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Abstract

Artificial intelligence has evolved rapidly over time, becoming widely applied in the medical field
and enabling automated diagnosis of many diseases with high accuracy. However, despite these
advances, the deployment of such models in real clinical environments remains challenging due to
several problems, such as the presence of heterogeneity in the different clinical settings. Variations
in clinical protocols, imaging modalities, acquisition equipment and patient demographics intro-
duce discrepancies between training and target data distributions, which can lead to significant
performance degradation when models are deployed in data from unseen domains.

This dissertation addresses the problem of domain shift in medical imaging, focusing on the
detection of levator ani muscle avulsion using ultrasound data. Levator ani muscle (LAM) avulsion
is a common pelvic floor injury that occurs during vaginal delivery, which can significantly affect
women’s quality of life. The diagnosis of this injury is associated with the inherent variability of
ultrasound imaging, which is strongly dependent on the operator and the equipment used, and the
complex diagnosis process can lead to subjectivity depending on the clinician’s practice.

To address this challenge, a model capable of classifying LAM avulsion was first developed
by testing different architectures, augmentation strategies, and the effect of using a mask. Subse-
quently, several domain adaptation (DA) techniques were evaluated using data from two different
clinical institutions: UZ Leuven and Sydney Urodynamic Centres. The methods include feature
alignment approaches that use an explicit discrepancy metric (MMD, CORAL, CMD) or adversar-
ial training (DANN and CDAN). Additionally, image translation methods that operate at the pixel
level (histogram matching and Fourier domain adaptation) were employed, as well as pseudo-
labeling (FixMatch) and a test-time adaptation method (TENT).

The models demonstrated good performance in classifying LAM avulsion, achieving an AUC
of 0.9233 ± 0.0751 (Sydney) and 0.8051 ± 0.1476 (Leuven) using a ConvNeXtV2-atto architecture
with masking and augmentation. Furthermore, DA experiments consistently outperformed the
lower bound baseline across both clinical centers. On the Sydney dataset, the Global Histogram
Matching approach yielded the highest AUC mean gain (0.1117 ± 0.1386). Conversely, for the
Leuven dataset, CDAN was the only strategy to reach statistical significance (p< 0.05), effectively
reducing domain shift with a mean difference of 0.1577±0.0672.

Overall, this work demonstrates that all tested DA methods can improve model performance
if well-tuned, effectively reducing domain discrepancies, mitigating the impact of domain shift.
However, their efficiency is context-dependent, requiring extensive hyperparameter tuning.

Keywords: Artificial Intelligence, Medical Imaging, Levator Ani Muscle Avulsion, Ultra-
sound, Domain Adaptation, Domain Shift, Feature Alignment, Image Translation, Pseudo Label-
ing, Test-time Adaptation
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Resumo

A inteligência artificial tem evoluído rapidamente, sendo amplamente aplicada na área médica,
permitindo o diagnóstico automatizado de diversas doenças com elevada precisão. No entanto,
apesar destes avanços, a sua aplicação em ambientes clínicos apresenta várias dificuldades, como
a presença de heterogeneidade nos diferentes contextos clínicos. Variações nos protocolos clíni-
cos, modalidades de imagem, equipamento de aquisição e dados demográficos dos pacientes intro-
duzem discrepâncias entre as distribuições dos dados de treino e de teste, o que pode levar a uma
degradação significativa do desempenho quando os modelos são aplicados em dados de outros
contextos clínicos que o modelo não teve acesso durante o treino.

Esta dissertação aborda o problema da variação de domínio na área médica, focando-se na de-
teção da avulsão do músculo elevador do ânus (MEA) por ultrassom. Esta é uma lesão comum do
pavimento pélvico que ocorre durante o parto vaginal e que pode afetar significativamente a qual-
idade de vida das mulheres. O diagnóstico desta lesão está associado à variabilidade inerente da
ecografia, que é fortemente dependente do operador e do equipamento utilizado. Para além disto,
o processo de diagnóstico pode estar sujeito a subjetividade devido à sua elevada complexidade.

Para resolver este problema, foram treinados modelos capazes de classificar a avulsão do
MEA, testando diferentes arquiteturas, aplicação de transformações e uma máscara nos dados.
Subsequentemente, várias técnicas de adaptação de domínio (DA) foram avaliadas utilizando da-
dos de duas instituições clínicas diferentes: UZ Leuven e Centro Urodinâmico de Sydney. Os
métodos incluem abordagens de alinhamento de características que utilizam uma métrica de dis-
crepância explícita (MMD, CORAL, CMD) ou treino adversarial (DANN e CDAN). Adicional-
mente, foram aplicados métodos de harmonização da imagem que operam ao nível do pixel (al-
inhamento de histograma e adaptação no domínio de Fourier), bem como pseudo-rotulagem (Fix-
Match) e um método de adaptação que atua durante a inferência (TENT).

Os modelos obtiveram um bom desempenho na classificação da avulsão do MEA, alcançando
uma AUC de 0.9233 ± 0.0751 (Sydney) e 0.8051 ± 0.1476 (Leuven) utilizando a arquitetura
ConvNeXtV2-atto aplicando uma máscara e transformações nos dados. Além disso, as exper-
iências de DA superaram consistentemente a linha de base em ambos os centros clínicos. Nos
dados de Sydney, a abordagem de alinhamento de histograma obteve o maior ganho médio de
AUC (0.1117 ± 0.1386). Por outro lado, para os dados de Leuven, o CDAN foi a única estratégia
a atingir significância estatística (p < 0.05), reduzindo eficazmente a variação de domínio com
uma diferença média de 0.1577±0.0672.

Este trabalho demonstra que todos os métodos de DA testados podem melhorar o desempenho
dos modelos se bem parametrizados, reduzindo eficazmente as discrepâncias de domínio e mit-
igando o efeito da variação de domínio. Contudo, a sua eficiência é dependente do contexto,
exigindo uma extensa otimização de hiperparâmetros.

Palavras-chave: Inteligência Artificial, Imagiologia Médica, Avulsão do Músculo Elevador
do Ânus, Ultrassom, Adaptação de Domínio, Variação de Domínio, Alinhamento de Característi-
cas, Harmonização de Imagem, Pseudo-rotulagem, Adaptação em Tempo de Inferência
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UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs), defined in 2015, provide a compre-
hensive blueprint for achieving a stable, prosperous and sustainable future. These consist of 17
objectives that aim to mitigate critical global challenges, including, for example, health, educa-
tion, climate change, social inequality, and environmental degradation. These objectives require
a mutual effort from governments, promoting international collaboration to ensure a successful
transition period and the achievement of these targets by 2030 [1].

Scientific solutions should always be developed with a sense of responsibility, acknowledging
that any technological advancement may affect different social groups as well as the conditions
for future generations. Therefore, it is essential to rigorously evaluate potential negative con-
sequences. The SDGs serve as an orienting guide when developing technology, ensuring the
long-term sustainability.

This dissertation fits into an era of rapid technological transition, characterized by the expo-
nential growth of scientific knowledge and the integration of artificial intelligence (AI) into diverse
solutions. This dissertation implements AI methodologies aimed at addressing challenges in med-
ical imaging diagnosis, ensuring that the proposed solutions are more generalized and adaptable to
diverse clinical scenarios. This approach has the potential to enhance the efficiency of healthcare
systems while simultaneously increasing the accessibility, reliability and diagnostic accuracy of
the clinical diagnostic process on a global scale.

Consequently, this project contributes to a more sustainable future by directly contributing
to the improvement of global healthcare and reducing inequalities in the accessibility of health
services. Additionally, this work also contributes to scientific innovation, implementing solutions
that could also be applied in different sectors. This research is directly aligned with the following
Sustainable Development Goals (SDGs):

SDG 3 Ensure healthy lives and promote well-being for all at all ages.

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization, and fos-
ter innovation.
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SDG Target Contribution Performance Indicators and
Metrics

3
3.7 Ensure universal access to sexual

and reproductive health-care ser-
vices.

This project enhances diagnostic
accuracy in the detection of leva-
tor ani muscle avulsion, providing
clinicians with a robust and accurate
tool to support earlier diagnosis and
improve the standard of care for
pelvic floor injuries.

Indicator: 3.7.1 - Proportion of
women of reproductive age with
access to modern diagnostic and
family planning support.

Metrics:
- Performance of the AI models
in diagnosing this condition.
- Reduction in clinical assessment
time per case.

3.8 Achieve universal health coverage.

This project studies the impact
of implementing domain adaptation
methods to adapt the model to dif-
ferent clinical settings. A model
trained with high-quality data can
be deployed to diagnose the disease
in other centers or regions without
requiring significant additional re-
sources or data annotation.

Indicator: 3.8.1 - Coverage of
essential health services

Metrics:
- Number of clinical scenarios
covered.
- Reduction of the performance
degradation when using the
model in a different setting.

9 9.5 Enhance scientific research, up-
grade the technological capabilities.

This research fosters scientific
innovation by investigating various
domain adaptation methods and an-
alyzing their implementation details
within a medical context, thereby
contributing to the advancement of
AI in healthcare.

Indicator: 9.5.1 - Research and
development expenditure as a
proportion of GDP.

Metrics:
- Number of studies conducted to
improve the baseline classifica-
tion of the condition.
- Number of successfully im-
plemented domain adaptation
techniques.
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Chapter 1

Introduction

1.1 Background and motivation

Throughout the last years, artificial intelligence (AI) has undergone exponential evolution, rev-

olutionizing daily life across diverse fields. In healthcare, AI is widely applied in, for example,

treatment selection, interpretation of patient genomes, patient monitoring, drug discovery, aided

surgery, and disease diagnosis [2]. This integration of AI into healthcare streamlines clinical

workflows by automating routine tasks, such as generating medical reports and organizing docu-

mentation, thereby freeing up clinicians’ time for more complex patient care [3]. Moreover, AI

significantly improves disease diagnosis by increasing both efficiency and diagnostic accuracy [2].

This high diagnostic accuracy has been achieved through continuous scientific progress, which

has combined improvements in imaging modalities (e.g., acquisition of images with better reso-

lution and reduced noise) with advances in AI [4]. Advancements in this field are characterized

by the iterative refinement of architectures, aiming to overcome existing constraints and set new

benchmark performances. These advancements have improved the ability of automated systems

to identify subtle patterns in data, which has been successfully translated to the medical field to

enhance diagnostic performance [5].

However, despite these advances, the application of AI in healthcare involves several chal-

lenges that must be carefully considered. These include, for example, label imbalance, often

resulting from the low prevalence of diseases, data privacy concerns, and substantial data hetero-

geneity [6]. This data heterogeneity arises from multiple factors: different institutions employ

varying medical protocols and use different imaging equipment; there are differences in patient

demographics; and intra- and inter-operator variations occur in both image acquisition and diag-

nosis. All these factors contribute to significant variations across medical datasets [7, 8].

These challenges are particularly pronounced in medical ultrasound (US) imaging, a modality

where high operator dependency and hardware-specific discrepancies [9] amplify such variability

[9]. This is evident in the assessment of levator ani muscle (LAM) avulsion using US imaging,

a pelvic floor injury affecting 10–30% of women following a normal vaginal delivery, which sig-

nificantly impacts their quality of life [10]. The diagnostic process is inherently complex, often
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hindered by subjective interpretation [11], which frequently leads to variability in diagnosis.

This inherent variability across diverse clinical environments poses a significant challenge for

the deployment of AI models. They often exhibit substantial performance degradation when eval-

uated on data originating from distributions that differ from their training sets. This distribution

shift implies that a model optimized for a specific source domain may fail to maintain its predictive

performance upon deployment in a target institution, thereby limiting its clinical viability [7, 8].

For these reasons, it is crucial to ensure that AI models maintain consistent performance across

new clinical datasets and populations, with minimal time required for adaptation and without the

burden of new clinical labeling. Domain Adaptation (DA) methods [8] can be applied to the

models to reduce the discrepancies between the two domains, hence decreasing this performance

gap when applied to different settings. In this way, it is possible to use the information present in

an already annotated dataset to train a model that leverages that information, while adapting it to

achieve robust performance when deployed on a different dataset.

1.2 Objectives

Taking into account the previous challenges identified, this dissertation aims to investigate and

optimize DA techniques tailored to the specific context of LAM assessment across multiple cen-

ters. The research is mainly structured around two primary objectives: to develop a model for

the automated classification of LAM avulsion and analyse its performance decay when deployed

in a different clinical setting; and then to implement and evaluate DA methods that mitigate this

performance gap. The specific goals are outlined as follows:

• Develop a classification model for the automated detection of LAM avulsion that achieves
high diagnostic performance. Study the performance across different model architectures,

data augmentation strategies, and segmentation mask integration. Quantify the performance

decay observed when the model is deployed in a clinical setting with different patient de-

mographics and image acquisition equipment.

• Implementation of different DA methods to reduce the performance degradation. Eval-

uate the impact of applying DA methods across different methodological families, and anal-

yse the sensitivity of model performance to variations in their respective hyperparameters.

Identify and evaluate the most effective methods in reducing the domain discrepancies for

this specific clinical scenario.
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1.3 Dissertation Structure

Following this introductory chapter, the document is organized into the following chapters:

• Chapter 2 - Clinical background: Explains the anatomical and physiological implications

of LAM avulsion, the diagnostic imaging modalities involved, and the inherent variability

in its clinical assessment.

• Chapter 3 - State of the Art: Reviews the temporal evolution of image classification meth-

ods, transitioning into a detailed analysis of DA, exploring its taxonomy and the method-

ologies from the different families typically employed.

• Chapter 4 - Methodology: Describes the methodology implemented in this work, includ-

ing the experiments conducted to obtain a model able to classify LAM avulsion and the

implementation details of several DA methods used to mitigate the performance decay.

• Chapter 5 - Results and Discussion: Presents the results obtained for the baseline training,

showing the results for each of the experiments conducted, as well as the results of the

implemented DA methods, demonstrating the impact of each method’s parameters.

• Chapter 6 - Conclusion: Summarizes the main findings of this dissertation, discusses the

limitations of the current work, and proposes potential directions for future research.



Chapter 2

Clinical Background

Pelvic Floor Disorders affect millions of women worldwide [12] and include pelvic organ prolapse

(drop from their position), urinary and fecal incontinence, and sexual dysfunction. LAM avulsion

is a pelvic floor injury and is strongly associated with vaginal delivery, with a considerable impact

on women’s quality of life [13]. There are different imaging modalities that can be used to visually

diagnose this condition. This chapter will describe pelvic floor anatomy and the pathophysiology

of LAM avulsion, as well as the common imaging modalities that can be used for the diagnosis of

this injury. It also discusses the inter-operator variability of pelvic floor injury assessment, which

is strongly dependent on the clinician, image quality, and clinical practices [14].

2.1 Pelvic Floor Anatomy and Pathophysiology of Levator Ani
Muscle Avulsion

The pelvic floor is composed of various anatomical components, including ligaments, muscles,

fascia (connective tissue), and the pelvic organs (bladder, uterus, vagina, and rectum). These

muscles are essential for supporting the pelvic organs and maintaining normal pelvic function,

particularly through their role in bladder and bowel control [15].

Following DeLancey’s anatomical and functional model [16], pelvic floor support is organized

into a hierarchical system of suspension and fixation. Level I involves the upper third of the vagina

and the cervix, where suspensory ligaments anchor these structures to the pelvic walls. Level II

covers the mid-vagina, which is attached laterally to fascial structures. Level III comprises the

lower vagina, fused with surrounding tissues such as the perineal body and, critically, the LAM,

making it a level often directly implicated in childbirth-related injury. Figure 2.1 provides a more

detailed illustration of this anatomy [15].

4
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Figure 2.1: Anatomy of the pelvic floor muscles: a) inferior view of the pelvic diaphragm; b)
lateral view. Replicated from [15].

The LAM, composed of the pubococcygeus, puborectalis, and iliococcygeus muscles, forms

a muscular sling that maintains pelvic organ support, continence, and structural integrity of the

pelvic floor. During voiding and defecation, relaxation of the LAM allows the passage of urine

and stool [17]. During vaginal delivery, the LAM is subjected to extreme biomechanical stress

(mainly in the posterior-medial portion), achieving high circumferential stretch ratio, as the fetal

head descends through the birth canal [18]. This can lead to detachment of the LAM from its

insertion on the pubic bone, a condition known as LAM avulsion [19].

