641 0.897 | 0.273 6.746 0.727
U-Netyeg N Val. | 0.543  0.572 0.591 0.828 | 0.091 1.998 0.909
ANCR-Net Val. | 0.591 0.634 0.624 0.828 0.545 6.959 0.636
ANCR-Netpr Val. | 0.622 0.666 0.623 0.862 0.455 6.948 0.636
Expert 1 Test | 0.713  0.717 0.719 0.812 | 0.036 1.453 0.964
Expert 2 Test | 0.637 0.614 0.738 0.844 0.107 3.981 0.893
Expert 3 Test | 0.638 0.615 0.730 0.844 0.000 0.000 1.000
Expert 4 Test | 0.526  0.470 0.660 0.688 | 0.036 0.623 0.964
MedICL Test | 0.500 0.736 0.450 0.844 0.536 12.713 0.643
Mediaire-B Test | 0.541 0.685 0.491 0.781 0.536 29.235 0.643
LYLE Test | 0.441 0.418 0.506 0.656 0.036 0.470 0.964
Dufresne et al. | Test - 0.872 0.111 n/a n/a n/a n/a
Salem et al. Test | 0.500  0.527 0.519 n/a n/a n/a n/a
Basaran et al. | Test | 0.552 n/a n/a n/a 0.036  0.192 n/a
Sarica et al. Test | 0.480 n/a n/a n/a 0.148 1.488 n/a
Wu et al. Test | 0.620 n/a n/a n/a n/a n/a n/a
NCR-Net Test | 0.116  0.246 0.133 0.562 | 13.750 8996.273  0.179
U-Net Test | 0.523  0.530 0.609 0.781 | 0.107 2.069 0.893
U-Net eg Test | 0.545 0.606 0.545 0.781 0.143 2.882 0.857
U-Net,eg, N Test | 0.529 0.502 0.654 0.781 0.036 1.304 0.964
ANCR-Net Test | 0.549  0.605 0.592 0.812 | 0.250 4.443 0.750
ANCR-Netpr | Test | 0.565  0.615 0.564 0.781 | 0.107 2.039 0.893

candidates and the second refines the segmentation of the first network. The other three
papers were selected for their high performances [Basaran et al., 2022; Wu et al., 2023b]
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and because they are the only papers that report metrics for both stable and progressing
patients [Basaran et al., 2022; Sarica and Seker, 2022]. All use U-Net variants and
circumvent the class imbalance problem with sophisticated patch selection [Sarica and
Seker, 2022], specialized augmentation [Basaran et al., 2022] or by combining several
MS datasets [Wu et al., 2023b].

NCR-Net is trained unsupervised, i.e. the ground truth segmentations are only used
for the selection of training patches, but not in the loss. Results are reported for the
non-correspondence maps directly, with the only post-processing being a masking to
the brain. These maps, thus, contain all sorts of non-correspondences rather than new
lesions exclusively. Subsequently, three versions of U-Net are trained supervised for
new lesion segmentation. The baseline U-Net is trained with two inputs, namely the
stacked baseline and follow-up images and their subtraction image. The same U-Net
is trained again, but using the registration results of NCR-Net as input (U-Net,e).
Finally, the U-Net is extended with a third input block that additionally receives the
non-correspondence maps as input to provide guidance to the network (U-Net,eq n, the
version shown in Fig. A2).

The results are given in Tab. 5.1 and show that most automatic methods achieve
detection rates close to or even surpassing the performance of the medical experts,
both on lesion- and patient-level. However, most methods achieving high detection
rates also tend to produce quite a lot of false positives, e.g. MedICL and Mediaire-
B. This behavior can partially be explained by spurious segmentations due to spatial
misalignments (remaining after registration) and old growing lesions. The tendency to
be oversensitive shows in low PPV values and high numbers of predicted lesions for
stable patients. Methods that provide few false positive results, in turn, tend to be
undersensitive, missing many lesions. This is the case for LYLE, for example. The
methods proposed in this thesis, as well as the one presented by [Basaran et al., 2022]
provide best compromises here, achieving F; scores of 0.565 (ANCR-Net) and 0.552
(Basaran et al.), and generating only few false positives (average number of false positive
lesions being 0.107 and 0.036, respectively).

ANCR-Net manages to reliably separate progressing from stable patients, correctly
detecting at least one ground truth lesion for 25 out of 32 progressing patients and
producing no false positives for 25 out of 28 stable patients. When considering all
predicted lesions, not only those overlapping with ground truth lesions, ANCR-Net
correctly identifies 29 of the progressing patients. The average deviation in the estimate
of the number of new lesions for ANCR-Net is only 1.322 lesions.

Following the analysis by Basaran et al., in Fig. 5.2, the F; score for new lesion
cases is contrasted to metrics for no new lesion cases. In this graphical representation,
methods that recognize all lesions without marking any false areas would be entered at
the top left, whereas oversensitive methods appear further to the right and undersensitive
methods further down. Methods reported in Tab. 5.1 are displayed with a star, challenge
submissions are shown with blue markers, the proposed methods with red or orange
markers and the methods from [Basaran et al., 2022] and [Sarica and Seker, 2022] with
green markers. Only those methods are shown that surpass an F; score of 0.35. The
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Figure 5.2: The trade-off between performance for progressive and stable patients.
Methods participating in the MSSEG-2 challenge are displayed with blue markers, meth-
ods from the follow-up literature are shown with green markers, and the methods pro-
posed in this thesis are given with red/orange markers. Most methods are biased to be
over- or undersensitive, resulting in good performances for stable or progressing patients
only. ANCRpr and [Basaran et al., 2022] manage to reduce this tendency.

figure confirms the observation that most automatic methods are either under- or over-
sensitive, i.e. they either perform well for cases with new lesions or for stable cases
without new lesions. Both ANCR-Net and the nnU-Net by Basaran et al. manage to
ease this problem, performing well on both new lesion and no new lesion cases. The
method by Basaran et al. thereby achieves less false positives but a slightly lower F;
score.

The additionally proposed methods based on NCR-~ and U-Net provide similar results
to ANCR-Net, but show slightly reduced lesion sensitivity (0.615 for ANCR-Net vs.
0.530, 0.606 and 0.502 for baseline U-Net, U-Net,., and U-Net e, n). NCR-Net alone
produces many false positives, but still misses a lot of lesions. This can be explained by
the oftentimes subtle appearance of MS lesions and comparably strong imaging artifacts.
It was also tested to use images pre-processed with skull stripping and N4 bias field
correction. While this reduced false positive predictions, a degradation in registration
performance was observed. Using the images registered with NCR-Net as input for
the segmentation U-Net improves lesion sensitivity, whereas the additional input of the
non-correspondence map increases the slight undersensitivity observed in the baseline
U-Net.
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5.3.2 New Lesions Segmentation

To evaluate segmentation performance, three metrics are considered. The DSC is used
for pixel-wise comparison, whereas the average symmetric surface and Hausdorff dis-
tances are used to focus evaluation on the boundary of lesions (cf. Sec. 2.3). The
surface metrics are calculated with the animaSegPerfAnalyzer tool provided by the
challenge organizers [Commowick et al., 2018]. Results are given in Tab. 5.2, comparing
ANCR-Net to the same competitive methods as for the new lesion detection evaluation.
Since the surface metrics can only be calculated for non-empty predictions, averaging
of ASSD and HD results is performed over non-empty predictions only, and patients for
whom the predicted segmentations are empty are listed in the table.

Segmentation results show the difficulty of the MS lesion segmentation, aggravated
by the blurry lesion borders. Even the medical experts achieve mean Dice values of only
0.631, 0.536, 0.598 and 0.461. The best performing automatic methods MedICL and
the nnU-Net by Basaran et al. achieve average DSCs of 0.507 and 0.510, respectively,
surpassing the performance of expert 4 but lacking behind the other experts. ANCR-Net
scores third with an average DSC of 0.455 close to expert 4. Both experts and automatic
segmentation methods struggle with the same images, as can be seen from the missed
cases.

The global DSC does not reflect how well individual lesions are delineated. Therefore,
a local DSC is calculated for ANCR-Netpr and the medical experts by calculating the
DSC for individual lesions (found with connected component analysis) and averaging
over detected lesions only. ANCR-Netpr achieves a local DSC of 0.631 showing that the
delineation of detected lesions is more exact than can be expected from the global scores
in Tab. 5.2, but the gap to the experts is still large, who achieve an average local DSC
of 0.817.

Furthermore, segmentation metrics are negatively affected by false positive lesions. In
total, ANCR~Net generates 71 false positive lesions for the 60 test cases. Oftentimes,
however, false positives predicted by ANCR-Netpr correspond to image regions that
were controversial among experts, too. 28 of the 71 falsely segmented lesion were also
identified as new lesion by at least one expert, but not included in the ground truth.
Examples of such disputed lesions are shown in Fig. 5.3. The false positive predictions
might, thus, still be useful to identify conspicuous regions that need further investigation
by experienced human experts.

Finally, the robustness of ANCR-Net to changes in overall image appearance is eval-
uated to show that new lesion detection and segmentation focuses on local differences
between baseline and follow-up images. To do so, input images are artificially disturbed
to an increasing extent and the performance of ANCR-Net is evaluated for different
perturbation levels. Disturbances include Gaussian noise, reduced image resolution and
typical MR imaging artifacts ghosting and intensity bias fields. Reduced image resolu-
tion is achieved via anisotropic downsampling to simulate different imaging protocols.
For each of the four introduced disturbances, a manually chosen level is defined that is
considered to be the level that no longer allows proper examination of the images (ex-
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Table 5.2: New lesion segmentation results for images with new lesions in ground truth.
Reported are average Dice score (DSC), average symmetric surface distance (ASSD) and
Hausdorff distance (HD). The results are given for medical experts, ANCR-Net with and
without pre-training, the three pipelines that performed best in the MSSEG-2 challenge
(MedICL, Mediaire-B and LYLE), methods proposed in [Dufresne et al., 2022; Salem
et al., 2022; Basaran et al., 2022; Sarica and Seker, 2022; Wu et al., 2023b] and several U-
Nets. Values not given in the literature are marked with n/a. Best results are presented
in bold font, and second best are underlined. Surface distances can only be calculated for
non-empty segmentations; results are averaged over all predictions that are non-empty
and patients for whom no lesion was predicted are given in the last column.

Method Data | DSC1t ASSDJ] HD | | Missed patients
Expert 1 Val. 0.730 5.075 24.215 | 32, 47

Expert 2 Val. | 0.626 9.110  30.577 | 13, 32, 61, 88
Expert 3 Val. | 0.654 9.824  32.671 | 20, 47, 88
Expert 4 Val. | 0.644 7.370  31.074 | 13, 29, 77, 88
NCR-Net Val. | 0.178  46.186  84.998 | -

U-Net Val. | 0.456  15.539  43.012 | 32, 88, 99
U-Netyeg Val. | 0.515  13.129  42.863 | 88

U-Net e N Val. 0.464 16.743  47.429 | 18, 88, 99
ANCR-Net Val. 0.512 14.103  41.502 | 29, 32
ANCR-Netpr | Val. | 0.502  12.171 37.688 | 32, 47

Expert 1 Test | 0.631 10.288  25.922 | 25, 31, 67
Expert 2 Test | 0.536 13.247  34.330 | 22, 31, 67, 78, 85
Expert 3 Test | 0.598  13.972  40.060 | 12, 25, 78, 85
Expert 4 Test | 0.461 15754  37.839 | 5, 12, 22, 25, 31, 44, 78, 85
MedICL Test 0.507 19.212 61.821 | -

Mediaire-B Test | 0.437  17.236  44.638 | 31, 78

LYLE Test | 0.409  12.975 37.919 | 22, 25, 31, 78, 85
Dufresne et al. | Test | 0.356 n/a n/a | n/a

Salem et al. Test | 0.420 n/a n/a | n/a

Basaran et al. | Test | 0.510 n/a n/a | n/a

Sarica et al. Test | 0.443 n/a n/a | n/a

Wu et al. Test | 0.638 n/a n/a | n/a

NCR-Net Test | 0.097  49.765 84.984 | -

U-Net Test | 0.428 20.286  49.851 | 22, 31

U-Net,eq Test | 0.450 16.972  44.380 | 31, 67
U-Net,eg,N Test | 0.414 21.825  48.756 | 22, 31
ANCR-Net Test | 0.449 21.641  48.241 | -

ANCR-Netpy | Test | 0.455  14.837 41.774 | 31, 78

amples can be seen in Fig. 5.4). Three experiments are performed for all disturbances,
manipulating either the baseline, the follow-up or both images before passing the images
to ANCR-Net. Directional disturbances (ghosting, bias fields) are applied in different
directions when disturbing both images. New lesion detection and segmentation perfor-
mances of ANCR-Net for the different manipulated images are given in Fig. 5.4. For
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Baseline Follow-Up Segmentation
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Baseline Follow-Up Segmentation

Baseline Follow-Up Segmentation
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Figure 5.3: False positive lesions predicted by ANCR-Net that also were segmented
by at least one radiologist but not included in the ground truth. Shown are patients 2
(upper left, slice 173), 4 (upper right, slice 316), 36 (lower left, slice 189) and 81 (lower
right, slice 263). For each patient, the baseline and follow-up scans are shown as well
as the segmentation generated by the proposed ANCR-Net. Experts’ segmentations are
overlaid in red, orange, green and blue for expert 1, 2, 3 and 4, respectively.

progressing patients, the average DSC is shown and for stable patients, the number of
false positive lesions is shown. For both stable and progressing patients, the amount of
correctly classified patients is given.

The results indicate that ANCR-Net reacts well to disturbed input images and de-
livers stable detection rates for most of the considered artifacts. ANCR-Net is able to
separate stable and progressing patients, and the segmentation accuracy decreases only
slowly, even with significant appearance differences between time points. This shows
that the proposed network can directly be used in more realistic settings than in the
challenge dataset, where different scanners might be used for different visits or imaging
artifacts might be present. Ghosting and strong Gaussian noise lead to the greatest
visual change in the images, and consequently also have the greatest impact on the
detection performance. Thereby, disturbances in the baseline or follow-up image mani-
fest themselves differently. While changes in the baseline generally lead to higher false
positive rates in stable patients, changes in the follow-up worsen the detection rate in
progressive patients. Likewise, the segmentation accuracy is impaired more by artifacts
in the follow-up image. Since new lesions are visible in the follow-up image only, this
corresponds to the expected behavior.

Artifacts covered during network training tend to have less of a negative impact on
the network’s performance. The training dataset comprises images with very different
resolutions and image sizes, that have been rescaled to the same horizontal resolution.
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Figure 5.4: Influence of imaging artifacts on the performance of ANCR-Net. Images
are artificially disturbed at increasing level before being passed to the network. For each
artifact considered, an example image is shown for no, moderate and severe disturbance
(disturbance levels 0.0, 0.5 and 1.0). For progressive and stable patients, the patient-
level detection rate is shown. For progressive patients, the DSC is given additionally,
and the number of false positive lesions for stable patients. Blue lines show results for
disturbed baseline images, the red lines for disturbed follow-up images, and the green
lines for both images being disturbed.

The artificially introduced anisotropy, that reflects reduced sampling rates during image
acquisition, thus, leads to almost no impairment in the detection performance of ANCR-
Net. Likewise, the artificial bias fields were covered with random intensity gradients as
augmentation technique during training. Here, again, a very stable performance can
be observed. Thus, the method’s robustness might potentially further be improved by
integrating typical MR imaging artifacts like ghosting in the data augmentation.
Overall, ANCR-Net proofs robust against altered input images, despite relying on
appearance differences between time points. Even in the presence of heavy disturbances,
the proposed method manages to separate stable and progressive patients and delivers
stable segmentation accuracy for most artifacts. This highlights the applicability of
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ANCR-Net for real clinical data that exhibits an even greater variety than the challenge
data.

5.3.3 Modeling of New Lesions

New MS lesions can take different courses after a first phase of inflammatory demyeli-
nation. Histopathologically, four main MS lesion subtypes have been identified: early
active, chronic active, inactive and remyelineated. Chronic active lesions are character-
ized by an inactive demyelinated center and persistent inflammation at the lesion edges,
and are associated with higher overall lesion load and worse clinical outcome [Calvi et al.,
2022; Kolb et al., 2022]. The identification of imaging biomarkers for the examination
of chronic active lesions is ongoing research. For example, chronic active lesions can be
identified with quantitative susceptibility mapping, in which they show a hypointense
rim surrounding the lesion core [Voon et al., 2024]. However, MRIs taken routinely in
clinical practice are “highly sensitive in detecting white matter lesions but not specific
for histological subtypes/stages of lesions” [Calvi et al., 2022].

ANCR-Net allows to simultaneously register baseline and follow-up images, to segment
new lesions and to model the appearance of the newly formed lesions. While this is
exploited during training to compensate for outliers in the image distance measure to
assist the joint image registration and segmentation task, the appearance outputs can
also be used during inference to investigate intensity patterns of new MS lesions. Fig. 5.5
shows qualitative results for image registration and appearance adaptation using ANCR-
Net. It is shown exemplarily that the appearance offset maps successfully manipulate
the baseline image to resemble the follow-up image. The intensity differences observed
inside and outside the introduced lesions are comparable, showing that the network does
not overcompensate for overall intensity differences between baseline and follow-up but
fits the intensity distribution of the baseline image.

As can be seen in Fig. 5.5, MS lesions primarily appear as bright spots in FLAIR
MR images, making it difficult to distinguish different pathology areas. However, the
appearance maps model the newly created lesions as changes that need to be made
to the baseline image in order to look like the follow-up image, making it possible to
recognize different intensity patterns within the lesions. This is visualized with the
appearance offset maps masked to the lesion area in the third image in the upper row of
each example. Here, some of the inserted lesions show a uniform intensity, while others
show irregular intensity patterns with higher values in the border areas (patient 1 and
large lesions of patients 60 and 66). Therefore, the modeled lesions can potentially be
used as a new imaging biomarker to distinguish between different types of lesions on
FLAIR MR images and to separate active from inactive areas within individual lesions.
As there is no ground truth data to differentiate the lesions included in the MSSEG-2
dataset, this claim cannot be verified and is left for further research.
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Figure 5.5: Examples of modeled new MS lesions. For each patient, the baseline and
follow-up MR images are shown, as well as their subtraction image. The segmentation
and appearance offset map output by ANCR-Net are shown in the bottom row of each
example. The ground truth segmentation is overlaid in red onto the predicted segmenta-
tion. The appearance map is masked and added to the baseline image before registering
the images with the deformation field that is also generated by ANCR-Net. The lesions
modeled in this way make the adapted baseline image look like the follow-up image (top
right in each case). Some of the modeled lesions show homogeneous intensity, whereas
others allow the visualization of heterogeneous intensity patterns, visible in the masked
appearance maps. Results are shown for patients 1, 6, 60 and 66.

