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Abstract

\Domain Adaptation of Deep Neural Networks for
Medical Imaging under Limited Data Constraints"

Sidra Aleem

Medical imaging analysis has advanced signi cantly due to developments in com-
puter vision. However, deep learning models are typically trained on consistent
data distributions, which hampers generalizability when evaluated on datasets with
varying distributions. This issue is especially prominent in medical imaging, where
heterogeneity arises from di erences in acquisition sites, imaging protocols, scanner
types, and patient demographics. Additionally, strong performance of neural net-
works is linked to the availability of large, labeled datasets. However, annotated
data is scarce in medical imaging, and domain expertise is not readily available,
further hindering robust model development.

This research addresses these challenges by proposing novel domain adaptation
methods to improve neural network generalization across diverse medical imaging
domains. The methods achieve e ective adaptation while minimizing the depen-
dency on large labeled datasets, addressing the limited data availability in real-world
medical settings.

This work has developed three alternatives to supervised domain adaptation,
with several key innovations: (1) A novel, unsupervised, parameter-e cient domain
adaptation framework for multi-target medical imaging domains is proposed. It
overcomes the limitations of supervised training and the scarcity of labeled data.
(2) A novel test-time adaptation framework to adapt natural foundation models, en-
abling zero-shot transferability to medical tasks without relying on labeled data. It
addresses several key challenges: the need for supervised training, domain-speci c
ne-tuning, the unavailability of annotated data, lack of domain expertise, and
computational constraints. (3) A few-shot learning framework is proposed to adapt
foundation models for ne-grained medical tasks, highlighting the intrinsic limita-
tions of foundation models when applied to complex medical tasks.

These frameworks have improved our understanding of how domain adaptation
can be e ectively utilized for medical imaging analysis with limited labeled data
and high data variability. This thesis serves as a valuable resource for medical
practitioners and tool developers in designing innovative algorithms and applications
for healthcare.






Chapter 1

Introduction

Image segmentation is a critical task in medical imaging analysis. During segmen-
tation, an image is partitioned into meaningful regions. The precise segmentation
and labeling of these structures can assist clinicians with disease diagnosis, progno-
sis, and treatment planning. Deep learning models, particularly when trained on
large, labeled homogeneous datasets, have demonstrated the potential to match or
outperform the clinical experts in certain cases [21, 22, 23]. Segmentation tasks are
diverse in the medical domain, ranging from identifying large anatomical structures
to detecting subtle pathological changes. Importantly, the heterogeneous nature
of imaging modalities, acquisition protocols, patient demographics, and anatomical
di erences limits the generalizability and practical usability of models trained to pre-
dict a xed set of predetermined classes in real-world clinical settings, as additional
labeled data is required to capture new visual concepts.

This thesis explores alternatives to conventional supervised learning approaches
for adapting neural networks to diverse medical imaging segmentation tasks. It
focuses on the study of alternatives to address several key challenges that a ect the
generalization of neural networks: the heterogeneity of data, imaging modalities,
patient demographics, acquisition sites, and protocols , the scarcity of annotated
datasets, the complexity of anatomical structures, and the limited availability of
domain expertise.

In the following chapters, innovative solutions are proposed for the robust adap-
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tation of neural networks with minimal reliance on additional data and computa-
tional resources. The generalization of the proposed methods is evaluated across
diverse medical imaging tasks.

This chapter provides an overview of the research presented in this thesis and
outlines the motivation behind it, as discussed in Section 1.1. Section 1.2 presents
the hypothesis and research questions. Section 1.4 outlines the structure of this

thesis.

1.1 Motivation

1.1.1 Domain Shift

Although deep learning models have shown impressive performance on supervised
learning tasks, they often struggle to generalize well when the training and test sets
do not share the same distribution [24, 25, 26, 27]. Traditional machine learning
models are typically trained under the assumption of independent and identically
distributed (i.i.d.) data, meaning that the train and test sets follow the same dis-
tribution and are independent of each other [28]. However, this assumption rarely
holds true in the real world.

Domain shift is a problem that arises when the data distribution in the train
set di ers from the test set data distribution [24, 29, 1, 30]. The model's generaliz-
ability signi cantly deteriorates when the model is presented with data from a new
unforeseen domain that it did not encounter during training [31, 32, 1]. Domain
shift can arise from various factors such as changes in lighting, acquisition devices,
and background variations, as well as di erences in image collection methods, sensor
types, data sources, or geographical locations.

Figure 1.1 shows examples of how weather conditions can cause signi cant do-
main shift in image data. The rst row shows images from the source domain, where
the model is trained, while the second row shows images from the target domain,

where the model is evaluated. These examples illustrate how variations in weather
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conditions and day/night cycles create substantial visual di erences in the data,
even though all images were acquired from the same location. Such di erences lead

to domain shift between the source and target domains.

Figure 1.1: Domain shift caused by variations in weather and the
day/night cycle [1].

Impact of Domain Shift

Below are a few key points to understand the impact of domain shift:

1. Poor Robustness and Generalization: A model that is not robust to do-
main shifts may fail to generalize well when evaluated on an unforeseen data
domain. For instance, as illustrated in Figure 1.1, even though the data is
collected from the same location, the day/night cycle and weather changes
introduced variations that the model may not have encountered during train-
ing. Consequently, it will impact the model's generalizability, as illustrated in

Figure 1.2.

2. Decreased Model Accuracy: When a model is trained on data from one
domain (e.g., medical images from one hospital) and evaluated on another (e.qg.,
images from a di erent hospital), di erences in acquisition protocols, patient
populations, demographics, and data distributions (e.g., lighting, resolution)
can lead to a signi cant drop in accuracy. Thus, the model may not generalize
well to the new domain, leading to a sub-optimal performance as outlined in

Chapter 3.
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3. Increased Cost of Model Adaptation: Adapting models to address do-
main shifts often requires re-training or ne-tuning with data from the new
domain. This process demands a substantial amount of labeled data and is
resource-intensive (Section 2.4.1). This issue is particularly pronounced when
multiple target domains exist for a single task, such as (e.g, MRI scans from
various hospitals). Training separate models for each domain is not compu-
tationally e cient and is often impractical. These challenges are explored in

detail, with novel solutions proposed in Chapter 4.

Figure 1.2: Impact of domain shift on the model's generalizability. Figure
adapted from [2].

1.1.2 Domain Shift between Natural and Medical Imaging

Natural imaging datasets, such as ImageNet [33], signi cantly di er from medical
imaging domains like X-rays, MRIs, and CT scans in terms of content, structure,
and visual features [34, 35]. Models trained predominantly on natural images learn
features like edges, textures, and shapes of everyday objects, which may not be
suitable or e ective for complex and challenging medical tasks, as experimentally
demonstrated in Chapter 5. Medical images often have speci c intensity patterns,
contrasts, and structural elements that are not present in natural images. Their

grayscale nature (e.g., in X-rays) di ers from the RGB color space of natural imag-
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ing [28]. Consequently, methods that perform well on natural images often fail to
achieve optimal results in the medical imaging domain (Chapter 5 and Chapter 6).

Medical imaging analysis tasks often require the identi cation of specialized
domain-speci c features. The e ective analysis further demands a detailed un-
derstanding of di erent image sub-regions to perform ne-grained tasks, such as
recognizing complex pathological structures with varying morphologies and spa-
tial patterns or detecting tumors that are subtle and small. These domain-speci c
features are not well represented in the natural imaging domain, leading to signif-
icant di erences in the statistical distribution of features, which can result in poor
performance when the model is evaluated on medical imaging tasks Section 5.5,
Sections 5.5.5 and 6.5.3).

Additionally, unlike classi cation tasks in natural imaging domains, such as ob-
ject identi cation, medical imaging tasks are considerably more complex. In medical
imaging, pathologies are often camou aged, resembling other anatomical structures
(Figure 6.6). Itis especially challenging to distinguish between various lesions due to
the diverse spatial patterns and varying appearances of pathologies (as discussed in
Section 6.5.3). Furthermore, classifying or recognizing anatomical structures based
on their spatial location presents additional challenges (see Sections 5.5.5, 6.5.2
and 6.5.3).

All the challenges mentioned above highlight the signi cant di erences between
natural and medical imaging tasks, as well as the impact on a model's generalizability
caused by domain shifts, especially due to the di erences between features learned
from natural images and those from medical images. These challenges are thoroughly
investigated through experimentation, with novel solutions proposed in Chapter 5

and Chapter 6.

1.1.3 Domain Shift within Medical Imaging

The medical imaging domain does not only face challenges due to the domain shift

between natural imaging and medical imaging (Section 1.1.2) but also from the
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domain shift within medical imaging itself. The domain shift within medical imaging
can arise from various factors such as di erent imaging modalities, scanner types,
acquisition protocols, sites, patient populations, disease progression stages, age and
gender di erences, as well as variations in noise and artifacts [25, 28].

The diverse nature of medical imaging modalities leads to variations in how
features are represented within the same region of interest. For instance, in multi-
modal imaging such as MRI and CT, the same anatomical region is represented
by distinctly di erent features and visual characteristics [23]. One such scenario is
illustrated in Figure 1.3 (Cross Modality), where chest CT and MRI scan highlighted
di erent features of the same region. Similarly, di erent types of microscopy produce
varying representations of pathological structures. Even within a single imaging
modality, where the imaging modality is the same, however, the variations in scanner
manufacturers, models, and acquisition parameters can cause signi cant di erences

in the acquired data as illustrated in Figure 1.3 (Single Modality).