LAM avulsion can compromise a woman’s health and overall quality of life, often leading to

complex long-term physical and psychological problems. [20]. This condition is associated with

pelvic organ prolapse [21], frequently manifesting as hiatal ballooning which is the enlargement

of the levator hiatus area that facilitates the downward displacement of pelvic organs through

the vaginal canal. Additionally, LAM compromises the structural integrity of the pelvic floor,

affecting functional pelvic support that is related with an increased risk of urinary and fecal in-

continence [22]. These complications can substantially affect patients’ daily lives, with negative

consequences for their social, physical, and sexual well-being [23, 24].

2.2 Medical Imaging Modalities for Assessment

To diagnose LAM avulsion and to assess pelvic floor integrity and function, clinicians rely on

physical examination and medical imaging. One of the simplest methods involves vaginal pal-

pation, which has moderate validity and reproducibility but can be difficult to perform, requiring

extensive clinical training and being uncomfortable for the patient. With the advancement of med-

ical imaging, the diagnosis of LAM avulsion became more accurate [13].

Magnetic resonance imaging (MRI) was the first imaging modality used for the assessment of

LAM avulsion, due to its high spatial resolution and excellent anatomical detail, and is also widely

used to diagnose other conditions. However, MRI is an expensive modality, associated with high

equipment costs and longer acquisition times, extracting static images. For these reasons, US has
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become the gold standard for diagnosing LAM avulsion, offering a cost-effective, accessible, and

an easier modality that enables real-time dynamic imaging [13].

In US, LAM avulsion can be evaluated using either 3D transperineal ultrasound (TPUS) or

3D endovaginal ultrasound (EVUS). EVUS enables the extraction of detailed structural images

with higher spatial resolution, since high frequency probes can be placed nearby the target tissue,

allowing for a more precise evaluation even when the pelvic floor muscles are in a relaxed state.

However, this method is more invasive than TPUS, since the probe needs to be placed inside the

vaginal canal and is predominantly employed in static studies, as the probe can limit the natural

muscle contraction. TPUS has become the gold standard for the assessment of LAM avulsion,

due to its low cost, highly accessible, easy to use, allowing dynamic analysis (4D TPUS that is 3D

volumes acquired over time) and for being non-invasive (probe placed externally on the perineum).

Despite being of lower imaging resolution, there is a high diagnosis agreement of LAM avulsion

using MRI, EVUS and TPUS volumes [25, 26]. Figure 2.2 illustrates the two US techniques.

Figure 2.2: Schematic representation of pelvic floor US modalities: a) EVUS. Replicated from
[27]); b) TPUS. Replicated from [28]

The development of these imaging modalities has provided a more robust and efficient work-

flow for LAM assessment. Clinicians frequently assess LAM avulsion by identifying asymmetry

in the levator hiatus and discontinuities at the site of muscle insertion, which can lead to greater

variability in the diagnosis. Therefore, a more precise and reproducible way to evaluate LAM

avulsion is important to define [29].

Dietz et al. [19] introduced a key protocol for diagnosing LAM avulsion using TPUS imag-

ing. After extracting the volumes, the plane of minimal hiatal dimensions (i.e., shortest distance

between LAM and symphysis pubis) is located, as represented in Figure 2.3 a. From this plane,

Tomographic Ultrasound Imaging (TUI) (Figure 2.3 b) extracts equidistant parallel slices with the

plane in the centre (intervals of 2.5 mm, from 5 mm caudal to 12.5 mm cranial), from which the

slices at the reference plane, 2.5 mm, and 5 mm above it are the most important for evaluation. In

these slices, clinicians measure the levator urethra gap (LUG) that is defined as the minimum gap

between the urethral center and the pelvic sidewall insertion of the most medial component of the

LAM. A LUG above 2.5 cm means the presence of LAM avulsion.
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Figure 2.3: Image acquisition and processing for LAM avulsion assessment: a) Representation of
the extraction of the minimal dimension hiatus plane. Adapted from [30]; b) Grid of US slices
obtained via TUI. Replicated from [31].

LAM avulsion can be further divided taking into account the severity and the side of the de-

formation. If all the three central slices present a LUG above the threshold, the injury is classified

as complete avulsion. Conversely, an increased LUG is detected in only one or two of these three

central slices constitutes a partial avulsion. In terms of the side of the injury, LAM avulsion can

be considered bilateral (both sides) or unilateral (left or right). The clinical relevance of partial

avulsions remains uncertain, as research indicates that they show limited association with pelvic

floor dysfunction and that their diagnosis may be susceptible to image acquisition artifacts [32].

Figure 2.4 illustrates LUG measurements in a normal (a) and a complete avulsion case (b).

Figure 2.4: Measurement of the LUG on TUI. The images show the three central TUI slices used
for determination of the LUG in a normal patient (a) and in a patient with unilateral avulsion (b).
The patient’s right side is shown on the left in all images, as if the pelvic floor was seen from
below. Two of the left-hand measurements (25.4 mm and 25.6 mm for center and right images,
respectively) are borderline abnormal. Replicated from [32].
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2.3 Variability Across Clinical Settings

Despite the existence of a standardized protocol for the assessment of LAM avulsion, it remains

subject to considerable variability across clinical settings. This is largely attributed to operator-

dependent factors, particularly the difficulty in identifying the pubovisceral muscle insertion to

measure the LUG, which often leads to limited inter and intra observer reliability. Additionally,

many clinicians also assess LAM avulsion by analysing the asymmetry of the levator, depending

on the measurement of the LUG only in dubious cases, leading to variability. In borderline cases,

partial avulsion may be misclassified as an intact case due to differences in anatomical interpre-

tation [11]. Image acquisition also plays a crucial role, as variations in the type of probe and US

scanner used, in the pressure applied to the skin, and the contraction state of the muscle during the

acquisition process can lead to relevant differences in the appearance of the levator hiatus, as well

as impacting the overall quality of the image (e.g., contrast, field of view, resolution, noise) [9].

Consequently, the combination of low-quality images, inter-hospital variability, and the tech-

nical challenge of accurately localizing the muscle insertion leads to a complex diagnosis process,

increasing the risk of misdiagnosis. Additionally, this manual assessment is a time-consuming

process that places a heavy burden on clinical workflows. Therefore, given the recent advance-

ments in AI, automating the imaging process is a logical step, allowing for an optimization of

the diagnostic workflow, as well as facilitating a process that is severely affected by this inherent

variability.

However, this variability remains a major challenge for the development of robust AI solu-

tions, as models often suffer from performance degradation when faced with data from different

settings. Simply automating the assessment of LAM avulsion is insufficient if models remain

fragile to variations in acquisition protocols and hardware. To ensure reliable LAM avulsion clas-

sification across clinical environments, leveraging DA techniques that are able to guide the training

process is essential, enabling the model to maintain robust performance when deployed in differ-

ent clinical sites. For these reasons, the following chapter presents a bibliographic review of DA,

with particular focus on its application to medical image analysis that can be used to improve the

performance of AI models when exposed to diverse clinical settings.



Chapter 3

Bibliographic Review

This chapter presents the current state of the art in DA for medical imaging. Firstly, the temporal

evolution of AI in classification tasks is described, specifically within medical imaging, introduc-

ing the different networks developed along with their advantages and limitations. Subsequently,

the need and growth of DA methods are discussed, followed by a taxonomy of the problem. An

analysis of different method types and their underlying principles is included, with a detailed focus

on unsupervised methods, which are divided into several subcategories. Finally, a summary of the

chapter is provided, reflecting on future prospects and important current areas of research.

3.1 Evolution of Classification Methods in Image Analysis

The need for automated medical image analysis has long been recognized in the biomedical field,

with various strategies developed to improve the accuracy and precision of diagnostic methods.

Within medical image analysis, image classification serves as the fundamental task of assigning

a specific clinical label (e.g., pathological/healthy) to an entire image based on its visual content.

Traditional methods, for instance, relied on morphological operations, binarization, watershed,

and region growing to isolate objects of interest and, subsequently, through heuristic rules and

manual feature design, the final classification was performed. However, these techniques were

highly dependent on human intervention and lacked the capacity to capture complex patterns [33].

The introduction of machine learning (ML) had a major impact on the area of image analysis

by enabling algorithms to learn from data rather than relying on explicitly defined rules, allowing a

better adaptation to a specific problem. The models use manually extracted features as inputs (e.g.,

texture, shape, intensity, etc.), which allow discrimination between different classes [34]. Super-

vised learning methods [35], such as Support Vector Machines, Random Forests, Naive Bayes

classifiers, and k-Nearest Neighbors, aimed to find optimal decision boundaries between classes

using labeled data. On the other hand, unsupervised learning techniques [36], including k-means

clustering, Gaussian Mixture Models, and hierarchical clustering, were used to group similar im-

ages in classes without requiring annotated data, which came with a trade-off of diagnosis quality

[37]. Despite the advances and the vast application in different areas of ML, these techniques still

9
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had problems, such as the dependence of the models in the process of extracting good and rep-

resentative features and the impossibility to capture very complex patterns and detect subtle data

variations inherent to medical imaging [38].

With the rise of ML, a subfield known as Deep Learning emerged, which led to the ability

for automated performance on complex tasks. In the area of image analysis, convolutional neural

networks (CNNs) [39] became the most used architectures, as they allowed for high-level feature

extraction of images. This network was based on convolutional operations that use adaptable filters

as shown in Figure 3.1. These filters capture important local features, such as edges and textures,

and using convolutional operations it is possible to aggregate them into more complex features

that are relevant for the classification of the images [40]. However, to perform complex tasks

like medical image analysis, the size of the network increases substantially, which significantly

increases the risk of overfitting and often leads to decreased performance on new data [41].

Figure 3.1: Typical architecture of a CNN. The input passes through convolutional and pooling
layers to extract relevant features, producing a final label after the fully connected layer. Replicated
from [42].

ResNet (2015) [43] was a major breakthrough in image analysis, surpassing almost every

state-of-the-art result at the time. This network aims to solve the problem that exists in just scaling

up the depth of the network, causing a degradation problem in which accuracy just gets saturated

and starts decreasing and also the famous vanishing/exploding gradient problem, where gradients

become extremely small or excessively large during backpropagation. It employs residual con-

nections that help learn the necessary modifications to the input to produce accurate predictions.

These connections allow an easier flow of the gradient through the network during backpropaga-

tion, enabling the training of much deeper networks and improving overall performance.

Despite the advances introduced by ResNets, there were more efficient means of learning

than relying on shortcut connections to mitigate gradient degradation. DenseNet [44] addressed

this limitation by implementing a densely connected architecture, in which each layer directly

receives the feature maps extracted from all previous layers using feature concatenation as it is
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possible to verify in Figure 3.2. This strategy facilitates an enhanced flow of information and

gradient propagation throughout the network, and promotes feature reuse, substantially reducing

the amount of redundant information, and simultaneously decreasing the number of parameters

used.

Figure 3.2: Overview of a DenseNet with three dense blocks, illustrating the feature reuse mech-
anism across layers within each block. The layers between two adjacent blocks are referred to as
transition layers and change feature-map sizes via convolution and pooling. Adapted from [44].

EfficientNet was proposed by Tan & Le (2019) [45] as a family of CNNs that achieve state-of-

the-art performance while being smaller and faster in inference. Before EfficientNet, scaling up

CNNs to improve accuracy, was typically done by trial and error, increasing network depth, width,

or input resolution, often leading to inefficient models with a large number of parameters, which

comes at a high computational cost. EfficientNet addresses this limitation through its compound

scaling method, which systematically balances these three dimensions - depth, width, and reso-

lution - using carefully determined coefficients derived from a grid search on a baseline network

(EfficientNet-B0).

Vision Transformers (ViTs) [46] were presented in the literature in 2020 after the massive

success of Transformers in Natural Language Processing [47]. These architectures are based on

attention mechanisms, which provide the model with a better long-term/global understanding of

the image features. Unlike traditional CNNs, ViTs do not rely on local receptive fields but learn

long-range dependencies across the entire image, making them particularly effective for captur-

ing global context as presented in Figure 3.3. However, they generally require large amounts of

training data or pretraining to achieve competitive performance compared to CNNs.

In subsequent years, Liu et al. (2022) [48] introduced the ConvNeXt, which is inspired by the

ViT architecture. This network replaces Batch Normalization with Layer Normalization to miti-

gate potential performance degradation [49], incorporates a smoother activation function Gaussian

Error Linear Unit instead of Rectified Linear Unit and bigger kernel sizes. In the next year, Con-

vNeXtV2 [50] was developed to even achieve better results, as shown in Figure 3.4 incorporating

masked autoencoders [51] and Global Response Normalization (GRN) that enhances the network’s

ability to capture global context. In this way, it was possible to develop an architecture that com-

bines the simplicity of the traditional CNNs with the ability to have a more global understanding

of ViTs.



Bibliographic Review 12

Figure 3.3: Schematic representation of the ViT. The images are divided into small patches associ-
ated with a position embedding so the spatial information is not lost and then are passed through a
transformer encoder that allows the extraction of relevant features taking into account the relations
between patches which are then fed through the decoder to solve the target task. Replicated from
[46].

Figure 3.4: Comparison between ConvNeXt V1 and V2 a) ImageNet top-1 accuracy of ConvNeXt
and ConvNeXtv2. The ConvNeXtV2 model performs significantly better than the previous version
across a wide range of model sizes. b) Differences in the building block of ConvNeXt V1 and
ConvNeXt V2. It is possible to see the inclusion of GRN leading to the removal of LayerScale as
it became redundant. Adapted from [50].

Despite these advancements, several challenges remain to be addressed in the field of med-

ical image analysis. These include, for instance, the typical class imbalance caused by the low

prevalence of diseases [52], data privacy concerns [53] and data heterogeneity [7] across settings.

Data heterogeneity occurs because different hospitals employ varying acquisition protocols,

utilize distinct equipment, different image modalities and patient populations have unique demo-

graphic distributions that impact disease prevalence and anatomical details. Consequently, due to

this data heterogeneity, models trained on a specific dataset often show a significant drop in per-

formance when applied to different settings [7]. For instance, a model trained to classify a disease
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in CT (computed tomography) data will fail to effectively extract relevant features when applied

to MRI data. This decrease in performance would require the training of new models for each

clinical setting, which would be unfeasible, not only due to the time-consuming data collection

and annotation requiring specialized clinical expertise but also because of the extensive regulatory

demands. Therefore, there is a substantial advantage in developing methods that allow a model to

be easily adapted to a new dataset, maintaining good performance [54].

3.2 Domain Adaptation

As previously discussed, medical image analysis is inherently characterized by high heterogeneity,

arising from factors such as variations in acquisition protocols, imaging equipment, and patient de-

mographics. This variability leads to what is commonly referred to as domain shift, a phenomenon

where the characteristics of the training environment (source domain) differ from those of the de-

ployment environment (target domain). These differences lead to difficulties in extracting relevant

features for the intended task, resulting in a lack of robustness and a decrease in model perfor-

mance [7].

To address this issue, many DA methods have been developed in recent years, aiming to im-

prove model performance in a target domain by leveraging knowledge from a labeled source do-

main. This differs from Domain Generalization, where the primary objective is to learn domain-

agnostic representations that ensure robustness across unseen domains, without requiring access

to target domain data during the training phase [7]. Figure 3.5 illustrates an exponential growth in

the number of articles addressing DA in medical image analysis.

Figure 3.5: Number of articles published on domain adaptation in medical imaging according to
Scopus [55] between 2015 and 2025 using as key words domain adaptation and medical image,
illustrating the growth of research in this area over time.
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3.2.1 Taxonomy of Domain Adaptation Problem

As discussed in the previous section, ML models frequently encounter a significant degradation in

performance when applied to data that differs statistically from the training set. To mitigate this

domain shift, DA techniques can be employed to adjust the models, maintaining the performance

across different settings and bridging the gap between distinct data domains.

Formally, the domain shift problem can be described as the scenario where there is a source

domain S = {(xS
i ,y

S
i )}

ns
i=1, where xS

i represents source samples and yS
i their corresponding labels,

and a target domain T = {(xT
j ,y

T
j )}

nt
j=1. Both domains are defined over the same input and output

spaces but follow different data distributions, such that PS(X ,Y ) ̸= PT (X ,Y ). The objective of DA

methods is to reduce the discrepancy in model performance when tested on the target domain T ,

by adapting the model using a subset of n samples from the target domain during training, where

D′
T ⊆ DT = {(xT

j ,y
T
j )}

nt
j=1 [56].