5.4 Discussion

In this chapter, the challenging task of detecting and segmenting new MS lesions was
tackled with an image registration CNN, that simultaneously with the registration seg-
ments new lesions and models their appearance as offsets from the baseline image. This
model is called ANCR-Net and is a direct extension of NCR-Net from Chapter 4. ANCR-
Net is compared to the best-performing submissions from the MSSEG-2 challenge, state-
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of-the-art methods from the literature and several U-Nets that use the unsupervised
non-correspondence maps and registration results of NCR-Net for guidance.

From a clinical point of view, detection performance is the most important outcome
measure in the automatic examination of new MS lesions. Detection methods should reli-
ably identify new lesions while simultaneously generating few false positives to correctly
separate progressing from stable patients. For progressive patients, many automatic
methods achieved performances close to the medical experts but generated high num-
ber of false positives for stable patients. ANCR-Net showed the highest F; score for
new lesion cases and second-best score for the number of false positives in stable cases.
Except for the state-of-the-art method by Basaran et al., ANCR-Net, thus, shows the
best compromise between correct lesion detection and a low number of false positives
and allows a reliable separation of stable and progressive patients. Only two progressive
patients are overlooked, which is better than all medical experts, and three stable pa-
tients are classified as progressing. Interestingly, the automatic methods struggle with
the same images as the medical experts (missed patients in Tab. 5.2), highlighting the
possibility to improve results by focussing on especially difficult cases using e.g. online
hard example mining as done in [Schmidt-Mengin et al., 2022].

Regarding segmentation performance, ANCR-Net scored third with an average DSC
of 0.455. Even the best performing medical expert achieved an average DSC of only
0.631 showing that MS lesion delineation is a highly subjective task exhibiting high
inter-rater variability. Since lesion numbers vary a lot between patients and lesions
are small, the global DSC is not a suitable metric to assess how well individual lesions
are delineated. For a better evaluation of segmentation accuracy, the DSC was also
calculated for individual lesions and averaged over detected lesions only. Here, ANCR-
Net achieves an average score of 0.631 which shows that detected lesions are segmented
well. Still, there was a large gap to medical experts, who achieve an average local DSC
of 0.817.

The MSSEG-2 dataset comprises a large variety of image sizes, resolutions, MR scan-
ners and suffers from a severe class imbalance problem. Thus, in order for DL models to
learn to segment new MS lesions, a sophisticated data preprocessing and training proce-
dure is required. In this work, all images were resized to the same horizontal resolution
and heavy data augmentation was used during training to help generalization. To pre-
vent empty segmentations, network training was performed on image patches containing
new lesions only. This data selection process leads to about a third of the given images
to not being used during training (the stable patients without new lesions). To still make
use of these cases, a pre-training step is introduced that uses the stable patients’ images
with artificially inserted lesions. In addition, ANCR-Net was shown to be robust against
several typical MR imaging artifacts and can directly be used for real clinical data, that
might exhibit even more variations and lower image quality than the challenge dataset.

Another problem associated with the nature of MS lesions is that their small size
makes it difficult to select good models. Evaluation metrics can change drastically
for only slightly modified segmentations, making the interpretation of results difficult
and sometimes contradictory. Many published papers report only a few of the metrics
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5 Detection and Segmentation of New MS Lesions

considered in the MSSEG-2 challenge, which further complicates the interpretability
of the results. Therefore, a comprehensive evaluation with many reported metrics was
carried out here. For further research, it is recommended to proceed in the same way
and to search for evaluation metrics better suited for the small and blurry delineated
new MS lesions.

Finally, it was shown qualitatively that the modeled lesions are well suited to adapt
the baseline images to look like the follow-up images. When visualizing the masked
appearance offsets, different intensity patterns could be observed within lesions. Fur-
ther investigations are needed to assess the actual usefulness of these patterns for the
classification of MS lesions. In particular, it would be interesting to extend the proposed
method to several imaging modalities in which MS lesions can be better differentiated.

Overall, the detection and segmentation of new MS lesions remains a very difficult
task. No method proofed able to outperform other methods substantially on all metrics,
but some, including the proposed methodologies, already achieve performances close to
the medical experts. Both ANCR-Net and the combination of NCR- and refinement
U-Net offer reliable methods for the separation of stable and progressing patients and
for the estimation of the new lesion load. While the NCR-Net extension needs two deep
CNNs to be trained, ANCR-Net is more lightweight with only one CNN and offers the
additional possibility to model the intensity profile of new lesions, enabling morphology
analyses of individual lesions.
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Chapter 6

Pathology-aware Image Registration
in Retinal OCT Images

Chronic eye diseases such as AMD or CSCR are characterized by pathological fluid de-
posits below and inside the retina that lead to a severe loss of vision. It is known that
the disease state can change very quickly, which can lead to large amounts of new fluid
being detected at a visit, even though no fluid was present at the previous examination.
There are various treatment options to reduce or even completely dissolve existing flu-
ids. The dynamic nature of retinal fluid growth leads to images that vary significantly
between visits, not only in appearance but also in shape. While the longitudinal regis-
tration of MR images of MS brains, investigated in the previous chapter, requires rather
small deformations, the longitudinal registration of retinal OCT images requires much
larger displacements in order to capture the dynamics of fluid development. However,
even very large deformations cannot depict the differences between time points in cases
where structures disappear completely or are newly evolving. New as well as dissolving
fluids lead to image areas for which there are no corresponding pixel values in the image
of the previous visit.

The approaches presented in Chapters 4 and 5 could be used for this scenario and
would provide segmentations of the non-corresponding areas. However, the resulting
deformation fields would not reflect the real behavior of the fluids: Retinal layers would
be stretched or compressed to cover emerging and disappearing fluids. In reality, the
retinal layers are displaced by fluids and hardly expand or shrink. Therefore, a method
that

e shifts the retinal layers without significant volume change, while keeping the pos-
sibility for a strong volume change in the region of pathological fluids

e offers the possibility for new fluids to appear between layers

is needed.

In this chapter, another deep learning-based registration framework is presented that
explicitly addresses the problem of newly forming retinal fluids by a sparse appearance
seed approach. In a fully unsupervised manner, the CNN learns to insert new fluids
artificially into the moving image as small areas of changed intensities, which are then
stretched to cover the fluid area in the fixed image by the deformation field. Dissolv-
ing fluids are also covered within the framework by masking out the deformation field
regularizer in fluid regions. As a trade-off between the deformation field regularity, the
image similarity and the sparsity of the appearance offset map, the CNN is trained to
generate not only the registration deformation field but also the fluid seeds. No manual
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fluid annotations are required for training, but only rough fluid segmentations that are
automatically generated from the OCT images with a simple thresholding approach. It is
shown that the proposed fluid registration network, FluidRegNet, leads to more realistic
deformation fields with reduced volume change of normal retinal tissue. Furthermore,
the appearance offset maps are used together with the deformation fields to detect and
segment new fluids in an unsupervised manner. FluidRegNet was published in [Andresen
et al., 2024] and used there for the chronological segmentation of OCT time series data,
where manual segmentations are only required for the first examination as a starting
point for the follow-up segmentations. In the second part of this chapter, FluidRegNet
is additionally trained for inter-patient registration of healthy and pathological images.
This extension is used for the detection of anomalies in the pathological images, which
enables the segmentation of all pathologies rather than only the new ones. The anomaly
detection is used to segment fluids IRF, SRF and PED as well as deviations from the
normal reflectivity of the photoreceptor ellipsoid zone (PEZ).

6.1 Related Literature

While image registration techniques are often used for motion correction [Ricco et al.,
2009; Kraus et al., 2012; Li et al., 2020; Makita et al., 2020; Ntatsis et al., 2022] and
denoising [Alonso-Caneiro et al., 2011; Baghaie et al., 2015; Zhang et al., 2015; Cheng
et al., 2016; Ma et al., 2018; Shi et al., 2019; Wang et al., 2021a; Cheng et al., 2021] of
OCT images, and multimodal registration of en-face retinal images is also widely studied
[Chen et al., 2010; Ghassabi et al., 2013; Wang et al., 2015; Hossein-Nejad and Nasri,
2018; Lee et al., 2019; Santarossa et al., 2022a], the longitudinal registration of OCT
images has been addressed less often and mostly for non-pathological images [Niemeijer
et al., 2009; Lang et al., 2016; Lee et al., 2017; Gong et al., 2019]. Probably due to the
missing correspondences introduced by the dynamic changes in fluid presence, size and
extent, there appears to be no image registration method in the literature to date that
can generate realistic deformation fields for pathology cases without the need for tedious
manual annotations of retinal layers [Wei et al., 2017; Pan et al., 2019, 2020]. Addition-
ally, they fail to realistically capture the dynamics introduced by new (and dissolving)
fluids, since the deformations do not explicitly take missing correspondences into ac-
count. In [Uzunova et al., 2022], generative adversarial networks (GANSs) are used to
generate pathological OCT images. Relying on segmentations of retinal layers of healthy
images and fluid segmentations of pathological images, first a GAN is trained to predict
the pathology-induced deformations and the deformed retinal layer and pathology seg-
mentations then serve as input for a label to image translation network. However, this
approach models the fluid-induced deformations only implicitly and does not guarantee
them to be realistic.

Metamorphosis models have been developed to tackle the problem of differing appear-
ances between image pairs to be registered. Here, appearance and shape differences are
jointly estimated in the same process, which leads to more exact and realistic registration
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results [Niethammer et al., 2011; Meng et al., 2022]. One idea to model the deforma-
tions introduced by pathologies with metamorphosis models is to use appearance offsets
in pathological image regions only. Most existing methods that do this, require given
manual annotations of the pathologies [Niethammer et al., 2011; Maillard et al., 2022;
Frangois et al., 2022; Joshi and Hong, 2023; Wang et al., 2023]. In [Uzunova et al.,
2023], low-rank and sparse metamorphic autoencoders are used to separate pathology
and general appearance offset maps. However, the disentanglement of pathology-related
and inter-patient variations between images is not yet accurate enough, resulting in
“normal” non-correspondences between patients being mapped in the pathology offset
map and vice versa. Inspired by metamorphosis models, the here presented FluidRegNet
explicitly models newly developing fluids as sparse appearance changes, which are then
extended with the deformation field. The resulting deformations can better reflect the
changes actually occurring in the eye than previous registration methods, and are used
for unsupervised pathology segmentation [Andresen et al., 2024].

Another way of enabling the unsupervised segmentation of pathologies, is the usage of
anomaly detection. Anomaly detection approaches aim to recognize features that deviate
from the normal data distribution, where normal is defined as healthy in the medical
field. Instead of training the CNNs to segment a specific type of pathology, which would
require extensive labeling of the images, the networks are trained to recognize anything
that looks other than healthy. The most common approaches for DL-based anomaly
detection are based on autoencoders that are trained to reconstruct healthy images,
e.g. [Uzunova et al., 2019; Venkataramanan et al., 2020; Shvetsova et al., 2021; Tian
et al., 2023]. These models are expected to fail to reconstruct image parts that contain
out-of-distribution pathologies and to replace them with in-distribution, i.e. healthy-
looking, anatomy. The residual error between the original and the reconstructed image
is then used to locate pathologies. In addition to the reconstruction error, patch-based
methods allow the localization of anomalies through the analysis of the encoded patch
representations in the latent space, e.g. [Uzunova et al., 2019]. While autoencoder-
based approaches provide good results for anomalies whose intensities are far from those
of healthy tissue, these methods have been shown to have a blind spot for abnormalities
whose intensity range is approximately equal to that of healthy tissue and to ignore
structural features of the tissue [Meissen et al., 2022].

Self-supervised anomaly segmentation networks are trained with synthetic anomalies,
which are segmented in a supervised manner. This enables the CNNs to directly predict
an anomaly score rather than relying on the reconstruction error, e.g. [Li et al., 2021;
Schliiter et al., 2022; Baugh et al., 2023]. [Baugh et al., 2023] use five types of synthetic
anomalies, i.e. intra-dataset and inter-dataset blending, sink and source deformations
as well as masking with smooth blending at the borders of the masked area. Using
these tasks, they are able to segment real pathologies in brain MR images and won the
Medical Out-of-Distribution Analysis Challenge 2024 (MOOD, [Zimmerer et al., 2022]).

Anomaly detection methods developed for OCT images can be found in [Schlegl et al.,
2019; Seebock et al., 2020; Mou et al., 2022; Li et al., 2023]. Schlegl et al. use a GAN,
where the generator is trained to reconstruct healthy images and the discriminator dif-
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ferentiates real from fake images. An anomaly score is calculated based on the recon-
struction error and the difference between features generated within the discriminator
network for real and reconstructed images. Seebock et al. and Mou et al. train Bayesian
U-Nets to segment retinal layers on healthy images and use Monte Carlo dropout to
estimate epistemic uncertainty of the segmentations. The uncertainty maps are post-
processed to give segmentation of pathologies [Seebock et al., 2020; Mou et al., 2022]. In
[Li et al., 2023], SSL is used to enhance the training of an autoencoder and the recon-
structed images are further used to stage anomalies and to segment retinal pathologies.
They report excellent classification and moderate segmentation results. This reflects the
results observed for most state-of-the-art anomaly detection methods that achieve very
good detection performances but struggle with the exact localization and delimitation
of anomalous regions.

6.2 Methods

The goal of this chapter is the longitudinal intra-patient registration of pathological
OCT images with realistic, fluid-induced deformations. Since for newly emerging fluids,
there are no corresponding pathology pixels in the baseline image, it is not sufficient to
use deformation fields to match baseline and follow-up images. Instead, it is proposed
to imitate the start of fluid formation by changing the intensity of small areas of the
baseline moving image: So-called fluid seed points are implicitly learned and placed into
the moving image. The moving image with adapted appearance is then registered with
the reference scan and the fluid seed is extended to the area of fluid observed in the
reference space.

6.2.1 Sparse Appearance Seed Approach

As in metamorphic approaches, it is assumed that the fixed image F' can be represented
as a deformed and appearance adapted version of the moving image M, i.e.

Fr(M+A)ogp. (6.1)

Here, A is the appearance offset and ¢ the deformation field. For network training, the
following objective is used:

E - EDist (F; (M + A) o @) + ﬁReg(Qp) + ESparse(A>7 (62>

where Lpis is an image distance loss, Lregs regularizes the deformation field and Lgparse
favors sparse appearance offsets. The normalized cross-correlation image distance proved
to be well suited for OCT registration in the experiments carried out for this thesis and
is used here for Lpi. By requiring sparsity of the appearance offset map A, it is used
to model the starting point of newly emerging fluids. The appearance adapted moving

96



6.2 Methods

image M + A is then registered onto the fixed image such that the fluid seed is extended
to match the volume of the pathology in the reference image.

To achieve realistic deformations, a multi-component loss function is used to regularize
the deformation field:

'CReg (90) = a‘CDiCe (Sretma’ Si\g‘mna 90) + B‘CJ&C ( ) ‘Cg;};ked ( ) : (63)

As in the previous chapters, the Dice loss Lpi.. between the retina segmentation of the
follow-up image SE,. . and the warped retina segmentation of the moving image S¥,
gives weak guidance to the registration task by ensuring good overlap of the entire
imaged tissue.

A masked diffusion loss £323k°d is used to represent the expected behavior of the de-
formation: The normal tissue should be smoothly displaced and not changed in volume,
while no such assumption can be made for the deformation in fluid regions. The fluid
volume can change drastically between visits and to varying degrees for each patient
and image pair. Therefore, arbitrary deformations within the fluids are allowed, and the
regularizer is only applied to the healthy tissue. For this purpose, rough segmentations
of pathology regions are generated as follows: The 70th percentile of the B-scans’ in-
tensities is used for binary thresholding of moving and fixed images. The background
is removed from the masks using the manual retina segmentations. The resulting fluid
segmentations are dilated with an approximately circular structuring element of 11x11
pixels. Finally, the fluid region O that is not considered in the evaluation of the diffusion
loss is defined as the combined fluid regions of fixed and moving images. The masked
diffusion loss is given by

Er]sliaf?ked (SO |Q\O| Z ZHVSO ||27 (64)

zeQ\0 =1

where () is the set of all image pixels, and ¢ indicates the spatial dimension. The
masked diffusion loss implicitly also tackles the problem of dissolving fluids, which, as
the new pathologies, lead to non-correspondences between time points. Inside fluids,
the deformation is only very slightly restricted by avoiding inversions in the deformation
field. To do so, negative values of the Jacobian determinant of the deformation field .J,
are penalized on the entire image domain using

Liac (¢ =l Zmax Ja(2)])". (6.5)

xef)

The final term in loss function (6.2) is the appearance sparsity loss
Lsparse (A) = 0> (|A(a)| + nmax (0, A(x))?) (6.6)
xeQ)

that enforces sparse appearance offsets. The second term in Eq. (6.6) additionally en-
courages negative values of A, which reflects the low intensities of fluid-filled regions
that need to be inpainted onto the light retinal tissue.
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6.2.2 Network Architecture and Training Details

The architecture of the proposed network for fluid-aware image registration (FluidReg-
Net) is shown in detail in Fig. 6.1. A U-Net-like architecture is used with two separate
input blocks, as in the previous chapters. Different from (A)NCR-Net, FluidRegNet
does not have two separate decoders but only two separate output blocks. The first
input block receives a two-channel image consisting of corresponding B-scans of fixed
and moving images, and the second input block receives the subtraction image of fixed
and moving scan. Each input block consists of two convolutional layers with kernel size
3x3 followed by batch normalization and leaky ReLLU. The eight feature maps resulting
from each input block are concatenated and then passed through the next layers of the
network together. The U-Net core of FluidRegNet comprises four levels of resolution,
on each of which two convolutions are performed, followed by batch normalization and
leaky ReL.U activation. The decoding part of the network mirrors the encoder. Bilinear
interpolation is used for upsampling of the feature maps. The two output blocks use
1 x 1 convolutions and generate the appearance offset map and the deformation field,
respectively.

Given suitable weighting parameters, the training objective (6.2) enables the network
to automatically learn to compromise between appearance sparsity and deformation
regularity to achieve similar looking images F' and (M + A) o ¢. Practically, it has
proven favorable to support the registration task with a three-step training scheme:

1. Pre-training of network backbone and deformation output block without appear-
ance offsets using loss function £ = Lpis; (F, M 0 @) + Lreg()-

2. Warm-up step: The pre-trained network parts are kept frozen and only the ap-
pearance output block is trained.

3. Fine-tuning of the entire network.

Steps 1 to 3 are performed for 200, 50 and 450 epochs, respectively, to ensure full
convergence. Network training is performed with a batch size of 10, Adam optimization,
an initial learning rate of le-4 and a learning rate decay of 0.8 after every 50 epochs.
The weight parameters a, 5, v,  and 1 are found empirically and set to 10, 1000, 1,
3e-5, and 6.4e-3.