Figure 1.3: Domain shift in medical imaging caused by variations in
imaging modalities.

Similarly, di erent imaging protocols, such as T1-weighted versus T2-weighted
MRI sequences, highlight distinct anatomical features and pathologies, leading to
divergent data characteristics [36]. Figure 1.4 shows the image-level distribution
heterogeneity caused by di erent scanners. Figure 1.5 illustrates the problem of
inter-center domain shift in terms of the intensity distribution of structural mag-
netic resonance imaging (MRI) at four independent sites (UCL, Montreal, Zurich,
Vanderbilt) in Gray Matter Segmentation [4].

These intra- and inter-modality variations pose signi cant challenges to the gen-
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Figure 1.4. Top row: im- Figure 1.5: Intensity distribution of
age slices, bottom row: cor- MRI axial-slice pixels for gray mat-
responding intensity distri- ter segmentation collected from four
bution of normalized T1- di erent data sets [4].

weighted (a, b) and T2-
weighted (c, d) MRIs from
di erent scanners [3].

eralizability of machine learning models, particularly when applied to diverse imag-
ing tasks. Models trained on data from a speci ¢ scanner or protocol fail to gener-
alize when evaluated on the data acquired under di erent conditions. It emphasizes
the need for robust domain adaptation techniques to mitigate the challenges of do-
main shift in medical imaging. These challenges are thoroughly explored through

experiments, with novel solutions presented in the following chapters of this thesis.

1.1.4 Medical Data Scarcity

Deep learning has fundamentally transformed computer vision, o ering unprece-
dented capabilities to solve complex visual perception tasks. The availability of
large-scale, diverse, and well-annotated datasets (e.g., ImageNet [33]) has con-
tributed substantially to the success of deep learning models in computer vision
tasks [37, 1, 38]. Training on vast amounts of data enables neural networks to
learn complex representations that are robust and generalize e ectively to unseen
samples [39, 40].

However, the data presented to the model has to be exhaustively annotated:

the presence of mislabeled samples or samples that do not belong to the expected
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distribution of classes can lead to degradation of the representations learned by the

model [41, 42, 43].

The acquisition of medical datasets poses unique challenges compared to natu-
ral imaging datasets. While the latter bene ts from the relative ease of collecting
images of everyday objects, medical datasets are typically much smaller, often com-
prising only hundreds to thousands of images [44]. Although gathering data in the
medical imaging eld might seem straightforward, the process is far more complex
than collecting images of common objects. The primary obstacle in acquiring large
datasets within the medical or clinical domain arises from the complex nature of
the data acquisition itself. This process is heavily in uenced by a variety of factors
such as the type of disease, geographic location, the type and settings of imaging
equipment, time constraints, patient privacy concerns, and institutional copyright

restrictions [45].

While datasets such as RadlmageNet [46], MIMIC-CXR [47], CheXpert [48],
and ARCH [49] are available, they are skewed toward radiology and X-ray images.
Furthermore, medical imaging datasets are often small, and training neural networks
on such limited data can lead to over tting, particularly when using deep neural

networks [23, 39].

Moreover, annotating medical images requires specialized domain knowledge, to
ensure both accuracy and clinical relevance, which necessitates the involvement of
trained healthcare professionals [23, 50]. This expertise is often not available readily

and the process is both time-consuming and labor-intensive.

Additionally, medical imaging tasks are inherently more complex than those in
natural imaging. Medical imaging analysis tasks often require ne-grained region-
level annotations, in addition to global image-level labels. Acquiring such precise

labels in the medical domain is extremely challenging (Chapter 6).

Consequently, developing e ective methods for training deep learning models

with limited or no labeled data is crucial for medical imaging applications.
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1.1.5 Domain Adaptation in Medical Imaging under Lim-

ited Data Constraint

Solutions to address the generalizability challenges of neural networks arising from
domain shifts in medical imaging (Sections 1.1.2 and 1.1.3) and the limited avail-
ability of extensively annotated medical data (Section 1.1.4) focus on developing

robust domain adaptation methods that require minimal or no annotated data.

" Labeled data is available only from the source domain (the domain on which
the model is trained), while the target domain (the domain to which the model

must be adapted) contains only unlabeled data.

" The source domain data is unavailable, and only unlabeled data from the

target domain is accessible.

In the rst scenario, the model is initially trained on labeled data from the source
domain. The goal is to adapt the knowledge learned from the labeled source domain
to an unlabeled target domain. This approach is commonly known as \unsupervised
domain adaptation”. Our proposed approach for addressing this scenario, partic-
ularly within the realm of multi-target domain adaptation in the medical eld, is
detailed in Chapter 4.

The second scenario, known as \test-time domain adaptation”, does not involve
a source domain. Instead, it adapts the model to a new, unseen target domain
during the testing phase, without the need to re-train on the entire dataset. This
adaptation relies solely on unlabeled data from the target domain. Solutions for
this scenario, particularly in the context of adapting natural foundation models to
medical organ segmentation, are discussed in Chapter 5.

A signi cant body of research has explored the adaptation of foundation models,
predominantly trained on natural imaging data, to medical imaging tasks. However,
most of these e orts have focused on global image-level tasks or tasks where clean,
labeled data is readily available. The application of these models to complex ne-

grained medical tasks (which have wider real-world applications) remains largely
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unexplored. Solutions for adapting foundation models to ne-grained medical tasks,

along with the associated challenges and limitations, are discussed in Chapter 6.

1.2 Hypothesis and Research Questions

The proposed hypotheses guided the development of this thesis toward address-
ing several core challenges in medical imaging analysigt) Assessing the impact
of domain shifts (Section 1.1.2, 1.1.3), especially regarding the generalizability of
neural networks and the computational constraints involved when adapting these
models across multiple medical domaingb) Developing e ective strategies to ad-
dress domain shifts and adapt neural networks to medical imaging scenarios with
limited or no annotated data. (c) Exploring the adaptation of foundation models,
predominantly trained on natural images, to diverse medical imaging tasks aims to
address several challenges in the medical domain. The evaluation is conducted on
both global image-level tasks and ne-grained medical analysis tasks.

Computer vision has relied heavily on models pre-trained on ImageNet [33] using
supervised learning. Recent advancements have introduced alternative \foundation
models" in computer vision, which bene t from increasingly large datasets [51, 13,
52, 53, 37].

The research presented in this thesis initially focused on the adaptation of convo-
lution neural networks and transformer-based approaches. However, with the evolu-
tion of the eld, foundation models have gained signi cant attention, and their po-
tential bene ts have been widely discussed in the literature. The research presented
in this thesis aligns with this paradigm shift. Thus two hypotheses are proposed:
Hypothesis 1 (H1) focuses on the adaptation of pre-foundation model approaches,
such as CNNs, while Hypothesis 2 (H2) explores the adaptation of foundation mod-

els for the medical imaging domain.

H1. In medical imaging scenarios with multiple target domains, low-rank adapters

can facilitate parameter-e cient adaptation of convolutional neural networks. It
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provides an alternative to training separate dedicated networks for each domain and

achieves performance similar to full model adaptation while reducing computational

overhead.

" Initial domain adaptation methods typically involve pre-training a model with

a labeled source domain, with the eventual adaptation on labeled/unlabeled
the target domain (Section 2.4.1). In medical imaging, there are diverse target
domains (Section 1.1.3), and creating separate models for each target domain,
with the same trainable parameters as the base model, is impractical and com-
putationally expensive. Parameter-e cient ne-tuning (PEFT) with low-rank
adaptation has proven e ective in adapting Large Language Models (LLMSs) to
various downstream tasks [10]. While PEFT-based adaptation has been widely
explored in LLMs and transformer-based architectures [24, 54, 55], its appli-
cation to convolution neural networks (CNNs), particularly for multi-target

domain adaptation in medical imaging, remains unexplored.

The following research questions have guided and shaped the exploration of Hy-

pothesis 1:

N

RQ 1: What are the key challenges and limitations of supervised adaptation
approaches when applied to diverse medical imaging datasets? Speci cally,
how do domain shifts and data scarcity a ect the generalization of neural

networks for medical imaging tasks?

RQ 2: How could the parameter-e cient adaptation approach be enforced in
the unsupervised adaptation of convolutional neural networks? Could con-
volutional neural networks benet from the features learned through self-

supervised training when using parameter-e cient adaptation?

H2. In the absence of annotated data or domain expertise, the test-time adaptation

of foundation models (FMs) can enable e cient adaptation to diverse medical imag-

ing tasks. For ne-grained analysis, FM-extracted features can be easily adapted

without requiring large datasets.
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" The use of Vision-Language Foundation Models (VLFMs) in medical imaging
faces several signi cant challenges, including domain shift caused by features
learned from pre-training on natural images and adaptation to downstream
medical imaging tasks; over tting due to limited medical data, and high com-
putational overhead [56, 57, 58]. VLFMs are typically adapted to downstream
medical imaging tasks through additional training, ne-tuning, or parameter-

e cient adaptation (Section 2.4.4). However, the adaptation of VLFMSs in
medical imaging without additional training, domain-speci ¢ prompt engineer-
ing, or annotated data is not explored widely. Additionally, existing research
has primarily focused on the adaptation of VLFMs for coarse image-level med-
ical imaging tasks (Section 5.2). In contrast, medical imaging analysis tasks
often require ne-grained region understanding and precise labeling. This
research gap emphasizes the need for further exploration of VLFMs for ne-

grained medical imaging analysis tasks.

