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Abstract

The delineation of paediatric brain tumours in magnetic resonance imaging (MRI)

remains a major clinical challenge due to complex tumour presentations, and the

heightened sensitivity of developing brains to treatment. Manual annotation is time-

consuming and subjective, with inconsistencies arising from differences in imaging

quality and tumour morphology. Automated approaches show promise in addressing

these issues, yet state-of-the-art supervised deep learning (DL) methods depend on

extensive, pixel-level annotations that are costly and scarce in paediatric populations.

To overcome these limitations, this thesis investigates weakly-supervised anomaly

detection based on denoising diffusion probabilistic models (DDPMs) as an alternative

for delineating paediatric brain tumours in MRI.

The first contribution introduces a 3D-latent diffusion model (LDM) with a novel

patch-based training strategy that enables efficient learning on volumetric data

while reducing computational demand. This strategy also facilitates the extraction

of pseudo-healthy anatomy from diseased individuals, mitigating data collection

requirements. The applicability of a novel encoding mechanism, adapted from natural

images, is further assessed for medical imaging. The approach surpasses existing

weakly-supervised baselines across several benchmarks. However, the generation of

artefacts raises important questions regarding performance on small lesion detection.

To address these limitations, the second contribution exploits the generative

capacity of LDMs to synthesise datasets with precisely controlled lesion sizes. Various

conditioning strategies are systematically compared to balance fidelity and dataset

consistency. Building on this foundation, the third contribution explores spatial

resolution enhancement via super-resolution (SR) using a conditional LDM to improve
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the detection of small lesions. The results demonstrate clear gains in lesion sensitivity

and resolution-aware segmentation.

The fourth contribution assesses the generalisability of the proposed framework to

paediatric tumours, an underexplored domain limited by scarce annotations. Experi-

mental results show that LDMs trained solely on adult data generalise effectively

to paediatric cases, while fine-tuning yields negligible gains. Additional evaluation

on a private multi-institutional cohort encompassing diverse tumour types and ac-

quisition conditions further supports the framework’s robustness. These findings

demonstrate that anomaly detection can extend beyond its original training domain

and underscore the framework’s relevance in low-annotation regimes.

Together, these contributions advance the use of LDMs for weakly-supervised

anomaly detection in medical imaging, unifying lesion detection, spatial resolution

enhancement, and synthetic data generation. The framework reduces dependence

on large annotated datasets and demonstrates robustness across adult and pae-

diatric cohorts. As a result, this thesis outlines a pathway towards scalable and

clinically applicable paediatric tumour segmentation beyond conventional supervised

paradigms.



Chapter 1

Introduction

Paediatric central nervous system (CNS) tumours are the second most common

paediatric malignancy (Hossain et al., 2021; Siegel et al., 2024). Among all CNS

neoplasms, brain tumours are associated with disproportionately high mortality rates

and remain a substantial health concern. Research on brain tumours has largely

focused on adult populations, yet paediatric tumours exhibit distinct clinical and

biological characteristics that complicate their diagnosis and management (d’Amati

et al., 2024; Louis et al., 2021; Pfister et al., 2022; Siegel et al., 2024). In response,

recent efforts have focused on refining stratification and treatment. The latest World

Health Organization (WHO) classification (Central Nervous System Tumours,

2021) reflects this shift by introducing a more differentiated and biologically grounded

categorisation of paediatric brain tumours.

Magnetic resonance imaging (MRI) plays a pivotal role in the diagnostic and

therapeutic workflow, providing the primary modality for non-invasive tumour

characterisation (d’Amati et al., 2024; Sturm et al., 2017; Villanueva-Meyer et al.,

2017). As the first step in the clinical decision-making process, accurate imaging

interpretation is essential: subsequent treatment planning, surgical strategy, and

radiotherapy are all reliant on precise spatial delineation of the lesion to preserve

healthy tissue (Carrete et al., 2022; J. Huang et al., 2022; Litjens et al., 2017; Najjar,

2023; Sterzing et al., 2011). However, the manual delineation of brain tumours,

also known as segmentation, is a time-intensive task that remains vulnerable to

variability between experts, diagnostic fatigue, and challenges posed by diffuse or
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subtle lesions. These complexities motivate the development of assistive systems that

support radiologists in the detection and analysis of tumoural regions, enhancing

consistency, reducing workload, and ultimately contributing to improved clinical

outcomes (Bakas et al., 2017; J. Huang et al., 2022; Willemink et al., 2020).

Deep learning (DL) has shown substantial success in brain tumour segmentation,

automating the delineation of tumoural regions with high accuracy (Isensee et

al., 2021; Litjens et al., 2017; Lundervold & Lundervold, 2019; R. Wang et al.,

2022). However, state-of-the-art methods typically rely on costly fine-grained expert

annotations. In contrast, weak labels, such as image- or volume-level annotations,

are considerably easier to obtain than pixel- or voxel-wise segmentations. As a result,

their use enables the integration of large, unlabelled clinical datasets into model

training, facilitating broader coverage of disease variability and reducing the reliance

on time-intensive manual annotation (Cheplygina et al., 2019; Kazerouni et al., 2023;

Litjens et al., 2017; R. Wang et al., 2022).

The significance of the research in this thesis is threefold. Firstly, it builds on

the established body of work in weakly-supervised brain tumour segmentation and

advances it by incorporating volumetric MRI data. This enables richer spatial context

and improved lesion localisation, while necessitating architectural adaptations for

efficient feature extraction in high-dimensional settings.

Secondly, this research addresses the challenge of early detection through the

surrogate objective of small lesion segmentation. Early-stage tumours are inherently

small and often subtle, yet timely identification is essential in paediatric neuro-

oncology to prevent long-term neurological and developmental impairments. By

systematically evaluating performance depending on lesion size using synthetic

datasets, this work provides a controlled setting to quantify detectability under

clinically relevant conditions. In addition, it investigates the impact of increased

resolution on the detectability of small lesions, providing insights into the trade-offs

between image quality, computational cost, and segmentation performance.

Finally, this research builds on both preceding contributions to explore a pathway

towards the segmentation of paediatric brain tumours, leveraging insights gained in
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the adult domain. It examines the transfer of representations learned on adult imaging

data to the paediatric setting, where research remains scarce due to the absence of

large, annotated datasets. In this context, it further evaluates the generalisability

of the proposed approach, aiming to reduce reliance on limited annotations and

improve resilience to distributional shifts. This strategy lays the groundwork for

scalable weakly-supervised frameworks applicable across both adult and paediatric

populations.

1.1 Paediatric brain tumours

Paediatric CNS tumours are the most common solid tumours in children, accounting

for 25% of all childhood cancers and 21% of cancers in adolescents (Siegel et al., 2024).

These tumours are often aggressive, particularly in younger children, where only one-

third are benign, contributing to a high mortality rate of 35-40% (Hossain et al., 2021;

Siegel et al., 2024). Due to the ever-changing landscape of these lesions, the WHO

periodically releases classification and categorisation guidelines. Generally speaking,

the lesions are classified based on their location within the brain, their appearance

in medical imaging and their molecular profile and histological features

obtained through biopsy. Particularly molecular diagnostics have become increasingly

important for accurate classification and are reflected in the most recent 5th edition of

the “WHO Classification of Central Nervous System” (Central Nervous System

Tumours, 2021; d’Amati et al., 2024; Louis et al., 2021; Pfister et al., 2022). A

major change in these guidelines is the introduction of distinct subcategories for

paediatric tumours to reflect their fundamental divergence from adult counterparts.

Unlike adult cancers, which typically result from long-term environmental exposure

and the gradual accumulation of genetic damage, paediatric tumours are often the

result of “maturation blocks” during early development (Behjati et al., 2021; Pui

et al., 2011). Rather than having a high number of genetic mutations gathered over

decades, childhood tumours usually feature far fewer genetic changes, often driven

by a single major event (e.g. a specific gene fusion) that occurs in immature cells
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Figure 1.1: Axial T2-weighted MRIs of paediatric brain tumours: (a) diffuse midline
glioma, (b) high-grade glioma, (c) low-grade glioma, and (d) ependymoma. Arrows
indicate the tumour. Note. All images are adapted from Jaju et al. (2022). CC BY
4.0.

(Gröbner et al., 2018; Ma et al., 2018). Additionally, these tumours are less likely to

be detected or attacked by the body’s natural immune system compared to their

adult counterparts (Grabovska et al., 2020; Wienke et al., 2021).

Paediatric brain tumours are primarily classified into gliomas and ependymal

tumours. Gliomas, the most common subtype accounting for approximately 50% of

new diagnoses, originate from glial cells and are categorised into low-grade gliomas

(LGGs) and high-grade gliomas (HGGs) based on malignancy and molecular

features (d’Amati et al., 2024; Pfister et al., 2022; Wells & Packer, 2015; Zong

et al., 2015). LGGs often occur in the cerebellum, optic pathway, and brainstem and

exhibit slow growth associated with favourable prognosis (Banerjee & Nicolaides, 2017;

d’Amati et al., 2024; Pfister et al., 2022; Wells & Packer, 2015). In contrast, HGGs,

including diffuse midline gliomas (DMGs), demonstrate rapid progression and poor

survival rates, partially due to their location in indispensable brain compartments

including cerebellum, thalamus, and pons (J. S. Chang et al., 2017; d’Amati et al.,
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2024; Pfister et al., 2022; Wells & Packer, 2015). Ependymal tumours, the third

most common subtype, arise from CNS ventricular lining cells and are classified

based on location into supratentorial and posterior fossa ependymomas. Pediatric

ependymomas, classified into WHO grades I - III, exhibit heterogeneous prognosis,

with grade I lesions generally associated with favourable outcomes, while grade III

(anaplastic) ependymomas carry a markedly worse prognosis (d’Amati et al., 2024;

Kline et al., 2017; Wells & Packer, 2015).

1.1.1 Conventional diagnosis and treatment

Depending on lesion location, tumour biology, and patient age, paediatric brain

tumours can present with a wide range of clinical symptoms. These are typically

classified as either non-specific or focal. Non-specific symptoms include headache,

nausea, vomiting, behavioural changes, and subtle developmental delays. Focal

symptoms are more directly linked to the lesion’s anatomical location and may

manifest as speech impairments, visual disturbances, or motor deficits such as

hemiparesis (Fry et al., 2014; Lanphear & Sarnaik, 2014; Wells & Packer, 2015;

Wilne et al., 2010; Yamada et al., 2020; Zumel-Marne et al., 2020).

Symptom severity often correlates with tumour grade: higher grade lesions tend

to provoke rapid and severe symptoms, prompting earlier clinical investigation. In

contrast, low-grade tumours are more likely to cause mild and non-specific symptoms,

frequently resulting in delayed diagnosis (Banerjee & Nicolaides, 2017; J. S. Chang

et al., 2017; d’Amati et al., 2024).

The importance of magnetic resonance imaging

The radiologic intervention is the cornerstone of the diagnostic pathway for pa-

tients with suspected brain tumours, representing the critical first step in their

clinical journey. As the primary imaging modality, MRI is preferred for its superior

soft-tissue contrast, absence of ionising radiation, and multi-sequence capability,

enabling detailed characterisation of various disease characteristics and guiding sub-

sequent diagnostic and therapeutic decisions (Carrete et al., 2022; Thust et al., 2018;
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Villanueva-Meyer et al., 2017). Beyond tumour detection, radiological assessment

provides crucial information on lesion location, morphological features, and tissue

composition, which facilitates a preliminary classification that informs treatment

strategies. This imaging data is fundamental to precise, patient-specific treatment

while minimising toxicity and preserving healthy tissue (Mueller & Chang, 2009;

Vagvala et al., 2022; Villanueva-Meyer et al., 2017; Wells & Packer, 2015).

The recommended MRI clinical protocol includes T1-weighted (T1w) and T1

contrast-enhanced (T1ce) sequences, along with T2-weighted (T2w) and T2-fluid

attenuated inversion recovery (T2-FLAIR) sequences. Increasingly, 3D sequences are

replacing traditional 2D planar sequences due to their improved anatomical fidelity

and enhanced through-plane resolution, despite the longer acquisition times (Bakas

et al., 2017; Carrete et al., 2022; Thust et al., 2018; Villanueva-Meyer et al., 2017).

Standard clinical MRI protocols typically operate at a spatial resolution (voxel size)

in the order of 1 mm× 1 mm× 1 mm for isotropic 3D acquisitions, or approximately

1 mm× 1 mm× 5 mm for traditional 2D axial slices (Bakas et al., 2017; Thust et al.,

2018). Understanding these dimensions is critical when considering the targeted

lesion sizes in this research and becomes particularly relevant when evaluating the

detectability of small lesions (see Section 2.1.6 and Chapter 4).

T1W MRI sequences are particularly useful to highlight blood products and calcifi-

cations, whereas T2w sequences are more sensitive to the presence of oedema, cystic

components, and necrosis. These features allow the initial structural classification of

the lesion. LGGs are generally more circumscribed and often present with both cystic

and solid components. In contrast, HGGs typically exhibit diffuse infiltration of

surrounding structures, with associated oedema, increased vascularity, and disruption

of the blood-brain barrier (Banerjee & Nicolaides, 2017; Carrete et al., 2022; J. S.

Chang et al., 2017; Kline et al., 2017; Thust et al., 2018; Villanueva-Meyer et al.,

2017). T2-FLAIR sequences help evaluate the extent of lesions, particularly in cases

with oedema or lower-grade lesions that exhibit low contrast enhancement on T1w

images. This capability aids in assessing affected brain regions and delineating lesion

borders (Carrete et al., 2022; Thust et al., 2018; Villanueva-Meyer et al., 2017).
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In addition, advanced techniques such as perfusion- and diffusion-weighted imaging

are increasingly being incorporated. These sequences provide valuable insights into

tumour vascularity and cellularity, respectively, offering critical information for lesion

characterisation and treatment planning. However, due to their higher cost and

lack of standardisation in clinical protocols, these advanced imaging modalities are

predominantly employed in research settings rather than routine diagnostics (Carrete

et al., 2022; Thust et al., 2018; Villanueva-Meyer et al., 2017).

Standard treatment regimens

Conventional MRI assessment is followed by a biopsy to confirm the diagnosis and

provide a histological and molecular classification of the tumour. The combination

of imaging data and tumour profiling is critical as it determines the subsequent

treatment strategy. With the ongoing development of novel therapies targeting

newly identified molecular markers, the treatment landscape is becoming increasingly

complex. In general, the primary aim of the treatment is to balance effectiveness and

potential curative approaches with the preservation of normal neurological function

(Carrete et al., 2022; Eisenhauer et al., 2009; J. Huang et al., 2022; Mueller & Chang,

2009; Sterzing et al., 2011; Vagvala et al., 2022; Wells & Packer, 2015).

Treatment is typically initiated with surgical resection, aiming for gross-total

resection, which can eliminate the need for adjuvant therapy and is associated with

excellent long-term survival outcomes (Banerjee & Nicolaides, 2017; J. S. Chang

et al., 2017; d’Amati et al., 2024; Kline et al., 2017). However, complete resection

is often impractical for deep-seated or diffusely infiltrative lesions due to the high

risk of permanent neurological deficits. In such cases, alternative or adjuvant

treatment strategies are employed, including radiation therapy, chemotherapy, and

targeted therapies. Radiation therapy is commonly used in cases of recurrence or

for older patients but is generally avoided in younger populations due to the risk of

neurocognitive impairment and secondary malignancies (J. S. Chang et al., 2017;

Kline et al., 2017; Wells & Packer, 2015). Advances such as proton beam therapy

and brachytherapy have been developed to minimise off-target radiation exposure
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and reduce long-term toxicity. Chemotherapy may complement or replace surgery

and radiation therapy, particularly for systemic tumour control or in instances where

surgical intervention is not viable; however, toxicity considerations remain a major

limitation (Banerjee & Nicolaides, 2017; J. S. Chang et al., 2017; d’Amati et al.,

2024; Vagvala et al., 2022; Wells & Packer, 2015). More recently, targeted therapies,

including molecular inhibitors and immunotherapy, have been explored to improve

treatment outcomes and reduce therapy-associated toxicity. These approaches seek

to disrupt tumour-specific pathways involved in proliferation and invasion or enhance

the immune system’s ability to recognise and eliminate malignant cells (Banerjee &

Nicolaides, 2017; J. S. Chang et al., 2017; d’Amati et al., 2024; Kline et al., 2017;

Vagvala et al., 2022; Wells & Packer, 2015).

Challenges of conventional diagnosis and treatment

Human analysis remains the gold standard in the diagnostic evaluation of paediatric

brain tumours, with radiologists playing a central role in identifying and interpreting

abnormalities (Thust et al., 2018; Villanueva-Meyer et al., 2017). However, the

diagnostic pathway is inherently complex, influenced by both technical limitations

of imaging modalities and the challenges associated with human interpretation.

MRI, while offering superior soft-tissue contrast and multi-sequence capability, is

subject to resolution constraints, imaging artefacts, and signal-to-noise limitations,

all of which may hinder the detection of subtle or small lesions. These technical

constraints, coupled with the variable presentation of paediatric tumours, contribute

to the difficulty of early and accurate diagnosis (Banerjee & Nicolaides, 2017; Bruno

et al., 2015; Carrete et al., 2022; J. S. Chang et al., 2017; Goldman et al., 2017;

Villanueva-Meyer et al., 2017).

Beyond these modality-specific challenges, human interpretation is influenced by

perceptual and cognitive factors. Perceptual errors occur when abnormalities are

overlooked during image evaluation, often exacerbated by clinician fatigue, high

workloads, or the difficulty in identifying secondary findings once an initial diagnosis

is made. Cognitive errors, on the other hand, involve incorrect interpretation of
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detected abnormalities, including misclassification of lesion significance or diagnostic

anchoring based on incomplete clinical information (Bruno et al., 2015; Lee et al.,

2013; L. Zhang, Wen, et al., 2023). The interplay of these factors contributes to the

potential for misdiagnosis, which can substantially affect patient outcomes by delaying

treatment initiation, leading to increased neurological morbidity, long-term functional

impairment, and, in some cases, poorer survival rates. This impact is particularly

pronounced in paediatric cases, where delays in intervention may irreversibly affect

critical developmental windows (Banerjee & Nicolaides, 2017; Bruno et al., 2015;

J. S. Chang et al., 2017; Goldman et al., 2017; Sadighi et al., 2018; Smith et al.,

2008; Sturm et al., 2017; Wells & Packer, 2015).

1.2 How can machine learning help?

Despite the tremendous efforts employed in clinical practice to address the challenges

inherent in diagnosing paediatric brain tumours, misdiagnosis rates continue to reach

up to 30% (Bruno et al., 2015; Goldman et al., 2017; Lee et al., 2013; L. Zhang, Wen,

et al., 2023). Accurate tumour measurement is critical not only for early detection

but also for assessing disease progression and evaluating the efficacy of treatment over

time. Given the complexity of tumour identification, particularly with small or subtle

lesions, and the potential for errors in human interpretation, there is a growing need

for alternative solutions to assist medical professionals in their assessment processes

(Bakas et al., 2017; Najjar, 2023; R. Wang et al., 2022; Zegers et al., 2021).

Computer-aided diagnosis (CAD) systems offer promising avenues for improving

diagnostic accuracy. These systems aim to support radiologists by providing objec-

tive and consistent analyses of medical images through advanced image processing

techniques (Najjar, 2023; R. Wang et al., 2022; Zegers et al., 2021). CAD systems

can help mitigate perceptual and cognitive errors by directing clinician attention to

regions that warrant further investigation. Additionally, these systems can assist in

automating tasks such as tumour segmentation, which forms the basis for volumetric

measurement and longitudinal tracking. Both are crucial for treatment planning as
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well as for assessing treatment efficacy and disease progression. As such, integrating

CAD systems into clinical workflows could provide a complementary tool for clini-

cians, enhancing diagnostic precision and reducing the potential for human error in

the interpretation of complex imaging data (Bakas et al., 2017; Litjens et al., 2017;

R. Wang et al., 2022).

The success of DL in pattern recognition tasks across various domains has led to an

increased focus on transferring these methodologies to the medical field. Particularly

the ability to automatically detect patterns in complex data using convolutional

neural networks (CNNs) is beneficial in the medical domain, where the identification

of disease-related patterns in digital medical imaging data is crucial (Isensee et al.,

2021; Krizhevsky et al., 2012; Litjens et al., 2017; Ronneberger et al., 2015). As such

DL-based CAD systems are actively researched and developed to assist clinicians

in the diagnosis of various diseases, including brain tumours. These systems aim

to enhance diagnostic accuracy, reduce misdiagnosis rates, and improve overall

patient outcomes by offering clinicians more precise and detailed insights into patient

conditions (Isensee et al., 2021; Litjens et al., 2017; Lundervold & Lundervold, 2019;

Painuli et al., 2022; R. Wang et al., 2022; H. Yu et al., 2021).

For the diagnosis of brain tumours from digital MRI scans, DL primarily addresses

two tasks: classification and segmentation. Classification assigns scans to tumour

types by extracting discriminative features, supporting diagnosis through identifica-

tion of class-specific pathological patterns (Litjens et al., 2017; H. Yu et al., 2021).

Segmentation delineates tumour boundaries at the pixel level, providing spatial

information on size, shape, and location (Eisenhauer et al., 2009; Litjens et al., 2017;

Najjar, 2023; R. Wang et al., 2022; H. Yu et al., 2021). By embedding tumour

characteristics within their anatomical context, segmentation complements classifica-

tion and enables precise clinical assessment (Bishop & Bishop, 2024a; Lundervold &

Lundervold, 2019; Painuli et al., 2022; R. Wang et al., 2022; H. Yu et al., 2021). This

thesis therefore focuses on segmentation, as accurate delineation underpins treatment

planning, surgical decision-making, and longitudinal monitoring.
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1.2.1 Supervised brain tumour segmentation

Supervised DL has been instrumental in the success of automatic pattern detection

across various domains. It represents the gold standard in medical imaging analysis

due to its efficiency and accuracy (Najjar, 2023; R. Wang et al., 2022; H. Yu et al.,

2021). In supervised learning, the training process is guided by expert-provided

annotations that serve as reference targets. These supervisory signals constrain the

optimisation process by narrowing the search space and enabling the model to learn

task-relevant patterns within complex data. In medical imaging, these techniques

have proven particularly effective for tasks such as segmentation and lesion detection,

offering considerable potential to assist clinicians in tumour diagnosis and treatment

planning (Najjar, 2023; R. Wang et al., 2022; H. Yu et al., 2021).

Limitations of supervised approaches

While supervised DL has demonstrated considerable success in domains with abun-

dant annotated data, this strength becomes a major limitation in medical imaging,

where data for specific conditions and populations is often scarce. Although one

might expect substantial volumes of medical imaging data for brain tumour patients,

given the high number of new diagnoses and radiological assessments conducted

annually (Miller et al., 2021; Siegel et al., 2019, 2024), access to such datasets is

severely restricted due to ethical and privacy concerns (Kush et al., 2020; Varoquaux

& Cheplygina, 2022; Willemink et al., 2020; Wirth et al., 2021). This issue is partic-

ularly pronounced in paediatric imaging, where data sharing is further constrained

due to the sensitive nature of the population, thereby limiting the availability of

data for specific paediatric aetiologies (Patrinos et al., 2022; Price & Cohen, 2019).

Even if ethical barriers to data access are overcome, supervised DL still requires

high-quality datasets, encompassing both imaging data and expert-level annotations.

The manual labelling of medical images to obtain the ground truth required for

supervised training is a labour-intensive and costly process that demands expert

input at every stage. This is particularly important for segmentation tasks, which
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require voxel-wise annotations of multimodal and 3D imaging data to ensure accurate

lesion delineation. The availability of such annotated datasets is severely constrained

with data often limited to specific pathologies, imaging modalities, and patient

demographics (Adewole et al., 2023; Kazerooni et al., 2024; Moawad et al., 2024).

For example, until 2023, the leading dataset in the brain tumor segmentation (BraTS)

challenge was limited to adult gliomas, with only recently added paediatric cases and

expanded pathology coverage (Adewole et al., 2023; Kazerooni et al., 2024; Moawad

et al., 2024). In addition, the annotation process is further complicated by the quality

of the raw imaging data, which is subject resolution constraints, imaging artefacts,

and signal-to-noise issues (Aja-Fernández & Vegas-Sánchez-Ferrero, 2016; Bruno

et al., 2015; Goldman et al., 2017; Soomro et al., 2023; Willemink et al., 2020).

Furthermore, the reliance on expert annotations introduces another critical chal-

lenge: the potential for bias and variability in the training process. Annotation

quality can vary between experts due to differences in experience, interpretation, and

institutional protocols, leading to inconsistencies within the training data. These

discrepancies may propagate through the learning process, adversely impacting

model performance and reducing its ability to generalise effectively, particularly when

applied to external datasets or previously unseen pathologies (Bruno et al., 2015;

Goldman et al., 2017; Lee et al., 2013; Varoquaux & Cheplygina, 2022; Willemink

et al., 2020; L. Zhang, Wen, et al., 2023). As a result, even when large datasets are

available, annotation inconsistencies pose an additional barrier to the development

of robust supervised DL models for brain tumour segmentation.

Despite efforts to provide a gold-standard dataset, the available collections remain

relatively small compared to those in natural image analysis, which often contain

hundreds of thousands of samples (Deng et al., 2009; Lin et al., 2014; F. Yu et al.,

2015). The largest dataset in the BraTS challenge includes only 1251 adult glioma

subjects, which may not capture the full diversity of gliomas, let alone of differing

brain tumour variants. Consequently, supervised DL models trained on such datasets

may exhibit limited generalisability to data outside the scope of these samples,

especially when focused on specific pathologies (Ali et al., 2024; J. Peng & Wang,
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2021; Varoquaux & Cheplygina, 2022). This scarcity is further amplified in the

paediatric domain as outlined before. The current state-of-the-art dataset contains

only 99 subjects (Kazerooni et al., 2024), which is an order of magnitude smaller than

the adult counterpart, and is likely of insufficient scale for training high-capacity DL

models (Sun et al., 2017; Varoquaux & Cheplygina, 2022; Willemink et al., 2020).

1.2.2 Brain tumour segmentation with reduced supervision

One active research direction seeks to reduce reliance on ground-truth annotations for

brain tumour segmentation by developing approaches that circumvent the limitations

of fully supervised learning. A prominent strategy is anomaly detection, which

targets regions that deviate from healthy anatomy. Early work in this area employed

reconstruction-based autoencoders (AEs), trained on scans from healthy individuals

to learn a compact representation of normal anatomy. Lesions are then identified

as regions with elevated reconstruction error, reflecting a mismatch between the

input and the learned distribution of healthy data (Baur et al., 2021; C. Zhou &

Paffenroth, 2017). Subsequent iterations of this concept utilised the capacity of

generative models to estimate the underlying probability distribution of healthy data.

These models allow to detect examples with differing characteristics with remarkable

results and performance close to conventional supervised DL in specific circumstances

(Baur et al., 2019; Pinaya, Tudosiu, et al., 2022; Schlegl et al., 2019; Weninger et al.,

2019; X. Wu et al., 2021; Zimmerer et al., 2019).

Since their introduction by Ho et al. (2020), denoising diffusion probabilistic

models (DDPMs) have established themselves as a distinct class of generative models,

characterised by high-fidelity and diverse image generation (Dhariwal & Nichol,

2021; Ho et al., 2020; Nichol & Dhariwal, 2021). These models benefit from an

easier training process due to the absence of an adversarial training scheme, avoiding

mode collapse observed in generative adversarial networks (GANs). Furthermore,

their denoising-based loss function enhances reconstruction quality, mitigating the

blurriness often seen in AEs (Dhariwal & Nichol, 2021; Ho et al., 2020; Nichol &

Dhariwal, 2021). As a result, DDPMs have demonstrated remarkable results in the



Chapter 1. Introduction 14

detection of anomalies in medical images (Fontanella et al., 2024; Pinaya, Graham,

et al., 2022; Sanchez et al., 2022; Wolleb et al., 2022).

The effectiveness of DDPMs in detecting anomalies in medical imaging can be at-

tributed to several factors. Firstly, weakly-supervised learning anomaly detection

approaches have substantially enhanced performance by incorporating both healthy

and anomalous data during training, outperforming DDPMs trained solely on healthy

data (Fontanella et al., 2024; Sanchez et al., 2022; Wolleb et al., 2022). Secondly,

encoding anatomical information within the latent space of the diffusion process,

combined with classifier-guided (Dhariwal & Nichol, 2021) and classifier-free (Ho &

Salimans, 2021) sampling, enables the synthetic generation of healthy counterfactuals

of diseased imaging data (Pinaya, Graham, et al., 2022; Sanchez et al., 2022; Wolleb

et al., 2022). Lastly, the introduction of latent diffusion models (LDMs) (Rombach

et al., 2022) has improved DDPM performance by compressing the input data into

a lower-dimensional latent space using a pre-trained AE, reducing computational

complexity (Pinaya, Graham, et al., 2022).

Additionally, DDPMs offer a flexible framework in which the generative process

can be effectively guided through auxiliary conditioning signals, enabling a broad

range of applications such as super-resolution (SR) reconstruction and denoising (H.

Chung et al., 2023; Mao et al., 2023; J. Wang et al., 2024), as well as the synthesis of

specific lesion characteristics (Dorjsembe et al., 2024; Konz et al., 2024; H. Wu et al.,

2024), which have the potential to further enhance anomaly detection performance.

1.3 Problem statement

In summary, paediatric brain tumours represent a severe health challenge, where

early and precise diagnosis is vital for improving outcomes, as treatment delays can

substantially worsen prognosis. Accurate delineation of lesion borders is central

to treatment planning, enabling the preservation of healthy tissue and reducing

complications during surgery or radiation therapy. This is of particular importance in

paediatric patients, where the developing brain is especially vulnerable to treatment.
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Despite the importance of accurate diagnosis, the manual analysis of radiological

data remains the primary clinical approach, guiding subsequent therapeutic deci-

sions. However, this process is constrained by both technical limitations (resolution

constraints, imaging artefacts, and signal-to-noise issues) and human-specific factors,

such as inter-observer variability, cognitive bias, and misdiagnosis rates. These

challenges underscore the urgent need for automated tools that can assist

radiologists in delineating lesion boundaries in uncertain cases.

DL-based approaches have shown great promise in medical imaging, particularly

in identifying pathological features and segmenting tumours. However, supervised

learning is highly dependent on large, high-quality annotated datasets, which are

scarce in medical imaging due to the labour-intensive and costly nature of expert

labelling. This limitation is particularly restrictive in paediatric populations, where

data availability is further constrained by ethical and privacy concerns, reducing the

capacity of supervised DL.

To mitigate this issue, weakly-supervised anomaly detection has emerged as a

promising alternative. In this context, DDPMs are especially relevant as they learn

the underlying distribution of healthy anatomy and generate counterfactual repre-

sentations. This facilitates superior anomaly detection without requiring pixel-wise

annotations. In addition, their ability to operate without pixel-level labels makes

them particularly well-suited to leverage large-scale unlabelled hospital data and

unlock new avenues for detecting previously unseen anomalies across diverse popula-

tions. However, current weakly-supervised DDPMs lack the robustness and accuracy

required to replace supervised approaches. Key challenges include the detection

of small lesions, adaptation to heterogeneous imaging distributions, and ensuring

reliable anomaly identification beyond predefined pathologies and populations. Ad-

dressing these limitations is essential for the clinical translation of generative models,

potentially enabling early tumour detection and improved treatment planning in

paediatric brain tumour patients.
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1.3.1 Research Gaps and Questions

Building on the challenges outlined in Chapter 2, this research identifies three key

gaps that limit the effectiveness of weakly-supervised brain tumour segmentation

with DDPMs. These gaps form the basis for the research questions addressed in this

thesis:

Gap 1 The transition from 2D to 3D medical image analysis for weakly-supervised

brain tumour segmentation remains underexplored due to increased computational

demands and the lack of public datasets with healthy individuals.

Gap 2 The role of SR in enhancing weakly-supervised DDPM-based anomaly de-

tection remains underexplored, particularly with respect to its effect on sensitivity

to small or subtle brain tumours.

Gap 3 The generalisability of weakly-supervised DDPMs to paediatric brain tumours

remains untested, despite their hypothesised robustness to distributional shifts and

suitability for data-scarce clinical settings.

Gap 1 and Gap 2 represent technical precursors, addressing the limited support

for 3D modelling and the reduced sensitivity to small lesions, respectively. Resolving

these issues is aimed to improve robustness and anomaly detection accuracy. Such

improvements are essential prior to meaningful evaluation on data-scarce paediatric

cohorts, as training high-capacity DDPMs requires larger datasets. In contrast, Gap 3

is application-oriented, focusing on generalisability to underrepresented paediatric

populations and the challenges posed by scarce data, age-dependent anatomical

variation, and clinically subtle lesion presentations. Collectively, addressing these

gaps strengthens the modelling framework and establishes a pathway towards robust

and scalable paediatric brain tumour segmentation.

Following the identification of these gaps, I devised the following research questions

that this research project aims to systematically address:
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Research Question 1 How can weakly-supervised 3D anomaly detection be made

computationally efficient while mitigating reliance on publicly available datasets of

healthy individuals?

The first research question aims to address Gap 1 by investigating methods for

improving the efficiency and applicability of DDPMs in weakly-supervised brain

tumour segmentation. It explores sampling strategies for scalable 3D processing

and examines how healthy anatomical information can be obtained from diseased

individuals. Additionally, it evaluates the impact of different encoding mechanisms

on the quality and reliability of the learned representations, with the goal of enabling

more effective anomaly detection in higher-dimensional medical imaging.

Research Question 2 What is the effect of DDPM-based SR on the sensitivity

and segmentation performance of weakly-supervised anomaly detection, particularly

for small brain tumours?

To address the second research question, this work investigates whether DDPM-

based super-resolution improves the sensitivity of weakly-supervised anomaly detec-

tion models to small brain tumours. Following insights from Research Question 1, the

investigation focuses on synthetically generating lesions with controlled properties

to enable systematic evaluation. The research question further explores how SR

influences segmentation performance in this high-sensitivity setting and analyses the

impact of spatial resolution on the model’s ability to robustly detect lesions.

Research Question 3 To what extent can DDPMs trained on adult brain tu-

mour data generalise to the paediatric domain, and how robust are the learned

representations to shifts in population and disease distribution?

A critical aspect of model robustness is its capacity to generalise across varying

populations and clinical scenarios. The final research question therefore investigates

how the findings from the previous research questions can be transferred to the

paediatric domain, where data scarcity, anatomical variability, and clinical sensitivity
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present unique challenges. By evaluating the framework on paediatric brain tumours,

this thesis examines whether the proposed strategies remain effective on a distinct

and more demanding population. It also proposes a staged pathway for translation

towards paediatric application and seeks to demonstrate the broader applicability

and adaptability of the weakly-supervised anomaly detection with DDPMs.

1.4 Contributions to knowledge

This research project makes substantial contributions to the field of weakly-supervised

brain tumour segmentation using DDPMs. The contributions are structured around

the three research questions outlined in Section 1.3.1.

Contribution 1 Developed a patch-based LDM for efficient 3D weakly-supervised

brain tumour segmentation via anomaly detection, preserving volumetric context

and integrating a robust encoding strategy to improve anatomical fidelity.

To address the computational constraints associated with volumetric data process-

ing in 3D weakly-supervised medical image segmentation, this work introduces a

DDPM-based segmentation framework that operates on spatially localised subvol-

umes. The framework is designed to generalise across related tasks and serves as a

foundation for subsequent extensions throughout this research. A patch-based LDM

is developed to enable memory-efficient training and inference while maintaining

access to rich volumetric context. This design choice directly mitigates the scalability

challenges outlined in Gap 1 and supports the feasibility of 3D weakly-supervised

segmentation with limited computational resources. In parallel, a novel sampling

mechanism is proposed to extract healthy regions from pathological volumes, cir-

cumventing the need for external control groups and enabling direct comparison

to state-of-the-art approaches. Lastly, the impact of encoding strategies on the

latent representation is explored through the integration of a more robust mechanism.

Specifically, a strategy defined for natural imaging is explored in the context of med-

ical imaging data, which promotes substantial conditional alterations with limited
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encoding. Collectively, these components form the basis for answering Research

Question 1, demonstrating that efficient 3D weakly-supervised brain tumour segmen-

tation is achievable without compromising anatomical accuracy. This contribution is

detailed in Chapter 3, with key findings published in Loesch et al. (2025).

Contribution 2 Developed and validated a DDPM-based model for the controlled

synthesis of size-specific brain tumour lesions in multi-sequence MRI.

Contribution 3 Conducted the first systematic investigation of DDPM-based SR

in weakly-supervised anomaly detection, evaluating its impact on the detectability

of small brain tumours.

The second research project builds on the findings of the first by shifting focus to

a key limitation in weakly-supervised segmentation: the detection of small lesions.

These lesions are of particular clinical relevance due to their association with early-

stage tumours, yet may pose major challenges for generative models due to their subtle

image alterations and reduced spatial footprint. Addressing this, Contribution 2

introduces a synthetic lesion generation pipeline based on the LDM architecture

established during Contribution 1. By exploring different conditioning strategies, this

contribution enables the controlled synthesis of lesions with specific size and location

attributes, providing a reproducible testbed for evaluating model sensitivity to small,

localised anomalies. This synthetic dataset serves as a surrogate for real-world clinical

cases where annotated small lesions are unavailable, thereby enabling the systematic

investigation of segmentation thresholds and failure modes.

Building on this foundation, Contribution 3 explores whether increasing the spatial

fidelity of input data can improve the sensitivity of weakly-supervised DDPMs to

small lesions. A DDPM-based SR module is implemented using the same conditioning

infrastructure as the synthetic generation task. This shared core architecture allows

a seamless integration between synthetic generation and resolution enhancement by

simply changing the conditioning signal. The SR module is evaluated on its ability

to improve lesion visibility and segmentation accuracy in real and synthetic lesion
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cases, providing a comprehensive view of its clinical applicability. By quantifying

the impact of SR on boundary delineation and segmentation performance, this

contribution offers empirical insight into the utility of spatial resolution enhancement

in weakly-supervised frameworks, further addressing Gap 2 and answering Research

Question 2. Both contributions are detailed in Chapter 4.

Contribution 4 Demonstrated the generalisability of DDPM-based weakly-supervised

anomaly detection for brain tumour segmentation to data-scarce paediatric cases,

validated on a curated multi-institutional dataset under clinically realistic conditions.

The last contribution extends the previously established DDPM-based framework

to evaluate its applicability to paediatric brain tumour segmentation. The paediatric

domain is a data-scarce setting that differs markedly from the adult population

on which the earlier components of this project were developed. Building on the

pretrained adult model, this contribution investigates whether its components can

be leveraged to facilitate transfer of knowledge across populations. By assessing

segmentation performance under distribution shift and quantifying the extent to which

adaptation is required, it explores the role of conditioning in re-utilising transferable

priors. This contribution addresses Gap 3 by demonstrating the framework’s potential

to generalise across clinically heterogeneous cohorts. By validating methods in adult

cohorts and adapting them for scarce paediatric data, it provides a staged pathway

towards paediatric brain tumour segmentation. This work therefore moves the

framework closer to practical paediatric applications and supports broader clinical

translation of the weakly-supervised DDPM approach. The findings are detailed in

Chapter 5.

1.5 Significance

Brain tumours remain a particularly challenging domain in medical imaging, where

timely and accurate diagnosis is critical to improving patient outcomes. This is
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especially important in paediatric populations, where diagnostic delays can lead to

irreversible neurological, cognitive, and developmental impairments. While DL has

demonstrated impressive performance in automating brain tumour segmentation,

the prevailing reliance on supervised methods imposes major limitations. These

models require extensive voxel-level annotations that are time-consuming, expensive

and scarce - especially in data-sensitive contexts such as paediatric brain tumours.

As a result, their applicability to pediatric populations is severely restricted due to

their limited capacity to generalise across clinical cohorts, imaging distributions, and

lesion types.

This research addresses these limitations by advancing the field of weakly-supervised

brain tumour segmentation using DDPMs. By reducing the dependence on dense

annotations, this work unlocks the potential to learn from larger, more heterogeneous

datasets, which aims to improve model robustness and generalisability.

Specifically, this work demonstrates how weakly-supervised anomaly detection

can be extended to 3D brain imaging. This approach allows to better capture the

spatial structure of tumours and improves the accuracy of lesion delineation. The

significance of this work further lies in its focus on small lesion detection. Detecting

subtle brain tumours is clinically vital for early-stage diagnosis but often poorly

supported and analysed by existing methods. By exploring the impact of spatial

resolution on the detectability of small lesions, this research provides empirical

evidence for the effectiveness of increased resolution in enhancing segmentation

performance in the weakly-supervised setting. Finally, the project evaluates the

capacity of pre-trained models to generalise across domains by transferring them

from adult to paediatric brain tumour cases. This directly supports the overarching

motivation of weakly-supervised learning: to build scalable, adaptable systems that

retain performance in real-world, data-scarce environments.

Collectively, this thesis advances the field of paediatric brain tumour segmentation

by strengthening weakly-supervised anomaly detection as a scalable alternative to

data-intensive supervised approaches. Through targeted improvements in accuracy,

sensitivity, and resolution-aware detection, the work enhances the reliability of existing
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diffusion-based frameworks. Crucially, it also evaluates the method’s applicability to

data-scarce paediatric cohorts, demonstrating promising generalisation from adult to

paediatric populations. These developments mark a step toward more robust and

accessible pediatric tumour segmentation pipelines. The ultimate goal is to enable

earlier and more precise diagnoses, which may contribute to improved treatment

planning and better outcomes for affected patients.

1.6 Thesis structure

Figure 1.2 provides an overview of the thesis structure and its alignment with the

research gaps and questions identified in Chapter 2. This chapter reviews the current

state of brain tumour segmentation, highlights limitations of supervised learning, and

outlines the emerging role of weakly-supervised approaches using DDPMs. These

insights form the basis for three subsequent research chapters, each addressing one

of the identified gaps.

Chapter 3 introduces the core modular framework and addresses the challenges

of 3D modelling for weakly-supervised segmentation. After validating the model

on natural images in Section 3.2, the chapter transitions to a medical setting by

proposing a patch-based 3D LDM, enabling volumetric segmentation under con-

strained computational resources (see Section 3.3). The chapter concludes with an

evaluation of the model’s performance in Section 3.4, a discussion of the limitations

in Section 3.5 and a summary of key findings and contributions in Section 3.6.

Chapter 4 builds on the preceding chapter by focusing on the clinically important

task of small lesion detection. Section 4.3 presents a generative pipeline for creating a

synthetic small lesion dataset, which is used to systematically assess lesion detection.

Section 4.4 introduces a SR module that aims to enhance spatial fidelity and examines

how conditioning mechanisms and degradation strategies influence segmentation

accuracy. The limitations of the approach are discussed in Section 4.5, and key

findings and contributions are summarised in Section 4.6.
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Gap 1: 3D
weakly-

supervised
segmentation

RQ 1: How
can 3D weakly-

supervised
segmentation be
made feasible?

Contribution 1:
Patch-based

3D-LDM

Contribution 2:
DDPM le-

sion synthesis
RQ 2: Does
SR improve

weakly-supervised
segmentation of
small tumours?

Contribution 3:
Small tumour seg-
mentation with SR

Gap 2: SR im-
pact on weakly-

supervised
DDPMs

Contribution 4:
Pediatric DDPM

generalisation

RQ 3: Can
DDPMs generalise

across tumour
distributions?

Gap 3: DDPM
generalisa-
tion across
populations

Chapter 2:
Literature review

Chapter 3: 3D latent diffusion model

Chapter 4: Small lesion detection

Chapter 5: Pediatric tumour segmentation

Figure 1.2: Thesis structure illustrating the identified research gaps (red), corre-
sponding research questions (blue), and contributions of each project (green). Dotted
lines with labels indicate the chapters in which each component is introduced and
discussed.

Chapter 5 extends the established framework to the paediatric domain, evaluating

its generalisability under substantial distributional shift and limited data availability.

It examines the extent to which a model trained on adult data can be applied

to a different population with distinct imaging characteristics. Particular focus is

placed on the role of the encoding mechanism in supporting transferability, and how

fine-tuning influences segmentation performance on the state-of-the-art dataset (see

Section 5.2). The chapter also includes the analysis of the model’s performance

on a separate private cohort of paediatric brain tumour patients in Section 5.3 to

investigate the generalisability beyond the state-of-the-art dataset. The chapter



Chapter 1. Introduction 24

concludes with a discussion of the limitations and a summary of the key findings in

Section 5.4.

Finally, Chapter 6 synthesises the main findings of the thesis, outlines their clinical

relevance, and reflects on the broader implications for weakly-supervised medical

image segmentation. It concludes by identifying limitations and proposing avenues

for future research to advance the clinical applicability of weakly-supervised anomaly

detection with DDPMs with a focus on paediatric brain tumour segmentation.

Notation remarks

A Note on Terminology: Throughout this dissertation, the term “resolution” is

used to refer to the spatial dimensions of the image grid (e.g., 256 × 256 pixels),

aligning with standard nomenclature in Computer Vision and DL literature. This is

distinct from the clinical definition of “spatial resolution”, which refers to the physical

dimensions of each voxel in millimetres. Where physical voxel size is discussed, it is

explicitly stated in metric units to avoid ambiguity.



Chapter 2

Literature Review

This chapter presents and critically reviews the most relevant literature on brain

tumour segmentation using deep learning (DL). Section 2.1 examines the availability

of data, state-of-the-art DL approaches and models, and evaluation metrics. The

section concludes by addressing the challenges and limitations of state-of-the-art

approaches. Section 2.2 proposes the idea and highlights the benefits of reducing

supervision in medical image segmentation with a focus on brain tumours. The

section introduces the concept of anomaly detection with generative models as a

means to reduce the required label density during training. Anomaly detection

methods utilising traditional generative models are reviewed, which transitions into

the motivation behind using denoising diffusion probabilistic models (DDPMs), a

novel class of generative models, in Section 2.3. The section highlights the advantages

of DDPMs in medical imaging, particularly in brain tumour segmentation, and

concludes by summarising the limitations and shortfalls of currently researched

DDPMs used for anomaly detection in Section 2.4. This section motivates this

research project and builds the foundation for the subsequent chapters.

This chapter provides the necessary context for the research project, focusing on

the current state-of-the-art in brain tumour segmentation using DL. For a more

detailed understanding of the introduced concepts, the interested reader is referred

to the cited literature, including Goodfellow et al. (2016b) and Bishop and Bishop

(2024c).
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2.1 State-of-the-art brain tumour segmentation

The origin of most approaches for medical image segmentation is linked to advance-

ments in visual recognition tasks in natural images, including classification and object

detection. The success of DL in these domains can be predominantly attributed

to the availability of data and the emergence of powerful computing infrastructure

(Litjens et al., 2017; Ronneberger et al., 2015; Shen et al., 2017). As a result,

traditional machine learning (ML) models have been gradually replaced by more

advanced DL models. The latter are characterised by their ability to automatically

extract essential features in contrast to the manual feature design by experts in

traditional ML. Nowadays, the state-of-the-art in image processing with DL is built

upon the introduction of convolutional neural networks (CNNs) and their capacity to

efficiently learn hierarchical features from structured data such as images (Goodfellow

et al., 2016a; He et al., 2016; Krizhevsky et al., 2012; Minaee et al., 2021).

The success of DL models for natural image analysis has substantially influenced

research targeting medical imaging data. Much of the research focuses on translating

knowledge and techniques to medical imaging data, which predominantly includes

the adaptation to the new data domain (Litjens et al., 2017; Shen et al., 2017). This

adaptation poses challenges, particularly due to differences in data characteristics,

such as higher dimensionality, varying features, and diverse image compositions.

For instance, in brain tumour segmentation, data typically consists of 3D magnetic

resonance imaging (MRI) volumes with multiple sequences, each contributing com-

plementary information to capture the full extent of potential lesions. Consequently,

these sequences are typically combined as input to the model for a comprehensive

lesion assessment, which is fundamentally different from the RGB channels in natural

images (Avesta et al., 2023; Litjens et al., 2017; Singh et al., 2020; X. Zhou et al.,

2018). Occasionally, models and concepts are developed specifically for medical

imaging, making substantial contributions to the field of DL. A prominent example

is the U-Net model by Ronneberger et al. (2015), now considered the gold standard

for image segmentation across domains.
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2.1.1 Data availability

A key requirement for the successful application of any DL-based method is the

availability of data. Computer vision and image processing with DL was markedly

influenced by the availability of open-source dataset collections, including ImageNet

(Deng et al., 2009) and Microsoft COCO (Lin et al., 2014). The availability of large-

scale, annotated datasets in natural image domains has enabled the development

of increasingly complex DL models. These models are capable of learning more

expressive feature representations and demonstrate strong generalisation to unseen

data. Empirically, model performance has been shown to improve logarithmically

with dataset size (Sun et al., 2017), reinforcing the importance of data availability in

driving progress. In addition, the heterogeneity of the available dataset is of great

importance to generalise well to unseen examples of the same distribution (He et al.,

2016; Soomro et al., 2023; Varoquaux & Cheplygina, 2022; Willemink et al., 2020).

In comparison to natural images, medical imaging shows an entirely different

landscape. The availability of data in this domain is substantially limited due

to various reasons, including but not limited to (Kush et al., 2020; Varoquaux &

Cheplygina, 2022; Willemink et al., 2020; Wirth et al., 2021):

1. ethical restrictions to share sensitive patient information,

2. deficiencies in hospital infrastructure and data collection systems hindering

data sharing, and

3. the costly annotation process for high-dimensional medical imaging data.

Ethical restrictions, risks and data sharing infrastructure

Ethical considerations are essential in research involving medical data, as the data

contains identifiable health information. Accordingly, studies using medical imaging

must follow stringent ethical guidelines and data protection laws, with strong emphasis

on safeguarding patient privacy and confidentiality. The ethical review process

involves a careful assessment of potential risks and benefits to participants. An human

research ethics committee (HREC) oversees this evaluation to protect participants
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from harm while maximising the study’s scientific and societal value (Herington

et al., 2023; Kush et al., 2020; Larson et al., 2020; Willemink et al., 2020).

Typically, medical image research involves the retrospective analysis of existing

patient records rather than the collection of new data. Consequently, the main risk

to participants is the potential exposure of identifiable information, and a waiver

of explicit consent is often granted after evaluation by the HREC. In such cases,

anonymity is ensured through the removal of personal identifiers (e.g., name, date

of birth, address, etc.) and information embedded in the imaging data, either in

Digital Imaging and Communications in Medicine (DICOM) metadata or the image

itself (Diaz et al., 2021; El Emam, 2013; J et al., 2025). Data must also be securely

stored and accessible only to authorised personnel, and ethics approval is granted

once these safeguards are demonstrated. The review process is often lengthy due to

the many hurdles that must be addressed. Research involving paediatric data adds

further complexity, as this vulnerable population requires additional safeguards and

their limited capacity to provide informed consent complicates the approval process

(Downie et al., 2007; Herington et al., 2023; Kush et al., 2020; Larson et al., 2020;

Willemink et al., 2020).

In addition to ethical restrictions, the sharing of medical imaging data is tightly

regulated (Hollis, 2016; Knoppers & Thorogood, 2017). Such data is usually stored

on secure hospital servers and accessible only to institutional affiliates, such as

medical practitioners. External researchers are typically denied access due to strict

privacy regulations. Overcoming this limitation requires close collaborations or

formal processes that affiliate researchers with the hospital, ensuring compliance with

institutional ethics and data protection protocols. Although stored within hospitals,

medical imaging data is rarely curated for research. Preparing suitable datasets

demands considerable time, resources, and financial investment, yet most hospitals

lack the budget and infrastructure to support such efforts, further constraining

accessibility (Herington et al., 2023; Hollis, 2016; Knoppers & Thorogood, 2017;

Willemink et al., 2020).
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Relation to thesis

The ethical and regulatory considerations outlined above directly applied to the

acquisition of one of the paediatric datasets used in this thesis. Full compli-

ance with institutional ethics protocols was required, including de-identification

and hospital affiliation, with further details provided in Section 5.3.

Annotation requirements and bias

Even if all administrative and regulatory hurdles are overcome, medical images in

isolation are typically insufficient for diagnostic DL models and require additional

information. The latter includes ground-truth labels for segmentation or classifica-

tion. This information is crucial for effective model training as it associates visual

appearance with the respective pathology, which provides guidance throughout the

training process (Baid et al., 2021; Willemink et al., 2020). However, the annotation

process of medical data is limited by two major factors compared to crowd-sourced

or corporation-led annotation of natural images:

1. annotation of medical images is time-consuming due to the high-dimensionality

of the data involving multi-sequence and complex imaging modalities such as

MRI, and

2. precise annotations are challenging and require domain experts (e.g. radiolo-

gists) to ensure high-quality labels.

Both challenges are being further exacerbated in granular tasks such as segmentation,

which necessitates high-quality annotations on a per-pixel level in contrast to the

patient-level. The combination of these factors results in a high cost of annotation,

which is often prohibitive for large-scale datasets (Baid et al., 2021; Bakas et al.,

2017; Tejani et al., 2024; Willemink et al., 2020).