Network training is performed with a subset of the longitudinal CSCR OCT dataset
described in Sec. 2.4.1. The training dataset consists of 369 images from 61 eyes of 33
CSCR patients, all of which have a field of view of 2x6x6 mm? and an image size of 496x
512 x 25 voxels. For all images, automatically generated retina segmentations provided
by the OCT device are available and for 19 patients, the automatic segmentations were
manually revised and supplemented by annotations of IRF, SRF and PED. The CSCR
dataset is described in detail in Tabs. A1 - A3. The tables include for each patient the
number of available OCT and segmentation images, as well as the information whether
the images were used for the training of FluidRegNet. For FluidRegNet training, the
images are pre-processed with a flattening at the Bruch’s membrane, denoising with
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Figure 6.1: The architecture of FluidRegNet. Two separate input blocks process the
OCT images to be registered and their difference image. Two output heads generate the
deformation field ¢ and the appearance offset map A. The numbers below the boxes
indicate the number of feature maps resulting from the respective convolutions.

a guided filter with radius 1 [He and Sun, 2015] and intensity normalization to [0, 1].
All experiments are performed with a five-fold cross-validation, splitting the data at
patient-level and using approximately 80% of the images for training.

6.3 Experiments and Results

In this section, several experiments are performed to evaluate the registration accuracy
of FluidRegNet and the realism of the generated deformation fields. Additionally, it is
shown that the proposed framework can be used for the unsupervised detection of new
fluids and an automatic evaluation of disease progression.

6.3.1 Registration Accuracy

For the given data, no anatomical labels apart from the ILM and the BM are given. Since
the images are flattened at the BM, the registration accuracy can only be assessed with
regard to the alignment of the ILM. Deformation realism, however, can be evaluated for
the images with given pathological annotations by measuring volume change inside and
outside of fluids.

Registration results are compared to two other image registration methods, Voxel-
Morph [Balakrishnan et al., 2019] and symmetric image normalization (ANTs SyN)
[Avants et al., 2008]. Additionally, several ablation studies are performed to assess the
influence of different components of the framework on the registration performance of
FluidRegNet. In ablation 1, FluidRegNet is trained without the three-step training
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scheme, adapting all network parameters throughout 700 epochs. For ablation 2, the
appearance offset map is not used. In ablation 3, again, the appearance offset map is not
used, but additionally the masked diffusion regularizer is replaced with regularization on
the entire image domain. Finally, to assess the influence of the difference image input,
in ablation 4, the difference image is not given to the network. To do so, the network
architecture is slightly adapted by removing the respective input block. VoxelMorph is
trained with the same loss function and for the same number of epochs as ablation 3.
Since flattened images are used for registration, ANTs SyN is performed without initial
affine transformation. Here, for comparability with the other methods, the cross corre-
lation image similarity metric is used. In contrast to the default settings of ANTs SyN,
four resolution levels are used, as three did not give satisfactory results for the CSCR
images. Otherwise, the default settings are retained.

For evaluation, only those images for which manual annotations are available are used.
In contrast to the training data, images with various numbers of B-scans are used for
validation, provided that the images from consecutive visits were taken with the same
resolution. Additionally, the CSCR dataset and the manual annotations are continuously
being expanded, such that a further 15 annotated images of three patients (for two of
which segmentations were already available at the time of network development, one
was newly added) are available for evaluation at the time of writing. In total, 177 3D
OCT images from 20 patients (3403 2D B-scans) are used for the evaluation. Network
training was performed with five-fold cross-validation, and the evaluation results are
averaged over all test images. For new patients, all five networks are used and the
results of the individual networks are averaged.

Table 6.1: Registration results for VoxelMorph (VXM), symmetric image normalization
(SyN), FluidRegNet (FRN) and several ablation studies: First, FRN is trained without
the three-step training (Abl. 1). For ablations 2 and 3, FRN is trained without the
appearance offset map, using masked (Abl. 2) and full (Abl. 3) diffusion regularization.
Finally, the difference image between moving and fixed scan is not given as additional
input (Abl. 4). Reported are ILM surface distances in pm before and after registration,
the amount of inversions introduced by the deformation (|J,| <0) given as the average
percentage of pixels with negative Jacobian and the volume change of healthy tissue and
fluids. Best and worst results are highlighted in bold and red, respectively.

Method | ASSDILM | HDILM | [J,|<O0[%] L  [1=|Jullheatny &  |1=|Jollawia T
Before | 14.93 (23.40) 37.95 (56.56) - - -

Abl. 1 | 841 (16.93) 23.50 (43.61) 0.0109 (0.0259) 0.0854 (0.0538)  1.00 (0.77)
Abl. 2 | 7.78 (15.32)  21.98 (40.46)  0.0258 (0.0692)  0.0914 (0.0612)  0.93 (0.73)
Abl 3 | 8.39 (16.26)  24.17 (44.74)  0.0160 (0.0411)  0.0863 (0.0565)  0.36 (0.17)
Abl. 4 | 823 (16.55)  23.11 (42.91)  0.0615 (0.1698)  0.0862 (0.0541)  0.98 (0.76)
VXM | 9.89 (19.42) 27.96 (51.08)  0.0289 (0.0572) 0.0836 (0.0474)  0.30 (0.13)
SyN 5.54 (9.86) 16.56 (37.53) 0.2498 (0.4016)  0.1327 (0.0665)  0.46 (0.21)
FRN 8.01 (15.93)  22.55 (41.70)  0.0209 (0.0546)  0.0873 (0.0550)  0.98 (0.78)

100




6.3 Experiments and Results

Results are reported in Tab. 6.1, giving the ASSD and the HD of the ILM as well
as several evaluations of the deformation fields. To assess the regularity of the defor-
mation, the average number of voxels with negative Jacobian of the deformation field
is specified. Finally, the realism of the deformations is evaluated by assessing the vol-
ume change separately for the healthy tissue and the fluid regions. Tab. 6.1 shows
that VoxelMorph generates very uniform deformation fields. These, however, have the
disadvantage that the inner limiting membrane is not sufficiently aligned. Conversely,
SyN can align the ILM very well with an ASSD of 5.54 um, but the deformation fields
contain many inversions (3292 out of 3403 image registrations affected) and change not
only the volume of the fluids, but also the healthy tissue. FluidRegNet is the only
method that generates deformation fields capable of both concentrating volume changes
in the pathological regions and generating few inversions, with average volume changes
of 0.98 in pathology and 0.09 in non-pathology regions, and 0.02% foldings on average.
The generated deformation fields are, therefore, far more realistic than those of the other
registration methods, with ILM matching accuracy between that of ANTs SyN and Vox-
elMorph. This can also be observed in Fig. 6.2 that shows exemplar registration results
for the three frameworks. In particular, it shows how the volume changes introduced by
FluidRegNet are concentrated in fluid regions, whereas the healthy tissue is displaced
according to the fluid changes (Subfigs. (a) - (e)). Furthermore, FluidRegNet can deal
with imaging artifacts such as empty image areas due to eye movements, as shown in
Subfig. (b). Finally, an example of a stable eye is shown in Subfig. (f), demonstrating
that the learning-based methods are better able to generate uniform deformation fields
when no changes occur.

From the ablation results in Tab. 6.1, it can be seen that the three-step training
scheme slightly improves the alignment of the inner limiting membrane (ablation 1,
ASSD of 8.41 ym vs. 8.01 ym). Training the proposed network as a “classical” image
registration framework, i.e. performing spatial regularization on the entire images and
using no appearance offsets (ablation 3), leads to overly smooth deformation fields similar
to VoxelMorph results. Still, registration performance is better for the proposed network
architecture than for the VoxelMorph network, with an ASSD of 9.89 um for VoxelMorph
and 8.39 um for ablation 3. Introducing masked regularization (without appearance
offsets) already improves registration performance and also leads to volume changes
focusing on fluid regions (ablation 2, ASSD of 7.78 um and volume changes of 0.09 in
healthy tissue and 0.93 inside pathologies). Still, the appearance offset maps reduce
inversions in the deformation fields and further improve the volume preservation of the
normal tissue. With ablation study 4, it can be seen that the additional information
provided by the difference image input improves the registration accuracy and reduces
the size of inversions introduced by the deformations, since the network trained without
the difference image input introduces 0.06% foldings and an ASSD of the ILM of 8.23 um.
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(a) Patient 8, |75 75| 75N
slice 13

(c) Patient 83,
slice 4

(d) Patient 106,
slice 4

(e) Patient 116,
slice 16

(f) Patient 121,
slice 24

Figure 6.2: Exemplar registration results for VoxelMorph, ANTs SyN and FluidRegNet.
Shown are the fixed image, the original and the warped moving image, as well as the
respective Jacobian determinant of the deformation field. For the warped moving images,
the ILM of the fixed image is overlaid in red. Subfig. (a) shows an example of a shrinking
fluid, Subfigs. (b) - (e) show examples of new or growing fluids and in Subfig. (f) an
unchanged eye is shown.
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6.3.2 Detection and Segmentation of New Pathologies

The core idea of FluidRegNet is to capture new fluids in the registration process by
introducing sparse intensity offsets and increasing the volume of the inpainted regions
with the deformation field. Based on this, the trained network may be used to detect
and segment newly developed pathologies by evaluating the network outputs A and ¢:

S={zcQ[A(p(x)) <a V |Jp(®)|> 75}, (6.7)

where S defines the set of pixels segmented to belong to new fluids. The thresholds 74
and 7, are found empirically using grid search in order to maximize the detection rate of
new fluids at B-scan level (true positive rate, TPR). For parameters yielding the same
TPR, those that give the lowest false positive rate (FPR) are selected. The thresholds
are set to 74 = -0.028 and 7, = 2.9. For evaluation, ground truth segmentations of new
fluids are generated per B-scan from the manual annotations as described in Sec. 4.3.1.2.

In Tabs. 6.2 and 6.3, new lesion segmentation and detection results are reported on B-
scan- and lesion-level and compared to anomaly detection methods f~AnoGAN [Schlegl
et al., 2019] and natural synthetic anomalies (NSA) [Schliiter et al., 2022] as well as
NCR-Net, the non-correspondence detection and image registration network proposed
in Chapter 4. The fast anomaly detection based on GAN training (f-AnoGAN) pro-
posed by Schlegl et al. uses a cohort of healthy images to train a Wasserstein GAN
for the reconstruction of normal image appearance. During inference, pathology images
are entered into the generator and an anomaly score is generated from the image recon-
struction error and the residual error between the feature vectors of the discriminator
for the original and reconstructed image. The f~AnoGAN approach was developed for
OCT images, and the only modification applied here is the usage of larger image patches
for network training to better cover different retinal thicknesses.

The NSA approach by Schliiter et al. uses self-supervised anomaly detection. Patches
that serve as anomalies are cut out of images and seamlessly inserted into other images
from the same cohort using Poisson image editing. Supervised training is carried out
for the segmentation of the inserted patches. An extension of this approach [Baugh
et al., 2023] recently won the MOOD challenge, showing state-of-the-art performance
in the generalization to unknown real anomalies. Both NSA and f-AnoGAN deliver
an anomaly score rather than a binary segmentation of anomalies. For comparison to
FluidRegNet, the scores are binarized using a threshold of 0.08 for f~AnoGAN and 0.75
for NSA. Thresholds are chosen to best compromise TPR and FPR.

While the anomaly detection methods are designed to segment any anomaly in the
images, i.e. any pathology that is present in the OCT scans, the segmentations resulting
from FluidRegNet are specific to new fluids. For a fair comparison, therefore, the fol-
lowing metrics are considered: The detection rate of new fluids and the Dice score of the
fluids that are detected. A B-scan containing new fluids is considered detected if there is
an overlap between the ground truth of the new fluids and the predicted segmentation.
Results are first reported for the comparison of the predicted segmentations and the
binarized ground truth segmentation of new fluids containing all new fluids, including
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new IRF, new SRF and new PED. Further, results per fluid type are reported. Neither
the new fluid segmentations generated by FluidRegNet nor the anomaly segmentations
can differentiate between different types of pathologies. The results per fluid type are
created by splitting the binary segmentations: Each predicted fluid that overlaps with
the ground truth of the new fluids is assigned to the fluid type given by the ground
truth. Additionally, for images containing no fluid, the average number and volume of
false positive fluids is reported.

Results show that the proposed algorithm for new fluid segmentation delivers high
detection rates both for IRF and for SRF with 91.89% and 84.43% detected fluids on
B-scan level. Newly emerging PEDs are less reliably detected (30.00%). Compared to
the previously proposed NCR-Net, detection rates have improved and compared to the
state-of-the-art anomaly detection methods, both NCR-Net and FluidRegNet deliver
lower detection rates than NSA but better than f~AnoGAN. PED detection shows to
be challenging for all considered methods. PEDs can have very different morphologies,
leading to a highly variable appearance in OCT images. Since FluidRegNet is designed
to primarily find pathologies with a lower intensity than the surrounding healthy tissue,
this could explain why FluidRegNet underperforms in the identification of new PEDs.
Additionally, newly emerging PEDs are rarely included in the CSCR dataset, typically

Table 6.2: New fluids detection and segmentation results on B-scan-level for NSA, f-
AnoGAN (GAN), NCR-Net (NCR) and FluidRegNet (FRN). Reported are the number
of correctly identified new fluid containing B-scans (sens™$, noted as sens for brevity)
and the Dice score averaged over all B-scans that are detected as containing new fluids
(DSCget, given in percent and noted as DSC for brevity). For binary segmentations,
the number and volume (in pixels) of false positive fluids, averaged over all B-scans
containing no fluid, is reported additionally.

All fluids IRF SRF PED
Method | senst DSC?T nppl Vgpl |sensT DSC1| senstT DSCT|sens? DSC1
NSA 273/293 1993 0.75 828.34 | 36/37 19.01 |210/212 20.14 |42/60 14.97
GAN 191/293 27.02 0.45 744.52 | 30/37 21.35 | 147/212 29.86 | 25/60 21.11
NCR 213/293 45.79  2.07 335.25 | 29/37 47.77 | 174/212 57.44 | 19/60 40.60
FRN 222/293 59.49 1.09 91.48 | 34/37 55.95 | 179/212 66.57 | 18/60 50.95

Table 6.3: New fluids detection and segmentation results on lesion-level for NSA, f-
AnoGAN (GAN), NCR-Net (NCR) and FluidRegNet (FRN). Reported are the number
of correctly identified new fluids (sens™) and the Dice score averaged over all patholo-
gies that are detected.

IRF SRF PED

Method | sens™™4 4 DSCget 1| sens™d 1+ DSCye 1 | sens®™d 4+ DSCyet T

NSA 392/415 0.0186 441/448 0.0578 61/92 0.0508

GAN 225/415 0.0324 198/448 0.1545 24/92 0.2003

NCR 203/415 0.3362 269/448 0.4633 22/92 0.3676

FRN 201/415 0.2296 295/448 0.4802 20/92 0.4821
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6.3 Experiments and Results

(a) Patient 125,
slice 10

(b) Patient 125,
slice 11

(c) Patient 106,
slice 16

(d) Patient 83,
slice 8

(e) Patient 88,
slice 7

(f) Patient 126,
slice 12
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Figure 6.3: Segmentation and registration results of FluidRegNet for several examples
of new fluids. For each registration pair, the moving and fixed images, the appearance
adapted warped moving image, the Jacobian determinant of the deformation and the
deformed appearance map are shown. The ground truth segmentation of new fluids SG7T
is shown in the top row and fourth column for each patient, and its contours are overlaid
onto the segmentation results from FluidRegNet, NSA and f-AnoGAN (STEN SNSA and
SGAN) " The IRF is shown in red, SRF in green and PED in blue.
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are small and occur in the same ocular region as SRF. All these factors could explain
why the detection of new PEDs is so difficult with all methods.

Regarding segmentation performance, FluidRegNet delivers a much better delineation
of new fluids than all competitive methods, except for IRF segmentation on lesion-level
where NCR-Net performs better. NCR-Net was trained on images from the longitudinal
AMD dataset, in which the IRF class is much better represented, which could explain this
result. Overall, anomaly detection methods NSA and f-AnoGAN tend to be oversensitive
and over-segment pathologies, whereas the segmentations resulting from FluidRegNet
are much more precise and informative but tend to be undersensitive. This is further
illustrated in Fig. 6.3 showing exemplary results for new fluid segmentation based on
FluidRegNet. For comparison, anomaly detection results of NSA and f~AnoGAN are
also shown.

6.4 Unsupervised Anomaly Detection with
FluidRegNet

Whereas in longitudinal intra-patient image registration, non-correspondences are solely
due to disease progression (except for imaging artefacts), in inter-patient registration
of healthy and pathological images, non-correspondences may arise due to several rea-
sons. Normal inter-individual variations such as the morphology of blood vessels may
be one reason, but more importantly, all types of disease-related tissue changes cause
non-correspondences. This is exploited in this section to use FluidRegNet for anomaly
detection, i.e. to detect all types of pathological changes in the images. Firstly, the
methodological extension of FluidRegNet for the detection of anomalies is described.
This method is then used in Sec. 6.4.2 for the unsupervised segmentation of IRF, SRF
and PED and in Sec. 6.4.3 for the investigation of pathological changes in the photore-
ceptor layer.

6.4.1 Methods

For anomaly detection, FluidRegNet is retrained for the registration of healthy to patho-
logical images. Four OCT datasets are used for this purpose, one healthy dataset and
three pathological datasets. The healthy dataset is the IMI dataset (c.f. Sec. 2.4.1) com-
prising 100 Spectralis OCT images from 50 healthy volunteers. Each image consists of 49
B-scans with a resolution of 496 x512 pixels. There are no manual annotations for these
images, only the automatic segmentation of the retinal layers provided by the Spectralis
device. During a manual review of these segmentations, 14 images were excluded for
further processing. The healthy dataset used for network training, thus, consists of 86
OCT images from 47 subjects, with images from both eyes for 39 subjects and images
from only one eye for 8 subjects.
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Figure 6.4: Overview of the proposed FluidRegNet-based anomaly detection method,
FRN-Ano. The healthy OCT images M, ..., M,, are registered to the pathological im-
age I’ for which the anomaly detection is to be performed. The resulting deformation
fields and appearance offset maps are processed to produce n binary anomaly segmen-
tations. These are weighted based on the image similarity between the pathological and
the matched healthy image and summed to calculate the anomaly score (z,,: weighted
averaging with weights w; = MSE[F, (M; + A;) o ¢;]71).

