Self-supervised Representation Learning for
Trustworthy Ultrasound Video Analysis

Kangning Zhang

Wolfson College
University of Oxford

A thesis submitted for the degree of
Doctor of Philosophy

Trinity Term 2024

Abstract

Obstetric ultrasound (US) is a routinely used imaging modality for monitoring
fetal development during pregnancy. With the rise of deep learning (DL)-
based techniques, there is growing potential to reduce reliance on highly trained
sonographers. However, the clinical adoption of DL models remains limited due
to concerns around robustness, explainability, and reliability—key components of
trustworthiness. This thesis addresses these challenges to advance trustworthy
DL-based analysis of fetal US.

Given that manual annotation of US videos by expert sonographers is costly
and time-consuming, we first investigate self-supervised learning as a scalable
alternative. We propose a novel framework for feature-level local self-supervised
learning, combining contrastive learning with Rubik’s cube recovery, cube recon-
struction, and a new strategy for generating local contrastive pairs. This method
enhances the robustness of learned representations and demonstrates improved
performance in two key downstream clinical tasks.

To improve model transparency, we incorporate clinician-driven insights
by integrating clinical-driven insights into the explanation process. We define
explainability as the model’s ability to capture anatomy-aware knowledge. To
evaluate this, we introduce a novel set of quantitative metrics that measure
the alignment between learned representations and expert gaze-tracking data.
These gaze-guided explanations provide a more clinically meaningful assessment
of model behaviour, hence enhancing explainability.

While explainability provides valuable insights, reliable deployment is equally
critical in clinical applications. To this end, we introduce the concept of
out-of-clinical-distribution (OCD), defined as US frames lacking diagnostically
meaningful content. We propose the first method for OCD detection in fetal US,
enabling models to filter out irrelevant frames from large, heterogeneous real-time
scans. This method enhances the safe and reliable deployment of DL models by
ensuring that decisions are based only on clinically significant inputs.

In summary, this thesis presents novel methods to enhance the robustness,
explainability, and reliability of DL models for fetal US analysis. All approaches
are validated on retrospective clinical data, laying the groundwork for more
trustworthy integration of DL technologies in prenatal care and inspiring future
research in this domain.
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Abstract

Obstetric ultrasound (US) is a routinely used imaging modality for monitoring
fetal development during pregnancy. With the rise of deep learning (DL)-based
techniques, there is growing potential to reduce reliance on highly trained sono-
graphers. However, the clinical adoption of DL models remains limited due to
concerns around robustness, explainability, and reliability—key components of
trustworthiness. This thesis addresses these challenges to advance trustworthy
DL-based analysis of fetal US.

Given that manual annotation of US videos by expert sonographers is costly and
time-consuming, we first investigate self-supervised learning as a scalable alternative.
We propose a novel framework for feature-level local self-supervised learning,
combining contrastive learning with Rubik’s cube recovery, cube reconstruction,
and a new strategy for generating local contrastive pairs. This method enhances
the robustness of learned representations and demonstrates improved performance
in two key downstream clinical tasks.

To improve model transparency, we incorporate clinician-driven insights by
integrating clinical-driven insights into the explanation process. We define explain-
ability as the model’s ability to capture anatomy-aware knowledge. To evaluate
this, we introduce a novel set of quantitative metrics that measure the alignment
between learned representations and expert gaze-tracking data. These gaze-guided
explanations provide a more clinically meaningful assessment of model behaviour,
hence enhancing explainability.

While explainability provides valuable insights, reliable deployment is equally
critical in clinical applications. To this end, we introduce the concept of out-of-
clinical-distribution (OCD), defined as US frames lacking diagnostically meaningful
content. We propose the first method for OCD detection in fetal US, enabling
models to filter out irrelevant frames from large, heterogeneous real-time scans.
This method enhances the safe and reliable deployment of DL models by ensuring
that decisions are based only on clinically significant inputs.