The requirements for data acquisition, preparation, and sharing introduce another

critical issue: bias. Due to the high costs and long timelines of collection and anno-

tation, available datasets are often limited in size and diversity (Tejani et al., 2024;

Willemink et al., 2020). This is evident in many state-of-the-art datasets (Baid et al.,

2021; Bakas et al., 2017), which focus on a few pathologies and lack transparency
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about the represented populations. The resulting population prevalence bias or

disease prevalence bias can hinder performance and generalisability (Ali et al.,

2024; Habib et al., 2023; Tejani et al., 2024; Willemink et al., 2020), since models

depend heavily on data quality and accurate representation of pathology distribu-

tions across populations. Vulnerable groups, including children, are particularly

underrepresented because of ethical concerns and associated risks. These limitations

raise concerns about the real-world applicability of models trained on restricted

datasets and highlight the need for diverse, large-scale, open-source collections to

enable robust validation (Ali et al., 2024; Baid et al., 2021; Bakas et al., 2018; Downie

et al., 2007; Habib et al., 2023; Herington et al., 2023; Soomro et al., 2023; Tejani

et al., 2024; Willemink et al., 2020).

The second form of bias arises from the visual characteristics of processed imaging

data, which are strongly influenced by scanner protocols, including acquisition

parameters and the manufacturer of the equipment. This issue, known as single-

source bias, limits model generalisability, as a DL model trained on data from one

institution may not perform effectively on data from another. Moreover, capturing a

wide range of demographic, socioeconomic, and geographic diversity requires data

sourced from multiple institutions to facilitate robust model performance (Soomro

et al., 2023; Tejani et al., 2024; Willemink et al., 2020).

The third major source of bias arises from the annotation process itself. Visual

assessment is inherently subjective and influenced by the annotator’s expertise,

knowledge, and the quality of the data. Brain tumours are especially difficult to

annotate accurately due to their diffuse and often ambiguous appearance (Bi et al.,

2019; Menze et al., 2015; Willemink et al., 2020). Lesions differ widely in shape, size,

and location, while image artefacts can further obscure their extent. As a result, even

expert annotations can be inconsistent and error-prone, introducing annotation

bias that directly affects model performance and generalisability (Baid et al., 2021;

Bakas et al., 2017; Menze et al., 2015; Soomro et al., 2023; Willemink et al., 2020).
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Relation to thesis

This research project addresses this problem by relaxing the annotation

requirements from voxel-level to volume-scale labels, as outlined in Sections 2.2

and 2.3. This reduction in supervision lowers the cost of annotation, enables

the use of broader clinical datasets, and helps mitigate biases introduced

through expert labelling and disease-specific data availability due to the simpler

annotation process.

Public datasets: The BraTS dataset

Each limitation and the resulting bias substantially influence data quantity and

quality. The scarcity of high-quality annotated data is a major hurdle for the imple-

mentation of DL approaches in clinical routine. As a result, there is a considerable

effort to provide publicly available datasets to address the aforementioned limitations.

The most prominent dataset in the context of brain tumour segmentation originates

from the annual brain tumor segmentation (BraTS) challenge, which includes a

collection of MRI scans of glioma patients and ground-truth annotations for seg-

mentation. The dataset is widely used in the research community and has been the

foundation for the development of various DL models for brain tumour segmentation

(Baid et al., 2021; Bakas et al., 2017, 2018; Menze et al., 2015).

The BraTS dataset, shown in Figure 2.1, encompasses multi-sequence MRI scans of

adult glioma patients, featuring standard clinical sequences. Each subject includes T1-

weighted (T1w) volumes with and without contrast, and T2-weighted (T2w) imaging

including T2-fluid attenuated inversion recovery (T2-FLAIR). These sequences, ob-

tained from the cancer imaging archive (TCIA) (Clark et al., 2013), are co-registered

to a standardised atlas of normal adult human brain structure (Rohlfing et al., 2010).

The co-registration uses the T1 contrast-enhanced (T1ce) volume, as it provides native

3D resolution, while the other sequences are obtained through planar 2D imaging.

To generate volumetric scans of these sequences, resampling is applied to achieve an

isotropic voxel size of 1 mm× 1 mm× 1 mm (Bakas et al., 2017; Menze et al., 2015).

The most recent iteration of the dataset includes 1251 annotated adult subjects
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Figure 2.1: Sample from the BraTS 2023 dataset. It includes four MRI sequences: (a)
T1w, (b) T1ce, (c) T2w, and (d) T2-FLAIR. Expert-provided ground-truth annotations
for segmentation are shown in (e), and overlaid on the T1ce sequence in (f). The
annotations distinguish ET, NCR, and ED regions.

with low-grade glioma (LGG) and high-grade glioma (HGG). A separate validation

dataset with non-public annotations is provided to evaluate the model’s performance

on unseen data as part of the annual challenge (Baid et al., 2021).

The dataset contains segmentation labels for three key regions: Gadolinum-

enhancing tumour (ET), necrotic tumour core (NCR), and peritumoral edematous

and invaded tissue (ED) (see Figure 2.1e). The ET represents areas with contrast

agent leakage due to a disrupted blood-brain barrier, appearing hyper-intense in T1ce

images, indicative of high-grade lesions. The NCR marks the non-enhancing part of

the tumour, typically hypo-intense in T1ce images, corresponding to necrotic tumour

areas. Finally, the ED is associated with tumours that restrict blood flow, leading to

fluid accumulation in surrounding tissue, and appears hyper-intense in T2-FLAIR

imaging (Baid et al., 2021; Bakas et al., 2017).
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To ensure high-quality labels, the dataset underwent a rigorous annotation process.

Initially, multiple medical experts provided manual annotations. With advancements

in DL segmentation, the organisers now use ensemble predictions from top-performing

challenge models, which are refined by neuroradiology experts and approved by board-

certified neuro-radiologists (Baid et al., 2021). This approach mitigates annotation

bias and marks a step toward building a robust dataset. Furthermore, data from

multiple institutions are included to reduce single-source bias (Baid et al., 2021;

Bakas et al., 2017; Willemink et al., 2020).

Since its inception in 2012, the BraTS challenge has been continuously updated.

These updates have included the addition of more subjects to improve model robust-

ness, and the introduction of additional tasks including the prediction of genetic

characteristic and patient survival (Baid et al., 2021; Bakas et al., 2018). In 2023,

the dataset was further expanded to include a wider range of populations, such as

paediatric patients (Kazerooni et al., 2024), and additional demographic groups

through BraTS-Africa, which includes lower-resolution imaging data from low- and

middle-income countries (Adewole et al., 2023). To ensure high-quality standards

regardless of dataset scale and population, all BraTS cohorts adhere to the same

rigorous, multi-expert annotation protocol detailed in the previous section. These

efforts aim to reduce both population prevalence bias and disease prevalence bias,

allowing to enhance the generalisability of models across diverse populations and

demographics (Adewole et al., 2023; Baid et al., 2021; Kazerooni et al., 2024).

The most recent iteration of the dataset, combining data from all BraTS sub-

challenges, includes 1470 fully annotated individuals with glioma (Baid et al., 2021).

Due to its size and high-quality annotations, the dataset has become the gold

standard for brain tumour segmentation. However, despite the extensive efforts

by the organisers, the dataset remains orders of magnitude smaller than what is

commonly expected for developing truly generalisable DL models (Soomro et al.,

2023; Varoquaux & Cheplygina, 2022; Willemink et al., 2020).
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2.1.2 Evaluation metrics

Evaluating model performance is arguably the most important step in development,

as it provides insights into the model’s capabilities, its limitations, and the potential

for improvement. In addition, it allows the comparison to other approaches utilising

a common dataset such as BraTS. This requires ground-truth annotations against

which predictions can be assessed, irrespective of the level of supervision used

during training (Baid et al., 2021; Bakas et al., 2017, 2018; Taha & Hanbury, 2015;

Yeghiazaryan & Voiculescu, 2018).

The evaluation of brain tumour segmentation models is performed using a combi-

nation of metrics that assess different performance aspects (Taha & Hanbury, 2015;

Yeghiazaryan & Voiculescu, 2018). Evaluation of segmentation performance typically

relies on overlap-based metrics, which quantify per-voxel agreement between pre-

dicted and ground-truth labels. In contrast, boundary-distance-based metrics, which

assess spatial alignment along region contours, are rarely reported in the literature.

This work therefore adopts overlap-based metrics as the primary evaluation approach,

which are outlined in the following section.

Overlap-based metrics

As segmentation unites classification with localisation, standard classification met-

rics obtained from the confusion matrix can be utilised to quantify the model’s

performance (Taha & Hanbury, 2015; Yeghiazaryan & Voiculescu, 2018). In the

case of brain tumour segmentation, the model is tasked to correctly classify each

pixel/voxel as either tumour (positive class) or healthy tissue including the surround-

ing background (negative class). The positive class can be further split into the

distinct tumour sub-categories for a more defined segmentation of the lesion (see

Section 2.1.1). The respective metrics are then obtained using the confusion matrix

(Taha & Hanbury, 2015; Yeghiazaryan & Voiculescu, 2018).

Among the metrics derived from the confusion matrix, the Dice similarity

coefficient (DSC) has emerged as the standard evaluation metric. It balances
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precision and recall and is particularly sensitive to class imbalance, making it well-

suited for tumour segmentation tasks where lesions are often small (Taha & Hanbury,

2015; Yeghiazaryan & Voiculescu, 2018):

DSC =
2× TP

2× TP + FP + FN
(2.1)

For completeness, it is worth mentioning that the DSC is related to the Jaccard-index

or intersection over union (IoU) as follows:

IoU =
TP

TP + FP + FN− TP
=

DSC

2−DSC
(2.2)

The IoU calculates the ratio of the intersection of the predicted and ground-truth

segmentation to their union. However, due to the lack of re-weighting of true positives,

the IoU tends to be more penalising, especially for small lesions, when compared to

the DSC (Taha & Hanbury, 2015; Yeghiazaryan & Voiculescu, 2018).

While overlap-based metrics are the de facto standard for segmentation, they are

fundamentally shape-unaware and can be sensitive to lesion size variability (Maier-

Hein et al., 2024). Boundary-distance metrics are often proposed as a complement;

however, they were excluded from this study due to their extreme sensitivity to

isolated false positives. In anomaly detection, where generative models may produce

small outlier detections, distance-based measures can result in unstable metrics that

do not accurately reflect clinical utility. Consequently, this research maintains a

focus on overlap-based metrics to ensure robustness against outliers and to facilitate

direct comparison with existing frameworks (Baur et al., 2021; Karimi & Salcudean,

2020; Sanchez et al., 2022; Wolleb et al., 2022).
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Relation to thesis

In this research project, the DSC score was selected as the primary metric

to ensure direct comparability with existing state-of-the-art benchmarks. While

distance-based metrics offer insight into contour alignment, they were excluded

due to their instability in the presence of isolated outliers. Prioritising overlap-

based measures maintains methodological consistency with established anomaly

detection frameworks that predominantly rely on these metrics for performance

evaluation.

Generative metrics

Beyond conventional segmentation metrics, this work utilises generative metrics to

assess the quality and anatomical plausibility of synthetic tumour samples. Generative

metrics capture visual fidelity and distributional realism. The following section

introduces the selected metrics used for evaluating synthetic data in Section 4.3.

The peak signal-to-noise ratio (PSNR) is a traditional image quality metric used to

measure the fidelity of reconstructed or generated images relative to a ground-truth

reference. It is defined as

PSNR(R,G) = 10 · log10

(
L2

MSE(R,G)

)
, (2.3)

where L denotes the dynamic range of the pixel values (e.g., 255 for 8-bit images).

Higher PSNR values indicate lower reconstruction error and better signal fidelity.

While widely utilised in reconstruction tasks, PSNR primarily assesses pixel wise

similarity and may correlate poorly with human perception or the diagnostic clarity

required in clinical practice (Horé & Ziou, 2010; Z. Wang et al., 2004). However,

it remains a standard baseline for ensuring raw signal consistency before applying

more complex structural evaluations.

The structural similarity index (SSIM) assesses image similarity by comparing

structural information between a generated and reference image. It evaluates lumi-

nance, contrast, and structure within local image patches:
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SSIM(R,G) =
(2µRµG + c1)(2σRG + c2)

(µ2
R + µ2

G + c1)(σ2
R + σ2

G + c2)
, (2.4)

where R and G are the real and synthetically generated images, respectively, µR and

µG are their local means, σ2
R and σ2

G are their local variances, and σRG is the local

cross-covariance. The constants c1 and c2 are stability constants to avoid division by

zero. SSIM emphasises perceptual quality by focusing on structural similarity rather

than raw pixel fidelity, making it more aligned with human visual perception than

traditional metrics like PSNR (Z. Wang et al., 2003).

The multi-scale structural similarity index (MS-SSIM) extends the SSIM metric

by evaluating image similarity across multiple scales, capturing both fine and coarse

structural details. It aggregates SSIM scores at different resolutions using a weighted

geometric mean:

MS-SSIM(R,G) =
M∏
j=1

[SSIMj(R,G)]αj (2.5)

M describes the number of scales, SSIMj(R,G) is the SSIM score at scale j, and αj are

weights that control the contribution of each scale. This multi scale approach allows

MS-SSIM to better reflect perceptual consistency across varying spatial frequencies

by incorporating luminance, contrast, and texture (Z. Wang et al., 2003). These

structural metrics offer improved alignment with radiological interpretation as they

focus on the preservation of tissue boundaries and anatomical features rather than

raw pixel values (Renieblas et al., 2017; L. Zhang et al., 2011). By assessing structural

integrity at multiple resolutions, these metrics capture both fine and coarse details

critical for identifying pathological anomalies.

The Fréchet inception distance (FID) is a widely used metric for evaluating

generative models. It compares the distributions of feature representations between

real (R) and generated (G) images using a pre-trained Inception network. In contrast,

the inception score (IS) considers only G in its calculation. The FID computes the

Fréchet distance between the multivariate Gaussian distributions of R and G

FID(R,G) = |µR − µG|22 + Tr
(
ΣR + ΣG − 2(ΣRΣG)

1
2

)
, (2.6)
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with both distributions defined by their mean µ and variance Σ (Dowson & Landau,

1982; Heusel et al., 2017). Low FID scores indicate that the feature distribution

of generated images closely matches that of real images, as evaluated by a pre-

trained Inception network. A low score reflects both high visual quality and diversity,

showing that the model produces realistic and varied outputs that are perceptually

indistinguishable from real images in texture, structure, and detail (Heusel et al.,

2017).

Similarly, the learned perceptual image patch similarity (LPIPS) metric measures

perceptual similarity between two images using deep features extracted from pre-

trained networks such as AlexNet or VGG. For real images R and generated images

G, their activations at multiple layers l are compared as follows:

LPIPS(R,G) =
∑
l

1

HlWl

∑
h,w

∥wl ⊙ (fl(R)− fl(G))∥22 (2.7)

where fl(R) are the features at layer l, wl are learned per-channel weights, and Hl,Wl

are the spatial dimensions. The ⊙ operator denotes element-wise multiplication.

LPIPS captures high-level perceptual differences by comparing deep semantic repre-

sentations rather than raw pixels, aligning well with human visual judgement (R.

Zhang et al., 2018). While FID and LPIPS bridge the gap between pixel fidelity and

clinical relevance, their effectiveness depends on the domain of the feature extractor,

as traditional networks trained on natural images may not fully capture the nuanced

anatomical details of medical MRI (Barratt & Sharma, 2018; Bercea et al., 2024).

The Fréchet autoencoder distance (FAD) was proposed as a domain-specific variant

of FID for medical imaging. It computes the Fréchet distance between autoencoder

(AE)-derived feature representations of real and generated images. Unlike FID,

which uses Inception-v3 trained on natural images, FAD employs a domain-specific

AE pretrained on brain MRI, ensuring the extracted features reflect medically

relevant anatomical content (Buzuti & Thomaz, 2023). This adaptation improves

alignment with expert assessment in neuroimaging, enhancing the metric’s relevance

for evaluating anatomical plausibility in generative medical models.



39 2.1. State-of-the-art brain tumour segmentation

2.1.3 Key concepts and network architectures

With its ability to automatically extract relevant features, DL has transformed medi-

cal image analysis and enabled more accurate diagnostic tools. CNNs are specifically

designed to detect spatial hierarchies in grid-like data (e.g. images and volumes).

By capturing local patterns and ensuring translation equivariance, they provide a

strong foundation for tasks such as tumour detection (Goodfellow et al., 2016a; He

et al., 2016; Krizhevsky et al., 2012; Ronneberger et al., 2015). Convolutional layers

have largely replaced the fully connected layers of early DL models because they

handle spatial information more effectively and are computationally more efficient.

To address limitations in training deeper networks, methods such as residual connec-

tions and attention mechanisms were introduced, which further improve accuracy

and efficiency in medical image analysis. These advances are now embedded in

specialised architectures for brain tumour segmentation (Bishop & Bishop, 2024a,

2024b; Goodfellow et al., 2016a; He et al., 2016; Krizhevsky et al., 2012; H. Yu et al.,

2021). The key principles will be outlined in the following section.

Convolutional neural networks

CNNs are foundational to modern image analysis frameworks due to their ability

to learn spatial hierarchies of features from raw image data. Their architecture

leverages key design advantages (Bishop & Bishop, 2024a, 2024b; Goodfellow et al.,

2016a; He et al., 2016; Krizhevsky et al., 2012; H. Yu et al., 2021): (1) Compatibility

with varying input sizes, (2) sparse connections for reduced computational cost,

and (3) translation equivariance, ensuring consistent feature detection across spatial

locations.. Given these advantages, CNNs have become the standard architecture for

image analysis tasks, including brain tumour segmentation. Their ability to capture

local patterns and spatial hierarchies makes them particularly effective for identifying

and delineating tumours in medical images (Litjens et al., 2017; R. Wang et al.,

2022; H. Yu et al., 2021). As a result, CNNs form the backbone of the segmentation

frameworks introduced and used throughout this research project.
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Attention mechanism

The second important foundational building block in DL for image analysis is the

attention mechanism, originally introduced for sequence modelling by Vaswani et al.

(2017). In contrast to convolutions, which operate with a limited receptive field,

attention enables global feature aggregation by dynamically weighting relationships

across the entire input. This makes it particularly valuable for segmentation tasks,

where contextual dependencies and long-range interactions are crucial (Minaee et al.,

2021; R. Wang et al., 2022).

At its core, the attention mechanism computes three projection matrices from the

input features: the query matrix Q ∈ RN×Dh , the key matrix K ∈ RN×Dh , and the

value matrix V ∈ RN×Dout . Here, N denotes the number of spatial positions, Dh is

the hidden or embedding dimension for attention, and Dout defines the dimensionality

of the output representation. These are used in the self-attention operation to

weigh the contribution of each element based on its relevance to all others:

Y = Attention(Q,K,V ) = Softmax

[
QKT

√
Dk

]
V (2.8)

The Softmax ensures the attention weights are normalised and the scaling term
√
Dk preserves gradient stability (Bishop & Bishop, 2024e; Vaswani et al., 2017).

To capture different relational patterns in parallel, multi-head attention computes

several attention maps using independent sets of weights, combining them into a

richer representation through linear projection (Vaswani et al., 2017).

Relation to thesis

Given its capacity to model global dependencies, attention mechanisms have

been widely adopted in image analysis tasks. They constitute the architectural

backbone of the proposed framework described in Section 2.3 and utilised

throughout this thesis. In addition, they also facilitate conditional genera-

tion, as discussed in Section 2.3.3.
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Network architectures for semantic segmentation

Segmentation has progressed beyond traditional image classification by requiring

dense, pixel-wise predictions that preserve spatial information. Classification networks

use fully connected layers that collapse spatial context into a single vector, making

them unsuitable for segmentation. To overcome this, Long et al. (2015) proposed

fully convolutional networks, which replace fully connected layers with convolutional

ones. This allows spatially-aware, dense predictions across the image and enables

the generation of segmentation masks through upsampling with either interpolation

or transposed convolutions.

This concept was extended by Ronneberger et al. (2015) with the introduction of

the U-Net, which combines a contracting path for context with an expansive path

for localisation. Skip connections between corresponding layers restore spatial detail

lost during downsampling, enabling precise pixel-level predictions. The U-Net has

since become the standard architecture in medical image segmentation, and has been

adapted to handle 3D data (Çiçek et al., 2016) and integrate advanced methods to

enhance performance (Dhariwal & Nichol, 2021; Isensee et al., 2021; Rombach et al.,

2022; Ronneberger et al., 2015).

Relation to thesis

The ability of U-Net to recover spatial resolution through its expansive path

makes it particularly well-suited as the backbone architecture for the model

framework introduced in Section 2.3, which serves as the foundational archi-

tecture across all chapters of this thesis.

2.1.4 Supervised learning: the gold standard

Brain tumour segmentation methods can be categorised by the amount and granular-

ity of ground-truth label information used during training. Supervised learning is

widely regarded as the gold standard for this task (Goodfellow et al., 2016c; Litjens

et al., 2017; R. Wang et al., 2022). Ground-truth labels provide explicit guidance

that steers the model towards an optimal solution. These labels reduce uncertainty
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and allow direct, task-specific optimisation. Such properties are especially important

in medical imaging, where accuracy and reliability are critical.

As supervised learning relies on pixel-level annotations, the BraTS dataset is

commonly used for brain tumour segmentation due to its detailed ground-truth

labels. In addition, the dataset provides a comparatively large number of subjects

and complimentary multi-sequence MRI scans (see Section 2.1.1). Most recent

approaches incorporate the MRI sequences as a separate channel in the input layer

(Boutry et al., 2020; Rosas González et al., 2020). Additionally, 3D convolutions are

preferred over 2D for spatial consistency, with patch-based training often used to

manage memory constraints while preserving global context (Amian & Soltaninejad,

2020; Z. Jiang et al., 2020; Y. Zhang et al., 2021).

Most recent approaches make either minor modifications to conventional archi-

tectures or combine multiple state-of-the-art techniques to enhance segmentation

performance. A large body of work builds on the U-Net backbone, incorporating

auxiliary DL principles such as attention mechanisms, multi-scale features, or both

(W. Chen et al., 2022; Y. Feng et al., 2024; Hu et al., 2023; J. Wang, Gao, et al.,

2021; Z. Zhu et al., 2023). Performance improvements have also been pursued

through ensemble learning, where multiple models are aggregated using majority

or weighted voting to reduce variance and improve generalisation (X. Feng et al.,

2020; Y. Zhang et al., 2021). Multitask learning introduces auxiliary objectives

either through composite loss functions (Agravat & Raval, 2020; X. Chen et al., 2019;

Jadon, 2020; Lin et al., 2020; Salehi et al., 2017) or by incorporating shared-encoder,

multi-branch architectures to provide regularisation and capture complementary

information (Myronenko, 2019; Xue et al., 2018; Yi et al., 2019). Cascaded models

further extend this strategy by refining predictions across sequential stages or struc-

turing tasks hierarchically, often using curriculum learning or coarse-to-fine pipelines

(Amian & Soltaninejad, 2020; Bangalore Yogananda et al., 2020; Guohua et al., 2020;

Z. Jiang et al., 2020; C. Zhou et al., 2020).

Despite the diversity of architectural innovations, recent analyses suggest that

model configuration is not the primary determinant of performance. Isensee et al.
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(2021) and Litjens et al. (2017) both highlight that models using identical architectures

can achieve widely varying results, underscoring the limited impact of structural

complexity alone. In fact, Isensee et al. (2021) observe that simple architectures, when

properly configured, can match or outperform more elaborate designs, suggesting a

saturation in achievable performance for this task.

Relation to thesis

This thesis builds on these findings by adopting a standard U-Net architecture,

closely aligned with the 2D variant of the nnU-Net framework, as the supervised

baseline (see Section 4.4 and Chapter 5).

2.1.5 From convolution to Transformers: Evolving architectures in

medical imaging

Rather than refining increasingly complex CNN-based networks, recent work explores

transformer-based architectures for medical image segmentation. Originally developed

for natural language processing, transformers offer strong global context modelling

and long-range dependency capture, properties that are well-suited to tasks like brain

tumour segmentation (Dosovitskiy et al., 2021; Hatamizadeh, Nath, et al., 2022;

Liu et al., 2021; Vaswani et al., 2017; W. Wang et al., 2021; Z. Zhu et al., 2023).

Unlike traditional CNNs, which may incorporate attention blocks to enhance feature

learning, transformer-based models substitute large portions of the architecture

with attention-based layers. However, replacing CNN layers with attention blocks

incurs two main challenges: (1) the reduction in generalisability due to the loss of

inductive bias, including translation equivariance and locality, and (2) the increased

computational cost due to the quadratic complexity of the attention mechanism.

Dosovitskiy et al. (2021) demonstrated to mitigate the first limitation by pre-training

the model on large-scale image datasets, surpassing state-of-the-art CNNs in image

classification tasks. The second limitation is addressed by utilising a patch-based

input representation, where the input image is divided into patches of size P × P

and embedded into a feature representation. To mitigate the high-computational
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demands for large image sizes, Liu et al. (2021) introduced the Swin Transformer,

which introduces a hierarchical structure with shifted windows to efficiently model

local and global dependencies.

Extensions of these models adapt them for segmentation: Hatamizadeh, Tang,

et al. (2022) integrate a CNN-based decoder into the Swin Transformer, W. Wang

et al. (2021) combine a U-Net-like CNN with a transformer bottleneck for enhanced

spatial-depth feature extraction, and Z. Zhu et al. (2023) augment Swin with an

edge detection module to improve boundary delineation. A 3D adaptation of Swin

has also shown improved volumetric performance by leveraging spatial depth (Liang

et al., 2022). The fusion of transformers and CNNs is emerging as a key trend, aiming

to balance local detail and global context for robust segmentation (Hatamizadeh,

Tang, et al., 2022; Liang et al., 2022; W. Wang et al., 2021; Z. Zhu et al., 2023).

While transformer-based models have shown promising results, their performance

is contingent on large-scale pre-training, which is not feasible in most medical imaging

domains due to limited data availability (see Section 2.1.1). Moreover, the high

computational demands of attention-based operations, particularly their quadratic

complexity, pose a major barrier to clinical deployment where computational resources

may be constrained.

Relation to thesis

For these reasons, this thesis adopts more computationally efficient CNN-

based architectures, which remain more practical under real-world conditions

and are well-suited to the scale of the available data.

2.1.6 Small lesion detection

Accurate segmentation models are essential not only for delineating tumour bound-

aries during radiologic imaging analysis but also for reliably detecting small or subtle

lesions, which is particularly critical given the high clinical impact of early diagnosis.

Smaller lesions are typically indicative of earlier disease stages due to the progressive

nature of brain tumours. Timely diagnosis strongly influences treatment outcomes
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and long-term prognosis, as therapeutic options diminish with lesion growth (Ale-

many et al., 2021; E. L. Chang et al., 2003; Deike-Hofmann et al., 2018; Fry et al.,

2014; Goldman et al., 2017; Sadighi et al., 2018; S. Wu et al., 2021; Yamada et al.,

2020). Early detection is especially critical in paediatric populations, where the

developing brain is highly vulnerable to treatment-induced neurotoxicity during

periods of rapid growth and maturation (de Ruiter et al., 2013; Palmer et al., 2001;

Ris et al., 2001). Delayed diagnosis has been linked to persistent physical, sensory,

cognitive, and neurological deficits, including seizures, hearing loss, and visual impair-

ment. More than 60% of childhood cancer survivors experience long-term disabilities,

with marked consequences for intellectual development and overall quality of life

(Armstrong, 2010; de Ruiter et al., 2013; Goldman et al., 2017; Lassaletta et al.,

2015; Sadighi et al., 2018; Wilne et al., 2010).

Relation to thesis

Early detection is in this thesis synonymous with the identification of small

lesions, as tumours arise microscopically and expand over time. The earliest

detectable manifestations are therefore typically small, focal abnormalities,

which requires high-sensitivity imaging techniques to identify them reliably.

However, conventional MRI faces substantial challenges in identifying small and

subtle lesions due to several factors, including but not limited to:

• Resolution constraints: Standard-resolution MRI may fail to capture fine

structural details, increasing the risk of overlooking small lesions. This issue

is particularly pronounced for lesions below the resolution threshold of the

imaging modality, which may be obscured or misinterpreted as normal tissue

(Bruno et al., 2015; Deike-Hofmann et al., 2018; Goldman et al., 2017; Lee et al.,

2013; L. Zhang, Wen, et al., 2023). Additionally, MRI is susceptible to various

imaging artefacts, including motion-related distortions and scanner-induced

noise (Aja-Fernández & Vegas-Sánchez-Ferrero, 2016; Dale et al., 2015; Shaw

et al., 2019; Sled et al., 1998), which can further obscure small lesions and

complicate accurate diagnosis
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• Radiologic error: Small or subtle lesions are among the most commonly

overlooked findings in radiological assessment, often due to factors such as

atypical presentation, limited visibility, or perceptual challenges inherent to

the constraints of MRI (Lee et al., 2013; L. Zhang, Wen, et al., 2023).

Consequently, improving the sensitivity of imaging modalities to detect small and

subtle lesions remains a key objective in neuro-oncological diagnostics. Strategies to

mitigate these challenges include increasing the MRI scanner’s field strength beyond

3 T and integrating specialised sequences with improved coil technology (Burkett

et al., 2021; Mamlouk et al., 2017; Thust et al., 2018). Furthermore, high-resolution

(HR) 3D sequences improve through-plane resolution, reducing the risk of omitting

small contrast-enhancing regions due to partial volume effects (Kwak et al., 2015).

However, high-field-strength MRI remains largely restricted to specialised research

facilities and presents unresolved challenges, including increased tissue heating,

artefacts from field inhomogeneity, and patient discomfort, such as vertigo (Burkett et

al., 2021; Kabasawa, 2021). Additionally, current 3D sequences may be suboptimal for

detecting small lesions due to limited T1w-dependent signal enhancement compared

with spin-echo sequences (Thust et al., 2018), highlighting the need for alternative

approaches to enhance small lesion detection in clinical practice.

What is considered a small lesion?

While the term “small lesion” has been used throughout this section to refer to

lesions of limited size, its precise definition remains somewhat ambiguous. What

exactly qualifies as “small” can vary depending on the clinical or technical context.

Existing literature provides some guidance on thresholds for lesion size classification.

W. J. Chung et al. (2012) defines a lesion as small if its diameter is less than 50 mm,

whereas clinical trials commonly set the threshold for a measurable lesion at 10 mm

(Henson et al., 2008) - a threshold also confirmed by Kwak et al. (2015). In contrast,

studies in multiple sclerosis report lesions as small as 3 mm (Grahl et al., 2019), with

the resolution of the MRI field strength and imaging protocol ultimately determining

the smallest detectable lesion. Furthermore, a study on brain metastases from
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melanoma, involving 224 patients, observed a median lesion diameter of 5 mm, which

was associated with early diagnosis (Deike-Hofmann et al., 2018).

Relation to thesis

For the purposes of this research project, lesions with a diameter of less than

10 mm will be considered small, aligning with the commonly accepted threshold

for measurable lesions in clinical settings (Henson et al., 2008; Kwak et al., 2015)

and the Response Evaluation Criteria in Solid Tumors (RECIST) guidelines

(Eisenhauer et al., 2009). The latter explicitly defines as lesions with a diameter

of less than 10 mm as non-measurable and therefore not suitable for clinical

assessment, particularly in the context of treatment response assessment.

While lesion diameter is frequently cited as the principal metric for assessing tumour

size, its precise definition remains ambiguous across clinical guidelines. According

to the RECIST criteria, diameter is defined as the longest axis measurable along

the lesion’s perimeter in a single plane (Dempsey et al., 2005; Eisenhauer et al.,

2009). Importantly, the longest diameter should be measured in the plane in which

the imaging data were acquired. For MRI, which is typically acquired in the axial

plane, this implies that lesion measurements must be taken in the axial view to

maintain consistency with RECIST guidelines (Eisenhauer et al., 2009). This is

largely consistent with the 2D Macdonald criteria, which similarly identify the longest

axial diameter but extend the measurement to a surrogate area by multiplying it with

the orthogonal perpendicular diameter (Henson et al., 2008; Macdonald et al., 1990).

These variations in estimation underscore the lack of standardisation in defining

tumour diameter, particularly as volumetric assessments gain prominence with the

widespread adoption of 3D imaging protocols (Henson et al., 2008).

Deep Learning and the detection of small lesions

Addressing the challenges of small lesion detection requires methods that overcome

spatial resolution limitations while supporting radiologic interpretation. Although

DL models have shown strong performance in segmenting large, well-defined lesions,
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their sensitivity to lesion size and ability to detect subtle abnormalities remain

underexplored. Most segmentation studies do not systematically quantify detection

performance for small lesions, with only a few specialised publications focusing on

this critical issue (Bria et al., 2020; Sørensen et al., 2023; S. Wu et al., 2021). This

gap is particularly relevant in clinical contexts, where diagnostic accuracy depends

on the reliable identification of early-stage or subtle findings.

Performance degradation with decreasing lesion size is consistently observed (L. Li

et al., 2021; Sørensen et al., 2023; S. Wu et al., 2021; Yoo et al., 2021). Contributing

factors include class imbalance, where tumour voxels form a small minority relative

to background, compromising CNN training (Bria et al., 2020). Two key strategies

are commonly adopted to address these limitations. The first involves adapting the

loss function to improve sensitivity to small structures by balancing the relative

contribution of lesion to background during training (Abraham & Khan, 2019; Lin

et al., 2020; Y. Zhang et al., 2024).

The second strategy focuses on modifying the receptive field through multi-scale

feature extraction or prediction. This includes attention-based mechanisms, inter-

slice context modelling, and spatial upsampling to better preserve fine-grained details

(Savelli et al., 2020; Tao et al., 2019; B. Xu et al., 2018). Some works explore

ensemble models that separate small and large lesion segmentation tasks (Erdur et

al., 2024), while others incorporate scale-awareness using dynamic receptive fields or

dilated convolutions (Luo et al., 2024). A complementary strategy involves increasing

resolution to improve sensitivity to small lesions (Wong et al., 2022).

Relation to thesis

This thesis investigates the effect of higher spatial resolution on small le-

sion detection performance in the context of weakly-supervised brain tumour

segmentation (see Section 2.3.6)



49 2.1. State-of-the-art brain tumour segmentation

2.1.7 Deep Learning for paediatric brain tumour segmentation

The majority of DL-based brain tumour segmentation approaches primarily focus on

adult populations due to the existence of the BraTS dataset. However, the anatomical

differences between paediatric and adult brains pose unique challenges that require

tailored solutions. These differences extend not only to the tumours themselves but

also to the surrounding healthy tissue, which undergoes continuous development

from neonatal stages to adulthood (Central Nervous System Tumours, 2021;

Drai et al., 2022; Kazerooni et al., 2024; Shaari et al., 2021). The scarcity of a

comprehensive paediatric dataset further complicates this task, as most studies in the

field are based on small sample sizes, often in the low double digits (J. Huang et al.,

2022; Shaari et al., 2021). As a result, DL methods typically adapt adult-trained

architectures. Recent studies report modest gains from cascaded or ensemble nnU-

Net variants but persistent failures to reliably delineate cystic tumour components

(Bengtsson et al., 2025; Kazerooni et al., 2024; Mulvany et al., 2024).

2.1.8 Limitations of state-of-the-art supervised Deep Learning

The limitations of state-of-the-art supervised DL approaches for brain tumour

segmentation can be summarised as follows:

1. Insufficient annotated data: High annotation costs and limited dataset

availability constrain training diversity, reducing generalisability across patient

populations (e.g., adult to paediatric) and tumour types.

2. Limited sensitivity to small lesions: Supervised models underperform

on small or early-stage tumours due to class imbalance and lack of dedicated

datasets, impeding detection in clinically critical scenarios.

3. Stagnation in architectural innovation: Increasing model complexity yields

diminishing returns, highlighting the need for alternative strategies beyond

conventional supervised learning to improve clinical relevance and adaptability.



Chapter 2. Literature Review 50

Firstly, the scarcity of annotated data remains a major barrier to the clinical

integration of supervised DL models. Label acquisition in medicine is particularly

burdensome, requiring time-intensive, specialised effort from clinical experts (J. Peng

et al., 2020; Varoquaux & Cheplygina, 2022; D. Wang et al., 2020; Willemink et al.,

2020; Y. Zhou et al., 2019). Consequently, medical imaging datasets are often orders

of magnitude smaller than those in other domains that have driven progress in ML,

limiting the diversity and scale needed for effective generalisation (Cordts et al., 2016;

Deng et al., 2009; Fink et al., 2020).

Beyond quantity, annotation quality introduces further challenges. Labelling bias,

inter-observer variability, and imaging ambiguities such as partial volume effects

limit the reliability of voxel-wise ground truth (Baid et al., 2021; H. Jiang & Nachum,

2019; Mehta et al., 2021; Varoquaux & Cheplygina, 2022). These factors constrain

the performance ceiling of supervised models, which remain bound by the fidelity of

their training data. While efforts such as multi-institutional datasets and annotation

standardisation seek to reduce bias (Baid et al., 2021; Bakas et al., 2017; Bernhardt

et al., 2022), it is unclear whether reported gains reflect real-world generalisability

or increased overfitting to flawed benchmarks (Müller et al., 2020).

Limited data availability directly constrains model generalisability across both

patient populations and tumour types. Brain tumour segmentation research has

mainly focused on adult gliomas, largely due to the availability of well-annotated

public datasets (Baid et al., 2021; Bakas et al., 2017, 2018; Kazerooni et al., 2024).

In contrast, paediatric datasets are rare and often suffer from small sample sizes

or narrow age coverage, which is problematic given the substantial developmental

changes in the brain from infancy to adolescence (Drai et al., 2022; Shaari et al.,

2021). These developmental and molecular differences raise important concerns

about the applicability of adult-trained models to paediatric cases (d’Amati et al.,

2024; Drai et al., 2022; Pfister et al., 2022; Willemink et al., 2020).

A similar issue arises with tumour type diversity. Most datasets are skewed

towards gliomas, particularly HGGs with diffuse boundaries. Although current

models achieve high accuracy in delineating these tumours, their clinical utility
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is limited when effective treatment options are absent (see Section 1.1.1) (Forst

et al., 2014; Varoquaux & Cheplygina, 2022; Weller et al., 2015). The narrow

focus of supervised models may also fail to capture the morphological diversity of

other tumour subtypes, many of which could benefit more directly from accurate

segmentation for surgical or radiotherapeutic planning. These limitations highlight

the need for generalisable and flexible approaches that address the heterogeneity of

both patient populations and tumour biology.

Secondly, existing studies consistently report substantial performance degradation

when segmenting small brain tumours, which remain more difficult to detect than

larger lesions (L. Li et al., 2021; S. Wu et al., 2021; Yoo et al., 2021). Even with explicit

supervision, conventional models fail to reliably identify small lesions, reflecting

limitations in discriminative feature extraction and class imbalance handling. While

related work has targeted small lesion detection in multiple sclerosis, haemorrhage,

and stroke (An et al., 2023; L. Li et al., 2021; Nair et al., 2020; Wong et al., 2022),

focused research on early-stage brain tumours remains scarce. This is largely due

to the absence of dedicated datasets capturing small glioma lesions, which restricts

systematic evaluation and method development in this critical regime.

Lastly, beyond the limitations imposed by data availability and annotation quality,

recent findings point to a broader stagnation in architectural innovation. Despite

the introduction of increasingly complex model designs, performance gains have

plateaued, with studies showing that well-configured simple architectures can rival

more elaborate ones (Isensee et al., 2021; Litjens et al., 2017). This saturation suggests

diminishing returns from conventional supervised learning pipelines. To advance

DL-based brain tumour segmentation, future research may benefit from alternative

strategies that reduce reliance on dense supervision and annotated datasets, enabling

more flexible and generalisable approaches that can adapt to diverse clinical scenarios.
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2.2 Advancing beyond supervised learning: Techniques to

reduce label dependency

The challenge of reducing annotation requirements to train DL-based models emerges

naturally from the limitations of supervised learning approaches outlined in the

previous section (see Section 2.1.8). Although supervised learning remains the

gold-standard, its heavy dependence on limited and expensive annotated datasets

motivates the exploration of more resource-efficient alternatives. Section 2.2.1 re-

views recent advances in minimising annotated data requirements with alternative

learning strategies, including self-supervised, semi-supervised and transfer learning.

Section 2.2.2 then introduces the concept of anomaly detection as a promising alter-

native to supervised learning, which can be applied to segmentation tasks without

the need for dense annotations. The section introduces state-of-the-art models for

this task and motivates the usage of an alternative class of generative models in the

subsequent section (see Section 2.3).

2.2.1 Minimising annotated data requirements in segmentation models

One promising approach to reduce supervision requirements is the utilisation of

semi-supervised and self-supervised learning. Both aim to leverage labelled and

unlabelled data to improve model performance, particularly when labelled data is

scarce. The idea is to learn general features from unlabelled data and fine-tune on

smaller, annotated datasets (Cheplygina et al., 2019; Dosovitskiy et al., 2021; Liang

et al., 2022; J. Peng & Wang, 2021; Z. Zhu et al., 2023). In contrast, transfer learning

involves fine-tuning the model on a dataset different to the pre-training stage. It

aims to leverage learned representations to improve performance on a related, target

task with limited labelled data (Valverde et al., 2021; Zhuang et al., 2021).
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Semi-supervised learning

Semi-supervised learning can be categorised into two major approaches: pseudo-

labelling and consistency regularisation. Pseudo-labelling generates artificial

labels for unlabelled data based on model predictions, guiding further training.

Consistency regularisation encourages the model to produce consistent predictions for

unlabelled data under different perturbations, promoting robust learning (Chaitanya

et al., 2023; Fang & Li, 2020; Thompson et al., 2022; Z. Xu et al., 2023).

Semi-supervised segmentation approaches often rely on pseudo-labelling, yet often

neglect label quality, which can impair performance. To address this, techniques such

as superpixel-based refinement (Thompson et al., 2022) and contrastive representation

learning (Chaitanya et al., 2023) have been introduced. These methods improve

pseudo-label reliability or bypass them by enforcing semantic consistency across

labelled and unlabelled data. Similarly, consistency learning strategies promote

prediction stability under perturbations, typically combining supervised loss with

entropy-based regularisation or adversarial learning (Fang & Li, 2020).

More recent approaches incorporate bidirectional information flow between labelled

and unlabelled domains. Cyclic consistency and self-ensembling teacher models

improve generalisability by propagating supervision across both domains (Z. Xu

et al., 2022, 2023). Others leverage uncertainty estimates to guide mutual consistency

between different segmentation branches, improving the reliability of unlabelled data

supervision (Y. Zhang et al., 2023).

Self-supervised pre-training

Self-supervised learning derives supervisory signals directly from data by solving

pretext tasks, enabling representation learning without labels. Pre-training in this

paradigm yields generalisable feature embeddings that capture salient structures,

which can subsequently initialise downstream supervised models and improve perfor-

mance in label-scarce settings (Dosovitskiy et al., 2021; Liang et al., 2022; VanBerlo

et al., 2024; Z. Zhu et al., 2023).
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Self-supervised learning strategies in medical imaging often rely on context-based

reconstruction tasks to enhance feature learning. Methods such as context restoration

through patch swapping (L. Chen et al., 2019), hole-filling in homogeneous supervoxel

regions (Kayal et al., 2020), and masked patch reconstruction using AE-based

architectures (Liang et al., 2022) aim to capture spatial dependencies and structural

relationships critical for downstream segmentation tasks.

Other approaches focus on architectural adaptations rather than explicit pretext

tasks. For instance, Z. Zhu et al. (2023) introduce a shifted patch tokenisation

strategy to enhance the spatial inductive bias of Swin Transformers, improving

segmentation accuracy through better edge representation and feature aggregation.

Transfer learning to harness domain knowledge

Transfer learning leverages pre-trained models from label-rich source domains to

initialise learning in target tasks with limited annotations. By transferring learned

representations, it enables efficient fine-tuning on small datasets while reducing

reliance on extensive labelling and maintaining strong performance (Ardalan &

Subbian, 2022; Tan et al., 2018; Zhuang et al., 2021). A crucial concept underpinning

these methods is the dissimilarity between the domains; the larger the difference,

the less information can be transferred, which can result in reduced training efficacy

(negative transfer). Consequently, most approaches rely on the principle of domain

adaptation, which aims to minimise the divergence between the source and target

domains to compensate for the scarcity of data in the target domain (Ardalan &

Subbian, 2022; Nalepa et al., 2019; Tan et al., 2018; Zhuang et al., 2021).

Supervised domain adaptation leverages labelled datasets (e.g. ImageNet (Deng

et al., 2009)), to pre-train segmentation networks for medical imaging tasks. While

this reduces the need for extensive annotations in the target domain, the disconnect

between natural image datasets and the medical domain limits its effectiveness

(AlAmir & AlGhamdi, 2022; Ardalan & Subbian, 2022; Maqsood et al., 2019; Tan

et al., 2018; Valverde et al., 2021; Wacker et al., 2021; J. Wang, Wei, et al., 2021).

Kaur et al. (2019) show that fine-tuning all layers of pre-trained models outperforms
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selective fine-tuning of deeper layers, even when the latter is considered state-of-the-

art. Ghaffari et al. (2022) apply a model trained on pre-operative BraTS data to a

small post-operative dataset with only 15 subjects. Despite substantial differences in

tumour appearance due to surgical intervention, strong segmentation performance is

achieved, aided by extensive data augmentation.

Unsupervised domain adaptation aims to adapt models to new target domains

without requiring labelled data, by leveraging knowledge from a related, annotated

source domain. Tokuoka et al. (2019) use a Cycle-generative adversarial network

(GAN)-based approach to translate labelled brain tissue images to unlabelled brain

tumour images, incorporating a segmentation-aware discriminator to maintain label

consistency during adaptation. Similarly, Dong et al. (2020) transfer glioma images

into a source domain with general tumour labels, iteratively refining the model using

both ground-truth and pseudo-labelled data.

Limitations of learning with reduced annotations

Approaches that reduce annotation requirements, such as self-supervised, semi-

supervised, and transfer learning, have demonstrated substantial potential in ad-

dressing the challenges arising from data scarcity in medical image segmentation.

These methods excel in leveraging large amounts of unlabelled data or previously

acquired knowledge, leading to improved generalisation, robustness, and reduced

reliance on detailed annotations. As such, they represent a major step forward in

mitigating the limitations of fully supervised learning.

However, despite these considerable benefits, these approach still rely fundamentally

on detailed annotations of a similar task and are therefore constrained by the same

limitations of supervised methods (see Section 2.1.8). Furthermore, transfer learning

in medical imaging faces challenges, including the need to adapt pretrained models

to volumetric data, determining which layers to fine-tune, and limitations in domain

adaptation techniques, which fail to generate adequate geometric and distributional

adaptations for target domains (Ardalan & Subbian, 2022; Choong & Hameed, 2021;

Kaur et al., 2019; Q. Li et al., 2020; Wacker et al., 2021; J.-Y. Zhu et al., 2020).
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2.2.2 The concept of anomaly detection

As the limitations of relying on detailed annotations for brain tumour segmentation

become increasingly evident, particularly in terms of cost, subjectivity, and scalability,

a central question emerges:

Can we build models that no longer depend on fine-grained,

expert-level annotations?

A positive answer to this question would mark a fundamental shift in medical image

analysis. It would enable the use of large volumes of routinely acquired, unlabelled

clinical imaging data (e.g. rare conditions and underrepresented populations) by

relying solely on coarse, image- or volume-level labels. This paradigm shift would

not only reduce the annotation burden but also offer a path toward more inclusive

and scalable segmentation frameworks, less constrained by the biases and limitations

of current labelled datasets (see Section 2.1.1).

One promising approach in this regard is anomaly detection, a form of un-

supervised learning designed to identify instances that markedly deviate from the

typical characteristics of healthy anatomy (Baur et al., 2019, 2021; Fernando et al.,

2021). Initial research utilised AEs trained exclusively on healthy data to learn a

compact, lower-dimensional representation of healthy individuals. When abnormal

or diseased data are passed through the AE, the model is unable to accurately

reconstruct regions deviating from the learned data distribution. This leads to an

increased reconstruction error in these regions, highlighting potential abnormalities

and providing spatial information on the extent of the lesion (Atlason et al., 2019;

Baur et al., 2019, 2021).

However, AEs are limited by their tendency to produce blurry reconstructions

and their susceptibility to memorising the training data, which can lead to false

positive predictions (Baur et al., 2019, 2021; X. Wu et al., 2021). To address

these limitations, probabilistic generative models have been explored for anomaly

detection, which estimate the underlying probability density of healthy anatomy.

These generative models can be categorised by how they estimate the probability



57 2.3. The importance of denoising diffusion models

density: likelihood-based models and implicit-generative models. Likelihood-

based models, such as variational autoencoders (VAEs) (Kingma & Welling, 2014),

explicitly approximate the probability density function of healthy samples using

maximum likelihood estimation. This enables the model to identify outliers as they

fall outside the learned distribution. In contrast, implicit generative models such as

GANs (Goodfellow et al., 2014) bypass explicit likelihood estimation by learning to

generate realistic healthy samples through adversarial training (Schlegl et al., 2019;

X. Wu et al., 2021).

Baur et al. (2019) combined adversarial training with a spatial VAE to overcome

the memorisation limitations of AEs and improve reconstruction realism in low-

resolution settings. Their model augments the standard reconstruction loss with an

adversarial component, while regularising the encoder with a Kullback-Leibler (KL)

divergence loss to encourage a well-structured latent space. However, as Zimmerer

et al. (2019) note, the combined reconstruction and KL divergence losses merely

approximate maximum likelihood and require manual hyperparameter tuning, which

may limit generalisability. To improve robustness, they suggest directly incorporating

the KL divergence into pixel-wise anomaly scoring.

To systematically compare AE- and GAN-based methods, Baur et al. (2021)

evaluated several models, finding that GAN-based approaches such as f-AnoGAN and

AnoVAEGAN produce more detailed reconstructions, particularly near anatomical

boundaries. While AnoVAEGAN yielded sharper outputs, it suffered from anatomical

inconsistencies and overfitting in datasets with small lesions. In contrast, f-AnoGAN

offered better balance between image quality and structural coherence, outperforming

other models in unsupervised anomaly detection. X. Wu et al. (2021) further improved

performance by introducing anatomical priors through symmetry-based constraints,

achieving segmentation results close to certain supervised baselines.
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Figure 2.2: Schematic overview of the diffusion process. The forward process (top)
progressively adds Gaussian noise to the original data point x0 over T steps, gradually
removing information content. The backward process (bottom) is modelled by a NN
parameterised by θ, which estimates the mean µθ(xt, t) and variance Σθ(xt, t) of the
reverse transition distribution q(xt−1|xt). After training, novel samples are generated
by traversing the learned backward process starting from isotropic Gaussian noise,
xT ∼ N (0, I).

2.3 The importance of denoising diffusion models

Despite the demonstrated capabilities of VAEs and GANs in reflecting the underlying

distribution of healthy data, both model categories encounter inherent limitations.

Current likelihood-based models often produce detail-lacking blurry reconstructions

due to their objective function, while GANs are challenging to train (Baur et al.,

2021; Dhariwal & Nichol, 2021; Ho et al., 2020; Nichol & Dhariwal, 2021).

To address the limitations of current generative models, two distinct yet concep-

tually aligned approaches have been developed independently: diffusion models

(Ho et al., 2020; Sohl-Dickstein et al., 2015; J. Song et al., 2021), and score-based

generative models (Y. Song & Ermon, 2019). Both model families are built on

the idea of perturbing data points from the input data distribution q(x), reversing

the perturbation by estimating the noise contribution or score function with a neural

network (NN), and generating novel samples through iterative sampling. (Ho et al.,

2020; Sohl-Dickstein et al., 2015; Y. Song & Ermon, 2019). The key difference

between the two approaches lies in their objective functions: diffusion models are

trained to estimate the conditional probability of the data at the next step given the
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current step, while score-based models are trained to estimate the gradient of the

log-probability density of the data distribution, commonly referred to as the score

function (Ho et al., 2020; Y. Song & Ermon, 2019). Recent studies have shown that

diffusion models offer advantages over score-based models in terms of theoretical

simplicity, training stability, and sampling efficiency (S. Chen et al., 2022; Ho et al.,

2020), and are therefore the focus of this literature review and research project.

2.3.1 Fundamental Components and Mechanisms

Since their introduction by Ho et al. (2020), DDPMs have become the dominant

framework for diffusion-based generative modelling. Most subsequent work builds on

this formulation or its refinements, which in turn evolved from the original diffusion

process proposed by Sohl-Dickstein et al. (2015). DDPMs are generative models

that approximate the underlying data distribution q(x) by decomposing the learning

task into two distinct phases: a forward process and a backward process (see

Figure 2.2). Gaussian noise is incrementally added to a data sample xi ∼ q(x) in the

forward process, gradually erasing its information content. The backward process

aims to reverse this corruption during training and reconstruct the original (Dhariwal

& Nichol, 2021; Ho et al., 2020; Kingma & Welling, 2014; Nichol & Dhariwal, 2021).