In order to better cover the wide variety of pathologies in retinal diseases, the patho-
logical data in this section comes from different sources. Firstly, the CSCR dataset used
in the previous section is also used here. This time, only the manually labeled images
are used for training to ensure a good flattening of all the images. Still, the manual fluid
segmentations are not used for network training, but only the automatically generated
fluid segmentations as described before. The CSCR training dataset consists of 165
OCT images from 35 eyes of 19 patients (one to ten time points per eye). The second
pathology dataset is the publicly available training data of the RETOUCH challenge
[Bogunovié et al., 2019]. For anomaly detection with FluidRegNet, only the 24 images
taken with a Spectralis device are used. The third pathology dataset is the AMD dataset
described in Sec. 2.4.1, consisting of 60 OCT images from 60 eyes of 36 AMD patients.
For both the RETOUCH and the AMD data, manual annotations of IRF, SRF and
PED are available.

Since greater deviations between images are expected for the inter-patient compared
to the intra-patient registration, the different loss components are weighted slightly
differently compared to the previous section to account for the larger deformations and
the inter-individual differences. The weighting parameters «, 3, v, 6 and n are set to
3000, 1000, 0.3, 1.6e~® and 5e~3, respectively.

Once FluidRegNet is readily trained, anomaly detection is done as follows: Each image
in the normal cohort is registered onto the pathology image to be analyzed. For each reg-
istration, the deformation field’s Jacobian determinant and appearance map are thresh-
olded similar to the previous section to generate segmentations of non-correspondent
image regions. Again, the best suited thresholds are found via grid search and set to
77 = 2.0 and 74 = -0.13 giving the highest average DSC when comparing anomaly
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segmentations with manual fluid segmentations. A weighted average of the resulting
86 non-correspondence segmentations is calculated to give an anomaly score. The seg-
mentations are weighted by calculating the mean squared error between the respective
warped healthy image and the pathological reference image and using the reciprocal of
the error as the weight. An overview diagram of the FluidRegNet-based method for de-
tecting anomalies (FRN-Ano) is shown in Fig. 6.4. A binary segmentation of anomalies
can be achieved with thresholding on the anomaly score.

6.4.2 Fluid Segmentation

To evaluate the anomaly detection performance, in this section, the resulting segmen-
tations are compared to manual segmentations of the different fluid types. Evaluation
is performed for the CSCR, AMD and RETOUCH datasets separately. Since it is not
necessary to have at least two segmented time points per patient to perform the pro-
posed anomaly detection, the CSCR test data used in this experiment differs from the
test data in the previous section in that it contains four additional images from four
eyes, resulting in 181 images from 21 patients (4429 B-scans).

As already mentioned, all types of pathologies cause mismatches in image registration
between healthy subjects and diseased patients. The most notable deviations from nor-
mal anatomy are the IRF, SRF and PED fluids, all of which are segmented unsupervised
in this section, in contrast to the previous section where only the new fluids could be
detected fully unsupervised. For quantitative evaluation, the FRN-Ano segmentations
are compared to binarized anomaly maps of NSA and f~AnoGAN for the CSCR, the
AMD and the RETOUCH dataset. The thresholds for binarization of the continuous
anomaly maps are found empirically and chosen to maximize Dice scores on image-level
(NSA, f-AnoGAN) or fluid-level (FRN-Ano) for the biggest dataset, the CSCR data.
The thresholds are set to Tprny = 0.8, Tnga = 0.95 and 7gan = 0.09. Results are given
in Tab. 6.4. For each dataset, the proportion of correctly recognized pathological and
non-pathological B-scans is reported. For pathological B-scans, the detection rate of
the individual fluids is also reported, as well as the DSCs at image- and fluid-level. For
B-scans falsely classified as pathological, the mean number and volume of false positive
fluids is reported.

From the results, it can be seen that the proposed anomaly detection method achieves
very good detection rates at image-level, close to the state-of-the-art method NSA. At
the fluid-level, detection rates are lower, which can be explained by the difficulty of the
method to detect very large deformations. Heavily swollen retinae often have numerous
small IRF inclusions that are missed if the deformation is insufficient, as can be seen
in the last example in Fig. 6.5. Regarding the segmentation performance, the results
from the previous section can be confirmed: The detected fluids are delineated more pre-
cisely compared to other anomaly detection methods. While NSA and f-AnoGAN tend
to strongly over-segment pathologies, FRN-Ano, in contrast, tends to under-segment
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Table 6.4: Anomaly detection and segmentation results for FRN-Ano compared to
NSA and f~AnoGAN (GAN). For B-scans containing pathologies, the detection rate
(sens) is reported on image- and fluid-level. DSCs of detected B-scans/fluids are also
reported, assessing segmentation accuracy of the anomaly detection methods. For images
without pathologies, the amount of correctly identified negative samples is reported
(spec). Additionally, for false positive images, the average number and volume (in
pixels) of predicted pathologies is given.

B-Scans with fluids Fluid-free B-scans
Dataset Method | sens'™¢ ¢ DSCidIZtg 1 sensfluid ¢ DgCfiuid specT nppl Vep |
GAN 0.8507 0.3283 0.7303 0.2624 0.6024 1.48 3075.28
AMD NSA 0.9746 0.2048 0.9489 0.1087 0.4373 1.96 7499.61
FRN-Ano | 0.8851 0.1877 0.4606 0.3180 0.4482 3.21 158.22
GAN 0.7777 0.2834 0.6296 0.1879 0.7383 1.17 1915.26
CSCR NSA 0.9413 0.2639 0.8929 0.1184 0.8668 1.84 4175.96
FRN-Ano | 0.9035 0.5138 0.6001 0.4437 0.6800 2.07 118.56
GAN 0.5905 0.1182 0.1556 0.1325 0.9378 1.00 5152.00
RETOUCH | NSA 1.0000 0.2040 0.9465 0.0255 0.0041 1.80 22543.64
FRN-Ano | 0.9721 0.3067 0.3363 0.2108 0.4315 3.64 532.20

pathological regions. This is also reflected in the analysis of false positive fluids, the
volume of which is significantly greater with NSA and f~-AnoGAN than with FRN-Ano.

The different methods’ performances vary between datasets. Although all images were
acquired with a Heidelberg Spectralis device, the image contrast differs between the
datasets, as can be seen in Fig. 6.5. In particular, the RETOUCH data generally shows
lower intensity values inside the retina than the images from the other two datasets. NSA
and f-AnoGAN were trained on healthy images with a similar contrast to the CSCR data.
Consequently, both methods show severe performance drops for the RETOUCH data.
For NSA, the amount of false positives increases strongly, as oftentimes the entire retina
is marked as anomalous. In contrast, ~AnoGAN tends to miss a lot of pathologies,
probably due to the reduced contrast between retinal tissue and fluids. Although FRN-
Ano was trained with all three datasets, it shows a higher false positive rate and a
reduced segmentation performance for the AMD and RETOUCH data compared to the
CSCR data. Since the anomaly detection of FRN-Ano also depends on the healthy
images, in that they are registered onto the pathological images, this behavior can again
be explained by the differences between the datasets. In addition, the CSCR images
make up a large part of the training data, so pathologies specific to other diseases
are rarely represented in the data (see arrows in Fig. 6.5). The highly heterogeneous
appearance of AMD, thus, poses problems to FRN-Ano. However, in contrast to NSA
and f~AnoGAN, which either mark the entire tissue or nothing as an anomaly at low
image contrast, FRN-Ano never fails completely. The susceptibility to domain shifts
between datasets appears to be lower than with the other methods, so that the method
can be used directly as a guide for observing pathologies in different datasets.
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AMD dataset

Figure 6.5: Exemplar anomaly detection results for NSA, f-AnoGAN and FRN-Ano
on three different datasets. For each example, the continuous anomaly map A as well as
the binarized anomaly segmentation S is shown. Arrows mark AMD-specific pathologies
that FRN-Ano has difficulty recognizing. Image contrast in the RETOUCH data is low,
but FRN-Ano still provides meaningful results.

In the following, an additional 3D evaluation is performed for all anomaly detec-
tion methods on the CSCR data. Given the 2D anomaly detection methods, the fluid
extension in 3D can be estimated both volumetrically and in the en-face plane. For
volumetric measurement, the predicted pathologies are totaled for all B-scans in a scan
to measure the volume of pathologies. For the analysis in the en-face plane, qualitative
results are shown in Fig. 6.6, where the segmented pixels per A-scan are summed up
to project the 3D segmentations into the en-face plane. Quantitative evaluation is done
by thresholding the projected segmentations and comparing with the projected ground
truth segmentation. To do so, each A-scan that contains more than two segmented pix-
els is segmented in the en-face plane. On average, this results in a DSC,,; of 0.5614 for
FRN-Ano, while NSA achieves a DSCp,,; of 0.5202 and f~AnoGAN 0.4713. FRN-Ano,
thus, proves to be the most suitable method for estimating the spread of pathologi-
cal fluids in the retina. Also, the volumetric assessment of fluids is the most accurate
using FRN-Ano. Despite tending to underestimate fluid volume, the average absolute
deviation from the ground truth volume is 5171.81 pixels (corresponding to 0.06 mm?)
whereas NSA and f-AnoGAN tend to highly overestimate fluid volume with average
absolute deviations of 42446.94 and 26516.37 pixels (0.48 and 0.31 mm?®, respectively).
This can also be observed in the examples in Fig. 6.6, where it comes apparent that fluid
expansion predicted by FRN-Ano closely reflects real pathologies, while the oversized
anomaly segmentations of the other methods cannot represent the actual shape of the
fluid inclusions. For more examples, please refer to the appendix.
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Figure 6.6: Anomaly detection results for NSA, f-AnoGAN and FRN-Ano in the en-
face plane. Timelines of two CSCR patients are shown (left and right): The top two rows
show the central OCT-B scans of each visit and the corresponding manual segmentations.
Below, the corresponding anomaly segmentations of FRN-Ano, NSA and f-AnoGAN are
shown from top to bottom, followed by the segmentations of the entire volume projected
into the en face plane. At the bottom, the fluid volume in mm? is shown for all methods
and the ground truth.

To summarize, FRN-Ano delivers good detection rates and segmentation performances
compared to other anomaly detection methods, but has problems with severely deformed
retinae, which leads to fluids located in the upper part of the retina being missed. The
ability to capture large deformations would, therefore, potentially significantly improve
FluidRegNet-based anomaly detection. In addition, susceptibility to image contrast
proved to be superior to other anomaly detection methods, but could probably be further
improved if more balanced pathological and more diverse healthy images were used for
training and registration-based anomaly detection. For images taken with the same
imaging protocol, FRN-Ano allows accurate estimations of pathological fluid volume
and spread in the eye, as shown for the CSCR dataset.

The choice of binarization thresholds has a major impact on both anomaly detection
and segmentation performance of all methods. Therefore, the use of continuous anomaly
maps seems to be more useful in clinical practice, allowing medical experts to set the
thresholds individually for each image. Another general problem in the evaluation of
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the anomaly detection results is that fluids may not be the only anomalies present in
the images. Instead, there can be other types of pathologies, such as macular holes
or hyperreflective foci. Additionally, technical sources for anomalies cannot be covered
by comparing with fluid segmentations: Overall or regional intensity variations, noise
level fluctuations, mis-registration in the eye-tracking system are just a few examples of
sources for “non-normal” looking images. A frequently observed pathology in CSCR are
changes in the reflectivity of the photoreceptor ellipsoid zone (PEZ). In the following,
FRN-Ano is shown to be capable to also detect this type of pathology, which is much
more subtle than most fluids.

6.4.3 Detection of Pathological Changes in the Photoreceptor
Ellipsoid Zone

In retinal OCT images of healthy eyes, the PEZ appears as a bright band above the
RPE and the photoreceptor outer segments, as highlighted in yellow in Fig. 3.5 (a).
Clinically, the PEZ is a widely used OCT-based biomarker of photoreceptor structure.
While PEZ integrity, PEZ lesion size and width of preserved PEZ are already established
metrics that have been shown to correlate with visual acuity, PEZ band reflectivity or
intensity is a less explored biomarker [Lee et al., 2021]. The reflectivity of the PEZ
could be of great clinical benefit, as changes in reflectivity have been shown to precede
more severe PEZ pathologies in neovascular AMD and idiopathic epimacular membrane
disease [Toprak et al., 2014, 2017; Pasricha et al., 2021].

Changes in photoreceptor reflectivity are visible as hypointensity within the normally
bright PEZ band, some examples are shown in Fig. 6.7 for four CSCR patients. How-
ever, the changes in brightness observed are often only slightly pronounced and no clear
boundaries of these regions are visible, which makes an objective evaluation of PEZ
pathologies difficult and prevents the creation of annotated datasets that would be nec-
essary for automatic segmentation methods requiring supervised training. FRN-Ano is
capable of not only highlighting comparably obvious deviations from the normal anatomy
such as pathological fluids, but also more subtle anatomical transformations in the PEZ
region (see e.g. Fig. 6.5 the examples top left and bottom left). The goal in this section,
therefore, is the usage of the FluidRegNet-based anomaly detection for the automatic
delineation of photoreceptor changes. To do so, the anomaly maps generated in the
previous section are refined as follows: Two U-Net-based CNNs are used to segment
SRF and the photoreceptor layer and subsequently, all A-scans segmented as containing
SRF are excluded from the anomaly map. In consultation with ophthalmologists, the
remaining anomalous regions are masked to the PEZ region in two ways. First, the
anomaly map is multiplied directly with the binary segmentations of the photoreceptor
layer. Second, the PEZ segmentation is widened downwards to include the interdigita-
tion zone (IZ, the bright band below the PEZ band), as abnormalities in the PEZ and
the IZ often occur together. In the following, the first method is called FRN-Anopgy
and the second FRN-Anopgz17.
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Figure 6.7: Four examples of PEZ pathologies. The top row shows the central OCT
B-scans of CSCR patients 35, 7, 30 and 5. In the bottom row, the respective manual
PEZ segmentations are superimposed. The normal PEZ is shown in yellow, inconsistent
PEZ in blue, non-localizable PEZ in green and atrophy in red.

The architecture of the network for SRF segmentation is shown in Fig. A4. Two
separate convolutional blocks at the beginning of the network take the OCT B-scan to
be segmented and the corresponding retina segmentation as input. The feature maps
generated from the two input blocks are concatenated after the first maximum pooling
and processed together afterward. Nearest neighbor interpolation is used in the decoding
path, and the network finally outputs segmentations of SRF and PED. Here, only the
SRF segmentations are used. The SRF segmentation network developed and trained as
part of this work was successfully used in [Santarossa et al., 2022b; von der Burchard
et al., 2024; Scharf et al., 2024] for various medical analyses. The CNN for segmen-
tation of the PEZ was developed by M. Santarossa, has a U-Net-like architecture and
uses ResNet-32 as backbone [He et al., 2016]. The network is pretrained on ImageNet
[Russakovsky et al., 2015] and is trained for the OCT data with a combination of Dice
loss and binary focal loss. Since PEZ atrophy is characterized by the absence of the PEZ
and not by reduced reflectivity, the FRN-Ano-based anomaly detection is expected to
miss atrophic eye regions. In a final experiment, FRN-Ano is, therefore, combined with
the atrophy detection from Sec. 3.4.

The PEZ anomaly detection results are evaluated by comparing them to manual an-
notations of PEZ pathologies. Such manual labels were generated for 167 OCT images of
66 CSCR patients, differentiating normal PEZ, atrophy, inconsistent and non-localizable
PEZ. Manual PEZ annotation was carried out in two rounds. In the first round, anno-
tations were done for 143 images of 46 patients and only the five central B-scans were
labeled. PEZ atrophy was only very rarely observed in these images (11 OCT images
of 6 patients), which is why 20 additional patients with atrophy were selected in the
second round, for which one or, in four cases, two images were completely segmented.
To quantitatively evaluate the PEZ anomaly detection results, the manual labels are
divided into normal and pathological regions and compared to binarized PEZ anomaly
maps. For this purpose, the pathology labels atrophy, non-localizable and inconsistent
are combined into one label for the manual annotations. The PEZ anomaly maps are
subdivided into normal and pathological, with a threshold value of 0.3. The binary
results are compared at A-scan level, measuring the overlap of anomaly and pathology
(projected Dice score DSC,,;) as well as sensitivity and specificity of the segmentations.
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To avoid biases introduced by differing numbers of segmented B-scans per image, eval-
uation is performed on the five central slices of each segmented volume and the metrics
are then averaged over all available B-scans.

Results are reported in Tab. 6.5, showing that the detection of PEZ abnormalities with
FluidRegNet is moving in the right direction, as on average 49% of abnormal A-scans and
93% of normal A-scans are correctly classified when masking the anomaly maps to the
PEZ. When the IZ is included, 65% of pathological A-scans and 82% of normal A-scans
are identified correctly. Nevertheless, the delineation accuracy with a value of 0.4255
DSCpyoj for FRN-Anopgy and 0.4536 for FRN-Anopgyz. 17 does not yet seem satisfactory.
While the manual annotations show abnormalities in the PEZ only, inclusion of the 1Z
for the generation of the PEZ anomaly maps greatly improves the method’s sensitivity.
At the same time, the number of false positive A-scans is increasing, which can be
partly explained by pathologies that only occur in the IZ and not in the PEZ and are,
therefore, not recorded in the manual annotations. Here, it should also be noted that
the manual ground truth is not always completely reliable due to the high degree of
difficulty of manual PEZ assessment. The annotations were made in the knowledge
that not all abnormalities in the PEZ could be manually delineated. Although the aim
was to provide the best possible training data for DL segmentation methods, it was
also hoped that the trained networks would recognize more areas as pathological than
could be manually annotated. Thus, further investigation of the predicted anomalies by
medical experts is required to ensure that the predictions are meaningful and may reveal
anomalies that are not captured by the manual segmentations.

Exemplary results for PEZ anomaly detection are shown in Fig. 6.8 for the better per-
forming method FRN-Anopgyz.1z. If available, manual annotations of PEZ pathologies
are shown for comparison. It comes apparent that FRN-Ano is able to detect small ar-
eas of PEZ abnormalities as well as more extensive pathologies. Although there is good
agreement with the manual ground truth for many cases, there are examples where the
manual segmentation and the FRN-Ano results completely contradict each other. As
expected, the detection of atrophic eye regions poses problems to the anomaly detec-
tion. An example is given in the second row of Fig. 6.8, where FRN-Ano entirely misses
the atrophy region. The areas that were marked as anomalous though appear plausible
despite not being marked in the ground truth.