The literature presents several ways to categorize the domain shift problem, often leading to

different taxonomies. However, well-established surveys focusing on medical image analysis [7,

8, 56] typically structure the problem around a main set of categories. Figure 3.6 presents this

taxonomy, classifying the problem according to the availability of target domain data, the settings

of the source and target domains, the nature of the domain shift, and the specific adaptation method

used.

Figure 3.6: Taxonomy of the DA problem, categorized by the availability of labeled data in the
target domain, the settings for the source and target domains, and the type of domain shift.

According to the availability of target domain labels, the techniques are referred to as super-

vised domain adaptation (SDA) when the labels of the full target domain, D′
T = {(xT

j ,y
T
j )}

nt
j=1, are

used together with the target data to correct the distributional shift, therefore making the adapta-

tion task easier. If the target labels have low quality, are redundant or only a subset of the target

domain is used, the methods are classified as semi-supervised domain adaptation (SSDA). In un-

supervised domain adaptation (UDA), the models do not have access to the labels of the target

domain images, D′
T = {(xT

j )}
n′t
j=1, which represents the most challenging scenario for DA [8].

In terms of the settings for the source domain, ML algorithms can have access to a single

source domain (M = 1) during training, which makes the learning of invariant features that can

generalize to a different target domain more difficult due to lower data diversity [57], or have



3.2 Domain Adaptation 15

access to multiple source domains (M > 1), allowing a better understanding of which features

remain constant across domains, thus facilitating the task of DA [58].

Regarding the target domain, the literature identifies three different settings. Cross-site DA

refers to the scenario where datasets are collected from different institutions, which may have, for

example, variations in the equipment used [59]. Cross-sequence DA can be further divided into

cross-temporal [60], when data is obtained at different phases of treatment, and cross-protocol

[61], where differences arise due to variations in image acquisition protocols (e.g., different pa-

rameters or T1 vs. T2 MRI images). Finally, when DA focuses on creating models that can easily

adapt across different image modalities, such as when the source domain consists of CT images

and the target domain is MRI images, it is referred to as cross-modal DA [62].

Irrespective of the type of domain shifts, three different situations can be defined. When a

certain disease has a substantially different incidence rate in the source domain (PS(Y )) compared

to the target domain (PT (Y )), this represents a case of prior shift [63], also known as a class

imbalance problem, where PS(Y ) ̸=PT (Y ), but the conditional probabilities remain constant, PS(X |
Y ) = PT (X | Y ). If the relationship between the data and the output differs across domains, there

is a concept shift [64], where PS(Y | X) ̸= PT (Y | X), which normally occurs in cross-modality

settings, for example, when features in CT images have a different meaning than in MRI images.

Finally, when the meaning of the features remains constant across domains, there is a covariate

shift [65], where PS(X) ̸= PT (X), normally caused by variations in the machines and environment,

but PS(Y | X) = PT (Y | X). The different types of shifts are represented graphically in Figure 3.7.

Figure 3.7: Illustration of the three kinds of domain shifts in which Domain 1 represents the source
domain and Domain 2 represents the target domain. While Covariate Shift (a) and Prior Shift (b)
maintain the original decision boundary despite changes in data distribution or class balance, with
Concept Shift (c) there is a change in the classification rule. Replicated from [66].

While the classical taxonomy in Figure 3.6 covers the main aspects of domain shift, other

research directions have emerged to address distinct deployment constraints, such as differences

in the label space of the source and target domains. Partial DA corresponds to the scenario where

the target label space is a subset of the source label space, existing source labels that should not

be considered since they do not exist in the target domain. On the other hand, Open Set DA deals

with the existence of unknown classes in the target domain. Ultimately, Universal DA has emerged
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to deal with all these differences in labels without any prior knowledge of the category overlap,

requiring the model to classify known classes correctly while rejecting samples from unknown

categories, which represents one of the most useful scenarios, identifying new pathologies in the

clinical setting [67].

Another important area of research is Continual or Lifelong DA, which consists of the ability

of the models to accumulate knowledge from various domains across time without degrading past

performance, ensuring a dynamic learning environment, preserving past information. This is par-

ticularly important in clinical practice because data is always changing due to demographic shifts,

development of more advanced equipment, variations in disease prevalence, and other factors.

The primary obstacle in this setting is catastrophic forgetting, where the model, during the adap-

tation process, starts losing all the previous knowledge, highlighting the need for more effective

strategies than those currently available [68].

Furthermore, focusing on the strict privacy requirements inherent in clinical settings, Source-

Free DA has emerged as a critical research area, operating without access to source data, relying

solely on pre-trained models, and adapting them using unlabeled target data [69].

3.2.2 State of the Art of Methods

This section provides a comprehensive review of several well-known methods of DA in the liter-

ature that can be applied across various domains, including medical image analysis. To provide

a structured and cohesive overview, the methods are divided based on target domain availability.

This allows a clear division of the methods, specifying in which scenarios they can be applied,

according to the label availability. This taxonomy is also motivated by the fact that other clas-

sification criteria, for example those based on specific target domain settings, often result in a

significant overlap of techniques. Consequently, the following discussion is divided into SDA and

SSDA, where a subset of target labeled data is accessible, and UDA, which addresses the sce-

nario in which there is no access to target domain labeled data, representing a more challenging

problem.

3.2.2.1 Supervised and Semi-Supervised Methods

In certain scenarios, it is possible that the target domain contains a set of annotated data, which

facilitates the adaptation of a model initially trained on the larger source domain. SDA leverages

these labeled target samples to improve the model’s performance on the target domain, typically

by fine-tuning the previous model with the new samples or jointly optimizing on both source and

target labeled data, and reducing the discrepancy between the domains.

Fine-tuning is the most typical approach in SDA and consists of using the pre-trained weights

of a model trained on a similar dataset and adjusting them using the samples from the new target

domain. Depending on the differences between the source and target domains, different fine-

tuning strategies can be implemented, taking into account that the initial layers of a CNN generally

capture generic low-level features, while deeper layers learn more task-specific representations
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[70]. In this way, depending on the dataset similarity, strategies can involve freezing all layers

and substituting the original fully connected layers (classification head, for instance) with a new

trainable layer, fine-tune only the top layers or even gradually unfreezing all the layers for a more

stable adaptation [71].

Supervised Discrepancy Minimization is a technique of SDA that aims to reduce the discrep-

ancy between the domains, taking into account the labels of the data, whose objective is not only

to align the representations of the features across domains, but also to align them in terms of the

label. This means that samples with the same label from different domains should be similar in the

feature space, allowing a good performance in the main task. This can be achieved by minimizing

discrepancy metrics between samples with the same label, and adding that factor in the global loss

function, as in the work by Chacon et al. (2018) [72] where a two-stream U-Net architecture was

employed for DA. In this work, one stream processes source samples while the other handles target

samples, utilizing correlation alignment and Maximum Mean Discrepancy (MMD) as regulariza-

tion terms to align the two domains. Other works also explore the use of a triplet loss function to

further enforce that samples with the same label across domains are closer in the feature space,

while samples with different labels remain separated [73].

In terms of SSDA methods, they can be divided into three main categories. Cases where

there is only access to a portion of the labels of the target domain are referred to as incomplete

supervision. This is the most common type, and the techniques previously described in supervised

learning can be used here, although this approach must account for the fact that the amount of

data of the target domain is often significantly lower in comparison to the source domain. Other

techniques such as pseudo-labeling (PL) [74] or consistency regularization [75] can also be used.

Inexact supervision happens when there is only access to coarse-grained labels, meaning the labels

are more generic and unspecific (e.g., ’animal’ instead of ’dog’), and therefore, the intended task

is more difficult to perform. Methods commonly rely on Multiple Instance Learning [76] to infer

the precise details from the coarse labels. The last type is inaccurate supervision, which represents

one of the most difficult scenarios since the labels can be erroneous, leading to noise propagation

and hindering model’s convergence. The methods use robust loss functions [77] to minimize the

influence of erroneous labels and apply label correction mechanisms to fix the noisy annotations

[56].

3.2.2.2 Unsupervised Methods

The acquisition of high-quality labeled data can be extremely expensive and time-consuming,

often requiring the involvement of skilled professionals. This challenge is particularly pronounced

in medical image analysis, where obtaining high-quality labels depends on well-organized hospital

or clinical systems, and the participation of health experts can be difficult to coordinate. To address

this issue, many techniques have been developed in recent years to improve DA without relying on

target domain labels. The following subsections describe the main families of UDA methods and

their underlying principles. In Figure 3.8, an overview of the different UDA methods is presented.
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Figure 3.8: Taxonomy of UDA methods, categorized by their underlying alignment and adaptation
strategies.

Feature Alignment

In UDA, feature alignment methods aim to reduce the domain shift between the source and target

domain by aligning their representation in the feature domain, encouraging the model to extract

domain-invariant features, learning consistent and transferable representations across domains.

These techniques can be divided into two subcategories: explicit discrepancy minimization (EDM)

and implicit discrepancy minimization (IDM).

EDM methods define a metric that quantifies the discrepancy between features extracted from

the source and target domains, aiming to minimize this metric, encouraging the model to learn

domain-invariant features, which improve transferability and ensure that representations remain

constant across domains. Such discrepancy metrics can be based on statistical measures, including

distances between distributions, feature correlations, or higher-order moments, which are explic-

itly optimized during training.

One of the fundamental works in this area was a kernel based approach that aimed to compare

the distribution in a non-parametric way. In the work of Long et al. (2015) [78], the Deep Adapta-

tion Networks were introduced, exploring how the minimization of the MMD [79] can be used to

improve the DA of the models. MMD enables the comparison of different distributions, making

it possible to determine whether two samples were drawn from different distributions by mapping

samples into a reproducing kernel Hilbert space (RKHS) and computing the difference between

their mean embeddings in that space and using a statistical test.

While MMD aligns the distributions in a high-dimensional RKHS, other methods simplify the

alignment by defining it through explicit descriptive statistics. Correlation Alignment for UDA

(CORAL) [80] is a very simple method that minimizes the domain shift by aligning the second-

order statistics (covariance) of source and target distributions, ensuring that the linear relationships

between the features become similar, being a post-adjustment after the extraction of the features.

Deep CORAL enables the simultaneous extraction of features that lead to high performance on
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the task and invariant to the domain, by jointly optimizing the training towards minimizing the

CORAL and task loss.

However, aligning the distributions based solely on the covariance may be insufficient to cap-

ture their main characteristics, making it necessary to take into account higher-order statistics.

Central Moment Discrepancy (CMD) [81], in contrast to MMD and CORAL, enables alignment

that captures higher-order, non-linear differences between feature distributions by comparing the

central moments of the features (mean, variance, skewness, kurtosis), which are important charac-

teristics that allow a better alignment between source and target distributions.

In addition to the EDM methods that align based on statistical moments, a recent approach

takes into consideration the global geometric structure and the cost of aligning the distributions.

Optimal Transport [82] is a method that measures the minimum cost of transporting one distribu-

tion into another, based on a predefined distance between samples, and aims to learn a mapping

between the source and target feature distributions which can be non-linear, allowing the alignment

of complex distributions while maintaining geometric and semantic structure of the data.

IDM methods do not explicitly define a discrepancy metric but rely mostly on an adversar-

ial training, in which the invariance is learnt indirectly by using an additional neural network

component, such as a domain discriminator that forces the features to be indistinguishable across

domains.

Domain-Adversarial Neural Network (DANN) [83] uses a feature extractor that is shared by

two components: a label predictor and a domain classifier. The goal of the label predictor is

to optimize the extraction of features that are relevant to the intended task, updating the feature

extractor using standard backpropagation. The goal of the domain classifier is to determine the

corresponding domain of the extracted features, updating the feature extractor through a gradient

reversal layer, so that the optimization is performed in the direction of confusing the domain

classifier, making the features more invariant to the domain. In this way, the features are relevant

to the target task and invariant to the domain. The proposed architecture is represented in Figure

3.9.

Adversarial Discriminative DA [84] is similar to DANN, but instead of using a shared feature

extractor, it employs two separate ones, which can be better if the domains are very heterogeneous,

allowing a more domain specific approach. First, the source feature extractor is trained using

only the source samples. In the next step, the weights of the source extractor are frozen, and a

target feature extractor is trained with the goal of confusing the domain discriminator, thereby

enabling the alignment of target features with the source. Conditional Adversarial DA (CDAN)

[85] extends DANN by conditioning the domain discriminator on both the feature representations

and the classifier predictions, allowing the network to align the feature distributions based on the

domain and in the predicted class prioritizing samples based on their prediction entropy, which

helps preserve class separability while achieving domain-invariant representations.

Contrastive learning (CL) can also be considered an EDM method that separates feature rep-

resentations of pairs with opposite labels while bringing closer those with the same label in the



Bibliographic Review 20

Figure 3.9: The architecture of DANN includes a feature extractor (green) and a label predictor
(blue), forming a standard feed-forward network. UDA is achieved by adding a domain classifier
(red) connected via a Gradient Reversal Layer (GRL), which multiplies the gradient by a negative
constant during backpropagation. Training minimizes both label prediction (source) and domain
classification (all samples) losses. This ensures feature distributions become indistinguishable,
resulting in domain-invariant features. Replicated from [83]

feature space. In this way, it is possible to extract better image features that do not focus on back-

ground details and are therefore more invariant to variations in background and acquisition proto-

cols, allowing for improved DA [86]. Chen et al. (2020) [87] introduced SimCLR, an approach

that showed the significant potential of CL in the classification of images in an unsupervised way

using augmentations. Li et al. (2025) [88] used CL techniques in mammographic image analy-

sis, using CycleGAN and style blending to create images with different styles, using CL to align

representations across both vendor styles and mammographic views.

EDM methods provide more control over the adaptation process, since they allow the use of an

explicitly defined metric to guide the alignment in the feature space. In contrast, IDM methods are

more flexible and dataset-specific, as they implicitly learn a way to align features, making them

particularly useful when the differences between source and target distributions are complex and

non-linear.

Image Translation

The image translation methods objective is to align the source domain with the target domain at

the image level by transforming the image to the style of the ones in the target domain. Certain

approaches rely on simple and direct transformations. For instance, Histogram Matching (HM)

[89] finds a mapping function that transforms the intensity distribution of the source domain to

match that of the target domain. Similarly, Fourier Domain Adaptation (FDA) [90] achieves style

alignment by decomposing images into the frequency domain. It replaces the low-frequency am-

plitude spectrum of the source domain with the ones of the target domain, as these components are
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associated to global statistics such as brightness and contrast, while preserving the phase spectrum

and the high-frequency amplitude spectrum, which define the image semantics.

After the massive success of the Generative Adversarial Network (GAN) [91], many works

started applying this to DA. One of the most well-known techniques in this category is CycleGAN

[92], which consists of two mapping functions that transform the source domain into the target

domain and vice versa, and it uses a cycle-consistency loss to ensure that the image transformed

through the cycle coincides with the original image, as represented in Figure 3.10. DualGAN

[93] is a technique very similar to CycleGAN, as it also employs a reconstruction error serving

the same purpose as the cycle consistency loss, alongside an adversarial loss. However, the core

principle of DualGAN is based on dual learning: two opposite tasks (X�Y and Y�X) are trained

simultaneously, allowing them to mutually reinforce each other during training.

Figure 3.10: Overview of the CycleGAN method (a) The model contains two mapping functions
G : X → Y and F : Y → X , and associated adversarial discriminators DY and DX . DY encourages
G to translate X into outputs indistinguishable from domain Y , and vice versa for DX and F . To
further regularize the mappings, there are two cycle consistency losses that capture the intuition
that if the images are translated from one domain to the other and back again it should be obtained
the starting point: (b) forward cycle-consistency loss: x → G(x)→ F(G(x))≈ x, and (c) backward
cycle-consistency loss: y → F(y)→ G(F(y))≈ y. Replicated from [92]

The applicability of these image translation methods is particularly relevant in medical image

analysis, where they facilitate the simulation of data across different domains that can be used for

DA. Wolterink et al. (2017) [94] used CycleGANs to do the conversion of brain 2D MRI scans

to brain 2D CT scans, showing that cross-modality translation without requiring paired datasets

is possible, which can enhance the DA for subsequent tasks such as segmentation or diagnosis.