As this entire research project (Chapters 3 to 5) builds on the principles of DDPMs,

it is essential to provide a detailed overview of their fundamental components

and mechanisms. This section therefore outlines the core components of DDPMs,

including detailed descriptions of the forward and backward processes, the generative

sampling procedure, architectural design choices, diffusion parameters, and recent

advances in training methodologies. Together, these elements form the foundation for

understanding the capabilities and limitations of modern diffusion-based models, and

their usage for anomaly detection to delineate brain tumours. For a more in-depth

theoretical overview, the reader is referred to Bishop and Bishop (2024d), Dhariwal

and Nichol (2021), Ho et al. (2020), and Nichol and Dhariwal (2021).
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Forward Process

The forward process q is composed of a Markov Chain with T steps, which produces

latent variables x1, . . . ,xT given a data distribution x0 ∼ q(x0). Each forward

step t ∈ {1, . . . , T} adds Gaussian noise following a predefined noise schedule with

variance βt ∈ (0, 1) as follows:

q(x1, . . . ,xT |x0) =
T∏
t=1

q(xt|xt−1) (2.9)

q(xt|xt−1) = N
(
xt;
√

1− βtxt−1, βtI
)

(2.10)

Given sufficient timesteps T , xT will resemble an isotropic Gaussian distribution, i.e.

zero mean and unit variance xT ∼ N (0, I) (Ho et al., 2020; Nichol & Dhariwal, 2021).

Utilising the reformulations αt = 1−βt and ᾱt =
∏t

s=1 αs, and the reparametrisation

trick

z = µ+ σϵ, ϵ ∼ N (0, I), z ∼ N (µ, σ2) , (2.11)

Equation (2.9) can be rewritten in closed form:

q (xt|x0) = N
(
xt;
√
ᾱtx0, (1− ᾱt)I

)
(2.12)

This allows the direct estimation of any xt conditioned on x0 in the forward process

(Ho et al., 2020; Kingma & Welling, 2014; Nichol & Dhariwal, 2021):

xt =
√
ᾱtx0 +

√
1− ᾱtϵt, ϵt ∼ N (0, I) (2.13)

Backward process: estimating the noise contribution

Since the forward process converges to an isotropic Gaussian, a novel data point

x̂0 ∼ q(x0) can be generated by first sampling from a standard Gaussian, xT ∼

N (0, I), and then reversing the forward process. However, q(xt−1|xt) depends on

the full, unknown data distribution q(x) and a mixture of T Gaussian transitions,

which is intractable to compute. To simplify estimation, Ho et al. (2020) model
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the backward process as a conditional distribution q(xt−1|xt,x0). Conditioning on

the noise-free data point x0 allows direct estimation of noise contributions at each

timestep t. By observing the noisy sample xt with information about its origin

(x0), the model gains additional guidance for more accurate noise estimation. The

conditional posterior distribution can be calculated using Bayes’ theorem as follows

(Bishop & Bishop, 2024d; Ho et al., 2020; Nichol & Dhariwal, 2021):

q(xt−1|xt,x0) =
q(xt|xt−1,x0)q(xt−1|x0)

q(xt|x0)
(2.14)

The conditional posterior distribution q(xt−1|xt,x0) takes the form of a Gaussian

distribution and can be reformulated using the posterior mean µ̃t(xt,x0) and the

posterior variance β̃t (Bishop & Bishop, 2024d; Ho et al., 2020):

q(xt−1|xt,x0) = N
(
xt−1; µ̃t(xt,x0), β̃tI

)
(2.15)

µ̃t(xt,x0) =

√
αt(1− ᾱt−1)

1− ᾱt

xt +

√
ᾱt−1βt

1− ᾱt

x0 (2.16)

β̃t =
1− ᾱt−1

1− ᾱt

· βt (2.17)

The reverse distribution is approximated using a NN, which estimates the mean

µθ(xt, t) and variance Σθ(xt, t) of each step t of the backward process (Ho et al.,

2020; Nichol & Dhariwal, 2021):

pθ(x0:T ) = pθ(xT )
T∏
t=1

pθ(xt−1|xt) (2.18)

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) (2.19)

To avoid training T individual NNs, the timestep index t is included as an explicit

input to the NN, enabling the timestep-dependent estimation of the mean and

variance with a single NN. The timestep is hereby provided to the model using the

sinusoidal position embedding of the transformer (Bishop & Bishop, 2024d; Ho et al.,

2020; Nichol & Dhariwal, 2021; Vaswani et al., 2017).
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As a maximum-likelihood model, the objective is to minimise the negative log-

likelihood (NLL) of the data distribution, given by − log pθ(x0). Since pθ(x0) is

computationally intractable, the NLL is approximated using a surrogate objective,

typically the variational lower bound (VLB). This approximation is feasible because

the forward process can be viewed as a latent variable model, where the VLB serves

as a tractable lower bound to the intractable marginal likelihood, analogous to the

variational approach used in models like VAEs. The VLB is defined as (Bishop &

Bishop, 2024d; Ho et al., 2020; Kingma & Welling, 2014):

E [− log pθ(x0)] ≤ Eq [− log pθ(x0) +DKL(q(x1:T |x0)∥pθ(x1:T |x0))]

= Eq

[
− log

(
pθ(x0:T )

q(x1:T |x0)

)]
(2.20)

The term DKL denotes the KL divergence, which measures the discrepancy between

the variational distribution q(x1:T | x0) and the model’s approximate posterior

pθ(x1:T | x0). As a non-negative measure of information loss, it acts as a regularisation

term, enforcing that the learned distribution approximates the true posterior. The

VLB in Equation (2.20) can then be reformulated into the final NLL expression

(Bishop & Bishop, 2024d; Ho et al., 2020; Sohl-Dickstein et al., 2015):

E [− log pθ(x0)] ≤ Eq

[
DKL(q(xT |x0)∥p(xT ))︸ ︷︷ ︸

LT

+
T∑
t=2

DKL(q(xt−1|xt,x0)∥pθ(xt−1|xt))︸ ︷︷ ︸
Lt−1

− log pθ(x0|x1)︸ ︷︷ ︸
L0

]
(2.21)

LT can be omitted as it has no learnable parameters and represents a small constant

if the forward process converges to an isotropic Gaussian q(xT |x0) ≈ N (0, I).

Lt−1 defines the KL divergence between the approximated reverse distribution

pθ(xt−1|xt) and the posterior q(xt−1|xt,x0). Each term is Gaussian by construction

of the forward process and can be derived in closed form. To simplify, Ho et al.
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(2020) fixed the variance of the backward process to the forward noise variance,

i.e. Σθ(x0, t) := βt = σ2
t . Thus, the NN only predicts the mean, µθ(xt, t), which

streamlines training and lowers computational cost (Ho et al., 2020; Nichol &

Dhariwal, 2021). The final form of Lt−1 is given as

Lt−1 = Eq

[
1

2σ2
t

∥µ̃t(xt,x0)− µθ(xt, t)∥2
]

+ C , (2.22)

where C is a constant term that does not depend on the model parameters. Directly

predicting µ̃t(xt,x0) with a NN is the most straightforward solution. However,

Ho et al. (2020) further refined the training process utilising Equation (2.16) and

Equation (2.13), leading to the reparametrisation of µθ(xt, t) as

µθ(xt, t) = µ̃t

(
xt,

1√
ᾱt

(
xt −

√
1− ᾱtϵθ(xt, t)

))
=

1
√
αt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t)

)
, (2.23)

ϵθ estimates the forward noise ϵt from the noisy sample xt, which simplifies Eq. (2.22)

(Ho et al., 2020):

Lt−1 = Ex0,ϵ

[
β2
t

2σ2
tαt(1− ᾱt)

∥ϵt − ϵθ (xt, t)∥2
]

(2.24)

The reformulation defined in Equation (2.24) not only represents a simplification of

VLB but also draws the connection to the aforementioned generative score matching

(Y. Song & Ermon, 2019) as it resembles Langevin dynamics (Ho et al., 2020). The

final term of the VLB in Equation (2.21), L0, is realised by an independent discrete

decoder. The decoder calculates the mass of the distribution centred on the predicted

mean µθ(x1, 1) with variance σ2
1 in the interval of the real value of x0 ± 1/255 for

each pixel D (Ho et al., 2020):
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pθ(x0|x1) =
D∏
i=1

∫ δ+(xi
0)

δ−(xi
0)

N (x;µi
θ(x1, 1), σ2

1) dx

δ+(x) =

∞ if x = 1

x+ 1
255

if x < 1

δ−(x) =

−∞ if x = −1

x− 1
255

if x > −1

(2.25)

If the NN predicts a similar pixel value to x0, the mass of the distribution for that

individual pixel is high, resulting in a high contribution to the probability pθ(x0|x1).

The bounds in Equation (2.25) are derived from the preprocessing step, where each

pixel value is rescaled from the range [0, 255] to [−1, 1], ensuring linearly scaled

values that approximate an isotropic Gaussian distribution (Ho et al., 2020).

Generative process: Obtaining a new sample

The generative process of a new sample x̂0 is realised by sampling from a standard

Gaussian distribution xT ∼ N (0, I) and transitioning the learned backward process

of Equation (2.18). As each step of the backward process is defined by a Gaussian

distribution (see Equation (2.19)), one can make use of the reparametrisation trick of

Equation (2.11) and the parametrisation of µθ(xt, t) in Eq. (2.23) to generate xt−1:

xt−1 =
1
√
αt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t)

)
+ σtϵ, ϵ ∼ N (0, I) (2.26)

During this process, Ho et al. (2020) noticed two useful simplifications to the

framework resulting in better sampling quality and easier implementation: (1)

re-weighting Equation (2.24) by removing the normalisation term, and (2) absorbing

L0 into the NN by setting the noise term of Equation (2.26) to 0 for t = 0. Both

simplifications lead to the final objective of DDPM approximating the weighted VLB

emphasising different properties of the standard diffusion process (Ho et al., 2020;

Nichol & Dhariwal, 2021):

Lsimple = Ex0,ϵ

[
∥ϵt − ϵθ (xt, t)∥2

]
(2.27)
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Equation (2.27) describes the mean-squared error (MSE) between the predicted noise

ϵθ (xt, t) and the actual added noise during the forward process ϵt (Ho et al., 2020;

Nichol & Dhariwal, 2021).

Backbone architecture and diffusion parameters

The choice of the respective NN architecture to estimate the noise contribution,

ϵθ (xt, t), is primarily constrained by the requirement to retain dimensionality. Specif-

ically, the predicted output of the NN must match the dimensionality of the input.

As a result, the U-Net by Ronneberger et al. (2015) has been established as the

gold-standard NN architecture used for DDPMs. Particularly in image applications,

the CNN core of the U-Net achieves state-of-the-art feature extraction represented

by sampling quality surpassing state-of-the-art GANs (Dhariwal & Nichol, 2021; Ho

et al., 2020).

To estimate the time-dependent noise contribution, the current timestep t of the

sample xt is provided as input to the U-Net. This is done by using the sinusoidal

position embedding from the transformer (Vaswani et al., 2017):

PE(t,2i) = sin

(
t

10000
2i
d

)
PE(t,2i+1) = cos

(
t

10000
2i
d

) (2.28)

d describes the feature dimensionality of the embedding, whereas the index i is

designed to create unique positional encodings by alternating between sine and

cosine. This allows the U-Net to distinguish between different timesteps by feeding

the embedding to each individual block in encoder, bottleneck and decoder of the

U-Net (Ho et al., 2020; Vaswani et al., 2017). The second alteration of the standard

U-Net is the incorporation of the self-attention mechanism (Vaswani et al., 2017)

(see Equation (2.8)), which enhances the model’s feature extraction capabilities by

increasing the receptive field at different resolutions (Dhariwal & Nichol, 2021; Ho

et al., 2020; Nichol & Dhariwal, 2021).
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The diffusion process is characterised by the noise schedule βt that defines the

variance of the Gaussian noise added to the input data at each timestep. The

choice of the noise schedule is crucial for the training process and the quality of the

generated samples. Ho et al. (2020) proposed a linear noise schedule with T = 1000

ranging from β1 = 10−4 to βT = 0.02, which has been determined empirically by Ho

et al. (2020) and was selected for its ease of use and implementation.

Improvements to the training process

Since the introduction of diffusion models by Ho et al. (2020), researchers have

actively pursued improvements to the training process due to the promising ability

of DDPMs to model complex probability densities (Dhariwal & Nichol, 2021; Ho

et al., 2020; Nichol & Dhariwal, 2021).

The first major improvements to the DDPM framework were presented by Nichol

and Dhariwal (2021) and focus on the VLB by proposing two key improvements:

(1) Estimation of Σθ, and (2) adaptation of the noise schedule. The authors noted

that fixing the variance Σθ in Lt−1 (see Equation (2.20)) compromises the log-

likelihood approximation. This limitation stems from the dominance of the mean

µθ(x, t) over the variance Σθ(xt, t) in determining the distribution with T →∞. To

improve the log-likelihood, Nichol and Dhariwal (2021) include the estimation of the

variance Σθ(xt, t) into the training process. The variance is hereby estimated as an

interpolation between forward process variance βt and posterior variance β̃t:

Σθ(xt, t) = exp
(
v log βt + (1− v) log β̃t

)
(2.29)

The interpolation factor v is a learnable parameter of the NN and allows the model

to adapt the variance estimation to the respective noise level of the forward process

and the posterior distribution. The novel term of the VLB is then added to the

simple loss function of Equation (2.27) as follows:

Lhybrid = Lsimple + λLVLB (2.30)
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The authors set λ = 0.001 to balance the loss terms and ensure variance estimation

does not dominate noise estimation. The mean of LVLB is subject to a stop-gradient

operation to preserve the influence of Lsimple on µθ(xt, t) and provide a guidance

term for Σθ(xt, t) through LVLB (Nichol & Dhariwal, 2021).

The second improvement proposed by Nichol and Dhariwal (2021) is the adaptation

of the noise schedule βt to include more timesteps T = 4000 and to modify the noise

schedule to a cosine annealing schedule. The authors noted that the linear noise

schedule was suboptimal for low-resolution images as the tail of the schedule was too

noisy without any meaningful image content. The revised noise schedule is defined as

ᾱt =
f(t)

f(0)
, f(t) = cos

(
t/T + s

1 + s
· π

2

)2

. (2.31)

The parameter s = 0.008 is estimated such that
√
β0 is smaller than the pixel bin size.

Utilising cos2 ensures that the destruction of information content is slower around

the extrema of the diffusion process, i.e. t = 0 and t = T , whilst retaining the linear

reduction of ᾱt in the middle of the diffusion process (Nichol & Dhariwal, 2021).

One major drawback of DDPMs relative to GANs and VAEs is the substantially

longer sampling time. The sample quality is directly correlated with the length of

the diffusion process as larger T reduce the complexity of estimating pθ(xt−1|xt) due

to the simpler approximation of the Gaussian transition. As a result, the sampling

process needs to sequentially traverse the entire Markov chain in reverse to generate

a new sample, compared to the single-step sampling of GANs (Ho et al., 2020; Nichol

& Dhariwal, 2021; Sohl-Dickstein et al., 2015; J. Song et al., 2021).

To address the slow sampling process, J. Song et al. (2021) generalised the forward

Markov chain in DDPMs (see Equation (2.9)) to a non-Markovian diffusion. They

observed that the loss in Equation (2.27) depends only on the marginals q(xt|x0)

(see Equations (2.12) and (2.13)) rather than the full joint probability distribution

q(x1:T |x0), enabling reformulation of the inference process:

qσ(xt−1|xt,x0) = N
(
√
ᾱt−1x0 +

√
1− ᾱt−1 − σ2

t ·
xt −

√
ᾱtx0√

1− ᾱt

, σ2
t I

)
(2.32)
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parameterised by σt, which controls the stochasticity of each step in the forward

process. The forward process can be derived from Equation (2.32) using Bayes formula

(see Equation (2.14)) and the condition that qσ(xt|x0) is equal to Equation (2.12).

The authors demonstrated that generalising the forward process introduces a novel

variational inference objective, which resembles the objective of DDPMs for a given

combination of σ > 0 and specific weights γ = [γ1, . . . , γT ]. These weights re-weight

the loss term in Equation (2.27) for each timestep t. As a result, pre-trained DDPMs

can be utilised for the generalised inference process, which approximate a family of

non-Markovian forward processes in addition to the Markovian forward process of

DDPMs (J. Song et al., 2021).

The generalised inference process is defined as a two step solution: given a noisy

observation xt obtained through the forward process (see Equation (2.12)), the

backbone NN estimates the noise contribution ϵθ(xt, t) and utilises a re-formulation

of Equation (2.12) to obtain a prediction of the corresponding x0. The latter is then

leveraged in the reverse conditional distribution of Equation (2.32). This procedure

redefines the sampling process of DDPMs generalised by σt using Equation (2.11) as

follows (J. Song et al., 2021):

xt−1 =
√
ᾱt−1

(
xt −

√
1− ᾱtϵθ(xt, t)√

ᾱt

)
︸ ︷︷ ︸

predicted x0

+
√

1− ᾱt−1 − σ2
t · ϵθ(xt, t)︸ ︷︷ ︸

direction pointing to xt

+σtϵ (2.33)

One particular special case of the generalised DDPM is the original DDPM with σt = 0

for all t > 1. The forward process becomes fixed given xt−1 and x0, which results in

a deterministic transition from xt to xt−1 during the generative process. This model

is referred to as denoising diffusion implicit model (DDIM). Equation (2.33) also

entails the original generative formulation of the DDPM using σt = β̃t.

DDIM reaches its main advantage in the accelerated sampling process. J. Song et al.

(2021) observed that utilising a subset of diffusion steps {xτ1 , . . . ,xτs} parameterised

by an increasing subsequence τ ∈ [1, . . . , T ] of length S shortens the generative

process. This is possible because the subsequence is constructed such that the
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forward process marginals align with those of the full sequence, i.e. q(xτi |x0) =

N (
√
ατix0, (1 − ατi)I). Depending on the respective choice of σt, the inference

process can be markedly accelerated as only the shortened subsequence needs to be

traversed. With this modification, DDIMs achieve accelerations of up to 50x with

limited loss in detail compared to the DDPM due to the deterministic and more

predictable sampling process mapping directly from noisy inputs to samples (J. Song

et al., 2021).

2.3.2 Latent diffusion: training and inference with reduced dimen-

sionality

Rombach et al. (2022) took a different approach to reduce the computational com-

plexity associated with the iterative Markov chain process. The authors leveraged

pre-trained AEs to encode each sample x0 ∼ p(x0) into a latent space representation

z0 = E(x0) using the encoder E of the AE. The latent representation is then used

as input to the regular training process of the DDPM. This includes obtaining a

noisy observation zt via Equation (2.13), where x0 is replaced by the encoded latent

z0. During the backward process, the noise contribution ϵθ(zt, t) is estimated in the

latent space, optimising the VLB using Equation (2.27). To obtain a novel sample

x̂0, the generative process is traversed in the latent space, and the latent space

sample ẑ0 is decoded back to the original sample space using the decoder D of the

AE, such that x̂0 = D(ẑ0) (Rombach et al., 2022). As the diffusion model operates

exclusively within the latent space of the AE, it is termed a latent diffusion model

(LDM) (Rombach et al., 2022).

The computational complexity is negatively correlated to the compression factor

of the AE with compression factors of 4 to 16 demonstrating exceptional generative

results in the tested configuration of Rombach et al. (2022). The authors provided

an additional theoretical formulation for the observed detail preservation in scenarios

with reduced complexity. The majority of the information content of the image

corresponds to imperceptible details. The utilisation of the AE eliminates these

details during the encoding process, and allows the diffusion model to concentrate
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on the semantic and perceptual composition during training. As a result, generated

images retain the essential features required for perceptually high-quality samples

with a fraction of the computational cost (Rombach et al., 2022).

Rombach et al. (2022), building on the work of Esser et al. (2021), investigate

two methods for regularising the latent space in the first-stage model. The first

approach, autoencoder with Kullback-Leibler regularisation (KLAE), imposes a KL

divergence penalty to encourage a Gaussian latent distribution, similar to a VAE.

In contrast, the autoencoder with vector quantisation regularisation (VQAE) aims

to discretise the latent space using a learnable embedding. Both first-stage models

are accompanied by a discriminator for adversarial training. Rombach et al. (2022)

demonstrated that the KLAE and VQAE models with mild compression factors of 4

to 16 yield great results in terms of perceptual quality and sample diversity using

T = 1000, with minor differences between both results for different tasks.

Khader et al. (2023) extended the LDM framework to the generation of 3D medical

data by following the pathway of the VQAE approach. In addition, the authors

employed a perceptual loss to improve reconstruction quality, leveraging pre-trained

perceptual models such as LPIPS (see Section 2.1.2). To adapt the framework

for 3D data, Khader et al. (2023) replaced each 2D layer with its 3D counterpart,

maintaining the design principles of the original implementation. Since LPIPS is

trained on 2D ground-truth perceptual datasets, Khader et al. (2023) applied a

slice-based perceptual loss to approximate the advantages of LPIPS in 3D.

Relation to thesis

This thesis employs LDMs for their efficiency and flexibility in modelling

high-resolution medical images, enabling faster generation with fewer timesteps

and reduced computational demands.

2.3.3 Conditional DDPMs

Conditional density estimation is a fundamental concept in generative DL, where

the goal is to model the distribution of x given auxiliary task-related information
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y. By incorporating this conditioning signal, the model restricts its focus to the

relationship between x and y, effectively reducing the complexity of the learning

problem. This targeted approach enables the model to learn context-dependent

distributions that reflect prior knowledge encoded in y (e.g. class labels, textual

descriptions, or reference images) thereby producing outputs that are better aligned

with specific tasks or constraints (Dhariwal & Nichol, 2021; Rombach et al., 2022).

As described in Section 2.3.1, DDPMs are already conditioned on the original

sample x0 and the timestep t during training. This section focuses on the conditioning

of DDPMs on additional information, such as class labels or other images, which are

of importance for subsequent applications, such as conditional image generation, or

super-resolution (SR) in Chapter 4.

Class-conditional diffusion models

Dhariwal and Nichol (2021) proposed a widely adopted method for class-conditioning

in DDPMs, introducing a learnable embedding y = L for each class label L. This em-

bedding is injected into each residual block through “adaptive group normalisation”,

allowing the model to modulate intermediate activations based on the target class.

The DDPM is thus trained to estimate the conditional distribution pθ(xt−1|xt,L) at

each diffusion timestep t, enabling the synthesis of samples that exhibit class-specific

characteristics.

Generalised conditioning mechanism

Rombach et al. (2022) generalised the conditioning strategy beyond single-dimensional

class labels to various auxiliary information sources, including text embeddings, im-

ages and semantic information. Instead of utilising the adaptive group normalisation

to inject the conditioning signal into the U-Net, Rombach et al. (2022) devised a

modality-specific encoder τϕ to compute an intermediate representation τϕ(y) of

the conditional input y. The encoder τϕ is jointly optimised with the U-Net using

Equation (2.27), where ϵθ(xt, t) is extended with the additional conditioning signal

τϕ(y):
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LLDM := EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, τϕ(y))∥22

]
(2.34)

This framework offers a straightforward yet versatile means of incorporating additional

conditioning signals to guide the generative process of DDPMs (Rombach et al.,

2022).

The encoder τϕ can be realised in various ways, depending on the type of condi-

tioning signal and the desired output. The easiest method is the concatenation of the

conditioning signal (see Fig. 2.3a) with the input xt at the encoder stage, which can

be used for inputs of the same dimensionality (Rombach et al., 2022). This entails

imaging data and semantic information, such as segmentation masks or anatomical

structures. However, this approach may not be suitable for all types of conditioning

signals, especially in the case of LDMs operating on a compressed input space. Unless

the encoder of the compression stage E is trained on the same distribution of data

for conditioning and input, cross-attention (see Fig. 2.3b) is required to align the

conditioning signal with the input data (C.-F. R. Chen et al., 2021; Rombach et al.,

2022). Cross-attention introduces additional learnable layers to enable multi-scale

feature fusion between the conditioning signal and the input data, allowing for more

complex interactions and relationships to be captured (C.-F. R. Chen et al., 2021;

Rombach et al., 2022).

Since the introduction of the conditioning concept, there has been an increasing

interest in enhancing the feature density of the conditioning signal. Specifically, Park

et al. (2019) observed that earlier strategies may cause the guidance signal to vanish

through subsequent normalisation layers, resulting in a loss of information. To address

this, they introduced SPatially-Adaptive (DE)normalization (SPADE) to preserve

spatial conditioning signals by modulating normalisation parameters through learned,

spatially varying affine transformations. These feature extractors can be included

in conventional architectures and allow deep feature injection (Park et al., 2019).

This approach has sparked the conceptualisation of distinct encoders mimicking the

structure of the U-Net (see Fig. 2.3c), which can be used to increase the feature
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Figure 2.3: Visualisation of conditioning strategies using a low-resolution version of
the input as the conditioning signal. (a) shows channel-wise concatenation, which
requires the input and conditioning signal to share identical spatial dimensions. (b)
illustrates cross-attention conditioning, which allows differing spatial resolutions (S,
T ) by operating on flattened spatial embeddings, with original resolution restored after
conditioning. (c) depicts encoder-based conditioning with deep feature extraction:
features from each pooling block are passed through a secondary extractor (not
shown) and injected into the SPADE blocks of the backbone U-Net. Features are
reused across layers with matching spatial resolution.

extraction capabilities of conditioning signals. Architectures utilising mirrored U-Net

encoders are employed to exploit previously obtained priors with lower computational

overhead compared to traditional cross-attention conditioning (Patil et al., 2025;

J. Wang et al., 2024; L. Zhang, Rao, & Agrawala, 2023). A prominent example is the
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ControlNet architecture, which injects spatial priors into a frozen base model using

additive zero-convolutions (L. Zhang, Rao, & Agrawala, 2023). In contrast, J. Wang

et al. (2024) leverage the computational efficiency of SPADE-based modulation to

inject features into pre-trained LDMs. This approach facilitates high-resolution

image synthesis with improved feature density and structural preservation compared

to the additive mechanism of ControlNet or the expensive cross-attention mechanism

(see Section 2.1.3).

In summary, DDPMs employ three principal conditioning strategies, which directly

influence the choice of τϕ:

1. channel-wise concatenation , offering a straightforward and computation-

ally efficient approach for conditioning inputs of identical dimensionality (see

Figure 2.3a);

2. cross-attention , enabling learnable conditioning by handling inputs with

differing spatial resolutions (see Figure 2.3b); and

3. encoder-based conditioning , which leverages deep feature extraction and

pre-trained models to efficiently integrate spatial conditioning (see Figure 2.3c).

Relation to thesis

Conditional sampling underpins the anomaly detection framework introduced

in Section 2.3.6, which forms the basis of this thesis. The conditioning

strategies beyond injection of class information are applied in Chapter 4 to

generate targeted small-lesion samples and improve spatial resolution.

2.3.4 Medical image generation with DDPMs

Synthetic data generation is a crucial task in medical imaging, enabling both the

augmentation of training datasets to address class imbalance and the creation of

standardised samples with predefined characteristics that are otherwise challenging

to obtain from real patient data (Fernandez et al., 2024; Meng et al., 2024; W. Peng

et al., 2023; Sizikova et al., 2024; H. Wu et al., 2024; Yi et al., 2019). As DDPMs are

fundamentally designed as generative models, they have been increasingly applied
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to the generation of synthetic medical images, with y being usually constrained

to class labels or image-level guidance to control the appearance of the synthetic

sample (Dorjsembe et al., 2024; Fernandez et al., 2022, 2024; H. Wu et al., 2024).

This section provides an overview of the application of DDPMs in medical image

generation, focusing on the conditioning strategies employed to obtain samples with

specific characteristics, particularly lesion sizes and locations.

Synthetic medical image generation is a well-established field, with approaches

targeting modality restoration (Kalantar et al., 2023; Meng et al., 2024; Müller-

Franzes et al., 2023), domain translation (Graf et al., 2023; X. Li et al., 2023; Patil

et al., 2025), and conditioning on auxiliary inputs such as text (Kim et al., 2024;

H. Wu et al., 2024; Z. Zhang et al., 2024). These methods rely on conditioning

mechanisms within DDPMs (see Section 2.3.3).

Fernandez et al. (2022, 2024) used a two-stage pipeline where a conditional

LDM generates segmentation masks, which are then fed into a SPADE-based VAE-

GAN to synthesise brain images. H. Wu et al. (2024) conditioned abdominal

MRI synthesis on organ masks and text, using a dedicated mask encoder aligned

with the input latent space to improve spatial consistency. Similarly, Dorjsembe

et al. (2024) used binary lesion masks via channel-wise concatenation to guide

a DDPM in image space, achieving a 5% Dice score improvement when training

segmentation models on generated samples. Konz et al. (2024) extended this binary

mask conditioning approach to breast and abdominal imaging, showing negligible

segmentation performance differences between real and synthetic data, supporting

the anatomical fidelity of their samples. Their model, like that of Bhattacharya et al.

(2025), incorporated fine-grained anatomical labels to further improve structural

consistency in the generated outputs.
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Relation to thesis

These studies show that LDMs can generate synthetic medical images with

targeted lesion characteristics using simple conditioning inputs like binary

masks. This thesis applies this principle in Section 4.3 to synthesise a dataset

of small brain tumours, enabling controlled evaluation across varying lesion

characteristics.

2.3.5 DDPMs for super-resolution

Relation to thesis

Detecting small lesions remains one of the key challenges in medical imaging

and is directly tied to early diagnosis and improved clinical outcomes (see

Section 2.1.6). However, such lesions are often difficult to identify due to

limited spatial resolution and imaging artefacts. SR offers a promising strategy

to mitigate this issue by enhancing the visibility of subtle pathological features.

In the context of this thesis, it is hypothesised that applying SR to

synthetic datasets of small lesions, as mentioned in the previous section and

demonstrated in Section 4.3, may improve detection performance by refining

spatial detail.

The following section introduces the theoretical foundations of SR with DDPMs and

discusses the construction of paired high- and low-resolution datasets, which are

essential for training these models effectively (Moser et al., 2025; Shao et al., 2023;

Yang et al., 2023; H. Zhou et al., 2022).

Theoretical foundations of super-resolution

SR encompasses a range of techniques aimed at enhancing the spatial resolution of

an image, enabling the reconstruction of high-resolution (HR) images, IHR, from

low-resolution (LR) inputs, ILR. This process typically involves approximating a

degradation function D that captures the relationship between the HR and LR

images (Moser et al., 2025; Shao et al., 2023; Yang et al., 2023; H. Zhou et al., 2022):
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ILR = D(IHR) (2.35)

D denotes the loss of overall image quality inherent to the imaging modality, typically

linked to blurring, noise, or compression artefacts. The goal of learning-based SR is

to approximate the inverse of the degradation function, ÎHR = D−1(ILR, θ), using

learnable parameters θ. This mapping estimates the HR image ÎHR from the LR

input ILR and is expressed as the following optimisation objective (Moser et al., 2025;

Shao et al., 2023; Yang et al., 2023; H. Zhou et al., 2022):

θ∗ = argmin
θ

EILR,IHR

[
L(IHR,D−1(ILR, θ))

]
. (2.36)

Generating paired HR-LR datasets

Obtaining a dataset with paired HR-LR images is essential for training SR models

and their objective defined in Equation (2.36). Since capturing the exact same

scene at multiple resolutions is challenging even in natural imaging, early approaches

instead relied on obtaining HR images and applied a predefined synthetic degradation

function Ds to generate LR counterparts. This is particularly relevant for medical

applications, where obtaining a LR image often requires altering the imaging protocol,

increasing acquisition time and cost, and patient discomfort (Shin et al., 2024; Yang

et al., 2023; H. Zhang et al., 2023; H. Zhou et al., 2022). In addition, clinical MRIs

demonstrate large variability in terms of scanner settings, acquisition protocols,

and patient-specific factors, further complicating the acquisition process (Thust

et al., 2018; Villanueva-Meyer et al., 2017; J. Wang et al., 2023). Initial approaches

successfully generated SR data by inverting fixed perturbations defined in Ds, but

were inherently limited by the narrow scope of these predefined degradations. As

a result, applying D−1
s to data exhibiting unseen or mismatched degradations led

to poor reconstruction quality, highlighting the critical need to accurately model

the complex and diverse degradation processes present in real-world clinical data

(H. Chen et al., 2021; Dai et al., 2019; J. Wang et al., 2024; Z. Zhang et al., 2019).
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Subsequent work shifted focus towards degradation processes that more accurately

reflect real-world conditions (Fritsche et al., 2019; L. Wang et al., 2021; Wei et

al., 2021), or towards the construction of paired HR-LR datasets for supervised

training (X. Wang et al., 2021; K. Zhang et al., 2021). Among these, the Enhanced

Super-Resolution Generative Adversarial Network (ESRGAN) degradation pipeline

proposed by X. Wang et al. (2021) has emerged as a state-of-the-art in natural image

SR research. This pipeline enhances model generalisation by simulating a diverse

range of degradation types commonly observed in practical imaging scenarios (Saharia

et al., 2023; J. Wang et al., 2024). It applies a two-stage process involving Gaussian

blurring, downsampling, the addition of various noise types, and compression. Due to

the partially stochastic and non-deterministic nature of this degradation procedure,

the corresponding SR task is termed blind SR.

DDPMs for blind super-resolution

Demonstrated by Rombach et al. (2022) and described in detail in Section 2.3.3,

DDPMs are capable of learning the distribution of HR images conditioned on a LR

image. By injecting structural information from the LR image during training using

the encoder τϕ(ILR), the model implicitly learns the inverse degradation function

D−1
s as part of the standard DDPM training framework (see Section 2.3) (Moser

et al., 2025; Rombach et al., 2022):

pθ(x0:T ) = pθ(xT )
T∏
t=1

pθ(xt−1|xt, ILR) (2.37)

pθ(xt−1|xt, ILR) = N (xt−1;µθ(xt, t, ILR),Σθ(xt, t, ILR)) (2.38)

Saharia et al. (2023) introduced SR3, a diffusion-based framework for SR, which

conditions the generation process on an upsampled LR image concatenated with

the noisy HR image. Despite exploring more complex conditioning strategies, the

simple upsampling-based approach proved sufficient. SR3 also employs a cascaded

design, training separate models for each resolution scale to incrementally refine
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image quality and avoid the challenges of direct large-scale upsampling.

Rather than training from scratch, J. Wang et al. (2024) employ a pre-trained

LDM as a generative prior for SR, integrating multi-scale features from a dedicated

LR encoder via SPADE (see Section 2.3.3). The encoder mirrors the U-Net structure

but is trained separately, while the pre-trained generative model remains fixed. This

design lowers training complexity and surpasses baseline methods.

Relation to thesis

The approach by J. Wang et al. (2024) is compelling for SR, combining pre-

trained LDMs with a task-specific encoder to reduce training complexity. Its

modular architecture and strong performance mark it as a promising state-

of-the-art method. This thesis explores its applicability to brain MRI in

Section 4.4, investigating whether this architecture can enhance the visibility

of small tumour lesions and support high-sensitivity clinical imaging.

Super-resolution in MRI

Given the substantial differences in image composition between natural and medical

images, specialised models are required to enhance resolution and detail in medical

imaging applications. These differences encompass intricate anatomical structures,

higher intrinsic noise levels, varying noise characteristics, and variable contrasts,

which stem from the underlying imaging modalities (Aja-Fernández & Vegas-Sánchez-

Ferrero, 2016; Shao et al., 2023; Shin et al., 2024). Consequently, SR approaches

developed for natural images often fail to generalise effectively to medical imaging,

as they do not account for modality-specific artefacts and the unique statistical

properties of medical data (H. Chung et al., 2023; Shin et al., 2024). As MRI is

the gold-standard for brain imaging (see Section 1.1.1), it is essential to develop

SR methods that are tailored to the specific characteristics of MRI data, which are

outlined in the following.

H. Chung et al. (2023) propose a score-based reverse diffusion framework for MRI

denoising and SR, which refines corrupted images through iterative sampling. This



Chapter 2. Literature Review 80

approach mitigates over-smoothing and preserves high-frequency detail, offering

improved efficiency due to the contracting nature of the score-based mapping. The

denoiser is also adapted for SR tasks.

Mao et al. (2023) target multi-contrast SR using a channel attention-based fusion

mechanism. Distinct encoders extract modality-specific features, which are adaptively

integrated via attention to enhance image fidelity. Combined with curriculum learning

and a tailored loss, the method outperforms conventional SR models.

J. Wang et al. (2024) and J. Wang et al. (2023) introduce an optimisation-based

approach for anisotropic SR, leveraging a pre-trained LDM. Starting from a random

latent zT , the model iteratively refines this variable by comparing its downsampled

reconstruction to the original LR input, optimising zT with respect to the known

degradation function D.

H. Zhang et al. (2023) propose a self-supervised framework for anisotropic MRI SR,

repurposing existing MRI volumes to generate synthetic training pairs. Reformulating

the 3D SR task as a 2D problem, the model learns from high-resolution planar images

and aggregates axial outputs at inference to reconstruct isotropic volumes.

Adaptations to the degradation pipeline The distinct characteristics of MRI

require custom definitions of Ds to ensure effective SR performance (Lepcha et

al., 2023; Shao et al., 2023; H. Zhou et al., 2022). To this end, Han et al. (2023)

propose a probabilistic degradation model that learns the degradation function rather

than relying on static assumptions. Their model is trained on both natural and

medical images, transferring knowledge from natural image degradations to improve

generalisation in the medical domain. Alternatively, Shao et al. (2023) adapt the

ESRGAN degradation pipeline by restricting blur and noise types while randomising

degradation order to better capture the stochastic nature of real-world artefacts

(see Algorithm 1). In contrast, H. Zhou et al. (2022) estimate the degradation

function in an unsupervised manner using unpaired HR-LR samples from different

distributions. HR images are first downsampled with a predefined function, after

which a Cycle-GAN refines the degraded images to match the LR domain. This
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Algorithm 1 Adapted ESRGAN degradation pipeline for MRI by Shao et al. (2023).

Require: High-resolution MRI tensor x ∈ RH×W

Require: Number of degradation levels N
Ensure: Degraded image tensor x̃ at original resolution
1: x̃← x
2: for i = 1 to N do
3: x̃← Blur(x̃, ki) ▷ Blur Kernel
ki ∈ {iso, aniso} × {regular, generalised, plateau}

4: x̃← Resize(x̃, scale = si) ▷ Resize scale si ∈ [0.3, 1.5]
5: x̃← Noise(x̃, ηi) ▷ Noise parameters ηi ∈ {Gaussian, Poisson}
6: end for
7: x̃← Resize(x̃, target size = H ×W ) ▷ Resample to original resolution
8: return x̃

allows the model to approximate degradation components in a learnable manner,

conceptually similar to B. Huang et al. (2021).

Relation to thesis

While the outlined degradation pipelines partially account for MRI-specific

considerations, they remain approximations of real-world acquisition conditions.

Most existing approaches overlook critical sources of variability in clinical

imaging, such as complex noise distributions, motion-induced artefacts, and

low-frequency intensity inhomogeneities introduced by bias fields. These

omissions may limit the realism and generalisability of synthetic LR data. To

address this problem, this thesis proposes an adapted degradation pipeline of

Algorithm 1 in Section 4.4.1, which is specifically tailored to MRI and informed

by the dominant artefacts encountered in practice.

The following sections detail the key factors influencing the design of the final

degradation pipeline, including the incorporation of realistic noise models, simu-

lated motion artefacts, and spatial bias fields. These are essential components for

constructing more accurate and clinically meaningful degradation processes.

Noise distributions in MRI MRI is inherently susceptible to various types of

noise, influenced by acquisition parameters and scanner hardware. In many practical
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settings, noise is approximated as real-valued, additive Gaussian noise applied to the

magnitude image:

ILR = IHR +N (0, σ2) , (2.39)

where N (0, σ2) denotes zero-mean Gaussian noise with variance σ2. While convenient,

this model assumes post-reconstruction corruption and neglects the complex-valued

nature of MRI signals (Aja-Fernández & Vegas-Sánchez-Ferrero, 2016; Gudbjartsson

& Patz, 1995).

In reality, noise originates in the complex domain, where real and imaginary

components follow Sr, Si ∼ N (0, σ2). After magnitude reconstruction, the signal

M =
√

(Sr + A)2 + S2
i deviates from a Gaussian distribution, especially at low

signal-to-noise ratio. A more accurate representation is the Rician distribution:

p(M | IHR, σ) =
M

σ2
exp

(
−M

2 + I2
HR

2σ2

)
B(0)

(
IHRM

σ2

)
, (2.40)

where B(0) is the zeroth-order modified Bessel function of the first kind, and ILR ∼

p(M | IHR, σ) denotes a sample from this distribution.

For modern multi-coil systems, image reconstruction uses a root-sum-of-squares

approach across L independent channels, leading to a non-central Chi distribution

with 2L degrees of freedom:

p(M | IHR, σ, L) =
I1−L
HR

σ2
ML exp

(
−M

2 + I2
HR

2σ2

)
B(L−1)

(
IHRM

σ2

)
, (2.41)

where B(L−1)(·) is the modified Bessel function of the first kind of order L − 1

(Aja-Fernández & Vegas-Sánchez-Ferrero, 2016). Differences in the resulting noise

characteristics are illustrated in Figs. B.5b and B.5c and Section B.2.

Bias fields MRI is commonly affected by low-frequency intensity non-uniformities

known as bias fields. These arise from magnetic field inhomogeneities, spatially

varying coil sensitivities, and patient-specific anatomical positioning, and manifest
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as smooth intensity variations that confound subsequent image analysis (Sled et al.,

1998; Sudre et al., 2017; Van Leemput et al., 1999). The observed image ILR can be

expressed as a multiplicative combination of the true underlying image IHR and a

spatially smooth bias field BF :

ILR = IHR × BF . (2.42)

In practice, BF is often modelled as a linear combination of low-degree polynomial

basis functions (Sudre et al., 2017; Van Leemput et al., 1999). The bias-field

degradation is shown in Fig. B.5e, with clearly visible intensity inhomogeneities.

Motion artefacts in MRI Patient motion during acquisition introduces artefacts

in MRI, commonly manifesting as blurring or ghosting. These artefacts result

from spatial inconsistencies in k-space caused by motion during the relatively long

acquisition period and can substantially degrade diagnostic image quality (Dale et al.,

2015; Shaw et al., 2019).

Rigid body motion can be modelled in the Fourier domain as phase shifts in

k-space, with translational motion corresponding to deterministic displacements via

the Fourier shift theorem (Shaw et al., 2019). This allows simulation of motion

artefacts through controlled k-space manipulations. In contrast, physiological motion

(e.g. respiration, cardiac pulsation, or cerebrospinal fluid flow) produces ghosting

artefacts along the phase-encoding direction, which may appear as periodic signal

duplications or diffuse noise depending on the regularity of motion (Axel et al., 1986;

Storey et al., 2002; Wood & Henkelman, 1985). These effects are illustrated in

Figs. B.5f and B.5g.

As no motion-related artefacts were observed in the BraTS data, they were not

included in the final degradation pipeline. However, the functionality is implemented

and can be adapted for datasets where such artefacts are present.



Chapter 2. Literature Review 84

2.3.6 Anomaly detection with denoising diffusion models

The synthetic generation capabilities of DDPMs also allow the detection of anomalies

in medical imaging. The majority of these approaches are based on the assumption

that the generative model can learn the underlying data distribution of healthy

training data, which allows it to generate a healthy counterfactual of the input.

Anomalies are then detected by measuring the difference between the generated

sample and the input (Behrendt et al., 2024; Fontanella et al., 2024; Pinaya, Graham,

et al., 2022; Sanchez et al., 2022; Wolleb et al., 2022).

Healthy counterfactual generation

Drawing inspiration from reconstruction-based VAEs (Baur et al., 2021), one possible

approach is to train the DDPM solely on healthy data. This constrains the model

to generate a healthy counterpart of the input, facilitating direct comparison for

the identification of anomalous regions. However, there are two limitations to this

approach: (1) absence of publicly available, state-of-the-art datasets comprising

exclusively healthy individuals, and (2) inability to accurately detect anomalous

regions with low-intensity deformations.

As outlined in Section 2.1.1, the state-of-the-art dataset for brain tumour segmen-

tation encompasses exclusively pathological individuals. Other collections containing

healthy individuals are limited by the available MRI sequences, which are crucial to

obtain the complete image of the lesion (Carrete et al., 2022; IXI Dataset, 2004–2006;

Villanueva-Meyer et al., 2017). Secondly, Meissen et al. (2022) demonstrated that

models trained exclusively on healthy data are only able to detect anomalies if

they are of high-intensity, which exhibits similar or worse performance compared to

simple thresholding. Sanchez et al. (2022) argue deformations of healthy tissue as

a result of a macroscopic lesion are challenging to detect without the presence of

anomalous examples in the training data. As a result, the authors propose to train

the DDPM on a mixture of healthy and anomalous data to improve the detection

of anomalies. Their findings demonstrated the inferior segmentation performance
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Figure 2.4: Conditional generative process of a DDPM with class information
conditioned on L = “healthy”. The reverse process begins from Gaussian noise
xT ∼ N (0, I) and iteratively reconstructs a sample by injecting class information
at each timestep t. Conditioning is applied via adaptive group normalisation and
through gradient guidance using ∇xt log pϕ(L|xt, t).

of DDPMs trained exclusively on healthy data compared to models trained in a

weakly-supervised manner with a mixture of healthy and anomalous data (Sanchez

et al., 2022).

In addition to injecting class information into the U-Net (see Section 2.3.3),

Dhariwal and Nichol (2021) proposed to utilise an auxiliary classifier pϕ(L|xt, t)

to increase the guidance of the diffusion model during sampling (see Figure 2.4),

and therefore the generation of healthy counterfactuals for anomaly detection. The

classifier is hereby trained on noisy samples xt to predict the associated label L. The

respective gradient ∇xt log pϕ(L|xt, t) can be used to guide the generation towards

the desired class label L. The impact of the gradient on the sampling is controlled

by a scaling factor C. Dhariwal and Nichol (2021) reformulated specific components

of the sampling process. Stochastic conditional sampling can be performed using

pθ,ϕ(xt|xt+1,L) = Z ·pθ(xt|xt+1)pϕ(L|xt) following Bayes’ theorem with Z describing

a normalisation constant. Exact sampling from this distribution is intractable, which

requires the approximation of the distribution using a distorted Gaussian distribution.

The latter is derived through a Taylor expansion around the mean µθ(xt, t), which

results in the altered mean shown in Equation (2.43). The stochastic re-formulation

does not apply to DDIMs as they are deterministic models. Instead, DDIMs resort
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to score-based conditioning, leveraging the connection between diffusion models and

score-based networks to enable conditional sampling (Dhariwal & Nichol, 2021):

DDPM: µ̂θ(xt, t,L) = µθ(xt, t) + s ·Σθ(xt, t) · ∇xt log pϕ(L|xt, t) (2.43)

DDIM: ϵ̂θ(xt, t,L) = ϵθ(xt, t)−
√

1− ᾱt · ∇xt log pϕ(L|xt, t) (2.44)

The conditional sampling proposed by Dhariwal and Nichol (2021) requires training

of an auxiliary classifier to obtain ∇xt log pϕ(L|xt, t), which increases the compu-

tational complexity of the approach. In addition, these classifiers are task-specific

as they have to be trained on the noisy data precluding the usage of conventional

pre-trained classifiers. As a result Ho and Salimans (2021) introduced the concept

of classifier-free guidance by embedding the classifier into the DDPM. This

approach leverages the label embedding and the encoding of label information L into

the backbone U-Net (see Section 2.3.3) to simultaneously train two diffusion models:

a conditional model pθ(xt−1|xt,L) and an unconditional model pθ(xt−1|xt,L = ∅).

The unconditional model is obtained by randomly masking the label information L

and the subsequent class embedding during training. The conditional model steers

the process towards the target class without requiring an explicit classifier, resulting

in improved control over the generation process and reduced computational overhead.

This approach effectively trains two individual models using a singular architecture

and a unified training process. Both models can then be used to modify the noise

prediction ϵ(xt, t) during generation similar to Equations (2.43) and (2.44) with

classifier guidance scale C (Ho & Salimans, 2021):

ϵ̂(xt, t) = (1 + C) · ϵθ(xt, t,L) + C · ϵθ(xt, t) (2.45)
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Relation to thesis

Classifier-free guidance is central to this thesis, as it enables the generation

of healthy counterfactuals without the need for an auxiliary classifier. This

approach is central to diffusion-based anomaly detection and is employed

throughout Chapters 3 to 5 to generate healthy counterparts of diseased data.

Latent space encoding

As outlined in Section 2.3.1, the generative process begins with a noisy sample

xT ∼ N (0, I) and produces an output that reflects general characteristics of the

target distribution L through conditional sampling. However, this output captures

only broad features of healthy anatomy and does not preserve the subject-specific

anatomical structure of the input image x0. As a result, it fails to produce a synthetic

healthy counterfactual tailored to the original input.

J. Song et al. (2021) noticed that DDIM with σt = 0 can be utilised to encode the

observation x0 into the latent space. Particularly, the authors noticed the resemblance

of the reverse DDIM step defined in Equation (2.33) to the Euler method for solving

ordinary differential equations

√
1

ᾱt−1

xt−1 =

√
1

ᾱt

xt +

(√
1− ᾱt−1

ᾱt−1

−
√

1− ᾱt

ᾱt

)
· ϵθ(xt, t)

xt+∆t ≈ xt + ∆t · f(xt, t)← Euler method (2.46)

with ∆t describing the step size of the Euler method and σt = 0. If T is large

enough, the individual step sizes ∆t become very small, which results in an almost

perfect approximation by the Euler method to solve the ordinary differential equation.

In this scenario, the Euler method describes the true continuous trajectory of the

system, which allows the approximation of forward step being equal to the reverse

step, i.e. ϵθ(xt, t) ≈ ϵθ(xt−1, t). The learned backwards process can therefore be used

to encode the input into the latent space of the diffusion process, allowing healthy
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counterfactual generation (Dhariwal & Nichol, 2021; Fontanella et al., 2024; Sanchez

et al., 2022; J. Song et al., 2021; Wolleb et al., 2022):

xt+1 =
√
ᾱt+1

(
xt −

√
1− ᾱtϵθ(xt, t)√

ᾱt

)
+
√

1− ᾱt+1 · ϵθ(xt, t) (2.47)

Wallace et al. (2023) noticed that the approximation of Eq. (2.47) is inherently fragile,

as reconstructions of unaltered image regions often fail to replicate the original

input accurately. Furthermore, stronger conditional alterations exacerbate these

reconstruction errors, degrading image quality and limiting flexibility, particularly

for shorter diffusion sequences (Hertz et al., 2023; Wallace et al., 2023). To mitigate

the limitations of the DDIM encoding mechanism, Wallace et al. (2023) propose a

reformulation based on affine coupling layers (ACLs) (Dinh et al., 2015, 2017).

ACLs encode an input z into a latent space while avoiding the linearisation

assumption of the diffusion process, ensuring exact invertibility. This property is

critical for achieving reversible transformations, enabling precise reconstruction and

robust editing. In the affine coupling mechanism, the input z is split along the

channel dimension into two equal parts, za and zb. Using two neural networks, ψ

and Ψ, the transformed output z′
a is computed as follows (Wallace et al., 2023):

z′
a = Ψ(zb)za + ψ(zb) (2.48)

Importantly, the process is invertible: the original z can be reconstructed from the

overall output z′ = [z′
a, zb] of the ACL by reversing the transformation of Eq. (2.48):

za =
z′
a − ψ(zb)

Ψ(zb)
(2.49)

This invertibility is essential for the diffusion process, as it ensures the original input

can be recovered without error. Specifically, ACLs track two quantities (za and zb)

that invert each other, enabling precise encoding and decoding.
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Building on this concept, Wallace et al. (2023) reformulate the sampling process

in DDIM, assuming σt = 0 (see Eq. (2.33)):

zt−1 = atzt + btϵ(zt, t) . (2.50)

Here, at and bt are time-dependent coefficients chosen for simplicity and given by

at =

√
ᾱt−1√
ᾱt

(2.51)

bt = −

√
ᾱt−1(1− ᾱt)

ᾱt

+
√

1− ᾱt−1 . (2.52)

Eq. (2.50) becomes fully affine in zt and ϵ by redefining ϵ(zt, t) to be independent of

zt through the substitution y = zt. The substitution resembles Eq. (2.48) and allows

the definition of simple update rules for the reverse process (Wallace et al., 2023):

zt−1 = atzt + btϵ(yt, t)

yt−1 = atyt + btϵ(zt−1, t) (2.53)

These update rules allow efficient forward and backward traversal of the latent

space, preserving invertibility. Notably, while the method utilises the linearisation

ϵ(xt, t) ≈ ϵ(xt−1, t), it does not rely on it for invertibility. This ensures exact recovery

of the original input and allows for precise edits demonstrated in natural imaging

data (Wallace et al., 2023), reflected in the naming of the method as exact diffusion

inversion via coupled transformations (EDICT).

Stabilisation with mixing layers Wallace et al. (2023) observed that zt and

yt diverge considerably using small numbers of encoding steps 1 < N << T .

This divergence is caused by the breakdown of the linearisation assumption, which

becomes more pronounced with fewer encoding steps. To address this issue, the

authors introduce mixing layers that compute a weighted average of both noise

vectors, with the mixing weight ω ∈ [0, 1]:
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zt−1 =
√
ᾱt−1/ᾱtzt +

√
1− ᾱt−1 ∗ ϵ(yt, t)

−
√
ᾱt−1 ∗ (1− ᾱt)/ᾱt ∗ ϵ(yt, t)

yt−1 =
√
ᾱt−1/ᾱtyt +

√
1− ᾱt−1 ∗ ϵ(zt−1, t)

−
√
ᾱt−1 ∗ (1− ᾱt)/ᾱt ∗ ϵ(zt−1, t) . (2.54)

Relation to thesis

The EDICT encoding mechanism, originally proposed for natural images,

enables stronger conditional edits within fewer diffusion steps. Its impact in

medical imaging remains unexplored and is investigated as part of this thesis

in Chapter 3, where its potential for efficient and controllable synthesis is

evaluated in the context of brain tumour segmentation.