The following research questions have guided and shaped the exploration of Hy-

pothesis 2:

A

RQ 3: Can test-time adaptation of foundation models provide a more robust
alternative to unsupervised or semi-supervised domain adaptation approaches?
Can foundation models be e ectively adapted to diverse medical imaging tasks
without relying on annotated data, additional training, or specialized domain

expertise?

A

RQ 4: Can foundation models be e ectively adapted to challenging ne-

grained medical imaging tasks?

1.3 Contributions

This section presents a description of the main contributions of this thesis as a result

of the work described in subsequent chapters.
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" C1:. This thesis introduces novel solutions to enhance the generalizability
of neural networks and addresses challenges posed by domain shift in medi-
cal imaging (Section 1.1.2 and 1.1.5) and the scarcity of annotated data and
domain expertise in the medical sector (Section 1.1.4). To overcome the lim-
itations of traditional supervised domain adaptation, this thesis speci cally
proposes multiple novel alternatives, including unsupervised (Chapter 4), test-

time (Chapter 5), and few-shot (Chapter 6) domain adaptation strategies.

C2: To overcome the limitations of traditional supervised domain adaptation
methods, such as the creating dedicated separate ne-tuned models for each
new domain and the risk of over tting due to limited medical data, this re-
search proposes a novel unsupervised, parameter-e cient domain adaptation
approach tailored for multi-target medical imaging (Chapter 4). The key con-
tribution of this method is to o er an unsupervised alternative that not only
achieves high accuracy but also provides a computationally e cient solution

for adapting CNNs across multi-target medical applications.

C3: This research presents a novel test-time adaptation method to adapt
foundation models, primarily trained on natural imaging, to medical imaging

in a zero-shot manner (Chapter 5). It overcomes several critical challenges in
adapting foundation models to the medical domain: it requires no annotated
data, eliminates the need for supervised or task-specic training, bypasses
the need for specialized domain knowledge in prompt engineering, and, as the
proposed approach is adapted fully at test time, it alleviates the computational

constraints typically associated with foundation models.

C4. This research also experimentally evaluates several key challenges in
adapting foundation models speci cally for ne-grained medical imaging tasks.
Unlike existing techniques that focus on global image-level tasks, the proposed
few-shot adaptation method focuses on adapting foundation models for ne-

grained medical imaging tasks (Chapter 6). The proposed method is evaluated
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on tasks such as recognizing organs based on spatial location and identifying

pathological structures that lack pre-de ned shapes, spatial locations, or mor-

phology.

1.4 Thesis Structure

The remainder of the thesis is structured as follows:

In Chapter 2 the technical background of the thesis, covering the principles of
domain adaptation is provided. It also includes an overview of the fundamentals of
neural networks and deep learning techniques for medical image segmentation. It
presents a comprehensive literature review of domain adaptation research conducted
in the eld of medical imaging.

Chapter 3 presents our work done for the STOIC 2021 COVID-19 Al Challenge.
It provides comprehensive details of all experiments conducted throughout the com-
petition. A comparative analysis of the proposed approach with other participating
teams is provided. Additionally, it highlights the insights gained from this chal-
lenge, particularly regarding domain shift issues in the medical imaging domain,
which helped shape the research presented in this thesis.

Chapter 4, presents our work on unsupervised parameter-e cient adaptation of
convolution neural networks for multiple medical target domains. It provides the
architectural details of our proposed parameter-e cient adaptation framework. It
also discusses current methods, highlighting their main limitation and suggesting
potential solutions based on experimental observations. This chapter o ers an in-
depth comparative analysis of various domain adaptation approaches and insights
gained from experimental evaluations, on the impact of domain shift on neural
network generalizability across diverse medical imaging tasks.

Chapter 5 is focused on the adaptation of natural foundation models to the med-
ical imaging domain. It presents our proposed framework for test-time adaptation of
visual and language foundation models, including its architectural design and imple-

mentation details. It also includes a literature review of relevant work, highlighting

15



Domain Adaptation for Medical Imaging under Limited Data Constraints

limitations in the direct applicability of foundation models to medical imaging. Ad-
ditionally, it presents an extensive experimental evaluation of the proposed approach
to show its e ectiveness across diverse imaging modalities.

Chapter 6 presents our work on adaptation of natural foundation models for
complex, ne-grained medical imaging analysis tasks. This chapter covers the archi-
tectural design and implementation details of the proposed approach. It provides a
literature review of existing approaches, highlighting their key limitations, followed
by potential solutions to address these issues. The extensive experimental evalua-
tion aimed at designing an e ective framework to handle ne-grained pathological
structures in the medical domain is presented in detail. Additionally, the chal-
lenges and limitations of language models for ne-grained medical imaging tasks are
demonstrated experimentally.

Lastly, Chapter 7 provides a comprehensive overview of the research presented
in this thesis. It discusses the research objectives, highlights key contributions,
and outlines the limitations of the work. Additionally, it proposes potential fu-
ture directions for advancing domain adaptation research using neural networks and

foundation models to address complex medical imaging tasks.
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Chapter 2

Background

This chapter presents the theoretical background and a comprehensive literature
review related to domain adaptation in medical imaging segmentation, which is the

primary focus of this thesis. Section 2.1 provides the fundamentals of deep learn-
ing including convolutional neural networks and how neural networks are trained.

Section 2.2 provides a brief overview of medical imaging segmentation and the chal-
lenges deep learning methods encounter in generalizing within the medical domain
due to domain shift. Section 2.3 provides an overview of techniques to overcome
domain shift challenges. Finally, section 2.4 presents a detailed literature review of

relevant approaches to the challenges introduced in Chapter 1.

2.1 Deep Learning

Deep learning is a sub eld of arti cial intelligence and machine learning. In recent
years, it has gained signi cant attention due to its remarkable success in a variety
of tasks. Deep learning can be applied to various tasks, such as image classi cation,
natural language processing, speech recognition, and semantic segmentation. The
core idea of deep learning is to develop algorithms that are capable of mapping
the input data to successive levels of abstraction until reaching the output space

corresponding to the given task.
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2.1.1 Fundamentals of Deep Learning

A neuron is the basic processing unit within a neural network. It receives input either
directly from the raw input data or from the outputs of preceding neurons. It applies
a linear transformation to the input, followed by a non-linear activation function,
and provides the output to the subsequent neurons. The weights associated with
the linear transformation are adjusted during the training process by minimizing a
speci ed loss function (Section 2.1.3).

As depicted in Figure 2.1, inputs on the left X1; X»; x3) are linearly combined
with the weights (wq; w;; w3). The non-linear function (g) , known as an activation
function, is then applied to the result. Additionally, each neuron has a biad) that
is added to the matrix multiplication. Hence, the output of a single neuron becomes
¥ = g(w'x), wherew'™ = (wp; Wi, W,; Ws) are the weights (and bias) of the neuron

and x" = (X1;X2; X3) are the features of the input vector (withxq = 1).

Figure 2.1: Representation of a single neuron: The input features X1; X2
and x3 are linearly combined and weighted with the corresponding weights

wi; W, and wsz. The weight wy corresponds to the bias of the neuron and

is added to the linear combination. The non-linear function (g) is then
applied to the output.

Given an input vector ofn featuresx™ = ( Xo; X1, :::; Xn), €ach layer of the neural
network performs a matrix multiplication between this input and the weight matrix
associated with that layer. The weight matrixW = [wg; wy; :::; Wy], has dimensions
n d, where each column vectow! = (wo;wy;::;;Wy,) represents the weights cor-
responding to neuroni in the layer. This multiplication linearly projects the input
to a d dimensional space, that corresponds to the number of neurons in a layer.

After the linear transformation, a non-linear activation function (g) is applied to
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the resulting vector, yielding the output g(W "x).

Activation functions

Activation functions are essential components of arti cial neurons, as they introduce
non-linearity into the neural network. This non-linearity is crucial because it allows
the network to learn and approximate complex, non-linear patterns in the data.
Without it, the network would be limited to modeling only linear relationships,
regardless of its depth. Commonly used activation functions include the sigmoid,
hyperbolic tangent (tanh), and recti ed linear unit (ReLU), along with variations

like leaky ReLU and parametric ReLU, as shown in Figure 2.2.

Figure 2.2: Graphical representation of di erent activation functions.

Figure 2.3 shows a common representation of a neural network. The leftmost
layer represents the input layer, which consists of the features derived from the
input samples. The subsequent layers, known as hidden layers, consist of multiple
interconnected neurons which extract the features. The rightmost layer denotes the
output layer, which generates predictions from the neural network for a given input.

While applying the traditional neural network structure to images, two main
challenges are encountered. Firstly, depending on the number of features from the
samples, the number of connections between the di erent layers would vary. For
instance, an image of 200 200 with 3 color channels (RGB), would lead to an
input layer with 200 200 3 = 120;000 neurons and therefore 120,000 weights
for each neuron in the subsequent layer. Furthermore, it is highly desirable to
incorporate multiple neurons and layers, thereby resulting in a substantial increase

in the number of parameters. However, the utilization of complete connectivity is
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Figure 2.3: Multi-layer structure of a neural network: an input layer with
three elements, hidden layer 1 and layer 2 with four neurons each, and
an output layer. Figure adapted from [5].

ine cient and leads to an excessive number of parameters, ultimately giving rise to
the issue of over tting. Thus, scalability is the signi cant issue that is faced with
such an architecture. Secondly, as each of the pixels is treated as an individual
feature, the potential local spatial information within the data gets disregarded.
The convolutional neural networks discussed in the following section successfully

addressed these challenges.