Tomar et al. (2021) [95] also employ a GAN framework, but enhance it with a self-attentive

spatial adaptive normalization applied to the generator’s activations, aiming to better preserve the

anatomical geometry during image translation. Diniz et al. (2025) [96] employed a CycleGAN to

translate 3T MRI images into 7T MRI images, aiming to exploit the higher resolution and contrast

of 7T scans without the need for costly physical scanners.

In order to merge the advantages of the feature alignment methods and the image translation

methods, new joint-learned approaches arose that consisted of transforming the source domain

images to the target domain, and then do feature adaptation to close the remaining gap that might

still exist.
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Cycle-Consistent Adversarial DA (CyCADA) [97] adapts the representation both in the pixel

and feature-level, improving the alignment between domains, using a pixel, feature, semantic, and

cycle consistency loss. The source image is transformed into the style of the target domain, and by

using the labels from the source domain, both the original and translated images are constrained

to produce features that maintain performance on the task, ensuring semantic consistency. The

translated image should be able to confuse the target domain discriminator, so that the images

share the same style (pixel level). There is also a discriminator in the feature level to make sure

that the features fail in the same distribution. Finally, the source image should be the same as the

final reconstructed image. A schematic overview of the CyCADA framework is shown in Figure

3.11.

Figure 3.11: Cycle-consistent adversarial adaptation of pixel-space inputs. By directly remapping
source training data into the target domain, the low-level differences between the domains are
removed, ensuring that the task model is well-conditioned on target data. The image-level GAN
loss (green), the feature level GAN loss (orange), the source and target semantic consistency losses
(black), the source cycle loss (red), and the source task loss (purple) are represented. The target
cycle is omitted. Replicated from [97]

Disentangled Representations

Several methods that are commonly used in DA have as objective to ensure separability between

the features that are relevant to the content of the image (anatomy, for instance) - domain invariant

features (DIFs) - and the ones that are related to the style (such as texture, scale, rotation) of

the images and are more variable across domains - domain-specific features (DSFs). The core

concept behind Disentangled Representation Learning (DRL) is to force the model to learn the

joint distribution P(X ,Y ) in a way that the image X can be factorized into two independent latent

representations: zcontent (DIFs) and zstyle (DSFs), allowing the classifier to use the zcontent for the

final prediction, allowing a good DA [98].

Pioneering methods focused on the theoretical mechanism of factorization using Variational

Autoencoders (VAEs) as a mathematical framework to decompose the latent representation of an
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image. The central objective was to force the separation of the image’s factors of variation into in-

dependent latent codes, such as content and style, primarily by modifying the VAE’s loss function

(the ELBO). Higgins et al. (2017) introduced the β -VAE [99] that added a hyperparameter β > 1

to penalize the Kullback-Leibler Divergence term, forcing the factors to be statistically indepen-

dent. Similarly, methods like InfoVAE [100] utilized regularization based on Mutual Information

Minimization to refine the independence objective in the latent space.

While VAEs established the fundamental theory, ensuring that the learned zcontent is truly in-

variant to domain shifts, DA requires stronger regularization and, therefore, the DRL methodology

evolved to incorporate adversarial techniques.

In the context of DA, disentanglement is often achieved using adversarial training in which

a domain discriminator network is employed that attempts to predict the source domain using

only the content-relevant features. This adversarial competition forces the encoder to learn rep-

resentations that are domain-agnostic. Yang et al. (2019) [101] implemented this by utilizing a

VAE-GAN hybrid, where reconstruction loss minimized the difference between the encoders and

generators (promoting them to be inverses to each other), and a GAN component encouraged dis-

entanglement by generating images with swapped style. This architecture is represented in Figure

3.12.

Figure 3.12: Overview of the proposed DRL framework. Left: Structure of the DRL module. The
solid lines indicate in-domain reconstruction, while dotted lines represent cross-domain transla-
tion. Right: The complete pipeline for DA via Disentangled Representations. Replicated from
[101]

Chartsias et al. (2019) [102] provided a structural approach to this problem, particularly in

cardiac image analysis. They proposed the Spatial Decomposition Network that explicitly factor-

izes medical images into a spatial anatomical factor (s)-a multi-channel map representing cardiac

structures - and a non-spatial modality factor (z) that encodes the specific image characteristics

such as the contrast, brightness, and noise. The success of this method relied on enforcing the

anatomical factor (s) to be discrete and categorical, which inherently prevented it from encod-

ing modality information, thereby achieving domain invariance suitable for semi-supervised and

multimodal learning.
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The methodology continued to evolve through the integration of CL in this area. Unlike meth-

ods relying solely on reconstruction and adversarial losses, CL explicitly enforces disentanglement

by maximizing the similarity of content features (zcontent) across images that share the same un-

derlying anatomy but possess different styles or domain characteristics. This approach ensures the

content encoder learns representations that are inherently robust and invariant to domain shifts.

For example, Gu et al. (2023) [103] proposed Contrastive Domain Disentanglement and Style

Augmentation, which leverages contrastive loss to generate anatomical representations resilient to

domain shift in medical image segmentation, representing a key direction in modern DRL for DA.

Pseudo labeling

PL gained popularity in the area of Deep Learning in 2013 with the work by Lee et al. [104],

which introduced this method as a semi-supervised learning (SSL) approach, where the model’s

own predictions on unlabeled data are used as pseudo-labels to improve training. In this way, in a

scenario where labeled data is scarce, these techniques can take advantage of that data and be used

to improve the adaptation of the models, ensuring the alignment of features.

In the area of DA, PL methods are particularly relevant due to their ability to leverage the

information that exists in the unlabeled target data. The incorporation of these samples using

pseudo-labels enhances the model’s discriminative ability, forcing it to learn more robust decision

boundaries that also work within the target distribution, thereby reducing the impact of the domain

shift. While most of these methods emerged within the SSL field, they have been adapted for DA,

providing an effective strategy to improve the robustness of models across different distributions

[105].

One of the initial relevant works in this area aimed to solve the high instability inherent to PL.

To address this, research focused on consistency regularization. The π-Model [106] applies small

perturbations to an unlabeled input and forces the model to produce consistent predictions using a

soft consistency loss. Temporal Ensembling, introduced in the same article, also generates pseudo-

labels but uses a consistency loss between the current prediction of the input and the exponential

moving average (EMA) of its predictions from previous epochs, achieving better stability than

the π-Model. The development of these techniques within the SSL framework was a crucial step,

providing the necessary tools for the subsequent application of PL in DA methods.

After the huge success of EMA for stability, the Mean Teacher strategy [107] simplifies the

EMA implementation by using the Teacher Model (whose weights are updated via EMA of the

Student) to generate targets, while the Student Model is updated via backpropagation, enabling

more stability. This strategy involves augmenting each unlabeled sample with two different aug-

mentation sets, generating two versions of the same image, and passing them through the teacher

and student model and computing their consistency loss (mean squared error between predictions)

and the real classification loss in the case of labeled samples. This method is represented in Fig-

ure 3.13. In other works, the unsupervised task loss using pseudo labels is also integrated [108].
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Perone et al. [109] successfully adapted the Mean-Teacher strategy for medical imaging segmen-

tation, maintaining high model performance when applied to images acquired by different MRI

scanners without using labeled data.

Figure 3.13: Representation of the Mean-Teacher method. A training batch is shown with a single
labeled example. Both student and teacher models evaluate the input with noise. The softmax
output of the student model is compared with the one-hot label using classification cost and with
the teacher output using consistency cost. After the student gradient updates, teacher weights are
updated as an EMA of the student’s. While both models predict, the teacher is typically more
accurate by the end of training. A training step with an unlabeled example would be similar,
except no classification cost would be applied. Replicated from [107]

The Teacher-Student technique was further improved through specific mechanisms to increase

the quality and precision of the pseudo-labels. A notable extension is AdaMatch [110], which

adapts the FixMatch [111] framework specifically for DA scenarios. The core principle of forcing

consistency between weakly and strongly augmented versions of an unlabeled image is main-

tained. However, to be applied in DA, AdaMatch employs a distribution alignment to ensure the

target pseudo-label distribution matches the source label distribution, it uses a dynamic confidence

threshold for the target domain based on the model’s average confidence in the source domain and

it uses a mechanism to stabilize the initial transition between the source and target distributions.

Many works in medical image analysis employ this concept of filtering pseudo labels based on the

confidence of the prediction [112, 113].

Despite all advances in the techniques, depending on the specific scenario and the dataset,

PL can still have many problems. In cases of UDA, if the target domain is very different from the

source domain, the pseudo labels originated by the model can always have a larger error associated

which can cause the propagation of the error during training and problems in the convergence and

adaptation of the model to the target domain [114]. Additionally, in highly imbalanced problems,

the model tends to generate a larger number of pseudo-labels corresponding to the majority class,

since its predictions for those samples are usually more confident, which can increase the imbal-

ance problem, leading to even a bigger degradation in the performance in classifying minority
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classes, highlighting the importance of applying techniques to address this issue [115].

Test Time Adaptation

In contrast to the previous DA methods described, Test-Time Adaptation (TTA) aims to solve the

domain shift problem by enabling a more dynamic and personalized adjustment to the target do-

main. While other approaches typically utilize part of the target data during the training phase to

adjust the model, TTA only uses the target data during the inference phase, updating the model’s

parameters and leveraging the target data in an unsupervised way that can be achieved, for in-

stance, by using a proxy task and minimizing an auxiliary objective function. TTA methods have

several advantages because they not only reduce the domain shift across domains and allow good

performance of the models, but also solve the problems associated with privacy concerns, since

it is possible to have a good adaptable model that can be easily tailored to the new domain data

without sharing any data between institutions [116].

The methods can be divided into test-time DA, in which the target domain is divided by batches

and the model is adjusted based on all those batches before making the prediction; test-time batch

adaptation, in which each batch is independent of another, so the weights are just adjusted tem-

porarily to make the predictions of each batch and online test-time adaptation in which there is a

continuous adjustment of the weights of the model, so previous information about batches is kept

[116]. In Figure 3.14 the different types are presented.

Figure 3.14: The TTA paradigm aims to adapt the pre-trained model to various types of unlabeled
test data, including single mini-batch in (a), streaming data in (b), or an entire dataset in (c),
before making predictions. During the adaptation process, either the model or the input data can
be adjusted to reduce the distribution shifts. The dotted green arrow indicates the test-time training
phase before inference, while the blue arrow corresponds to pure inference. Replicated from [116].

One of the fundamental adaptation strategies that paved the way for many variations TTA

methods was presented by Li et al. (2016) [117], in which they introduced Adaptive Batch Nor-

malization (AdaBN). This technique is based on adapting the batch normalization layer statistics

(µ , σ2), substituting the accumulated source statistics (which can vary severely if the domain shift

is large) while keeping the affine parameters (γ and β ) fixed to ensure that the semantic knowledge

learned from the source domain is not lost, which leads to better DA. TENT [118] was based on

the work of AdaBN, but instead of changing only the layer statistics, verified that it would be

better to adjust the affine parameters by introducing a small cycle of "training" with the test data,
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in which the gradient of the entropy loss in relation to these parameters, optimizing them towards

a lower entropy.

Other methods are based on defining an appropriate self-supervised proxy task, as the one

presented by Shuhau et al. (2020) [119] in which they developed a method that applies TTA in

an unsupervised manner by leveraging a downstream task: solving a jigsaw puzzle. The main

network is adjusted based on the performance of each new sample from the target domain on this

auxiliary task. Other works in the medical field try to combine different approaches. Dong et

al. (2024) [120] proposed a novel method, InTEnt, that allows the adaptation to a new domain

using a single unlabeled test image, creating an ensemble of adapted models with different batch

normalization layer statistics based on the target sample. Zhu et al. (2025) [121] implemented a

Continual Test-Time Adaptation (CTTA) framework that uses entropy and variance to guide the

adaptation and employs a student-teacher model to provide stable supervision while updating the

network on unlabeled target data.

The methods that are based on adapting the batch normalization layers have as an advantage

their simplicity, the slight adjustment of the model’s parameters guarantees that the information

learnt in the training is not lost and does not rely on choosing the right proxy task, which can be

complicated. However, if the shift is big enough, adapting only these layers may not be enough.

The ones that rely on using proxy tasks, normally change more parameters in the network (the

last layers of feature extractor, for instance), which can be more efficient in correcting the domain

shift. On the other hand, these methods face the challenge of selecting an appropriate proxy task

that correlates well with the primary classification task, and the overall training and adjustment

process requires more computational power and time.

One problem that is related to most of the TTA methods, if it is not taken into account, is

the catastrophic forgetting [122] that is normally more prevalent in CTTA, leading to the loss of

the initial information that was used to train the model. Ideally, the model should be constantly

adaptable to be able to learn with the new data, but not lose the information that was previously

learnt. To mitigate this problem between adaptability and stability, CTTA methods often employ

techniques based on parameter restriction, such as using Fisher Information [122] to maintain the

most essential weights, or EMA [123] to regularize the adaptation process.
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3.3 Summary and Future Prospects

In recent years, the field of DA has evolved rapidly, driven by the huge need and importance to

increase the model robustness and reduce the reliance on using a large quantity of new data when

the task is similar but the domains change. In the biomedical area, this evolution is very important

due to the scarcity of labeled data and the high variability between imaging protocols and modal-

ities, resulting in a common gap that limits the performance of models already well trained in

new settings. Consequently, the research trajectory has shifted from basic statistical corrections to

more complex approaches that allow for more adaptable and autonomous approaches that correct

the domain shift.

When labels for the target domain were available, the task of DA was significantly easier, rely-

ing mostly on fine-tuning or discrepancy metric minimization. However, in real-world scenarios,

where the UDA setting is more frequent, many other techniques have been developed. Initially,

techniques focused on utilizing target data during the training phase to promote an alignment of

feature distributions, addressing the primary cause of domain shift, which are known as feature

alignment methods. Subsequently, more advanced approaches started using the big advances in

Generative AI to create synthetic data, leading to image translation-based methods, which shifted

the focus from the feature level to the pixel level. Subsequent work brought a joint alignment at

both the feature and image levels, providing a more robust solution to the domain shift problem.

Other techniques have focused on learning disentangled representations, aiming for a clear

separation between DIF (that are relevant for the domain shift problem) and DSF. Meanwhile, PL

was based on a different principle that consists of using the model to generate temporary labels for

unlabeled data, thereby increasing the utility of unlabeled data. Finally, TTA is a very promising

technique that involves adjusting the model in real-time to the new data, allowing for a more

dynamic adaptation process, addressing critical challenges such as data privacy.

In conclusion, in recent years, there has been a massive evolution in making models more

adaptable, leading to the development of a large number of diverse DA methods that target dif-

ferent problems and settings. However, due to the several challenges associated with the medical

field, there are still limitations in applying these methods across certain domains. In the specific

case of TPUS imaging, it often involves complex 3D volume pre-processing and is characterized

by high noise levels and limited dataset sizes, which are common challenges in the medical field.

Additionally, as described in Chapter 2, the diagnosis of conditions such as LAM avulsion is typ-

ically associated with high data heterogeneity, making it crucial to test and tailor DA methods

specifically for these clinical conditions.



Chapter 4

Methodology

4.1 Dataset

4.1.1 Description

TPUS data was collected from two distinct centers: UZ Leuven and Sydney Urodynamic Cen-

tres. The Leuven cohort consisted of 169 patients evaluated 1 year after delivery, including 39

diagnosed with major avulsions and 130 intact patients. The Sydney dataset encompassed 84

symptomatic patients, comprising 24 major avulsion cases and 60 intact cases. Following the

standardized protocol described in Section 2.2, the three central axial slices were extracted from

each volume at 2.5 mm intervals, resulting in the total number of slices for each condition illus-

trated in Figure 4.1. As expected, since the Sydney dataset contains only symptomatic patients, a

higher ratio of avulsion cases exists when compared to the Leuven dataset.

Figure 4.1: Dataset label distribution, comprising the three central axial slices from each volume.