Brain tumour segmentation with denoising diffusion models

Recent advancements in diffusion models for medical imaging have explored various

strategies to enhance anomaly detection and segmentation performance. These

studies build upon foundational diffusion frameworks and introduce novel adaptations

tailored to specific challenges in medical data.

Wolleb et al. (2022) applied the DDPM framework with an auxiliary classifier and

U-Net to guide sampling towards healthy anatomy, achieving a Dice score of 0.71 via

Otsu thresholding on central 2D slices. Sanchez et al. (2022) improved this approach

by training on both healthy and diseased slices, adopting classifier-free guidance

(Ho & Salimans, 2021), and introducing dynamic normalisation to avoid saturation.

Their method reached a Dice of 0.76 on BraTS 2021 undersampled slices.

Pinaya, Tudosiu, et al. (2022) adopted a 2D LDM (Rombach et al., 2022) trained on

healthy data, detecting anomalies via deviations in noise prediction across timesteps

and achieving a Dice of 0.40, indicating the inferiority of unsupervised anomaly

detection. Wyatt et al. (2022) proposed simplex noise to replace Gaussian corruption,

improving anomaly detection for large lesions and shorter denoising chains. Behrendt



91 2.4. Identified research gaps

et al. (2024) introduced a patch-based DDPM with implicit conditioning and direct

sampling, reaching a Dice of 0.49 using simplex noise.

Finally, Graham et al. (2023) extended these ideas to 3D, demonstrating that

high-fidelity latent representations are critical for out-of-distribution detection on

synthetic anomalies and CT data, outperforming latent transformer baselines.

2.4 Identified research gaps of weakly-supervised brain

tumour segmentation

Supervised DL methods are widely regarded as the state-of-the-art for medical

image segmentation, often achieving remarkable performance metrics. However,

these methods face major limitations stemming from their dependence on large-scale,

high-quality annotated datasets. The acquisition of such datasets is constrained

by several factors. Ethical considerations and institutional policies at hospitals

frequently hinder the collection and sharing of medical imaging data at scale. Ad-

ditionally, the annotation process is resource-intensive and ultimately costly, as it

requires domain-specific expertise to manually label each individual across potentially

numerous MRI acquisitions with complementary sequences. The annotation process

itself introduces additional challenges. Annotator bias, whether due to variability

in expert interpretations or systematic differences in labelling practices, may in-

advertently impose skewed representations of disease characteristics. Furthermore,

supervised methods are inherently disease-specific, limiting their generalisability to

other pathological conditions or cases not represented in the training data.

To address these challenges, there has been a growing interest in how to reduce the

degree of supervision required. One promising direction relies on anomaly detection

by modelling healthy anatomical distributions. In this context, DDPMs have recently

emerged as a powerful alternative to conventional generative models, demonstrating

strong potential in anomaly detection tasks. The following sections identify key

research gaps in the current state-of-the-art of weakly-supervised brain tumour

segmentation with DDPMs, which this thesis aims to address.
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2.4.1 Overcoming computational and data limitations in weakly-supervised

3D brain tumour segmentation

Gap 1

The transition from 2D to 3D medical image analysis for weakly-supervised

brain tumour segmentation remains underexplored due to increased computa-

tional demands and the lack of public datasets with healthy individuals.

State-of-the-art models employing DDPM for weakly-supervised brain tumour

segmentation may exhibit constrained representational capacity due to their reliance

on lower-dimensional architectures. Notably, the predominant paradigm favours 2D

implementations of DDPM for tumour detection (Behrendt et al., 2024; Fontanella

et al., 2024; Pinaya, Graham, et al., 2022; Sanchez et al., 2022; Wolleb et al., 2022).

This stands in contrast to the increasing clinical adoption of high-resolution 3D MRI

sequences (Carrete et al., 2022; Villanueva-Meyer et al., 2017), which offer superior

spatial fidelity. The preference for 2D methodologies over their 3D counterparts can

primarily be attributed to the following factors:

1. increased computational complexity associated with 3D operations, which

substantially extends both training and inference times,

2. easier extraction of healthy anatomy from diseased individuals, and

3. the capacity to leverage and adapt pre-existing DDPM frameworks for integra-

tion into weakly-supervised segmentation pipelines.

Studies suggest that 3D approaches hold substantial promise for advancing medical

image analysis, particularly in tasks like brain tumour segmentation, as they capture

the inter-slice relationships of anatomical structures and lesion distribution, providing

a more detailed spatial context (Avesta et al., 2023; Kazerooni et al., 2024; Singh et al.,

2020; X. Zhou et al., 2018). However, 3D image analysis incur higher computational

costs due to higher dimensionality of the data and, more importantly, the increased

number of parameters of the learnable feature extractors of the backbone CNN.

This results in higher memory consumption and longer training times as part of the
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more challenging parameter optimisation. Limited computational resources may also

prevent the training of a model with sufficient capacity to learn the complex patterns

in the data. This is particularly crucial for the conventional attention mechanism

embedded in the backbone U-Net of the DDPM framework, as its complexity grows

quadratically with the number of input features. As shown in Section 2.1.3, the

input features are directly influenced by the dimensionality of the data (Rabe &

Staats, 2022).

Studies suggest that 3D approaches hold substantial promise for advancing medical

image analysis, particularly in brain tumour segmentation, as they capture inter-slice

relationships of anatomical structures and lesion distribution, providing richer spatial

context (Avesta et al., 2023; Kazerooni et al., 2024; Singh et al., 2020; X. Zhou et al.,

2018). However, 3D analysis incurs higher computational costs due to the data’s

dimensionality and the larger number of parameters in backbone CNNs. This leads

to greater memory consumption and longer training times from more demanding

parameter optimisation. Limited computational resources may also prevent training

models with sufficient capacity to capture complex patterns. The issue is especially

critical for the attention mechanism embedded in the U-Net backbone of the DDPM.

Its complexity scales quadratically with the number of input features, which are

directly influenced by data dimensionality (see Section 2.1.3) (Rabe & Staats, 2022).

The second factor influencing the decision to use 2D models arises from the require-

ments of weakly-supervised brain tumour segmentation and the limited availability of

public datasets. The BraTS dataset, the most widely used dataset for brain tumour

segmentation (see Section 2.1.1), consists exclusively of pathological individuals,

lacking healthy subjects for comparison. This absence of healthy data poses a ma-

jor challenge for weakly-supervised approaches, which rely on examples of healthy

anatomy to identify and localise anomalous regions effectively. To address this issue,

recent work has proposed to extract 2D slices with absent ground-truth annotations

from diseased volumes to serve as substitutes for healthy anatomy (Behrendt et al.,

2024; Fontanella et al., 2024; Pinaya, Graham, et al., 2022; Sanchez et al., 2022;

Wolleb et al., 2022). Naturally, transitioning from 2D to 3D introduces the challenge
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of extracting healthy anatomy from diseased volumes. A potential solution involves

incorporating private datasets of healthy subjects; however, this approach is severely

constrained by ethical considerations, as outlined in Section 2.1.1, and is incompatible

with the BraTS challenge, which prohibits the use of private data collections (Bakas

et al., 2017, 2018; Menze et al., 2015). An alternative approach is to adapt the

extraction of healthy anatomy specifically for 3D, bypassing the need for private

data while maintaining accuracy.

The final constraint limiting the transition to 3D is the prevalence of publicly

available DDPM frameworks, which are primarily designed for 2D applications. This

bias reflects the abundance of natural image datasets and the rapid progress of 2D

generative modelling (Dhariwal & Nichol, 2021; Ho et al., 2020; Nichol & Dhariwal,

2021; Rombach et al., 2022; J. Song et al., 2021). Although existing 2D frameworks

can be adapted with domain-specific features, their limited modularity restricts

substantial modifications beyond their original task and dimensionality. Such rigidity

constrains their applicability to medical imaging, where domain-specific challenges

demand tailored solutions for optimal performance (Cardoso et al., 2022; Cheplygina,

2019; Isensee et al., 2021; Llambias et al., 2024).

In addition to the challenges posed by dimensionality choices, the encoding mech-

anism used to preserve anatomical features during healthy counterfactual generation

plays a pivotal role in the success of weakly-supervised brain tumour segmentation.

This mechanism is essential for maintaining the integrity of healthy regions while

enabling modifications to pathological areas during the reconstruction of a healthy

counterpart. State-of-the-art methods rely on deterministic reformulations of the

diffusion process in DDIMs, which leverage a linearisation assumption to encode

anatomical details into the latent noise vector (Sanchez et al., 2022; J. Song et al.,

2021; Wolleb et al., 2022) (see Section 2.3.6). However, recent work (Wallace et al.,

2023) has highlighted fundamental flaws in the underlying linearisation assumption

of the DDIM encoding mechanism, demonstrating that it often leads to subopti-

mal encoding, reduced fidelity in image modifications, and, ultimately, ineffective

conditional modifications in practice. To address these shortcomings, Wallace et al.



95 2.4. Identified research gaps

(2023) introduced EDICT to offer a novel framework that circumvents the limita-

tions inherent to DDIMs. While EDICT has shown considerable improvements in

conditional sampling for natural images, its application to medical imaging remains

largely unexplored. Given the potential advantages of this method in enhancing

the quality and stability of generative models, this project aims to investigate the

applicability of the EDICT encoding mechanism to improve weakly-supervised brain

tumour segmentation. Notably, EDICT offers pronounced modifications with as few

as 50 steps (Wallace et al., 2023) and has the ability to further reduce inference times

in the computationally expensive 3D DDPM process. This enables more efficient and

effective segmentation, addressing both performance and computational concerns in

medical imaging tasks.

To address Gap 1, I synthesised the following research question, which is the focus

of Chapter 3:

Research Question 1

How can weakly-supervised 3D anomaly detection be made computationally

efficient while mitigating reliance on publicly available datasets of healthy

individuals?

2.4.2 The impact of super-resolution on weakly-supervised segmenta-

tion of small brain tumours

Gap 2

The role of SR in enhancing weakly-supervised DDPM-based anomaly detection

remains underexplored, particularly with respect to its effect on sensitivity to

small or subtle brain tumours.

Early and accurate detection of brain tumours is particularly critical in paediatric

populations, where delays in diagnosis can lead to irreversible developmental and

neurological impairments (Alemany et al., 2021; Fry et al., 2014; Goldman et al.,

2017; Sadighi et al., 2018; Yamada et al., 2020). The developing brain is highly
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vulnerable to treatment-induced neurotoxicity, especially during periods of rapid

growth (de Ruiter et al., 2013; Palmer et al., 2001; Ris et al., 2001), and prolonged

diagnostic timelines have been associated with long-term deficits in cognitive, sensory,

and motor function, with over 60% of childhood cancer survivors experiencing

life-long disabilities (Armstrong, 2010; Lassaletta et al., 2015; Wilne et al., 2010).

While timely imaging depends on broader clinical infrastructure (Sadighi et al.,

2018; Walker et al., 2016), definitive diagnosis ultimately relies on the radiological

identification of small, early-stage lesions (Sabeghi et al., 2024; Wilne et al., 2010).

These lesions, which often represent the earliest detectable manifestations of tumour

development, pose a major diagnostic challenge due to their subtle appearance and

strong dependence on imaging protocols (M. Chen et al., 2022; L. Zhang, Wen,

et al., 2023). Despite the clinical relevance of small lesion detection, current DL

models for brain tumour segmentation are rarely assessed in terms of size-specific

performance. In particular, the BraTS dataset (Bakas et al., 2017) primarily features

large, macroscopic lesions, rendering it unsuitable for benchmarking model efficacy

on small tumours.

Existing DL methods for small lesion detection have predominantly targeted

pathologies that are inherently small: lung nodules (Abraham & Khan, 2019; Lin et

al., 2020; Y. Zhang et al., 2024), liver tumours (Savelli et al., 2020), or stroke lesions

(An et al., 2023; Tao et al., 2019; Wong et al., 2022). These approaches often employ

supervised learning and benefit from task-specific innovations such as focal loss and

scale-aware architectures (Luo et al., 2024). As a result, these approaches are subject

to the same limitations as outlined in Section 2.1.8. Weakly-supervised methods

for small lesion detection remain underexplored, likely because the task represents

a worst-case scenario: detecting subtle deviations from the healthy distribution

without any label guidance poses a major challenge. Even in fully supervised settings,

performance degrades with decreasing lesion size (Erdur et al., 2024; L. Li et al.,

2021; B. Xu et al., 2018), highlighting the intrinsic difficulty of this task.
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One promising avenue for improving small lesion detection involves to increase

the spatial resolution and fidelity of the input data. Medical imaging data is often

acquired at limited resolution and is prone to modality-specific artefacts, which can

obscure subtle pathological changes. These limitations pose challenges not only for

clinical interpretation but also for automated detection methods, particularly when

attempting to identify early-stage or small-scale abnormalities (Lepcha et al., 2023;

Luo et al., 2024; Shin et al., 2024). Enhancing the resolution has the potential

to reveal finer anatomical structures that are critical for early diagnosis. In this

context, DDPM-based SR has emerged as a promising method for improving spatial

fidelity (H. Chung et al., 2023; J. Wang et al., 2023) (see Section 2.3.5), though

its effectiveness for small brain tumour detection remains unexplored - especially

within weakly-supervised anomaly detection frameworks built on DDPMs. Existing

pipelines have yet to establish a clear relationship between increased resolution

and improved detection performance. Bridging this gap is essential for advancing

clinically meaningful segmentation of early-stage tumours.

To address Gap 2, I synthesised the following research question, which is the focus

of Chapter 4:

Research Question 2

What is the effect of DDPM-based SR on the sensitivity and segmentation

performance of weakly-supervised anomaly detection, particularly for small

brain tumours?

2.4.3 Exploring distributional overlap for generalisable brain tumour

segmentation

Gap 3

The generalisability of weakly-supervised DDPMs to paediatric brain tumours

remains untested, despite their hypothesised robustness to distributional shifts

and suitability for data-scarce clinical settings.
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Finally, the application of DL-based segmentation to paediatric brain tumours

remains severely limited due to the lack of large-scale, annotated datasets. This

scarcity, driven by ethical, institutional, and logistical constraints, precludes the

training of supervised models from scratch, which typically require extensive labelled

data to perform reliably (see Section 2.1.8). As a result, most existing segmentation

frameworks have been developed and validated exclusively on adult populations. In

this context, weakly-supervised anomaly detection using DDPMs offers a promising

alternative. These models are hypothesised to generalise well under distributional

shifts, yet their applicability to paediatric neuro-oncology has not been previously

explored. This chapter presents the first systematic investigation of whether models

pre-trained on adult data can be effectively applied to paediatric cases and evaluates

the role of fine-tuning under limited-data conditions. In doing so, it advances the

use of diffusion-based anomaly detection for paediatric brain tumour segmentation

and assesses its robustness to cross-population shifts.

To address Gap 3, I synthesised the following research question, which is the focus

of Chapter 5:

Research Question 3

To what extent can DDPMs trained on adult brain tumour data generalise

to the paediatric domain, and how robust are the learned representations to

shifts in population and disease distribution?



Chapter 3

Latent diffusion model for 3D brain tu-

mour segmentation

Parts of this chapter have previously been published in the Proceedings of

the 23rd International Conference of Artificial Intelligence in Medicine. See

Publication 1 for more details.

This chapter introduces a novel patch-based latent diffusion model (LDM) for

3D weakly-supervised brain tumour segmentation, addressing the methodological

gaps outlined in Section 2.4.1. By operating in the latent space, the proposed LDM

markedly lowers the computational cost of the diffusion process, enabling the efficient

modelling and analysis of volumetric data. In addition, this compact representation

permits shorter diffusion sequences as a result of the feature-rich representation. To

further accelerate inference and facilitate stronger conditional edits in fewer diffusion

steps, a novel encoding strategy based on the exact diffusion inversion via coupled

transformations (EDICT) framework is employed. The entire chapter is focused

on demonstrating the proof-of-concept of a novel modular LDM framework, while

emphasising efficiency in resource-constrained segmentation tasks.

The chapter is structured as follows: Section 3.1 motivates the development of

a 3D-LDM and outlines the objectives of the chapter. Section 3.2 describes the

conceptualisation of the model framework, including the data processing pipeline

and the model architecture. This section utilises 2D natural images to verify that the
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core diffusion and denoising logic are sound and capable of reproducing established

benchmarks before the system is scaled. Section 3.3 subsequently extends the

framework to 3D volumetric medical data and weakly-supervised brain tumour

segmentation. The experimental results are presented in Section 3.4, including

various ablation experiments. The chapter concludes with a summary of outstanding

limitations in Section 3.5 and the components of the overarching contribution in

Section 3.6:

Contribution 1

Developed a patch-based LDM for efficient 3D weakly-supervised brain tu-

mour segmentation via anomaly detection, preserving volumetric context and

integrating a robust encoding strategy to improve anatomical fidelity.

3.1 Introduction

As highlighted in Section 2.4.1, the majority of approaches utilising denoising diffusion

probabilistic models (DDPMs) for weakly-supervised brain tumour segmentation

rely on 2D implementations, despite the increasing volumetric nature of tomographic

medical imaging data (Carrete et al., 2022; Villanueva-Meyer et al., 2017). This

chapter aims to address this limitation by introducing a novel 3D-LDM framework

for weakly-supervised brain tumour segmentation in magnetic resonance imaging

(MRI). The proposed approach investigates a patch-based strategy in combination

with the resource-efficient LDM to mitigate the computational requirements of

3D operations and enable the benefits of volumetric analysis. Furthermore, the

patch-based approach allows to extract healthy subregions from otherwise diseased

individuals as tumours are typically localised to specific areas of the brain. This

enables the utilisation of pseudo-healthy training data derived from the same cohort of

patients and alleviates the need for a separate healthy control group. To enhance the

segmentation performance, this chapter investigates the EDICT encoding mechanism

(see Section 2.3.6) as an alternative to the conventional denoising diffusion implicit

model (DDIM) mechanism (see Section 2.3.6). EDICT is designed to improve the
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capacity of the diffusion model to perform image edits through conditional sampling

by modifying the encoding mechanism of the reverse sampling process. The approach

has demonstrated strong performance in natural images, but its application to medical

imaging remains largely unexplored. As a result, this chapter evaluates its benefits

in the context of medical imaging and weakly-supervised brain tumour segmentation.

Lastly, the overarching focus of this chapter is to demonstrate the proof-of-concept

of a novel modular framework building on the theoretical foundations of DDPM

that allows seamless expansion for subsequent chapters. As a result, the chapter is

governed by the following two objectives:

Objective 1a: Modular model framework

Develop a modular framework for DDPM-based brain tumour segmentation,

enabling straightforward adaptation to varying dimensionalities, tasks, and

backbone architectures through reusable components.

Objective 1b: LDM for 3D segmentation

Develop a weakly-supervised LDM for efficient 3D brain tumour anomaly

detection, incorporating patch-based sampling and robust encoding to reduce

computational cost and mitigate reliance on external healthy data.

3.2 Conceptualisation of model framework

The initial focus is to establish a foundational model framework for weakly-supervised

brain tumour segmentation in MRI scans. This framework comprises two key

components: the data processing pipeline and the model architecture . The

framework is designed to be modular and adaptable to the specific requirements of

medical imaging data. The primary goal is to develop a functional pipeline that

can be systematically evaluated and validated, ensuring the successful integration

of all components. This approach provides a solid foundation for the incremental

expansion of the framework, allowing for seamless integration of advanced features
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LightningDataModule

Definition of transformations

torch.Dataset

torch.Dataloader
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(a) Data processing pipeline
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(b) Model architecture and training pipeline

Figure 3.1: Schematic overview of the data processing and model training pipelines.
(a) illustrates dataset composition, preprocessing transformations, and integration
with torch and pytorch lightning. (b) outlines the training and evaluation proce-
dures, following model definition and its associated components.
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and customised adaptations tailored to diverse applications within the medical

domain. An exact implementation of the framework and detailed descriptions of the

components are provided in Section A.1.

3.2.1 Data processing pipeline

The data processing pipeline is designed to address the specific challenges

of medical imaging data, ensuring efficient preparation for model training. Its

primary goals are to handle multi-sequence MRI volumes, apply domain-specific

preprocessing, and augment limited datasets through targeted transformations. The

pipeline standardises data formats, integrates optional patient-level information, and

extracts relevant spatial patches used during training. A key component is the patch

sampling mechanism, which selects balanced samples of healthy and pathological

regions to support the weakly-supervised learning framework (see Section 3.3.2). This

ensures that the model is exposed to diverse anatomical variations while maintaining

focus on lesion localisation. Augmentations are applied selectively to enhance data

diversity without compromising anatomical integrity. By leveraging modular, task-

specific transformations, the pipeline remains adaptable to different datasets and

problem formulations, providing a robust foundation for efficient training. The

backend for these operations is built on the torchio library (Pérez-Garćıa et al.,

2021), which offers a comprehensive suite of tools for medical image processing,

including loading, preprocessing, and augmentation functionalities tailored to 3D

medical imaging data.

3.2.2 Backbone model architecture and diffusion backend

The model architecture follows a modular U-Net design, optimised for learning

the reverse diffusion process necessary for healthy counterfactual generation (see Sec-

tion 2.3). It integrates convolution and attention layers to extract multi-scale features

essential for accurate reconstruction. Conditioning is incorporated via timestep and

class embeddings, enabling the model to guide the denoising trajectory with temporal
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and contextual information required for conditional sampling (see Section 2.3.6). The

diffusion backend complements this by defining the forward corruption process and

managing the reverse generative steps, abstracting the underlying diffusion mechanics

from the model’s learning objective. Together, these components form a cohesive

framework capable of learning probabilistic mappings from noisy inputs to clean

reconstructions, which is critical for effective anomaly detection in medical imaging.

3.2.3 Validation of model framework

Building on the framework described in the previous section, this experiment aims

to systematically evaluate each component using a well-established backbone ar-

chitecture and dataset. The goal is to replicate the original findings of Ho et al.

(2020) within the proposed modular framework to validate its capacity for proba-

bility density estimation in natural images. This initial focus on 2D benchmarks

provides a computationally efficient environment to verify that the core diffusion and

denoising logic are sound. By confirming that the implementation can reproduce

established results on natural images, the framework’s reliability is established before

transitioning to the 3D medical domain, where the increased dimensionality and data

complexity make such iterative verification substantially less feasible. A successful

replication serves as a functional verification of the implementation and supports the

framework’s reproducibility, laying the groundwork for its subsequent extension to

the medical domain.

Dataset

The CIFAR-10 dataset (Krizhevsky & Hinton, 2009), consisting of 60,000 natural

images across 10 distinct classes, is utilised for this preliminary proof of concept.

It was chosen as it facilitates direct comparison to the results of Ho et al. (2020),

Nichol and Dhariwal (2021), and Rombach et al. (2022), while being compact and

resource-efficient, with image sizes of 32 × 32. This enables rapid identification

of errors in the processing pipeline and facilitates quick iterations on the model

architecture.
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The pre-defined training split of 50,000 images is utilised for training and validation,

with the images normalised to [−1, 1] following standard procedure. During training,

the images are augmented with random horizontal flips. The preprocessing pipeline

follows the same steps as the original implementations but integrates the new data

processing pipeline fundamentally designed for medical imaging data.

Model architecture and evaluation

The model architecture is implemented based on the configuration established by Ho

et al. (2020). This includes a modular U-Net backbone architecture with 4 layers, 2

residual blocks per layer, and attention layers at a spatial resolution of 16 × 16. The

diffusion process employs T = 1000 timesteps, with the variance βt increasing linearly

within the interval βt ∈ [0.0004, 0.02]. The model is evaluated using the Fréchet

inception distance (FID) score (see Section 2.1.2) by comparing 50,000 artificially

generated samples using the fully trained network with the real samples of the training

dataset. To streamline the application, torchmetrics (Detlefsen et al., 2022) is

used, which is a PyTorch-based library for computing various evaluation metrics,

including FID. This library is designed to be modular and extensible, allowing for

easy integration into existing pytorch-lightning pipelines.

Experimental results

After several iterations, the final model achieves an FID score of 5.14, which is

marginally higher than the value of 3.17 reported by Ho et al. (2020). This discrepancy

is likely due to a reduced training duration and a manually adjusted batch size,

which may have decreased intra-batch variance. Furthermore, subtle differences in

post-processing pipelines across evaluation frameworks can influence FID scores,

particularly due to aliasing artefacts introduced during resizing operations (Borji,

2022). As the present framework employs torchmetrics, which builds upon PyTorch,

a direct comparison with the TensorFlow-based implementation used by Ho et al.

(2020) is not conclusive. Nonetheless, both the FID score and the generated samples

illustrated in Fig. 3.2 indicate high visual fidelity. Given the small discrepancy
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1
Figure 3.2: Procedural generation of artificial CIFAR-10 samples across training
progression. Samples are arranged in reading order, illustrating the gradual improve-
ment in visual fidelity as training advances. This indicates with successful diffusion
model convergence.

and the strong perceptual quality, it can be concluded that the model performs

effectively. This success spans the entire pipeline, from data preprocessing (including

normalisation, batching, and buffering) to the model architecture and the diffusion-

based training and sampling procedure. The results validate the correctness of the

implementation and establish a robust foundation for future extensions to the medical

imaging domain.

3.3 Medical LDM framework for 3D brain tumour seg-

mentation

Following the successful validation of the model including data processing pipeline

and parts of the evaluation process, the next step is to extend the model to 3D

anomaly detection. This includes to adapt the data pipeline to volumetric medical

imaging data, adapt the backbone model architecture, and shift the objective from
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Figure 3.3: Overview of the 3D-LDM framework. The model generates a healthy
counterfactual for the input patch pij (green), which is used to compute the anomaly
map for segmentation. The architecture consists of a first-stage model (red), com-
prising an encoder E and decoder D, and the DDPM (blue) operating in the latent
space of the first stage. Adapted with permission from Loesch et al. (2025).

probability density estimation for sample generation to weakly-supervised brain

tumour segmentation during inference.

3.3.1 Enabling 3D by transitioning to latent representations

The first part of Contribution 1 aimed to address the challenges outlined in Sec-

tion 2.4.1 is the development of a novel weakly-supervised segmentation model

to mitigate the computational complexity of 3D image analysis. The recently in-

troduced LDM (Rombach et al., 2022) offers a promising solution by mapping

high-dimensional input data to a lower-dimensional latent space. The standard

diffusion process (Fig. 3.3, blue components) is encapsulated in a trainable first-stage

model based on an autoencoder (AE) (Fig. 3.3, red components), which compresses

the input data into a lower-dimensional latent space. This facilitates efficient proba-

bility density estimation with the DDPM on the compressed data. By adjusting the

compression factor, determined by the number of downsampling layers (depth) of

the first-stage model, the dimensionality of the input data is substantially reduced.

This enables the use of computationally demanding components, such as attention

mechanisms, in 3D. The information content within the latent space is controlled

via regularisation, which helps balance the trade-off between information retention
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Figure 3.4: Healthy patch extraction from a diseased volume. Patches are sampled
from regions defined as healthy based on their distance to the nearest lesion (green).
Sampling probability increases with distance, visualised as a colour gradient from blue
(low) to red (high). To avoid sampling near the volume boundaries, the probability
map is offset by the patch size, indicated by black bars around the map.

and compression. However, this requires careful adaptation to ensure that essential

details are not blocked by excessive regularisation or insufficient compression leaking

too much information (see Section 2.3.2).

The LDM framework has demonstrated strong capabilities in high-quality medical

image generation while offering substantial reductions in computational cost. These

characteristics make LDMs a promising candidate for weakly-supervised anomaly

detection, particularly in 3D imaging domains where efficiency constraints are preva-

lent. Building on these advantages, this chapter investigates the application of

LDMs for weakly-supervised brain tumour segmentation in 3D MRI scans. Detailed

implementation details and experimental results are provided in Section 3.4.

3.3.2 Healthy patch extraction and positional embedding

Implicitly included in Contribution 1 is addressing the challenge of extracting healthy

volumetric regions from diseased individuals for 3D anomaly detection with DDPMs,

which require examples of healthy anatomy to guide the model in identifying and

localising anomalies (see Section 2.3.6). This work introduces a novel patch-based

approach that enables the construction of pseudo-healthy datasets directly from

diseased individuals. The underlying hypothesis is that, due to the typically localised

nature of brain tumours, spatially distant regions remain anatomically unaffected and
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can serve as valid substitutes for healthy tissue. This eliminates the need for external

healthy control groups with identical MRI sequences, thereby avoiding additional

data collection and ethics approvals.

Hypothesis

Tumour-induced deformation diminishes with distance, better approximating

healthy brain regions.

In doing so, the method extends conventional 2D slice-based sample extraction

to 3D while maintaining cohort consistency. Furthermore, the patch-based strategy

substantially reduces the computational burden of 3D operations by restricting

processing to small, localised subvolumes.

Detailed patch sampling procedure

Given an individual i from the brain tumor segmentation (BraTS) dataset, each MRI

sequence is represented as a volume xi ∈ RW×H×D, where W , H, and D denote the

spatial dimensions. The sampling strategy selects centroids within this volume for

patches pi ∈ Rw×h×d, with w < W, h < H, d < D. The sampler uses a probability

map that assigns each voxel a likelihood of being chosen in the current iteration.

Since the anomaly-detection efficiency of DDPMs improves when trained on both

healthy and diseased data (Sanchez et al., 2022), distinct sampling probabilities are

assigned to healthy and diseased patch centroids.

For healthy patches, the sampling probability is determined by the distance to

the nearest lesion, computed via the Euclidean distance to the surface of the binary

lesion mask (see Fig. 3.4). Centroids farther are linearly assigned higher probabilities

(gradient from blue to red in Fig. 3.4), reflecting the assumption that brain tumours

primarily affect tissue in their vicinity, while distant regions may retain partially

accurate characteristics due to brain tissue plasticity. This assumption is supported

by the findings of Prasanna et al. (2019) and Subramanian et al. (2023), which

demonstrate decreasing deformation severity with increasing distance to the lesion,

but will be investigated separately in Section 3.4.5. To ensure no diseased patches
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fall within the healthy subset, the distance map is offset by the norm of the patch

dimensions. Diseased patches, on the other hand, are sampled with equal probability

from the remaining regions.

The patch size w×h×d dictates the spatial context accessible to the model during

training and influences the number of patches available per subject, particularly

for the healthy split. Smaller patches facilitate sampling from a broader range of

healthy regions but at the expense of reduced global context available to the model

during training. Conversely, larger patches provide greater spatial context but may

limit the availability of healthy subvolumes without lesion contamination. Balancing

these considerations is critical to ensure an optimal trade-off between healthy patch

availability and the spatial context provided to the model. Given that larger spatial

contexts are generally preferred in related studies (Amian & Soltaninejad, 2020;

Z. Jiang et al., 2020; Y. Zhang et al., 2021), the maximum patch size is determined

individually for each subject, accounting for tumour size and spatial distribution

within the fixed image dimensions. For the BraTS 2023 dataset, the maximum patch

size is set to 643 due to the following reasons:

Justification of patch size

• balancing the need for sufficient anatomical context with the requirement

to sample healthy patches across a diverse cohort

• ensuring compatibility with power-of-two downsampling architectures,

• supporting multi-scale feature extraction, and

• maximising subject variability by accommodating cases with limited

healthy regions.

While some individuals would permit larger patch sizes due to lesion localisation

near volume edges, a generalisable approach necessitates a trade-off between context

size and sampling consistency across subjects.

Patch-based sampling facilitates the efficient processing of high-resolution 3D vol-

umes by subdividing them into localised regions. However, this approach introduces

a notable limitation: the loss of spatial context across patches, which may
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impair the model’s ability to capture intra-slice coherence and inter-

patch dependencies critical for volumetric analysis. To mitigate this issue,

a position embedding (PE) scheme is introduced to explicitly encode the spatial

location of each patch within the volumetric structure. This encoding provides a

mechanism for the model to infer the relative position of patches, thereby preserving

spatial context and enhancing the representation of global anatomical structures.

This work re-utilises the timestep embedding formulation of Eq. (2.28) to encode

the spatial position of each patch instead of complex embedding strategies:

PE(pos, 2n) = sin
( pos

100002n/d

)
PE(pos, 2n+ 1) = cos

( pos

100002n/d

)
(3.1)

The index i represents the position within the embedding dimension d, alternating

between sine and cosine functions to capture different frequency patterns. This

allows the model to distinguish spatial positions across dimensions. For each patch,

the position pos refers to its starting coordinates in the three spatial dimensions.

To create the final PE, the positional encodings of these three coordinates are

concatenated and passed through a learnable embedding layer. This embedding

layer maps the positional information into a feature space of size dout. The learnable

PE help the model understand each patch’s location within the volume and adjust

for spatial context, even when starting positions are similar. The final positional

embedding is combined with the timestep and class embeddings (see Sections 2.3.1

and 2.3.3), providing spatial and temporal information for estimating the input

data’s probability density.

Finally, the patch-based training strategy helps mitigate the computational cost

of 3D operations. By subdividing large 3D medical volumes into smaller, localised

patches, the memory and processing requirements are substantially reduced. For

example, with the BraTS dataset having a spatial dimension of 240 × 240× 155, a

patch size of 643 reduces the spatial resolution by a factor of approximately 34. This
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Table 3.1: Parameter configurations used for investigating the first-stage model.

PE None Sinusoidal

Codebook configuration A B C A B

Hidden channels 64 64 128 64 64

Codebook embedding dimension 8 16 32 8 16

Codebook codes 16384 8192 16384 16384 8192

Residual blocks 1 1 4 1 1

Batch size 8

Commitment loss weight 0.25

Channel factor [2, 4]

Discriminator channels 64

Discriminator layers 3

Discriminator loss Hinge

Dropout rate 0.0

EMA decay 0.9

Learning rate 3× 10−5

reduction allows for more efficient use of 3D convolutions and attention layers while

maintaining manageable computational demands.

3.3.3 First-stage model investigation

The quality of the latent space is critical for the performance of LDMs, as it directly

influences the model’s ability to learn efficient and informative representations

(Graham et al., 2023; Pinaya, Graham, et al., 2022; Rombach et al., 2022). As

outlined in Section 2.3.2, 3D-autoencoder with vector quantisation regularisation

(VQAE) have demonstrated strong capabilities for compressing and encoding high-

dimensional medical imaging data. However, the specific configuration of the latent

space, particularly the structure of the vector quantisation (VQ) layer and the

number of learnable parameters, requires careful adaptation to the target task. The

focus of this section is to systematically investigate how its core components can

be fine-tuned for weakly-supervised brain tumour segmentation. In this context,
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a 3D-VQAE with adversarial training is evaluated across different configurations

to identify the optimal balance between compression efficiency and reconstruction

quality. The goal is to ensure that the latent space retains essential anatomical

features while minimising information loss during the encoding process. Due to the

structural equivalence between the 3D-VQAE and a 3D-vector quantized generative

adversarial network (VQ-GAN) model, the latter terminology is adopted throughout

this chapter for consistency. The following configurations are evaluated with detailed

descriptions provided in Table 3.1:

• Configuration A: VQ codebook with size of 8× 16384 with 64 hidden channels

and 1 residual block per layer

• Configuration B: VQ codebook with size of 16 × 8192 with 64 hidden channels

and 1 residual block per layer

• Configuration C: VQ codebook with size of 32×16384 with 128 hidden channels

and 4 residual blocks per layer

The configurations are selected to investigated the influence of the codebook

size and the required complexity of the model for sufficient compression. Two key

aspects of the selected configurations are particularly noteworthy: (1) the choice

of the compression factor, and (2) the absence of Configuration C for sinusoidal

PE. Firstly, the compression factor is a critical parameter that determines both the

dimensionality of the latent space and the quality of the compressed representation.

A higher compression factor results in a more compact latent space, which can lead to

substantial information loss and impaired reconstruction quality. Conversely, a lower

compression factor preserves more spatial and contextual information but increases

the computational complexity of the model. For DDPMs, the compression factor

directly influences the residual spatial dimensions in the latent space, and limits

the depth of the backbone U-Net by constraining the number of layers. To balance

information retention and computational feasibility, this study adopts a compression

factor of 2, ensuring sufficient spatial dimensionality to facilitate deeper architectural

configurations in the diffusion process given the comparatively “small” maximal

patch size of 643. This choice is conceptually supported by Khader et al. (2023)
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and Rombach et al. (2022), who found that a compression factor of 4 was sufficient

for models with a spatial resolution of 2562. Given the lower spatial resolution per

dimension in this work, a compression factor of 2 mitigates computational complexity

while maintaining a rich feature representation in the latent space, thus facilitating

high-quality reconstructions for the subsequent diffusion process.

Secondly, the absence of configuration C for sinusoidal PE is due to the iterative

nature of the investigation and the negligible performance increase observed in the

already minimal reconstruction error without PE, as shown in Tables A.1 and A.2.

As a result, the configuration was not further investigated with sinusoidal PE.

Each configuration is trained using the 80% training split of the BraTS 2023

dataset, with the remaining 20% reserved for validation and testing split equally.

The test set is utilised for the final evaluation and consists of 125 subjects. To utilise

the first-stage model for the subsequent LDM, the same patch size of 643 is utilised,

with random extraction of healthy and diseased locations from the volume.

The reconstruction quality is assessed through the maximum L1 and L2 errors

across the entire 3D volume of each individual. To investigate outliers, the 95-th and

99-th percentiles of the reconstruction errors are computed, and the corresponding

volumes are visually inspected (see Fig. 3.5). To summarise the metrics across the

entire test set, the mean of each metric is calculated and shown in Tables A.1 to A.2.

Codebook size

The analysis of configurations without PE indicates minimal differences in reconstruc-

tion error across MRI sequences and codebook sizes. Configuration A consistently

achieves the lowest L1 and L2 reconstruction errors across all sequences with the

exception of the L2 error for T2-fluid attenuated inversion recovery (T2-FLAIR). In

contrast, Configuration B, which doubles the embedding dimension while halving

the number of distinct codes, exhibits a slight decrease in performance, as reflected

by marginally elevated maximum L1 and L2 errors. Configuration C, featuring the

largest codebook size and parameter count shows generally the worst performance

across all tested sequences and configurations. The elevated reconstruction errors
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Figure 3.5: Reconstruction differences for the first-stage model across various config-
urations. Columns correspond to different MRI sequences, ordered as follows: T1ce,
T1w, T2-FLAIR, and T2w. The top three rows display models without PE, while the
bottom two include sinusoidal PE. (c) shows the absolute reconstruction differences:
white regions indicate low reconstruction error, black regions indicate high error.
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in Configuration C are likely the result of overfitting, leading to Configuration C’s

exclusion from further testing with PE.

The limited reconstruction error and numerical differences between each configura-

tion are consistent with the visual results shown in Fig. 3.5. The reconstructed images

exhibit high fidelity and minimal differences across configurations. The reconstruc-

tion differences appear to be the most prominent around edges with high contrast

differences between pixels, which appears to be consistent across all configurations.

Positional embedding

Incorporating sinusoidal PE does not significantly affect reconstruction performance

(p > 0.05) across sequences for either L1 or L2, as expected. While PE does not

improve first-stage reconstruction quality, it may provide contextual information

beneficial for the subsequent diffusion process in latent space. Configuration B yields

slightly lower maximum errors, indicating better suppression of extreme outliers,

whereas Configuration A achieves marginally lower 99th-percentile errors. These

differences are minor, subject to inter-subject variability, with no clear superior

configuration emerging.

Similar to the effect of the codebook, PE appears to not express any visual

differences beyond the edge artefacts observed in the reconstructions. The visual

results are consistent across all configurations, with no discernible differences in the

quality of the reconstructed images.

In conclusion, numeric and visual results highlight that both bottleneck size

and PE only marginally influence the reconstruction performance of the first-stage

model in the tested configuration. However, too complex models may be prone

to overfitting and highlight the requirement of a careful parameter selection. All

configurations achieved good results with minimal reconstruction errors that suggest

a high-quality latent space. As a result, the model with Configuration A emerged

as the favourable design due to the generally superior performance, and simple and

lightweight architecture with minimal parameters.
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3.3.4 EDICT: alternative encoding mechanism

Contribution 1 also includes the evaluation of EDICT encoding as an alternative to

conventional DDIM-based encoding for weakly-supervised brain tumour segmentation.

As described in Section 2.3.6, conventional DDIM-based encoding approximates the

diffusion process by assuming linear noise transitions between successive timesteps.

This approximation often leads to poor reconstruction of unaltered regions and

degrades under stronger conditional edits, particularly for shorter diffusion trajecto-

ries. To address these limitations, EDICT encoding has been proposed as a more

robust alternative that preserves anatomical detail and supports high-fidelity visual

modifications. Although EDICT has demonstrated promising results in natural

image synthesis, its applicability to medical imaging, particularly in high-resolution

volumetric data, remains unexplored. This work evaluates EDICT encoding within

the proposed 3D-LDM framework, aiming to assess its impact on latent space quality

and its ability to facilitate accurate and anatomically correct generation in the

context of weakly-supervised brain tumour segmentation. Due to its potential of

reducing the required number of encoding steps during the healthy counterfactual

generation, EDICT addresses directly the computational demands outlined in Gap 1

in conjunction with the proposed patch-based 3D-LDM.

3.4 Experimental evaluation of the 3D-LDM

Following the detailed investigation of the first-stage model and the conceptualisation

of the healthy patch extraction and EDICT encoding mechanism, the 3D-LDM is

trained and evaluated on the state-of-the-art dataset for brain tumour segmentation.

This constitutes the proof of concept for the 3D-LDM for weakly-supervised brain

tumour segmentation. As a result, the evaluation focuses on the potential benefits

of 3D operations, while mitigating computational complexity using the patch-based

LDM. In addition, the evaluation investigates the EDICT encoding mechanism for

efficient healthy counterfactual generation in the context of medical images for the

first time.
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3.4.1 Dataset, preprocessing and evaluation

The dataset for this study is provided by the 2023 BraTS challenge (see Section 2.1.1)

as it contains the largest and most diverse collection of brain tumour patients. The

training set contains 1251 adult study subjects, each consisting of four MRI sequences:

T1-weighted (T1w), T1 contrast-enhanced (T1ce), T2-weighted (T2w), and T2-FLAIR

(see Section 2.1.1). The dataset is partitioned into training, validation, and testing

subsets using an 80/10/10 split, respectively. Each subject is assigned to exactly

one subset to ensure strict separation between splits and to avoid any data leakage

during evaluation. The validation set serves to monitor overfitting and was used to

find the optimal configuration (see Section 3.4.4), whereas the testing set is used

to assess the generalisation performance of the model on a separate set of unseen

data. Following standard procedure, each MRI sequence is normalised to [−1, 1].

Augmentations are restricted to horizontal flips with a probability of 50% per patch

during training. Since the task involves binary segmentation, i.e. detecting tumour

boundaries without distinguishing subregion composition, all tumour subregions are

merged into a single binary ground truth mask (see Section 2.1.1).

Patches are obtained using the novel healthy patch sampler described in Sec-

tion 3.3.2 during training and validation. The sampler allows to specify a probability

for healthy and diseased patches, which was set to 50% for both respectively. The

patch size was set to 643 due to reasons outlined in Section 3.3.2. During testing,

the healthy patch sampler is replaced by a sliding-window sampler, which allows

inference on the entire volume instead of random patches using a stride of 25% of

the patch size.

Following standard practice in segmentation-based approaches, the Dice similarity

coefficient (DSC) is used to evaluated the model’s performance (see Section 2.1.2).

In addition, the specificity was used or a more refined analysis of the false positive

predictions, which are critical to minimise for a robust and clinically-viable model.
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3.4.2 Model implementation details

As outlined in Section 3.3, the backbone U-Net architecture is inspired by the

implementation of Dhariwal and Nichol (2021) and Ho et al. (2020), and includes

the necessary adaptations to 3D. In addition, the novel positional embedding is

added to provide locational information to the LDM as part of the patch-based

training and inference process (see Section 3.3.2). The 3D-VQ-GAN validated in

Section 3.3.3 serves as the first-stage model to generate compact and feature-rich

latent representations. The model is pre-trained, and its parameters are fixed during

the training of the second-stage DDPM. The training of the DDPM involves label

embeddings and classifier-free guidance as outlined in Section 2.3.3, which facilitates

the generation of a healthy counterfactual during inference. The exact hyperparameter

configuration is detailed in Table 3.2 and includes the key parameters for both first-

and second-stage models, collectively referred to hereafter as the 3D-LDM.

To enable direct comparison with state-of-the-art methods, I used a linear noise

schedule with T = 1000 steps. LDM models typically employ fewer sampling steps

than traditional DDPMs due to the reduced complexity of the latent space, facilitating

faster sampling without compromising quality (Rombach et al., 2022). The model is

trained using the Adam optimiser with a learning rate of 2× 10−5 and early stopping

conditioned on the validation loss to prevent overfitting. The model is trained using a

single Nvidia Quadro RTX 6000 graphics card with 24 GB of memory, which imposes

limitations on the model’s complexity and the batch size used during training.

3.4.3 Anomaly map generation

The cornerstone of weakly-supervised segmentation with DDPMs is the computation

of an anomaly map highlighting areas with non-normal characteristics. This process

relies on the generation of healthy counterfactuals from the input tensor, as described

in Section 2.3.6, with the classifier strength C controlling the degree of conditional

guidance. Conditional sampling is applied exclusively during the generation phase,

while the encoding phase uses a null embedding L = ∅ to focus solely on anatomical
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Table 3.2: Hyperparameters of the 3D-LDM, composed of the 3D-VQ-GAN and
3D-DDPM, compared against the state-of-the-art 2D-DDPM.

Hyperparameter 3D-LDM 2D-DDPM

3D-VQ-GAN,
Configuration A (fixed)

Channel factor 2,4

-

Codebook 8× 16384

Discriminator channels 64

Discriminator layers 3

Discriminator loss hinge

Hidden channels 64

Pixel loss L1

Residual blocks 1

DDPM

Activation SiLU

Attention 8,16

Batch size 6

EMA decay 0.9999

Hidden channels 128

Noise schedule linear (T = 1000)

Residual blocks 4

Unconditional p 0.2

Channel factor 1,1,2,4 1,1,2,2,4,4

Learning rate 0.00002 0.0001

Patch size 643 2562

preservation (see Fig. 3.3) using N encoding steps. This approach ensures that the

latent representation captures the full anatomical context of the input, while the

generation phase allows for targeted modification towards a healthy appearance (see

Section 2.3.6).

To minimise the influence of reconstruction errors introduced by the first-stage

model, particularly in regions with high contrast differences (see Section 3.3.3), the

anomaly map is computed using the reconstructed input tensor as the reference

instead of the original input (Fig. 3.3). This ensures that discrepancies in the anomaly

map reflect genuine deviations from healthy anatomy rather than artefacts of lossy

compression (Section 3.4.3). Binarised predictions are derived via Otsu’s thresholding
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Table 3.3: Hyperparameters used in the grid search for the 3D-LDM with EDICT
encoding.

Hyperparameter Grid Search
Space

Description

Number of
encoding steps N

50, 100, 150, 200,
250

The encoding and decoding process
uses N steps for sampling, rather
than traversing the full T steps in
each direction.

Classifier-free
guidance scale C

0.0, 5.0, 10.0, 20.0 Strength of the classifier-free
guidance mechanism (see
Section 2.3.6 and Eq. (2.45))

Mixing weight ω 0.91, 0.93, 0.95,
0.97, 0.99

Weight of the stabilising layers in the
EDICT mechanism (see
Section 2.3.6).

Position embedding
(PE)

Sinusoidal, None PE used in the LDM for spatial
information

method (Otsu, 1979). To suppress isolated outliers and enhance spatial coherence,

the anomaly map is post-processed using a binary opening operation, which performs

erosion followed by dilation to smooth contours and eliminate small spurious regions.

3.4.4 Optimal sampling parameter selection

The evaluation is inherently lengthy due to the iterative nature of the diffusion

process, which requires encoding and decoding for each individual patch of the 3D

volume during inference. To manage this complexity, a grid search was conducted on

a small subset of the validation set, specifically restricted to five subjects to ensure

diversity. This approach allows for a reasonable exploration of the hyperparameter

space while avoiding exhaustive permutations. The validation set, being independent

from the training data and therefore having no influence on the parameters of the

model, provides unseen samples suitable for this task. The grid search focused on the

hyperparameters described in Table 3.3 due to their direct effect on the generated

healthy counterfactual, given the pre-trained 3D-LDM outlined in Section 3.4.2.
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The number of encoding steps N specifically determines the quality and information

content of the latent space encoding. The classifier-free guidance scale C controls

the features of the generated healthy sample. Given the novel configuration of

LDM with classifier-free guidance in 3D and an alternate encoding mechanism, a

reasonable range for the configuration had to be determined. Dhariwal and Nichol

(2021) demonstrated effective natural image manipulation using 250 steps and DDIM

encoding, whereas for medical imaging, the number of encoding steps typically falls

within N ∈ [400, 600], as reported in studies on 2D models (Behrendt et al., 2024;

Pinaya, Graham, et al., 2022; Sanchez et al., 2022; Wolleb et al., 2022; Wyatt et al.,

2022). Given the EDICT mechanism’s superior stability and efficiency but double the

inference time due to the affine coupling layers (ACLs) (see Section 2.3.6), the range

is adjusted to N ∈ [50, 250] to achieve a balance between efficiency and quality. The

classifier-free guidance scale C of the LDM is tested in the range {0.0, 5.0, 10.0, 20.0}

and is comparable to similar approaches without LDM (Sanchez et al., 2022), yet

substantially lower than classifier-guided sampling (Wolleb et al., 2022). This range

has been established during an explorative search during the development process,

indicating that C beyond 20.0 severely degrades the quality of the generated healthy

counterfactuals. It is important to mention that a classifier strength of C = 0

disables the classifier-free guidance but still allows the model to propagate label

information to residual blocks using the adaptive group normalisation, as described

in Sections 2.3.3 and 2.3.6. The mixing weight ω is a parameter exclusive to the

EDICT mechanism and stabilises the encoding process. Given the recommended

range by Wallace et al. (2023), we tested ω ∈ {0.91, 0.93, 0.95, 0.97, 0.99}. Lastly, all

experiments were conducted with sinusoidal PE as described in Section 3.3.2 and

compared against no PE to investigate the importance of spatial information in the

latent space. The choice of the PE is applied to both the first-stage and the diffusion

model to ensure consistency.
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Figure 3.6: Hyperparameter grid search for the 3D-LDM. The x-axis indicates
the number of encoding steps N , and the y-axis shows segmentation performance
measured by the DSC. Columns correspond to different classifier-free guidance scales
C, and rows represent different EDICT mixing weights ω. Line colours indicate the
type of PE used in each configuration.

Findings

The results of the grid search, summarised in Fig. 3.6, demonstrate that the model’s

performance is highly sensitive to all tested hyperparameters. Among these, the most

notable finding is the importance of PE for the patch-based 3D-LDM. Sinusoidal PE

consistently outperforms models without PE, with performance improvements of up



Chapter 3. 3D latent diffusion model 124

to 40%. This underscores the critical role of spatial information in the latent space

for the 3D-LDM and supports the hypothesis regarding the loss of spatial context

discussed in Section 3.3.2.

Furthermore, the interaction between the number of encoding steps N and the

mixing weight ω significantly impacts performance. For lower mixing weights (ω ∈

[0.91, 0.93, 0.95]), increasing N leads to notable performance degradation, regardless

of the classifier-free guidance scale C. Although this effect is less pronounced for

higher mixing weights, it remains evident. These findings are partially aligned with

Wallace et al. (2023), who reported optimal performance at ω ∈ 0.93, 0.97 for N = 50,

though our results indicate a slight shift toward higher mixing weights. Overall,

larger N tends to degrade model performance, likely due to information loss from

the increased noise introduced during encoding. These observations suggest that

EDICT performs well for lower N when combined with higher classifier strengths

but requires further evaluation on the full test set to confirm these trends.

The classifier-free guidance scale C also has a profound effect on performance.

With C = 0, the class embedding within the residual blocks is insufficient to generate

effective healthy counterfactuals, as reflected by lower DSC scores. An exception to

this trend occurs at ω = 0.99, where DSC scores improve for longer encoding steps

(N > 200), possibly because the subtle counterfactual generation effects become more

apparent with additional timesteps. However, in most cases, increasing C beyond

C = 10 leads to performance deterioration due to the introduction of artefacts. These

artefacts are consistently observed across all mixing weights and N , indicating that

the classifier-free guidance mechanism needs to be carefully managed to balance

counterfactual generation and preservation of image composition.

The optimal hyperparameter configuration was found to be N ∈ [50, 150], ω = 0.97,

C ∈ [5, 10], and sinusoidal PE. This setup yielded the best results among the tested

configurations and was selected for the final evaluation. To further investigate the

impact of absent classifier-guidance on artefact generation, the final evaluation also

includes a configuration with C = 0.
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3.4.5 Evaluation and comparison to state-of-the-art methods

Following the identification of the optimal hyperparameter configuration, the 3D-

LDM is evaluated on an independent test set to assess its segmentation performance.