2.1.2 Convolutional Neural Network

The primary feature of Convolutional Neural Networks (CNNSs) is that each neuron
processes a localized subset of adjacent input features, often organized as a square
grid of pixels, particularly in visual tasks. Instead of processing every individual
pixel of the input, CNNs apply a set of shared weights across the image, allowing
for more e cient feature extraction and learning. This operation is called convolu-

tion [59] (illustrated in Figure 2.4), and formally can be expressed as:

X X
S(i)) = H(m;n)K (@ m;j  n) (2.1)

m n
wherel is the input and K is the kernel (or Iter) that corresponds to a set of
weights associated with a neuron. Them and n correspond to the dimensions of

the input. The convolution operation is equivalent to the traditional image lItering
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Figure 2.4: Convolution operation applied to one channel image. Figure
adapted from [6].

operation, where a lter, de ned by its weights, is multiplied with every position in
the image. When the Iter pattern aligns with a patch in the image, it produces
a high value and activates the corresponding neuron. It signi cantly reduces the

number of weights in the model.

Structure of CNN

A CNN consists of three main components: a convolutional layer, a non-linearity
function, and a pooling layer. The convolutional layer applies kernels, which per-
form linear transformations on the input data illustrated in Figure 2.4. In the im-
age domain, convolutions can be thought of as combinations of ltering operations
including edge detectors and Gaussian blurs among others. Following the convo-
lutional layer, a non-linearity is often introduced to allow the network to capture
complex, non-linear relationships between features. Pooling layers are then used to
progressively reduce the spatial dimensions of the feature maps by summarizing local
regions. It is typically achieved by taking the maximum or average value of neigh-
boring elements. This reduction helps the network become more invariant to small
translations in the input images. Pooling also serves to adapt CNNs to the fully
connected layers in the later stages of the model, where the input feature size needs
to remain consistent regardless of the original image dimensions. In some cases,
pooling layers can be replaced by larger strides in the convolutional process, which

reduces spatial dimensions by skipping input features during convolution, achieving
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a similar e ect. The architecture of CNN is illustrated in Figure 2.5.

Figure 2.5: A CNN for handwritten digits classi cation. Figure adapted
from [7].

Other elements often found embedded into CNNs are normalization layers that
aim at stabilizing the training process by keeping the statistics of certain parts of
the network normalized (zero mean and unit standard deviation): the statistics of

the layer input [60], or the layer weights themselves [61].

2.1.3 Training a Neural Network

Training a neural network is a crucial step in deep learning. The parameters of
the model are updated during training by an iterative re nement process. At each
iteration, the input samples are fed to the model and the generated outputs are

compared with the corresponding ground labels using the loss function.

Loss Function

The loss function, also referred to as the objective function or cost function, quan-
ti es the di erence between the predicted output and the target label for a given
input. The goal of training a neural network is to minimize the loss function across
the entire dataset. Various loss functions can be employed depending on the problem
type and the desired properties of the model. Common loss functions include mean

squared error (MSE) for regression tasks, cross-entropy for classi cation tasks, and
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more complex task-speci ¢ loss functions. One of the widely used cost functions is
cross entropy loss:

X

CE()= y! log(h (xi) (2.2)

1

N
i=1

where refers to the model parametersy; is the input, y; refers to one hot encoded

label of input x;, N corresponds to the size of training data, anld (x;) is the model's

predicted output.

Gradient Descent

A variety of algorithms are available to minimize the loss function. For developing
basic intuition, gradient descent (GD) is the most suitable one. GD starts by ran-
domly initializing the weights ( ), it is considered the initial point within the loss
landscape. GD computes the best direction along which the weight vector should
be updated (which is mathematically guaranteed to be the direction of the steepest
descent). This direction is computed by calculating the gradient of the loss func-
tion. Once the weights are updated, GD takes another step following the same
strategy. This process is repeated until convergence. The following equation shows

the parameter update process:

t+1 =t ro1(y) (2.3)

where .; are the weights of the model after the GD update and, correspond to
the current weights of the model.I( ) corresponds to the loss of the model with the
current set of weights andr  denotes the gradient operation for. The parameter

is called the learning rate. It de nes the step size that the optimization algorithm
will take.

Choosing an excessively high learning rate causes the optimization algorithm

to oscillate between high-loss points and potentially diverge towards regions with
higher loss values, skipping local optima. On the other hand, a very low learning rate

leads to slow convergence towards a local minimum and the risk of getting trapped
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in a sub-optimal minimum. A common strategy is to start with a moderately high
learning rate to enable exploration of the loss landscape, gradually reducing it during

training.

Backpropagation

In neural networks, backpropagation provides an e cient method for calculating the
gradient of the loss. It employs the chain rule to compute the gradients of errors in
di erent layers with respect to their weights. This gradient indicates how sensitive
the error in each layer is to changes in its weights. By utilizing the chain rule, the

loss with respect to the weights is derived as:

)_@l) @
&)%) 2 2.4
@ @ O 24)
where €L) is the derivative of I( ) with respect to previous layer ¢), 2 is the

derivative of the output of the previous layer with respect to the weights of that
layer . For the previous layer, the gradients are computed similarly using the loss

associated with that layer.

As the name suggests, backpropagation involves propagating the error computed
in the last layer backward through the network to calculate the gradients for each
layer. The schematic over ow of the backpropagation is illustrated in Figure 2.6.
In the forward pass, the input data is propagated through the network to compute
the output predictions and the loss value. During the backward pass, gradients of
the loss function are calculated for each model parameter, starting from the output
layer and progressing toward the input layer. This calculation is accomplished by
applying the chain rule of calculus to determine the partial derivatives utilizing the

chain rule outlined in Eq. 2.4.
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Figure 2.6: Schematic of backpropagation: X represents the input vector,

y is the ground truth label,  hy() is the neural network with  w parameters,
hy (x) is the prediction of the network for the input X, and L( ) is the loss
function that computes the error value L (hw(X);y) used for the parameter
update.

2.2 Deep Learning in Medical Imaging Analysis

Medical image segmentation is a critical task in computer-aided diagnosis. It in-
volves identifying and isolating speci c regions of interest (ROIs) within medical im-
ages. These ROIs can represent organs, lesions, or other anatomical structures [62].
Accurate segmentation is crucial for various clinical applications, including disease
diagnosis, treatment planning, and disease progression monitoring.

Deep learning-based models have widely been used for image segmentation.
Their ability to learn complex image features has signi cantly improved segmen-
tation accuracy across various tasks. In particular, U-shaped network variations
have remained the go-to architectures during these past years. To train these mod-
els, the basic and most used loss functions are the cross-entropy loss and the dice
score loss for segmentation [63].

However, the challenges associated with the generalization of deep learning mod-

els to various medical imaging tasks have been thoroughly discussed in Chapter 1.
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\Additional challenges include the scarcity of medical data..."

These challenges include: the task-speci c nature of the models (Section 1.1.1),
impact on model generalization due to domain shifts between the feature distribu-
tions of natural imaging and medical imaging tasks (Section 1.1.2), domain shift
with the medical domain itself which arise from various factors such as di erences
in scanners, imaging modalities, and institutions (Section 1.1.3), lack of medical
data availability (Section 1.1.4) and computational costs related to the adaptation
of pre-trained models to the downstream tasks. These challenges are multifaceted

and will be explored in depth in the subsequent chapters of this thesis.

2.3 Approaches to Overcome Domain Shift Chal-

lenges

2.3.1 Transfer Learning

Transfer learning is the most common approach to reduce the impact of domain
shift (Section 1.1.1) [64]. Transfer learning is a machine learning technique in which
knowledge learned through one task or dataset is used to improve model performance
on another related task/ a di erent dataset.

In a typical transfer learning setting, there are two concepts: \domain" and
\task" [8, 65, 66]. A domain refers to the feature space of a speci ¢ dataset and the
marginal probability distribution of features. A task refers to the main objective
function of the model. The goal of transfer learning is to transfer the knowledge
learned from the taskT, on domain A to the task T, on domain B [8]. Note that
either the domain or the task may change during the transfer learning process.

Initially, a large model is trained on a domain with abundant data and anno-
tations. Subsequently, the model is ne-tuned on a di erent domain, where only a
smaller dataset is available as illustrated in Figure 2.7. It 0 ers several notable ben-

e ts. It can signi cantly enhance performance, particularly when the downstream
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Figure 2.7: Overview of transfer learning [8].

task has limited labeled data [67, 68]. It also speeds up the training process be-
cause the model is initialized with weights that have already been trained on a large
dataset. As a result, it can converge more quickly towards the new downstream

task [69].

One major limitation of transfer learning is its reliance on a large, annotated
dataset in the source domain, which is often not readily available. The medical
datasets are often small due to the challenges of acquiring labeled data like data pri-
vacy regulations, the high costs of expert annotation, and the variability in imaging
practices across healthcare institutions (Section 1.1.4). Fine-tuning a deep learning
model (with millions of parameters) on small datasets can lead to over tting. It
also does not yield optimal results when there is a signi cant domain shift between
the source domain on which the model is pre-trained and the target domain used on
which the model is ne-tuned (Sections 3.5.2, 6.5.2). Furthermore, ne-tuning the

large models is expensive and requires substantial resources.