Both datasets included demographic information and equipment specifications. Table 4.1

presents the statistical analysis of these data, performed using JASP [124].

29
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In terms of the demographic data, significant differences were observed between datasets re-

garding patient age, body mass index (BMI), and parity (Student’s t-test showed p< 0.001). These

main differences can be attributed to the fact that both datasets were obtained from different clin-

ical settings/care pathways (symptomatic and one year after delivery). Sydney dataset patients

were significantly older than those in the Leuven dataset (age is a risk factor for LAM avulsion)

and presented higher BMI and parity.

Regarding the US equipment used, Sydney scans were primarily obtained using the Voluson

E22, whereas Leuven scans were acquired using different hardware versions, with the Voluson E10

being the most predominant. The Voluson E22 corresponds to a newer generation of US systems

(released in 2022), focusing not only on acquisition speed but also on significant advances in

spatial and contrast resolution, which results in superior image quality compared to the Voluson

E10 (launched in 2014).

Therefore, there is both a covariate shift (due to differences in demographics and imaging

equipment) and a prior shift (due to different label distributions), as explained previously in Sec-

tion 3.2.1. In Figure 4.2, the differences between the two datasets are visible, as they were acquired

with different US hardware, resulting in variations in brightness and contrast.

Figure 4.2: US images from the two datasets: (a) Leuven dataset acquired with Voluson E10; (b)
Sydney dataset acquired with Voluson E22.



4.1 Dataset 31

Table 4.1: Demographic characteristics of the study population and US equipment used stratified
by dataset origin. This table summarizes the age, body mass index (BMI), parity and the diversity
of equipment used for each dataset. N_missing represents the count of patients with unavailable
data.

Dataset Leuven Dataset Sydney p-value
Variables (N=169) (N=84)

Age < .001
N_missing 23 0
Minimum 20 23
Maximum 45 85
Median (IQR) 32 (29-35) 52 (39-67)

BMI < .001
N_missing 24 0
Mean ± SD 24.7 ± 5.8 28.1 ± 5.4
Minimum 16.4 18.2
Maximum 61.0 43.0
Median (IQR) 23.1 (21.1 - 26.8) 27.2 (24.3 - 31.9)

Parity < .001
N_missing 25 0
Minimum 1 0
Maximum 4 8
Median (IQR) 2 (1-2) 2 (1-3)

US Equipment (Number of US)
N_missing 0 2
Voluson E10 145 0
Voluson SWIFT 20 0
Voluson S10 Expert 3 0
Voluson E22 1 82

4.1.2 Preprocessing

To maintain uniformity, all images underwent the same preprocessing sequence before any ex-

periments. The first step was voxel size normalization to the dataset’s mean voxel dimensions,

ensuring that the interpolation did not result in significant loss of information. In this way, all

images were standardized to represent the same biological scale. Subsequently, all images were

cropped to the minimum bounding box including the fan-shaped region, ensuring that all relevant

US data was preserved while removing redundant background information and noise. To preserve

the original aspect ratio, images were padded with zeros to a square format. This ensured that

subsequent resizing to a 448× 448 resolution maintained the correct spatial proportions of the

anatomical structures. Finally, intensity values were scaled using min-max normalization per im-

age, mapping all voxel intensities to the [0,1] interval, ensuring that the models received inputs in

a fixed range. Figure 4.3 illustrates the preprocessing pipeline applied to a US image.
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Figure 4.3: Overview of the image preprocessing pipeline. It includes voxel size normalization,
region of interest (ROI) cropping, aspect ratio preservation, resizing to 448x448 resolution and
intensity normalization.

4.2 Training Settings

The evaluation of DA methods requires the establishment of upper and lower performance bounds.

The upper bound represents the ideal scenario, where the training, validation, and test sets were

extracted from the same dataset, sharing the same distribution. Conversely, the lower bound is

obtained when the model is evaluated on a dataset different (target domain) than the one on which

it was trained and evaluated (source domain), reflecting the existing domain shift between the two

datasets.

Comparability of the upper and lower bounds was ensured by doing a random subsampling

stratified by label in the Leuven dataset, which contained more images than the Sydney dataset,

matching the dataset sizes while maintaining the original label distribution. This approach re-

moves any potential performance impact resulting from differences in the size of the training and

validation sets, making it possible to directly compare the effect of different distributions in the

training/validation and testing sets.

Due to the limited size of the datasets, the models were evaluated using a 5-fold cross valida-

tion, in which the test set iterates across the entire dataset, ensuring that performance was assessed

on the entire dataset, while the training and validation set were randomly split in each fold. The

data was split into 60/20/20% for training, validation, and testing, respectively. To avoid data leak-

age, this split was performed at the patient level, ensuring that all three slices from each patient

were assigned to the same split. Label distribution was preserved across the different splits.

Before applying DA methods, it is important to have a base model with a good upper bound

performance, capable of achieving high accuracy when tested within the same data distribution. It

is also crucial to verify the existence of a domain shift (lower bound considerably smaller than the

upper bound), so that the DA methods could reduce this gap in performance. Therefore, Section

4.3 describes the experiments conducted to obtain a good baseline model that is able to classify

LAM avulsion. After obtaining the model, several UDA methods from the categories detailed in

Chapter 3 were employed. Disentangled Representations based methods were not tested, since

they normally rely on complex networks requiring large datasets.
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The UDA methods leveraged unlabeled data from the target domain to improve classification

performance on the test set. Figure 4.4 illustrates the generic application of a UDA method with

the objective of increasing Leuven lower bound performance. Section 4.4 describes different

experiments that implemented those methods, using identical training hyperparameters, data splits,

and network architecture as the lower and upper bound setting to ensure direct comparability.

Figure 4.4: Proposed generic domain adaptation pipeline. It includes the preprocessing followed
by the training of the baseline models. To bridge the domain gap, the UDA method leverages
unlabeled samples in the training set from the target domain (Leuven) to improve the Leuven
lower bound performance.

4.3 Model architecture and training details

To evaluate the impact of using different architectures for the classification of LAM avulsion,

experiments were conducted to compare four distinct backbones. Due to the limited size of the

dataset, architectures without a large number of parameters but with distinct structural designs

were selected to evaluate which mechanisms lead to better performance in this scenario. A ResNet-

18 [43] was employed, a widely used baseline in image classification; EfficientNet-B0 [45], a

highly efficient convolutional architecture; ConvNeXtV2 [50], representing one of the most recent

advancements in convolutional design as described in Section 3.1; and a ViT-Tiny patch 16 [46]
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to evaluate transformer-based architectures. All models were implemented using PyTorch Image

Models (timm) library [125].

To address the visual similarity and high correlation between the three central slices, the ef-

fect of applying data augmentations was studied, in order to add variability to the training set,

facilitating the model’s convergence and reducing the risk of overfitting.

Using MONAI library [126], random horizontal and vertical flips were applied, alongside ran-

dom zooming into the central region of the image (scaling factor: 1.0 to 1.2) to reduce the influence

of the US border on the model’s decision. To simulate variability in US probe orientation, random

rotations were performed within the range of −15◦ to 15◦. Furthermore, to emulate acquisitions

with different US equipments and to add data variability without compromising the symmetry

of the levator region, random intensity scaling and contrast adjustment in an interval of [0.8,1.2]

were applied. Finally, Random Gaussian Noise (with std of 0.02) was incorporated to simulate

variations in tissue texture and image acquisition artifacts. All augmentations were applied with

a probability of 0.4. These parameters were chosen to avoid excessive deformation of the image

content. Figure 4.5 illustrates the effect of the different augmentation types on a US image.

Figure 4.5: Different types of augmentations used during training to increase data diversity.

Additionally, an experiment was conducted to study the effect of incorporating a segmentation

mask as part of the preprocessing pipeline. The masks were obtained using a pre-existing model

developed by the Department of Development and Regeneration at UZ Leuven, which was trained

on a separate dataset (different from the datasets used in this study), comprising 899 US images

and subsequently tested on a cohort of 161 US images. The implementation utilized the nnU-Net

framework based on MONAI, with a learning rate of 0.001 and an early stopping criterion set at 10

epochs. It achieved a Dice Similarity Coefficient (DSC) of 0.9487± 0.0313, demonstrating high
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accuracy in segmenting the levator ani region. To ensure the inclusion of all anatomical borders of

the levator, a morphological dilation was applied to the masks. Furthermore, the combined effect

of using the segmentation mask and data augmentation was also analysed. Figure 4.6 presents the

US images with the applied levator mask.

Figure 4.6: Segmentation of the levator region. Original US images (top) and the resulting ROI
after applying the dilated segmentation mask (bottom).

The models were trained for 100 epochs with a batch size of 32, using the AdamW optimizer

with an initial learning rate of 10−5 and a ReduceLROnPlateau scheduler. Early stopping was

applied based on the validation AUC with a patience of 15 epochs. For the training process, a Bi-

nary Cross Entropy [127] with logits loss function was used, which combines the sigmoid activa-

tion and binary cross-entropy into a single and more numerically stable formulation. A weighting

factor was incorporated to mitigate class imbalance within the dataset, which is calculated per fold.

This loss function is represented in Equation 4.1, where N corresponds to the size of the training

set, xn denotes the logit output from the network, yn ∈ {0,1} represents the sample’s label, wn is

the inverse frequency of the sample’s class in the dataset, and σ(xn) = (1+ e−xn)−1 corresponds

to the sigmoid activation function.

LBCE =−
N

∑
n=1

wn [yn · log(σ(xn))+(1− yn) · log(1−σ(xn))] (4.1)

Model performance was evaluated at the patient level by calculating the mean of the predicted

probabilities across the three central slices.

4.4 DA Methods

After selecting a baseline model based on the previously described methods, which establishes

the upper and lower bounds, several DA techniques were implemented to adapt the model to the

target domain, aiming to reduce domain shift. Table 4.2 summarizes the different DA methods

implemented and their corresponding family.
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Table 4.2: Overview of the implemented domain adaptation methods, categorized by their respec-
tive families.

Family Method

Feature Alignment (EDM)
MMD

CORAL
CMD

Feature Alignment (IDM)
DANN
CDAN

Image Translation
HM
FDA

Pseudo-Labeling FixMatch
Test-Time Adaptation TENT

In these experiments, a fully unsupervised DA setting was assumed, where no labeled target

data was available for validation. This posed a significant challenge for model selection, as there

was not a reliable proxy metric to evaluate target domain performance throughout the training

process. This difficulty was further increased by the substantial domain shift, which restricted the

use of other unsupervised proxy metrics reported in the literature [128].

Consequently, the source domain validation AUC was used as the model selection metric

for all methods except the IDM methods. For the IDM methods, this source validation AUC

was combined with the absolute difference between the domain discriminator accuracy and 0.5,

ensuring the selection of a model that extracts relevant, domain-invariant features.

After selecting the optimal hyperparameters for each method, an additional training phase was

conducted using the test AUC as the model selection criterion. This allows for an evaluation of

the potential of each method (Oracle AUC), as it isolates their capacity to mitigate domain shift,

independent of the challenges associated with unsupervised model selection.

4.4.1 Feature Alignment

Feature Alignment methods aim to minimize the domain shift by aligning the source feature dis-

tribution P (with samples X = {x1, . . . ,xn}) and the target feature distribution Q (with samples

Y = {y1, . . . ,ym}) within a shared latent space. In terms of the EDM methods, in which an explicit

discrepancy metric between the features is defined, MMD, CORAL and CMD were tested. For the

IDM methods, DANN and CDAN were employed using adversarial learning to force the model to

learn invariant features.

EDM Methods

The MMD [79] is a non-parametric metric that measures the distance between two probability

distributions P and Q by comparing their mean embeddings in an RKHS. A Radial Basis Function

(RBF) kernel was used that allows the mapping to the RKHS, as it is shown in Equation 4.2,
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where ∥xi − x j∥2 denotes the squared Euclidean distance between two feature vectors, and σ2 is

the kernel bandwidth parameter that controls the sensitivity of the similarity measure. A multi-

scale kernel approach was adopted by using a set of 5 bandwidths, allowing the MMD to capture

alignments at different scales. The central bandwidth was determined using the median heuristic,

a standard robust approach in the literature that sets the kernel width based on the median of

pairwise distances between samples [129].

k(xi,x j) = exp
(
−
∥xi − x j∥2

2σ2

)
(4.2)

Using this multi-kernel approach with L kernels, the MMD is calculated according to Equation

4.3. Term 1 and Term 2 compute the intra-domain similarity within the source and target domains,

respectively (where a smaller ∥xi − x j∥2 leads to a higher RBF kernel output kσl ), while Term 3

quantifies the cross-domain similarity between features. By employing this metric as a regular-

ization factor with a coefficient α in the loss function (Equation 4.4), the minimization process

encourages an increase in the inter-domain feature similarity. Term 1 and Term 2 ensure that the

model preserves the features structure of each domain, preventing the model from converging to a

trivial solution, such as a feature collapse. Two different values of α (0.05 and 0.1) were tested,

as well as an alpha that is linearly increased (factor of 0.01 to the max value of 0.1) across epochs,

to prioritize discriminative features before enforcing domain alignment.

MMD2(X ,Y ) =
L

∑
l=1

 1
n2

n

∑
i, j=1

kσl (xi,x j)︸ ︷︷ ︸
Term 1

+
1

m2

m

∑
i, j=1

kσl (yi,y j)︸ ︷︷ ︸
Term 2

− 2
nm

n,m

∑
i, j=1

kσl (xi,y j)︸ ︷︷ ︸
Term 3

 (4.3)

Ltotal = Ltask( f (xs),ys)+α ·MMD2( f (Xs), f (Xt)) (4.4)

CORAL [80] is a very simple method that focuses directly on aligning the second-order statis-

tics (covariance) of the source and target features statistical distribution. The covariance matrices

for the source domain (CS ∈ Rd×d) and target domain (CT ∈ Rd×d) are computed using extracted

feature matrices XS and XT by centering the features around zero (subtracting the feature mean),

as represented in Equation 4.5.

CS =
1

n−1
(XS − X̄S)

T (XS − X̄S), CT =
1

m−1
(XT − X̄T )

T (XT − X̄T ) (4.5)

The CORAL loss defined in Equation 4.6 can be computed by calculating the squared Frobe-

nius norm of the difference between the source covariance matrix CS and the target covariance

matrix CT where d corresponds to the number of features, serving as a normalization factor for the

dimensionality size.
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LCORAL =
1

4d2 ∥CS −CT∥2
F =

1
4d2

d

∑
i=1

d

∑
j=1

(CS,i j −CT,i j)
2 (4.6)

The CORAL loss was also incorporated as a regularization term, as shown in Equation 4.7.

Given the small magnitude of the CORAL loss, constant values of α (5,10) were tested, as well

as a linear ramp-up schedule that increases α from 0.5 to a maximum value of 10 throughout the

training epochs.

Ltotal = Ltask( f (xs),ys)+α ·LCORAL( f (Xs), f (Xt)) (4.7)

CMD [81] allows control of the number of statistical moments used to align the feature distri-

butions of the source and target domains, a tanh normalization was applied to limit the range of the

features to [−1,1]. The CMD loss can be computed using Equation 4.8, where µ(X) denotes the

mean of the feature distribution, φk(X) = E[(X −E[X ])k] represents the k-th order central moment

with E[·] denoting the mathematical expectation operator, and the term 1
2k serves as a normalization

factor to prevent higher-order moments from dominating the loss.

LCMD(XS,XT ) = ∥µ(XS)−µ(XT )∥2 +
K

∑
k=2

1
2k ∥φk(XS)−φk(XT )∥2 (4.8)

By adjusting the hyperparameter K, the model progressively aligns increasingly complex sta-

tistical features, ranging from the mean (first-order) to higher-order shape properties like skewness

and kurtosis. The value of K was set to 5, and different values of α were tested (0.1, 0.5) and a

linear increase starting from 0.05 up to a maximum of 0.5.

Ltotal = Ltask( f (xs),ys)+α ·LCMD( f (Xs), f (Xt)) (4.9)

IDM Methods

DANN [83] implements an unconditional adversarial alignment strategy, designed to learn domain

invariant features. A domain classifier branch was introduced in the network, that uses the same

extracted features but aims to classify them as source or target domain features as previously

represented in Figure 3.9. The domain classifier consisted of a small network comprising a fully

connected layer followed by a ReLU activation, a dropout layer and a final linear classification

layer.