A range of approaches were implemented to compare the 3D-LDM to the current

state-of-the-art in weakly-supervised brain image segmentation:

1. 3D-VQ-GAN (similar to 3D-VQAE; see Section 3.3.3),

2. transformer-based 2D-WS-MTST model (H. Chen et al., 2023),

3. 2D-class activation map (CAM) model (Z. Chen et al., 2022), and

4. 2D-DDPM with classifier-free guidance and DDIM encoding (Sanchez et al.,

2022; Wolleb et al., 2022).

To ensure a fair comparison between 2D and 3D models, the 2D models are trained

on individual axial slices. During inference, volumetric predictions are obtained by

sequentially predicting all axial slices using the 2D model.

The following sections present a series of experiments designed to evaluate key com-

ponents of the proposed framework. Section 3.4.5 reports the performance of baseline

methods, serving as a reference for subsequent comparisons. Section 3.4.5 explores

the transition from 2D to 3D processing and its impact on model performance. The

influence of EDICT encoding is examined in Section 3.4.5. Section 3.4.5 investigates

the effects of conditional sampling strength on artefact formation. Section 3.4.5

analyses the role of patch overlap in mitigating edge artefacts during patch-based

inference. Finally, Section 3.4.5 evaluates the hypothesis introduced in Section 3.3.2,

assessing whether the proposed distance-based sampling strategy enables the use of

a pseudo-healthy control.

Results of baselines methods

Baseline performances are presented first to establish a reference point, enabling a

clear and robust assessment of the proposed method.
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Table 3.4: Comparison of DSC scores across baseline methods and the proposed
3D-LDM configurations. Baselines include 2D-CAMa, 2D-WS-MTSTb, 3D-VQ-GAN,
and 2D-DDPM. The proposed 3D-LDM is evaluated with both DDIM and EDICT
sampling strategies. The best-performing results are shown in bold.

Model Encoding PE C
N

50 100 150

B
a
se
li
n
e

2D-CAMa - - - 0.3080

2D-WS-MTSTb - - - 0.3494

3D-VQ-GAN - - - 0.1863

2D-DDPM DDIM -

0 0.0946 0.1006 0.1063

5 0.0142 0.0232 0.0364

10 0.0160 0.0406 0.0630

P
ro

p
o
se
d 3D-LDM DDIM sin

0 0.0039 0.0280 0.0900

5 0.2033 0.2119 0.2106

10 0.2823 0.2414 0.1984

3D-LDM EDICT sin

0 0.0143 0.2318 0.2312

5 0.3614 0.4873 0.4025

10 0.3827 0.3970 0.2444

a(Z. Chen et al., 2022)
b(H. Chen et al., 2023)

3D-VQ-GAN: The 3D-VQ-GAN achieves a DSC of 0.1863, which is consistent

with values reported in the literature (Baur et al., 2021). This relatively low

performance is primarily attributed to the model’s ability to reconstruct abnormal

regions under the specific configuration used in this experiment. As highlighted

by Zimmerer et al. (2019), this behaviour is linked to the size of the latent space,

which influences the model’s capacity to encode relevant features. While VQAEs

can achieve high anomaly detection performance with manual fine-tuning, the size of

the latent space defined by the VQ in this experiment appears suboptimal.

Since the model was not explicitly tailored to the dataset and task to preserve

generalisability, the latent space permits to partially reconstruct the tumour region,

as illustrated in Fig. 3.7. This reduces the absolute intensity differences in areas with

differing distribution to the estimate healthy distribution, and amplifies the effect of

the lossy, yet minimal, compression (see Section 3.3.3). Consequently, the resulting
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their respective reconstructions or healthy counterfactuals, where applicable. As
C-CAM and WS-MTST are not reconstruction- or generation-based models, these
sequences are omitted. The final row presents the ground-truth annotation mask
(first column) followed by the anomaly maps produced by each model. Adapted with
permission from Loesch et al. (2025).

anomaly map exhibits high false-positive rates, capturing lesion boundaries but also

falsely detecting abnormalities in healthy regions, particularly along the brain gyri.

Non-generative weakly-supervised methods: In contrast to the reconstruction-

based 3D-VQ-GAN, the non-generative CAM model and its transformer-based

advancement, WS-MTST, train a classifier to detect the presence of a tumour

within an image, followed by the use of CAMs to visualise the spatial regions

most influential for the prediction. By combining the feature maps from the final

convolutional layer with the classifier’s weights for the tumour class, CAMs generate

heatmaps that highlight the most important areas, enhancing interpretability and
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tumour boundary localisation. As a refinement of CAM, WS-MTST typically yields

superior segmentation results, as evidenced by sharper tumour boundaries in Fig. 3.7.

The DSCs are 0.3494 for WS-MTST and 0.3080 for CAM. However, the quality

of the predictions remains constrained by the classifier’s dependence on tumour

feature detection, which is particularly challenging in weakly-supervised settings

due to the absence of precise labels. This is further exacerbated in the presence of

diffuse or small tumours, where the model may be able to estimate the core of the

tumour lesion but is limited in accurately localising the boundaries. Consequently,

the models exhibit high false-negative rates, missing tumour regions that are not

clearly defined, as shown in Fig. 3.7.

2D-DDPM: The 2D-DDPM with classifier-free guidance and DDIM encoding

achieves a best DSC of 0.1063 within the tested hyperparameter range, which is

markedly lower than values reported in the literature (Pinaya, Tudosiu, et al., 2022;

Sanchez et al., 2022; Wolleb et al., 2022). This discrepancy may result from (1) the

reduced number of encoding steps, (2) differences in evaluation methodologies, and

(3) variability in model architecture.

(1) Reduced number of encoding steps: Considering the doubling of inference

time introduced by the coupling layers in EDICT encoding compared to DDIM

encoding (Wallace et al., 2023), we investigated the use of a reduced number of

encoding steps to balance efficiency and segmentation performance. While DDIM

typically achieves optimal performance with encoding steps in the range of N ∈

[400, 600] (Behrendt et al., 2024; Pinaya, Graham, et al., 2022; Sanchez et al.,

2022; Wolleb et al., 2022; Wyatt et al., 2022), such a high step count becomes

computationally infeasible for EDICT due to its increased complexity. This limitation

is further compounded during 3D inference, where the processing time is directly

influenced by the patch size, which is itself restricted by hardware constraints. As a

result of the grid search (see Section 3.4.4), the optimal configuration for the 3D-LDM

with EDICT was found to be N ∈ [50, 150], emphasising faster inference times while

preserving model performance. The feasibility of this reduction is supported by
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literature indicating that EDICT can achieve substantial modifications and efficient

latent space traversal with as few as N = 50 steps, attributed to its advanced

encoding mechanism (Wallace et al., 2023). This reduction aligns with the goal

of designing a segmentation model optimised for real-world clinical applications,

where inference speed is critical. Additionally, the high efficiency of EDICT at low

step counts provides a unique advantage, enabling practical deployment without

sacrificing the model’s ability to capture intricate tumour boundaries or achieve

precise segmentations.

(2) Inconsistent evaluation methodologies: The evaluation methodologies

employed in prior studies differ from our approach, influencing the interpretation

of performance. For instance, Sanchez et al. (2022) conducted assessments on

lower-resolution images, reducing false positives by allowing the model to focus on

prominent features while disregarding fine details. Similarly, Wolleb et al. (2022)

restricted their evaluation to centrally located slices, minimising false positives in

peripheral regions with fewer foreground pixels, such as areas near the skull. Pinaya,

Tudosiu, et al. (2022) trained models on a different dataset and evaluated exclusively

on BraTS, limiting direct comparability.

In contrast, our approach incorporates all four MRI sequences from BraTS and

evaluates performance across entire 3D volumes, increasing complexity. To ensure

consistency between 2D and 3D evaluations, we applied a threshold calculated over

the aggregated 3D volume rather than using slice-wise thresholds for 2D models and

full-volume thresholds for 3D. While this standardisation enhances comparability, it

introduces additional challenges: specifically that errors during conditional sampling

in a single slice can elevate the decision boundary across the entire volume for 2D

models, increasing false negative rates. In regions with pronounced intensity contrasts,

these errors may simultaneously raise false positive rates, further complicating

segmentation reliability. Slices without brain tissue, typically found at the superior

and inferior extremes of the BraTS dataset, are particularly susceptible to such errors.

Even minor deviations can lead to substantial discrepancies, shifting the binarisation

threshold and impacting the final segmentation outcome.
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(3) Architectural variability: The application of DDPMs in weakly-supervised

learning has seen a growing number of novel publications. These methods typically

modify the base model architecture by incorporating innovations such as classifier-

free guidance or additional embeddings to improve performance. However, direct

comparisons between these approaches are rare, as they often benchmark against non-

DDPM baselines rather than one another. For classifier-guidance mechanisms, the

choice of classifier strength C plays a crucial role in performance, heavily influenced

by the conditioning mechanism employed - either classifier-free or classifier-guided

sampling (see Section 2.3.6). For instance, while Wolleb et al. (2022) report optimal

results using C = 100 for classifier-guided sampling, Sanchez et al. (2022) observed

peak performance with C = 3, highlighting its dependence on the number of

encoding steps N . Additionally, Sanchez et al. (2022) found that classifier-free

guidance, combined with their improved conditioning mechanism, outperformed

classifier-guided sampling.

Given the broad array of approaches and the absence of internal comparisons to

define their relative benefits, determining the optimal configuration for each scenario

remains challenging. Thus, adopting a standard configuration to obtain results and

enabling consistent internal comparisons across approaches is both practical and

justified. While this may not yield the best possible results for each method, it

ensures uniformity in evaluation. Consequently, the baseline results reported in

Section 3.4.5 retain their validity and significance in this context, serving as critical

reference points for assessing improvements in segmentation performance.

Increased dimensionality

This study employed for the first time a 3D-LDM for weakly-supervised brain

tumour segmentation to investigate the impact of increased dimensionality on model

performance (see Contribution 1). Comparing the 3D-LDM to the 2D-DDPM reveals

a substantial enhancement in performance with increasing dimensionality using the

DDIM encoding mechanism. The DSC score increases by over 20% for C > 0, while

the false positive rates do not show a consistent trend. The 2D approach occasionally
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achieves better results but exhibits greater variability across configurations. In

contrast, the 3D method demonstrates more stable and predictable behaviour, with

less fluctuation and comparable or superior performance in the best-performing

settings (Tables A.3 and 3.4).

These improvements can be attributed to two primary factors: (1) the latent space

compression introduced by the LDM, and (2) the increased dimensionality of the

3D model, which effectively leverages contextual information across subvolumes..

Firstly, the latent-space embedding removes low-information, high-frequency features,

enabling the subsequent DDPM layers to focus on the most relevant aspects of the

data for density estimation (Rombach et al., 2022). This aligns with findings in the

literature, which report comparable findings for 2D-LDM models (Pinaya, Graham,

et al., 2022), given the constraints outlined above.

Secondly, the enhanced performance of the 3D-LDM also stems from its ability

to integrate contextual information across subvolumes due to the increased dimen-

sionality (Avesta et al., 2023; X. Zhou et al., 2018). This capability is further

refined by the novel patch-based sampler, which implicitly constrains spatial context

to regions with similar features as part of the patch-based training process. By

extracting multiple subvolumes per image, this approach mitigates the common

limitation of reduced inter-sample variety in 3D models, preserving diversity across

training samples (Crespi et al., 2022). In addition, the 3D-LDM benefits from faster

convergence, likely due to its enhanced contextual integration (Avesta et al., 2023),

with the LDM compression stage further amplifying this effect.

Nevertheless, isolating the contributions of 3D operations from those of the LDM

remains challenging. The LDM compression stage is not only crucial for manag-

ing hardware constraints but also supports the training of more complex DDPM

architectures. Without this compression, the dimensionality and complexity of a 3D-

DDPM without first-stage model would need to be substantially reduced, rendering

direct comparisons with both 2D and 3D-DDPM approaches inherently biased. As

discussed in Section 3.4.5, the experimental configurations were selected to balance

computational feasibility and model complexity. Consequently, not all individual
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configurations reported in the literature (see Section 2.3.6) were explored. Instead, a

standardised configuration was adopted to ensure consistency across models, enabling

a more controlled and equitable comparison of performance.

In conclusion, the integration of 3D operations, latent-space compression, and

patch-based sampling markedly improves segmentation performance. The 3D-LDM

consistently surpasses the 2D-DDPM in DSC and exhibits more stable specificity

across configurations. It also achieves higher visual quality with effective lesion

removal (Fig. 3.7) and offers improved computational efficiency through latent-space

compression, resulting in substantially faster inference (Table A.4). These findings

highlight the benefits of adopting a patch-based 3D-LDM for weakly-supervised

brain tumour segmentation in suitable datasets, providing the first component of

Contribution 1 in this research.

Effects of EDICT encoding

The second part of Contribution 1 entails the investigation of the EDICT encoding

mechanism in the context of weakly-supervised brain tumour segmentation. As

shown in Table 3.4, EDICT encoding consistently outperforms DDIM encoding,

achieving an average DSC improvement of 15% across the tested configurations.

The most pronounced enhancement is observed for N = 100 and C = 5, where the

DSC reaches the maximum value of 0.4873. These results emphasise the superior

performance of EDICT, particularly for shorter encoding sequences, consistent with

findings reported for non-medical imaging data (Wallace et al., 2023).

A key advantage of EDICT lies in its ability to support stronger classifier-free

guidance over shorter sequences, enabling more substantial alterations to image re-

gions containing tumours. This enhanced control over the input tensor is particularly

effective for reducing outliers, as evidenced by a marked reduction in false-positive

predictions in background regions (see Fig. 3.7). This is reflected in an average

specificity increase of 0.04 for EDICT-encoded models compared to DDIM encoding.

Moderate levels of classifier-free guidance further amplify these benefits, resulting in

a 25% increase in DSC relative to C = 0.
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These findings are consistent with the results presented in Section 3.4.4, where

shorter encoding sequences and moderate classifier-free guidance yielded generally

superior performance. In contrast, increasing either parameter typically resulted in

performance degradation for the tested configurations. A notable deviation, however,

is the reduced improvement observed with C = 0 in this analysis, which does not

increase as substantially as reported in the grid search. This discrepancy is likely

attributable to the heightened complexity of the full test set, which introduces

additional variability compared to the validation set.

Furthermore, the optimal classifier strength for the 3D-LDM appears to be C = 5,

as increasing guidance scales beyond this threshold does not improve segmentation

accuracy. Higher classifier strengths introduce artefacts in the foreground, leading

to substantial alterations in the predicted anomaly map. This aligns with the

findings of 2D-DDPM by Sanchez et al. (2022), who reported that the optimal

classifier-free guidance strength is influenced by the number of encoding steps N ,

with C ∈ [3, 5]. However, direct comparisons remain challenging due to differences

in model architectures and encoding processes.

The inference times for EDICT are approximately twice as long as those for DDIMs,

as shown in Table A.4 since EDICT requires two forward passes to compute the

ACLs in Eq. (2.53). Despite this increase, each subject still requires approximately

10 minutes for prediction, underscoring the critical role of LDM in enabling efficient

3D processing by managing computational complexity. Notably, the shorter encod-

ing sequences facilitated by EDICT help mitigate prolonged inference times while

achieving performance comparable to DDIM models with 400-600 steps (Sanchez

et al., 2022; Wyatt et al., 2022), despite using configurations equivalent to only 200

DDIM steps.

Conditional sampling and the generation of artefacts

Despite the notable improvements in segmentation performance achieved by the

3D-LDM with EDICT encoding, the model remains susceptible to artefacts. These

artefacts primarily arise from the classifier-free guidance mechanism, which can
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Figure 3.8: Artefacts in the 3D-LDM as a function of classifier-free guidance strength
C, shown for a single subject from the BraTS 2023 dataset. Columns correspond to
different MRI sequences, with the final column displaying the resulting anomaly map.
The first row shows the input data, followed by the generated healthy counterfactuals
for each value of C.

introduce noise and distortions into the generated samples. The severity of these

artefacts is strongly correlated with the classifier-free guidance strength, with higher

guidance scales exacerbating the generation of artefacts (see Fig. 3.8). This issue

is particularly prominent in the background regions of the input volume, where

the model fails to accurately replace the original data with its generated healthy

counterpart due to insufficient anatomical context. Although lesion segmentation

is improved, the presence of background artefacts can considerably impair overall

performance by increasing the number of false positives.

To assess the effect of outlier predictions on model performance, an ablation

study was conducted, restricting the generation of healthy counterfactuals exclusively

to areas with brain tissue using the brain mask of the input data. The results,

summarised in Table 3.5, reveal a substantial improvement in DSCs across all tested

configurations. Notably, the 3D-LDM with DDIM encoding demonstrates substantial
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Table 3.5: Relative difference in DSC from the masked ablation study.

Model Encoding PE C
N

50 100 150

3D-LDM

DDIM sin

0 +29 +44 +46

5 +23 +31 +31

10 +8 +16 +18

EDICT sin

0 +6 +16 +27

5 +8 +4 +9

10 +0 +0 +8

benefits from this masking approach, with increases up to 46%. Interestingly, under

these conditions, DDIM surpasses EDICT encoding for the 3D-LDM, with a clear

trend of improving DSC as N increases. In addition, the best results are now obtained

without classifier-free guidance (C = 0) and relying solely on the adaptive group

normalisation layers in the residual blocks.

Despite the increase in DSCs using the masking approach, the visual results show

a slightly different picture. It is evident that the masking approach alleviates outliers

outside of brain tissue and allows to complete the brain tumour lesion due to the

shift in intensity thresholding. However, this comes at the cost of increasing outliers

within the brain tissue, as shown in Fig. 3.9. In addition, C = 0 does not show a

visible degree of healthification of the tumour region, despite the increase in DSC.

This suggests that adaptive group normalisation layers alone are insufficient to guide

the model towards generating healthy counterfactuals. As a result, tumour tissue is

not effectively removed, although minor changes may still be enough to trigger the

binarisation threshold.

Key findings of the masked ablation study

1. the importance of careful optimisation of hyperparameters,

2. the effectiveness of EDICT in mitigating outliers, and

3. the fragility of an intensity-based thresholding mechanism to calculate

the anomaly map.
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The interplay between the classifier strength C and the number of encoding steps N

requires careful adaptation to balance performance and artefact generation. While

higher classifier strengths improve segmentation accuracy under specific configura-

tions, they also introduce artefacts in other cases, destabilising the anomaly detection

framework. Similarly, the short encoding sequences facilitated faster inference but

required precise tuning to balance performance and artefact generation. The com-

parison of the results with and without masking of the healthy counterfactual also

reveals that EDICT encoding is increasingly superior to DDIM in balancing these

two factors due to the substantial reduction in outliers in the background regions.

Particularly the reduction in outliers is crucial for the fragile intensity-based thresh-

olding mechanism. Large intensity discrepancies between the input and generated

samples elevate the threshold to higher values, reducing true positives in other areas,

whilst increasing the prediction of false positives in these outlier regions. Specificity

differences between masked and unmasked configurations underscore this limitation,

reflecting the model’s sensitivity to artefact-induced noise. These findings suggest

to investigate more robust thresholding strategies to increase the robustness of the

approach.

The effect of patch overlap

To investigate the effect of patch overlap to mitigate edge artefacts, experiments with

0%, 25% and 50% of the patch size are conducted for the best model configuration

of the aforementioned experiment. This configuration utilised N = 100, C = 5 and

ω = 0.97 for the 3D-LDM with EDICT encoding as these were the best parameter

settings found earlier. As shown in Fig. 3.10, the results indicate that larger patch

overlaps improve the performance of the model, with a 50% overlap yielding the best

results. However, the improvements in segmentation accuracy do not scale linearly

with the computational cost. Whereas increasing the patch overlap from 0% to 25%

yields a 12% improvement in DSC at the cost of a 56% increase in inference time,
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Figure 3.9: Masked anomaly maps for a single subject on a central slice of the
volume. Each generated healthy counterfactual is masked using the input brain mask
to suppress background outliers. Columns represent different classifier guidance
strengths C, and rows correspond to varying numbers of encoding steps N . Each cell
(except the ground-truth “GT”) is divided into unmasked (left) and masked (right)
anomaly maps.
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Figure 3.10: Results for varying patch overlaps, expressed as a percentage of the
patch size. Increased overlap improves model performance at the cost of higher
computational demand (see Section 3.4.5). Results correspond to the best-performing
3D-LDM configuration reported in Table 3.4.

further increasing the overlap to 50% results in only a 4% DSC gain while inflating

inference time by 160%. To balance segmentation performance with computational

efficiency while ensuring sufficient coverage of volumetric permutations, I determined

that a 25% patch overlap is the optimal configuration, which is used throughout the

chapter, particularly for the experimental results section in Section 3.4. These results

only correspond to the best-performing setting and are subject to fluctuations in

improvement, whereas the increase in inference time remains consistently proportional

to the overlap.

Published approaches relying on patch-based training and sliding window inference

rarely test different configurations. The patch overlap percentage ranges from 10%

of the patch size (C. Wang et al., 2019) to 14% (Kao et al., 2020), but is generally

not a focus of the evaluation. The results of this study highlight the importance of

patch overlap in balancing segmentation performance and computational efficiency,

particularly in 3D models where the computational demands are markedly higher

than in 2D models. The findings underscore the necessity of carefully selecting the

patch overlap to ensure optimal performance while minimising computational costs,

particularly in real-world clinical applications where inference speed is critical.
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Table 3.6: DSC scores from the uniform sampler ablation study. The best-performing
model is shown in bold.

Model Encoding PE Sampling C
N

50 100 150

3D-LDM EDICT sin

distance

0 0.0143 0.2318 0.2312

5 0.3614 0.4873 0.4025

10 0.3827 0.3970 0.2444

uniform

0 0.0121 0.0022 0.0124

5 0.1600 0.1440 0.1283

10 0.2189 0.0939 0.1041

Importance of healthy sampler

To test the hypothesis from Section 3.3.2, I conducted an experiment to compare the

performance of the distance-based sampler with a uniform sampler. Specifically, this

experiment investigates whether distant regions from the tumour core indeed provide

“healthier” tissue, which is crucial for accurately modelling the the distribution of

healthy brain anatomy.

Instead of relying on a probability map related to the distance of the patch

centroid to the tumour, the uniform sampler selects patches randomly from the

entire volume, disregarding their proximity to the tumour. To reduce the number of

experiments necessary given the rather large hyperparameter space, the experiment

is conducted with the best-performing configuration of the 3D-LDM with EDICT

encoding of the previous experiments. Specifically, only the sampling configurations

with N ∈ [50, 100, 150] and C ∈ [0.0, 5.0, 10.0] were tested. With the exception of the

sampling strategy, the experiment utilises the same same data processing and model

architecture to facilitate an isolated comparison of the two sampling strategies.

As presented in Table 3.6, the distance-based sampler consistently outperforms

the uniform strategy across all tested configurations. Improvements in DSC scores

range from 10% to 35%, highlighting the effectiveness of the distance-aware sampling

approach. Notably, the best-performing configuration in Table 3.4, defined by N =
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100 and C = 5, yields a DSC of 0.4873 with the distance-based sampler, compared to

only 0.1440 using uniform sampling. These results support the underlying hypothesis:

voxels located further from the tumour core are less likely to be pathologically

affected and thus more likely to reflect intact, pseudo-healthy tissue. Sampling from

these regions provides “healthier” tissue, facilitating more accurate modelling of the

healthy brain distribution required for artificial healthy counterfactual generation.

3.5 Limitations

While the proposed 3D-LDM framework demonstrates substantial improvements

in weakly-supervised brain tumour segmentation, it is not without limitations.

Artefact generation during classifier-guided inference remains a critical challenge,

often manifesting in background or anatomically sparse regions and disrupting

the segmentation process. These artefacts amplify the fragility of intensity-based

thresholding mechanisms, shifting thresholds upward and resulting in false negatives.

Specificity differences between masked and unmasked configurations further highlight

the model’s sensitivity to artefact-induced noise, a limitation that, despite being

occasionally visible, is rarely acknowledged or addressed in previous studies.

The relationship between key parameters, including the number of encoding steps,

classifier strength, and guidance mechanism, is complex. Higher classifier strengths

improve accuracy in some settings but also increase the risk of artefact generation in

others, which reduces the stability of anomaly detection. Shorter encoding sequences

enable faster inference but require careful tuning to avoid performance degradation

and preserve artefact suppression. Finally, segmentation outcomes occasionally vary

between visually similar subjects, indicating limitations in model robustness and

reliability.

These issues may be further exacerbated in the detection of smaller lesions,

where the model’s sensitivity to outliers can lead to false positives and mask subtle

abnormalities. This requires an adaptation of the proposed approach to detect these

abnormalities more reliably (see Chapter 4). Secondly, the observed limitations
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raise the broader question of how well such models generalise; both in terms of

their ability to estimate probability densities via the DDPM, and their capacity to

encode fine-grained anatomical details during inference. This aspect is particularly

critical in data-scarce scenarios such as paediatric imaging, where training diversity is

inherently limited (see Chapter 5). Demonstrating robustness in such contexts would

support the framework’s adaptability and extend its applicability across clinically

diverse and low-resource settings.

3.6 Conclusion

This chapter described the development and evaluation of a novel 3D-LDM framework

for weakly-supervised brain tumour segmentation, addressing the first research gap

of this research project (see Gap 1). Specifically, I

• developed and validated a modular DDPM framework that integrates model

architecture, data handling, and evaluation protocols, demonstrating its cor-

rectness on both natural and medical image domains,

• introduced a novel 3D-LDM framework with a patch-based sampling strategy,

enabling efficient and scalable processing of high-resolution volumetric data for

medical image segmentation,

• demonstrated the advantages of 3D-LDMs over conventional 2D-DDPMs in

the context of weakly-supervised brain tumour segmentation,

• provided the first application and evaluation of EDICT encoding in volumet-

ric medical imaging, showing improved performance under short sampling

trajectories,

• systematically analysed artefact generation and assessed the robustness of the

proposed framework to outliers and conditioning noise, and

• identified and discussed key limitations of the framework, outlining directions

for future research and improvement.
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These efforts culminate in the following contribution:

Contribution 1

Developed a patch-based LDM for efficient 3D weakly-supervised brain tu-

mour segmentation via anomaly detection, preserving volumetric context and

integrating a robust encoding strategy to improve anatomical fidelity.

These findings directly influenced the direction of research of the following chapters,

focusing on the detection of small lesions in Chapter 4 and the investigation of the

generalisability of the proposed approach in Chapter 5.
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Chapter 4

Super-resolution latent diffusion model

for small lesion detection

Parts of this chapter have been submitted for review to “Medical Image

Analysis”. See Publication 2 for more details.

Building on the findings of the previous chapter, this chapter examines the capacity

of weakly-supervised denoising diffusion probabilistic models (DDPMs) to detect

small brain tumours. Particular attention is given to the ability of these models to

capture such fine-grained abnormalities and the extent to which super-resolution

(SR) influences segmentation performance. As such, it addresses the research gap

identified in Section 2.4.2.

The chapter starts with an introduction and problem formulation in Section 4.1.

Afterwards, the chapter is split into two main components: the synthetic generation

of small brain tumours in Section 4.3 and the detection of small lesions using SR

in Section 4.4. The chapter closes with a discussion of limitations of the approach

in Section 4.5 and a conclusion outlining the key findings and contributions in

Section 4.6.
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Figure 4.1: Visualisation of small lesions with a maximal diameter below 10 mm.
Each row corresponds to a different subject from the BraTS dataset, displaying a
representative 2D slice containing the lesion. The MRI sequences (columns) are
ordered as follows: T1ce, T1w, T2-FLAIR, and T2w. The final column shows the
ground-truth segmentation mask, with a red circle overlay highlighting the lesion
location.

4.1 Introduction and problem formulation

As outlined in Section 2.4.2, the reliable detection of small brain tumours requires

high-sensitivity imaging and precise segmentation capabilities. This challenge is

illustrated in Fig. 4.1, where lesions with a maximal diameter of less than 10 mm

exhibit limited visibility due to their small spatial footprint. Similarly, early-stage

brain tumours are inherently small and often manifest as subtle abnormalities that

are easily overlooked. Crucially, timely detection is essential to minimise long-term

neurological and developmental impairments, a need that is particularly pronounced

in paediatric populations (see Section 2.1.6). Despite the clinical significance, small

brain tumour detection remains challenging due to anatomical variability, dependence

on imaging protocols, and the scarcity of dedicated datasets. The shift towards weakly-

supervised brain tumour segmentation, as proposed throughout this research project,

alleviates the requirement for extensive manual annotation. However, this approach

may induce reduced performance due to the absence of pixel-level supervision in the

already challenging task of small lesion segmentation. To investigate the capacity of

DDPMs to detect small brain tumours, this chapter is conceptualised as two distinct

yet related components to address the governing research gap:
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Gap 2

The role of SR in enhancing weakly-supervised DDPM-based anomaly detection

remains underexplored, particularly with respect to its effect on sensitivity to

small or subtle brain tumours.

These two components comprise synthetic lesion generation and SR-based detection,

which are detailed in the following sections.

4.1.1 Synthetic generation of small brain tumours

The first component addresses the lack of a dedicated dataset for evaluating small

lesion detection performance in brain tumours within magnetic resonance imaging

(MRI) in Section 4.3. To overcome this limitation, the objective is to generate a syn-

thetic dataset comprising MRI scans of diseased individuals with precisely controlled

lesion characteristics. Synthetic generation enables systematic model evaluation

under well-defined conditions, removing the reliance on extensive data acquisition and

manual annotation. This approach allows exact validation of subsequent detection

models and provides a controlled setting to assess the influence of increased resolution

and fidelity on lesion delineation. Section 4.3 is therefore guided by the following

objective:

Objective 2a: Synthetic generation of small brain tumour dataset

Generate a synthetic MRI dataset with controlled small-lesion characteristics

to address the lack of dedicated benchmarks and enable systematic evaluation

of model sensitivity and lesion detectability.

This section was initially intended to reproduce established methods and generate

a dataset suitable for evaluating small brain tumours. However, the findings in

Section 4.3 highlighted clear limitations of these approaches, prompting a detailed in-

vestigation. This encompassed the role of the conditioning mechanism (Sections 4.3.2

to 4.3.5) and ultimately informed the architectural design of the proposed SR model

in Section 4.4. This investigation underpins the following contribution:
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Contribution 2

Developed and validated a DDPM-based model for the controlled synthesis of

size-specific brain tumour lesions in multi-sequence MRI.

4.1.2 Detection of small brain tumours using super-resolution

The second component repurposes the conditioning mechanism in Section 4.4 to

increase the resolution of MRI data with the aim of improving the detection of

small brain tumours. Specifically, the objective is to adapt the DDPM framework to

enhance the visibility of small lesions through SR techniques, and investigate the

impact of this enhancement on segmentation accuracy and robustness. The approach

is hereby designed as a two-stage process, where the first stage involves the increase

of spatial resolution and the removal of image artefacts, which is succeeded by the

conventional anomaly detection outlined in Section 2.3.6. This section builds on the

findings of Section 4.3 and is guided by the following objective:

Objective 2b: Super-resolution for small brain tumour detection

Investigate a DDPM-based SR model for enhancing resolution and fidelity in

weakly-supervised anomaly detection. Evaluate its impact on sensitivity and

segmentation performance, with a focus on small and subtle brain tumours.

The conditioning of DDPMs enables learnable SR of MRI scans, which is hypothe-

sised to improve the visibility of small lesions and enhance segmentation performance.

The precise role of SR in the context of weakly-supervised anomaly detection for

brain tumour segmentation remains insufficiently explored. This contribution directly

addresses Gap 2 by investigating the effectiveness of SR as a mechanism to increase

detection sensitivity and support accurate segmentation in the challenging setting of

subtle abnormalities:
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Contribution 3

Conducted the first systematic investigation of DDPM-based SR in weakly-

supervised anomaly detection, evaluating its impact on the detectability of

small brain tumours.

4.1.3 Important remarks

Building on the findings of Chapter 3, this chapter extends the previously introduced

weakly-supervised DDPM-based anomaly detection framework to the domain of small

brain tumour detection. It demonstrates how the same generative DDPM backbone

can be adapted to two distinct but interrelated tasks through simple modifications

to the conditioning signal: synthetic lesion generation, and lesion detection through

SR. This design choice highlights the versatility and modularity of DDPMs, where

altering only the conditional input enables a wide range of applications within a

unified framework.

Despite the findings of the preceding chapter demonstrating the advantages of 3D

modelling, this investigation is conducted in 2D. The decision is primarily driven

by the substantial computational cost and prolonged development times associated

with 3D implementations, which would hinder efficient experimentation. Additional

clinical factors further support the use of 2D. Most medical imaging data are

acquired and interpreted on a slice-wise basis, and high-quality co-registered 3D

volumes remain scarce (Martucci et al., 2023; Verburg & de Witt Hamer, 2021).

Moreover, the 2D design aligns with Response Evaluation Criteria in Solid Tumors

(RECIST) guidelines, which stipulate lesion measurements in the plane of acquisition

(see Section 2.1.6). These considerations establish 2D modelling as a pragmatic

foundation for exploring weakly-supervised generative methods in medical imaging,

while extensions to 3D remain a feasible direction for future work, as discussed in

Chapter 3.

Although exact diffusion inversion via coupled transformations (EDICT) achieved

superior and faster performance in Chapter 3, this chapter uses denoising diffusion

implicit model (DDIM)-based encoding and sampling in Section 4.4. This choice
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isolates the effect of SR, maintains consistency with existing 2D work, and enables

direct comparison. Introducing both SR and a novel encoding would confound the

analysis and require additional adaptation, whereas DDIM permits evaluation of SR

as a single controlled factor. To reduce artefacts near structural boundaries, masking

with the brain mask constrains the reconstruction to anatomically plausible regions.

Lastly, the terms small lesion and small brain tumour are used interchange-

ably in this chapter, unless stated otherwise, and follow the definitions provided in

Section 2.1.6.

4.2 Datasets and Preprocessing

This chapter utilises three distinct datasets, each serving a specific purpose in the

investigation of small lesion detection. These datasets are summarised below:

1. Full-size dataset (FD): used for training of the generative latent diffusion

model (LDM), and for training and evaluation of the lesion detection LDM.

2. Patch-based dataset (PD): used for training of the SR LDM.

3. Synthetic dataset (SD): used for evaluation of the lesion detection LDM

with small lesions.

All datasets are derived from the brain tumor segmentation (BraTS) dataset,

chosen for its size, diversity (1251 subjects), and the availability of ground-truth

segmentations. These segmentations enable the generation of lesion masks (see

Section 4.3) and support the evaluation of detection models (see Section 4.4). As

outlined in Section 4.1.3, the entire approach is designed in 2D to facilitate efficient

model iteration and reduced inference times. Consequently, each MRI of size 240 ×

240× 155 is sampled along the axial plane, yielding 155 slices of resolution 240× 240.

Each slice is normalised to [−1, 1] and augmented during training using horizontal

flipping with a probability of p = 0.5. Each dataset follows an 80/10/10 split for

training, validation, and testing, with the exception of the SD dataset, which is

exclusively used for evaluation using all generated samples.
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4.2.1 Specifics about each dataset

Full-size dataset (FD) In addition to the common preprocessing steps, each 2D

slice is padded to 256×256 using background pixel values. This ensures compatibility

with base-2 downsampling in the DDPM architecture.

Patch-based dataset (PD) To facilitate the training of the SR LDM, a patch-

based dataset is constructed to address architectural constraints at higher resolutions.

Each 240× 240 slice is upsampled by a factor of 2, producing 480 × 480 resolution

slices via bicubic interpolation. From these, patches of size 256 × 256 are extracted.

This approach satisfies both the spatial context requirements of the LDM and the

latent resolution constraints, with its rationale discussed in detail in Section 4.4.1.

Synthetic dataset (SD) The synthetic dataset of small brain tumours is gen-

erated as described in Section 4.3.5. Since the generative 2D-LDM is trained on

the FD dataset, the resulting synthetic samples are identical to the samples in FD,

except for the presence of small lesions. This ensures that the synthetic dataset

closely resembles real-world clinical variability, enabling the evaluation of small lesion

detection performance in subsequent experiments.

4.3 Generating small brain tumours

Important remark: Lesion diameter definition

In contrast to the definition in Section 2.1.6, this chapter defines lesion diameter

as the maximum extent along the two in-plane spatial axes within a given

axial slice (see Fig. 4.2a). This definition is applied consistently throughout

and further justified in Section 4.3.5.

To rigorously assess a model’s performance in segmenting brain tumours with

limited spatial extent, a dataset containing small lesions with corresponding ground-

truth annotations is essential for absolute performance quantification. However,
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Figure 4.2: Diameter calculation and distribution of lesion diameters. (a) illustrates
lesion diameter estimation as the maximum extent along the sagittal (ds) and frontal
(df ) axes within the transversal plane. (b) shows the absolute slice count per lesion
diameter in the BraTS dataset, measured along the transversal plane (vertical axis).
Red-shaded bars highlight lesions with a diameter below 10 mm.

the BraTS dataset includes only a limited number of axial slices depicting lesions

with diameters below 10 mm (see Fig. 4.2b). With the conventional 10% test split,

only 30-40 slices per lesion size would be available, which is insufficient for robust

statistical analysis. This scarcity is further exacerbated by the fact that these slices

often represent boundary regions of larger tumours rather than isolated small lesions,

limiting their utility for evaluating segmentation performance.

Addressing the scarcity of small brain tumour samples requires either the curation

of private datasets with suitable lesions or the use of generative models. The latter is

more practical, as it avoids costly sample collection and annotation while ensuring a

controlled evaluation environment. Furthermore, synthetic generation enables precise

control over lesion characteristics, facilitating systematic assessment of segmentation

performance across varying sizes and distributions, and produces data otherwise

unattainable.

Building on the generative framework in Chapter 3, this section investigates how

DDPMs can synthesise brain tumours of controlled size for systematic evaluation.

Emphasis is placed on the conditioning mechanism, which guides generation and

enables lesions with specific characteristics. Conditioning is performed using binary
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lesion masks (see Section 4.3.1), a simple yet effective approach. The aim is to

produce a dataset resembling clinical variability to support evaluation of small lesion

detection in subsequent experiments.

The remainder of this section is structured as follows: Section 4.3.1 introduces

the conditioning signal, dataset, and evaluation strategy. Section 4.3.2 details the

reproduction of Dorjsembe et al. (2024) and its limitations. Section 4.3.3 transitions to

LDMs for faster, more efficient convergence (see Chapter 3) and explores conditioning

strategies from Section 2.3.3. Finally, Section 4.3.5 evaluates the synthetic dataset

used in Section 4.4.

4.3.1 Structural conditioning for lesion generation

To investigate the generative modelling of small brain tumours, an appropriate

dataset and conditioning signal are required. This section outlines the dataset

preparation, preprocessing, and evaluation approach used to enable reliable small

lesion generation with DDPM. The investigated conditioning strategies are listed in

Table 4.1 and visualised in Fig. B.1.

Dataset for small brain tumour generation

The generative model is trained on the FD dataset introduced in Section 4.2, which

provides the required diversity and annotated cases for controlled sample synthesis.

Binary lesion masks are adopted as the conditioning signal due to their simplicity

and proven effectiveness in previous work (see Section 2.3.4). The multi-label ground-

truth mask of the BraTS dataset is binarised into a single tumour label and combined

with a binary brain mask, obtained through thresholding, to form the conditioning

input (see Fig. 4.3). The brain mask provides a coarse outline of brain morphology,

focusing sampling on the relevant region of interest and facilitating alignment across

the input MRI sequences. Both tumour label and brain mask are one-hot encoded

(see Fig. 4.3b), and supplied to the DDPM alongside the input MRI. This enables

the model to learn the relationship between the both signals and allows controlled
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(a) Input image (b) Conditioning mask

Figure 4.3: Example of binary lesion mask conditioning. The input image (a) and
corresponding binary lesion mask (b) used for conditioning. The mask is one-hot
encoded into a two-channel tensor: the first channel encodes the brain mask (left
column), and the second channel encodes the optional lesion mask (right column).
Modifying the lesion mask allows the model to generate images with controlled lesion
characteristics and brain morphology.

generation of specific brain tumour samples by modifying lesion footprint and location

within the conditioning mask during inference.

Although the use of ground-truth lesion masks in the generative process resembles

supervised learning, it is important to note that this supervision is employed solely for

data generation purposes. The conditioning masks are used to guide the synthesis of

anatomically plausible lesions within the DDPM framework, enabling the construction

of a controlled dataset. Crucially, the downstream detection model of Section 4.4

remains weakly-supervised and does not utilise any of these fine-grained lesion labels

during training.

Evaluation of generative approach

The evaluation of the generative DDPM comprises both quantitative analysis and

qualitative inspection for the conditioning strategies outlined in Table 4.1 and
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Table 4.1: Model configurations for investigating small lesion generation with DDPMs.
“Image” and “Latent” denote the feature space of the respective conditioning signal.

Configuration MRI
sequences

Conditioning
signal

Conditioning
type

Configuration G1 a Image Image Concatenation

Configuration G2 Latent Image Cross-attention

Configuration G3
Latent Latent

Concatenation

Configuration G4 Structural encoder

aReproduction of Dorjsembe et al. (2024)

visualised in Fig. B.1. For the quantitative part, 10,000 samples were generated and

assessed using a standard suite of image similarity and perceptual quality metrics.

This number balances statistical robustness with the considerable computational cost

of diffusion-based generation, ensuring a representative yet tractable evaluation. The

chosen metrics offer complementary perspectives: peak signal-to-noise ratio (PSNR)

and structural similarity index (SSIM) capture pixel-level and structural similarity,

multi-scale structural similarity index (MS-SSIM) extends this across multiple scales,

and learned perceptual image patch similarity (LPIPS) measures perceptual similarity

from deep feature activations. In addition, the Fréchet autoencoder distance (FAD)

is employed, leveraging a pre-trained autoencoder (AE) trained on the BraTS dataset

as a domain-specific alternative to the Inception features used in Fréchet inception

distance (FID). To complement the quantitative results, representative samples

are visually inspected to assess anatomical coherence, artefact presence, and the

preservation of tumour-related features.

4.3.2 Concatenation of structural information

The initial method, denoted as Configuration G1, incorporates channel-wise concate-

nation of the one-hot encoded binary lesion mask M (described in Section 4.3.1)

with the four complementary MRI sequences. Consequently, the conditioning mecha-

nism’s encoder is formulated as τϕ(M ) = concat [xt,M ], providing the DDPM with
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(a) Conditioning (b) Generated samples

(c) Reference sample

Figure 4.4: Generated brain images using non-latent space concatenation for con-
ditioning. (a) shows the one-hot encoded brain mask (left column) and optional
lesion target (right column) used as conditioning input. (b) displays the resulting
synthetic samples, with real-world references shown in Fig. 4.4c. Rows correspond to
different 2D slices from individual subjects. Columns in (b) and (c) correspond to
MRI sequences ordered as follows: T1ce, T1w, T2-FLAIR, and T2w.
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direct access to the conditioning signal and enabling the synthesis of lesions with

distinct brain morphology and lesion characteristics. Notably, Dorjsembe et al. (2024)

adapted the 2D model originally proposed by Dhariwal and Nichol (2021) for 3D

data generation, employing only 250 diffusion steps. While this reduction accelerates

inference, it typically increases reconstruction difficulty due to the higher per-step

noise contribution. In contrast, the approach developed in this thesis retains the

original architectural formulation of Dhariwal and Nichol (2021) and Rombach et al.

(2022) in 2D, and extends it with a conditioning mechanism tailored to the task. To

ensure high-quality sample generation and maintain stability, I decided to use a longer

diffusion sequence of T = 1000 steps. This choice reflects a prioritisation of fidelity

and robustness in training and sampling over runtime. The exact hyperparameter

configuration is shown in Table B.1.

As depicted in Fig. 4.4, the generated samples exhibit poor quality and limited

resemblance to real lesions. This highlights major challenges in synthesising high-

quality data required for the subsequent task of detecting small brain tumours. While

the generated samples roughly follow the brain shape provided as the first channel

of the conditioning, they are plagued by large noise contributions, severe contrast

mismatches, and an inability to resemble the human brain structure on MRI. The

T1 contrast-enhanced (T1ce) sample (first column) in the second row of Fig. 4.4

represents an exception, as it somewhat resembles a brain structure with adequate

contrast, though no lesion is visible in the desired location.

Despite attempts to improve the results by altering model complexity, prolonging

training, and implementing learning rate scheduling, along with a thorough review

of both my code and the publicly available code of Dorjsembe et al. (2024)1, no

notable improvements in sample quality were observed. However, this investigation

highlighted several factors that may contribute to the observed results, including,

but not limited to, the following:

1. (Potentially) reduced spatial context of 2D model compared to 3D model,

limiting the model’s ability to learn the spatial distribution of lesions across

multiple planes.
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2. Highly specific and unstable training process with poor sample quality as

reported on the public repository2 of Dorjsembe et al. (2024), suggesting

overfitting and limited robustness of the sampling process.

3. Mismatch between model capacity and dataset composition, and (potentially)

insufficient conditioning mechanism to capture the complex relationships be-

tween brain structures and lesions.

Firstly, the adaptation of the approach to a 2D model may have limited the

model’s ability to learn the spatial distribution of lesions across multiple planes,

potentially hindering the learning process. In particular, the reduction in spatial

context richness could have made it difficult for the model to capture the complex

relationships between brain structures and lesions (Jung et al., 2021; Q. Zhou & Zou,

2022). However, this limitation primarily applies to the generation of 3D continuous

volumes, with existing studies indicating that 2D slices still produce excellent results

for various conditioning signals and datasets (Bhattacharya et al., 2025; Jung et al.,

2021; Konz et al., 2024; Q. Zhou & Zou, 2022).

Secondly, the highly specific training process described by Dorjsembe et al. (2024),

together with an unclear subject selection strategy, may have led to overfitting on

a subset of the BraTS dataset and limited generalisation. The authors manually

selected 193 subjects from the 2021 BraTS challenge but gave no details beyond

choosing “high-quality images where all modalities have no distortions or artefacts”

(Dorjsembe et al., 2024). This lack of clarity impedes reproducibility and raises

concerns about representativeness. The subset may fail to capture the full anatomical

and pathological variability of the dataset, reducing robustness on unseen cases,

particularly with different imaging artefacts or anatomical variations. Reviews of

their public repository1 further report unstable training and poor sample quality,

suggesting the method may not be sufficiently robust for generalised lesion generation.

In addition to these concerns, their decision to use a shortened diffusion sequence

of only 250 steps is noteworthy. While this reduces training time, it substantially

increases the difficulty of accurate denoising and content recovery due to larger

1https://github.com/mobaidoctor/med-ddpm
2https://github.com/mobaidoctor/med-ddpm/issues/42

https://github.com/mobaidoctor/med-ddpm
https://github.com/mobaidoctor/med-ddpm/issues/42
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noise contributions at each step. Shorter diffusion chains are known to hinder the

model’s ability to learn robust, high-fidelity representations, particularly in data with

complex anatomical variability such as brain tumours. This choice further supports

concerns of overfitting and raises doubts about robustness to unseen cases.

Lastly, although the model architecture used in this work is similar to those

proposed by Dorjsembe et al. (2024) and Konz et al. (2024), it proved insufficient

when applied to datasets with greater anatomical and pathological variability. Both

prior works leveraged relatively constrained datasets, where limited variability may

have enabled successful training despite the simplicity of the conditioning mecha-

nism. In contrast, the 2023 BraTS dataset presents markedly more heterogeneity,

which may have exceeded the model’s ability to learn meaningful representations,

resulting in poor generalisation and degraded sample quality. Increasing the model’s

capacity through deeper networks or more learnable parameters did not yield notable

improvements, indicating that model complexity alone does not resolve the issue.

The findings and design choices presented by Bhattacharya et al. (2025) suggest

two alternative explanations for the observed limitations. First, the conditioning

mechanism itself may lack sufficient expressiveness. While their model also relies

on concatenation, it employs a more advanced strategy that resembles a dedicated

encoder: multi-scale features are extracted via additional learnable blocks and

injected during decoding, enabling richer conditioning representations. This indicates

that more sophisticated conditioning pathways may be better suited for modelling

complex anatomical variability. Second, their use of downsampled input slices

(128 × 128) substantially reduces pixel-level complexity, potentially limiting high-

frequency artefacts and promoting more robust feature learning. These observations

align with challenges encountered when operating directly in image space, where

high-frequency, imperceptible details dominate the learning signal and can hinder

the model’s ability to capture relevant anatomical structures (Rombach et al., 2022).

This sensitivity often leads to slower convergence and poor generalisation, particularly

when training data exhibits substantial variability. To address these challenges, a

promising alternative is the use of LDMs, which operate in a compressed latent space
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that retains essential structural features while substantially reducing computational

complexity (see Section 2.3.2 and Chapter 5). This framework offers a more robust

foundation for generative tasks in complex medical domains by decoupling spatial

fidelity from model capacity. As a result, the subsequent sections explore the potential

of LDMs to overcome the limitations observed in image-space diffusion models.

4.3.3 Latent space conditioning

The shift to LDMs and the change in dimensionality from 3D to 2D prompts a

re-evaluation of the first-stage model introduced in Section 3.3.3. In Chapter 3,

this aspect received limited attention, as the focus was on developing the second-

stage LDM for lesion segmentation through healthy counterfactual generation. The

established autoencoder with vector quantisation regularisation (VQAE) was adopted

primarily as a reliable means of encoding high-dimensional data into a tractable latent

space, with its suitability for lesion generation considered secondary. In the present

context, however, this transition highlights the need to reassess the appropriateness

of the first-stage model and to explore potential adaptations, such as alternative

regularisation schemes.

First-stage model evaluation

As outlined in Section 2.3.2, the first-stage model can be realised using two distinct

architectures focusing on the regularisation layer: the VQAE employs a vector quanti-

sation (VQ) layer to enforce discrete latent representations, whereas the autoencoder

with Kullback-Leibler regularisation (KLAE) integrates a Kullback-Leibler (KL)

divergence term, which regularises the latent distribution towards a standard normal

prior. Since the subsequent diffusion model operates on learned latent representations,

their fidelity and structure are critical for generating anatomically realistic lesions.

Selecting an appropriate first-stage model is therefore essential to ensure that the

latent space captures fine-grained lesion characteristics and supports stable training

and inference.
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Table 4.2: Hyperparameters of the first-stage models used for evaluating MRI
sequence encoding.

Hyperparameter KL-AE VQ-AE

Batch Size 4

Channel Factor (1, 2, 4, 4)

Discriminator Channels 64

Discriminator Layers 3

Discriminator Loss hinge

Hidden Channels 128

Learning Rate 3e-05

Number of Residual Blocks 2

Patch Size (256, 256, 1)

Pixel Loss L1

Codebook - 16384× 4

To identify the most suitable model, this section compares VQ- and KL-regularised

AEs in terms of compression quality and reconstruction accuracy, building on the

analysis in Section 3.3.3. Both quantitative and qualitative evaluations are used,

with particular emphasis on tumour boundary sharpness, tissue contrast, and the

preservation of subtle anatomical features relevant for downstream segmentation.

The configuration outlined in Table 4.2 was utilised to compare both fundamental

regularisation techniques. Both models were trained with an additional discriminator

to enhance reconstruction performance as described in Section 2.3.2. A compression

factor of 8, defined by the channel factor (see Section A.1.2), was selected as the

upper limit that preserves sufficient latent space dimensionality for the diffusion

model. This setting balances model complexity with reconstruction fidelity and

aligns with one of the recommended configurations by Rombach et al. (2022). It

allows for a direct comparison of the models’ maximum compression capacity, where

lower reconstruction loss serves as an indicator of more effective feature preservation

for downstream tasks.
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(a) KLAE: Input (b) VQAE: Input

(c) KLAE: Reconstruction (d) VQAE: Reconstruction

(e) KLAE: Difference (f) VQAE: Difference

Figure 4.5: Comparison of first-stage models for generative LDMs. Each subplot
corresponds to either the KLAE or VQAE, and includes the input image, its re-
construction, and the reconstruction difference. The latter shows the absolute
reconstruction error: white regions indicate low error, black regions indicate high
error. Rows correspond to different 2D slices from individual subjects. The MRI
sequences (columns) are ordered as follows: T1ce, T1w, T2-FLAIR, and T2w. Minor
variations in the samples arise from differing hardware specifications during inference.
The selected samples are chosen to be as visually similar as possible.
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The evaluation of the first-stage models, shown in Fig. 4.5, highlights the superior

reconstruction quality of the KLAE compared to the VQAE. The KL-regularised

model achieves a lower average reconstruction error (0.1866 vs. 0.3242) and maintains

better visual fidelity, effectively compressing the input image while preserving fine

details and anatomical features. In contrast, the VQ-regularised model demonstrates

limitations in capturing high-frequency details, especially lesion and brain boundary

areas, resulting in a higher reconstruction error and reduced clarity. This discrepancy

can be attributed to the discrete latent representation of the VQ layer, which may

not fully capture the anatomical complexity.

These findings suggest that the KL-regularised AE is better suited for encoding

high-dimensional image data into a compact latent space, making it the preferred

choice for the first-stage model in the subsequent LDM framework.

Cross-attention conditioning

Beyond adapting the first-stage model, the transition to latent space conditioning

requires changes to the conditioning mechanism. In this setting, 2D MRI sequences are

encoded into a lower-dimensional latent space, while the conditioning signal (binary

lesion masks) remains in image space. This spatial mismatch renders the previously

employed concatenation-based conditioning approach inapplicable. To address this, a

cross-attention mechanism can be employed to align conditioning inputs with differing

spatial dimensionality, allowing the model to effectively incorporate image-space

conditioning into the latent feature space (see Section 2.3.3). The concatenation-

based approach is hereby replaced with a cross-attention layer, which is denoted as

Configuration G2. The exact LDM configuration is provided in Table B.1.