To alleviate the problem of missed atrophic regions, the FRN-Ano results are combined
with the atrophy segmentation results from Chapter 3.4. To do so, the binary atrophy
and anomaly segmentations are fused with logical OR. This results in an improvement

Table 6.5: PEZ anomaly detection results for FRN-Ano and FRN-Ano combined with
the atrophy detection (AD) from Chapter 3.4.

Method DSCf;lrlOj T sens T spec T
FRN-Anopgyz 0.4255 (0.3033)  0.4901 (0.3770)  0.9276 (0.1245)
FRN-Anopgz117 0.4536 (0.2813)  0.6470 (0.3517)  0.8170 (0.2113)

FRN-Anopgz + AD 0.5542 (0.2795)  0.6441 (0.3263)  0.9142 (0.1383)
FRN-Anopgz41z + AD | 0.5449 (0.2692)  0.7776 (0.2692)  0.8050 (0.2179)
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Figure 6.8: Photoreceptor anomaly detection results for six CSCR patients. For each
example, the OCT-B scan is shown (large image on the left) as well as the SRF and PEZ
segmentation results (Ssgr and Spgz, second and third column above). The anomaly
score maps before and after processing with the segmentations are shown below (4 and
Apgz). In the rightmost column, the binary PEZ anomaly segmentations (SR red) are
shown together with the atrophy detection results (AD, blue overlay) and, if applicable,
the manual segmentation of the PEZ anomalies is shown for comparison (S¢7).
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of the average DSC,,,; to 0.5449 using FRN-Anopgzi1z. The sensitivity increases to
0.7776 while the specificity remains stable with 0.8050, which shows that more anoma-
lous regions are segmented while only few false positives are introduced. Overall, the
combination of anomaly detection with FluidRegNet and partially supervised atrophy
clustering leads to a good differentiation between healthy and damaged PEZ, although
the accuracy of the spatial delineation could still be improved.

To summarize, FRN-Ano is a first approach towards automatic PEZ anomaly detec-
tion. Since manual annotations of PEZ pathologies are scarce and the existing anno-
tations are potentially incomplete, the quantitative analyses can only provide an initial
indication of the actual performance of the procedure. Still, the results show that FRN-
Ano is suitable as a supportive system for the detection of PEZ pathologies, potentially
identifying abnormalities that are difficult to be assessed manually. Not part of this work,
but a potential possibility, is also the use of the continuous anomaly scores rather than
binarized segmentations, which allow not only the detection but also the quantification
of anomalies.

6.5 Discussion

In this chapter, FluidRegNet, an application-driven deep learning-based image registra-
tion framework capable of aligning retinal OCT images with severe pathological changes
was developed. Newly emerging fluids are incorporated into the registration process by
letting the network learn to place an appearance seed in the moving image and to extend
this fluid seed to cover the volume of the fluid observed in the fixed image. This results
in much more realistic deformation fields than with previous registration methods, even
those taking non-correspondences into account explicitly. The deformation fields can,
thus, be used for volume change assessments and to highlight areas of disease progres-
sion. Together with the appearance offsets, the fluid-aware deformation fields offer the
possibility to perform unsupervised segmentation of new pathologies, as shown for the
longitudinal CSCR data.

Retraining FluidRegNet for the registration of healthy to pathological OCT images
enables the segmentation of all, rather than only new, pathologies and the usage of
FluidRegNet as anomaly detection method. Compared to state-of-the-art anomaly de-
tection methods, FRN-Ano achieves lower detection rates, but delineates the detected
pathologies much more precisely. Also, FRN-Ano proofed more stable to domain shifts
between different OCT datasets. The precise anomaly localization was used to segment
prominent pathologies IRF, SRF and PED as well as less obvious changes in the PEZ,
which are generally hard to localize even manually. The segmentation of such subtle
changes is not possible with the competitor anomaly detection algorithms. FRN-Ano
showed promising results here, but often failed to delineate atrophic areas. The com-
bination with the atrophy segmentation from Chapter 3.4 substantially improved the
results, so that overall a good delineation of pathological PEZ areas is possible.
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6.5 Discussion

A limitation of FluidRegNet is that non-correspondences due to dissolving fluids
are only implicitly covered with the masked regularization. The resulting deforma-
tion fields usually only depict such changes incompletely, which is generally a prob-
lem of deformation-based approaches that cannot make voxels disappear. Nevertheless,
a strong reduction in volume can be observed with dissolving or shrinking fluids (cf.
Fig. 6.2, first example). The deformation fields can, therefore, still be used to deter-
mine not only deteriorating but also improving eye regions. Furthermore, like most
registration methods that use some kind of deformation regularization, FluidRegNet
still struggles with very large deformations that are to be expected in retinal disease
OCT images. Since extreme cases are rather seldom in the CSCR data, a more bal-
anced data selection might help circumvent this problem. From an architectural point
of view, an improvement might be achieved using transformer networks, iterative reg-
istration or pyramid registration. Transformers differ from CNNs in that they employ
a self-attention mechanism, comparing each image patch to all other patches to guide
the network focus, resulting in a superior ability to capture long-range dependencies
[Vaswani et al., 2017]. Compared to CNNs, transformers proofed more difficult to train
and like iterative and pyramid registration have a higher computational complexity. In
contrast, FluidRegNet’s single-stream architecture is relatively lightweight.

FluidRegNet provides a valuable tool for the longitudinal registration of OCT im-
ages, capturing the dynamics of retinal fluid growth more realistically than other image
registration methods. The realistic deformation fields enable a detailed visualization of
regressive and progressive areas in the eye for time-series images. Needing only segmen-
tations of the entire retina rather than pathology labels, FluidRegNet can be used for
the unsupervised segmentation of newly emerging fluids. Additionally, the extension of
FluidRegNet for anomaly detection, FRN-Ano, enables the detection and exact localiza-
tion of a lot of retinal pathologies, including fluid deposits as well as subtle changes in
the photoreceptor ellipsoid zone. Therefore, FRN-Ano potentially is a valuable guidance
tool to help clinicians find areas of disease activity and might significantly reduce the
cost of the laborios manual annotation of retinal OCT volumes. The methods presented
here, thus, make an important contribution to solving the problem of data scarcity in
the field of ophthalmology.
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Chapter 7

Implicit Neural Representations for
OCT Interpolation and Registration

Real-world signals are continuous, yet, traditionally, they are explicitly discretized to
store and process them. For example, shapes are commonly represented as point clouds
or meshes and images as a grid of pixels or voxels. However, discretization comes with a
number of drawbacks, especially for high-dimensional data: Its computational cost rises
with increasing dimensionality, and the memory requirements for discrete data are very
large [Essakine et al., 2024]. Furthermore, discretized data only contains information
per segment (voxel, point, mesh, ...), binding it to the selected resolution and preventing
effective representation of irregularly sampled or sparse data. Recently, implicit neural
representations (INRs) have emerged as a new paradigm to represent data. Rather than
directly storing the signal values, INRs are neural networks, typically MLPs, that map
input coordinates to the signal values and, thus, implicitly encode the continuous signal
in the weights of the network (cf. Sec. 2.2.3). They are built on the idea that neural
networks can estimate complex functions after being trained on discretely represented
data samples. Once an INR has been adapted to a certain signal, any input coordinates
may be inserted to represent the signal at arbitrary resolutions. Different from discrete
representations, the storage requirement of INRs is, thus, independent of the signal’s
resolution, scaling only with the complexity of the signal.

INRs have gained substantial interest in the past years, leading to diverse medical
image processing applications such as super-resolution [Wu et al., 2023a; McGinnis et al.,
2023; Fang et al., 2024], image reconstruction [Reed et al., 2021; Wu et al., 2021; Shen
et al., 2024] and image registration [Wolterink et al., 2022; Byra et al., 2023a; Sideri-
Lampretsa et al., 2024]. Whereas CNNs are limited to densely sampled input images,
INRs have been shown to be especially powerful for the processing of highly anisotropic
and sparse data. Retinal OCT images are sampled with high inter-slice distances in
clinical routine, which is why many methods proposed for OCT processing rely on 2D
CNN architectures. Here, INRs offer a promising tool to overcome this trend and to
process full OCT image volumes.

However, an INR is typically adapted to a single scene by training its weights on
only one image (volume). While this leads to an exceptional representation of the
respective image, the INR does not generalize to other cases. Instead, a new MLP
needs to be trained for each image. To enable the representation and simultaneous
segmentation of more than one image, generalizable INRs have been proposed recently
[Amiranashvili et al., 2022; Kim et al., 2023; Stolt-Ansé et al., 2023]. Generalizable
INRs work by separating instance-specific and instance-agnostic shared parts of the
network. In [Amiranashvili et al., 2022] and [Stolt-Ansé et al., 2023], one MLP is trained
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on the entire training dataset and instance-specific priors are learned for each image
individually. The priors are passed on to the network alongside the spatial coordinates
to condition the MLP on the respective instance. This type of generalizable INR offers
the possibility to be applied to images unseen during training by adapting new priors
for the test images.

In this chapter, INRs are used for two OCT applications: First, INRs are used for
B-scan interpolation to reduce the anisotropy of clinical OCT data. A generalizable INR
is used for this approach, enabling not only the interpolation of OCT images but also
the segmentation of retinal layers. To improve the performance for interpolated B-scans
and to enable the integration of small structures in between slices, it is proposed to
condition the MLP on multimodal image information. Second, INRs are used for the
registration of retinal OCT images with pathologies. As in traditional image registration
methods, optimization is performed for individual image pairs using standard INRs. To
cope with the structural differences introduced by pathologies, two MLPs are trained per
registration task. The first INR predicts the deformation field to map the moving to the
fixed image, whereas the other one produces the so-called residual image, containing the
pathological differences between moving and fixed images. The following two sections
address the two OC'T applications, i.e. B-scan interpolation and registration, in more
detail. Each section begins with a short motivation of the respective use case and the
associated literature. Afterward, the INR methodologies are described in detail, which
are then applied to OCT images and evaluated in comparison to competitive methods.
Each section closes with a discussion of the presented approach.

7.1 OCT Interpolation with SLO Integration Using
Generalizable INRs

Despite bearing the risk of missing small anatomical or pathological structures, OCT
images of the retina are usually acquired with large B-scan distance in clinical practice
to reduce acquisition time. Modern CNN-based segmentation frameworks are typically
developed for isotropic images, which is why the segmentation of the highly anisotropic
OCT images is most often performed with 2D approaches. However, 2D segmentations
inherently lead to irregular surfaces in 3D, necessitating expensive post-processing such
as graphcut approaches, e.g. [Li et al., 2005]. Also, 2D approaches do not take into
account the information of neighboring image slices, potentially leading to inconsistencies
between segmentations of individual B-scans. Moreover, volumetric measurements of
retinal structures or pathologies based on such 2D segmentations are imprecise due to
the high inter-slice distances.

Interpolation methods may be used to generate densely sampled OCT volumes, but
suffer from interpolation artifacts due to severe shape and localization differences be-
tween neighboring B-scans. Furthermore, they cannot infer information in between
B-scans, while GAN-based methods for OCT super-resolution require large datasets
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of either paired [Huang et al., 2019] or unpaired [Das et al., 2020] low- and high-
resolution images. INRs, in turn, are resolution-agnostic and can successfully be trained
on anisotropic or sparse data [Amiranashvili et al., 2022]. Given their success in gen-
erating plausible shapes for irregular training data, this section explores their usage for
OCT representation and interpolation. A generalizable INR framework is proposed that
allows not only the reconstruction of the OCT intensities but also the segmentation of
retinal layers. The backbone of the INR is an MLP that is shared between all training
images and that receives spatial coordinates as well as patient-specific priors as input.
These priors are learned during the training process and can also be adapted to new pa-
tients once training is completed. Therefore, the proposed INR can be used to segment
retinal layers in images unseen during training. Furthermore, it is proposed to combine
multimodal images in the INR to enable the introduction of small structures that are
located in between the B-scans.

7.1.1 Related Literature

OCT super-resolution has been done with intensity-based interpolation methods [Lind-
berg et al., 2018; Chen et al., 2024] and GAN-based approaches [Huang et al., 2019; Das
et al., 2020; Yuan et al., 2023]. For example, [Lindberg et al., 2018] propose a weighted
combination of linear and transfinite interpolation to improve upon linear or transfinite
interpolation alone. However, this method requires two OCT images of the same scene
taken with orthogonal scan directions. In general, intensity-based interpolation methods
have difficulties to continue the retinal shape between B-scans, leading to severe interpo-
lation artifacts. Registration-based interpolation, as presented in [Ehrhardt et al., 2007],
manages to better compensate for shape differences between neighboring slices but still
cannot introduce small structures that are located in between the known image slices.

The GAN-based approaches typically perform super-resolution only per B-scan but
not in between B-scans [Huang et al., 2019; Das et al., 2020; Yuan et al., 2023] and often
require paired low- and high-resolution datasets [Huang et al., 2019; Yuan et al., 2023].
Some approaches try to interpolate the segmentations generated on sparsely sampled B-
scans rather than the OCT intensities by using morphological operations [Szeskin et al.,
2021] or shape filling algorithms [Santarossa et al., 2022b]. Both works first project the
OCT segmentations into the en-face plane and then fill the space between neighboring
B-scans to analyze the lateral extension of pathologies.

INRs are by design resolution-agnostic and can, therefore, directly be applied for
image super-resolution, e.g. [Fang et al., 2024] for CT and [Wu et al., 2023a] for MRI.
[Amiranashvili et al., 2022] propose a generalizable INR for the representation of anatom-
ical shapes. A single MLP, which is trained for all training samples, receives not only
spatial coordinates as input but also shape-specific latent vectors. These vectors are
learnable parameters and adapted together with the MLP. This setup allows the sep-
aration of features shared between all training samples and individual features specific
to the training samples. The common features are represented in the backbone MLP,
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whereas the shape-specific features are stored in the latent vectors. The authors show
excellent shape representations despite training their framework with highly anisotropic
and sparse input data. Furthermore, their method allows adaptation to unseen cases by
freezing the MLP and learning a new latent prior for the new shape.

[Stolt-Ansé et al., 2023] build on this idea and propose neural implicit segmentation
functions (NISF), a generalizable INR with two outputs that reconstruct and segment
the input images based on the input coordinates and patient-specific latent codes. De-
spite using low-resolution inputs, they are able to generate smooth segmentation masks.
Segmentation of new cases is possible by adapting new latent codes while freezing the
MLP, as in [Amiranashvili et al., 2022]. To do so, no manual segmentation labels are
required, since the latent code is learned by concentrating on the reconstruction of im-
age intensities and omitting the segmentation task used during the population-based
training.

To date, only very few works use implicit neural representations for OCT applications.
OCT image reconstruction with INRs is done in [Li et al., 2025], and [Ziemann et al.,
2024] propose time-varying INRs for OCT denoising. The goal of this section is to
explore the usability of generalizable INRs for OCT interpolation and segmentation.
This work was published in [Kepp et al., 2025] and still seems to be the only work
using INRs for this application. The method extends NISF for multimodal inputs to
allow the integration of small structures in between B-scans. The proposed INR is
shown to outperform other interpolation methods, in terms of both shape interpolation
and representation of the interpolated B-scans. At the same time, the segmentation of
retinal layers is possible for unseen cases, which is not the case for pure interpolation
methods.

7.1.2 Methods

To enable the simultaneous interpolation and segmentation of retinal OCT images, a
generalizable INR (GenINR) extending the approaches of [Amiranashvili et al., 2022]
and [Stolt-Ansé et al., 2023] is proposed in this section. The core idea of the GenINR
is to use separate population- and instance-based network parts to isolate common and
patient-specific image features. For this purpose, a backbone MLP, whose parameters
are shared throughout the entire training set, and image-specific learnable priors are
used, serving as conditioning inputs for the MLP. More specifically, the proposed INR
Jo = (f3eeom, f,°®) with learnable parameters 6 consists of six linear layers of size 128 that
use wavelet activation functions (WIRE, cf. activation function (2.6)), followed by two
separate output heads, both consisting of a single linear layer. The first output head
predicts the OCT image intensities (f5°°") whereas the second outputs the segmentation
labels of twelve retinal layers (f;™). The reconstruction head uses sigmoid activation,
whereas the segmentation head uses a softmax activation.

Despite an INR’s capability to represent data at arbitrary resolutions, it can only
derive the information that lies between the coordinates used for training from the
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samples that lie at those coordinates. The OCT images alone are, therefore, not sufficient
to represent small structures, e.g. blood vessels, that are not captured by the sparsely
sampled B-scans. To enable the INR to integrate inter-slice information, it is proposed
here to use multimodal data, where the additional imaging modality serves to provide
guidance about the presence and the exact location of structures in between B-scans. As
a first proof of concept, the scanning laser ophthalmoscopy (SLO) modality is used, which
is routinely acquired alongside the OCT images in Heidelberg Engineering Spectralis
scanners. The proposed INR receives three inputs: A spatial coordinate (x,y,z) € R3
representing a position in OCT;, the OCT image of patient 7, the patient-specific latent
prior p;, € RY and the intensity of the corresponding SLO image SLO; at en-face position
(z,2) € R?. The relationship between the intensities and localization in OCT and SLO
images is depicted in Fig. 7.1. The length L of the latent prior is set to 128 empirically.
For each training step, the image coordinates (z, vy, z) of an entire B-scan are used, and
the loss function is calculated via

L= [Lrecon(f5*"(,y.2,SLO;(, 2),p,), OCT;(,y, 2)) (7.1)

+a£59g( Qseg(xa Y, z, SLO%(-ra Z)apz')> SZGT(:B7 Y, Z)) + 5£reg(pi)]

for training images i = 1,...,n. Here, OCT;(x,y, 2) and ST (x, y, 2) are the ground truth
intensity value and segmentation label of the respective OCT image at position (z,y, 2).
The reconstruction 1oss Lyecon uses a combination of MSE and SSIM loss (cf. Sec. 2.3)
and is calculated as Liecon = Lumsg + 0.1 - Lssivi. The binary cross entropy loss is used
for the segmentation loss Lg,. Additionally, a regularization term Lo = > ., ||ps]|2 is
used that favors small values in the latent priors. The weighting parameters are set to
a=L£=0.2.