During backpropagation, in the domain discriminator branch, the gradients are calculated and

used to update the weights of the domain discriminator, thereby improving its ability to classify the

domain. A GRL was employed that intercepts the gradients calculated by the domain discriminator

during backpropagation and scales them by a negative factor, forcing the feature extractor to update

its weights in a direction that increases the domain discriminator’s loss. This promotes the learning

of domain-invariant features that are also useful for the classification of avulsion, as the task related

gradients flow normally through the corresponding branch.
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The gradient used to update the feature extractor weights can be calculated using Equation

4.10, where ∇θ f Ltotal is the total gradient computed for the feature extractor’s parameters (θ f ),

∇θ f Ltask is the gradient of the main task loss with respect to the feature extractor’s parameters,

λ is the adaptation factor that controls the impact of this reverse gradient in updating the feature

extractor, and ∂Ld
∂θ f

represents the gradient of the domain classification loss (Ld) with respect to

the feature extractor’s parameters.

∇θ f L total = ∇θ f Ltask −λ · ∂Ld

∂θ f
(4.10)

CDAN [85] is very similar to the DANN method, but it uses label information into the adver-

sarial training process. For target domain samples, where ground truth labels are not accessible,

CDAN uses the class predictions (ŷ) generated by the task classifier to condition the domain align-

ment. This is achieved by employing a multilinear mapping that consists in doing an outer product

between the features extracted and the task predictions, and then using this transformed features

in the domain classifier.

In this setup, the domain discriminator classifies the domain using features conditioned by the

task label predictions. This forces a class-conditional alignment, ensuring that features from both

domains are matched according to their predicted class labels. At the start of the training, the

predicted label for the target domain is very prone to errors, accentuated by the existence of the

domain shift. Therefore, it is important to use a small λ in the initial epochs.

Both of these methods were implemented testing different λ configurations. A λ scheduler

that follows Equation 4.11 was used, in which γ controls the slope, p is defined as the ratio of the

current epoch to the total number of epochs and λmax is the maximum value λ can reach. Different

values of λmax (0.1, 0.5 and 1) were studied. The γ parameter was fixed at 10.

λ = λmax ·
(

2
1+ exp(−γ · p)

−1
)

(4.11)

4.4.2 Image Translation

The objective of image translation methods is to adapt source domain images to the style of the

target domain. Given the visible differences in the appearance (brightness and contrast) of the US

images between the two datasets, these techniques could reduce the domain shift. For this study,

methods that are based on generative networks were not evaluated, since they typically require

large datasets for stable training. Therefore, HM and FDA were implemented.

Histogram Matching

HM [89] is a DA approach that enforces alignment between the Cumulative Distribution Functions

(CDFs) of two distinct domains. A Global Histogram Matching (GHM) and an Instance Histogram

Matching (IHM) were implemented.
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The intensity histogram of the target domain was computed while excluding background pix-

els, thereby mitigating the effect of differing background sizes across domains. This filtered target

histogram is used to compute the Probability Mass Function (PMF), Pd(it), which represents the

relative frequency of each intensity level. The CDF can be obtained by integrating the PMF, as

represented in Equation 4.12, where Ft(z) represents the CDF of intensity z.

Ft(z) =
z

∑
i=0

Pd(it) (4.12)

Finally, the intensity mapping transformation is obtained by applying the inverse of the target

domain’s CDF to the source domain’s CDF values (Fs(is)). This process maps the original pixel

intensities to new, matched values (imatched) that effectively align the source intensity distribution

with that of the target domain, as defined by Equation 4.13.

imatched = F−1
t (Fs(is)) (4.13)

In the case of the GHM, the global intensity histogram of the target domain (mean of all

histograms) is used, while the IHM only selects a random image from the test set and computes

the intensity of that histogram. Beyond transforming the training set to match the style of the

target domain, the inverse approach for GHM was also evaluated. In this configuration, using

the baseline model that was trained on source domain data, the performance was evaluated when

employed on test set (target domain) that was transformed to mimic the style of the images in

which the model was previously trained. These configurations are represented in Figure 4.7.

Figure 4.7: Schematic overview of the proposed HM frameworks. Red and green boundaries
denote source (SD) and target domain (TD) images, respectively. (a) Adaptation of the training
set to the target style, where the target histogram is derived from either a single random target
image (IHM) or the mean histogram of the target domain (GHM). (b) Adaptation of the test set to
the source style using a global source histogram.



4.4 DA Methods 41

Fourier Domain Adaptation

FDA [90] aims to align the styles of two domains by decomposing images into phase and ampli-

tude components via the Fourier Transform. It is established that the low-frequency components

of the amplitude spectrum capture the global style and appearance of the image, while the phase

component contains its structural information.

FDA exploits this by replacing the low-frequency component of the source image’s amplitude

spectrum, |F (xs)|, with that of the target image, |F (xt)|, within a region defined by the mask

Mβ , as it is represented in Figure 4.8. The phase component of the source image is maintained.

This representation is then mapped back to the spatial domain using the inverse Fourier transform

(F−1), resulting in a transformed source image (xst) as represented in Equation 4.14:

xst = F−1 (Mβ ⊙F (xt)+(1−Mβ )⊙F (xs)
)

(4.14)

This process ensures that xst maintains the structural content of the source image xs, while

adopting the style of the target domain Dt . The β controls how much of the source image’s

amplitude spectrum is replaced. A large β value can introduce artifacts, as higher frequencies

within the amplitude spectrum capture semantic features of the images.

Similarly to the HM experiments (Figure 4.7), a global representation of the target domain

amplitude spectrum (mean of the spectra) was also calculated, representing the global style of

the image and was used to transform the source images (excluding background). Additionally,

this was done in two directions: training a model that uses the training data transformed with

the style of the target domain, as well as using the previously baseline trained model and testing

it on transformed target domain images. Finally, FDA was also implemented in the standard

way, where each source domain image is transformed by randomly selecting an image from the

target domain. While this approach introduces greater transformation variability, it also carries the

risk of incorporating outliers that do not accurately represent the target domain’s style. All these

experiments were conducted with β ∈ {0.01,0.05,0.09} to study the effect of this parameter.

Figure 4.8: Representation of the FDA method, illustrating the effect of the β parameter on the
size of the amplitude spectrum being replaced. Adapted from [90].
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4.4.3 Pseudo Labeling

For the PL methods, since the baseline model showed a very poor performance in the target dataset,

the process of generating pseudo-labels would be very erroneous. Therefore, due to the nature of

the problem, a simple version of FixMatch [111] was tested but applied to the DA problem.

For each unlabeled image from the target domain, two versions are generated: one weakly aug-

mented (using the same augmentations applied to the source domain) and one strongly augmented

(using the previous transformations but with higher ranges and a probability of 0.6). The weakly

augmented images are passed through the model to obtain a prediction. The maximum predicted

probability (confidence), calculated as max(p,1− p), is evaluated, and if this confidence exceeds

the threshold τ = 0.70, the resulting pseudo-label is used to train the model with the strongly

augmented version of the image. While standard FixMatch implementations utilize τ = 0.95, a

reduced threshold of τ = 0.70 was used, leading to a higher quantity of pseudo-labeled samples,

since the model is not confident in the target domain due to the existence of a large domain shift.

Figure 4.9 represents the PL approach applied.

As represented in Equation 4.15, due to the fact that the unsupervised loss (Lpl) calculated

using pseudo-labels can contain significant noise when the model is still learning, λ is designed

to gradually increase the influence of the target domain, ensuring that the supervised loss (Lsup)

guides the models training. The same scheduler as the one used in DANN and CDAN (Equation

4.11) was used, testing λmax of 0.1, 0.5 and 1.

Ltotal = Lsup +λ ·Lpl (4.15)

Figure 4.9: Overview of the PL method. The framework utilizes Weak Augmentation to generate
high-confidence pseudo-labels for the target domain, which subsequently supervise the model’s
training on the Strong Augmentation branch.
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4.4.4 Test Time Adaptation

Unlike the previous methods, TTA methods address the domain shift by adapting model parame-

ters during the inference phase. TENT [118] was implemented, which performs this optimization

by minimizing the predictive entropy of the model’s output on unlabeled target data.

This method considers that a good model should produce highly confident, low-entropy pre-

dictions on target domain samples. Consequently, a brief training loop is performed on the target

domain test set, during which the affine parameters of the normalization layers are updated to min-

imize prediction entropy. Given the binary nature of the classification task, the entropy loss can be

defined in Equation 4.16, where fθ denotes the model with parameters θ , and p = σ( fθ (x)) the

predicted probability for an input x.

Lent =− [p log(p)+(1− p) log(1− p)] (4.16)

By minimizing this loss, the model refines its decision boundaries, effectively becoming more

confident in the target domain. It performs forward-backward passes for a number of steps, updat-

ing the normalization parameters using the gradient of Lent, allowing the alignment of its internal

feature statistics with the target distribution. The rest of the architecture is frozen.

This method was tested in the pre-trained baseline model using a learning rate of 10−5 , testing

the performance when using 1 and 10 adaptation steps, as suggested in the literature. This config-

uration ensures that the model does not converge to a trivial solution, that completely minimizes

entropy at the expense of the discriminative ability of the model, which may occur with higher

learning rates or an increased number of adaptation steps.

4.5 Evaluation Metrics

The performance of the classification models after applying those methods was evaluated using the

Area Under the Curve (AUC) of the Receiver Operating Characteristic (ROC) curve. The models

produce a probabilistic output that can be used to generate a prediction (if the output is above a

certain threshold it corresponds to a positive labeled sample in case of a binary problem). The ROC

curve can then be computed by plotting the True Positive Rate (TPR) on the y-axis and the False

Positive Rate (FPR) on the x-axis across different threshold values. The AUC value is obtained

by integrating this curve, representing the probability that a randomly chosen positive sample will

be ranked higher than a randomly chosen negative one, and is commonly used to evaluate the

discriminative ability of the model. An AUC of 0.5 corresponds to a random classifier, while an

AUC of 1.0 represents a model capable of perfectly separating the classes [130].

In addition to the AUC, t-Distributed Stochastic Neighbor Embedding (t-SNE) [131] plots

were computed to visually assess the transformations that occur in the feature space when applying

the different feature alignment methods. t-SNE is a dimensionality reduction technique that can be

used to show high-dimensional data in a 2D space, preserving local structures and relationships.
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Source and target domain features were used to analyse whether two distinct clusters were formed:

one comprising positive avulsion cases and another comprising intact cases from both domains.

To statistically evaluate the performance improvements achieved by the DA methods compared

to the baseline, the Wilcoxon signed-rank test [132] was employed. This non-parametric test is

suitable for paired samples, comparing the mean AUC scores obtained by each method against

the lower bound across the five cross-validation folds. For a set of differences di between paired

observations, the test statistic W can be calculated using Equation 4.17, where Ri denotes the rank

of the absolute difference |di| and sgn(di) is the sign function. A one-sided Wilcoxon signed-rank

test was conducted to test the hypothesis that the DA method achieves a superior AUC compared

to the baseline. Results are considered statistically significant for p-values lower than 0.05.

W =
N

∑
i=1

[sgn(di) ·Ri] (4.17)

Additionally, given the limited sample size (5 folds), Cohen’s d [133] is reported to quantify

the magnitude of the observed improvement, accounting for the small scale of the dataset. This

metric is defined as the ratio of the mean difference to the standard deviation of those differences

(s), as represented in Equation 4.18. Values of d ≈ 0.2, 0.5, and 0.8 are conventionally interpreted

as small, medium, and large effect sizes, respectively [134].

d =
x̄method − x̄baseline

s
(4.18)



Chapter 5

Results and Discussion

5.1 Baseline Training

In this section, the results of an initial study focused on training a baseline model for the classi-

fication of LAM avulsion are reported. Initially, the performance of using different architectures

was evaluated, and based on these results, the impact of implementing data augmentations and

incorporating segmentation masks was further investigated.

Table 5.1 presents the Mean AUC values for the classification of LAM avulsion across var-

ious architectures, highlighting the trade-off regarding the number of parameters. As discussed

in Chapter 3, the convnextv2_atto is a convolutional network that incorporates mechanisms from

vision transformers. It combines the advantage of requiring less training data to achieve high

performance with a superior ability to capture global image features. Consequently, this network

achieved the best performance on both datasets (0.8083 and 0.7154 for the Sydney and Leuven

datasets, respectively) while maintaining the lowest parameter count. The vit_tiny_patch16_448

served as the second-best model, likely due to its transformer based architecture, followed by the

efficientnet_b0, which, as a pure convolutional network without an attention mechanism, yielded

lower results. Finally, resnet18 failed to perform adequately in this task, likely because its large pa-

rameter count relative to the dataset size led to overfitting, lacking the advanced feature extraction

capabilities of modern architectures.

It is also important to mention that all results showed a high standard deviation in the AUC

across the five folds, primarily caused by the limited size of the dataset. In addition to being prone

to overfitting, selecting the optimal model using the validation set poses extra challenges. Due

to the reduced dataset size, the validation set may not accurately reflect the performance on the

test set, leading to the selection of a sub-optimal model that does not perform well in some of the

folds.

Additionally, it is interesting to note that across all architectures, the Sydney dataset consis-

tently yielded higher performance than the Leuven dataset, despite the normalization of sample

sizes. This discrepancy can be attributed to the superior image quality of the Sydney dataset, ac-

quired using more recent US equipment. Furthermore, in contrast to the Leuven dataset, whose

45
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patients were randomly selected one year postpartum, the Sydney cohort comprises symptomatic

patients; this results in a higher prevalence of LAM avulsion cases, which may facilitate the net-

work’s learning process.

Table 5.1: Mean AUC (±std) performance comparison across Sydney and Leuven datasets with
standard deviation across the 5 folds. Bold values indicate the highest Mean AUC achieved per
dataset.

Architecture Parameters (M) Sydney AUC Leuven AUC

convnextv2_atto 3.39 0.8083 ± 0.1477 0.7154 ± 0.0875
efficientnet_b0 4.01 0.6283 ± 0.1027 0.5795 ± 0.0844
vit_tiny_patch16_448 5.54 0.7242 ± 0.0802 0.6449 ± 0.0500
resnet18 11.17 0.5258 ± 0.1895 0.4308 ± 0.1838

Given its superior performance, the convnextv2_atto architecture was selected for the subse-

quent experiments. The impact of implementing data augmentations and incorporating a levator

hiatus mask on performance was investigated, assessing both the upper bound (testing on images

from the same dataset) and the lower bound (evaluating model robustness when testing on images

from a different clinical institution).

As shown in Table 5.2, applying data augmentation led to a slight improvement in the upper

bound performance for both datasets. This increase is attributed to the added variability during

training, which is crucial for mitigating overfitting, particularly in this scenario, in which the

model is using three similar slices from the same patient. Furthermore, augmentations yielded an

improvement in the lower bound performance for the Leuven dataset, as the increased diversity

helped reduce the negative impact of domain shift.

The integration of the segmentation mask resulted in a significant performance increase across

both datasets, most notably in the Sydney cohort. This can be explained by the mask’s ability

to preserve only the relevant diagnostic signal while removing noise that is irrelevant for the di-

agnosis. Consequently, this also led to a substantial improvement in lower bound performance;

by filtering out image noise, the model training process is facilitated, and it learns more invariant

features, becoming significantly more robust to differences between the datasets. Adding aug-

mentations on top of the masks increased the upper bound performance, achieving good results

in the classification of LAM avulsion, AUC of 0.9233 and 0.8051 in Sydney and Leuven dataset,

respectively.
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Table 5.2: Impact of data augmentation and segmentation masks on convnextv2_atto performance
across domains. The Lower Bound AUC represents performance when testing on a dataset differ-
ent from the training set, while the Upper Bound AUC corresponds to testing on the same dataset
used for training. Bold values indicate the highest Mean AUC achieved per dataset.