The pre-trained models can also be used as xed feature extractors. However,
the pre-trained models are often trained on large, generic natural imaging datasets
(e.g., ImageNet [33]). On the other hand, medical images (e.g., MRI, CT scans,
X-rays) have vastly di erent features such as grayscale, high noise, and structural
variability. The medical imaging analysis tasks often require identifying minute,
domain-speci c details like small tumors or subtle lesions. Thus using models as

xed feature extractors may not transfer well in such high-precision domains, re-
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sulting in sub-optimal performance (as demonstrated experimentally in Chapter 6,
Section 6.5.1, 6.5.2). This discrepancy arises from domain shift, where the charac-
teristics of the source domain (natural images) di er from the target domain i.e.

medical images (Sections 1.1.1, 1.1.2, 1.1.3).

2.3.2 Domain Adaptation

Deep learning models do not generalize well if the test set has a di erent distribu-
tion from the training set due to domain shift between the two distributions (Sec-
tion 1.1.1). For instance, in medical image segmentation, the MRI and CT scans of
the same region of interest look very di erent. If a model trained on MRI scans is
applied to CT scans, it will likely perform poorly due to domain shift which arises
from di erences in imaging modalities. However, obtaining annotated datasets for
each new imaging modality or task is not practically possible (Section 1.1.4).

Domain adaptation is a speci c type of transfer learning that aims to adapt a
model trained on one domain to perform well on another domain. In this context,
the task remains the same but the data distribution changes [70, 71]. It involves two
domains: source domain: the domain on which the model is initially trained using
labeled examplestarget domain: the domain whose data distribution di ers from
the source domain. The target domain is either unlabeled or contains only a small
amount of labeled data. The model pre-trained on the source domain is evaluated
to perform a similar task in the target domain.

The source and target domains may dier in input feature distribution, out-
put labels, or both. One of the DA scenarios is illustrated in Figure 2.8, where a
model trained on the synthetic dataset is adapted to the real target domain for the
application of semantic segmentation.

The goal of domain adaptations (DA) is to address the di erences in data dis-
tribution between the source and target domains so that the model generalizes well
across both as shown in Figure 2.9. DA approaches enable the model to identify

underlying patterns in the data that are relevant to the task at hand, while ignoring
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domain-speci ¢ discrepancies. In other words, the model must distinguish between

domain-speci c features and task-relevant features, to generalize well on the latter.

Notation

Let X Y represent the joint feature space and the corresponding label space
respectively. A source domairs and a target domainT are de ned onX Y , with
di erent distribution Ps and P; i.e. DS 6 DT.

In the source domain, there are, labeled samples represented & = f (x5;y®)gs, .
In the target domain, there aren; samples, which may or may not include labels,
represented aD " = f(x')g,; .

The primary goal of domain adaptation is to adapt the model trained on source
domain (S) so it can generalize e ectively on a related but di erent target domain

(T), despite signi cant di erences between the two domains.

2.3.3 Comparison of Adaptation Techniques

Domain adaptation, domain randomization, and domain generalization are com-
monly used for adaptation in machine learning. It is important to highlight how
domain adaptation is better suited for medical imaging, particularly under limited
data constraints.

Domain randomization introduces diverse variations during training to improve

generalization; however, it has limitations in medical imaging compared to domain

Figure 2.8: Adaptation from the synthetic source domain to the real
target domain [9].
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Figure 2.9: Overview of domain adaptation. Figure adapted from [2].

adaptation. Randomizing intensity, contrast, noise, and anatomical deformations
may create unrealistic variations that do not re ect real pathological changes, lead-
ing to misleading feature learning [72]. Moreover, excessive randomization can dis-
tort critical diagnostic details, reducing model reliability. Additionally, in medical
imaging, clinical validation and trust are crucial; arti cial variations introduced by
randomization may not accurately represent patient populations, limiting real-world
applicability [73]. Therefore, while domain randomization enhances robustness, do-

main adaptation remains a more reliable approach for adaptation in medical imag-

ing.

Domain generalization aims to train a model that generalizes well across unseen
domains, without access to data from the target domain during training [74]. The
model is trained on multiple source domains, and the goal is to make the model
robust to domain shift, such that it can perform well when exposed to a completely
new, unseen domain at test time. For domain generalization, the need for access to
multiple source domains presents challenges in the medical eld, where labeled data

from multiple domains are often unavailable, limiting its applicability.

Therefore, compared to the aforementioned adaptation approaches, domain adap-

tation is better suited for medical imaging scenarios with limited data availability.
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2.4 Literature Review

This section gives a general overview of the domain adaptation landscape for the
medical imaging domain. It introduces the main work done within the topic and its
evolution over time. The critical literature review relevant to each piece of research
is presented in the corresponding chapters.

As outlined in Chapter 1, the research presented in this thesis aligns with the
research paradigm shift in computer vision. It rst focuses on the adaptation of
convolutional neural networks and transformer-based approaches and evolves to-
ward foundation model-based domain adaptation methods. The literature review is

structured in a similar manner to re ect this progression.

2.4.1 Supervised Domain Adaptation

Supervised Domain Adaptation (SDA) is a sub eld of domain adaptation in ma-
chine learning that leverages labeled data from a source domain to improve model
performance on a target domain, where a limited amount of labeled data is avail-
able [75].

One of the widely used SDA approaches involves adapting the model trained on
the source domain by ne-tuning the entire model for the target domain. The e ects
of ne-tuning have been assessed in the context of brain lesion segmentation, utilizing
CNN models pre-trained on brain MRI scans [76]. The size of the target domain
dataset and the selection of dierent network architectures have been shown to
signi cantly in uence adaptation performance. Inspired by this, several approaches
have employed CNNs pre-trained on ImageNet [33] for various medical imaging
analysis downstream tasks. Samala et al. [77] proposed a two-step approach that
rst pre-trains an AlexNet using ImageNet [33] and then ne-tunes it with the
target domain. The target domain in this case is mass lesions for breast cancer
classi cation. Following this [78] pre-trained a VGG network on ImageNet and then
ne-tuned it using labeled MRI data for Alzheimer's disease (AD) classi cation. For

chest X-ray image classi cation, ImageNet has been used to pre-train CNNs with
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evaluation adaptation to chest X-ray target domain [79].

However, in various medical imaging modalities, the target domain datasets are
often small. Fine-tuning the entire model with small datasets is prone to over tting.
Furthermore, in the medical imaging domain, multiple target domains exist for a
single imaging modality (Section 1.1.3). Thus creating ne-tuned versions for each
downstream task is challenging and not practical. Moreover, adapting the entire

model imposes substantial computational constraints.

To address these challenges, a novel approach for parameter-e cient adaptation
of CNNs is proposed for multi-target domain adaptation in medical imaging that is

both accurate and computationally e cient which is outlined in detail in Chapter 4.

Another research direction for SDA involves employing deep learning models
as xed feature extractors, followed by the adaptation of these extracted features
using shallower models. For instance, ResNet [80] has been e ectively utilized as
a xed feature extractor for mammographic images [81]. Using the extracted fea-
tures, three alignment-based for adaptation are used: Transfer Component Analysis
(TCA) [82], Correlation Alignment (CORAL) [83, 84], and Balanced Distribution
Adaptation (BDA) [85]. In another application, LeNet-5 is used as a xed feature
extractor for histological images across di erent domains, for the task of classi ca-
tion of epithelium and stroma [86]. To facilitate the alignment of extracted features
for adaptation, the extracted features were projected into a lower-dimensional space

using principal component analysis [87].

While leveraging deep learning models as xed feature extractors is e ective for
classi cation tasks where annotated and pre-de ned class labels are available, this
approach does not o er the same bene ts for complex pixel-level medical image
segmentation tasks. It is further exacerbated due to domain shift (Section 1.1.1),
especially when adapting models pre-trained on natural images for complex medi-
cal imaging tasks, as experimentally demonstrated in Section 3.5.2 and Chapter 5.
Furthermore, medical imaging analysis often requires a ne-grained understanding

of di erent regions within the image to accurately classify each of them. A few-shot
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adaption approach is proposed for this purpose, which is discussed in Chapter 6.
However, achieving such semantic labels in medical images is challenging and often

impractical as outlined in Chapter 1.

2.4.2 Unsupervised Domain Adaptation

Unsupervised domain adaptation (UDA) aims to generalize large-scale models, pre-
trained on the source domain to an unlabeled target domain, eliminating the need
for costly data annotation [26, 88].

UDA techniques often focus on aligning the feature distributions of the source
and target domains. It involves strategies such as minimizing the distance between
the two distributions or utilizing adversarial training to make the features from
both domains indistinguishable. Some commonly used distance metrics for measur-
ing domain di erences include maximum mean discrepancy (MMD) [89], correla-
tion alignment (CORAL) [83, 84], contrastive domain discrepancy (CDD) [90], and
Wasserstein distance [91].

However, medical images often contain complex, high-dimensional features with
subtle distinctions between classes, such as di erentiating between visually similar
lesions. Furthermore, pathological structures lack a consistent anatomical shape or
pattern, and in some cases, they may closely resemble normal structures, as demon-
strated in Chapter 6 (Section 6.5.3). Additionally, medical images vary signi cantly
due to di erences in imaging equipment, protocols, and settings (e.g., MRI machines
from di erent manufacturers (Figure 1.4)). In medical imaging, the domain shift
goes beyond simple distributional changes as discussed in Chapter 1.