In summary, this thesis presents novel methods to enhance the robustness,
explainability, and reliability of DL models for fetal US analysis. All approaches are
validated on retrospective clinical data, laying the groundwork for more trustworthy
integration of DL technologies in prenatal care and inspiring future research in
this domain.
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The sound of chopping wood echoes clearly, as the
birds chirp melodiously. From deep within the valley,
they fly up to the lofty trees.

— The Book of Songs, Minor Odes of the Kingdom,
Cutting Wood.

Introduction

Contents
[I.1 Clinical Motivationl . ... .. . ... v, 1
(1.2 Contributions and Publications . . . . ... .. ... .. 3
1.3 ['hesis Structurel . . . . . . .« v v i v v v v v v i e e e 4

1.1 Clinical Motivation

Obstetric ultrasound (US), in which the sound waves are used to create a real-time
visual image of the fetus in the uterus, is a routinely used imaging modality for
monitoring and diagnosing the health of the fetus in prenatal care |1} 2].

In general, obstetric US screening involves manual scanning, standard plane
detection, biometric measurement, and diagnosis [3]. In practice, US screenings are
typically performed by sonographers with careful but often labour-intensive probe
movements. The quality of these screenings heavily depends on the sonographer’s
skill level. However, even for experienced sonographers, guiding the transducer to
the correct plane through variable anatomy, performing biometric measurements,
and making diagnoses based on those measurements is a complex task due to human
bias and low reproducibility [4]. Additionally, the long training period, insufficient

recruitment, and poor retention of sonographers bring challenges to the widespread
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use of US scans [5], limiting pregnant women’s access to prenatal care. As a result,
there is growing interest in applying deep learning-based technologies to reduce the
dependency on highly trained sonographers. Leveraging deep learning on large-scale
clinical US data could provide sonographers with valuable insights, transform US
video analysis, and possibly simplify the use of US for non-experts.

Despite the recent success of applying deep learning models to fetal US analysis,
several challenges arises and are becoming more prominent. Firstly, most prior work
in this field has been conducted in a supervised manner [6], relying heavily on the
availability of large, annotated datasets. However, the labelling process for fetal US
data requires expert clinical knowledge, making it both time-consuming and costly.
In addition, due to the length of the scans, it is often impractical to label entire
videos [7]. This highlights a practical need for novel DL approaches that can learn
anatomically meaningful representations directly from raw data without extensive
manual labelling—mnamely, self-supervised representation learning (SSL).

Secondly, to enable safe and effective deployment of DL models in clinical
practice—particularly in fetal US analysis—models must satisfy three key dimensions
of trustworthiness: robustness, explainability, and reliability. Robustness is vital, as
fetal US images are often degraded by speckle noise and acoustic shadows [8], which
can negatively impact both image quality and model performance. A robust model
should be capable of extracting features that are invariant to such noise and artefacts.
Explainability is equally critical, as prenatal diagnostic decisions carry significant
consequences, directly impacting both maternal and fetal health. Clinicians and
patients must be able to understand and trust model outputs, especially when these
outputs are used to support real-time decisions or navigation. Without explanations
that align with clinical reasoning, even accurate predictions may be disregarded.
Finally, reliability is essential for analysing fetal US videos, where a substantial
proportion of frames may be clinically irrelevant—such as when only amniotic fluid is
visible. A reliable model must be able to detect and abstain from making predictions

on such out-of-clinical-distribution (OCD) inputs and ensuring that predictions are
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grounded in clinically meaningful content. Together, these three dimensions form
the foundation for building safe and trustworthy DL tools for real-time US analysis.