As shown in Fig. B.2b, the generated samples exhibit markedly higher quality

compared to the samples of the concatenation approach. High noise contributions are

eliminated, and the slices present coherent anatomical structures. This improvement

highlights the model’s ability to capture the underlying distribution of the training

data and demonstrates the benefits of latent-space conditioning. However, the

generated samples show no meaningful adherence to the conditioning signal. Across
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all configurations, only minor variations are observed, such as a less prominent third

row in the unconditional setting, while neither the background nor lesion location

aligns with the intended conditioning. Two possible causes were considered:

1. Incorrect implementation of the conditioning mechanism, and

2. Weak conditioning signal that does not sufficiently guide the generation process.

The mechanism for injecting the conditioning signal differs from the concatenation-

based approach only in the use of a cross-attention layer, while the remaining

implementation remains identical (see Section 4.3.2). Since the concatenation-based

approach demonstrated at least partial adherence to the conditioning signal for

specific cases, the first hypothesis can be rejected. This is further supported by

an ablation study designed to test the influence of conditioning. Specifically, the

conditioning signal was replaced with a null mask (see Fig. B.2c) and a synthetic

mask (see Fig. B.2e). Across these settings, the generated samples showed only minor

variations, indicating that the conditioning mechanism itself is functional but does

not substantially guide the generation process. Gradient inspection further confirmed

limited influence of the cross-attention module during inference, strengthening the

conclusion that the second hypothesis is more likely: the single-layer cross-attention

mechanism provides insufficient guidance using the binary lesion mask.

To address this limitation, an additional configuration was explored in which

the binary mask was injected via cross-attention into the U-Net at multiple spatial

resolutions, mimicking a spatial encoder for conditioning. However, this refinement

did not improve alignment with the input mask (see Fig. B.3). To summarise,

these results demonstrate that the cross-attention conditioning mechanism lacks

sufficient strength to influence generation, and that even multi-scale injection fails

to resolve this issue. Combined with the quadratic computational cost of attention

mechanisms, these findings support the conclusion that cross-attention conditioning

is both inefficient and ineffective for binary mask guidance in this setting.
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Latent space conditioning for binary lesion masks

The preceding results demonstrated that the DDPM can be effectively trained in the

latent space of the input MRI sequences, producing high-quality samples. The main

limitation instead lies in the conditioning mechanism, where the use of a non-latent

conditioning signal proved ineffective. Given the demonstrated benefits of the latent

space, it is therefore natural to extend this representation to the lesion mask by

encoding it into the same latent domain. This offers two key advantages: it aligns

the conditioning signal with the input representation to reduce mismatches, and

it provides a more expressive basis for conditioning than the sparse binary mask.

The goal is to improve spatial coherence and semantic alignment of the generated

samples while retaining computational efficiency.

Unlike image conditioning signals, binary lesion masks do not follow the same

distribution as the MRI sequences used to train the primary first-stage model.

Consequently, a separate first-stage AE is required to encode the masks into a

compatible latent space. As shown in Section 4.3.3, the KLAE effectively compresses

high-dimensional image data into compact latent representations. This regularisation

may also benefit binary mask encoding, as the smooth latent representations reduce

edge artefacts common in binary data. Such smoothing encourages the model to learn

broader lesion structures rather than overfitting to pixel-level boundaries, thereby

supporting more robust and generalisable lesion synthesis. Additionally, using a

structurally similar first-stage model for both image data and conditioning signal

further unifies the framework and enables efficient conditioning strategies that avoid

the cost of cross-attention (see Section 2.3.3).

The hypothesis of an effective latent space encoding of the conditioning signal with

the KLAE is supported by the results in Fig. 4.6, which evaluate the reconstruction

performance of the first-stage model. This model was trained exclusively on the binary

lesion masks shown in Fig. 4.4a, utilising a reduced model complexity compared to

its counterpart trained on full MRI sequences (see Table B.4). Since binary masks

contain inherently less structural and textural information than MRI sequences, a
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(a) Input (b) Reconstruction (c) Difference

Figure 4.6: Reconstructions from the KL-regularised first-stage model trained on
binary lesion masks. (a) shows the input binary masks, (b) displays the corresponding
reconstructions from latent space. (c) shows the absolute reconstruction error: white
regions indicate low error, black regions indicate high error Rows correspond to
different 2D slices from individual subjects. Columns correspond to the two channels
of the binary mask: brain mask (left) and lesion mask (right).

less complex model is sufficient to achieve high-fidelity reconstructions with limited

computational resources. This is supported by the reconstructions obtained, which

preserve the overall structure of both the brain and lesion and maintain spatial extent

and shape while producing a smooth and continuous representation. Reconstruction

errors are minimal, with only minor artefacts observed at lesion boundaries. These

boundary artefacts likely stem from the model’s regularisation resulting in smoothed

boundaries. Nevertheless, the model demonstrates strong encoding capabilities for

binary masks, reinforcing its suitability for conditioning the subsequent LDM in

lesion generation.

The successful encoding of binary lesion masks in the latent space paves the way

for integrating structural conditioning into the LDM framework using two additional

methods: 1. direct concatenation of the latent representation of the binary mask

with the latent input features (Configuration G3), and 2. utilisation of a dedicated

label mask encoder to extract meaningful features adjacent to the U-Net for the

given task (Configuration G4).
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Table 4.3: Quantitative results of the generative models. The table reports scores
across multiple metrics. ↓ indicates lower is better, and ↑ indicates higher is better.

Metric Configuration G3 Configuration G4

FAD (↓) 12171.6689 12383.8115

FID (↓) 6.1738 19.1847

IS (↑) 1.0568 1.0522

LPIPS (↓) 0.0945 0.0893

MS-SSIM (↑) 0.8751 0.8820

PSNR (↑) 23.2018 23.7267

SSIM (↑) 0.8508 0.8534

Latent space concatenation

Following the findings of the previous section, the next step is to explore the potential

of latent space concatenation as a conditioning strategy (Configuration G3). It is

important to note that the conditioning strategy involves concatenating the latent

MRI sequences with the latent representation of the conditioning signal.

Although it would be theoretically viable to downsample the conditioning signal

to match the latent image resolution without a dedicated first-stage model, this

approach was intentionally avoided. As outlined in Section 4.3.5, interpolation during

downsampling poses a substantial risk of blurring or entirely removing small lesions,

which are critical for guiding the generation process. The potential loss of such

features would compromise the conditioning mechanism by eliminating its ability to

convey lesion-specific information, resulting in ineffective or absent guidance.

The concatenation of MRI sequences and conditioning follows the strategy outlined

in Section 4.3.2, directly injecting the binary mask into the generative process (see

Fig. B.1). This approach is motivated by two factors: (1) concatenation demonstrated

partial success in the non-latent image space, showing adherence to the brain outline,

and (2) it offers an efficient conditioning mechanism, with feature representation

delegated to the subsequent U-Net layers.
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(a) Conditioning (b) Reference sample

(c) Configuration G3: Generated (d) Configuration G4: Generated

Figure 4.7: Generated samples for latent space conditioning. (a) shows the condition-
ing signal, including brain mask (first column) and lesion mask (second column). (b)
displays original BraTS samples, while (c) and (d) show synthetic outputs from the
two tested models. Rows correspond to different 2D slices from individual subjects.
Columns in (b), (c) and (d) correspond to MRI sequences ordered as follows: T1ce,
T1w, T2-FLAIR, and T2w.
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Configuration G3 described in Table B.1 employs only minor parameter adjust-

ments to accelerate training and improve convergence compared to Configuration G2,

which does not have a substantial impact on the comparability. The visual results

shown in Fig. 4.7c highlight the effectiveness of this strategy, with the generated

samples exhibiting clear adherence to the conditioning signal. Both the brain struc-

ture and the lesion location are well-preserved, and the lesion is clearly visible at

the intended spatial position. Variations between the generated samples and the

reference arise from the stochastic nature of the diffusion process, combined with the

relatively coarse structural guidance provided by the conditioning mask, which does

not enforce precise anatomical fidelity.

These visual findings are corroborated by the quantitative evaluation presented

in Table 4.3. Configuration G3 demonstrates strong generative performance, with

excellent visual clarity reflected by a low FID of 6.1738 and a low LPIPS score

of 0.0945. Structural consistency is similarly high, as indicated by MS-SSIM and

SSIM values of 0.8751 and 0.8508, respectively, and further supported by a PSNR

of 23.2018 dB. While the inception score (IS) of 1.0568 suggests relatively limited

diversity, this is expected given the spatial constraints imposed by the conditioning

task.

Latent space encoder

Despite its computational efficiency and the promising results demonstrated in

Section 4.3.3, latent space concatenation carries the risk of weakened conditional

guidance. Since the embedding is injected only at the input stage of the U-Net, its

influence may become diluted over the course of the forward pass during training.

This may limit the model’s ability to accurately learn the complex spatial relationship

between binary lesion mask and MRI sequences and could impair lesion generation

performance.

An alternative approach involves using a distinct label mask encoder τϕ to extract

meaningful features from the binary lesion mask, which are then injected into the

U-Net at various spatial levels. The encoder τϕ is hereby analogous to the encoder
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of the LDM backbone U-Net with specialised structural feature blocks injecting the

conditional information into the U-Net at various spatial resolutions. In addition, it

has been shown that this approach allows to leverage pre-trained prior knowledge of

existing DDPMs by exclusively optimising the spatial encoder for the task at hand,

while keeping the core of the model unaffected (see Section 2.3.3). This approach

enables the efficient transfer of knowledge from a pre-trained model to a new task,

considerably reducing the amount of training data, training time, and computational

resources required to achieve high-quality results

To investigate the benefits of the structural condition encoder for lesion generation

with pre-trained priors, the Configuration G4 configuration is employed. The first-

stage model follows the setup described in Table 4.2, while the backbone U-Net uses

the parameters given in Table B.1. The backbone U-Net was pre-trained for the

task of weakly-supervised segmentation (see Chapter 3) with comparable complexity

to Configuration G3. In addition, a secondary encoder for structural conditioning

is introduced, which is structurally similar to the U-Net encoder but specifically

trained on the binary lesion masks, whereas the backbone U-Net is fixed.

The visual results in Fig. 4.7d exhibit similar characteristics to those observed with

latent concatenation (Configuration G3). Generated samples show clear adherence

to the conditioning signal, with both brain structure and lesion location accurately

preserved. Minor variations compared to the reference samples arise from the inherent

stochasticity of the diffusion process and the randomness of the initial noise realisation.

Overall, the results confirm that the latent encoder approach produces high-fidelity,

anatomically coherent outputs while effectively integrating the structural information

from the conditioning masks.

The generative metrics in Table 4.3 reveal a different trade-off. Although the FID

rises to 19.1847, this metric must be interpreted cautiously. FID is suboptimal for

medical images due to reliance on feature extractors pretrained on natural images

and the need for large sample sizes for consistent readings (Borji, 2022; Buzuti &

Thomaz, 2023; Chong & Forsyth, 2020). The LPIPS score decreases slightly to

0.0893, while MS-SSIM and SSIM increase to 0.8820 and 0.8534, respectively, with
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an accompanying rise in PSNR to 23.7267 dB. These results indicate that the latent

encoder improves local structural preservation and perceptual detail, even though

distributional alignment appears reduced when measured by FID.

4.3.4 Conclusion of spatial conditioning investigation

The experiments demonstrate that concatenation-based conditioning (Configuration

G1) fails to produce high-quality samples, as the model cannot effectively distil

image-space features or align them with the conditioning signal. Transitioning

to latent-space sampling confirms this, with clear improvements in sample quality.

However, this shift requires an adapted conditioning mechanism due to dimensionality

mismatch. Cross-attention conditioning (Configuration G2) is computationally

expensive and does not provide sufficiently strong guidance.

On the other hand, both latent concatenation and latent encoder approaches yield

visually coherent outputs with strong adherence to the conditioning signal. Despite

its simplicity, the binary lesion mask conditioning appears sufficient for guiding the

generation process. Latent concatenation (Configuration G3) offers a lightweight

conditioning mechanism requiring minimal additional computation, whereas the

latent encoder (Configuration G4) approach benefits from leveraging pre-trained

priors of existing LDMs, which accelerates convergence and results in similar, if not

slightly improved, visual and structural fidelity.

The evaluation of generative performance using FAD did not yield the expected

results. Although adaptations were made compared to the method proposed by

Buzuti and Thomaz (2023) to enable proper latent-space reconstruction, the resulting

FAD values fall outside the range reported in the original study.

Lastly, while FID and IS serve as global quality measures, their interpretation

requires caution. Both are poorly suited for medical images as they rely on models

pretrained on natural images. Their reliability is further constrained by the reduced

evaluation size of 10,000 images, compared to the recommended 50,000 (Borji, 2022;

Chong & Forsyth, 2020), a limitation imposed by computational cost.
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Given the comparable quality between both successful conditioning mechanisms

and the training efficiency gained by reusing pre-trained components, Configuration

G4 emerges as the preferred choice for practical applications.

4.3.5 How to generate a small lesion dataset?

Building on the generative 2D-LDM that synthesises realistic brain MRI sequences

from binary lesion masks, the next step is to construct a dataset of small brain

tumours using the best-performing model. By adapting the size of the lesion mask

(right column of Fig. 4.3b), the model is expected to generate a synthetic dataset

with exact lesion diameters. While simple shapes like ellipses or polygons could be

generated semi-automatically to simulate lesions, they fail to capture the complex

morphology of real tumours. To maintain clinical relevance, I decided to resize real

lesions, ensuring anatomically plausible patterns and realistic spatial distributions

for training and evaluation. This process and its challenges are outlined in the

following section. The synthetic dataset created in this section is referred to as SD

(see Section 4.2).

Binary lesion mask generation

As described in Section 2.1.1, the BraTS dataset provides binary tumour masks

based on pixel-wise ground truth annotations, allowing for the rescaling of existing

lesions to capture tumour characteristics. However, the application of the lesion

diameter definition from Section 2.1.6, based on the maximum length within the

axial slices, introduces rounding issues during the resizing process. This arises due

to the limitations imposed by the isotropic voxel resolution of 1 mm3 in the BraTS

dataset, where the specified maximum diameter often fails to align precisely with

integer multiples of the pixel spacing. Consequently, resizing to an exact millimetre

measure becomes impractical, resulting in inaccuracies when resizing lesions.

To address this, an alternative diameter definition is introduced, specified as

the maximum spatial extent of the lesion across the remaining two anatomical axes

(see Fig. 4.2a). This approach ensures precise rescaling of the lesion size within the
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Figure 4.8: Iterative downsampling of the lesion mask to a maximum label diameter
of 5 mm. Values indicate size in millimetres. The lesion bounding box is extracted
and rescaled iteratively to preserve label integrity and minimise artefacts introduced
by nearest-neighbour interpolation. One-step downsampling (top row), based purely
on spatial scaling, results in excessive label loss, whereas iterative downsampling
(bottom row) effectively maintains lesion dimensionality.

constraints of the voxel resolution, mitigating the rounding artefacts and providing a

more anatomically consistent definition of lesion diameter.

Resizing is performed with nearest-neighbour interpolation to preserve the lesion’s

shape and structure with high fidelity. The bounding box of the lesion with dimensions

df×ds is extracted and rescaled to the desired size, providing accurate scaling without

artefacts. The resizing factor is calculated by comparing the maximum lesion length

to the desired maximum diameter dd, with f = dd/max (df , ds) < 1. However, direct

resizing with nearest-neighbour interpolation can cause artefacts, especially when

the lesion is small relative to the bounding box. This arises from nearest-neighbour

interpolation determines the pixel value using adjacent pixels, potentially losing

foreground details (see Fig. 4.8, top row). To address this, an iterative resizing

approach is introduced, where a step-wise factor is applied iteratively until the

lesion mask reaches the target dimensions, with fi+1 = (fi + 1) /2. In cases where

rounding prevents exact resizing, the lesion mask is cropped appropriately, ensuring

accurate scaling without artefacts or loss of label information. This iterative approach

guarantees that, within the limits of interpolation, the lesion preserves morphological

fidelity, enabling the creation of a diverse and representative dataset of small lesions.
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Creating the synthetic small brain tumour dataset

To assess generative performance, I selected 1000 subjects at random from the FD

dataset and extracted five lesion-containing slices from each. The corresponding

lesion masks were rescaled to the target resolution for generation using the mechanism

described in Section 4.3.5. As shown in Fig. 4.9, the generative metrics remain stable

across lesion sizes with only minor fluctuations for Configuration G4. These results

are consistent with those obtained for real lesions in Table 4.3, suggesting that the

synthetic dataset achieves comparable quality.

Visual inspection of samples in Fig. B.4 supports these findings. The conditioning

mechanism performs as intended, with lesions visibly present for the untrained eye

at diameters of approximately 7 mm. Additionally, the brain structure aligns well

with the provided mask, indicated effective guidance through conditioning.

Observed distribution shift Despite the strong generative performance of Con-

figuration G4 for both large and small-scale lesions, the synthetic dataset does not

appear to follow the same distribution as the original BraTS data. This discrepancy

became apparent when a pre-trained SR model was applied to the synthetic dataset

in Section 4.4. The model failed to perform the expected upscaling and instead

produced outputs with visible artefacts and distortions. The presence of missing

regions in the upscaled outputs (second row of Fig. B.18) indicates a distribution shift

in the synthetic dataset that undermines the compatibility with upscaling models

trained on real data.

There are three potential strategies to mitigate this distribution shift:

1. increase the capacity of the generative model to better capture the intricate

features of the real data distribution,

2. fine-tune the second-stage upscaling model on the synthetically generated

dataset, or

3. perform the evaluation on the original BraTS data without relying on exact

lesion diameters.
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Figure 4.9: Generative metrics for the synthetic small brain tumour dataset as a
function of lesion size. Results are shown for Configuration G4 (circular markers)
and Configuration G3wide (triangular markers). The reduced number of data points
for Configuration G3wide is due to sampling limitations during dataset creation, as
described in Section 4.3.5.
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This section focuses on the first approach, as improving the fidelity of the synthetic

data is foundational to ensuring broader applicability. High-quality, realistic data

not only facilitates fair evaluation but also enables downstream models to generalise

more effectively without requiring adaptation to artefact-prone inputs or those with

shifted distribution.

Given that latent-space concatenation and encoder-based guidance demonstrated

comparable generative performance in the previous section, I investigated distribution

shift using the concatenation strategy (Configuration G3). This approach was selected

due to time constraints toward the end of the project and the practical advantage of

requiring only a single model to be trained. In contrast, the encoder-based strategy

would have necessitated a dual-model setup involving both a pre-trained generative

model and a structural conditioning encoder, substantially increasing complexity

and training time.

While increasing model complexity by adding layers to the U-Net backbone would

theoretically enhance its ability to capture more intricate features, this approach

substantially increased computational demands and caused challenges during optimi-

sation. Instead, I expanded the capacity of the existing architecture by widening

the layers, increasing the number of feature channels per layer. This adjustment

preserved computational feasibility and resulted in a more stable training and opti-

misation process. The respective model is referred to as Configuration G3wide and

is described in Table B.1.

It is important to note that the evaluation was performed in the same way for

real-world data as described in Section 4.3.1, whereas the synthetic lesion sizes were

restricted to dd ∈ 5, 10mm to accelerate the process and enable progression to the

detection stage in Section 2.1.6. Evaluating a broader range of synthetic lesion

configurations during detection was deemed infeasible due to the high computational

cost of inference, as outlined in Section 4.4.4. This constraint also explains the

reduced number of data points for Configuration G3wide in Fig. 4.9.
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(a) Conditioning (b) Configuration G3wide: Generated

(c) Configuration G3: Generated

Figure 4.10: Generated samples from the latent concatenation model with increased
capacity (Configuration G3wide). (a) shows the conditioning signal, including brain
mask (first column) and lesion mask (second column). (b) displays the resulting
synthetic outputs of Configuration G3wide. (c) depicts the outputs from the lower-
capacity model (Configuration G3) for direct comparison. Rows correspond to
different 2D slices from individual subjects. Columns in (b) and (c) correspond to
MRI sequences ordered as follows: T1ce, T1w, T2-FLAIR, and T2w.
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Table 4.4: Comparison of the generative models Configuration G3 and Configuration
G3wide, illustrating the effect of increased parameter count on performance. The
table reports scores across a range of generative evaluation metrics. ↓ indicates lower
is better, and ↑ indicates higher is better. FAD is omitted for Configuration G3wide
as noted in Section 4.3.4.

Metric Configuration G3 Configuration G3wide

FAD (↓) 12171.6689 -

FID (↓) 6.1738 6.6808

IS (↑) 1.0568 1.0564

LPIPS (↓) 0.0945 0.0755

MS-SSIM (↑) 0.8751 0.9064

PSNR (↑) 23.2018 24.6965

SSIM (↑) 0.8508 0.8659

As shown in Table 4.4, increasing the model capacity improves image quality for

real lesions across several generative metrics. Specifically, LPIPS decreases to 0.0755,

MS-SSIM increases to 0.9064, and PSNR rises to 24.6965 dB. While the FID slightly

worsens and the IS remains unchanged, visual results in Fig. 4.10b support these

findings, showing sharper and more anatomically coherent structures. Improvements

are especially evident in lesion regions, where boundary definition and realism are

enhanced.

The evaluation of synthetic lesions in Fig. 4.9 reveals a consistent quality increase

across all tested lesion sizes and metrics. Notably, the FID improves substantially

compared to previous configurations (Configuration G3 vs. Configuration G4 in

Table 4.3). Gains in other metrics mirror those observed for real lesions, confirming

the benefit of increased model capacity for generating high-fidelity synthetic datasets.

Importantly, the severe degradation effects observed in Fig. B.18 are no longer present

when applying the pre-trained SR model to the new synthetic dataset, indicating

that the distribution shift has been mitigated.
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4.4 Detecting small brain tumours

As mentioned in Section 2.1.6, early-stage brain tumours often manifest as small,

subtle lesions, making prompt and accurate identification essential for initiating

effective treatment. This is particularly crucial in paediatric populations, where

early intervention can substantially mitigate the risk of irreversible neurological and

developmental impairments.

In this context, the following section investigates how spatial resolution influences

detectability of small lesions in MRIs. Specifically, a LDM for SR is introduced,

using the same conditioning strategies as in Section 4.3 and a conditioning signal

adapted to the target task.

The section is structured as follows: Section 4.4.1 outlines the experimental

setup, detailing the dataset, conditioning signal composition, and training and

inference process. Section 4.4.2 reports results on the original BraTS lesions and

on synthetically generated small tumours. The section also includes two ablation

studies to validate individual pipeline components in Section 4.4.3. Section 4.4.4

discusses inference times and computational requirements. The section concludes

with a conceptual outlook on unifying the sequential approach in Section 4.4.5,

followed by an overarching discussion of limitations of both generative and detection

components in Section 4.5.

4.4.1 Experimental setup

The SR approach closely follows the generative framework of the previous section but

differs in the conditioning signal. Instead of a binary lesion mask, the conditioning

is provided by the corresponding low-resolution (LR) image, which serves as the

reference for the SR task (see Section 2.3.5). Due to time constraints, only the

encoder-based strategy (Configuration S4) was investigated. This choice is supported

by its effectiveness in the generative experiments, promising results in preliminary

tests, re-usability of pre-trained models, and demonstrated potential in natural image

domains (see Section 2.3.5).
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Datasets for small lesion detection

The super-resolution model is trained on the PD dataset described in Section 4.2.

This dataset preserves clinical diversity while enabling patch-based training at higher

resolutions, thereby supporting the large upsampling ratios required for this task

(see Section 4.4.1). Using the same underlying BraTS data as in Section 4.3 ensures

consistency and avoids distribution shifts when comparing generative and detection

models. The availability of ground-truth tumour segmentations further enables

quantitative evaluation of segmentation performance, as well as indirect assessment

of SR efficacy by analysing lesion-level performance across different resolutions.

In addition to real-world BraTS dataset, the SD dataset generated in Section 4.3.5

is utilised for evaluation purposes to obtain the relationship between lesion size and

detection performance. This SD dataset is only utilised for evaluation purposes: all

SR and segmentation models have not been trained on any synthetic data.

Degradation pipeline for MRI

As outlined in Section 2.3.5, the degradation pipeline used to synthetically generate

paired high-resolution (HR)-LR samples plays a critical role in training SR models,

particularly in the absence of naturally paired data. A widely adopted baseline is the

Enhanced Super-Resolution Generative Adversarial Network (ESRGAN) pipeline,

which applies sequential blur, noise, and compression operations to simulate LR

image formation. While this approach has been adapted for MRI as shown in

Algorithm 1, further refinements may be necessary to capture the specific degradation

characteristics of MRI. In this work, the pipeline is extended by modifying the

employed noise types and incorporating bias field alterations, thereby more accurately

reflecting the degradation processes inherent to MRI data. The refined pipeline is

illustrated in Algorithm 2, with parameters detailed in Table B.5, and its impact

evaluated in Section 4.4.2.
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Algorithm 2 Extended degradation pipeline for MRI by adapting Algorithm 1

Require: High-resolution image tensor x ∈ RH×W with C MRI sequences
Require: Number of degradation levels N
Ensure: Degraded image tensor x̃ at original resolution
1: x̃← x
2: for i = 1 to N do
3: x̃← Blur(x̃, ki) ▷ Blur Kernel ki ∼ {iso, aniso}
4: x̃← Resize(x̃, scale = si) ▷ Resize scale si ∈ [0.3, 1.5]
5: x̃← Noise(x̃, ηi) ▷ Noise parameters ηi ∈ {Gaussian, Rician, Non-chi}
6: x̃← BiasField(x̃, bi) ▷ Bias field parameters bi
7: end for
8: x̃← Resize(x̃, target size = H ×W ) ▷ Resample to original resolution
9: return x̃

Model architecture and training

As outlined in Section 4.1 and reiterated throughout this chapter, both small le-

sion generation and detection using SR share a common architectural backbone,

differentiated mainly by their conditioning signals. In contrast to the generative

setting, which uses the binary lesion mask as conditioning, the SR task leverages a

synthetically degraded LR image as input. The model architecture therefore remains

identical to that in Section 4.3, with details in Sections 4.3.2 and 4.3.3. Using the

same architecture across tasks ensures a consistent setup and unifies both into a

single framework, enabling direct comparison of conditioning mechanisms. This not

only streamlines training but also supports comprehensive evaluation of performance

in both small lesion generation and SR. The only difference lies in the spatial context

provided to the SR model, described below.

Patch-based training and inference A core aspect of the SR pipeline is that

state-of-the-art degradation strategies first upsample the degraded image back to the

original HR dimensions before applying the learnable SR model (see Section 2.3.5

and Algorithm 1). Consequently, the SR model operates on an already interpolated

image and functions primarily as a refinement stage, enhancing fine details rather

than performing a global resolution increase.
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While this approach simplifies architectural integration, it substantially increases

the computational burden during inference of the SR model. Attention mechanisms,

in particular, become costly as their memory and time complexity scale quadratically

with spatial resolution. Additionally, gradient-based anomaly detection techniques

(see Section 4.4.1) are sensitive to image size, further compounding the computa-

tional demands. To address these constraints, a patch-based inference strategy is

adopted. HR images are divided into smaller, overlapping patches that are processed

independently, reducing memory requirements at the cost of increased inference

time. However, this necessitates training models on patch-based inputs to maintain

consistency with the inference procedure. Otherwise, a mismatch arises between

training and inference, leading to degraded performance (see Fig. B.7). For this

purpose, the PD dataset is employed, which provides 256 × 256 patches extracted

from the original BraTS images (see Section 4.2). The patch size is chosen to balance

computational feasibility with sufficient anatomical context for effective SR and

lesion detection.

First-stage model re-evaluation The patch-based inference strategy outlined in

the previous section necessitates a re-evaluation of the first-stage models, specifically

the VQAE and KLAE for image encoding. Both models are retrained on the PD

dataset, aligning with the patch-based strategy employed during inference (see

Section 4.4.1). As the spatial resolution of the patches remains unchanged relative

to the generative setting using full-scale images, the architectural configuration of

the first-stage models is preserved. Consequently, the evaluation protocol mirrors

that presented in Section 4.3.3, with the sole modification being the use of cropped

inputs in place of full-resolution images.

The evaluation of the first-stage models under the patch-based configuration,

presented in Fig. 4.11, reaffirms the superior reconstruction quality of the KLAE

compared to the VQAE. The KLAE achieves a lower average reconstruction error

(0.3323 vs. 0.5486) and preserves visual fidelity more effectively, successfully com-

pressing image crops while maintaining fine anatomical details. In contrast, the
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(a) KLAE: Input (b) VQAE: Input

(c) KLAE: Reconstruction (d) VQAE: Reconstruction

(e) KLAE: Difference (f) VQ-GAN: Difference

Figure 4.11: Comparison of first-stage models for patch-based SR-LDM. Left column
shows results from the KLAE, right column from the VQAE. Rows represent the input
images, reconstructions, and absolute reconstruction errors, respectively. Within each
subplot, columns correspond to the MRI sequences (ordered as T1ce, T1w, T2-FLAIR,
and T2w), while rows correspond to different 2D slices from individual subjects.
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VQAE continues to be limited in high-frequency domains, particularly at lesion

and brain boundaries, leading to higher reconstruction errors and visibly reduced

clarity. These findings confirm that the KLAE remains the preferred choice for

encoding image data into a compact latent space, even in a patch-based setting. It

is therefore selected as the first-stage model for subsequent experiments within the

LDM framework.

Anomaly map generation

The proposed approach is structured as a sequential pipeline, where the SR module

serves as a pre-processing step to enhance spatial resolution and fidelity. This

design allows the same weakly-supervised anomaly detection model to be applied

consistently across different resolutions, enabling direct comparison of performance.

In addition, decoupling the two tasks improves computational efficiency, as the SR

and anomaly detection modules can be executed with different batch sizes, reducing

inference time for the overall pipeline.

Anomaly map generation detailed in Section 2.3.6 is central to the detection process,

yet the commonly used image-space differencing approach is highly sensitive to outliers

(see Section 3.6). In small lesion settings, this sensitivity poses a particular challenge,

as large differences in healthy regions can dominate the dynamic thresholding and

suppress true lesion signals. This limitation highlights the need to explore alternative

strategies beyond image-space thresholding.

To approach this problem, I propose a novel gradient-based anomaly map gen-

eration strategy called GradDiff . Particularly, two components are combined in

an attempt to mitigate outliers and enhance the robustness of the anomaly map

generation process:

1. Utilisation of the difference in the latent space between the class-conditional

prediction and the unconditional prediction formulating a pseudo-gradient (see

Section 2.3.6 and Eq. (2.45)), and

2. the computation of a true gradient in latent space between the predicted output

and the encoded representation of the input image.
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The combination of both gradients is hypothesised to highlight regions where the

model applies substantial modifications to the input, approximating areas of altered

probability density. As the gradients are defined in the latent space of the 2D-LDM,

they are interpolated to the original input resolution and used to generate a region-

of-interest mask. This mask constrains subsequent intensity-based thresholding to

lesion-relevant areas, reducing the influence of outliers in non-lesion regions.

Empirical analysis showed that gradient magnitudes decrease as the sampling

trajectory progresses, with the most informative updates occurring early (see Fig-

ure B.8). Accordingly, gradients were tracked during the initial timesteps of the

sampling trajectory to maximise information. A similar pattern was observed for

class-conditional versus unconditional differences, motivating the same strategy.

The final hyperparameters for gradient computation were determined through a

systematic grid search, with full details given in Table B.6.

Given the large configuration space (≈2.5 million permutations), only the principal

outcomes of the grid-search are reported here. Optimal performance was achieved

with N = 600 sampling steps and a classifier-free guidance scale of C = 5. From the

recorded timesteps, aggregating five evenly spaced points from the final 10% of the

trajectory using the median produced the most robust anomaly maps. Mean aggrega-

tion across MRI channels was consistently effective, and image-space morphological

post-processing (opening followed by dilation) further improved mask coherence. In

contrast, latent-space morphological operations provided no consistent benefit.

Evaluation of small lesion detection

The evaluation investigates the effect of SR on lesion detection performance using a

weakly-supervised 2D-LDM trained for anomaly detection. In the detection pipeline,

this model succeeds the SR LDM, as described in Section 4.4.1. It builds on the

findings of the previous chapter (see Chapter 3) and aligns with state-of-the-art

weakly-supervised methods (see Section 2.3.6). Full configuration details are provided

in Table B.7.
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Several baselines are included for comparison. The weakly-supervised models from

the previous chapter, namely 2D-variational autoencoder (VAE), 2D-class activation

map (CAM) (Z. Chen et al., 2022), and 2D-WS-MTST (H. Chen et al., 2023), are

adapted to the lower-dimensional setting. Finally, a supervised U-Net trained with a

combined cross-entropy (CE) and Dice loss serves as a reference, providing an upper

bound on performance under the same preprocessing conditions.

The evaluation setup relies on the dataset variants introduced in Section 4.2.

All detection models, including baselines, are trained exclusively on the same FD

dataset. This design enables direct assessment of lesion detectability at both standard

and super-resolved resolutions using the same 2D-LDM, ensuring comparability

between the two settings. Evaluation is performed on the super-resolved images with

interpolated ground-truth masks for the SR approaches, as preliminary experiments

showed this to be equivalent to downscaling them back to the original resolution.

For all non-SR models, evaluation is carried out directly at the original resolution.

Detection performance is independently assessed on two datasets: (1) the held-out

test set from the FD dataset, containing real lesions from the BraTS dataset, and

(2) the SD dataset (see Section 4.3.5), which contains controlled small lesions of

diameters dd ∈ 5, 10mm. For evaluation, 20 subjects with five 2D slices are randomly

selected from each dataset. The test set size is limited by the computational cost of

the SR and segmentation pipelines (see Section 4.4.4). To address this, performance

is estimated through bootstrapping, drawing 10 resampled sets from 100 available

samples. This procedure enables statistical assessment and provides more reliable

generalisation estimates.

Evaluation metrics include the Dice similarity coefficient (DSC) and specificity,

chosen for their clinical relevance. DSC measures the spatial overlap between

predictions and ground truth, providing a standardised assessment of delineation

accuracy that remains sensitive to the alignment of small volumes. Specificity

complements this by measuring the ability to avoid false-positive detections. This is

particularly important in the clinical setting of small lesion detection, where over-

segmentation may lead to unnecessary concern or intervention (see Section 2.1.2).
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1Figure 4.12: Performance for the FD dataset. The x-axis shows the number of
encoding steps N , with baseline results separated by a vertical dotted line. The
y-axis shows the DSC. The top row presents results on non-SR samples, while the
bottom row shows 2D-LDM performance on SR data using the MRI and ESRGAN
degradation pipelines. Bar colours represent the diffusion gradient scale C and
distinguish baselines from diffusion-based models, while textures denote the applied
thresholding method. Error bars indicate bootstrapped confidence intervals.

4.4.2 Lesion detection experiments

The following section presents the results of the SR experiments, focusing on the

impact of spatial resolution on small lesion detection. The section first investigates

the effect of SR on detection performance across different lesion sizes, followed by

an ablation study investigating the thresholding mechanism and the detectability of

non-synthetic small lesions.
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1Figure 4.13: Performance for the SD dataset with 10 mm lesion diameter. The
x-axis shows the number of encoding steps N , with baseline results separated by
a vertical dotted line. The y-axis shows the DSC. The top row presents results on
non-SR samples, while the bottom row shows 2D-LDM performance on SR data using
the MRI and ESRGAN degradation pipelines. Bar colours represent the diffusion
gradient scale C and distinguish baselines from diffusion-based models, while textures
denote the applied thresholding method. Error bars indicate bootstrapped confidence
intervals.

Important notes

Baseline methods are evaluated only on the non-SR FD dataset. The same

results are shown across all plots to facilitate direct comparison with the

2D-LDM operating at different resolutions.

Baseline results

Real lesions of various sizes (FD) The 2D-VAE performs poorly in detecting

real lesions of various sizes, with a very low DSC of 0.0376± 0.0132 (see Fig. 4.12).

Specificity is high at 0.9983± 0.0007 as shown in Fig. B.13, which reflects a strong

bias towards background predictions. The obtained scores clearly indicate the lack
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of label guidance during training, leading to inferior detection performance.

2D-CAM outperforms the VAE in detection, achieving a DSC of 0.2206± 0.0185

and moderate specificity of 0.6464± 0.4817. The transformer-based 2D-WS-MTST

performs slightly better, with a DSC of 0.2262± 0.1913 and specificity of 0.6522±

0.4811. Both models, however, show high uncertainty, indicated by wide confidence

intervals, suggesting unstable performance across samples.

In contrast, the 2D-LDM without SR surpasses all other weakly-supervised base-

lines in the evaluated settings. The best configuration is obtained with traditional

thresholding, N = 700 and C = 6, achieving a DSC of 0.4462 ± 0.0478 with very

high specificity 0.9994± 0.0004. All tested hyperparameter configurations are charac-

terised by elevated performance compared to other baselines, reduced variance across

samples and high specificity (see Figs. B.13 and 4.12). DSC increases with higher

N and C, showing better average predictions at the cost of less stable performance

indicated by growing variances. The GradDiff thresholding method, designed to

suppress outlier responses, consistently underperforms Otsu thresholding, with a

reduction in DSC of about 4 % to 5 % across all configurations. This performance

gap narrows with increasing N and C.

Synthetic lesions (SD) For synthetic lesions of 10 mm, weakly-supervised base-

lines without diffusion remain limited yet show modest detection capability. 2D-CAM

and 2D-WS-MTST achieve comparable DSC (0.0257± 0.0223 and 0.0255± 0.0207,

respectively) with moderate specificity (0.6233 ± 0.4866 vs 0.6584 ± 0.4793). In

comparison, the 2D-VAE fails to segment synthetic targets altogether, with DSC

0.0000 and specificity 0.9961± 0.0025 reflecting near-uniform background predictions.

For synthetic lesions, the advantage of the 2D-LDM without SR over the other

baselines is less pronounced than for real lesions, with the exception of the 2D-VAE.

Performance decreases across all tested configurations (see Fig. 4.13) and is accom-

panied by relatively high variance across samples. The best DSC for 10 mm lesions

of 0.0289± 0.0167 is achieved with N = 600 and C = 5.0 using Otsu thresholding.

Larger N no longer improves results, and increasing C yields inconsistent effects.
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Furthermore, GradDiff performs comparably to Otsu thresholding. The obtained

specificities remain at almost ideal values (see Fig. B.14), indicating a strong bias

towards background predictions, which is the likely cause of the low DSC scores.

Further reducing the lesion size to 5 mm leads to a complete failure of all weakly-

supervised baselines, including the 2D-LDM without SR. All models yield DSC

scores of 0.0000, with specificity values close to 1, indicating uniform background

predictions (see Figs. B.9 and B.15). This outcome highlights the inherent limitations

of weakly-supervised methods in detecting very small lesions, likely due to insufficient

signal strength and the absence of explicit lesion supervision during training.

Importance of higher resolution

Real lesions of various sizes (FD) Increasing the effective resolution of the 2D-

LDM through conventional interpolation yields substantial improvements compared

to all baselines across all tested configurations (see Fig. 4.12, “Interpolated”). On

average, the DSC rises by 0.0842 for GradDiff and 0.0975 for Otsu thresholding

relative to the non-SR baseline. The best results are achieved at N = 700 and

C = 5, with DSC scores of 0.4425 ± 0.0426 for GradDiff and 0.4773 ± 0.0478 for

Otsu. Variances are reduced compared to the baseline, indicating more stable and

confident predictions. Specificity remains consistently high across all configurations

(see Fig. B.13), confirming a low false-positive rate.

Applying SR refinement to the interpolated images provides additional but smaller

gains as shown in Fig. 4.12, bottom row. Using the MRI degradation pipeline,

the average DSC improves by 0.0225 for GradDiff, while Otsu thresholding shows

negligible change. The best configuration is obtained with GradDiff at N = 700

and C = 6, reaching a DSC of 0.4876 ± 0.0408. Variances are further reduced

compared to the interpolated samples, reflecting improved robustness to sample

variation and outliers. The choice of the SR degradation pipeline has minimal impact

on performance, as outlined in Section 4.4.2.

As with the baseline, higher N and C generally improve performance, with larger

N yielding more stable results. The gap between GradDiff and Otsu thresholding
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narrows under these settings, with GradDiff achieving the best overall score at the

expense of slightly higher variance in most configurations. Performance also appears

to plateau, as further increases in N and C produce diminishing improvements

compared to the non-SR baseline.

In summary, increasing spatial resolution through interpolation markedly enhances

the detection performance of real lesions with varying sizes obtaining substantially

better results than all weakly-supervised baselines and substantial improvements for

the 2D-LDM. Further refinement using SR provides additional but smaller gains,

suggesting that while SR can enhance image quality, the primary benefit arises from

the initial resolution increase. The results also highlight the effectiveness of Otsu

thresholding in this context, with GradDiff offering marginal improvements primarily

at higher N and C settings.

Synthetic lesions (SD) Performance gains of SR over conventional interpolation

are also observed for synthetic small lesions, with comparable improvements in

DSC (see Fig. 4.13). However, variances are elevated relative to the interpolated

counterpart, complicating reliable performance estimates. Moreover, the trend of

higher N and C improving results is absent, with performance stagnating across

the tested range. This effect becomes more pronounced for smaller synthetic lesions

(see Fig. B.9). While SR still outperforms the baselines, regular interpolation and

non-SR 2D-LDMs in terms of both DSC and variance reduction, the results highlight

the approaches insufficient ability to consistently detect very small lesions in the

tested setting.

Influence of degradation pipeline

Comparing the two degradation pipelines within the context of SR, no substantial

differences are observed in detection performance across any of the tested configura-

tions (see Figs. B.13 and 4.12). The MRI-specific pipeline exhibits slightly reduced

variance in DSC scores when conventional thresholding is used, suggesting a marginal

benefit in stability. However, this effect is not replicated when using GradDiff,
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which appears unaffected by the choice of degradation pipeline, particularly in real

lesion settings. Specificity remains effectively constant across all configurations and

approaches, reflecting the already strong bias of the models towards background

prediction. These results indicate that, while additional MRI-specific artefacts were

introduced to better approximate clinical degradation, they do not meaningfully

alter the model’s capacity to localise lesions in the evaluated SR scenario.

For synthetically generated small lesions with a diameter of 10 mm, the comparison

between degradation pipelines shows slightly more pronounced differences (Fig. 4.13,

bottom row). The ESRGAN-based pipeline exhibits greater stability, with less

fluctuation across different settings of C and N , and a clearer trend of improved

performance as N increases. In contrast, the MRI-specific pipeline shows more

variability. However, the absolute differences in DSC remain very small and likely fall

within the normal variability of the evaluation. Thus, despite the apparent trends

in the plot, the overall conclusion is consistent with the real lesion analysis: both

degradation strategies yield comparable detection performance in the SR setting.

An analysis of 5 mm synthetic lesions was omitted in the interest of time. Previous

experiments with both real and synthetic data demonstrated consistent performance

across degradation pipelines, indicating that additional evaluation at this scale would

be unlikely to provide further insight.

Summary Overall, the results between pipelines remain within expected variance

margins, indicating that the adapted ESRGAN pipeline is a suitable choice for

the BraTS dataset. While no measurable advantage was observed, the inclusion

of MRI-specific artefacts, including bias field inhomogeneities and domain-relevant

noise, positions the novel pipeline introduced in this thesis as a viable candidate for

future application to real-world clinical data. The preservation of performance across

both pipelines further supports its suitability as a step towards more generalisable

and robust refinement of clinical images.
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Comparison against supervised U-Net

To contextualise the performance of the presented weakly-supervised approaches, a

fully supervised segmentation model was included as an upper-bound reference. This

decision was motivated by the consistently underwhelming performance observed

across all tested methods on the synthetic small lesions. In addition to highlighting

this performance gap, the comparison serves to quantify the trade-offs between

supervision level and segmentation quality. It is important to note that the supervised

model operates under fundamentally different training conditions, relying on fine-

grained voxel-level annotations for direct guidance. While these labels offer strong

supervision, their acquisition is labour-intensive, subject to inter-rater variability,

and often infeasible at scale, as discussed in Section 2.1.8.

As shown in Figs. B.10 to B.15, the supervised U-Net markedly outperforms all

weakly-supervised methods across all lesion sizes. For real lesions, the U-Net almost

obtains a perfect DSC with 0.9580± 0.0058 and a specificity of 0.9989± 0.0001. This

performance starkly contrasts with the best weakly-supervised LDM configuration,

which achieves a DSC of 0.4876± 0.0408 and specificity of 0.9994± 0.0004 using SR.

The performance gap remains evident for synthetic lesions, though less pronounced

than in real data. For 10 mm and 5 mm synthetic lesions, the supervised U-Net

achieves DSC scores of 0.2904 ± 0.0292 and 0.1330 ± 0.0194, respectively. These

results confirm that the synthetic lesions encode features that are at least partially

detectable under strong supervision. However, the segmentation quality remains

markedly lower than for large real lesions, where the same model approaches near-

perfect performance.

This discrepancy may point to inherent limitations in the generative process:

synthetic lesions may occasionally fail to manifest a clear lesion in the image due

to guidance signals vanishing during compression, poor integration into the latent

representation, or insufficient fidelity in conditioning. These issues are not visually

apparent and cannot be exhaustively verified by me due to limited experience in the

manifestation of real small lesions in MRI. The unexpectedly low performance of the
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U-Net in this setting, however, motivates a targeted ablation study on real small

lesions of the BraTS dataset to determine whether these shortcomings originate

from the generative model or reflect intrinsic challenges associated with subtle lesion

characteristics.

4.4.3 Ablation study: non-synthetic small lesions and thresholding

investigation

To investigate the limitations suggested by the reduced U-Net performance on

synthetic lesions, a targeted ablation study was conducted. The primary aim is

to evaluate whether the generative model occasionally produces synthetic samples

in which no lesion is meaningfully embedded (see Section 4.4.2). In parallel, the

study assesses the impact of the thresholding mechanism. Specifically, the GradDiff

method showed promise in SR scenarios, but its performance was inconsistent across

configurations and has the tendency to underperform compared to Otsu thresholding

(see Section 4.4.2). This motivates further exploration of whether its sensitivity can

be refined to better capture small lesions and whether these benefits can be recovered

without disproportionate computational overhead (see Section 4.4.4). Combining

both aspects within one ablation study allows for a comprehensive evaluation of the

model’s capabilities and limitations in detecting small lesions in a controlled setting.

The analysis is conducted on a subset of the FD dataset. Instead of randomly

sampling slices from the test split, this ablation selects samples containing lesions

with a diameter of 10 mm. As outlined in Section 4.3, such cases are rare due to the

variability of lesion sizes in the dataset. Consequently, only one slice per subject

from 20 test subjects meets these criteria. Although this limits statistical power, it

enables controlled evaluation on real data, which is essential in this context. This

“new” dataset is re-evaluated using the same methodology as in Section 4.4.1.

The ablation study begins with the supervised 2D U-Net, which provides an

upper-bound reference for comparison. On the real dataset, the U-Net achieves

a Dice of 0.4765, whereas performance drops markedly to 0.2904 on the synthetic

dataset. This suggests that real lesions are generally easier for the pre-trained model
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to detect. At the same time, the results support the hypothesis that certain synthetic

lesions may be absent or difficult to represent, although this cannot be fully verified

without expert annotation. It remains equally possible that the lesions exist but are

harder to delineate, highlighting the ambiguity of borderline cases.

The 2D-LDM with SR was subsequently evaluated on the real dataset using the op-

timal GradDiff parameters identified in the preceding experiments (see Section 4.4.1),

using N = 500, C = 4. The Dice score of 0.0378 closely matches the result obtained

on the synthetic dataset (0.0334), with the small difference falling within the expected

variability of the evaluation. This indicates that the segmentation performance of

GradDiff remains stable when transitioning from synthetic to real lesions.

To investigate whether more tailored hyperparameter choices could enhance perfor-

mance, the same grid search as outlined in Section 4.4.1 was conducted to explicitly

optimise GradDiff for the given dataset. A substantial gain was observed for Grad-

Diff at N = 500, C = 4, where the Dice increased to 0.0960, surpassing Otsu

under the same conditions, and doubling the DSC. These results were obtained

by relying exclusively on the gradient of the healthy prediction, with the choice of

aggregation method and number of timesteps having little effect. In contrast, if

the memory-intensive latent gradient computation is entirely disabled and only the

pseudo-gradient from classifier-free guidance is used, performance is only slightly

reduced, reaching a DSC of 0.0837. These results indicate that GradDiff can be more

effective for small lesions when carefully tuned.

In summary, the ablation study demonstrates two key findings: (1) supervised

baselines perform better on real lesions than on synthetic ones, which may indicate

that certain synthetic lesions are harder to represent or delineate reliably, and (2)

careful hyperparameter optimisation recovers lost sensitivity of GradDiff for small

lesion detection with SR, surpassing established thresholding methods and doubling

performance for 10 mm lesions.
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Table 4.5: Runtime for small lesion detection across different input types. Inference
time is reported in seconds per slice of the test dataset, separated into segmentation
and SR. N denotes the number of encoding steps. The interpolation time for
“Upscaled” is negligible.

Input type SR (s) N Segmentation (s) Total (s)

Non-SR 0.0

500.0 110.0 110.0

600.0 131.77 131.77

700.0 152.67 152.67

Interpolated 0.0

500.0 1391.08 1391.08

600.0 1628.9 1628.9

700.0 1859.49 1859.49

SR 1654.56

500.0 1371.85 3026.41

600.0 1653.67 3308.22

700.0 1886.07 3540.62

4.4.4 A word on inference times

Despite promising results across configurations, SR and upscaled images exhibit

much longer inference times than the non-SR baseline, as shown in Table 4.5. The

4× resolution increase causes a considerable rise in computational cost, both from the

exponential growth in predictions and the added expense of generating gradient-based

anomaly maps with GradDiff. Inference on upscaled images was only feasible with a

batch size of 1, even on a high-end Nvidia A40 with 40 GB memory. This underscores

a key limitation in scalability and raises questions about whether the performance

gains justify the heavy computational burden.

Reported timings in Table 4.5 should be considered approximate, as measurements

were obtained across different server configurations and include data loading times.

The latter is strongly influenced by CPU load and access delays due to shared file

system infrastructure across all nodes on the computer cluster. Nonetheless, the

overall trend remains clear: combining segmentation with SR more than doubles the

inference time relative to standard upscaling. The full-resolution SR configuration

results in total inference times approximately 30 times higher than the baseline,

reaching roughly 50 min per slice. This level of resource demand was only manageable
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by decoupling the two stages: SR outputs were written to disk and processed

separately during segmentation. This separation allowed larger SR inference batch

sizes due to the absence of GradDiff. These resource constraints explain the limited

evaluation depth: with inference times of approximately 50 min per slice, testing

additional parameters or larger datasets was computationally infeasible.

Based on the results of the ablation study in Section 4.4.3, one option to reduce

memory usage is to disable latent gradient computation in GradDiff and instead rely

on the pseudo-gradient from classifier-free guidance. This configuration substantially

decreases memory requirements, allowing larger segmentation batch sizes and thereby

reducing inference time, while only marginally affecting performance on the tested

dataset. A broader assessment of its behaviour on other data lies beyond the scope

of this thesis and remains a subject for future investigation.

Patch-based prediction was also explored as a complementary strategy to reduce

resource demands and enable inference on the available hardware. While it allowed

larger batch sizes and lower memory consumption, segmentation performance dropped

substantially, likely due to the reduced spatial context within each patch and the

challenges of merging overlapping tiles. Training a dedicated patch-based model on

fully upscaled data may mitigate these issues, but this was outside the scope of the

current work. Nonetheless, both strategies remain promising directions for improving

the efficiency and accessibility of high-resolution inference.

4.4.5 SR and anomaly detection unification

In light of the increased inference times discussed in Section 4.4.4, unifying SR and

anomaly detection into a single model presents an attractive direction to improve

efficiency. Such a framework would allow both HR reconstruction and healthy

counterfactual generation within a single forward pass, eliminating sequential pro-

cessing. A theoretically feasible approach involves incorporating class-conditioning

into the structural encoder of the pre-trained weakly-supervised LDM. Specifically,

the structural encoder would be extended with label embeddings and conditioning

mechanisms, as described in Section 2.3.3. This would enable both the SR encoder
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and the segmentation backbone to operate under class-conditional guidance consis-

tent with the classifier-free formulation outlined in Section 2.3.6. During inference,

the model would be tasked with both resolution enhancement (structural encoder)

and conditional healthy counterfactual generation of the input (backbone LDM).

However, this integration poses a fundamental challenge as shown in Fig. B.19.

Because the SR module precedes the anomaly detection backbone, it always operates

on the LR input in which the lesion may be present. This persistent exposure to

pathological content at each sampling step overrides the subtle conditional guidance

required for healthy counterfactual generation. The conflicting objectives of increasing

resolution of a diseased input while simultaneously conditionally removing the lesion

components proved difficult to reconcile. In practice, the injected class-conditioning

signal was insufficient to counteract the dominant pathological features in the input,

resulting in SR outputs with minimal or no visible alteration. Consequently, while

the unified architecture is conceptually appealing, its current implementation is

unable to effectively disentangle resolution enhancement from semantic modification.