As a result, feature-level alignment methods often fail to capture ne-grained and
localized distinctive features essential for accurate diagnosis, as they tend to focus
primarily on matching global feature distributions [4]. This limitation can lead to
reduced model performance in clinical applications, where high-level precision and
sensitivity to subtle variations are essential for reliable decision-making.

Image-level alignment is also used for UDA in the medical imaging domain. Pri-
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marily, deep generative models, such as generative adversarial network [92] are used
for image-level alignment. Zhu et al. proposed a cycle-consistent GAN (CycleGAN)
model that can translate one image domain into another without the demand for
paired training samples [93]. A cycle consistency loss is used to measure the di er-
ence between the input image and the reconstructed image. In [94] CycleGAN-based
UDA method is proposed for de-noising images. It learns a mapping between the
source (i.e., high noise) and the target domain (i.e., low noise) on unpaired OCT
images. CycleGAN's application has also been evaluated for brain tumor segmenta-
tion [95]. First, synthetic MRI images of tumor-bearing tissue are generated using
a private simulation model. These images are then transformed into realistic MRIs

using CycleGAN to augment the training dataset.

While models like CycleGAN enable translation between source and target do-
main (e.g., MRI to CT), they struggle to preserve ne-grained anatomical details
essential for accurate diagnosis [96, 97]. The generative process can introduce subtle
artifacts or alter critical features, leading to potential misinterpretations [98]. Cycle-
GAN also encounters training instability challenges, such as model collapse, where
the generator produces limited output diversity [99, 100]. In medical imaging, this
can be particularly detrimental, as it may result in translated images that fail to
capture the necessary variability to accurately represent diverse patient anatomies

and pathological conditions.

Di usion models are increasingly used in medical imaging for generating high-
qguality synthetic data and augmenting datasets. However, their e ectiveness in
domain adaptation is limited. They struggle to transfer knowledge across di erent
imaging domains (e.g., MRI vs. CT) due to variations in acquisition settings, scan-
ners, and patient demographics [101]. Models trained on one dataset may fail to
generalize to another, leading to poor adaptation. Additionally, di usion models
can introduce artifacts or hallucinations, generating medically implausible struc-
tures that degrade model reliability, particularly in sensitive tasks like retinal imag-

ing [102].
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Disentangled representation involves training the model to separate, or \disen-
tangle”, the underlying features that potentially contribute to variation in data [103].
The model is trained to learn representations where each latent variable (or dimen-
sion of the learned representation) corresponds to a distinct, interpretable feature,
such as shape, color, lighting, or even more abstract properties like facial expression
or object pose. Disentangled representation learning embeds images from the source
and target domains into two distinct spaces: a shared domain-invariant content space
and a domain-speci c style space. A cross-modality UDA method between MRI and
CT images based on disentangled representation learning for liver segmentation is
proposed in [104]. Zhao et al. [105] utilized disentangled features with a shared de-
coder to reconstruct the original data. In the new target domain, a private encoder
trained is employed on the reconstruction objective. To ensure minimal mutual in-
formation between class-invariant and class-shared features, a mutual information
minimization approach is applied [106].

In contrast to natural imaging, where domain-speci c attributes (e.g., weather,
color intensity) facilitate clearer disentanglement, disentangling features in the med-
ical domain (especially for pathological structures) is challenging, as discussed in
Chapter 6. Moreover, the features disentangled by the model may not correspond
to clinically meaningful aspects of the disease, limiting their utility for diagnostic or

prognostic purposes [107].

2.4.3 Semi-Supervised Domain Adaptation

Semi-supervised Domain Adaptation (SSDA) aims to enhance the performance of a
model pre-trained on a labeled source domain when applied to a related but di erent
target domain with only a few available labels. The target domain consists of a
mix of labeled and unlabeled data, while the source domain contains a substantial
amount of labeled data [108].

Adversarial learning frameworks have been widely adopted for SSDA in the med-

ical imaging domain. These methods utilize generative adversarial networks (GANS)
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to align the feature distributions of the source and target domains [109]. For in-
stance, Chen et al. [110] proposed a semi-supervised GAN framework that e ec-
tively reduces domain shift by generating synthetic samples for the target domain,
improving the segmentation performance of brain tumors in MRI scans. Madani et
al. [111] proposed a semi-supervised GAN-based SSDA framework for chest X-ray
image classi cation. The discriminator performs three-category classi cation (i.e.,
normal, disease, or generated image). During training, unlabeled target data can
be classi ed as any of those three classes but can contribute to loss computation
when they are classi ed as generated images. Through this way, both labeled and
unlabeled data can be incorporated into a semi-supervised manner. An SSDA frame-
work is proposed for electron microscopy image segmentation [112]. Speci cally, a
\YNet" with one feature encoder and two decoders is proposed. One decoder is used
for segmentation, while a reconstruction decoder is designed to reconstruct images
from both the source and target domains. The network is initially trained in an
unsupervised manner. Then, the reconstruction decoder is discarded, and the whole
network is ne-tuned with labeled target samples to make the model adapt to the

target domain.

However, the application of GANs in the medical imaging domain is associated

with several challenges, which are discussed in detail in the previous Section 2.4.2

Self-training is another form of SSDA. Pseudo-labeling is one of the techniques
for self-training, where a model iteratively re-trains itself using its own predictions
on unlabeled data [113, 43]. In the context of brain tumor segmentation, Zhou
et al. utilized pseudo-labels to enhance segmentation performance by iteratively
re ning model predictions based on high-con dence outputs [114]. Lee et al. in-
troduced the concept of pseudo-labeling in a semi-supervised setup, demonstrating
its e ectiveness in various domains, including medical imaging [115]. A method
called self-training with noisy a student is proposed, which enhances model accu-
racy in various medical imaging tasks by generating pseudo-labels for unlabeled data,

demonstrating superior performance in lung disease classi cation tasks [113]. The
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term \noisy student” refers to a speci ¢ semi-supervised learning approach where
a student model is trained using pseudo-labels generated by a teacher model, often

with added noise to improve generalization.

Pseudo-labeling relies on the model predictions to generate labels for unlabeled
data. If the model is initially inaccurate, it may assign incorrect labels, propagating
errors, and degrading overall performance. The performance of pseudo-labeling can
diminish when the model encounters a target domain that is signi cantly di erent
from the source domain, especially if there is high variability and noise in medical

images.

Consistency regularization (CR) is also a form of self-training [43], it encourages
the model to produce similar predictions for perturbed versions of the same input
data. This technique has been e ectively used in medical imaging tasks. CR is used
in lung nodule classi cation. The perturbed version of the image is created using
augmentation techniques to create variations of the input data [116]. The model
was trained to maintain consistent predictions across these variations, leading to

improved robustness against domain shift.

The e ectiveness of CR heavily depends on the perturbed images. For instance,
if augmentations are used for perturbation, the poorly chosen augmentations can
lead to misleading results, as the model might learn to be consistent over irrele-
vant transformations rather than meaningful variations. If not carefully managed,
the model may overt to the augmented versions of the training data rather than

generalizing to real-world data, limiting its practical applicability.

Ensemble learning leverages multiple models to generate more stable pseudo
labels. It has been adapted in SSDA, where a baseline CNN, referred to as the stu-
dent network is utilized, which processes labeled samples from the source domain
and makes predictions after being trained with a segmentation loss [4]. A second
network, known as the teacher network, generates predictions based solely on un-
labeled samples from the target domain. The teacher network is updated using an

exponential moving average of the student network's weights, implementing a tem-
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poral ensemble strategy. During training, the domain shift is minimized through a
consistency loss that compares the predictions from both networks. This method
is evaluated on the SCGM challenge dataset [117], which consists of multi-center,
multi-vendor spinal cord anatomical MR images from healthy subjects. A similar
structure is employed based on SSDA for brain tumor segmentation. In addition
to the consistency loss that measures the discrepancy between the teacher and stu-
dent network predictions, they incorporate an adversarial loss to enhance adaptation
performance [118]. Their approach is validated through experiments on the BraTS
dataset [119].

However, ensemble approaches such as mean teacher, require careful manage-
ment of model and weights, which can complicate the training process and require
additional resources. Moreover, averaging weights over time can lead to slower con-

vergence rates, prolonging training times.

2.4.4 Adaptation of Foundation Models

Foundation models have revolutionized the eld of computer vision by introducing
large-scale, pre-trained models capable of performing a wide range of tasks. Un-
like traditional task-speci ¢ models, foundation models are trained on vast, diverse
datasets, enabling them to learn general representations that can be adapted to new
tasks and domains with signi cantly reduced data and e ort [15, 120, 121].

Since the research work presented in this thesis focuses on medical imaging anal-
ysis, this section introduces the foundation models that have been widely used in
this domain. Primarily, the foundation model- segment anything model (SAM), has
been used for two of the proposed approaches (Chapter 5 and Chapter 6). The de-
tailed related work on SAM adaptation for medical imaging is outlined in Chapter 5
(Section 5.2). Here the related work has been presented from the perspective of
di erent foundation models.

Despite the signi cant advancements in foundation models within NLP and com-

puter vision, their impact on medical imaging has been limited. One of the primary
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reasons for this is the di culty in accessing and aggregating large-scale datasets com-
parable to those used in other domains. Medical imaging data are often fragmented
across di erent institutions and subject to stringent privacy regulations, making it
challenging to amass the extensive datasets required for training large foundation
models. Since its release, the segment anything model (SAM) has gained signi cant
attention [13]. It incorporates a ViT-based encoder and a lightweight transformer-
based decoder, showcasing remarkable zero-shot segmentation capabilities. The ar-
chitecture details are discussed in preliminaries Section 5.3.1. Several studies have
conducted assessments of SAM's performance in medical imaging tasks using default
architectural design [122, 56, 123, 124, 125, 126]. Furthermore, researchers have ex-
plored slight modi cations of the SAM model to tailor it speci cally for medical

imaging applications [127, 128] or ne-tuned it for speci c datasets [129, 130, 55].