Therefore, this thesis aims to address these two critical challenges that deep
learning models face in real-world clinical applications—limited annotations and
lack of model trustworthiness—by exploring SSL and trustworthy learning, applied
to real-time fetal US video data. I propose an SSL framework tailored to the unique
properties of US videos and designed to be robust to US-specific noise, enabling
the learning of semantically meaningful representations from raw data. I introduce
a set of quantitative explainability metrics in the context of video US and gaze
tracking information to enhance model explainability. In addition, I incorporate
OCD detection to evaluate model reliability in distinguishing clinically relevant
from irrelevant inputs. It is our hope that the models developed, the concepts
proposed, and the evaluation metrics introduced will contribute meaningfully to

future research and clinical applications in this field.

1.2 Contributions and Publications

o [ proposed a feature-level local-contrastive self-supervised representation
learning approach for fetal ultrasound video analysis. Content associated
with this contribution has been published in ASMUS, MICCAI 2024 (oral
presentation) [9]. This work has been recognised with best paper award

and best presentation (runner-up) award.

o I defined model explainability within the context of video US and gaze tracking
information and introduced a novel set of quantitative metrics for model
explainability. Content associated with this contribution has been accepted as

extended abstract in Medical Imaging meets NeurIPS, 2021 (poster session).

[ introduced the concept of “out-of-clinical distribution” (OCD) detection,
which distinguishes the clinical relevance of data, and developed an OCD

detection method to fetal US application. Content associated with this
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contribution has been published in MICAD 2024 (oral presentation) [10]. This

work has been recognised with best paper award.

1.3 Thesis Structure

Here in Chapter [I] I discuss the motivation for the doctoral research conducted
and described in this thesis. Our main contributions are summarised and will
be discussed in later chapters.

Chapter 2|is the literature review chapter. In this chapter, I begin by discussing
how deep learning has advanced medical imaging analysis, along with the challenges
it faces. I then introduce self-supervised learning as a method to address these
challenges and identify the common pre-training tasks used in SSL for medical
imaging analysis. Following this, I provide a brief review of trustworthiness in
deep learning—another critical challenge—from three key dimensions: robustness,
explainability, and reliability. For each dimension, I discuss its definition, significance
in the context of clinical applications, and commonly used methods to address it.
These topics are directly related to the work presented in this thesis.

Chapter [3| describes the datasets used in this thesis. In this chapter, I introduce
the data acquisition process for fetal ultrasound videos, outline the preprocessing
protocols, and explain why the dataset is well-suited for self-supervised learning.
This chapter provides a comprehensive overview of each dataset utilised in the
research works discussed in the following chapters in this thesis.

Chapter (4| focuses on developing a novel self-supervised representation learning
approach for robust local representation learning of fetal ultrasound video. A
feature-level Contrastive Rubik’s Cube Recovery (CRCR) approach is proposed,
which combines contrastive learning with two different pre-text tasks, Rubik’s cube
recovery and cube reconstruction. A local contrastive pairs generation strategy is
introduced to provide strong local feature discrimination. This chapter provides
detailed insights into specific approach I have built, the evaluation results I have

achieved and the extensive ablation studies I have carried on.
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Chapter [5| explores deep learning explainability in the context of fetal US
and gaze tracking information. I introduce a new definition of deep learning
explainability in the clinical setting, which focus on the capturing anatomy-aware
knowledge. I propose a novel set of quantitative metrics to evaluate explainability,
based on visually salient landmarks—features that naturally draw clinicians’ atten-
tion—thereby incorporating clinical domain knowledge into model interpretation.
These metrics assess the alignment between the model’s focus and the sonographer’s
gaze patterns during US interpretation. Comprehensive experiments are presented
in this chapter to demonstrate the efficacy of the proposed explainability metrics
on various SSL approaches.

Chapter [6] introduces out-of-clinical distribution detection as a method for
assessing the reliability of deep learning models in medical imaging analysis. Firstly,
I introduce the concept of “out-of-clinical distribution”, as a new definition of OOD
under the clinical setting, to distinguish medical data that contains clinically relevant
regions from those that lack clinically meaningful information. I then propose a novel
detection method that incorporates a softmax-conditioned variational autoencoder.
Both quantitative and qualitative results demonstrate the effectiveness of the
proposed method on fetal ultrasound data.