After training, the INR is fit to a new patient by keeping the network parameters
fixed and learning a new latent code p, ;. While the intensity values of the new image
are known, there are typically no segmentation labels given for this image. The latent
prior is adapted based on the following reduced loss function

£ = Z Lrecon( ;econ(x, Y, z, SLOn+1 ('1'7 Z)apn+1)7 OCTnJrl(xv Y, 2)) + B'Creg(pn—i-l)a
(z.y.,2)

(7.2)
which has been shown to provide meaningful segmentation predictions in [Stolt-Ansé
et al., 2023] for cardiac MR images.

The architecture of the proposed INR, as well as the multimodal inputs and the
principle of the population-based training and instance-wise optimization for inference,
are shown in Fig. 7.1. The backbone MLP (highlighted in blue) uses residual connections
between hidden layers and to further improve focus on the network inputs, the spatial
coordinates combined with the SLO information are passed to each of these layers. The
MLP and the latent priors of the training images are adapted for 1500 epochs, using
Adam optimization, an initial learning rate of le-4 and an exponential learning rate
decay with factor 0.99 in each epoch. The adjustment of latent priors for test images
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Figure 7.1: The architecture of the generalizable INR for OCT interpolation and retinal
layer segmentation. On the left, the relationship between the SLO and the OCT image
is shown. Red lines on the SLO image indicate the positions of the OCT B-scans. The
position marked with a green cross in the SLO corresponds to the A-scan highlighted
with a green dotted line in the OCT. Input to the INR are patient-specific latent priors,
3D coordinates in the OCT image and SLO intensities at the respective en-face positions.
Output are the OCT reconstruction and segmentation. During training, the network and
the latent priors are adapted, whereas at inference time, only the latent priors of the
new images are updated, as highlighted with snowflake and flame symbols.

is run for 200 iterations per image, again using Adam optimization, but with an initial
learning rate of le-3.

7.1.3 Experiments and Results

The proposed generalizable INR is trained on 80 OCT angiography images with manual
segmentations of retinal layers and corresponding SLO images from 40 volunteers of the
IMI dataset described in Sec. 2.4.1. After convergence, the framework is adapted to the
remaining 20 cases of the IMI dataset by freezing the backbone network and learning
new latent codes. All images are preprocessed by flattening at the Bruch’s membrane,
and cropping of B-scans to a size of 230x512 pixels, centered at the retina. Additionally,
images of right eyes are flipped, such that all images have the same orientation. To train
the network and to adapt the latent priors, only 16 B-scans are used per image. These
are sampled equidistantly from the entire depth of the images, resulting in inter-B-scan
distances even larger than in typical clinical settings. Evaluation is then performed on
the intermediate B-scans not seen for training or inference optimization.

For comparison, non-generalizable INRs, simple linear interpolation and a more so-
phisticated registration-based interpolation method [Ehrhardt et al., 2007] are used.
For linear interpolation, the segmentation labels are transferred to intermediate, i.e. the
interpolated, B-scan positions by performing linear interpolation of the segmentation
labels. The resulting continuous values are rounded to integers to receive segmentation
labels again. For the registration-based interpolation, the given segmentation labels are
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transferred with the deformation fields calculated on the OCT B-scans by using nearest
neighbor interpolation. The non-generalizable INRs (SingleINRs) are trained for each
OCT image individually using SIREN networks with three linear layers of size 512. Sine
activation functions are used here instead of wavelet activation functions, as SIREN per-
formed better than WIRE in the experiments conducted for this work. Both SingleINR
and GenINR are trained once with and once without the additional SLO input to be
able to quantify the benefit from the multimodal guidance.

Evaluation results are shown in Tabs. 7.1 and 7.2 for the interpolated B-scans of
the 80 training images, and for GenINR, the performance on the 20 test cases is also
reported. Since the other methods do not generalize to unseen images, they cannot be
applied to unlabeled test images. In Tab. 7.1, image similarity metrics MAE, PSNR,
SSIM and LPIPS are reported to assess the interpolation quality, whereas in Tab. 7.2,
segmentation results are given for the interpolated B-scans, evaluated by DSC, ASSD
and HD, averaged over all retinal layer classes (cf. Sec. 2.3 for definitions of the metrics).
Finally, as an upper bound for segmentation performance, an nnU-Net [Isensee et al.,
2021a] is trained on the same training data as the GenINR and its performance for the
test images is reported in Tab. 7.2.

Regarding interpolation performance, the proposed GenINR and GenINRgyo deliver
best results for three out of four image similarity metrics. Only for LPIPS, the general-
izable INRs underperform. Here, the linear and registration-based interpolation achieve
the best values, which might be attributed to the fact that simple interpolation hardly
changes the contrast and noise level, so that a visually similar impression is created.
Compared to that, the images produced by the GenINRs show an overly smooth ap-
pearance, since they lack the high-frequency components, as can be seen exemplarily in
Fig. 7.2.

The instance-based methods (linear, registration, SingleINR, SingleINRg,0), in turn,
are susceptible to interpolation artifacts. Especially in the foveal region, these methods

Table 7.1: OCT interpolation results for linear and registration-based interpolation, and
for INR-based methods. GenINR stands for the proposed generalizable INR, whereas
SingleINR indicates networks trained on individual images. The subscript SLO indicates
that the corresponding SLO image intensities have been used as additional input to
the INR. Results are reported for the interpolated B-scans on train and test images
separately. The best results are shown in bold font.

Method MAE [%] |  PSNRt  SSIM [%] +  LPIPS |
linear 502+ 055 21.7+05 397+56 0.12=+0.01
registration | 5.76 £ 0.55 22.0 £ 0.5 41.3 +£56 0.12 + 0.01
£ | SingleINR 6.65 £ 0.64 20.6+05 36.7£59 0.26=%0.02
Z | SingleINRgro | 942 £ 1.51 175+ 1.0 268 +£6.4 0.45 & 0.07
GenINR 524 + 051 226405 489 +57 0.53 + 0.03
GenINRsLo | 5.24 + 0.51 2264+ 0.5 489+ 57 0.52 + 0.03
+ | GenINR 6.04 + 0.57 21.4+05 443+6.0 0.55=+0.03
S | CenINRgro | 6.08+ 059 21.4+ 0.5 442+ 6.0 0.54 + 0.03
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Figure 7.2: Representative OCT interpolation results using linear and registration-
based interpolation, SingleINR and GenINR with and without additional SLO input.
For each example, two input layers are shown in the top row as well as the original
B-scan, which lies in the middle between these two layers. The interpolation results are
shown in the two rows below. For examples from the center of the retina, the inner
limiting membrane is indicated with a green dashed line (left side), and for examples
from the border of the retina, vessel locations are indicated with arrows (right side). Blue
arrows mark vessel positions from B-scans used as input to the interpolation methods.
These vessels lead to interpolation artifacts for instance-based methods. Green arrows,
in turn, highlight the correct locations as seen on the original intermediate slice.

fail to produce a continuous shape (examples on the left in Fig. 7.2) and blood vessels
are mislocated since they are propagated from the known B-scans (examples on the right
in Fig. 7.2). In contrast, the population-based training enables the generalizable INR
to meaningfully continue the shape of the retina on the interpolated B-scans and, with
additional SLO information, it also manages to correctly position the blood vessels, as
can also be seen in Fig. 7.2. Despite the visually better representation of blood vessels,
the quantitative results for GenINR and GenINRgro are almost the same. Unlike the
GenINR, the SingleINR does not profit from the additional SLO information. Since it is
adapted to single images, it highly overfits to the small amount of samples given during
training, which hinders the adaptability to intermediate image slices.

The segmentation results in Tab. 7.2 confirm the observation that the GenINRs in-
terpolate the retinal shape best, as they show the highest segmentation performance,
achieving an average DSC of 0.919 on the interpolated B-scans of the training images.
A qualitative segmentation example is shown in Fig. 7.3, highlighting the smoothness
of the retinal layer segmentations produced by the GenINRs. For test cases, an average
DSC of 0.865 can be observed, which still shows room for improvement compared to the
performance of the nnU-Net that receives an average DSC of 0.919 on the test images.
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Table 7.2: Segmentation performance for B-scans interpolated with linear and
registration-based interpolation, and INR-based methods. SingleINR indicates networks
adapted to individual images, whereas GenINR stands for generalizable INR. The INRs
are trained once with (SingleINRgr0, GenINRgr0) and once without (SingleINR, Gen-
INR) SLO guidance. Again, results are reported separately for train and test images
and best results are given in bold font.

Method DSC [%] + ASSD [pgm] ]  HD [um] |
linear 88.8 £ 1.1 9.3 £0.7 372 £33
registration 89.1 £ 1.2 7.5+ 0.8 39.2 +£ 44
'c% SingleINR 90.8 £ 1.1 7.7 £0.7 37.6 £ 3.6
£ | SingleINRsro | 83.6 &+ 5.3 18.7 £ 12.0 603.4 £+ 179.8
GenINR 919+ 1.0 7.0 £ 0.7 32.5 £ 3.7
GenINRgr0 919+ 1.0 7.0 £0.6 32.5 + 3.7
nnU-Net 91.9 £ 40 5.0+ 1.8 25.1 + 4.1
é GenINR 86.5 = 3.7 114 £ 2. 45.1 £4.9
- GenINRgro 86.2 £ 3.8 11.7 £ 2.2 454 + 5.0

However, nnU-Net is incapable of interpolation and, thus, receives the original interme-
diate B-scans as input for segmentation, which gives the method an advantage over the
others. Out of all considered methods, the GenINR is the only one capable of generating
dense OCT images, while being also able to provide segmentations for unseen cases.

7.1.4 Discussion

INRs offer a powerful tool to process highly anisotropic and sparse data, enabling their
representation at arbitrary resolutions. In this section, INRs have been proposed for the
joint representation, interpolation and segmentation of OCT images that are acquired
with large slice distances in clinical routine. It was shown that the population-trained
INR improves over instance-based interpolation methods in terms of shape matching
performance, and at the same time, is not prone to typical interpolation artifacts. As
a first proof of concept, the correct positioning of blood vessels in between B-scans was
enabled via the incorporation of additional SLO information.

The SLO integration was done by passing the SLO intensity at the respective en-face
position alongside the spatial coordinate to the INR. This approach easily allows the
integration of further imaging modalities, offering the possibility of correctly placing
pathologies in the interpolated B-scans that can otherwise only be precisely examined
in en-face images. For example, geographic atrophy, the advanced form of AMD, is well
observable on OCT, but its extension is typically measured with higher precision on
fundus autofluorescence images.

Visually, the OCT image representation of the GenINRs is biased to low frequencies,
which leads to small variations within retinal layers being smoothed and small blood
vessels in the center of the retina being missed. Here, further research into alternative
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Figure 7.3: Exemplar segmentation results for an interpolated B-scan. Interpolation
is performed with standard linear and registration-based interpolation, as well as INR-
based methods. For each method, the interpolation result is shown at the top and the
respective segmentation result at the bottom. The generalizable INRs deliver exception-
ally smooth segmentation results.

network architectures or input encodings needs to be done. It would also be desirable to
improve the performance for the test images, that still shows a gap to the results for the
training images. Yet, the proposed GenINR method is the only one of the considered
methods that is able to segment new images without given annotations. All other
interpolation methods require some of the B-scans to be segmented. This is achieved by
training on only 80 OCT and SLO images, for which a small number of 16 annotated
B-scans is used, indicating the usability of the proposed framework for small medical
datasets.

In summary, the presented method simultaneously allows the interpolation and seg-
mentation of retinal OCT images. Based on population-trained INRs, it is adaptable to
unseen images and resolution-agnostic. It can, thus, be used to provide dense OCT vol-
umes, enabling precise volumetric measurements. Furthermore, the proposed GenINR
manages to combine multimodal inputs with different resolutions, view points and spa-
tial dimensions, offering the possibility for 3D image analysis instead of the previously
often used 2D approaches.
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7.2 Joint Decomposition and Registration of
Pathological OCT Image Data

Image registration with INRs is a very young field of research but has shown promising
registration accuracy, while combining several advantages of both classical iterative and
DL-based registration algorithms. INR-based registration methods do not rely on large
training datasets, but can be applied directly to individual image pairs like classical
algorithms. At the same time, building on the automated differentiation techniques of
modern DL libraries, they allow the usage of very complex objective functions such as
CNN-based methods. Finally, INRs do not require densely sampled input images, but
can be applied to any resolution, allowing the alignment of images with different spatial
resolutions [Wolterink et al., 2022; Byra et al., 2023a].

However, in the case of medical images with pathologies, INRs face the same problems
as other registration approaches. Non-correspondences between patients, modalities or
time points can lead to registration errors, hindering the comparability of registered
images and reliable volume measurements. Additionally, for newly emerging pathologies,
the resulting deformation fields cannot reflect the actual movement caused by these
pathologies, as deformation alone cannot insert new structures.

To cope with severe appearance differences between images, ImpRegDec [Byra et al.,
2023b] proposes to use three INRs for a single image registration task, that produce the
deformation field and decompose the moving image into two parts, the support image
and the residual image. Support and residual image together are trained to reproduce
the moving image. In addition, the deformed support image is compared to the reference
image. As a result, the support contains those parts of the moving image that positively
influence the registration. Primarily, these are features that the moving and the fixed
image have in common [Byra et al., 2023b]. However, this approach has only been
applied to images showing no pathologies and offers only limited control over which
image parts are packed into the residual and which into the support image.

Inspired by ImpRegDec but closer to the idea of FluidRegNet, the CNN-based, pathol-
ogy-aware image registration from the previous chapter, this section proposes to use two
INRs for image registration. The first INR generates the registration deformation field
and the second produces an image, that, similar to FluidRegNet’s appearance offset map
and the residual image of ImpRegDec, contains the structures that differ between fixed
and moving images. An additional sparsity loss is introduced allowing better control
of the content of the residual image, that reflects the pathological deviations between
moving and fixed images. The proposed fluid registration INR (FRINR) is shown to
increase plausibility of the deformation fields compared to a deformation-only INR, and
to be usable for the unsupervised segmentation of non-correspondences caused by disease
progression.
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7.2.1 Related Literature

The first work using INRs for the representation of a transformation function for image
registration was IDIR [Wolterink et al., 2022]. The authors propose to use an INR to map
spatial coordinates to displacement vectors and train the network in an unsupervised
fashion based on image similarity and deformation regularization. The framework is
applied for the registration of 4D chest CT data and shown to surpass CNN-based
methods. Furthermore, the authors investigate ReLLU and sinusoidal activation functions
for their INR and find SIREN to perform best.

Byra et al. extend the investigation of different activation functions for brain MRI
registration [Byra et al., 2023a]. Again, SIREN is found to achieve best results. Further-
more, this work proposes a new cycle consistency loss function to promote diffeomorphic
deformations in INR-based image registration and explores the usage of INR ensem-
bles and cascades. The experiments indicate that the cascaded SIREN outperforms not
only a single SIREN but also CNN-based and classical image registration frameworks.
The same authors also proposed the previously mentioned ImpRegDec, which uses three
INRs for joint image registration and decomposition [Byra et al., 2023b]. The resulting
support and residual images are trained to contain those image features of the moving
image that positively and negatively influence the registration task. The authors show
improved registration performance compared to a registration-only INR, but apart from
comparing the support with the moving image, the method offers no way of controlling
which image parts are packed into the residual and which into the support image. In
inter-patient registration, this may cause anatomical structures that both images have
in common to be represented in the residual rather than in the support image. This, in
turn, might cause the resulting deformation field to be overly smooth and to only match
the global tissue shape instead of performing local displacements. Also, in longitudinal
registration, problems could arise if growing or newly occurring pathologies are displayed
excessively large in the support image (and are compensated in the residual), so that
volume adjustment with the deformation is no longer necessary.

Several works investigate how to speed up INR registration [Sideri-Lampretsa et al.,
2024; Tian et al., 2024a] and how to get (approximative) diffeomorphic displacements
[Han et al., 2023; Sideri-Lampretsa et al., 2024; Sun et al., 2024; Tian et al., 2024a; van
Harten et al., 2024]. SINR, for example, proposes to use only a subset of the images’
coordinates as input and to subsequently perform B-spline interpolation to receive a
dense deformation field [Sideri-Lampretsa et al., 2024]. This sparse coordinate sampling
not only speeds up the INR training but also reduces the number of foldings in the
deformation field.

Also based on B-splines is the method proposed in [Grofbrohmer et al., 2024], that
uses a generalizable INR to learn an implicit atlas image used for chest X-ray registration.
During training, the INR models the atlas by mapping spatial coordinates to intensity
values, which are compared to the respective patient images in the loss function. At the
same time, individual deformation parameters are learned for each patient in the training
set. These parameters are used to warp the input coordinates before passing them to
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the INR to enable patient-specific reconstructions. During inference, the atlas image is
generated by passing a regular identity grid to the INR. This work is one of the few that
apply INR registration for medical images with pathologies. Explicitly considering the
shape and appearance differences introduced by evolving pathologies in retinal diseases,
is the goal of FRINR, the INR-based registration method proposed below.

7.2.2 Methods

To enable the pathology-aware registration of retinal OCT images, this section proposes
a pairwise image registration solution based on INRs. FRINR uses two INR networks
for each pair of moving and fixed images. Both networks get the same image coordinates
as input to produce two separate outputs: The registration deformation field and the
so-called residual image. The goal is to generate a deformation field that matches the
anatomical features the moving and fixed images have in common, and a residual image
that contains the pathological differences between the images. To achieve this, it is
assumed that the fixed image F' : @ C [—1,1]*> — R can be represented as a combination
of the moving image M : €2 — R and the residual image R : 2 — R deformed with a
transformation ¢ : Q — R3 so that

F~(M+R)o. (7.3)

As first proposed by [Wolterink et al., 2022], the transformation p(x) = « + Az is
represented with an implicit deformation network that maps spatial coordinates x €
[—1,1]* to displacement vectors Az € R?® such that a coordinate x in F' corresponds
anatomically to the transformed coordinate ¢(x) in M.

The residual image is learned with a second implicit network that has the same net-
work architecture as the deformation network, except for the output layer that generates
grayscale values rather than displacement vectors. Both networks are trained simulta-
neously using loss function

EFRINR = 'CNCC(Fa Mo SO) + aﬁreg(gp) + B'CMSE(Fa (M + R) o SD) + ’yﬁsparse(R)a (74)

composed of the classical image registration objectives Lies(¢) and Lyncc(EF, M o ¢),
controlling the regularity of the deformation field ¢ and the image similarity between
fixed image F' and warped moving image M o ¢, as well as the two additional terms
Lyse(F, (M + R) o) and Lgyase(R) defining the appearance of the residual image. The
MSE loss ensures that the moving image, which has been modified with the residual
image, looks similar to the reference image after deformation, whereas the sparsity loss
favors small intensity values in the residual image. Analogously to the appearance offset
of FluidRegNet (cf. Chapter 6), the residual is, thus, encouraged to contain the most
dominant structural differences between fixed and moving images, which, in intra-patient
registration, are primarily due to disease progression.
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Figure 7.4: Overview of the proposed INR-based image registration method. Two
INRs are used to generate residual image and deformation field. Training is performed
by comparing the fixed image to the warped moving image and the warped combination
of moving and residual image. Furthermore, regularization of the deformation field is
used as well as sparsity of the residual image. Numbers below layers indicate the number
of output features of the respective layer.