4.4.6 Summary of key findings

Increased resolution improves segmentation accuracy as indicated by DSC, while

also reducing variance and false positive predictions. This demonstrates enhanced

robustness when applying the same anomaly detection model trained on MRI at

original resolution. Conventional upsampling alone provides a performance gain of

almost 10 % across all LDM configurations. Refining the upscaled image with a

dedicated SR module yields a further 2 % improvement, substantially surpassing

conventional weakly-supervised baselines. The degradation pipeline plays a critical

role in enabling these refinements, as it allows learning of the inverse of the synthetic

degradation process. However, it must be adapted to the degradations present in

the target data. State-of-the-art pipelines already integrate such steps, and further

refinements were not explicitly required for the BraTS dataset. Nonetheless, data

quality remains paramount since SR models are highly sensitive to distribution shifts,

as initially observed on synthetic data.
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Detecting small lesions remains a critical challenge. SR offers improvements but is

constrained by the anomaly detection mechanism, which relies on intensity-based

differences and is therefore vulnerable to outliers. The gradient-based thresholding

mechanism GradDiff was introduced to address this limitation. When carefully tuned,

GradDiff delivers notable performance gains for small lesions. These improvements,

however, depend on specific parameter choices and their generalisability remains

uncertain. The evaluation on both real and synthetic small lesions underscored

the difficulty of reliably detecting such subtle abnormalities across all approaches,

including supervised methods. The results demonstrate that these limitations are

not solely due to the level of supervision, but reflect a broader challenge that requires

alternative strategies to achieve consistent detection of small yet clinically important

lesions.

4.5 Limitations

Despite the promising results achieved in this work, several limitations and challenges

remain that warrant further discussion.

The first limitation of this study lies in the use of downscaled large lesions to

simulate small lesions. While this strategy preserves structural plausibility, it may

not accurately capture the true morphology or intensity characteristics of naturally

occurring small lesions. The visual appearance, boundary definition, and contextual

integration of true small lesions may differ substantially. Furthermore, the rounding

required during spatial scaling introduces discretisation artefacts, particularly for

very small lesions.

A further consideration arises from the possibility that very small or faint lesions

may not be preserved during the downsampling process applied by the first-stage

model of the generative LDM. As a result, such lesions may be partially or entirely

removed in the latent space and subsequently will not appear in the generated

imaging. This may render them generally undetectable by the segmentation model,

as they are not present in the input data. Consequently, it is difficult to determine
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whether the model failed to detect the lesion or whether the lesion was imperceptible

in the latent representation to begin with. As a non-clinician, a definitive evaluation

of lesion visibility in these borderline cases is not feasible (see Section 4.3.5) and

beyond the scope of this work.

A primary focus of the performance evaluation was the detection of lesions at

the 10 mm threshold, aligning with the RECIST criteria for measurable disease (see

Section 2.1.6). While this provided a rigorous stress test for the framework at the

extreme lower limit of clinical relevance, it also highlighted the inherent sensitivity

of overlap metrics to minor spatial discrepancies in small volumes. Evaluations

conducted at even smaller scales, such as 5 mm, did not yield further meaningful

evidence, as the 10 mm boundary already represents the current sensitivity threshold

of the approach. Future research could further delineate the model’s performance

envelope by evaluating a broader range of larger lesions to determine the point at

which detection sensitivity plateaus. This was not feasible in the current study due

to the substantial computational requirements and inference times necessitated by

the high-dimensional hyperparameter search and multi-dataset evaluation.

Despite their flexibility, DDPMs remain computationally expensive, especially in

their standard formulation. More efficient variants have been proposed (H. Chung

et al., 2022, 2023), but were not explored here to allow for a more consistent

comparison to established methods. In addition, efficient sampling usually comes at

the cost of reduced performance, which can be crucial in the context of detecting

smaller distribution shifts robustly. Moreover, large parameter spaces, particularly

for conditioning and sampling configurations, complicate systematic experimentation.

Long training times make exhaustive testing impractical, and minor configuration

changes introduced during development may affect results.

Furthermore, the 2D-LDM used for anomaly detection was trained on the orig-

inal resolution data but applied to SR samples to maintain comparability across

experiments. This ensured consistent evaluation with non-SR data but may not

be optimal for higher-resolution inputs, as the model was not designed to capture

the finer detail introduced by SR. Consequently, faint or small lesions could still be
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missed. Similarly, the first-stage models were only trained on HR data, yet were

applied to encode LR samples during the training of the SR module. Adapting these

models to the specific resolution levels used in SR could improve reconstruction

fidelity and downstream segmentation performance, at the cost of largely increased

training complexity and time.

The attempted unification of SR and segmentation within a single class-conditional

generative model to mitigate the computational constraints revealed a critical limita-

tion: the SR module, positioned prior to the segmentation backbone, receives the

low-resolution, lesion-containing image as input at every diffusion step. This strong

pathological signal dominates the conditioning pathway, resulting in outputs with

minimal or no visible alteration. The injected class information proved insufficient

to counteract the lesion-preserving guidance of the SR model, ultimately preventing

effective counterfactual generation.

The proposed GradDiff approach for anomaly map generation was designed to

improve robustness and accuracy in the segmentation process. Its reliance on latent

gradients aims to minimise outliers that commonly affect intensity-based thresholding.

However, computing real gradients in latent space is computationally expensive and

demands considerable memory resources, especially for high-resolution images where

latent representations become large. The ablation study in Section 4.4.3 shows that

careful hyperparameter tuning can substantially improve segmentation performance

for small lesions. Moreover, it demonstrates that the real gradient may not be

strictly required, as relying solely on the pseudo-gradient from classifier-free guidance

leads to only a marginal reduction in performance for GradDiff. This suggests that

GradDiff retains its effectiveness even under memory-efficient configurations, making

it a promising approach for practical applications. Nonetheless, the introduction of

additional parameters increases model complexity, and their general benefit across

datasets remains uncertain.

MRI remains the gold standard for brain tumour assessment due to its high soft-

tissue contrast and spatial resolution. However, image quality and lesion visibility

are strongly affected by acquisition parameters, scanner characteristics, and artefacts
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(Eisenhauer et al., 2009). These factors introduce additional complexity when

evaluating detection models, particularly for small or subtle lesions. Utilising a larger

multi-institutional dataset with varying morphologies could be useful to accurately

adapt the flexible degradation pipeline presented in this work. This would allow

to compensate for specific artefacts prior to the segmentation model, and thereby

improve the robustness of the segmentation model, as demonstrated in this work.

Lastly, while image resolution and segmentation accuracy are essential, they

represent only one aspect of early tumour detection. Broader diagnostic timelines are

also influenced by healthcare access, clinical suspicion, and neuroimaging availability

(Dobrovoljac et al., 2002). The work presented here addresses the technical feasibility

of lesion detection under constrained supervision but should be interpreted as one

part of a broader clinical process.

4.6 Conclusion

DDPMs have demonstrated considerable versatility throughout this chapter. They

were applied successfully to synthetic data generation (Section 4.3), SR (Section 4.4),

and anomaly detection (Section 4.4.2) all by modifying the conditioning signal.

This shared foundation enables the construction of unified frameworks capable of

addressing diverse objectives with minimal architectural divergence. In this chapter

specifically, I have demonstrated the benefits of SR for the detection of small lesions,

achieving substantial performance gains over established weakly-supervised baselines.

In addition, the evaluation was only possible using a synthetic dataset with precise

lesion characteristics. Both in combination address the second research gap of this

research project (see Gap 2). Specifically, I:

• Developed a synthetic model for generating brain tumours of predefined lesion

size and location, enabling robust and reproducible evaluation of lesion detection

performance.

• Investigated SR techniques to improve lesion visibility, enhancing segmentation

accuracy, robustness, and sensitivity to smaller lesions.
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• Evaluated the SR-LDM framework against state-of-the-art methods, assessing

its ability to detect and segment small lesions within the synthetically generated

dataset and determined the minimum detectable lesion size.

• Introduced and evaluated GradDiff: a novel gradient-based anomaly map gen-

eration method to improve segmentation robustness and accuracy, particularly

for small lesions.

• Unified synthetic generation and detection of small brain tumours within a single

model framework, using a common conditioning mechanism that integrates

both generative and detection tasks.

These efforts culminate in the following contributions:

Contribution 2

Developed and validated a DDPM-based model for the controlled synthesis of

size-specific brain tumour lesions in multi-sequence MRI.

Contribution 3

Conducted the first systematic investigation of DDPM-based SR in weakly-

supervised anomaly detection, evaluating its impact on the detectability of

small brain tumours.
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Chapter 5

Generalisability to paediatric populations

After the successful investigation of adult brain tumours in 3D (see Chapter 3) and

the detection of small lesions in 2D (see Chapter 4), this chapter focuses on the

generalisability of the proposed weakly-supervised anomaly detection method to

paediatric populations. The emphasis lies on the reusability of previously trained

2D-LDM and components with minimal adaptation, aiming to evaluate how well the

approach transfers to the distinct characteristics of paediatric brain tumour cases.

The chapter thereby addresses directly the challenges described in Section 2.4.3.

5.1 Introduction and problem formulation

Paediatric brain tumours present unique challenges due to their distinct characteristics

compared to adult cases. These differences include variations in tumour types, growth

patterns, and the impact of treatment on developing brains, as shown in Section 1.1.

Being able to leverage models trained on the comparatively data-rich adult population

offers a promising pathway to overcome the amplified data scarcity in paediatric

neuro-oncology. Such transfer not only enables the reuse of robust, well-tested

components but also helps bridge the gap created by limited research and annotation

resources in paediatric cohorts:
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Gap 3

The generalisability of weakly-supervised DDPMs to paediatric brain tumours

remains untested, despite their hypothesised robustness to distributional shifts

and suitability for data-scarce clinical settings.

The chapter is guided by the objective of assessing how well the previously

developed models and components from Chapter 3 and Chapter 4 generalise to the

paediatric domain. Rather than developing a new model from scratch, the focus

lies in reusing and minimally adapting existing elements to account for population-

specific differences. This approach reflects the broader motivation to bridge the gap

in paediatric neuro-oncological imaging by leveraging knowledge derived from the

more data-rich adult population. This idea is formalised in the following research

question:

Research Question 3

To what extent can DDPMs trained on adult brain tumour data generalise

to the paediatric domain, and how robust are the learned representations to

shifts in population and disease distribution?

Answering this research question has significance beyond its immediate relevance

to paediatric neuro-oncology. Demonstrating successful generalisation would provide

evidence that the proposed weakly-supervised anomaly detection framework can

extend to other data-scarce settings with related structural characteristics. This

would suggest that knowledge gained from well-annotated populations may be

(partially) transferable to clinically distinct cohorts, thereby reducing the need for

extensive retraining. More generally, it opens the door for future work exploring

how weakly-supervised DDPMs can be adapted to rare diseases or underrepresented

cohorts where annotated data is limited, yet diagnostic accuracy remains critical.

These findings are summarised in the following contribution:
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Contribution 4

Demonstrated the generalisability of DDPM-based weakly-supervised anomaly

detection for brain tumour segmentation to data-scarce paediatric cases, vali-

dated on a curated multi-institutional dataset under clinically realistic condi-

tions.

The remainder of this chapter is structured as follows: Section 5.2.1 describes the

dataset used for evaluation and the metrics employed to assess model performance.

Section 5.2 evaluates the generalisability of the proposed framework to paediatric

populations using the recently released BraTS paediatric dataset. In particular, it

analysis the performance of a pre-trained model and explores various fine-tuning

strategies to adapt the model to the paediatric domain. Section 5.3 outlines the

collection of a private dataset for evaluation encompassing a wider range of brain

tumour subtypes, and presents qualitative and quantitative results for the pre-trained

model. Finally, Section 5.4 summarises the findings and discusses limitations.

5.2 Evaluation on the state-of-the-art paediatric dataset

This section evaluates the generalisability of the proposed weakly-supervised frame-

work to paediatric populations using the recently released BraTS paediatric dataset

(see Section 2.1.1).

5.2.1 Dataset and evaluation

As outlined in Section 2.1.1, the recent BraTS challenge includes a paediatric cohort

of 99 individuals with ground-truth annotations. Although structurally consistent

with the adult dataset in terms of available MRI modalities, it is substantially smaller

than the 1251 annotated adult cases used to assess low-grade gliomas (LGGs) and

high-grade gliomas (HGGs). The dataset offers a valuable benchmark for evaluating

how models trained on adult brain tumour data transfer to paediatric cases. Its

design closely mirrors the adult BraTS dataset, employing comparable case collections
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and consistent processing guidelines during curation. This alignment enables direct

analysis of generalisability using pre-trained adult models, with the primary difference

being the underlying population. Training models from scratch on the paediatric

subset is hindered by limited sample size and variability, leading to overfitting and

restricting the capacity of deep feature extractors (Ayana et al., 2024; Ganatra,

2025). Knowledge transfer from the adult domain therefore provides a more robust,

data-efficient strategy (Ayana et al., 2024).

Section 5.2.2 investigates the performance of weakly-supervised anomaly detection

based on a 2D-LDM without fine-tuning. All 99 paediatric cases are directly used

for inference with the 2D-LDM pre-trained on the adult BraTS dataset. In contrast,

Section 5.2.3 fine-tunes the proposed 2D-LDM on the paediatric dataset. Due to the

limited sample size and the goal of minimal adaptation, the 99 cases are partitioned

into 70 for training, 9 for validation, and 20 for testing.

Given the identical structural composition of the paediatric and adult datasets,

the data processing pipeline mirrors that described in the preceding chapters. As

justified in Section 4.1.3, the analysis is restricted to 2D slices. Each slice is padded

to a base-2 resolution of 256× 256 pixels and normalised to the range [−1, 1].

The inference procedure is identical to the one described in Section 3.4.3: Encoding

is utilised to generate a latent representation of the input data, which is then subject

to classifier-free guidance to produce a healthy counterfactual. The segmentation

mask is derived from the difference between the original and counterfactual images

and thresholded to isolate the lesion region. The thresholding method is selected

based on the findings from Chapter 4, where Otsu’s method was shown to be effective

for small lesions. However, as an alternative, the gradient-based GradDiff method

introduced in Section 4.4.1 is also considered to analyse the benefits of gradient-

based thresholding on distribution shifts. To streamline evaluation, only five slices

containing lesions are extracted per subject, resulting in 495 slices for the pretrained

evaluation and 100 slices for the fine-tuned configuration.

The model’s performance is evaluated using the same metrics as in Chapters 3

and 4, namely the DSC and specificity. These metrics are selected for their clinical
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relevance, as they quantify segmentation accuracy and the model’s ability to avoid

false positives. Both are critical for reliable treatment planning and disease monitoring.

Their continued use ensures consistency across experiments and reflects the rationale

outlined in Section 2.1.2. Similarly to Section 4.4.1, bootstrapping is employed

to estimate confidence intervals for the metrics, providing a robust measure of

performance variability, particularly for the small sample size in the paediatric cohort.

For context, the results are compared against several weakly-supervised baselines

from the previous chapter adapted to the lower-dimensional setting:

1. a 2D-VAE with adversarial training,

2. a 2D-CAM model (Z. Chen et al., 2022), and

3. a transformer-based 2D-WS-MTST model (H. Chen et al., 2023).

In addition, a supervised 2D U-Net pre-trained on the adult dataset is included as

an upper performance bound. All baselines are trained and evaluated under identical

conditions to ensure a fair comparison.

Important notes

Baseline methods are evaluated only in the pre-trained setting without any

fine-tuning. The same results are shown across all subplots to enable direct

visual comparison with the 2D-LDM under different configurations.

5.2.2 Pre-trained segmentation model

Evaluation of the pre-trained LDM on paediatric subjects demonstrates that the

model generalises effectively across populations, achieving high segmentation per-

formance without any additional fine-tuning. As shown in the first row of Fig. 5.1,

high DSC scores are obtained across selected slices and subjects, with performance

peaking at 0.6483 for N = 600, C = 4. A consistent trend is observed across guidance

strengths and sampling schedules, with performance increasing up to N = 600 steps,

followed by a drop-off beyond this point. Classifier-guidance strength C appears to be

influenced by the number of encoding steps, with higher values of C preferred at lower
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Figure 5.1: Paediatric brain tumour segmentation performance measured by DSC.
Each row represents a different training strategy of the 2D-LDM, and each column
corresponds to a different thresholding method. The x-axis shows the number
of encoding steps N , while the y-axis indicates the DSC score. Colours denote
classifier-guidance strength C, and error bars reflect bootstrapped confidence intervals.
Baselines are evaluated without fine-tuning and are shown across all plots for visual
comparability. PT: pre-trained model; FT: fine-tuned model; SCond: structural
encoder conditioning. Superscripts indicate the evaluation set: † refers to the full
paediatric test set (n = 99), and ∗ refers to the reduced fine-tuning test subset
(n = 20).
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1Figure 5.2: Visual results of paediatric brain tumour segmentation. Columns repre-
sented the input data followed by all tested configurations. The first four rows repre-
sent the MRI sequences and the respective reconstructions or healthy counterfactuals
for each model. As 2D-CAM and 2D-WS-MTST are not reconstruction-based or gen-
erative models, these sequences are not displayed. The last row indicates the ground
truth annotation mask in the first column followed by the model-specific anomaly
maps. Results for the 2D-LDM are obtained using the best configuration(N = 600
and C = 4).
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N and vice versa. This behaviour reflects the trade-off between guidance strength

and sampling steps. Larger C initially improves segmentation by promoting more

complete outputs, but also increases the risk of artefacts, as discussed in Chapter 3.

At higher N , these risks outweigh the benefits, explaining the observed performance

drop-off. Interestingly, the variance appears to be unaffected by any hyperparameter,

suggesting that the model’s uncertainty is more influenced by inherent data variability

than by sampling configurations.

GradDiff consistently outperforms Otsu thresholding across all configurations,

achieving higher DSC scores with reduced variance. Designed to be sensitive to

subtle intensity differences (see Section 4.4.1), GradDiff appears to be more effective

in mitigating the impact of distributional shifts between adult and paediatric data,

leading to 5 % to 10 % improvements in DSC.

Similar trends are reflected in specificity, reported in Fig. C.2, which remains stable

up to N = 600 before degrading with further diffusion steps. The same preference

for lower classifier guidance strength is evident, again with C ∈ [3, 4] producing the

most favourable outcomes. Compared to Otsu thresholding, GradDiff achieves higher

specificity and more compact result distributions, suggesting improved robustness

and reduced susceptibility to false positives.

Compared to the baseline models, the pre-trained 2D-LDM achieves substantially

higher performance. The reported DSC scores of the baselines are consistent with

the findings in Chapters 3 and 4, with the VAE performing lowest at 0.1360, followed

by 2D-CAM at 0.2495 and its advanced variant, 2D-WS-MTST, at 0.2670. The

notably reduced performance is visualised in Fig. 5.2, where the pre-trained 2D-LDM

with N = 600 and C = 4 almost perfectly detects the brain tumour in the paediatric

subject, while the baselines either produce an abundance of outliers (2D-VAE) or

detect additional larger lesions within the same subject (see the 2D-CAM and 2D-

WS-MTST results). In comparison, the fully supervised U-Net shown in Fig. C.1

attains a DSC of 0.9480, establishing a strong upper bound for this cohort. Although

the 2D-LDM does not reach this level, it clearly outperforms every other tested

model using only image-scale annotations.
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5.2.3 Fine-tuning adult model

This section investigates fine-tuning strategies applied to the pre-trained model of

the previous section with the aim of extending its utility to paediatric data. The first

strategy, outlined in Section 5.2.3, leverages the structural conditioning mechanism

described in Section 2.3.3 to adapt the pre-trained model to the target task. This

choice is motivated by the preceding chapter, where adaptation through conditioning

was shown to be effective for both controlled synthesis and resolution enhancement

(see Chapter 4). In parallel, classical fine-tuning was explored by adapting the

parameters of the pre-trained model using target task data (see Section 5.2.3).

Full re-training was not pursued, as the objective of this chapter is to assess the

generalisability of weakly-supervised learning rather than to develop task-specific

models. Moreover, given the limited sample size and the high capacity of the

underlying DDPM, training from scratch would likely result in overfitting, thereby

undermining the intended evaluation (Ayana et al., 2024; Ganatra, 2025).

Fine-tuning using encoder conditioning

In the structurally conditioned variant, fine-tuning is performed by introducing

additional learnable parameters through a structural encoder. This encoder follows

the design of the U-Net encoder but constitutes the only component updated during

training, while the backbone weights remain frozen. In this way, spatial context is

injected into the backbone U-Net without altering its pre-trained architecture. Given

its prior success in conditional synthesis and SR, this strategy was considered a viable

alternative for extending model utility and further assessing the generalisability of

the weakly-supervised formulation.

Fine-tuning with the structural encoder resulted in a substantial degradation

of performance relative to the pre-trained baseline, as shown in Fig. 5.1, second

row. Across most configurations, the DSC score dropped by more than 40%, with

the best performance reaching only 0.1782. Despite the overall decline, the similar

performance trends to the non-pre-trained model were observed: performance peaked
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at N = 600, and conditioning via GradDiff yielded marginal improvements over

alternatives. These results indicate that the inclusion of the structural encoder does

not enhance segmentation performance in this setting.

One possible explanation lies in the nature of the conditioning mechanism. In the

previous chapter, the structural encoder successfully adapted a pre-trained LDM

to novel tasks such as synthesis and SR, where the conditioning inputs introduced

distinct and complementary information. In contrast, the current task does not

deviate substantially from the original training objective. As a result, the addi-

tional conditioning signal may introduce redundancy or even interfere with learned

representations, leading to degraded performance.

Another possible explanation lies in overfitting to the limited amount of data

available. Chapter 4 provided roughly 10-15 times more training samples. Under

those conditions the structural encoder showed clear benefits of re-utilising pre-trained

priors. Both explanations remain difficult to disentangle, but together they suggest

that structural conditioning is most effective when adequate data are available and

when the target task introduces additional context not already captured during

pre-training.

Classical fine-tuning

Classical fine-tuning adapts the pre-trained adult model to the paediatric domain by

updating its layers on the target data. In this setup, the pre-training serves primarily

as a prior to accelerate convergence. The core objective remains unchanged, and the

model continues to operate within the same weakly-supervised anomaly detection

framework. This approach capitalises on the shared structure of the tasks while

avoiding the need to initialise training from random weights.

As shown in Fig. 5.1, third row, fine-tuning affects the two thresholding mechanisms

differently. For GradDiff, performance decreased across all tested configurations,

with reductions of 1 % to 7 % relative to the pre-trained model. The largest drop

occurred at N = 600. In contrast, Otsu thresholding benefited from fine-tuning,

achieving gains of 1 % to 15 %, particularly at high N and C. The best result was
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obtained with N = 600 and C = 6, yielding a DSC of 0.6629 , slightly surpassing

the best pre-trained configuration. These results partially restores the previously

observed ratio between the two thresholding strategies Section 4.4, where GradDiff

shows inferior performance to Otsu thresholding.

Both thresholding methods also exhibited reduced variance, which can be attributed

due to the smaller test set size used during fine-tuning (see Section 5.2.1). The latter

is confirmed by evaluating the pre-trained model of Section 5.2.2 on the reduced test

set, resulting in comparably low variances (see Fig. 5.1, bottom row).

These results suggest that GradDiff performs competitively without fine-tuning,

achieving scores comparable to fine-tuned Otsu thresholding. This highlights the

strength of gradient-based thresholding as a mechanism for guiding anomaly local-

isation, particularly under distributional shifts where explicit re-training may be

impractical or suboptimal.

In addition, these results further validate the hypothesis outlined in Section 5.2.3,

namely that the structural encoder is only effective when the target task diverges

meaningfully from the pre-training objective and sufficient data are available to

support adaptation. Given the limited size of the paediatric dataset, classical fine-

tuning proves more robust, as it preserves or improves performance under the same

data constraints. This can be attributed to the fact that the pre-trained model

already captures relevant features for the paediatric domain, requiring only minor

adjustments rather than the introduction of new parameters. As a result, less data are

needed to adapt the existing representations effectively, compared to the structural

encoder, which effectively re-initialises a large portion of the model.

5.2.4 Summary of findings

The adult-pretrained 2D-LDM demonstrates clear advantages over conventional

weakly-supervised baselines, achieving substantially higher segmentation performance

and accommodating the adult-to-paediatric distribution shift more effectively. In

contrast, baseline models such as the 2D-VAE, 2D-CAM, and 2D-WS-MTST show

limited transferability, reflecting their reduced capacity to capture complex anatomical



Chapter 5. Generalisability to paediatric populations 216

and pathological variation. When compared to a fully supervised U-Net, the LDM

remains competitive despite relying only on weak supervision. This positions the

model at the same level of robustness as supervised approaches under mild distribution

shifts. This capacity is attributable to its encoding mechanism, which preserves

global anatomical structure while enabling conditional edits in relevant regions.

Fine-tuning strategies provide only minor improvements, with classical fine-tuning

yielding modest gains for specific configurations, while structural encoder-based fine-

tuning proves ineffective. These findings indicate that the pretrained model already

captures transferable representations, with adaptation offering limited additional

benefit. Overall, the results underscore the generalisability of the weakly-supervised

DDPM-based framework to paediatric cohorts and highlight its potential as an

annotation-efficient alternative to fully supervised methods in data-scarce clinical

scenarios.

5.3 Evaluation on private data collection

The findings of the previous section demonstrate the generalisability of the proposed

weakly-supervised LDM to paediatric populations using a publicly available bench-

mark dataset. However, real-world clinical data pose additional challenges, including

variability in acquisition protocols, scanner hardware, and patient demographics. To

assess the robustness and applicability of the framework under these more realistic

conditions, a complementary clinical dataset was assembled through collaborations

with The Children’s Hospital at Westmead (CHW), Australia, and The Children’s

Hospital of Philadelphia (CHOP), United States of America. The dataset forms

a diverse resource for examining cross-institutional performance and the practical

utility of the proposed approach in paediatric neuro-oncology.

5.3.1 Description of dataset

Both datasets were acquired under appropriate ethical approvals and in compliance

with data protection and patient confidentiality standards. The CHW dataset was
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curated locally from existing records and therefore entails an in-depth description

of the data curation process. In contrast, the CHOP dataset was obtained through

The Children’s Brain Tumor Network (CBTN), which provides de-identified research

data to external investigators upon request. The following sections describe both

datasets in detail, including their characteristics and the procedures employed to

ensure ethical compliance and data integrity.

CHW dataset

The first part of the complementary dataset was obtained from the CHW and is

designed as a healthy control group for model fine-tuning and adaptation. It consists

of 151 MRI acquisitions from anatomically healthy children and adolescents aged

between 3 and 18 years. The collection encompasses retrospectively gathered MRI

scans, acquired between January 2008 and July 2023. The children were administered

for neurological symptoms without any anatomical changes observed during MRI

examination. This collection provides a representative healthy control group spanning

a wide paediatric age range. The CHW dataset also includes a separate pre-existing

cohort of diffuse midline glioma (DMG) patients obtained from a pre-existing study

(2020/STE03292). The project presented in this chapter, including both dataset

components, is formally registered as “Analysis of paediatric brain tumours using

Machine Learning” (2023/ETH01816) on the Research Ethics Governance Informa-

tion System and holds site-specific approval from CHW (2023/STE03408). Ethical

approval was also obtained from the human research ethics committee (HREC) of

The University of Technology Sydney (UTS) (ETH24-9548).

Dataset curation process Due to the ethical sensitivities and privacy risks

associated with paediatric imaging data, all procedures were conducted in strict

compliance with institutional and state regulations, as outlined in Section 2.1.1. To

facilitate access under these conditions, I obtained formal affiliation with CHW as

a contingent worker. Eligible participants were identified from the Cancer Centre

for Children departmental database, and requests for de-identified imaging were
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submitted to the Medical Imaging Department. The selection of the healthy control

group was independently performed by three clinical specialists, who reviewed both

the imaging data and corresponding reports to confirm the absence of pathology. All

curation procedures were conducted in accordance with National Health and Medical

Research Council recommendations and New South Wales privacy legislation.

Serial MRI acquisitions in Digital Imaging and Communications in Medicine

(DICOM) format were collated by the research team at CHW. The process was

supervised by the principal investigator (PI), Dr. Robert Goetti, and coordinating

PI, Prof. Daniel Catchpoole, who ensured that de-identification was complete prior

to transfer. All identifying DICOM fields (e.g. patient name, date of birth, and

medical record number) were removed using scanner software at the time of export.

Each case was assigned a study number, with the re-identification key retained

securely within the hospital firewalls by the PI. The de-identified imaging data were

encrypted, and transferred to UTS by the coordinating PI, where they are stored

on a password-protected server, with exclusive access to the research team listed on

the ethics application. The encrypted hard drive was then returned to CHW. No

identifiable data were transmitted outside the hospital.

The data curation process extended over more than a year, beginning in mid-2022

with initial applications and feasibility discussions with medical professionals, and

concluding with final approval in October 2023. This early start was essential to

secure the multiple ethics approvals required for paediatric data access. At the same

time, the pipeline was still under development, and its full capacities and limitations

were not yet known at the point of application.
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Important note

Although this dataset was curated with considerable effort over more than a

year, it could not be utilised in the final experiments. The absence of the full

set of MRI sequences required for the 2D-LDM trained on the BraTS dataset

(Section 2.1.1) made both the diseased and healthy cohorts incompatible with

the finalised pipeline. Moreover, as shown in Section 5.2, fine-tuning strategies

did not yield improvements, further reducing the value of the healthy control

cohort in the present setting. The dataset is therefore included here primarily

to illustrate the practical challenges and extensive efforts involved in obtaining

paediatric imaging data for research.

CHOP dataset

While the locally curated dataset could not be employed in the final experiments,

complementary data were available from CHOP through the CBTN, providing a

suitable basis for evaluation. This research dataset is accessible to investigators

upon request and provides a diverse collection of paediatric brain tumour cases. It

was included both for its heterogeneity and because it originates from a different

institution, enabling the assessment of generalisability across cancer types as well

as across acquisition sites. The dataset encompasses a wide spectrum of paediatric

brain tumour variants, including LGGs, HGGs, ependymoma, and DMG cases. This

diversity makes it possible to evaluate the proposed anomaly detection framework on

tumour types commonly encountered in paediatric neuro-oncology (see Section 1.1),

and to identify both its strengths and its limitations in handling clinically relevant

heterogeneity.

In addition, the dataset comprises multiple MRI sequences for each case, including

T1-weighted (T1w), T1ce, T2-weighted (T2w), and T2-fluid attenuated inversion recov-

ery (T2-FLAIR) modalities. These sequences are required for the model designed

in this thesis, which relies on the same multi-modal input structure as the BraTS

dataset. As a result, each tumour subgroup was analysed based on the availability

of these sequences and processed using the same standardisation pipeline applied
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to the BraTS dataset. This pipeline is provided by the Cancer Imaging Phenomics

Toolkit1 (Davatzikos et al., 2018; Pati et al., 2020), which performs co-registration

to a common template, skull-stripping, bias field correction and resampling to an

isotropic resolution of 1 mm3. In addition, the pipeline features an automated seg-

mentation module based on a pre-trained 3D U-Net, which obtains a preliminary

tumour mask for quantitative and qualitative assessment.

The resulting dataset comprises the following statistics per tumour type:

• Ependymoma: 189 individual acquisitions from 189 individuals

• LGG: 505 individual acquisitions from 505 individuals

• HGG: 263 individual acquisitions from 253 individuals

• DMG: 65 individual acquisitions from 65 individuals

5.3.2 Experimental results

This section presents preliminary results obtained by applying the pre-trained model

from Section 5.2.2 to the curated clinical dataset described in Section 5.3.1.

Preprocessing and evaluation

As outlined in Section 5.3.1, only the CHOP dataset was used for evaluation due to the

incompatibility of the CHW dataset. Since the CHOP dataset was processed with the

same pipeline as the BraTS dataset, it is directly compatible with the pretrained model

from Section 5.2.2. Additionally, it follows the identical preprocessing, inference,

and evaluation procedures described in Section 5.2.1. This ensures consistency with

previous experiments and allows direct comparison of results. Preprocessing following

the BraTS processing pipelines includes padding to a base-2 resolution of 256 × 256

pixels and normalisation to the range [−1, 1].

Inference uses the same encoding and classifier-free guidance strategy, with seg-

mentation masks derived from the difference between the original and counterfactual

images. Both Otsu and GradDiff thresholding methods are applied to isolate lesion

regions. Because the available annotations were generated automatically by the

1https://cbica.github.io/CaPTk/preprocessing brats.html

https://cbica.github.io/CaPTk/preprocessing_brats.html
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BraTS pipeline (see Section 5.3.1) rather than confirmed by clinical experts, the

quantitative analysis should be interpreted with caution.

For subgroup-specific assessment, the dataset is partitioned into four tumour

categories (ependymoma, LGG, HGG, and DMG). From each subgroup, 50 individ-

uals with two lesion-containing slices are selected, yielding 100 slices per tumour

type. This sampling strategy introduces variability while accounting for the fact

that the automated segmentation used in the BraTS preprocessing pipeline may not

detect lesions in all subjects. The buffer ensures balanced selection across subgroups,

including DMG, which comprises only 65 cases in total. As in the previous chapter,

performance is estimated through bootstrapping, drawing resampled sets from the

available data to provide more robust estimates of variability. Evaluation combines

preliminary quantitative metrics with visual inspection of segmentation quality, with

particular attention to edge cases and clinically relevant scenarios. Reported metrics

include DSC and specificity, though their reliability is limited by the absence of

expert-confirmed annotations.

Experimental results on CHOP dataset

As outlined before, the results are split into quantitative and qualitative analyses.

Quantitative metrics are presented first to provide an overview of performance across

the entire dataset, followed by a detailed qualitative assessment of representative

cases to illustrate the model’s strengths and limitations in practical scenarios.

Quantitative analysis Across tumour subgroups, the 2D-LDM exhibits trends

consistent with those observed in the paediatric BraTS dataset. For HGG, perfor-

mance remains relatively stable, reaching a best DSC of 0.4172 with N = 500, C = 3,

and Otsu thresholding. The corresponding configuration with GradDiff yields 0.3896,

reflecting the typical 3 % to 4 % reduction observed throughout Fig. 5.3. A similar

pattern is evident for ependymoma, where performance is lower overall but stable,

achieving 0.2733 with Otsu and 0.2003 with GradDiff, corresponding to a decrease

of approximately 7 %.
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In contrast, LGG and DMG show sensitivity to the gradient scale C, consistent

with findings in Section 5.2. For LGG, the DSC declines by nearly 2 % between

C = 3 and C = 6 across both thresholding methods. This effect is amplified in DMG,

where performance also depends strongly on N , resulting in a further reduction

of almost 3 %. Notably, DMG attains the highest overall score among subgroups,

despite not being represented during training, with a best DSC of 0.4520 (N = 500,

C = 3, Otsu). The corresponding GradDiff score is 0.4202, approximately 3 % lower.

When compared to other weakly-supervised baselines, the 2D-LDM achieves

substantially higher average performance on this dataset: 25 % for DMG, 18 % for

LGG, and 17 % for both HGG and ependymoma relative to the best-performing

2D-WS-MTST. Only the supervised U-Net surpasses these results (see Fig. C.3),

although the margin is considerably smaller than on the BraTS dataset (see Fig. C.1).
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Specificities are high across all methods, with the 2D-LDM only about 1 % lower

than the baselines, as shown in Fig. C.4. This minor difference reflects the tendency

of the baselines to default to background predictions, which inflates specificity but

comes at the cost of markedly lower DSC.

In summary, the 2D-LDM sustains its performance across previously unseen

tumour types and acquisition conditions, reinforcing its generalisability. Nevertheless,

segmentation accuracy remains highly dependent on hyperparameters, and the

evaluation itself is constrained by reliance on the pre-trained U-Net from the BraTS

pipeline, which shows difficulties in edge cases (e.g. first row of Fig. 5.4). This

complicates the assessment of thresholding strategies and may partially contribute

to the reduced performance of GradDiff in this setting.

Qualitative analysis Representative qualitative results are shown in Fig. 5.4,

illustrating the variability in prediction quality across subjects. In several cases (rows

2, 4, 5, 6, 7, and 8), the model generates plausible healthy counterfactuals, while in

others the reconstructions remain inaccurate. This variability cannot be explained

by lesion size alone. For instance, the large lesion in row 1 proved challenging to

remove, but the equally large lesion in row 5 was mostly corrected. Moreover, the

difficulty in row 1 is not unique to the proposed approach; the pre-trained 3D U-Net

from the BraTS preprocessing pipeline also fails to delineate the anomaly accurately

(Fig. 5.4c).

Another notable observation is the 2D-LDM’s ability to operate on scans with

limited fields of view, as illustrated in row 3 of Fig. 5.4. Here, the brain is not

fully captured, yet the model refrains from introducing spurious anatomy into the

missing regions and instead focuses on reconstructing the structures present. This

behaviour supports the effectiveness of the encoding mechanism, which preserves

intact anatomy and confines conditional edits to the relevant regions.

The approach also generalises to out-of-distribution tumour types. Accurate

counterfactuals were obtained for ependymoma (rows 5 and 6) and DMG (rows 7

and 8), closely resembling the predictions of the supervised U-Net ground truth.



Chapter 5. Generalisability to paediatric populations 224

HGGLGGEpendymomaDMG

(a
)
In
p
u
t

HGGLGGEpendymomaDMG

(b
)
H
ealth

y

HGGLGGEpendymomaDMG(c)
T
arget

HGGLGGEpendymomaDMG(d
)
O
tsu

HGGLGGEpendymomaDMG

(e)
G
rad

D
iff

F
igu

re
5.4:

V
isu

al
resu

lts
for

th
e

C
H

O
P

d
ataset.

(a)
sh

ow
s

th
e

in
p

u
t

d
ata;

(b
)

p
resen

ts
th

e
h

ealth
y

cou
n
terfactu

al
gen

erated
b
y

th
e

b
est-p

erform
in

g
con

fi
gu

ration
of

th
e

p
re-train

ed
2D

-L
D

M
(N

=
600,

C
=

3);
(c)

d
isp

lay
s

th
e

grou
n

d
-tru

th
an

n
otation

;
(d

)
an

d
(e)

sh
ow

th
e

an
om

aly
m

ap
s

ob
tain

ed
u

sin
g

O
tsu

an
d

G
rad

D
iff

th
resh

old
in

g,
resp

ectively.
R

ow
s

corresp
on

d
to

d
iff

eren
t

su
b

jects,
w

ith
every

tw
o

su
b

jects
rep

resen
tin

g
th

e
sam

e
tu

m
ou

r
ty

p
e.

F
rom

top
to

b
ottom

:H
G

G
,

L
G

G
,

ep
en

d
y
m

om
a

an
d

D
M

G
.

T
h

e
M

R
I

seq
u

en
ces

(colu
m

n
s)

are
ord

ered
as

follow
s:
T
1 ce,

T
1 w

,
T
2 -F

L
A

IR
,

an
d
T
2 w

.



225 5.4. Limitations and conclusion

This further underscores the generalisability of the framework, which successfully

detects non-normal tissue despite being trained exclusively on healthy, LGG, and

HGG cases. Any preferences to a specific tumour type for the present samples are

not evident beyond the aforementioned size effect, which primarily affects HGG cases

due to their aggressive nature and growth.

Finally, artefacts introduced during generation can offset the anomaly map calcu-

lation as observed throughout this thesis. These artefacts could not be mitigated by

any of the methods evaluated in this study and directly reduce detection reliability.

This challenge was partially addressed in Chapter 4 through the use of SR, which

improved small lesion detection but was not pursued here due to the considerable

computational cost associated with high-resolution training and inference (see Sec-

tion 4.4.4). As illustrated in Fig. 5.4e, GradDiff thresholding can produce more

compact segmentations than Otsu, yet these do not overcome the fundamental

limitations imposed by artefacts in the generated images.

5.4 Limitations and conclusion

This chapter has demonstrated the generalisability of the proposed weakly-supervised

framework to paediatric populations by leveraging pre-trained 2D-LDMs and their

ability to transfer across cohorts. The pre-trained 2D-LDM achieved performance

comparable to the fine-tuned variant, supported by the novel GradDiff thresholding

method, which proved more robust and consistent than conventional thresholding in

this setting. The framework further surpassed conventional weakly-supervised base-

lines, achieving substantially higher segmentation performance and accommodating

the adult-to-paediatric distribution shift more effectively. This capacity is attributable

to the encoder design, which preserves global anatomical structure while enabling

conditional edits in relevant regions, thereby supporting robust generalisability under

distributional change.

Despite outperforming other weakly-supervised methods, the results on the pae-

diatric BraTS dataset also show that the supervised baseline generalises strongly.
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This may suggest that the adult-to-paediatric shift is relatively modest; at least in

this controlled benchmark: sufficient to challenge conventional weakly-supervised

baselines but not severe enough to establish whether weakly-supervised anomaly

detection with LDMs is inherently better suited to handling distribution shifts than

supervised deep learning (DL) models. The preliminary analysis of the CHOP dataset

provides a different perspective. Here, the 2D-LDM generalises beyond the tumour

types represented in BraTS, achieving comparable performance in some cases to the

official 3D U-Net used in the BraTS preprocessing pipeline. These results indicate

that the distributional differences between adult and paediatric data are more sub-

stantial than the BraTS-only evaluation suggests, and that the weakly-supervised

2D-LDM may be more robust to such shifts. At the same time, the analysis exposes

a critical limitation: reliance on complete multi-sequence inputs and highly curated

preprocessing pipelines reduces flexibility when faced with real-world clinical data,

which often exhibit missing modalities, variable acquisition protocols, and inconsis-

tent coverage. While the proposed encoding mechanism preserves available anatomy,

further investigation is needed to develop approaches that operate reliably under

these less controlled conditions. An additional limitation is that the quantitative

evaluation relies on the automatic annotations provided by the BraTS preprocessing

pipeline, which can be inaccurate in challenging cases. A more definitive assessment

will therefore require larger-scale studies spanning multiple diseases and populations,

supported by expert-validated annotations, where variability is more pronounced

and quantitative evaluation more reliable.

A further limitation arises from the rigidity of the proposed approach. Since

the models are trained on the full set of complementary MRI sequences provided

by the BraTS dataset, they also depend on these sequences during inference. In

practice, many clinical datasets, particularly retrospective collections, lack complete

multi-sequence coverage, as demonstrated by the CHW cohort analysed in this

chapter. This dependency reduces the generalisability of the method and restricts its

applicability, because individuals with incomplete data are excluded from evaluation.

Another constraint is that the results in this chapter were obtained using the original
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hyperparameter configuration of GradDiff defined in Section 4.4.1. As shown in

the ablation study of SR (see Section 4.4.3), adapting these parameters can yield

improved outcomes in certain settings. The findings here highlight mixed behaviour

across datasets, suggesting that additional tuning of GradDiff may be necessary to

realise its full potential. Nevertheless, expanding the parameter space increases the

overall complexity of the method, and the consistency of such gains across different

datasets remains uncertain.

Lastly, a limitation arises from the fine-tuning strategy employed for adapting

the pre-trained LDM to paediatric data. This work adopted the encoder-based

fine-tuning approach proposed by J. Wang et al. (2024), which proved highly effective

for synthetic image generation and SR tasks in Chapter 4. However, its application

in this context yielded reduced performance compared to classical fine-tuning, which

achieved parity with the pre-trained model. One possible explanation is that encoder-

based fine-tuning is most effective when the target task diverges substantially from the

original training objective. In contrast, anomaly detection on paediatric data remains

closely aligned with the adult training domain, limiting the benefit of decoupling

the encoder and potentially introducing unnecessary adaptation noise. While it

would be desirable to integrate disease- or population-specific encoders for targeted

adaptation, this strategy did not prove effective here. Future work may therefore

require exploration of alternative fine-tuning methods, unless the generalisability

observed in this study extends beyond the adult-to-paediatric shift.

In conclusion, this chapter has successfully demonstrated the generalisability of

the proposed weakly-supervised anomaly detection framework to paediatric brain

tumours. As a result, the proposed approach address the third research gap outlined

in Section 2.4.3. In summary, I:

• Assessed the generalisability of the weakly-supervised framework to paediatric

populations, leveraging pre-trained models and their capacity to generalise to

paediatric brain tumours.

• Demonstrated that the pre-trained 2D-LDM achieves comparable performance

to a fine-tuned model, owing to the novel thresholding method GradDiff.
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• Highlighted the limitations of the encoder-based fine-tuning strategy, which

proved less effective than classical fine-tuning in this context.

• Curated a real-world dataset through collaborations with multiple institu-

tions, evaluated the proposed approach under realistic clinical conditions, and

highlighted key challenges of unprocessed clinical data.

These efforts culminate in the following contribution:

Contribution 4

Demonstrated the generalisability of DDPM-based weakly-supervised anomaly

detection for brain tumour segmentation to data-scarce paediatric cases, vali-

dated on a curated multi-institutional dataset under clinically realistic condi-

tions.



Chapter 6

Conclusion

Paediatric brain tumours remain a major global health concern, particularly due to

the complexity and severity of their clinical implications. Accurate identification

and delineation of tumoural lesions are central to diagnosis, treatment planning,

and ongoing monitoring. Ensuring the highest possible accuracy and reliability in

this process is therefore of critical importance. Computer-aided diagnosis (CAD)

systems have the potential to provide valuable guidance and support to clinicians by

enhancing the consistency and sensitivity of medical image analysis, particularly in

cases where human interpretation may be limited by ambiguous presentations.

The overarching aim of this thesis was to reduce reliance on costly manual an-

notations for brain tumour segmentation while narrowing the performance gap

between supervised and weakly-supervised deep learning (DL) models. In Chapter 3,

I addressed Gap 1 by proposing a patch-based sampling strategy that extracts

pseudo-healthy subvolumes from diseased individuals, enabling effective training of a

3D-latent diffusion model (LDM) under limited supervision. A more robust encoding

mechanism was also introduced to preserve healthy anatomy and support anatomi-

cally plausible reconstructions, leading to improved segmentation performance. In

Chapter 4, I addressed Gap 2 by constructing a synthetic dataset of small brain

tumours to enable controlled evaluation, and by examining how super-resolution (SR)

enhances lesion visibility and detection sensitivity using a unified framework. Finally,

in Chapter 5, I addressed Gap 3 by evaluating generalisability to paediatric data,

where scarcity and anatomical variability present further challenges. Leveraging a
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curated paediatric dataset, I demonstrated that pretrained LDMs can adapt with

limited modifications and remain robust to mild distribution shifts. Collectively,

these contributions advance weakly-supervised brain tumour segmentation with

denoising diffusion probabilistic models (DDPMs):

Contribution 1 Developed a patch-based LDM for efficient 3D weakly-supervised

brain tumour segmentation via anomaly detection, preserving volumetric context

and integrating a robust encoding strategy to improve anatomical fidelity.

Contribution 2 Developed and validated a DDPM-based model for the controlled

synthesis of size-specific brain tumour lesions in multi-sequence magnetic resonance

imaging (MRI).

Contribution 3 Conducted the first systematic investigation of DDPM-based SR

in weakly-supervised anomaly detection, evaluating its impact on the detectability

of small brain tumours.

Contribution 4 Demonstrated the generalisability of DDPM-based weakly-supervised

anomaly detection for brain tumour segmentation to data-scarce paediatric cases,

validated on a curated multi-institutional dataset under clinically realistic conditions.

The remainder of this chapter is now structured as follows: Section 6.1 offers a

detailed reflection on the contributions of this thesis, linking them to the research

questions and gaps identified in Section 2.4, and summarising their significance

and limitations. Section 6.2 discusses potential directions for future research that

emerge directly from this work. Finally, Section 6.3 closes the chapter with a

broader perspective on the clinical relevance and long-term impact of this research

in advancing medical imaging and diagnostic support.
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6.1 Reflection on contributions

Contribution 1

Developed a patch-based LDM for efficient 3D weakly-supervised brain tu-

mour segmentation via anomaly detection, preserving volumetric context and

integrating a robust encoding strategy to improve anatomical fidelity.

Contribution 1 addressed Research Question 1 (How can weakly-supervised 3D

anomaly detection be made computationally efficient while mitigating reliance on

publicly available datasets of healthy individuals? ) by focusing on Gap 1 (The

transition from 2D to 3D medical image analysis for weakly-supervised brain tumour

segmentation remains underexplored due to increased computational demands and

the lack of public datasets with healthy individuals.).

Chapter 3 introduced and evaluated a novel 3D-LDM designed to address the com-

putational constraints associated with volumetric weakly-supervised segmentation.

By transitioning from full-resolution input to a condensed latent space representation,

I substantially reduced the memory requirements and improved the efficiency of

3D operations. To further support this design, I developed a tailored patch-based

sampling mechanism that further reduced the computational cost and enabled the

extraction of pseudo-healthy regions from pathological scans. This approach lever-

aged the plasticity of the human brain, assuming that regions distant from lesions

retain structurally healthy features. The hypothesis was validated through improved

segmentation performance when compared to uniform sampling, demonstrating that

even diseased datasets can serve as a viable resource for anomaly detection.

In extensive benchmarking, the proposed 3D-LDM outperformed all state-of-the-

art weakly-supervised methods, achieving higher accuracy while offering faster and

more stable training and inference. These results highlight the model’s ability to

focus on clinically relevant features under weak supervision. Furthermore, the choice

of encoding mechanism was shown to be a critical design factor. The integration of

exact diffusion inversion via coupled transformations (EDICT) facilitated stronger



Chapter 6. Conclusion 232

conditional edits with minimal impact on healthy anatomy, and improved inference

speed by allowing shorter diffusion sequences without degrading performance.

Despite these advances, the framework is not without limitations. Artefact genera-

tion during classifier-guided inference remains a prominent challenge, particularly in

background regions or anatomically sparse areas. These artefacts affect the reliability

of intensity-based thresholding by shifting value distributions and increasing false

negatives. The model’s sensitivity to classifier strength and number of encoding steps

further complicates the tuning process. While higher guidance strengths can improve

segmentation, they may also introduce instability and exacerbate artefacts. Similarly,

while shorter encoding sequences accelerate inference, they require careful balancing

to preserve performance and mitigate noise. Inconsistent outcomes across visually

similar cases suggest that robustness remains an area for improvement, particularly

where inaccurate lesion removal compromises segmentation reliability.

Nonetheless, this contribution represents a substantial step forward for weakly-

supervised brain tumour segmentation using DDPMs. It directly addresses the

challenge outlined in Gap 1 and answers the associated Research Question 1, providing

an efficient and effective 3D framework. Most importantly, it established the viability

of LDMs as modular framework to detect anomalous regions in medical images.

These findings laid the foundation for subsequent investigations into small lesion

detectability, where thresholding may be particularly fragile, and cross-domain

generalisability to paediatric cohorts, where data scarcity and anatomical variability

present further challenges.

Contribution 2

Developed and validated a DDPM-based model for the controlled synthesis of

size-specific brain tumour lesions in multi-sequence MRI.

Contribution 3

Conducted the first systematic investigation of DDPM-based SR in weakly-

supervised anomaly detection, evaluating its impact on the detectability of

small brain tumours.
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Contribution 2 and Contribution 3 addressed Research Question 2 (What is the

effect of DDPM-based SR on the sensitivity and segmentation performance of weakly-

supervised anomaly detection, particularly for small brain tumours? ) by focusing

on Gap 2 (The role of SR in enhancing weakly-supervised DDPM-based anomaly

detection remains underexplored, particularly with respect to its effect on sensitivity

to small or subtle brain tumours.).

Chapter 4 investigated the use of conditioning mechanisms in LDMs to support two

interconnected yet distinct tasks: (1) the generation, and (2) the detection of small

brain tumours. To facilitate the detection of small lesions under controlled conditions,

I first developed a method to synthetically generate datasets that exhibit specific lesion

characteristics. This required a comprehensive analysis of conditioning strategies,

given that the replication of established approaches was met with limited success.

The findings revealed that the LDM framework is particularly responsive to binary

mask-based conditioning, enabling the generation of anatomically coherent datasets

tailored to the detection task. These generated samples served as a foundation to

explore the limits of lesion detectability.

In an effort to investigate the capacity for early detection of small lesions, I focused

on the worst-case scenario of detecting faint distributional differences under weak

supervision. To improve the framework’s sensitivity, I extended the thresholding

mechanism with gradient-based information to enhance both sensitivity and speci-

ficity in challenging cases. Building on this foundation, I employed SR to increase

the effective resolution of the input, a strategy that proved particularly valuable

for lesions with minimal spatial extent, where intensity differences are subtle and

easily obscured by noise. The results confirmed that higher resolution improved

detectability and reduced variance across subjects, while consistently outperform-

ing state-of-the-art weakly-supervised approaches that do not employ DDPMs for

anomaly detection. Additionally, the adapted degradation pipeline incorporating

more clinically relevant artefacts showed no substantial differences to the established

method, but it demonstrates the flexibility of the approach and its potential for

further adaptation to other datasets.
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However, the generative component presented several limitations. Generating

realistic synthetic data proved more complex than anticipated due to the influence

of the chosen conditioning mechanism and conditioning signal. Simple conditioning

mechanisms such as latent-space concatenation, as well as advanced strategies re-

using pre-trained models, produced visually and quantitatively compelling results.