Chapter [7|is the conclusion chapter, where I summarise the contributions of

this thesis and discuss how it may open up potential directions for future research.
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2.1 Introduction

In the first part of this literature review, I explore the relevant literature on SSL,
with a particular emphasis on its applications in medical imaging analysis. I provide
supporting evidence for why current deep learning trends are moving towards SSL
in medical imaging analysis. Additionally, I outline common SSL techniques applied
to both natural and medical images/videos.

The second part of this review focuses on trustworthy deep learning, an
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increasingly important concern, particularly in critical areas such as healthcare.
This section explores the concept of trustworthiness by examining its theoretical
foundation and delving into three key dimensions—robustness, explainability, and
reliability. For each, I discuss its definition, clinical significance, and relevant
methodologies. Together, these perspectives offer comprehensive insights that

inform and guide the design of my subsequent research.

2.2 Self-supervised Learning in Medical Imaging
Analysis

This section is split into three subsections. Subsection introduces some
preliminary knowledge on deep learning in medical imaging analysis. Subsection
discusses the importance of introducing self-supervised learning in medical
imaging analysis and its benefits over the existing deep learning methods. Subsection
introduces some current widely-used self-supervised learning methods that

have been applied to medical imaging analysis.

2.2.1 Deep Learning (DL) in Medical Imaging Analysis

Machine learning (ML), is an interdisciplinary field that targets to construct
algorithms that could learn from and make predictions based on data [11, |12].
Deep learning, a subset of machine learning, has emerged as a powerful tool by
integrating the feature extraction step directly into the learning algorithm [13]. It
enables models to automatically process and learn low-level to high-level abstract
features from data, including images, videos, and other inputs. This approach has
demonstrated state-of-art performance in a variety of applications, such as natural
language processing and computer vision [14-16]. In addition, recent remarkable
technical progress in (1) data size: the global rise of “big data,” (2) computing
power: advancements in central processing units (CPUs) and graphical processing
units (GPUs), and (3) new deep learning algorithms [17] has also enabled individual

researchers to access the necessary resources, which further advancing the field.
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Deep Learning in Medical Field

Risk Prediction Genomic Analysis Medical Image Analysis

Detection and

Classification Registration Segmentation I
localization

Figure 2.1: Overview of key DL application categories in the medical field and medical
imaging analysis, with representative categories selected from the broader field based on
[18] and [19].

According to [18], deep learning (DL) in the field of medical imaging analysis
offers promising results in three main areas: (1) risk prediction; (2) genomic analysis
and phenotype-genotype association studies; and (3) medical imaging analysis, as
illustrated in Fig. 2.1} Here, I focus on medical imaging analysis, which primarily
involves processing and analysing medical images from various modalities (e.g.,
computed tomography (CT), magnetic resonance imaging (MRI), and US) to extract
valuable information that can aid in precise decision-making and support diagnosis
[20]. Medical imaging analysis, adapted from computer vision tasks, includes several
categories. Here, I highlight four key tasks according to the categories in [19]:
classification, segmentation, detection and localisation, and registration, as shown
in Fig. 2.1} The success of computer vision in natural image analysis has introduced
effective methodologies and yielded promising results for medical applications, but
it also presents new challenges. For instance, medical images often have extremely
high resolution, contain fewer and smaller regions of interest, and exhibit subtle
differences between object classes [21], making analysis more complex. US, as one
of the core diagnostic imaging modalities, also offers unique challenges, including
sonographer dependency, noise, limited imaging structure behind bone and air,
artefacts, and fan-shape images [17]. Hence, the applications of DL to US imaging

still lag behind other modalities like CT and MRI, however, it has rapidly progressed.



10 2.2. Self-supervised Learning in Medical Imaging Analysis
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Figure 2.2: Demonstration of selected key DL applications in Medical Ultrasound
Analysis. This figure is motivated by [38].