More specifically, the loss components are defined as follows. A combination of local
(LNCC) and global normalized cross-correlation (NCC) is used as image similarity metric

Lnoo(F, Mog) = % > (NCC(F(@), (Moy)(x)) +LNCC(F(=), (Mop)(@)) ), (7.5)

xe)

where n is the number of coordinates in the entire discretized image domain, i.e. the
number of voxels of the input images. The LNCC is calculated with a window size of
9x9x9 voxels. The center coordinates of the voxels serve as input to the INRs. The
deformation field regularizer consists of a penalty for negative values in the Jacobian
determinant |J,| and an L2 regularization of the deformation’s gradient V:

L) = 5 3 (1= @)l + AV (7.6)

xe

Based on the choice of loss functions in [Byra et al., 2023b], the image similarity between
the fixed image and the deformed combination of moving and residual images is evaluated
with the MSE loss function

Lusn(F, (M + R) o) = = 3™ (F(@) — (M + B) o) (@) (7.7)
Finally, the sparsity loss is given by
Loure ) = -3 (R(@)) (7.8)
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For INR training and evaluation, the longitudinal CSCR dataset (cf. Sec. 2.4.1) is
used. Image registration pairs consist of two OCT volumes from subsequent visits of
the same patient. Only the manually segmented images with a B-scan resolution of
496 x 512 voxels are used here, resulting in 138 image volume pairs, which are registered
using the proposed INR approach. The input OCT images are preprocessed with a
flattening at the Bruch’s membrane, and a cropping to a B-scan size of 256 x 496 to
remove confounding background. Additionally, each B-scan is downsampled to a size of
128 x 248 and the images’ intensities are scaled to [—1, 1].

The weighting parameters «, 3, v and A are selected empirically based on previous
works and set to a = 25, § = 100, v = 200 and A = 0.01. The deformation and residual
networks are both SIREN networks with five FC hidden layers of size 256. Fourier
encoding with six frequencies is applied to the input coordinates, which are passed to
the input layer of the networks and additionally also concatenated with the output of
the second hidden layer. A detailed overview of the network architectures is given in
Fig. 7.4. The network weights are initialized as proposed in the original SIREN paper
[Sitzmann et al., 2020], except for the last layer of the deformation network, whose
weights are randomly initialized from a uniform distribution in [-0.0001,0.0001]. This
initialization ensures small deformations at the beginning of the training. Both networks
are trained simultaneously with AdamW optimization, an initial learning rate of le-4
and an exponential learning rate scheduler with a decay rate of 0.99. Network training is
performed for 1000 epochs, whereby one epoch corresponds to a run through all B-scans
of the input images. In each training step, all coordinates of one B-scan are sent through
the networks simultaneously.

7.2.3 Experiments and Results

In this section, first the image registration accuracy of FRINR and the plausibility of
the resulting deformation fields are evaluated. Subsequently, unsupervised pathology
segmentation is performed using the residual images generated by FRINR. In Tab. 7.3,
OCT image registration results are given for FRINR and compared to a registration-only
INR that is trained with loss function (7.4) except for the sparsity loss term, using the
same weighting parameters, and calculating the MSE loss for fixed and warped moving
images, since no residual is given for this method. Furthermore, results are reported for
ImpRegDec as well as ANTs SyN [Avants et al., 2008] and FluidRegNet [Andresen et al.,
2024], both investigated in the previous chapter (cf. Tab. 6.1). Registration accuracy and
the plausibility of the resulting deformation fields are evaluated as before by measuring
the ASSD and HD of the ILM, the average percentage of voxels with negative Jacobian
and the volume change in pathology and non-pathology tissue regions. The settings used
for ANTs SyN and FluidRegNet are the same as in the previous chapter, but results
have been re-calculated on the cropped images used to train the INR-based methods.
For comparison to ImpRegDec [Byra et al., 2023b], the code provided by the authors
has been extended to 3D and adapted to grayscale images.
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Table 7.3: Image registration results for ANTs SyN, FluidRegNet (FRN), INR-based
image registration, ImpRegDec (IRD) and the proposed FRINR. The Jacobian deter-
minant of the deformation field is calculated analytically for the INR-based methods,
whereas discretized approximations have to be used for SyN and FRN.
Method | ASSDILM | HDILM |  [J,|<0[%] 4  [1=|[Jgllearny & 1= Joltwia T
Before 16.13 (25.05) 40.91 (59.97) _

SyN 5.80 (10.86) 17.64 (40.26) 0.3860 (0.7952)  0.1327 (0.0684)  0.4614 (0.2123)
FRN 8.64 (17.26)  24.37 (44.63) 0.0386 (0.0995) 0.0889 (0.0561) 0.9826 (0.7796)
INR Reg. | 5.02 (2.14) 1243 (7.62)  0.6492 (0.7201)  0.0853 (0.1176)  0.5793 (0.6505)
IRD 577 (8.51)  14.82 (24.40)  0.3762 (0.4029)  0.0670 (0.0930)  0.5044 (0.5066)

FRINR | 4.95(2.09) 12.33 (8.73) 0.5665 (0.6285) 0.0602 (0.1043)  0.4902 (0.5649)

The results show that all INR-based methods outperform both the DL-based Flu-
idRegNet and the classical iterative algorithm ANTs SyN in terms of ILM alignment.
In particular, the INRs manage to map the ILM for the seldom extreme cases of the
dataset, for which the other methods often fail, as indicated by the much lower stan-
dard deviation. FRINR achieves the best ILM alignment with an average ASSD of
4.95+2.09 um, compared to 5.80 %+ 10.86 pum for ANTs SyN, 8.64 +17.26 um for Fluid-
RegNet, 5.02+2.14 pm for the registration-only INR and 5.77+8.51 pum for ImpRegDec.
Two exemplary registration results for a large dissolving or forming SRF are shown in
Fig. 7.5 (b) and (c) for ImpRegDec and FRINR. A known problem of image registration
with INRs, however, is the increased tendency to introduce foldings into the deformation
field. This can also be observed in the results here, where the INRs show an increased
number of voxels with negative Jacobian.

Pathological fluids in the retina displace the surrounding tissue, but typically do not
introduce strong volume changes of the tissue itself. Instead, the retinal layers show
severe changes in the shape and location caused by the accumulating fluid, while the
volume of the pathology may change drastically from one visit to the next. A plausible
deformation should, therefore, produce stronger volume changes in the pathological re-
gions than in the surrounding tissue. All INR-based methods manage to generate such
deformations fields, introducing the largest volume changes in pathological image areas
while keeping them comparably small in healthy tissue regions. In this respect, both
ImpRegDec and FRINR manage to produce more realistic deformation fields compared
to the registration-only method using a deformation INR and no additional intensity
network. The average deviation from a unit Jacobian in healthy tissue regions is 0.0670
for ImpRegDec and 0.0602 for FRINR, compared to 0.0853 for the registration-only INR.
The mean deviation in pathological areas is 6.8 times higher for the registration-only
method, 7.5 times higher for ImpRegDec and 8.1 times higher for FRINR. The decom-
position into common and discriminative features, as it is done in FRINR by modeling
the fixed image as a combination of moving and residual image, thus, helps to improve
registration performance and deformation plausibility.

Compared to ImpRegDec, FRINR shows a higher registration accuracy. This may
partially be attributed to a suboptimal choice of weighting parameters in the loss func-
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ImpRegDec FRINR

(M +R) o

(d) Example of a stable case

Figure 7.5: Image decomposition and registration results of ImpRegDec and FRINR.
Shown are the moving image M and the fixed image F'. For ImpRegDec, the residual
image R and the support image S are depicted, as well as the registration results M o ¢
and S o ¢. For FRINR, the residual image R and the combination of moving and
residual image are shown. Also, registration results M o ¢ and (M + R) o ¢ are given.
The combination of residual and support images in ImpRegDec leads to an unclear
separation of the tissue structures and incomplete deformations. The proposed residual-
only approach, FRINR, provides more consistent results, with the residuals primarily
containing the changing pathologies, allowing for more plausible registration results.

tion for ImpRegDec, since the settings originally proposed by the authors were used
without further fine-tuning. However, the qualitative results in Fig. 7.5 show that the
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combination of support and residual image used in [Byra et al., 2023b] oftentimes intro-
duces unwanted behavior. A strong local optimum in ImpRegDec is the generation of
either empty residual or empty support images (Subfig. (a)). Subfig. (b), in turn, shows
an example of a dissolving fluid that is not fully compensated for with the deformation
field. Instead, tissue is omitted in the support image and inserted into the residual. The
third example (Subfig. (c) shows a new pathology that appears in the support image,
causing the deformation in this area to be incomplete. In contrast, FRINR manages
to produce consistent and meaningful results for all cases, showing that the proposed
method offers a better control of the appearance of the residual image in longitudinal
registration applications. Consequently, the more meaningful residual enables a better
alignment of the ILM, explaining the higher registration accuracy of FRINR.

For the unsupervised segmentation of newly developed pathologies, the intensities
given in the residual image are analyzed, similar to the experiment performed in Sec. 6.3.2
analyzing the usage of FluidRegNet’s appearance offsets for pathology segmentation.
New fluids are segmented with

S={xeQ|R(e(x))<Tr}, (7.9)

where the threshold 7z has been found via grid search and is set to -0.15. Like this,
fluids are defined as image areas whose intensities have been darkened by the residual
image. The deformation field extends these areas of changed intensities to the size
observed in the fixed reference image, allowing direct comparison of § and the ground
truth segmentation of new fluids in the fixed image. The generation of the ground truth
segmentation is described in Sec. 4.3.1.2.

It was also analyzed to use a combination of image areas with low values in the residual
and image areas with large volume increase, as done for FluidRegNet, but this resulted
in reduced performance for FRINR. The unsupervised fluid detection and segmenta-
tion performances of FRINR are reported in Tab. 7.4 and compared to FluidRegNet
and NCR-Net, the image registration and non-correspondence segmentation network
proposed in Chapter 4.

Table 7.4: New fluids detection and segmentation results for three different registration
frameworks, all proposed in this thesis: NCR-Net (NCR), FluidRegNet (FRN) and
FRINR. For NCR and FRN, these are the same results as reported in Tab. 6.2. For
each method, the number of correctly identified B-scans containing new fluid (sens™s,
denoted as sens for brevity) and the DSC averaged over all B-scans that are detected
as containing new fluids is reported (DSCyge, denoted as DSC for brevity, given in %).
Additionally, the number npp and volume Vpp (in pixels) of generated false positive
fluids is reported.
All fluids IRF SRF PED
Method sensT DSC?T nppl Vepl | sensT DSCT| senst DSCT|sens?T DSC7*T
NCR 213/293 45.79  2.07 335.25 | 29/37 47.77 | 174/212 57.44 |19/60 40.60
FRN 222/293 59.49 1.09 91.48 | 34/37 55.95 |179/212 66.57 | 18/60 50.95
FRINR | 214/293 51.57 4.57 27642 | 36/37 5547 | 169/212 62.53 | 19/60 43.69
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SFRINR
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Figure 7.6: Three new fluid segmentation results of FRINR. New fluids are found based
on thresholding of the warped residual image. For each registration pair, the moving
and fixed images are shown, as well as the combination of moving and residual image
before and after deformation. Additionally, the analytic Jacobian determinant of the
deformation field, the warped residual and the ground-truth and predicted segmentation
of new pathologies are shown. The ground truth segmentation borders are additionally
overlaid onto the predicted segmentation (green for SRF and red for IRF). Small false
positive fluids are marked with arrows.

Compared to the CNN-based methods, FRINR provides a slightly reduced detection
rate for SRF, but performs comparable for PED and best for IRF, for which it misses
only one B-scan. The detected fluids are segmented with an average DSC of 0.5547
for IRF, 0.6253 for SRF and 0.4369 for PED, a performance between that of NCR-
Net and FluidRegNet. Despite performing on individual examples, FRINR successfully
manages to decompose the moving and fixed images into common and discriminative
features, with the residual containing primarily the changes caused by disease progres-
sion. However, as is to be expected, this adaptation for individual images also leads to
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a higher susceptibility to false positive results compared to FluidRegNet and NCR-Net,
that are both trained on large datasets. These false positive results can be caused by
non-correspondences between moving and fixed images, which are not introduced by
disease progression. This might include differing brightness, imaging artifacts, noise or
incomplete alignment of the ILM, as can exemplarily be seen in Fig. 7.6. Here, three
examples of new fluid segmentation results with FRINR are shown. Also, it can be seen
that the false positive fluids produced for these examples are small (highlighted with
arrows), indicating that additional post-processing of the segmentations could improve
results. For a fair comparison to the other methods, it was decided to use the same
processing as for NCR-Net and FluidRegNet, which consists of a masking to the retina
and a removal of lesions smaller than four voxels.

7.2.4 Discussion

This section proposed a fluid-aware INR-based image registration method (FRINR),
designed to allow the integration of developing pathologies into the registration with
INRs. FRINR uses two separate INRs to generate the deformation field as well as the
residual image, that is trained to contain structural differences between moving and fixed
images. INR training is done in an unsupervised manner, based on image similarity of
fixed and moving images and deformation field regularization. The registration task
is supported by a second image similarity loss term that compares the fixed image
with the deformed combination of moving and residual image. The residual image
is, thus, encouraged to compensate for intensity differences between moving and fixed
images. Together with an additional sparsity loss term, the residual image is effectively
manipulated to primarily contain the main structural differences between the images to
be registered. This allows the unsupervised segmentation of new pathologies, as shown
exemplarily for IRF, SRF and PED.

The INR-based methods analyzed in this section all manage to outperform both ANTs
SyN and FluidRegNet in terms of ILM alignment, as they are able to also align the upper
retina border for cases with extreme changes between time points. Compared to an image
registration INR that does not use a residual image, FRINR showed a higher registration
accuracy and a reduced number of foldings in the deformation fields. In addition, the
deformation fields were shown to introduce large volume changes in pathological regions
while keeping the volume change small for healthy tissue.

INR registration is known to introduce more foldings than CNN-based or classical
algorithms. Here, further improvement might be achieved using (approximately) dif-
feomorphic INRs, such as the methods presented in [Han et al., 2023; Sun et al., 2024;
Tian et al., 2024a; van Harten et al., 2024]. The usage of generalizable INRs for the pro-
posed registration method could also help to reduce the number of foldings. In addition,
the population-based training of generalizable INRs could remove redundancies in the
optimization processes and speed up adaptation for new cases. Finally, a generalizable
INR might reduce the susceptibility to non-pathological differences of the images in the
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proposed unsupervised segmentation of new fluids. Furthermore, the initial positioning
of pathologies in the residual images is not anatomically grounded, but appears to be
done in such a way that the deformations applied to draw the pathologies to the size
of the fluids in the reference image are as small as possible (cf. Fig. 7.5 (a) and (c)).
An interesting field for further research would be to exploit prior anatomical knowledge
about the localization of pathologies such as SRF, IRF or PED into the optimization
process. Physics-informed neural networks [Rodrigues, 2024; Zhang et al., 2025] could
be a way of incorporating this knowledge.

To summarize this section, the proposed FRINR manages to perform fluid-aware longi-
tudinal registration of 3D OCT images, similar to the previously proposed FluidRegNet.
The INR-based method enables the registration of severely changed retinae, surpassing
even the classical registration method ANTs SyN, while generating plausible deforma-
tion fields. The generated residual images can be used to detect and segment newly
developed pathologies and might, thus, be used for automatic disease progression evalu-
ation. FRINR requires no large training dataset but can directly be applied to any two
images to be registered. Additionally, it is trained in an unsupervised manner without
requiring pathology annotations, so it can be used in scenarios with scarce data and
without medical expert knowledge.
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Chapter 8

Summary and Outlook

Deep learning has revolutionized the image processing field, achieving or even surpassing
human performance for many tasks [Kolbinger et al., 2023; Ma et al., 2024]. However,
data scarcity remains a major challenge for both the development and the evaluation
of deep learning-based methods for medical image analysis. Especially for longitudinal
medical image data, annotations are difficult to get since expert knowledge is required to
perform the segmentation on multiple 3D image volumes. In addition, many of the pub-
licly available pre-trained networks and foundation models are not directly applicable
to pathological data, as most of them were trained on healthy images. The goal of this
work, therefore, was the development of deep learning-based algorithms for the autom-
atized analysis of medical time series image data while minimizing the need for manual
annotations for training. Another aim of this work was to improve image registration by
automatically detecting changes between time points and by incorporating pathologies
into the registration process to produce more realistic deformations. These goals were
achieved with the solutions presented in Chapters 3 to 7. While Chapter 3 uses cluster-
ing to segment pathologies in individual images, the methods presented in Chapters 4
to 7 use image registration to jointly analyze images from different time points. The
proposed networks are able to simultaneously learn to spatially align the input images,
to segment non-correspondences between them (Chapter 4), to model the appearance
of new lesions (Chapter 5) and to integrate new pathologies in the deformation process
(Chapters 6 and 7).

After giving the methodological background of the proposed algorithms in Chapter 2,
Chapter 3 focuses on the reduction of required annotated training samples. Contrastive
invariant information clustering is proposed for the segmentation of pathologies in OCT
images, relying on no or only a few annotated examples. For the comparably obvi-
ous wound pathologies analyzed in the first part of the chapter, the applied clustering
loss function suffices to separate healthy from pathological tissue. Fully unsupervised
training was not successful for the segmentation of photoreceptor atrophy considered
in the second part of the chapter. This behavior can be explained on the one hand
by the subtle appearance of photoreceptor pathologies and on the other hand by the
many, far more obvious and confounding pathologies (SRF, IRF, PED) on the images.
Still, the contrastive IIC allows the network to be trained partially supervised, and,
thus, to exploit the information contained in the unannotated images. Using the same
small number of annotated images, the proposed partially supervised approach achieves
a substantially improved detection of atrophy regions compared to a fully supervised
classification network featuring the same architecture as the IIC network.