While these architecture-based modi cations and dataset specic ne-tuning
methods mentioned above have proven e ective. Since SAM is a foundation model,
adapting it rst to a source domain and then to downstream target domains in-
troduces signi cant computational overhead. To address this challenge, several
methods have employed parameter-e cient ne-tuning to adapt SAM, utilizing
lightweight adapters for enhanced e ciency. However, it is experimentally demon-
strated in Chapter 5, that the e ectiveness of PEFT is highly dataset speci c (Sec-
tion 4.5.6). Furthermore, most studies have evaluated SAM's e ectiveness in seg-
menting every region within an image. While this appears to be enticing, in the
medical domain it has limited practical application in real-world scenarios (Sec-
tion 5.1). Additionally, as a foundation model, SAM introduces signi cant compu-

tational overhead, which cannot be overlooked.

To address these challenges, a training-free/ ne-tuning free framework-SaLlIP is
proposed to adapt SAM speci cally for the medical imaging domain, as detailed
in Chapter 5. SaLlIP does not require source domain access, instead, it is fully
adapted to the target domain completely at test time, in a training-free manner,

allowing SAM to perform e ectively in new medical imaging tasks with minimal
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computational overhead.

Segment everything everywhere all at once model (SEEM) [131] is another foun-
dational model for segmentation, which has shown excellent performance across
numerous benchmarks. However, there is currently limited research on its appli-
cation in the medical domain. Despite an extensive search, we found no relevant
references on its use in medical contexts, making it a compelling candidate for the

medical imaging domain.

The contrastive learning image pre-training family (CLIP) of models is pre-
trained on image-text pairs [132]. MedCLIP is the adaptation of CLIP for medical
imaging. It is trained on a massive dataset of unpaired medical images and text
descriptions. It has been evaluated on image classi cation, retrieval, and zero-shot
learning [133]. MedCLIP is predominantly pre-trained on X-ray datasets, including
MIMIC-CXR [47], CheXpert [48], COVID [134], and RSNA Pneumonia [135]. Its
evaluation is primarily conducted on chest X-ray datasets, with the learned knowl-
edge transferred through transfer learning for speci ¢ downstream applications. In
particular, MedCLIP's transferability is assessed on downstream supervised tasks
and image-level classi cation tasks. In contrast, methods proposed in the subse-
quent chapters address a more challenging domain adaptation problem by bridging
the gap between general-purpose models and specialized medical tasks. Speci cally,
the broader applicability is enabled across diverse medical imaging domains through
unsupervised adaptation for multi-target domains (Chapter 4), test-time adaptation
of foundation models (Chapter 5), and few-shot adaptation for ne-grained medical

imaging (Chapter 6).

A self-supervised contrastive learning method to detect multiple pathologies in
chest X-rays [136] by leveraging unlabeled data to learn discriminative feature rep-
resentations, thereby enhancing pathology classi cation accuracy. This approach
leveraged image-text pairings and zero-shot classi cation techniques to achieve radi-
ologist level performance, without explicit training on the target pathologies. BLIP

is trained on large datasets consisting of biomedical images (such as radiology, histo-
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pathology, and microscopy images) paired with relevant textual annotations (like
clinical notes, image captions, and descriptions) [137]. It employs contrastive learn-
ing techniques to maximize the similarity between matching image-text pairs while
minimizing it for non-matching pairs. A multi-modal global-local representation
learning framework for medical images by leveraging radiology reports in [138].
Speci cally, an attention based framework for learning global and local represen-

tations by contrasting image sub-regions and words in the paired report.

BioMedCLIP [139], while a specialized model trained on biomedical data, it is
designed for tasks where the training and testing data come from similar biomed-
ical domains. Additionally, BioMedCLIP [139] is pre-trained on radiology reports,
making it skewed toward this type of data and is limited to certain medical imag-
ing types. BioMedCLIP's [139] textual encoder is trained on existing biomedical
literature and captions. While this is useful for some medical tasks, it may not be
exible in handling new terminologies, emerging diseases, or institution-speci ¢ vo-
cabularies. In contrast, the approaches proposed in the subsequent chapters of this
thesis are designed to be domain-agnostic.(Chapter 4, 5 and 6), which is key when
trying to address the robustness of medical image recognition in varied scenarios,
such as imaging from di erent hospitals, devices, or imaging modalities (e.g., MR,

CT, X-ray).

The e ectiveness of contrastive learning in the medical imaging domain has pri-
marily been evaluated on image-level/global tasks. To adapt CLIP for medical
applications, the approaches mentioned above, have used medical image-text pairs
to train CLIP. However, these datasets are largely skewed toward chest X-rays and
the radiology domain [140]. More importantly, in medical imaging analysis, partic-
ularly for disease diagnosis and prognosis, a ne-grained, region-level understanding

is essential.

Furthermore, acquiring biomedical text and images from web sources for ne-
grained, subtle anatomical structures and pathologies presents considerable chal-

lenges. When we opted for the recent research trends of leveraging large language
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models like GPT [52] to generate textual prompts, it worked well for medical organ
segmentation (Chapter 5). However, it showed limited e ectiveness for ne-grained
recognition of anatomical structures based on spatial location and more complex
pathologies, as experimentally validated in Chapter 6.

DINOv2 (Distillation with No Labels v2) is a vision-based foundation model
developed by Meta [53]. It bene ts from training on a large-scale curated dataset,
resulting in representations that capture the semantic meaning of images remarkably
well. DINOv2 is particularly notable for its ability to generate high-quality, dense
feature maps that improve downstream performance on tasks requiring detailed
spatial understanding. DINOv2 has been used for classi cation in several medical
tasks i.e. diabetic retinopathy, detecting lesions, and skin lesions and abnormalities
in lungs [141].

The e ectiveness of DINOv2 has been primarily evaluated for image-level clas-
si cation, whereas medical imaging analysis often requires pixel-level classi cation.
Obtaining region-level labels required for ne-grained tasks in medical tasks remains
extremely challenging and impractical (Section 6.1). When we evaluated DINOv2
for more complex ne-grained medical tasks, speci cally the classi cation of lung re-
gions based on spatial localization and region-based pathological structures did not
yield favorable results for these ne-grained tasks (Chapter 6). This outcome sug-
gests limitations in DINOv2's ability to handle the detailed feature di erentiation

necessary for medical imaging applications.

2.5 Summary

This chapter provides an introduction to the fundamental principles of deep learn-
ing and their applications to computer vision applications in Section 2.1. A brief
overview of deep learning-based approaches for medical imaging analysis is outlined
in Section 2.2. Section 2.3 presents the widely used approach to overcome domain
shift and the challenges in the medical imaging domain. Section 2.4 presents a

comprehensive literature review for domain adaptation and its evolution over time
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with an emphasis on medical imaging segmentation.

In subsequent chapters, the results achieved through the course of this research
are described and discussed. Furthermore, each chapter includes an extended liter-
ature review focused on speci ¢ sub-topics, accompanied by comprehensive descrip-

tions of the employed methodologies and experiments conducted.

43



Chapter 3

Domain Shift in Medical Imaging:

Need for Domain Adaptation

This chapter provides a comprehensive overview of ndings from our participation
in the STOIC 2021 COVID-19 Al Challenge [20]. The objective of this challenge
was to automatically predict COVID-19 severity from Computed Tomography (CT)
scans of COVID-19 suspects and patients. The experiments in this chapter are con-
ducted on the STOIC dataset from STOIC 2021 COVID-19 Al Challenge [20]. It
addresses Research Question 1 (RQ1): \What are the key challenges and limita-
tions of supervised adaptation approaches when applied to diverse medical imaging
datasets? Speci cally, how do domain shifts and data scarcity a ect the generaliza-

tion of neural networks for medical imaging tasks?"

Importantly, participation in this challenge introduced us to the critical issue of
domain shift in the medical imaging domain (discussed in Section 1.1.1). Participa-
tion in the STOIC challenge helped us to establish a clear research direction for this
thesis, i.e., the need for robust domain adaptation techniques to address the chal-
lenges posed by domain shift and limited data availability in the medical domain.
Domain adaptation is a speci c type of transfer learning that aims to adapt a model
trained on one domain to perform well on another domain. In this context, the task

remains the same but the data distribution changes [70, 71] (Section 2.3.2).
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Our proposed approach achieved the4 position in the challenge. The work
discussed in this chapter has been published in the ®3EEE Conference on Irish
Machine Vision and Image Processing Conference (IMVIP), 2023 [142]. The code
to replicate experiments and results is publicly available at:
https://github.com/aleemsidra/STOIC2021-COVID-19-Al-Challenge.

Section 3.1 outlines our motivation behind the research on COVID-19 severity
prediction and gives an overview of the STOIC 2021 { COVID-19 Al Challenge [20].
Section 3.2 reviews the existing methods for COVID-19 prediction. Section 3.3
outlines the proposed ensemble approach and its architectural design. Section 3.4
provides an overview of the STOIC dataset and the experimental setup. Section 3.5
presents a comprehensive in-depth analysis of all the experiments and a comparative
analysis of the proposed approach with other leading methods. Finally, Section 3.6,
summarizes the ndings from the challenge and highlights how participation in the

STOIC challenge contributed to help shape the research direction for this thesis.