Nevertheless, subtle distribution shifts introduced by these methods can impair

downstream models, underscoring the need for careful evaluation beyond sample

quality and including task-specific performance. In addition, the binary lesion

masks used for conditioning proved simple yet effective for normal-sized lesions.

Nevertheless, the limited information content of this small signal relative to the larger

background suggests the need for alternative conditioning strategies that remain

stable in edge cases involving very small lesions. While the current approach is

effective for common lesion appearances, further adaptation will be necessary to

ensure robust performance in such challenging scenarios.

On the detection side, inference time emerged as a major bottleneck. The use of

SR increased computational time, as patch-based inference with overlap was required

to overcome memory constraints. Additionally, attempts to unify conditional SR

and healthy counterfactual segmentation into a single process were unsuccessful,

necessitating the sequential application of both models and thereby substantially

increasing inference time. While the healthy counterfactual generation was shown

to be more resilient to distribution shifts, the SR model exhibited performance

degradation when applied to the synthetic dataset, pointing to domain mismatch

despite synthetic alignment efforts.

Lastly, a limitation arises from the novel gradient-based thresholding mechanism

GradDiff. It was designed to better capture subtle differences and showed improved

sensitivity over traditional thresholding in initial grid-search experiments on regular

lesions. However, this advantage did not fully carry over to the final evaluation

set, where the method underperformed relative to conventional approaches. To

further examine its potential, an additional ablation study was conducted on small

lesions with adapted parameters. This analysis demonstrated that, when carefully
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tuned, GradDiff can provide measurable benefits in detecting small lesions, with

performance improvements over intensity-based thresholding. It also showed that

memory requirements can be reduced by disabling latent gradient computation and

relying on classifier-free pseudo-gradients, with only minimal impact on accuracy.

Despite these limitations, this chapter makes meaningful contributions to the field

of weakly-supervised brain tumour segmentation with DDPMs. It demonstrates that

LDMs can be conditioned to generate datasets with precise lesion characteristics,

and that these datasets can be used to evaluate and enhance detection performance

under controlled scenarios. The promising results of gradient-based thresholding,

together with domain-specific degradation strategies and resolution-aware detec-

tion pipelines, mark an important step toward increasing the clinical utility and

robustness of weakly-supervised anomaly detection. Moreover, this work highlights

the potential of pre-training and encoder-based conditioning to incorporate learned

priors into downstream tasks. These components emerged as promising strategies

for improving generalisability across data distributions, setting the foundation for

the final contribution focused on paediatric brain tumours.

Contribution 4

Demonstrated the generalisability of DDPM-based weakly-supervised anomaly

detection for brain tumour segmentation to data-scarce paediatric cases, vali-

dated on a curated multi-institutional dataset under clinically realistic condi-

tions.

Contribution 4 addressed Research Question 3 (To what extent can DDPMs trained

on adult brain tumour data generalise to the paediatric domain, and how robust are

the learned representations to shifts in population and disease distribution? ) by

focusing on Gap 3 (The generalisability of weakly-supervised DDPMs to paediatric

brain tumours remains untested, despite their hypothesised robustness to distributional

shifts and suitability for data-scarce clinical settings.).

The results demonstrated that the pre-trained model, without any fine-tuning,

achieved performance comparable to its fine-tuned counterpart. This was largely
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due to the effectiveness of the gradient-based thresholding method GradDiff, which

showed improved robustness and consistency compared to conventional intensity-

based thresholding. In addition, these findings suggest that key characteristics

of anatomy and lesion may be visually preserved across age groups, and that the

proposed framework can leverage this similarity through its encoding mechanism.

Two fine-tuning strategies were explored. Classical fine-tuning using a limited

subset of paediatric cases proved more effective than the encoder-based strategy,

which had previously shown strong results in generative tasks such as synthesis and

SR. The reduced benefit of encoder adaptation may be explained by the similarity

between source and target tasks, suggesting that domain-specific fine-tuning with

this strategy did not prove beneficial in this setting.

In addition to the state-of-the-art publicly available dataset, the evaluation was

conducted on a curated, multi-institutional cohort of paediatric cases, enabling

assessment under realistic clinical conditions. These results demonstrate that the

proposed weakly-supervised LDM framework can generalise beyond the tumour

types represented in the brain tumor segmentation (BraTS) dataset, producing

accurate predictions even for ependymoma and diffuse midline glioma (DMG).

The approach also handles cases with incomplete brain coverage, as the encoding

mechanism preserves existing anatomy without introducing spurious artefacts and

restricting edits to relevant regions. At the same time, the analysis highlights a key

limitation: reliance on complete multi-sequence inputs and curated preprocessing

pipelines reduces flexibility when confronted with the variability of real-world clinical

data. Even with this limitation, the generated healthy counterfactuals approach the

performance of the supervised baseline in several cases, which itself demonstrates

limitations in more challenging scenarios. Overall, these findings underline both the

potential and the current constraints of the framework, showing that while it can

generalise to heterogeneous clinical data and remain robust to moderate domain

shifts, further refinement and validation are required for reliable clinical application.
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6.2 Future work

While this research project has made substantial progress in advancing the field of

weakly-supervised segmentation of paediatric brain tumours with DDPMs, several

avenues for future work remain. This includes subsequent research that can build

upon the findings and methodologies established in this thesis.

Managing interdependencies and optimising modularity

The modular nature of the proposed framework allows flexible adaptation to a variety

of tasks, including lesion detection, lesion synthesis, and SR. This flexibility enables

the composition of specialised components for each subtask, supporting the construc-

tion of tailored pipelines. However, this modularity also introduces vulnerability,

particularly in the case of LDMs. The interaction between independently trained

modules adds layers of complexity that are difficult to predict and interpret. While

the reconstruction error of the first-stage model has been identified as a major influ-

ence on latent space quality, it is unlikely to be the only factor affecting downstream

performance. Each module may respond differently depending on its objective, and

their interplay can introduce confounding effects. The choice of hyperparameters

further compounds this problem: selecting optimal values for guidance strength,

sampling steps, encoding mechanisms, or sampling strategies proved highly sensitive

to the specific approach and even to individual cases. The search space is vast, and

current practice often relies on prior experience rather than systematic exploration.

A more principled approach to parameter selection is therefore needed to ensure

reliable outcomes, which can be inspired by the automatic adjustment strategies

employed in frameworks like nnU-Net (Isensee et al., 2021).

Secondly, the dependency between modules implies that modifications to one

component often necessitate retraining others, which can be time-consuming and

resource-intensive. Although this is not necessarily more sensitive than training a

single large-scale model, it adds a practical burden that must be carefully managed.

Changes introduced at earlier stages may propagate through the pipeline, requir-
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ing systematic evaluation to ensure stability. One promising strategy to alleviate

this burden is the use of pretrained priors, as explored through the encoder-based

conditioning mechanism in Chapter 4. By training a task-agnostic encoder, the

framework can leverage already learned feature representations without re-optimising

large backbone models. This approach reduces computational overhead, facilitates

modular reuse, and improves scalability by isolating components that can generalise

across tasks or domains. As such, it represents a viable step toward more efficient and

maintainable weakly-supervised anomaly detection frameworks based on DDPMs.

In conclusion, future work should focus on developing structured approaches to

analyse and manage the interdependencies between modules, ensuring that the bene-

fits of modularity are preserved without compromising robustness. In particular, the

influence of the first-stage model on latent space quality and downstream performance

should be systematically investigated. Given that all subsequent components rely

on its output, a clearer understanding of its role is essential for establishing reliable

design choices and implementation guidelines.

Design of the anomaly detection approach

The anomaly detection method presented in this work is built around the generation

of a healthy counterfactual, which is subsequently compared to the original image to

localise potential lesions. While this counterfactual-based strategy enables weakly-

supervised anomaly detection without pixel-wise labels, its probabilistic nature

renders it sensitive to outliers and stochastic variations during sampling. These

variations can propagate into the anomaly map and directly affect the accuracy of

lesion detection. This work addressed part of this vulnerability through a gradient-

based refinement strategy, GradDiff, which in ablation studies showed improved

sensitivity and specificity for various lesion sizes when carefully tuned to the dataset

at hand. It further demonstrated that computational demands may be reduced by

disabling the memory-intensive latent gradient calculation and relying on classifier-

free pseudo-gradients, with negligible loss in accuracy. Nonetheless, the method

remains imperfect, and further developments are required to improve robustness,
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particularly in edge cases or subtle lesions where perceptual discrepancies are minimal.

The gradient-based refinement represents one component of this puzzle, as it improved

detection performance but still requires further investigation to determine how its

parameters and components can be balanced most effectively.

One promising direction lies in the integration of feature-space comparisons drawn

from intermediate layers of the model, which may reveal more abstract discrepancies

between real and counterfactual representations that are not perceptible in the image

domain. Additionally, modality-aware weighting strategies could be explored to

prioritise sequences with higher lesion visibility, such as T2-fluid attenuated inversion

recovery (T2-FLAIR) for oedema or T1 contrast-enhanced (T1ce) for enhancing tumour

cores. Finally, ensemble-based strategies or Bayesian extensions to the diffusion

model could help quantify uncertainty, thereby allowing more cautious interpretation

in low-confidence regions.

Fine-grained synthetic generation

While simple binary brain masks were sufficient to guide the generative process in

this work, future advances in generative modelling should employ more anatomically

and physically informed conditioning strategies. Anatomy-based guidance could

specify the location of critical structures (e.g. ventricles, cortical grey matter,

white matter, deep nuclei) to improve spatial plausibility and reduce anatomical

artefacts (Bhattacharya et al., 2025). Physics-inspired approaches could explicitly

model tissue displacement caused by tumour growth (Elazab et al., 2018, 2020;

Hogea et al., 2007; Lipková et al., 2022). While current models learn this relation

implicitly, incorporating biomechanical priors may yield more realistic deformations,

particularly for small lesions where displacement is subtle yet clinically relevant. This

would also enable tumour progression simulations, supporting treatment response

assessment and intervention planning through predicted growth trajectories. Given

the flexibility of the LDM framework, such conditioning could be integrated without

major architectural changes, making it a promising direction for future research.
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Furthermore, the integration of joint shape and appearance models represents

a promising avenue for improving the detection of large-scale anomalies. Unlike

current intensity-based methods, joint models can explicitly distinguish between

pathological tissue appearance and the secondary morphological deformations (mass

effect) caused by tumour growth (Bauer et al., 2012). Incorporating statistical shape

priors or biomechanical growth simulations into the generative process would allow

the framework to better accommodate the high degree of anatomical distortion seen

in advanced cases. Recent evidence indicates that explicitly accounting for such

deformations can improve model calibration and segmentation accuracy by up to 10%

(Subramanian et al., 2023). This would be particularly valuable for ensuring that

the generative ”healthy” counterfactual accurately represents the displaced anatomy

rather than merely synthesising healthy tissue within distorted structures.

Additionally, conditioning strategies may benefit from richer lesion representations

that go beyond binary spatial masks. Incorporating probabilistic or latent embeddings

of lesion characteristics could help preserve subtle pathological features through

downsampling and improve guidance fidelity during sampling. A promising direction

is the construction of synthetic paired datasets, where lesions are superimposed onto

healthy brain images using generative models. Such datasets would provide explicit

healthy-diseased pairs with exact spatial correspondence. They could be used to

train SR models to consistently reconstruct the healthy high-resolution (HR) version

of an input image, irrespective of whether the low-resolution (LR) input contains

a lesion. This could unify the tasks of SR and healthy counterfactual generation

attempted in Section 4.4.5, reducing inference time and improving consistency.

Generalisability and robustness

The proposed framework demonstrates that weakly-supervised anomaly detection

substantially reduces reliance on dense annotations while maintaining high segmen-

tation performance. This lower level of supervision eases scalable training and

deployment, especially in clinical settings where manual annotation is often infeasible.

Importantly, this lays a foundation for models that generalise beyond constrained
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datasets to accommodate broader clinical variability. Initial steps were taken in

Chapter 5, where the framework was applied to the data-scarce paediatric domain,

demonstrating strong robustness and generalisability.

One key challenge in real-world deployment is the heterogeneity of clinical data.

Unlike curated datasets, clinical images vary in resolution, acquisition protocols,

scanner hardware, and patient demographics. Moreover, anatomical variation adds

another layer of complexity. Patients with congenital abnormalities, prior surgical

resections, or trauma may exhibit highly irregular brain structures that do not

correspond to either healthy or classically pathological appearances. Models must

therefore not only detect anomalies, but also discern when such deviations are

clinically meaningful. Improving robustness under these conditions is central to

ensuring that weakly-supervised approaches retain utility in diverse clinical scenarios.

To accommodate such clinical variability, more flexible solutions are needed that go

beyond rigid modelling assumptions and can adapt to heterogeneous data. DDPMs,

with their strong capacity to model complex distributions and their susceptibility

to conditioning, are particularly well suited for this task. Potential applications

include to synthesise missing complimentary MRI sequences, simulate different scan-

ner strengths (e.g., 1.5 T to 3 T conversions), or perform image-to-image translation

under varying acquisition protocols. These capabilities would be especially valuable

in clinical environments with incomplete imaging or heterogeneous scanner infras-

tructure, helping to harmonise data and provide a more consistent basis for analysis.

By acting as a tool for image harmonisation, DDPMs can standardise intensity

distributions and contrast profiles across different scanner vendors and field strengths,

providing a consistent anatomical basis for downstream analysis and mitigating the

“site-effects” that often degrade model performance in multi-centre studies.

To this end, expanding the semantic resolution of weakly-supervised anomaly

detection with DDPMs is a promising direction. Beyond disease detection, models

could benefit from incorporating auxiliary subject-level labels such as tumour subtype,

grade, location, or even genetic and molecular markers. Complementary information

from radiology reports, pathology findings, or genomics could further contextualise
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the imaging signal, allowing the model to disambiguate between phenotypically

similar but clinically distinct entities. Such auxiliary signals could also help identify

distribution shifts that cause the anomaly detection framework to segment some

cases accurately while failing in others. This richer supervision could enhance the

specificity of predictions and provide a more holistic view of each individual.

Another opportunity lies in using this weakly-supervised framework as a base for

pre-training large-scale image DDPMs. In natural language processing, unsupervised

pre-training on unstructured data has yielded powerful general-purpose represen-

tations. By analogy, DDPMs trained on large, weakly-annotated imaging datasets

may learn transferable features that capture the diversity of real clinical populations.

Because the approach relaxes the requirement for dense label information, it is inher-

ently more scalable and allows access to substantially larger datasets for pre-training,

further strengthening the robustness of the learned representations. These pretrained

models could then be adapted for specific tasks through targeted fine-tuning with

small amounts of labelled data, e.g. using the encoder-based approach outlined in

this research project. The success of this approach depends critically on the quality

of the encoding mechanism, which must produce intermediate representations that

preserve anatomical and pathological relevance.

Finally, the choice and scope of pre-training data will strongly influence the

generalisation capacity of these models. To be clinically reliable, pretrained models

must be exposed to the full spectrum of anatomical variants, disease presentations,

and acquisition artefacts encountered in routine imaging. This includes structurally

abnormal yet non-pathological cases, which are often underrepresented in curated

datasets. Moreover, future work should investigate the applicability of the proposed

framework to other lesion types, such as haemorrhagic abnormalities, multiple

sclerosis plaques, or metastatic foci. Demonstrating robustness across these diverse

pathologies would further validate the generalisability of the approach and provide a

unified foundation for weakly-supervised lesion detection across the central nervous

system. Ensuring resilience to this broad clinical spectrum is key to building models

that are not only accurate, but also robust and trustworthy in real-world deployment.
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Clinical integration

The ultimate goal of weakly-supervised segmentation is to provide a clinically useful

tool that can assist radiologists in diagnosing and monitoring brain tumours. However,

integrating these models into clinical workflows presents several challenges. First,

the interpretability of model predictions must be improved to ensure that clinicians

can trust and understand the rationale behind the segmentation results. This is

particularly important in high-stakes environments like oncology, where treatment

decisions are based on imaging findings. The anomaly detection framework developed

in this thesis addresses this challenge by generating healthy counterfactuals of

pathological inputs. Beyond identifying the location of a lesion, this approach also

reveals the underlying anatomy that would be present in the absence of disease. Such

information could provide additional context to the assessing physician, supporting

more informed interpretation of imaging findings and potentially aiding clinical

decision-making.

Second, the performance of weakly-supervised models must be validated against

established benchmarks and clinical standards. This includes comparing model

outputs with expert annotations and assessing their impact on diagnostic accuracy

and treatment planning. Rigorous validation studies are essential to demonstrate

that these models can reliably augment human expertise rather than replace it.

Another important avenue concerns the role of hospital infrastructure in supporting

data curation and validation (Willemink et al., 2020). With weakly-supervised brain

tumour segmentation, the reliance on fine-grained annotations is reduced, allowing

datasets to be curated more rapidly and at larger scale. Streamlining data pipelines

within hospitals to prepare imaging data directly after acquisition (while adhering

to ethical guidelines and anonymisation protocols) would increase the availability

of training and validation material. Such infrastructure could further integrate

complementary clinical markers beyond imaging, creating richer multimodal datasets

with impact that extends beyond segmentation alone. Establishing these pipelines

would not only accelerate model development but also enhance the robustness and
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clinical relevance of weakly-supervised approaches. Furthermore, federated learning

offers an important opportunity to scale these models across institutions without the

need for raw data exchange. In paediatric oncology, where datasets are inherently

scarce and highly sensitive, federated learning would allow for the collaborative

training of anomaly detection models on decentralised hospital servers. This approach

preserves patient confidentiality while ensuring that the resulting models are exposed

to a sufficiently diverse range of pathological variants and acquisition protocols to be

truly robust in a real-world clinical setting.

Beyond infrastructure, the availability and quality of clinical data remain a central

limitation. This work highlights the dependence of current approaches on the

BraTS dataset and its co-registration pipeline, which presumes the availability

of all complementary MRI sequences. In clinical practice, such complete data

are often unavailable, which restricts the applicability of models trained under

these assumptions. Addressing this constraint requires more flexible strategies

for handling incomplete or heterogeneous input. One option is to use generative

models to synthesise missing sequences, thereby conforming to established processing

standards. Another direction is to move beyond the rigid multi-sequence paradigm

altogether. For instance, modality-specific encoder layers within the LDM could

be trained on datasets with complete coverage and occasionally masked during

training. This approach could reduce the reliance on every MRI sequences and may

permit the model to operate with any subset of available inputs. Such a design

could also accommodate non-standard modalities such as perfusion- and diffusion-

weighted imaging or functional MRI, which are rarely available but clinically valuable.

Achieving this flexibility would require adaptations to the preprocessing and co-

registration pipelines, but it represents an important step toward clinical integration

without excluding individuals based on data availability.

Furthermore, user-friendly interfaces and tools must be developed to facilitate the

adoption of these models in clinical practice. This includes integrating segmentation

results into existing radiology software, providing visualisations that highlight model

confidence, and enabling easy interaction with model outputs.
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Aside from technical and clinical hurdles, the deployment of generative models in

healthcare must address considerable data privacy risks, particularly regarding model

memorisation. Recent studies have demonstrated that large scale diffusion models

can inadvertently memorise specific training samples, potentially exposing sensitive

patient data (Carlini et al., 2021). This risk is particularly acute in medical imaging,

where recent findings on 3D latent diffusion models suggest that up to 37% of patient

data can be detected as memorised under certain training configurations (Dar et al.,

2025). Such vulnerabilities can be exploited through membership inference attacks,

which determine if a patient’s data was used in training, or model inversion attacks,

which attempt to reconstruct images from the model’s parameters (Matsumoto et al.,

2023; Packhäuser et al., 2022). In paediatric oncology, where datasets are small

and anatomical features are unique, these risks are substantial. To mitigate these

threats, future iterations of this framework should incorporate practical safeguards

such as differential privacy to provide mathematical guarantees against data leakage

(Dockhorn et al., 2023). Additionally, robust anonymisation pipelines and post-

generation copy detection mechanisms are essential to ensure that synthetic data

remains truly private and non-recoverable (Kaissis et al., 2021).

6.3 Final remarks

While accurate lesion segmentation may not yet directly translate into specific

therapeutic interventions for all brain tumour cases, the ability to reliably detect

and delineate anomalous regions represents a pivotal advancement, particularly in

paediatrics. This work has addressed key gaps in weakly-supervised segmentation,

improving sensitivity to small lesions, enhancing spatial context through volumetric

modelling, and advancing generalisability across diverse clinical populations. These

capabilities lay the groundwork for robust, scalable diagnostic tools that support

clinicians in forming a comprehensive view of brain pathology. As precision medicine,

surgical planning, and genomic analysis continue to evolve, they will increasingly

depend on accurate, automated imaging assessments. Prioritising early and precise
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detection is therefore crucial for current clinical care and forms the foundation for

future therapeutic progress.

The guiding question posed in Section 2.2.2

Can we build models that no longer depend on fine-grained,

expert-level annotations?

can now be answered with cautious optimism. Relying solely on the creation of ever-

larger, fully standardised multi-centre datasets is unlikely to provide a sustainable

solution, given the costs and coordination challenges involved. Progress instead

depends on methods that can extract value from heterogeneous and incomplete

clinical data. The weakly-supervised anomaly detection framework developed in this

thesis provides such a pathway: it reduces reliance on dense annotations, narrows

the performance gap to fully supervised models, and has shown potential to detect

anomalies beyond the training distribution. These qualities highlight its scalability

across datasets and its capacity to operate with reduced dependence on costly expert

annotations. Together, these advances move artificial intelligence closer to realising

its full potential and support a future where early diagnosis and intervention are

more accessible, consistent, and effective across all patient populations.
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3D latent diffusion model

A.1 Conceptualisation of model framework

The design of the model framework is based on the principles of modularity and

separation of concerns. pytorch-lightning (Falcon & The PyTorch Lightning team,

2019) serves as the overarching framework, chosen for its modular and extensible

design to efficiently incorporate all aforementioned requirements. This framework

enables rapid prototyping and simplifies the integration of advanced features such

as multi-GPU training, checkpointing, and logging, which streamline the tracking

and management of the training process. Fundamentally, it abstracts both data

and model components into separate modules, facilitating the development of a

highly adaptable and scalable framework. pytorch-lightning fundamentally builds

on PyTorch (Paszke et al., 2019), which offers a flexible and efficient backend for

Python-based implementation of neural network (NN) operations, including data

processing, model design and training.

A.1.1 Data processing pipeline

The data processing pipeline is specifically designed to address the unique

requirements of medical imaging data, ensuring efficient loading, preprocessing, and

augmentation. Building on the specialised medical imaging library torchio (Pérez-
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Model definition Backbone architecture

• U-Net
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• Forward and
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(b) Model architecture and training pipeline

Figure A.1: Detailed schematic of the data processing and model training pipelines,
extending the overview in Fig. 3.1. (a) illustrates dataset composition, applied
preprocessing transformations, and integration with torch and pytorch lightning.
(b) details the definition of the model, its components, and the subsequent training
and evaluation procedures.
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Garćıa et al., 2021), the pipeline provides advanced data handling and augmentation

capabilities specifically tailored for medical data.

The pipeline is built around an adapted version of the LightningDataModule from

pytorch-lightning, a core component of its data and model abstraction framework

that governs data loading and preprocessing workflows. The first step involves

loading and validating the dataset definition file, which contains general information

about the dataset and the paths to all available images or volumes; the paths are

grouped by patient in the case of the BraTS dataset. Each sequence is typically

stored in the Digital Imaging and Communications in Medicine (DICOM) format or,

more commonly in research settings, in the Neuroimaging Informatics Technology

Initiative (NIfTI) format, which offers a more compact and efficient representation

of imaging data. The NIfTI format not only reduces file size but also facilitates

seamless integration with computational tools and platforms, making it a preferred

choice for neuroimaging research (Larobina & Murino, 2014).

With a complete dataset stored locally, the next step is to create torchio.Subject

instances for each patient. A subject represents a single patient or examination and

is designed to consist of multiple connected MRI sequences (see Section 2.1.1). Based

on user-specified splits for training, validation, and testing, the annotated subjects

are subsequently divided into their respective subsets.

The subsequent stage defines the transformations applied to each subject within

the specified split. These transformations encompass standard preprocessing op-

erations, such as normalisation, spatial adjustments, and label modifications, as

well as augmentation techniques aimed at enhancing data diversity in light of the

limited sample size. The augmentations are categorised into spatial and intensity

transformations, with the former modifying the spatial properties of the data, such

as rotations, scaling, and elastic deformations, while the latter adjusts the intensity

values of the images, including contrast and brightness modifications. An optional

post-processing step may also be applied, typically involving a spatial transformation

to adjust the appearance for logging, due to the differing orientation standards

between the backbone DICOM and NIfTI data loaders in torchio.



251 A.1. Conceptualisation of model framework

Importantly, augmentations are applied exclusively to the training split to in-

crease the variability and volume of training data, while pre- and post-processing

steps are applied to all subject splits. Additionally, transformations are not ap-

plied immediately; instead, they are deferred until the data is loaded through the

torch.Dataloader, thereby offloading the computational burden to the moment

when the data is needed for training.

Once the transformations are defined, a torch.Dataset instance is created for

each split, which is necessary for subsequent data loading via the torch.Dataloader.

The torch.Dataset is implemented using torchio.Queue, enabling efficient parallel

preprocessing of data while the model is being trained. This approach ensures

that data is preprocessed and available when required, optimising workflow and

minimising potential bottlenecks. A crucial element of the queue is the sampler,

which extracts patches of a predefined size from each subject. This sampler is

essential for obtaining healthy patches, which are then used to generate healthy

counterparts during the diffusion process. By adjusting the probability of selecting

both diseased and healthy patches based on the ground-truth label mask, the sampler

ensures unbiased model training. Additionally, the torchio.Queue acts as a buffer

for the sampled patches, which are shuffled once the queue reaches a specified length.

This facilitates stochastic patch-based training, ensuring each batch contains patches

from multiple subjects, thereby increasing data variability within each iteration.

Finally, the torchio.Queue is passed to the torch.Dataloader, which handles ef-

ficient data loading parallel to model training. The torch.Dataloader is responsible

for batching the data, distributing the workload across multiple workers to maximise

efficiency, and prefetching data to minimise idle time during training. Serving as the

final component of the data pipeline, the torch.Dataloader ensures a continuous

stream of preprocessed data for training, validation, and testing.

The modular design of the pipeline, with its adaptable transformations and

sampler, enables customisation to meet the specific requirements of different datasets

and problem scenarios. This flexibility ensures compatibility with a wide range of

tasks. By adhering to a standardised interface and dataset definitions, datasets can
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be seamlessly interchanged, facilitating streamlined integration and efficient data

preparation.

A.1.2 Backbone model architecture and diffusion backend

The design of the model architecture (shown in Figure A.1b) is centred around

two primary components: the backbone model architecture and the diffu-

sion backend. These components are integrated into the LightningModule from

pytorch-lightning, forming the second aspect of their separation of data and

model. The backbone model is tasked with learning and predicting the reverse

process described in Equation (2.18). To ensure that the output dimensions align

with the input, the backbone follows a U-Net structure consisting of an encoder,

bottleneck, and decoder. Its modular design incorporates key elements such as con-

volution and attention, which are organised into residual blocks and stacked across

layers to extract the rich features necessary for accurate predictions of the mean

µθ(xt, t) and, optionally, the variance Σθ(xt, t) of the forward process. Additionally,

the backbone model includes specialised feature extractors for the timestep t and

class embedding C, which facilitate conditioning of the diffusion process based on

temporal and class-specific information. The number of available training parameters

is influenced by several hyperparameters, including, but not limited to:

• Hidden channels : output feature channels of the first convolutional layer

preceding the encoder

• Channel factor : depth of the encoder (and decoder) and specifies the

multiplicative factor given the hidden channels for each layer

• Number of residual blocks : number of residual blocks per layer comprised

of convolutional and attention layers

• Attention resolution : spatial resolution at which an attention layer is applied

As the model is defined as a LightningModule, it defines the forward pass required

for loss calculation, and individual steps for training, validation and testing.

The diffusion backend defines the forward process of the diffusion model and

includes methods for the backward process in DDPM and its variants (e.g., denoising
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diffusion implicit model (DDIM)). It provides essential functionality for efficient

loss computation and conditional sampling, particularly for generating healthy

counterfactuals, a key focus of this research project. Serving primarily as an interface

to the diffusion process, the backend abstracts its complexity and ensures seamless

integration with the backbone model, which is then passed to various functions

for training and sampling. Similar to the other components, the diffusion backend

is modular, compartmentalising the diffusion process into forward, backward, and

generative steps. This structure allows for easy extension and adaptation to various

diffusion models and tasks.

A.2 Medical LDM framework
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Table A.1: Detailed results of the first-stage models for L1 reconstruction error.

PE Codebook MRI L1 Max L1 95% L1 99%

None

A

T1w 0.0649 0.0018 0.0048

T1ce 0.0618 0.0024 0.0053

T2w 0.0546 0.0024 0.0055

T2-FLAIR 0.0683 0.0022 0.0058

B

T1w 0.0648 0.0018 0.0050

T1ce 0.0637 0.0024 0.0053

T2w 0.0576 0.0025 0.0057

T2-FLAIR 0.0686 0.0023 0.0060

C

T1w 0.0678 0.0018 0.0049

T1ce 0.0660 0.0024 0.0053

T2w 0.0620 0.0024 0.0057

T2-FLAIR 0.0718 0.0021 0.0057

Sinusoidal

A

T1w 0.0645 0.0018 0.0049

T1ce 0.0629 0.0024 0.0052

T2w 0.0568 0.0024 0.0054

T2-FLAIR 0.0704 0.0023 0.0059

B

T1w 0.0634 0.0018 0.0050

T1ce 0.0606 0.0024 0.0054

T2w 0.0544 0.0026 0.0058

T2-FLAIR 0.0672 0.0024 0.0061
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Table A.2: Detailed results of the first-stage models for L2 reconstruction error.

PE Codebook MRI L2 Max L2 95% L2 99%

None

A

T1w 0.0272 0.0000 0.0002

T1ce 0.0251 0.0001 0.0002

T2w 0.0203 0.0000 0.0002

T2-FLAIR 0.0324 0.0000 0.0002

B

T1w 0.0298 0.0000 0.0002

T1ce 0.0267 0.0001 0.0002

T2w 0.0265 0.0000 0.0002

T2-FLAIR 0.0311 0.0000 0.0002

C

T1w 0.0300 0.0000 0.0002

T1ce 0.0288 0.0001 0.0002

T2w 0.0287 0.0000 0.0002

T2-FLAIR 0.0323 0.0000 0.0002

Sinusoidal

A

T1w 0.0253 0.0000 0.0002

T1ce 0.0267 0.0001 0.0002

T2w 0.0236 0.0000 0.0002

T2-FLAIR 0.0359 0.0000 0.0002

B

T1w 0.0286 0.0000 0.0002

T1ce 0.0250 0.0001 0.0002

T2w 0.0218 0.0000 0.0002

T2-FLAIR 0.0320 0.0000 0.0002
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A.3 Experimental evaluation of the 3D-LDM

Table A.3: Comparison of specificity scores across baseline methods and the proposed
3D-LDM configurations. Baselines include 2D-CAMa, 2D-WS-MTSTb, 3D-VQ-GAN,
and 2D-DDPM. The proposed 3D-LDM is evaluated with both DDIM and EDICT
sampling strategies.

Model Encoding PE C
N

50 100 150

B
a
se
li
n
e

2D-CAMa - - - 0.9994

2D-WS-MTSTb - - - 0.9994

3D-VQ-GAN - - - 0.9557

2D-DDPM DDIM -

0 0.8970 0.8970 0.9015

5 0.9722 0.9707 0.8218

10 0.9767 0.9766 0.9026

P
ro

p
o
se
d

3D-LDM

DDIM sin

0 0.9983 0.9963 0.9949

5 0.9680 0.9583 0.9490

10 0.9652 0.9581 0.9409

EDICT sin

0 0.9994 0.9974 0.9974

5 0.9932 0.9927 0.9824

10 0.9866 0.9833 0.9458

a(Z. Chen et al., 2022)
b(H. Chen et al., 2023)
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Table A.4: Normalised inference times of the tested models in seconds per subject.
Reported times are approximate due to differences in hardware configurations during
inference.

Model Encoding PE C
N

50 100 150

B
a
se
li
n
e

2D-CAM a - - - 0.3215

2D-WS-MTST b - - - 0.3215

3D-VQ-GAN - - - 12.7269

2D-DDPM DDIM -

0 235.7900 472.1925 483.1712

5 353.4625 709.0225 711.9840

10 353.4500 718.7200 711.9462

P
ro

p
o
se
d 3D-LDM DDIM sin

0 90.7653 159.8493 228.6920

5 129.3413 229.5520 335.0627

10 125.9213 230.6840 335.1173

3D-LDM EDICT sin

0 160.1036 307.0292 454.1698

5 305.5820 599.5135 892.4829

10 305.3964 599.0560 893.9443
a (Z. Chen et al., 2022)
b (H. Chen et al., 2023)
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Figure A.2: Healthy counterfactual generation for a single subject in a central brain
slice, comparing DDIM and EDICT. Columns vary the classifier strength C, while
rows vary the number of encoding steps N . The generated counterfactuals are
masked with the input brain mask to suppress background artefacts, demonstrating
the dependence of the generation process on C and N under the two sampling
strategies.
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Appendix B

Small lesion detection

B.1 Generating small brain tumours
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Figure B.1: Schematic overview of the conditioning mechanisms for small lesion
generation, corresponding to the configurations in Table 4.1. Concat: concatenation;
Cond: conditioning signal (binary lesion mask).
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(a) Normal conditioning (b) Generated sample of normal conditioning

(c) Null conditioning (d) Generated sample of null conditioning
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(e) Synthetic conditioning (f) Generated sample of synthetic conditioning

(g) Reference sample

Figure B.2: Generated brain images using cross-attention conditioning for various
conditioning signals. (c), (a) and (e) show the one-hot encoded brain mask (left
column) and optional lesion target (right column) used as conditioning input. (d),
(b) and (f) display the corresponding generated samples, whereas (g) shows the real
MRI from which the conditioning signal was derived. Rows correspond to different
2D slices from individual subjects. Columns in (d), (b), (f) and (g) correspond to
MRI sequences ordered as follows: T1ce, T1w, T2-FLAIR, and T2w.
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(a) Conditioning signal (b) Generated samples

(c) Reference sample

Figure B.3: Generated brain images using multi-stage cross-attention conditioning.
(a) shows the one-hot encoded brain mask (left column) and optional lesion target
(right column) used as conditioning input. (b) displays the corresponding generated
samples, whereas (c) shows the real MRI from which the conditioning signal was
derived. Rows correspond to different 2D slices from individual subjects. Columns in
(b) and (c) correspond to MRI sequences ordered as follows: T1ce, T1w, T2-FLAIR,
and T2w.
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(a) Conditioning: 2mm (b) Generated: 2mm

(c) Conditioning: 5mm (d) Generated: 5mm
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(e) Conditioning: 7mm (f) Generated: 7mm

(g) Conditioning: 10mm (h) Generated: 10mm
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(i) Conditioning: 15mm (j) Generated: 15mm

(k) Conditioning: 20mm (l) Generated: 20mm

Figure B.4: Generated samples from the synthetic dataset using Configuration G4
across different lesion sizes. Subplot columns show the conditioning signal (left)
and the corresponding generated sample (right). Within the conditioning signal,
the columns correspond to the one-hot encoded brain mask (left) and the optional
lesion target (right). Rows correspond to different 2D slices from individual subjects.
Within the generated samples, columns correspond to MRI sequences ordered as
T1ce, T1w, T2-FLAIR, and T2w.
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Table B.1: Configurations of the generative models shown in Table 4.1. Differences in hyperparameters reflect their consecutive
development with an emphasis on reducing complexity.

Hyperparameter Config. G1 Config. G2 Config. G3 Config. G3wide Config. G4

Activation Function SiLU

Attention Channels per Head 64

Diffusion Mean Type ϵθ(xt, t)

Diffusion Steps 1000

Dropout Rate 10

Learning Rate 0.0001

Number of Residual Blocks 2

Output Channels 4

Patch Size (256, 256, 1)

Attention Resolution (16,) (32, 16, 8) (32, 16, 8) (32, 16, 8) (32, 16, 8)

Batch Size 10 12 50 50 50

Channel Factor (1, 1, 2, 3, 4) (1, 1, 2, 4) (1, 2, 3, 4) (1, 2, 4, 8) (1, 2, 3, 4)

Diffusion Noising cosine linear scaled linear scaled linear scaled linear scaled

Diffusion Variance Type Σθ(xt, t) Σθ(xt, t) Σθ(xt, t) Σθ(xt, t) βt

EMA Decay 0.995 0.9999 0.9 0.99 0.9

Hidden Channels 64 320 320 256 256
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Table B.2: Hyperparameters of the first-stage models used for evaluating patch-based
MRI sequence encoding.

Hyperparameter KL-AE VQ-AE

Batch Size 12

Channel Factor (1, 2, 4, 4)

Discriminator Channels 64

Discriminator Layers 3

Discriminator Loss hinge

Hidden Channels 128

Learning Rate 3e-05

Number of Residual Blocks 2

Patch Size (256, 256, 1)

Pixel Loss L1

Codebook - 16384× 4

Table B.3: Final hyperparameters of the first-stage model used throughout for patch-
based MRI sequence encoding, where “cropped” indicates the patch-based variant.

Hyperparameter KL-AE KL-AE (cropped)

Batch Size 12

Discriminator Channels 64

Discriminator Layers 3

Discriminator Loss hinge

Embedding Dimension 4

Hidden Channels 128

Learning Rate 3e-05

Number of Residual Blocks 2

Patch Size (256, 256, 1)

Pixel Loss L1

Channel Factor (1, 2, 4) (1, 2, 4, 4)
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Table B.4: First-stage model configurations for binary lesion mask encoding.
“cropped” indicates the patch-based first-stage model.

Hyperparameter KL-AE KL-AE (cropped)

Batch Size 40

Discriminator Channels 64

Discriminator Layers 3

Discriminator Loss hinge

Embedding Dimension 4

Hidden Channels 64

Learning Rate 0.0001

Number of Residual Blocks 1

Patch Size (256, 256, 1)

Pixel Loss L1

Channel Factor (1, 2, 4) (1, 2, 4, 4)
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B.2 Detecting small brain tumours
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(a) Noise Input (b) Gaussian Noise

(c) Rician Noise (d) Non-Chi Noise
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(e) Bias field (f) Motion artifact

(g) Ghosting (h) Complete MRI degradation

Figure B.5: Visualisations of MRI degradations, including different noise types,
bias fields, motion artefacts, and the full degradation pipeline. Rows correspond
to different 2D slices from individual subjects. The MRI sequences (columns) are
ordered as follows: T1ce, T1w, T2-FLAIR, and T2w.
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Table B.5: Parameters of the degradation pipelines. Parameter ranges are given
in brackets. Each pipeline contains N = 2 degradation levels, with the
parameters for each level specified in parentheses.

Parameter ESRGAN Adapted for MRI

G
e
n
e
ra

l Downscale factor 4

No degradation p 0.01

R
e
sh

a
p
in
g Resize p up: (0.2, 0.3),

down: (0.7, 0.4),
keep: (0.1, 0.3)

Resize range ([0.3, 1.5], [0.6, 1.2])

B
lu
r

p (1.0, 0.5)

σ ([0.2, 1.5], [0.2, 1.0])

Iso 0.45 0.40

Aniso 0.25 0.60

Generalised Iso 0.12 -

Generalised Aniso 0.03 -

Plateau Iso 0.12 -

Plateau Aniso 0.03 -

N
o
is
e

Gaussian p (0.5, 0.5) (0.45, 0.45)

Gaussian σ ([1, 15], [1, 12]) ([2, 15], [1, 12])

Poisson p (0.5, 0.5) -

Poisson σ ([0.05, 2.0], [0.05, 1.0]) -

Rician p - (0.45, 0.45)

Rician σ - ([0.01, 0.05], [0.005, 0.02])

Chi p - (0.1, 0.1)

Chi σ - ([0.002, 0.02], [0.001, 0.01])

Chi coil range - ([1, 3], [1, 3])

B
F p - (0.2, 0.1)

Range - [0.1, 1.0]

M
o
ti
o
n

p - (0.0, 0.0)

Rotation range - [10, 10]

Translation range - [2, 2]

Steps - [2, 2]

Continued on next page
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Table B.5: Parameters of the degradation pipelines. Parameter ranges are given
in brackets. Each pipeline contains N = 2 degradation levels, with the
parameters for each level specified in parentheses. (Continued)

G
h
o
st
in
g p - (0.0, 0.0)

Count range - ([4, 10], [4, 10])

Axes - ([0, 1], [0, 1])

Intensity range - ([0.5, 1.0], [0.5, 1.0])

Parameters: p: Probability, σ: Standard deviation
Abbreviations: Iso: Isotropic, Aniso: Anisotropic
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(a) Input image (b) ESRGAN degradation

(c) MRI degradation

Figure B.6: Comparison of degradation pipelines for MRI data. (a) shows the
input, (b) the corresponding low-resolution image generated with Enhanced Super-
Resolution Generative Adversarial Network (ESRGAN), and (c) the low-resolution
image generated with the MRI-specific pipeline. Rows correspond to different 2D
slices from individual subjects. The MRI sequences (columns) are ordered as follows:
T1ce, T1w, T2-FLAIR, and T2w.
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Figure B.7: Patch-based inference using a SR-LDM trained on full images. Each
patch produces a brain-like artefact, presumably because the first-stage model maps
input patches into a latent space shaped by training on whole-brain anatomy.

Table B.6: Grid search parameters for the anomaly map generation.

Parameter Grid Search
Space

Description

Number of
encoding steps N

400, 500, 600, 700 The encoding and decoding process
uses N steps for sampling, rather
than traversing the full T steps in
each direction.

Classifier-free
guidance scale C

3.0, 5.0 Strength of the classifier-free
guidance mechanism (see
Section 2.3.6 and Equation (2.45))

Timestep
aggregation T

[0, 5], [0, 10], [0,
15], [0, 20]

Aggregation of timesteps of the
gradient-based signals given by start
and stop index.

Aggregation
method

Mean, Median,
Sum

The method used to aggregate the
timesteps of the gradient-based
signals and (independently) the
channels of the MRI sequences

Morphological
methods

Erosion, Dilation,
Opening, Closing

Morphological operations applied to
the coarse and fine anomaly maps.
Up to two operations can be applied
in sequence from the set of
operations.
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Figure B.8: Visualisation of vanishing gradient across diffusion timesteps, illustrating
the effect of temporal distance from the starting point of the reverse process N . The
diffusion trajectory begins at N = 500 and proceeds backward to t = 1, as described
in Sections 2.3.1 and 2.3.6. Rows correspond to selected timesteps during sampling,
whereas columns indicate the MRI sequence. The chosen colormap enhances visibility
of spatial gradient differences.
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Table B.7: Configuration of the 2D-LDM for SR evaluation. The patch size denotes
the training patch size and does not necessarily correspond to the patch size used
during inference.

Hyperparameter 2D-LDM

Activation Function SiLU

Attention Channels per Head 64

Attention Resolution (32, 16, 8)

Batch Size 24

Channel Factor (1, 2, 3, 4)

Diffusion Mean Type ϵθ(xt, t)

Diffusion Noising linear scaled

Diffusion Steps 1000

Diffusion Variance Type βt

Dropout Rate 10

EMA Decay 0.9

Hidden Channels 256

Number of Residual Blocks 2

Output Channels 4

Patch Size (256, 256, 1)
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1Figure B.9: Performance for the SD dataset with 5 mm lesion diameter. The x-
axis shows the number of encoding steps N , with baseline results separated by a
vertical dotted line. The y-axis shows the Dice similarity coefficient (DSC). The
top row presents results on non-SR samples, while the bottom row shows 2D-
LDM performance on SR data using the MRI degradation pipeline. Bar colours
represent the diffusion gradient scale C and distinguish baselines from diffusion-based
models, while textures denote the applied thresholding method. Error bars indicate
bootstrapped confidence intervals.
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1Figure B.10: Performance for the FD dataset including supervised baseline. The
x-axis shows the number of encoding steps N , with baseline results separated by
a vertical dotted line. The y-axis shows the DSC. The top row presents results on
non-SR samples, while the bottom row shows 2D-LDM performance on SR data using
the MRI and ESRGAN degradation pipelines. Bar colours represent the diffusion
gradient scale C and distinguish baselines from diffusion-based models, while textures
denote the applied thresholding method. Error bars indicate bootstrapped confidence
intervals.
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1Figure B.11: Performance for the SD dataset with 10 mm lesion diameter, including
supervised baseline. The x-axis shows the number of encoding steps N , with
baseline results separated by a vertical dotted line. The y-axis shows the DSC.
The top row presents results on non-SR samples, while the bottom row shows 2D-
LDM performance on SR data using the MRI and ESRGAN degradation pipelines.
Bar colours represent the diffusion gradient scale C and distinguish baselines from
diffusion-based models, while textures denote the applied thresholding method. Error
bars indicate bootstrapped confidence intervals.
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1Figure B.12: Performance for the SD dataset with 5 mm lesion diameter, including
supervised baseline. The x-axis shows the number of encoding steps N , with
baseline results separated by a vertical dotted line. The y-axis shows the DSC.
The top row presents results on non-SR samples, while the bottom row shows 2D-
LDM performance on SR data using the MRI degradation pipeline. Bar colours
represent the diffusion gradient scale C and distinguish baselines from diffusion-based
models, while textures denote the applied thresholding method. Error bars indicate
bootstrapped confidence intervals.



285 B.2. Detecting small brain tumours

0.2

0.4

0.6

0.8

1.0

1.2
Non-SR Interpolated

500 600 700 Baselines
0.2

0.4

0.6

0.8

1.0

1.2
SR MRI

500 600 700 Baselines

SR ESRGAN

Sp
ec

ifi
ci

ty

Number of encoding steps

Baselines
2D U-Net (supervised)
2D-VAE
2D-CAM
2D-WS-MTST

LDM
GradDiff, C = 4.0

Otsu, C = 4.0

GradDiff, C =  .0

Otsu, C =  .0

GradDiff, C = 6.0

Otsu, C = 6.0

Baselines
2D U-Net (supervised)
2D-VAE
2D-CAM
2D-WS-MTST

1Figure B.13: Specificity for the FD dataset including supervised baseline. The
x-axis shows the number of encoding steps N , with baseline results separated by
a vertical dotted line. The y-axis shows the DSC. The top row presents results on
non-SR samples, while the bottom row shows 2D-LDM performance on SR data using
the MRI and ESRGAN degradation pipelines. Bar colours represent the diffusion
gradient scale C and distinguish baselines from diffusion-based models, while textures
denote the applied thresholding method. Error bars indicate bootstrapped confidence
intervals.
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1Figure B.14: Specificity for the SD dataset with 10 mm lesion diameter, including
supervised baseline. The x-axis shows the number of encoding steps N , with baseline
results separated by a vertical dotted line. The y-axis shows the specificity. The
top row presents results on non-SR samples, while the bottom row shows 2D-
LDM performance on SR data using the MRI and ESRGAN degradation pipelines.
Bar colours represent the diffusion gradient scale C and distinguish baselines from
diffusion-based models, while textures denote the applied thresholding method. Error
bars indicate bootstrapped confidence intervals.
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1Figure B.15: Specificity for the SD dataset with 5 mm lesion diameter, including
supervised baseline. The x-axis shows the number of encoding steps N , with baseline
results separated by a vertical dotted line. The y-axis shows the specificity. The
top row presents results on non-SR samples, while the bottom row shows 2D-
LDM performance on SR data using the MRI degradation pipeline. Bar colours
represent the diffusion gradient scale C and distinguish baselines from diffusion-based
models, while textures denote the applied thresholding method. Error bars indicate
bootstrapped confidence intervals.
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(a) SSL = 200 (b) SSL = 400

(c) SSL = 600 (d) SSL = 800

Figure B.16: Absolute difference to the full sequence with SSL = 1000 steps for
SR. White regions indicate low error, black regions high error. Rows correspond to
different 2D slices from individual subjects. The visualisations highlight how SR
quality degrades as the diffusion sequence is shortened and more steps are skipped.
Results remain largely acceptable with only minor artefacts up to 400-600 steps.
Note: SSL denotes subsequence length in terms of the shortened sequence introduced
by DDIM (J. Song et al., 2021).
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(a) SR (b) Upscaled input

Figure B.17: Comparison of SR and conventional interpolation. Rows correspond
to different 2D slices from individual subjects. The MRI sequences (columns) are
ordered as follows: T1ce, T1w, T2-FLAIR, and T2w. The results highlight that SR
improves fidelity and refines structural details compared to interpolation.
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(a) 10mm synthetic lesion (b) SR of 10mm synthetic lesion

(c) Real lesion (d) SR of real lesion

Figure B.18: SR on synthetic small lesions obtained through Configuration G4.
The images are generated using the SR model trained on the real adult dataset.
Rows correspond to different 2D slices from individual subjects. The MRI sequences
(columns) are ordered as follows: T1ce, T1w, T2-FLAIR, and T2w. Compared to
real lesions (bottom row), the synthetic SR outputs (top row) indicate a noticeable
distribution shift, reflected in visible artefacts.
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(a) Input (b) Unconditional SR

(c) Healthy SR counterfactual (d) Difference between (b) and (c)

Figure B.19: Samples from the unified SR and anomaly detection model. (a) shows
the input image, (b) presents the SR result from unconditional sampling, (c) displays
the forced healthy counterfactual, and (d) shows the difference between (b) and (c).
Rows correspond to different 2D slices from individual subjects. The MRI sequences
(columns) are ordered as follows: T1ce, T1w, T2-FLAIR, and T2w. Conditional
sampling alters local image regions but does so inconsistently, underperforming
compared to the sequential approach.
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Appendix C

Generalisability to paediatric populations

C.1 Pre-trained segmentation model
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Figure C.1: Paediatric brain tumour segmentation performance measured by DSC
including supervised baseline. Each row represents a different training strategy
of the 2D-LDM, and each column corresponds to a different thresholding method.
The x-axis shows the number of encoding steps N , while the y-axis indicates the
DSC score. Colours denote classifier-guidance strength C, and error bars reflect
bootstrapped confidence intervals. Baselines are evaluated without fine-tuning and
are shown across all plots for visual comparability. PT: pre-trained model; FT:
fine-tuned model; SCond: structural encoder conditioning. Superscripts indicate the
evaluation set: † refers to the full paediatric test set (n = 99), and ∗ refers to the
reduced fine-tuning test subset (n = 20).
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Figure C.2: Paediatric brain tumour segmentation performance measured by speci-
ficity including supervised baseline. Each row represents a different training strategy
of the 2D-LDM, and each column corresponds to a different thresholding method.
The x-axis shows the number of encoding steps N , while the y-axis indicates the
specificity. Colours denote classifier-guidance strength C, and error bars reflect
bootstrapped confidence intervals. Baselines are evaluated without fine-tuning and
are shown across all plots for visual comparability. PT: pre-trained model; FT:
fine-tuned model; SCond: structural encoder conditioning. Superscripts indicate the
evaluation set: † refers to the full paediatric test set (n = 99), and ∗ refers to the
reduced fine-tuning test subset (n = 20).
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C.2 Evaluation on private data collection
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1Figure C.3: Quantitative results for the CHOP dataset, including supervised baseline.
The x-axis shows the number of encoding steps N , with baseline results separated
by a vertical dotted line. The y-axis reports the DSC. Each subplot corresponds to a
tumour subtype. Bar colours represent the diffusion gradient scale C and distinguish
baselines from diffusion-based models, while textures denote the applied thresholding
method. Error bars indicate bootstrapped confidence intervals.
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1Figure C.4: Specificity for the CHOP dataset, including supervised baseline. The
x-axis shows the number of encoding steps N , with baseline results separated by a
vertical dotted line. The y-axis reports the specificity. Each subplot corresponds to a
tumour subtype. Bar colours represent the diffusion gradient scale C and distinguish
baselines from diffusion-based models, while textures denote the applied thresholding
method. Error bars indicate bootstrapped confidence intervals.
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Alemany, M., Velasco, R., Simó, M., & Bruna, J. (2021). Late effects of cancer treat-

ment: Consequences for long-term brain cancer survivors. Neuro-Oncology

Practice, 8 (1), 18–30. https://doi.org/10.1093/nop/npaa039

https://doi.org/10.1109/ISBI.2019.8759329
https://doi.org/10.1007/978-3-030-46640-4_32
https://doi.org/10.1007/978-3-030-46640-4_32
https://doi.org/10.1007/978-3-319-39934-8
https://doi.org/10.1007/978-3-319-39934-8
https://doi.org/10.1145/3527849
https://doi.org/10.1093/nop/npaa039


BIBLIOGRAPHY 300

Ali, S., Ghatwary, N., Jha, D., Isik-Polat, E., Polat, G., Yang, C., Li, W., Galdran, A.,
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Graf, R., Schmitt, J., Schlaeger, S., Möller, H. K., Sideri-Lampretsa, V., Sekuboyina,

A., Krieg, S. M., Wiestler, B., Menze, B., Rueckert, D., & Kirschke, J. S. (2023).

Denoising diffusion-based MRI to CT image translation enables automated

spinal segmentation. European Radiology Experimental, 7 (1), 1–14.

https://doi.org/10.1186/s41747-023-00385-2

Graham, M. S., Pinaya, W. H. L., Wright, P., Tudosiu, P.-D., Mah, Y. H., Teo, J. T.,
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