Test Sydney Test Leuven

Configuration Upper Bound AUC Lower Bound AUC Upper Bound AUC Lower Bound AUC

Base 0.8083 ± 0.1477 0.6033 ± 0.2326 0.7154 ± 0.0875 0.5192 ± 0.1850
Aug 0.8167 ± 0.1333 0.5892 ± 0.2276 0.7513 ± 0.1600 0.5654 ± 0.1566
Base + Mask 0.9067 ± 0.0962 0.8033 ± 0.1108 0.7718 ± 0.1103 0.7128 ± 0.1803
Aug + Mask 0.9233 ± 0.0751 0.7892 ± 0.1423 0.8051 ± 0.1476 0.7308 ± 0.2296

Figure 5.1 illustrates the t-SNE projections of the feature space generated by the baseline

model (using data augmentation). These plots highlight the significant performance gap between

the upper and lower bounds: AUC values drop from 0.8167 to 0.5892 when trained on the Sydney

dataset, and from 0.7513 to 0.5654 when trained on the Leuven dataset. This observed divergence

in the latent space provides a visual representation of this domain shift. A clear decision boundary

is visible between the avulsion and intact features within the source domain, consistent with the

model’s high discriminative performance. In contrast, features from the target domain are not

clearly separable by class and are situated in a distinct region of the latent space.

Figure 5.1: Representation of the feature space of the baseline model from a representative fold,
illustrated by t-SNE plots. a) Model trained on Leuven dataset b) Model trained on Sydney dataset.

Despite the higher performance achieved by using the segmentation mask in the classification

of LAM avulsion, this configuration was not used in the subsequent DA experiments. Although

effective on these datasets, the robustness of the segmentation model has not been thoroughly

validated across diverse clinical sites. This limits its reliability as a pre-processing step, as it relies
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on the assumption that the segmentation masks are consistently accurate. Since the objective of

this work is to evaluate DA techniques, it is not ideal to introduce a pre-processing step that could

potentially fail when applied to data from different hospitals. Furthermore, the augmentation only

configuration already exhibits a significant domain shift while maintaining strong upper-bound

performance on both datasets. Therefore, it provides a suitable baseline to assess the efficiency of

DA techniques without adding unnecessary complexity to the pre-processing phase.

5.2 DA Methods

In the following subsections, the results for each method are presented, organized by their respec-

tive methodology family. Each method was evaluated under various hyperparameter configura-

tions, as previously detailed in Section 4.4, to examine their specific impact on the DA process.

Following the selection of the optimal hyperparameters for each method, a benchmarking section

is provided. It includes the computation of the Oracle AUC for each method, representing their

potential in mitigating domain shift, as well as a detailed analysis of performance gains and and

an evaluation of their statistical significance.

5.2.1 Feature Alignment

EDM Methods

As can be seen in Table 5.3, DA methods such as MMD, CORAL, and CMD are strongly de-

pendent on hyperparameter configurations. Through exploring different values of α to align the

source and target feature distributions, the results indicate that these methods struggle to consis-

tently bridge the performance gap between the lower and upper bounds.

For the Sydney dataset, CORAL was the EDM method that facilitated a better adaptation

process, achieving an AUC of 0.6550 ± 0.1455 (α = 10), considerably higher than the lower

bound and with a smaller standard deviation across folds. This suggests that, for this alignment

direction, matching the covariance of the feature distribution is the most effective strategy. For

the Leuven dataset, implementing MMD as a regularization factor with an α of 0.05 led to a

substantial increase in the mean AUC compared to the lower bound (0.6756±0.2189). However,

there was also an increase in the standard deviation, meaning that this alignment completely failed

in some folds.

It is also possible to see that the best results obtained using CMD did not outperform those

achieved with MMD and CORAL, which can be attributed to the fact that CMD also depends on

the number of moments being aligned (K value), making parameter tuning more sensitive to the

specific setting. Additionally, if the K value is not properly tuned, it may lead to the alignment of

noise in the distributions, since aligning higher-order moments can capture non-discriminative

details when K is too high, or under-align the distributions when K is too low, which leaves

important domain discrepancies unresolved.
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Table 5.3: Mean AUC (± std) for convnextv2_atto after the implementation of EDM methods,
such MMD, CORAL, and CMD, with different alpha values. Bold values indicate the highest
Mean AUC achieved by each method per dataset.

Mean AUC

Setting Alpha Test Sydney Test Leuven

Upper Bound — 0.8167±0.1333 0.7513±0.1600

MMD
0.05 0.5475±0.1493 0.6115±0.2143
0.1 0.6258±0.1636 0.6115±0.2407

Linear Increase 0.4867±0.1672 0.6090±0.2227

CORAL
5 0.5783±0.1736 0.5577±0.1420
10 0.6550±0.1455 0.5872±0.1893

Linear Increase 0.6417±0.2348 0.5603±0.1430

CMD
0.1 0.5667±0.2622 0.5974±0.1902
0.5 0.4992±0.1004 0.5808±0.1695

Linear Increase 0.6033±0.1898 0.5641±0.1347

Lower Bound — 0.5892±0.2276 0.5654±0.1566

These methods aim to align the global distribution of features, which can lead to the mis-

aligned mapping of classes. For instance, avulsion cases from the target domain may be incorrectly

mapped to the feature representations of intact source cases during training. While this achieves

a successful global alignment of feature distributions, it sacrifices the discriminative ability of the

model in the target domain. This is accentuated by the fact that the lower-bound performance is

already close to random (AUC of 0.5), which indicates a substantial domain shift. As a result,

the target-domain features lie far from the source-domain feature region, which hinders correct

alignment. Figure 5.2 illustrates this behaviour, showing the evolution of the latent feature space

across training epochs when applying the CMD method with an α of 0.5. In epoch 1, there is

a clear formation of two clusters of points, each representing one domain. Across the epochs,

the global feature distributions become aligned, with the points moving closer together in feature

space; however, there is no clear boundary separating the intact and avulsion cases.
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Figure 5.2: Representation of the feature space from a representative fold across different epochs
(1,10,20) using CMD method with an α of 0.5.

IDM Methods

Table 5.4 displays the results obtained for the IDM methods that use adversarial training to pro-

mote the alignment of the domains. For both of the datasets, the best results were achieved by

implementing CDAN with a λmax of 0.5, resulting in an AUC of 0.5950 ± 0.0935 and 0.7231 ±
0.1143 for the Sydney and Leuven dataset, respectively. These values are both superior to the mean

AUC of the lower bound and with a smaller std, resulting in an improvement in the performance

of the model, successfully reducing the domain shift.

Table 5.4: Mean AUC (± std) for convnextv2_atto after the implementation of IDM methods,
such DANN and CDAN, with different λmax values. Bold values indicate the highest Mean AUC
achieved by each method per dataset.

Mean AUC

Setting λmax Test Sydney Test Leuven

Upper Bound — 0.8167±0.1333 0.7513±0.1600

DANN
0.1 0.5525±0.1802 0.6423±0.1443
0.5 0.5650±0.1669 0.6295±0.0828
1 0.4817±0.1720 0.5590±0.1446

CDAN
0.1 0.5050±0.1800 0.5744±0.1581
0.5 0.5950±0.0935 0.7231±0.1143
1 0.5325±0.0497 0.6654±0.1542

Lower Bound — 0.5892±0.2276 0.5654±0.1566

As expected, the best results achieved by CDAN were able to outperform those obtained with

DANN (0.5650 ± 0.1669 and 0.6423 ± 0.1443 for the Sydney and Leuven datasets, respectively).

This can be explained by the fact that CDAN aligns the domains while taking into consideration the

labels of the samples, as opposed to DANN. This results in the alignment of intact features from

the source domain with intact features from the target domain, and avulsion features from the
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source domain with avulsion features from the target domain. Figure 5.3 shows the reorganization

of the feature space across epochs, where by Epoch 20, source and target features corresponding

to the same label are visibly closer in the embedding space.

Figure 5.3: Representation of the feature space across different epochs (1,10,20) using CDAN
method with an λmax of 0.5.

The results also show that the performance of these methods is dependent on the regularization

factor of the domain discriminator loss (λ ). In these methods, maintaining a balance between the

domain discriminator and the feature extractor is important, so that neither component dominates

the training process. While low values of λ lead to a training in which the features of the two

domains are not properly aligned, leading to high domain discriminator accuracy, high values of λ

force the discriminator into a state where it consistently misclassifies domains, driving its accuracy

toward 0% as it essentially learns to invert the labels. To achieve good domain alignment using

these methods, during the initial epochs of training, the model should focus on distinguishing intact

from avulsion cases and then consistently force the features extracted to be invariant, resulting in

a discriminator accuracy close to 50%. Therefore, the best results were mainly achieved using

a λmax of 0.5, allowing a better balance. Figure 5.4 shows the impact of the λ parameter in the

domain discriminator accuracy using λmax of 0.1, 0.5 and 1.

Figure 5.4: Impact of the regularization factor λ on the domain discriminator accuracy (blue line)
throughout training, using λmax of 0.1,0.5 and 1. The orange line represents the scheduled increase
of λ over epochs.
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5.2.2 Image Translation

Histogram Matching

The HM method was successfully implemented, aligning the intensity distributions of both do-

mains, as shown in Figure 5.5. The CDF of the original image was properly aligned to the ref-

erence CDF, resulting in a transformation of the image style. As can be seen from the global

reference histograms of both domains, the Leuven dataset typically has a higher brightness than

the Sydney dataset and by applying HM, Leuven images become darker, while Sydney images

exhibit increased intensity levels.

Figure 5.5: Visual representation of the HM process, demonstrating the alignment of image inten-
sity distributions between domains, displaying the PMF and CDF to illustrate the convergence of
the source image statistics towards the target domain reference.

Figure 5.6 shows the results of applying HM as a DA method. This method was able to reduce

the domain shift, as the models achieved better performance when compared to the lower bound.

Using the same augmentations as the baseline model, for the Sydney test set, GHM transform-

ing the training images to the target domain style was able to achieve a mean AUC of 0.7008
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(±0.1597). Conversely, for the Leuven test set, the best performance was obtained with the In-

stance HM method, achieving a mean AUC of 0.6321 (±0.1751).

Since the intensity distributions of the domains were explicitly aligned, the application of

intensity and contrast augmentations could nullify these effects, effectively reversing the benefits

of the HM. Therefore, despite not being completely comparable to the lower and upper bounds due

to the differences in the augmentation set, the effect of removing these augmentations was studied.

For the Sydney dataset, there was a very small increase in performance in GHM configuration,

however, due to the size of the standard deviation (± 0.2026), this increase can be considered

negligible. In the Leuven dataset, this led to a considerable decrease in performance. Despite

possibly changing the intensity distribution slightly, the augmentations introduced variability in

the training, which led to a more stable training and the mitigation of the domain shift.

Figure 5.6: Results of applying the IHM and GHM methods to reduce domain shift. Blue bars
represent the results obtained using the same augmentations as the baseline models. Orange bars
represent the results when removing the random brightness and contrast augmentations.

Fourier Domain Adaptation

FDA was implemented, testing the different configurations (Global FDA and Instance FDA), us-

ing various β values, as shown in Table 5.5. For the Sydney dataset, Instance FDA led to a

considerable increase in AUC, with a lower standard deviation than the lower bound, achieving

0.6617±0.1963 (β = 0.01). In this case, the variability in style introduced by randomly selecting

a target-domain representation was advantageous when adapting from Leuven to Sydney images.

On the other hand, for the Leuven dataset, the best performance was achieved using the Global

FDA configuration, where the training set was transformed to the target-domain style, reaching a

mean AUC of 0.6564±0.0759 (β = 0.05). This can be explained by the fact that, in this dataset,

the stability introduced by using a global representation of the target dataset allowed better adap-

tation of the model, reducing the potential noise from outliers.
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The results of implementing Global FDA in the opposite direction (i.e., adjusting test images

to the source domain style) did not outperform the ones obtained in the other configurations. This

indicates that it is more effective to adapt the training process to the target-domain style, rather

than attempting to align test images with the source domain after, as the FDA transformation

can introduce spectral artifacts that the model was never exposed to during training, leading to

the degradation of the performance. Introducing this process during training allows the model to

classify avulsion accurately even in the presence of some cases with artifacts, increasing its overall

robustness to such distortions while adjusting the style.

Table 5.5: Mean AUC (± std) for convnextv2_atto after the implementation of different FDA
configurations (Global FDA and IHM FDA), with different β values. Bold values indicate the
highest Mean AUC achieved by each configuration per dataset.

Mean AUC

Setting Beta Test Sydney Test Leuven

Upper Bound — 0.8167±0.1333 0.7513±0.1600

Global FDA
(Train→Target Domain Style)

0.01 0.6050±0.2351 0.5859±0.1432
0.05 0.5475±0.1828 0.6564±0.0759
0.09 0.5142±0.1731 0.5718±0.1619

Global FDA
(Test→Source Domain Style)

0.01 0.5858±0.1871 0.5577±0.1380
0.05 0.5783±0.1567 0.4692±0.1174
0.09 0.6050±0.1457 0.4231±0.1311

Instance FDA
(Train→Target Domain Style)

0.01 0.6617±0.1963 0.5756±0.1194
0.05 0.5475±0.1773 0.5436±0.1326
0.09 0.5033±0.1963 0.5487±0.1109

Lower Bound — 0.5892±0.2276 0.5654±0.1566

Additionally, the best results for the Sydney and Leuven datasets were obtained when using a

β value of 0.01 and 0.05, respectively. As it is possible to verify in Figure 5.7, higher values of

β lead to the appearance of artifacts in the transformed images, in accordance with the theoretical

presumption that higher frequencies of the amplitude spectrum contain structural and semantic

details. This is more visible in the Sydney dataset, where the loss of structural details and increased

blurriness explain why the optimal performance was obtained with a smaller β value of 0.01.
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Figure 5.7: Visual representation of the effect of different β values (0.01, 0.05, and 0.09) on the
image appearance for both datasets.

5.2.3 Pseudo Labeling

Table 5.6 presents the results of implementing FixMatch method using a fixed threshold (τ = 0.70)

while varying the λmax parameter to control the weight of the pseudo-label loss during optimiza-

tion. Implementing this method with λmax = 0.1 yielded the best performance on both datasets,

achieving 0.6425±0.1964 and 0.5885±0.1371 for the Sydney and Leuven datasets, respectively.

Since pseudo-labels can be erroneous, mainly during the initial epochs, a smaller λmax ensures

that they serve only as auxiliary supervision, while the labeled source domain data remains the

dominant factor in the loss optimization process.

Table 5.6: Mean AUC (± std) for convnextv2_atto after the implementation of a PL method
(FixMatch) with different λmax values. Bold values indicate the highest Mean AUC per dataset.

Mean AUC

Setting λmax Test Sydney Test Leuven

Upper Bound — 0.8167±0.1333 0.7513±0.1600

FixMatch
0.1 0.6425±0.1964 0.5885±0.1371
0.5 0.6200±0.1839 0.5449±0.1569
1 0.5900±0.1774 0.5679±0.2131

Lower Bound — 0.5892±0.2276 0.5654±0.1566

The effect of changing the confidence threshold was also studied, as it directly impacts both

the reliability and the number of pseudo-labels used. Figure 5.8a displays the number of pseudo-

labels generated across epochs. As expected, using a smaller τ value results in a considerable
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increase in the number of pseudo-labels, particularly in the initial epochs. However, these labels

are more likely to be erroneous, potentially misguiding the model’s learning process. Conversely,

employing higher τ values (e.g., 0.80) leads to fewer pseudo-labels, for which the model is more

confident and which are more likely to be correct. However, this significantly reduces the number

of used target domain samples, complicating the DA process. Consequently, the best results were

achieved using an intermediate τ value (0.70), which effectively balances the quantity of pseudo-

labels with their reliability, as shown in Figure 5.8b.

Figure 5.8: Impact of the confidence threshold (τ) on the PL method. (a) Evolution of the number
of pseudo-labels generated per epoch. (b) Influence of the threshold τ on the final Mean AUC
performance for both Sydney and Leuven test sets.

5.2.4 Test Time Adaptation

TTA methods aim to reduce domain shift by adjusting model weights during inference. Table

5.7 shows the results when applying Tent to the baseline models. This method improved perfor-

mance when adjusting the weights of the model trained on Leuven data for testing on Sydney data,

achieving a performance of 0.6583±0.2202 in one step. Conversely, on the Leuven dataset, this

method resulted in performance degradation.