3.1 Introduction

The automated medical imaging analysis research domain has undergone a trans-
formative evolution, largely driven by advancements in deep learning [143]. This
progress not only stems from technical and algorithmic innovations but also from
the availability of high-quality labeled datasets [40, 144], which have facilitated the
exploration of new architectures. However, medical imaging analysis poses unique
challenges to the generalization of deep learning models due to several factors such
as diverse imaging modalities that can result in domain shift [145, 146, 147] (Sec-
tion 1.1.3). For instance, magnetic resonance imaging (MRI) provides excellent
contrast for soft tissue, while CT scans o er superior spatial resolution [148, 149],
as shown in Figure 1.3 (Cross Modality). Therefore, the choice of modality is crit-
ical in achieving accurate results for speci c clinical applications. The choice of an
inappropriate imaging modality can result in diagnostic inaccuracies, hinder model

generalization, and degrade the performance of deep learning models trained on such
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Figure 3.1: Chest CT scans illustrating lung abnormalities associated
with various stages of COVID-19 progression.

data, ultimately leading to suboptimal outcomes.

The COVID-19 pandemic highlighted the critical role of medical imaging in di-
agnosis and emphasized the need for e cient automated diagnostic systems. Chest
X-rays have been more widely used in the prognosis and monitoring of COVID-19
patients due to their cost-e ectiveness and availability [150, 151]. However, chest
CT scans are more accurate in detecting lung abnormalities associated with COVID-
19 [152, 153, 154]. CT has proven to be an invaluable tool for evaluating lung condi-
tions, aiding in the prediction and severity assessment of COVID-19, and detecting

related complications.

Several chest CT ndings, such as ground-glass opacities, dilated vessels, consol-
idations, paving patterns, and cavitating lesions [154], have been directly associated
with COVID-19. In severe cases of COVID-19, chest CT scans often show ground
glass opacities in the peripheral lung regions and dilated pulmonary vessels. As
COVID-19 progresses, consolidations and cavitating lesions tend to increase [154].
These abnormalities are shown in Figure 3.1. Furthermore, previous studies have
focused primarily on COVID-19 positivity prediction or relevant features extrac-

tion [155, 156, 157, 158, 159, 160].
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3.1.1 Motivation

Given the advanced diagnostic capabilities and comprehensive clinical insights pro-
vided by CT imaging, this research utilizes the CT modality to analyze COVID-19
severity. While COVID-19 positivity prediction and feature extraction methods
contribute to diagnosing the disease, it is essential, to emphasize that these ap-
proaches alone are insu cient to aid treatment decisions or accurately predicting
disease severity. Proper assessment of COVID-19 severity is vital for e ective clin-
ical management, as it directly a ects treatment strategies and patient outcomes.
Additionally, the reliance on private datasets in COVID-19 research poses a sig-
ni cant challenge, restricting data accessibility and impeding the reproducibility of
proposed methods. These challenges motivated our participation in the STOIC 2021

COVID-19 Al challenge [20].

3.1.2 STOIC 2021- COVID-19 Al Challenge: Overview

The STOIC 2021 COVID-19 Al Challenge focused on developing fully automated
methods to distinguish between severe and non-severe COVID-19 cases, with \se-
vere" de ned as death or intubation within one month (AUC computed with COVID-

19 positive patients only, primary metric). The challenge was organized utilizing the
data from the STOIC dataset [161] (Section 3.4.1).

The STOIC 2021 challenge consisted of the following phases:

1. Quali cation Phase: participating teams developed algorithms using the
STOIC public dataset, with evaluation conducted by submitting docker con-
tainers ! of the proposed methods to the \Quali cation" leaderboard. This
leaderboard ranked submissions based on performance on a subset of approxi-
mately 200 test scans. The participating teams were limited to one submission

per week on the leaderboard.

2. Quali cation (Last Submission): determined which teams were eligible

1A docker container is a lightweight, standalone, and executable software package that includes
everything needed to run an application [162], Accessed: [08.02.2025].
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for the nal phase. Submissions for this leaderboard were evaluated on a
separate test set of approximately 800 scans, distinct from the set used for the

\Quiali cation" leaderboard.

3. Final Phase: selected nalists could submit a docker containef to train
an improved model using the full train set of over 9,000 CT scans. This
set included 2,000 scans from the STOIC public dataset, 200 scans from the
\Quali cation" leaderboard, approximately 800 scans from the \Quali cation
(Last Submission)" leaderboard, and an additional 6,000+ scans from the

STOIC database [161].

3.2 Related Work

Several deep learning techniques have proven e ective in medical diagnosis and
analysis while leveraging CT scan data. As discussed in Section 3.1, the majority of
the existing research focused on COVID-19 prediction and feature extraction. This
section provides an overview of the work conducted in these areas.

A fully automated method for detecting COVID-19 from chest CT scans is pro-
posed in [163]. The method rst applies an image processing algorithm to exclude
CT images where the lung interior is not clearly visible. It then utilizes a novel archi-
tecture based on a feature pyramid network, designed for classi cation tasks [164].
A new dataset containing 48,260 CT scan images from 282 healthy subjects and
15,589 images from 95 COVID-19 infected subjects is introduced and evaluated us-
ing a 10-fold cross-validation approach. However, the proposed method has not been
clinically validated on a large, diverse population. Since the dataset was collected
from a single center, its generalizability to other populations is uncertain. The im-
pact of domain shift, arising from variations in acquisition sites and protocols, has
not been validated (Section 1.1.3). COVIDCTNet, a multi-step deep learning model,
is proposed for diagnosing COVID-19 using a small cohort of CT images [165]. The

2A docker container is a lightweight, standalone, and executable software package that includes
everything needed to run an application [162], Accessed: [08.02.2025].
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model detects COVID-19 from CT scans, achieving a sensitivity of 98.7% and speci-
city of 96.1% on a dataset of 349 CT scans from 105 COVID-19 positive patients
and 68 healthy individuals. However, the dataset used in this study is not publicly
available, limiting the model's reproducibility. Moreover, the evaluation was con-
ducted on a small dataset, and further validation on larger, more diverse datasets

iS necessary.

A 3D version of the regularized network (RegNet) has been employed for diag-
nosing COVID-19 using chest CT images [166]. RegNet is based on the regularized
network architecture [167] and is trained on a large dataset consisting of COVID-19
positive and negative cases. While the authors have implemented sample-e cient
techniques, there remains a risk of over tting with deep learning models. Moreover,
the proposed method is limited by the dataset, which only includes COVID-19 pos-
itive and negative cases and lacks data for other lung diseases that may coexist.
As a result, the model's performance could decline in the presence of such con-
ditions. Additionally, the model was trained and evaluated on a limited dataset
from a speci ¢ geographic region, potentially restricting its generalization to other
populations (Section 1.1.4). Hossein et al. [168] propose a deep learning model
leveraging self-attention and multi-scale encoder-decoder networks, demonstrating
strong performance in medical imaging tasks like lung nodule detection, retinal
vessel segmentation, and brain tumor segmentation. However, its e ectiveness on
3D CT scans, a modality more suitable for detailed lung analysis (as discussed in

Section 3.1) remains unexplored.

A contrastive cross-site learning framework has been proposed to address the do-
main shift issue by leveraging information from multiple sources. This approach uses
a contrastive loss function to help the model learn shared representations across dif-
ferent datasets, facilitating better generalization across domains [169]. The method
was evaluated on two publicly available COVID-19 CT datasets: COVID-CT and
SARS-COV-2 CT-Scan [170], achieving an impressive accuracy of 97.3% on the com-

bined dataset. However, the dataset was imbalanced, with a relatively small number

49



Domain Adaptation for Medical Imaging under Limited Data Constraints

of COVID-19 positive cases compared to negative cases. This imbalance could in-
troduce bias in the model, hindering its ability to e ectively learn the distinguishing

features of COVID-19 from CT scans.

3.3 Methodology

This section presents our proposed approach for COVID-19 severity prediction. It
begins with a detailed description of the pre-processing steps our method applied
to the STOIC dataset, as outlined in Section 3.3.1. Following this, Section 3.3.2
provides an in-depth discussion of the architectural design of our proposed ensemble

method.

3.3.1 Pre-Processing

The CT scans from the STOIC dataset have a spatial resolution of 512512 with

a depth ranging from 128 to 600 slices. The radiodensity within this volume is
measured using Houns eld Units (HU), ranging from -1024 HU to 3071 HU, and
stored as 12-bit numbers [171]. However, directly scaling HU values to the range
of 0 to 1 can lead to low-contrast CT images, making it challenging to identify and
extract relevant features associated with COVID-19.

To overcome this challenge, a windowing function is applied to adjust the bright-
ness and contrast of CT images to enhance the visibility of speci c structures or
tissues [172]. Windowing plays a critical role in accurate CT scan interpretation
by optimizing the visibility of speci ¢ anatomical features and pathological details
as shown in Figure 3.2. This re nement ultimately helps the models to make more
precise predictions, detect subtle patterns and increase their robustness in distin-
guishing features relevant to COVID-19 severity. Windowing has two components:
window width and window level. The window width controls the range of signal in-
tensities displayed in the CT image. The window level sets the center of the window

width range and adjusts the midpoint of the grayscale display [173]. By changing
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