NCR-Net, proposed in Chapter 4, is trained by masking outliers in the image distance
measure and by enforcing the masked areas to be small and smoothly bordered. With
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appropriately weighted loss components, this masking procedure prevents unwanted be-
havior that is otherwise frequently observed in the registration of pathology images.
Instead of performing implausible deformations to compensate for the intensities ob-
served in the pathologies, NCR-Net produces consistent deformation fields even within
the pathologies. Although the resulting non-correspondence maps do not exclusively
show pathologies, but all kinds of differences between the images, they are sharply de-
lineated and can be used to segment pathologies with simple post-processing methods
such as the region growing used here. To do so, the training of NCR-Net does not
require any pathology annotations, instead only segmentations of the entire displayed
organs were used. It was also shown that the performance hardly deteriorates if no
annotations are used at all.

In Chapter 5, NCR-Net is extended for the segmentation of new multiple sclerosis
lesions in FLAIR MR images. Here, new lesions are not only segmented, but also their
appearance is estimated as offset from the baseline image. ANCR-Net is pre-trained in a
self-supervised manner using artificial deformations and synthetically introduced lesions.
The small size and seldomness of MS lesions necessitates a supervised fine-tuning of
the network. The MSSEG-2 training data contains 232 new MS lesions in 32 images,
which still is a very limited number of training samples. Compared to other supervised
methods, ANCR-Net achieves a reduced bias towards under- or oversensitivity. ANCR-
Net, thus, provides a reliable estimate of real new lesion load and showed robust against
several imaging artifacts typically observed in MR imaging.

Chapter 6 addresses the problem of retinal OCT registration, where severe shape and
appearance differences are regularly observed between subsequent examinations. Fluid-
RegNet matches such images by estimating a sparse appearance offset, that reflects
the onset of fluid formation, and deforming the altered baseline image to the follow-up
reference space. This results in realistic deformation fields with strong volume changes in
pathological image regions, displacing the surrounding unaffected tissue. In combination
with the appearance offset maps, the fluid-aware deformation fields are successfully
used to segment newly emerging pathologies and shown to provide visual guidance of
improving and deteriorating eye regions. In the second part of the chapter, FRN-Ano
is proposed as a direct extension of FluidRegNet. FRN-Ano performs inter-patient
registration between healthy and pathological images. Since no fluids are present in the
healthy images, each fluid observed in the reference images can be considered “new”
and segmented by analyzing the areas of volume and appearance changes. The resulting
anomaly detection is shown to surpass other anomaly detection methods in terms of
delineation accuracy, while showing a reduced detection sensitivity. In addition to fluid
segmentation, FRN-Ano is used to detect more subtle photoreceptor abnormalities and
in combination with the atrophy segmentation from Chapter 3, a reliable separation of
normal and abnormal PEZ areas is achieved.

In the first part of Chapter 7, implicit neural representations are used to interpolate
and segment retinal OCT images, which are typically acquired with large slice distances.
The INR combines two image modalities, with the SLO showing a top view of the retina
and the OCT showing cross-sections. The SLO integration enables the depiction of blood
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vessels at the correct locations, information that cannot be inferred from the neighboring
OCT B-scans. Furthermore, the population-based training allows adapting the trained
INR to unseen samples based on the reconstruction error only. A segmentation of new
images is, thus, possible, which is exemplarily shown to be exceptionally smooth. Flu-
idRegNet and FRN-Ano are based on the assumption that retinal pathologies manifest
with darker intensities compared to the surrounding tissue. No such assumption is made
for the INR-based registration proposed in the second part of Chapter 7. Rather, the
images are decomposed into automatically learned common and discriminative features,
which are represented in the residual images. To segment IRF, SRF and PED, threshold-
ing is performed on the resulting residual images, again assuming a dark appearance of
pathologies. The residual, however, also contains bright appearance differences, and can,
therefore, potentially also be used to detect further pathologies such as hyper-reflective
foci. Furthermore, the deformation fields generated by FRINR manage to align the ILM
well, even for extremely distorted retinae. At the same time, the deformation fields
introduce small volume changes in normal tissue and larger ones in pathological regions,
which is consistent with the assumption that developing fluids primarily displace the
retinal layers.

In summary, the proposed methods offer several solutions for the longitudinal compar-
ison and analysis of medical images. Without the need for manual segmentations, change
detection is enabled, as well as the segmentation of (new) pathologies. The registration
procedures deliver more consistent and more realistic deformation fields than previous
approaches, reflecting the actual behavior of pathologies that deform and displace the
surrounding tissue.

While the evaluations in this thesis concentrate on the segmentation of pathologies,
a problem often observed with medical datasets is that the images are annotated either
for pathologies or for anatomy. However, for further analysis of the images, it may
be useful to have both annotations. In the case of retinal images, for example, one
might be interested in the retinal layers in which the fluids occur. Since FRN-Ano was
trained for the registration of healthy to pathological images, it is possible to transfer
layer segmentations of healthy images onto the pathology cases, as shown exemplarily
in Fig. 8.1. The depicted images are fully annotated for pathological fluids and retinal
layers. None of these labels were used for network training, despite annotations of the
outer borders of the retina. The proposed methods, thus, pave the way for the transfer
of labels, e.g. via atlas-based segmentation, which is usually hindered by the presence
of pathologies in medical images.

Despite the advancements achieved, several further research questions arise. The most
obvious one probably is how to further improve the accuracy of unsupervised segmen-
tation, which has already been significantly advanced in this work, but still lags behind
supervised methods. Recently, huge advancements have been made in general purpose
(segmentation) networks. Foundation models are trained on vast amounts of data, often
using partial or self-supervision, to achieve models that are able to extract rich features
from a large variety of data sources. These models serve as an exceptional starting point
for the fine-tuning to domain-specific tasks. Using foundation models for image regis-
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Annotated OCT

OCT Transferred layer segm. Anomaly score

—

OCT Transferred layer segm.

Anomaly score Annotated OCT

Figure 8.1: Two examples of OCT B-scans annotated with FRN-Ano for both anatom-
ical and pathological labels. The segmentations of the retinal layers are transferred from
healthy images by applying the deformations predicted by FluidRegNet to the respective
segmentation masks and combining them with STAPLE [Warfield et al., 2004]. Pathol-
ogy segmentations are generated by thresholding the anomaly scores derived from the
deformation field’s Jacobian and the inpainted pathologies.

tration, e.g. [Tian et al., 2024b; Demir et al., 2024], to train the proposed CNNs might
help improve performance. However, most foundation models do not work directly for
pathological data because they were trained on healthy images and, in addition, the
network architectures would have to be adapted to the one of the foundation model.
The CNN-based methods still struggle with very large deformations, which might be
caused by the scarcity of extreme cases in the training data. Apart from the usage of
larger, potentially artificially generated, datasets, additional research in better suited
network architectures would be desirable. CNNs have a rather small and local receptive
field, hindering the detection of long-range dependencies. Transformer networks use self-
attention to find correlations between image patches, resulting in global receptive fields,
and have shown to increase registration performance [Dosovitskiy et al., 2021]. Using
a transformer architecture as backbone model for the presented methods would be an
interesting extension. Also, instance optimization or iterative registration could help to
achieve better alignment for the seldom extreme cases. Since the INR-based methods
analyzed in Chapter 7 proved to be suitable for such large deformations, these methods
could also provide a tool for further processing and improvement of the CNN results.
Significant progress has been achieved regarding the plausibility of the deformation
fields. However, further research is necessary to confirm their realism. To do so, a more
frequent imaging of the eyes would be necessary to capture the formation of fluids over
several time points. Here, new low-cost OCT systems for home use open up a lot of
possibilities, e.g. [Sudkamp et al., 2016; Dahrouj and Miller, 2021; Mathai et al., 2022].
The patients are enabled to perform the imaging themselves without having to consult a
physician, which makes more frequent, even daily, examinations possible. In the future,
this will facilitate the close monitoring of dynamic eye diseases such as AMD or CSCR,
enabling examinations of the processes involved in fluid manifestation. Finally, the
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tuning of hyperparameters is a decisive component for successful and realistic DL-based
registration, as is also the case with classic procedures. A self-configuring variant of the
presented algorithms would be desirable here, similar to nnU-Net [Isensee et al., 2021b]
or ConvexAdam [Siebert et al., 2024].

In conclusion, the present work proposed several methods that enable the automatic
analysis of longitudinal medical image data. From single image clustering to registration
approaches that enable change detection, the proposed algorithms are characterized by
the ability to segment pathologies in an unsupervised manner and an increasing realism
of the generated deformations. This allows the exact localization of altered tissue and,
thus, a precise examination of the course of the considered diseases, without requiring
manual pathology annotations.
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Appendix
A1l CSCR Dataset Characteristics

In this section, the CSCR dataset used in Chapters 3, 6 and 7 is described in detail. The
dataset is partially annotated for PEZ pathologies and/or fluid accumulations. Tab. A1l
lists the patients who were segmented for PEZ pathologies, indicating the number of
images available per eye (#L and #R), the number of segmented images (#Spgz), the
pathologies observed (Patho.), the follow-up time (FUT), and for which network train-
ings the patients’ images were used. In Tab. A2, the patients segmented for fluids are
listed, again giving the number of (segmented) images per eye, the observed pathologies,
the follow-up time and the methods the images were used for. Finally, in Tab. A3, for
patients without given annotations, the number of available OCT images, the follow-up
times and an indication whether the images were used for the training of IIC and Flu-
idRegNet are given. Patients 35, 36, 104, 106 and 122 were segmented for both PEZ
and fluid pathologies and, thus, are listed twice. Follow-up times are given in months.

Table A1l: Part 1 of the longitudinal CSCR dataset. For patients listed here, manual
segmentations of the PEZ are available. For each patient, the number of available OCT
images, the number of segmented OCT images and the observed pathologies are given
per eye (1: Inconsistent PEZ, 2: Non-localizable PEZ, 3: Atrophy and - indicates no
pathology). Also, the follow-up time is given, and it is indicated whether the patient’s
images were used for the training of the atrophy segmentation network in Sec. 3.4 (IIC),
FluidRegNet in Chapter 6 (FRN), and FRN-Ano in Sec. 6.4.

ID | #L  #Sprz Patho. | #R  #Spgz Patho. | FUT | IIC FRN FRN-Ano
001 | 14 5 1,2 | 14 3 - 65
002 | 2 2 § 2 2 1,2 1
003 | 11 11 1,2 | 11 11 1,2 69

004 | 5 5 1,2 5 5 1,2 13
005 | 9 8 1,2,3] 9 9 . 2% | v
006 | 22 1 2,3 | 22 1 1,2,3 | 69

007 | 1 1 § 1 1 1,2 0
013 | 3 1 1,2 3 1 - 11
014 | 1 1 - 1 1 1 0
015 | 5 1 . 5 1 1,2,3| 13 | v
016 | 1 1 1,2 1 1 1,3 0
017 | 3 1 1,2,3| 3 1 1 18
018 | 1 1 1 1 1 - 0
019 | 1 1 - 1 1 1,2 0
020 | 24 1 1,2 | 24 1 1,3 94 | v
021 | 6 1 § 6 1 1,2 58
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A1l CSCR Dataset Characteristics

122 | 6 1 1,23 7 0 n/1 90 | v
124 | 22 0 nja | 22 1 1,2,3 | 121 | v

Table A2: Part 2 of the longitudinal CSCR dataset. For patients listed here, fluid
segmentations are given. For each patient, the number of available OCT images, the
number of segmented OCT images and the observed pathologies are given per eye (4:
IRF, 5: SRF, 6: PED and - indicates no pathology). Also, the follow-up time is given,
and it is indicated whether the patient’s images were used for the training of the atrophy
segmentation network in Sec. 3.4 (IIC), FluidRegNet in Chapter 6 (FRN), and FRN-Ano
in Sec. 6.4.

ID | #L #Spua  Patho. | #R  #Spua  Patho. | FUT | IIC FRN FRN-Ano
008 | 8 8 2, 6 8 8 95, 6 31 v v
009 | 1 0 n/a 1 1 5 0 v
035 | 12 8 2, 6 10 6 - 143 | v v v
036 | 4 4 - 4 4 - 68 v v
057 | 2 2 - 2 2 5 91 v v v
082 | 5 ) 2, 6 5 5 - 72 v v
083 | 5 ) 2, 6 3 3 4,5,6 | 40 v v v
088 | 8 8 - 8 8 5 27 v v
094 | 8 8 5 8 8 - 24 v v
097 | 4 4 2, 6 4 4 5, 6 30 v v
100 | 4 4 - 4 4 6 o8 v v
101 0 0 n/a 1 1 - 0 v

104 | 12 3 ) 12 2 5 7 v v v
106 | 11 10 4,5,6 | 10 10 4,5,6 | 126 v
116 | 6 6 2, 6 6 6 5 77 v v
121 7 ) - 7 3 4,5,6 | 135 | Vv v v
122 6 6 ) 7 6 - 90 v

123 | 3 3 - 3 3 5,6 75 v v v
125 | 11 10 5, 6 11 9 5, 6 129 v v
126 | 4 4 2, 6 4 4 6 18 v v
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Table A3: Part 3 of the longitudinal CSCR dataset. For patients listed here, no manual
segmentations are available. For each patient, the number of available OCT images is
given per eye. Also, it is indicated whether the patient’s images were used for the training
of the atrophy segmentation network in Sec. 3.4 (IIC) and FluidRegNet in Chapter 6

(FRN).

ID | #L #R FUT 1IC FRN || ID | #L #R FUT I1IC FRN
010 5 5 38 077 1 1 0

011 | 11 11 50 078 6 6 13

012 2 2 47 v 079 1 1 0

025 5 5 14 00| 3 3 3

044 | 4 4 60 081 9 8 31

047 | 15 18 158 v v |[084| 6 6 27 v
056 | 2 2 9 085 | 13 13 42

058 7 6 14 089 2 2 3 v
059 2 2 9 090 | 34 35 119

060 1 1 0 092 4 4 7

062 1 1 0 093] 5 6 33 v
063 2 2 113 v Joss| 1 1 0

065 4 4 10 103| 10 10 163

066 | 1 1 0 105 10 10 40 v
067 | 12 12 61 107 | 31 31 164

068 | 5 5 12 108 | 10 10 114 v
069 1 1 0 110 | 21 20 168

71| 7 7 15 11| 12 12 53

072 1 1 0 14| 4 4 7

073 2 2 3 15| 3 3 72 v
074 1 1 0 19| 2 2 2 v
075 3 2 6 1200 3 3 8 v
076 | 5 5 16
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A2 Additional Implementation Details

A2 Additional Implementation Details

In this section, three figures are given showing the exact architectures of networks used
additionally to the main methods of the respective chapters. Fig. A3 illustrates the
combination of NCR-Net and U-Net for new MS lesion segmentation. This method
served as competitive method to ANCR-Net in Sec. 5.3.1. Fig. A3 shows the U-Net for
retina segmentation used in Section 3.4, and Fig A4 shows the U-Net which is used for
SRF segmentation in Sec. 6.4.3.

321681

ﬂ 3x3 conv., BN, ReLU — Maximum pooling
55 Down-/upsampled feature maps — Trilinear interpolation
@ 1x1 conv., ReLU — Concatenation

@ 1x1 conv.

' Exponentiation

Figure A2: The proposed pipeline to use NCR-Net for new MS lesion detection and
segmentation. First, NCR-Net is trained in a fully unsupervised manner. The registra-
tion results and non-correspondence maps are then used as inputs for a U-Net which is
trained supervised. For NCR-Net, the outputs on the lower resolution levels have been
omitted for better visualization. The complete architecture, including also the numbers
of feature maps, can be seen in Fig. 4.1. For the U-Net, all implementation details are
shown here, with the numbers below feature maps indicating the numbers of feature
maps of the respective convolutional layers.
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@ 1x1 conv., Softmax

Figure A3: U-Net used for retina segmentation in Chapter 3.4.

[ e— T

/| 128 128 64 64 48 4832 321681
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8 @ 1x1 conv., Sigmoid

Figure A4: U-Net used in Sec. 6.4.3 for the segmentation of subretinal fluid. The gen-
erated segmentations serve to post-process the anomaly maps generated by FluidRegNet
to refine them for PEZ pathology segmentation.
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A3 Additional FluidRegNet Anomaly Detection Results

A3 Additional FluidRegNet Anomaly Detection
Results

In this section, additional anomaly detection results are shown supplementing Chapter
6.4.2. Each image shows anomaly detection results for left and right eyes of one CSCR
patient (left eye on the left, right eye on the right). For each eye, the central OCT-B scans
of each visit and the corresponding manual segmentations are shown. The detection of
anomalies for FRN-Ano, NSA and f~AnoGAN is shown from top to bottom, first for the
central B-scans and then in the en-face plane. The color coding is scaled according to
the maximum amount of fluid per A-scan observed per eye in all examinations. In the
bottom row, the real and estimated fluid volumes are depicted.

OoCT OoCT ==
- vt [ I I I I I
FRN-Ano erv-ano- [ I I I I
NS e - - [ | =] -
FANOGAN — |~
Manual Hemel .'...n.
FRN-Ano FlnAne .......

=5 -+=- GT 73

E, 4 FRN E“

g3 -%- NSA 23 R

£ ~%- GAN 3, PN

2 *4»:::_:i: \\\\ ; e - ”/:’::// RN

g: o e T 1 E; gaEzseem I s e Ol >

3 4 5 6 7 8 1 2 3 4 5 6 8

Figure A5: Anomaly detection results for CSCR patient 8. For some time points, only
one eye was monitored or images had to be excluded due to low image quality. Same
numbers in the bottom plots indicate same visits.
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Figure A6: Anomaly detection results for CSCR patient 35. For some time points, only
one eye was monitored or images had to be excluded due to low image quality. Same
numbers in the bottom plots indicate same visits.
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Figure AT7: Anomaly detection results for CSCR patient 116.

!
X

- GT

FRN

- NSA
- GAN

OCT
Manual
FRN-Ano
NSA
f-AnoGAN

Manual

FRN-Ano

NSA

RRIL IR KNl
PN AR
I N

f-AnoGAN

b n s eppivg
N
RN Qoua

Fluid volume (mm?)
ok N W s W
X

While NSA and f-

AnoGAN are both susceptible to the high noise at visit 4 (left eye), FRN-Ano proves to
be stable against this form of imaging artefact.
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Figure A8: Anomaly detection results for CSCR patient 106. f-AnoGAN tends to
produce lots of false positives if the retina does not cover the entire width of the B-scans
(black border on the left side of the B-scans of the left eye).
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Figure A9: Anomaly detection results for CSCR patient 126. Very large fluids still
cause problems for FRN-Ano, as the strong deformation cannot yet be completely cov-
ered by the framework. The other methods also have difficulties with such extreme cases
(see visit 2 of the left eye and visit 7 of the right eye).
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