Although increasing the number of steps drives the adaptation process toward lower entropy,

this optimization may lead the model in the opposite direction of what is intended, particularly

since the baseline performance is very close to being random (AUC of 0.5). Consequently, the

model fails to improve because it lacks sufficient discriminative ability in the target domain to ef-

fectively guide the adaptation process, which was verified when using 10 steps in the optimization

cycle.

The architecture used, convnextv2_atto, is not ideal for this TTA method because it relies

mainly on LayerNorm2d and GRN rather than Batch Normalization, the setting for which Tent

was originally developed. Given that Layer Normalization layers do not rely on global running

statistics (such as mean and variance), they operate locally by computing these values for each

input sample. Since Tent primarily optimizes affine parameters, it is restricted to a single sample

optimization that lacks the domain-level anchor provided by Batch Normalization to stabilize the
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adaptation process. This may lead to overfitting on individual samples, thereby failing to provide

the stability required to mitigate domain shifts.

Table 5.7: Mean AUC (± std) for convnextv2_atto after the implementation of a TTA method
(Tent) with different adaptation steps. Bold values indicate the highest Mean AUC per dataset.

Mean AUC

Setting Steps Test Sydney Test Leuven

Upper Bound — 0.8167±0.1333 0.7513±0.1600

Tent
1 0.6583±0.2202 0.5026±0.0911

10 0.5808±0.2106 0.4346±0.2024

Lower Bound — 0.5892±0.2276 0.5654±0.1566

5.3 Performance Benchmarking

Following the previous experiments that aimed to tune the hyperparameters for each method and

assess their impact on the DA process, the best configurations were fixed for each dataset and

used to conduct a more detailed analysis, as shown in Table 5.8. For the HM methods, despite not

always achieving the best performance, the configuration applying all augmentations was the one

tested in this experiment, since it is comparable with the lower and upper bounds.

Table 5.8: Summary of the best-performing methods per DA family. It shows the configuration that
yielded the highest Mean AUC on the respective test set across all hyperparameter experiments.

Family Method Test Sydney Test Leuven

Feature Alignment (EDM)
MMD α = 0.1 α = 0.1
CORAL α = 10 α = 10
CMD α = LI α = 0.1

Feature Alignment (IDM)
DANN λmax = 0.5 λmax = 0.1
CDAN λmax = 0.5 λmax = 0.5

Image Translation (HM)
Global HM (Train -> Target) With Aug With Aug
Global HM (Test -> Source) With Aug With Aug
Instance HM (Train -> Target) With Aug With Aug

Image Translation (FDA)
Global FDA (Train -> Target) β = 0.01 β = 0.05
Global FDA (Test -> Source) β = 0.09 β = 0.01
Instance FDA (Train -> Target) β = 0.01 β = 0.01

Pseudo Labeling FixMatch λmax = 0.1 λmax = 0.1

Test-Time Adaptation Tent steps=1 steps=1

Additionally, in a fully UDA setting, where target samples are unavailable during training and

validation, identifying the epoch at which the model achieves the best discriminative capacity in

the target domain can be a difficult task. Therefore, an Oracle AUC was computed as explained in
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Chapter 4.4. For the methods that implied using the already pre-trained baseline model, the Oracle

AUC was not possible to obtain, since it did not imply a training process.

As visible in Tables 5.9 and 5.10, all DA methods exhibit an Oracle AUC higher than the

Oracle AUC of the lower bound, successfully reducing the domain shift. Moreover, the Oracle

AUC was significantly higher than the Mean AUC obtained using the validation AUC of the source

domain as an early stopping criterion. This reinforces that the model selected during training did

not often correspond to the best performing model in the target domain. For both datasets, CDAN

was the method that showed the highest Oracle AUC, which can be attributed to the fact that the

alignment takes into consideration the labels of the samples. When using a good model selection

criterion, it is possible to achieve AUCs closer to the upper bound.

Although the Oracle AUC demonstrates the method’s potential, it is not a reliable metric for

real-world deployment. Therefore, using models selected based on source validation AUC, a

more comprehensive analysis was performed. This evaluation includes the mean performance

increase over the lower bound with the standard deviation, the number of folds in which the DA

outperformed the lower bound, Cohen’s d effect size, and the statistical significance evaluated

using the Wilcoxon signed-rank test.

For the Sydney dataset (Table 5.9), GHM was able to achieve the best gain in Mean AUC

(0.1117 ± 0.1386), when adapting the training set to the target domain style. This method was

able to outperform the lower bound in 4 out of 5 folds, obtaining a high Cohen distance (>0.80),

indicating that the DA yields a substantial performance improvement over the lower bound despite

not achieving statistical difference (p-value > 0.05). All of the methods, except DANN, were able

to outperform the lower bound, despite not achieving statistical relevance.

Regarding the Leuven dataset, CDAN was the method that obtained the most significant in-

crease in performance (0.1577 ± 0.0672 ), almost achieving the upper bound, reducing the do-

main shift effect. This method outperformed the lower bound in all folds and, thereby, was able

to achieve statistical significance and an high Cohen distance, reinforcing this improvement. All

the other methods were also able to outperform the lower bound, except the Global FDA when

adapting the test set to the source style and the Tent Method.

Although most methods did not achieve a statistically significant improvement, the Cohen’s

d value provides a measure of the effect size, indicating that several DA methods still led to sub-

stantial performance gains. Given the small sample size and the sensitivity of this statistical test

to fold variance, p-values may underestimate the real advantages in implementing these methods.

Consequently, interpreting other metrics such as effect size alongside the mean performance in-

crease offers a more comprehensive understanding of the impact of each method in reducing these

discrepancies between domains.
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Table 5.9: Performance evaluation of DA methods on the Sydney test set. Results show Mean
AUC, Cohen’s d, and Win Rate (W/T) relative to the LB baseline. The values are reported as
Mean ± Standard Deviation across 5-fold cross-validation. ∗ indicates statistical significance with
p < 0.05 using Wilcoxon signed-rank test. Best value for each metric in bold.

Method Oracle AUC Mean AUC Diff (Mean ± STD) W/T Cohen D

Upper Bound 0.8533 ± 0.1108 0.8167 ± 0.1333 - - -

MMD 0.7775 ± 0.1695∗ 0.6258 ± 0.1636 0.0367 ± 0.1591 3/5 0.2305
CORAL 0.7733 ± 0.1367 0.6550 ± 0.1455 0.0659 ± 0.2672 3/5 0.2465
CMD 0.7008 ± 0.1143 0.6033 ± 0.1898 0.0142 ± 0.1136 3/5 0.1248

DANN 0.7384 ± 0.1424 0.5650 ± 0.1669 -0.0242 ± 0.2896 3/5 -0.0834
CDAN 0.7842 ± 0.0258 0.5950 ± 0.0935 0.0058 ± 0.2083 3/5 0.0280

GHM (Adapt Train) 0.7567 ± 0.1847 0.7008 ± 0.1597 0.1117 ± 0.1386 4/5 0.8055
GHM (Adapt Test) - 0.6342 ± 0.1587 0.0450 ± 0.0912 4/5 0.4937
IHM (Adapt Train) 0.6983 ± 0.1158 0.6733 ± 0.1902 0.0667 ± 0.1509 4/5 0.4417

GFDA (Adapt Train) 0.6667 ± 0.2205 0.6050 ± 0.2351 0.0159 ± 0.0517 3/5 0.3067
GFDA (Adapt Test) - 0.6050 ± 0.1457 0.0158 ± 0.1251 2/5 0.1266
IFDA (Adapt Train) 0.7125 ± 0.1831 0.6617 ± 0.1963 0.0725 ± 0.0933 3/5 0.7769

FixMatch 0.7142 ± 0.1694∗ 0.6425 ± 0.1964 0.0533 ± 0.0877 3/5 0.6083

Tent - 0.6583 ± 0.2202 0.0692 ± 0.1284 2/5 0.5387

Lower Bound 0.6492 ± 0.1894 0.5892 ± 0.2276 - - -

Table 5.10: Performance evaluation of DA methods on the Leuven test set. Results show Mean
AUC, Cohen’s d, and Win Rate (W/T) relative to the LB baseline. The values are reported as
Mean ± Standard Deviation across 5-fold cross-validation. ∗ indicates statistical significance with
p < 0.05 using Wilcoxon signed-rank test. Best value for each metric in bold.

Method Oracle AUC Mean AUC Diff (Mean ± STD) W/T Cohen D

Upper Bound 0.7833 ± 0.1387 0.7513 ± 0.1600 - - -

MMD 0.7282 ± 0.1783 0.6115 ± 0.2407 0.0462 ± 0.1776 3/5 0.2599
CORAL 0.6897 ± 0.1493 0.5872 ± 0.1893 0.0218 ± 0.1220 3/5 0.1787
CMD 0.7333 ± 0.1788 0.5974 ± 0.1902 0.0321 ± 0.0821 2/5 0.3905

DANN 0.7231 ± 0.1294∗ 0.6423 ± 0.1443 0.0769 ± 0.1254 4/5 0.6136
CDAN 0.7756 ± 0.1324∗ 0.7231 ± 0.1142∗ 0.1577 ± 0.0672 5/5 2.3464

GHM (Adapt Train) 0.6744 ± 0.1239 0.6295 ± 0.1124 0.0641 ± 0.1852 3/5 0.3462
GHM (Adapt Test) - 0.5846 ± 0.0928 0.0192 ± 0.0828 2/5 0.2322
IHM (Adapt Train) 0.7141 ± 0.1600 0.6321 ± 0.1751 0.0842 ± 0.1291 4/5 0.6520

GFDA (Adapt Train) 0.7077 ± 0.0712 0.6564 ± 0.0759 0.0910 ± 0.1563 3/5 0.5825
GFDA (Adapt Test) - 0.5577 ± 0.1380 -0.0077 ± 0.0570 1/5 -0.1347
IFDA (Adapt Train) 0.6333 ± 0.1003 0.5756 ± 0.1194 0.0102 ± 0.1529 4/5 0.0670

FixMatch 0.6590 ± 0.1149 0.5885 ± 0.1371 0.0231 ± 0.1328 2/5 0.1738
Tent - 0.5026 ± 0.0911 -0.0628 ± 0.0910 1/5 -0.6903

Lower Bound 0.6474 ± 0.1060 0.5654 ± 0.1873 - - -
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Conclusion

This dissertation demonstrates the inherent heterogeneity within the medical field, where varia-

tions in clinical protocols, patient demographics, and image acquisition equipment can cause a

domain shift across different clinical settings and institutions. This leads to performance degrada-

tion when models are deployed on data that follows a different distribution, a problem that can be

attenuated by incorporating DA techniques.

6.1 Contributions and Results

This project began by analysing two datasets extracted from distinct institutions: UZ Leuven and

the Sydney Urodynamic Centres. The demographic data and the US equipment used to obtain the

images were analysed and revealed significant differences in patient age, BMI, and parity, which

influence image appearance. Furthermore, the Sydney dataset predominantly utilized more recent

US hardware, resulting in higher image quality compared to the Leuven dataset. Additionally,

the Sydney cohort, consisting primarily of symptomatic patients, presented a larger proportion of

avulsion cases, which induced a prior shift between the two datasets.

After verifying the existence of a domain shift, experiments were conducted to analyse the

feasibility of diagnosing LAM avulsion in these datasets. Models were trained and tested on each

dataset using different architectures. The ConvNeXtV2-Atto achieved the best results and was,

therefore, selected for the subsequent work.

An upper bound (model trained and tested on the same dataset) and a lower bound (model

trained on a different dataset than the one on which it was tested) were obtained, testing the

effect of using augmentations and the application of a segmentation mask. The combination of

augmentations and the segmentation mask led to the best upper bound performance, achieving an

AUC of 0.9233 ± 0.0751 and 0.8051 ± 0.1476 for the Sydney and Leuven datasets, respectively.

However, due to the complexity of the segmentation model added in this configuration, which

could fail on other datasets, the augmentation only configuration was used in the DA experiments,

as it achieved a good upper bound (Sydney - 0.8167 ± 0.1333 and Leuven - 0.7513 ± 0.1600 ) and

a significantly decreased lower bound (Sydney - 0.5892 ± 0.2276 and Leuven - 0.5654 ± 0.1566).

60
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Several DA methods were implemented with the objective of increasing this lower bound per-

formance, by using unlabeled samples from the target domain to reduce the domain shift. Various

families of methods, each employing distinct mechanisms, were implemented and properly tuned

to analyse their impact on performance.

Feature alignment methods based on using an explicit discrepancy metric as a regularization

factor in the loss function were successfully implemented, leading to a better organization of both

domains in the feature space. CORAL achieved a performance of 0.6550 ± 0.1455 on the Sydney

dataset, and MMD was the most efficient method on the Leuven dataset, reaching a mean AUC

of 0.6115 ± 0.2143. For the IDM methods, CDAN outperformed the DANN method as it aligns

distributions based on the predicted labels, reducing the domain shift by using a moderate value

of λmax to ensure that the adversarial component is balanced with the label discriminator.

Image translation methods were able to align the visual appearance of both datasets. HM ob-

tained a performance of 0.7008 ± 0.1597 (Sydney) and 0.6321 ± 0.1751 (Leuven), significantly

reducing the performance gap. FDA also reduced the domain shift, though it proved highly de-

pendent on the β factor, which led to image artifacts when not properly tuned.

Experiments implementing the Pseudo-Labeling method (FixMatch) showed that this approach

performs best when using an intermediate confidence threshold (0.70) for target domain labels. It

also benefits from a smaller weight in the loss function, as early pseudo-labels can introduce erro-

neous information into the model’s training process.

Subsequently, the Test-Time Adaptation method (Tent), which aims to adjust a subset of the

model’s weights during inference, was investigated. This method only reduced the domain shift

for the Sydney dataset and failed completely on the Leuven dataset, particularly when increasing

the number of steps in the training loop. This occurred because this method is not effective when

the lower-bound performance is already close to random. Additionally, using architectures that do

not use batch normalization layers may result in a degradation in performance.

Finally, after identifying the best-performing method with parameters properly tuned for each

family, a detailed comparison featuring statistical analysis was conducted, including the calcula-

tion of an Oracle AUC to evaluate the potential of each method in mitigating domain shift. For the

Sydney dataset, GHM was the method that was able to achieve the highest performance. For the

Leuven dataset, CDAN was the most effective method, yielding a statistical increase and reduc-

ing the domain gap by 0.1577 ± 0.0672. This method proved superior to the others, as it aligns

the domains not only based on the global distribution but also by taking the labels into account.

Oracle AUC also showed that CDAN was the method with the greatest potential in reducing these

discrepancies, if the optimal stopping epoch can be determined.
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6.2 Limitations and Future Work

Despite the fact that all methods were successfully implemented and capable of reducing domain

shift, this work presented certain limitations and remains open to future improvements.

One of the main limitations of this work is the small size of the datasets. Since no public

dataset was used, the acquisition and annotation of these private datasets were time-consuming

tasks, requiring highly specialized clinical expertise and uniform label processing across institu-

tions to ensure the datasets were compatible for the same application (both datasets were annotated

with intact and complete avulsion cases). The small size of the datasets limited the type of DA

methods implemented, since commonly used generative approaches were not tested, as they typi-

cally require large quantities of data.

Additionally, although all DA methods led to an increase in mean AUC, only one achieved

statistical significance. This can also be attributed to the small size of the datasets, which caused

high variance in performance across folds, ultimately resulting in non-significant improvements

when applying statistical tests.

For future work, it would be interesting to apply these DA methods across more than two

centers. Additionally, it would be valuable to investigate scenarios involving different types of

domain shifts, such as adaptation from MRI to US (two modalities commonly used for LAM

assessment). Moreover, this dissertation did not explore metrics for evaluating adaptation progress

in the target domain during the training, which would have been useful for monitoring the model’s

performance on the validation set, facilitating model selection.

6.3 Final Remarks

This dissertation analysed the existence of domain shift across medical settings and its underlying

implications when applying AI models in clinical environments. The two main objectives initially

defined were successfully achieved.

The models exhibited strong performance in the classification of LAM avulsion, and the im-

plemented DA methods demonstrated the potential to mitigate performance degradation caused by

domain shift. Ultimately, this work provides a detailed analysis of the implementation of several

methods, highlighting the advantages of obtaining models that perform effectively in a target do-

main without requiring new clinical annotations, which is typically a time-consuming process that

requires experienced clinicians, hindering clinical workflows.
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