Fig. illustrates selected recent applications of deep learning in medical US
analysis, which have involved both basic methodology tasks including classification
[22], segmentation [23|, detection [24] and registration [25], as well as emerging
clinical tasks including biometric measurements [26], computer-aided diagnosis [27],
image-guided interventions [28] and therapy [29]. These tasks have been applied to
various anatomical structures, including the fetus [30], bone [31], kidney [32], spine
[33], heart [34], liver [35], breast [36], brain[37], and more. In this thesis, I focus on

fetal US, which is considered the most important tool for assessing pregnancy health.

2.2.2 Steps to Self-supervised Learning

Despite the remarkable success that deep learning has achieved in medical imaging
analysis, the majority of the literature focuses on the supervised learning paradigm
[39], where models are trained on datasets that include a large number of medical
images and their corresponding annotated labels to learn relevant patterns in the
data. However, the heavy reliance on annotated datasets has become a major
concern, limiting further advancements in the field. Building large, high-quality

annotated medical imaging datasets is both expensive and time-consuming, and in
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Figure 2.3: Self-supervised learning main workflow. (top): Self-supervised learning
scheme is applied by training an auxiliary task from a large unlabelled dataset. (bottom):
The learned representations are transferred from the pretext task to the down-stream
task to accomplish the training on a small amount of data with ground truth labels

some cases, not feasible for two main reasons. Firstly, unlike natural image datasets,
which can be annotated by individuals with minimal expertise, medical datasets
require experts with domain-specific knowledge for accurate annotation. Secondly,
the annotation process is complicated by patient privacy concerns, particularly
when dealing with specific medical conditions .

Self-supervised learning, in which the learning process is supervised based on
raw data itself, is an emerging solution to address challenges caused by difficulties
in curating large-scale annotations . Fig. illustrates the general pipeline
of self-supervised learning, which usually consists of two steps: (1) pre-train a
CNN with a pre-defined task on a large set of unlabelled data, and (2) fine-tune
the pre-trained network for the high-level downstream task with a small set of
annotated data. The core of the approach is based on the principle of providing
“labels for free” from unlabelled raw data. The informative representations could
be manually extracted by learning the objective function of certain “pretext tasks”.
Such a “pretext task” is pre-defined and trained in a supervised manner. The
representation learned by performing “pretext task” is transferred to downstream

task training and serves as a starting point for fine-tuning. It is assumed that if a
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Figure 2.4: Timeline showing the number of publications on “self-supervised learning”

based on the results from Google Scholar search. The vertical and horizontal axes denote
the number of publications and the year, respectively

“pretext task” is well-designed, the model could learn meaningful and transferable
features, leading to improved performance on the downstream task .

SSL was initially popularised in the field of natural language processing (NLP)
and later extended to a variety of computer vision tasks [43], where it has
achieved state-of-the-art performance. The development of SSL has seen rapid
expansion, attracting significant attention from the research community. Fig. [2.4]
shows the number of publications on “self-supervised learning” per year over the past
decade, based on the inclusion criterion that the keyword “self-supervised learning”
appears in the title or abstract. As depicted, Google Scholar reports a substantial
increase in SSL-related publications, with an average of 140 papers published per day
in 2023 — a remarkable indicator of the field’s growing momentum. Fig. [2.5 presents
the number of publications on “deep learning for medical imaging classification”,
alongside the number of publications specifically focused on “self-supervised learning
for medical imaging classification”. The inclusion criterion is similar to the one
mentioned earlier, requiring the keyword to appear in the title or abstract. The figure
highlights that both topics have experienced significant growth over the past five
years, with self-supervised learning emerging as a rapidly expanding subset within

the broader deep-learning literature in the area of medical imaging classification.
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Figure 2.5: Timeline illustrating the number of publications per year on both deep
learning and self-supervised learning for medical image classification respectively, using
the same search criteria across PubMed, Scopus, and arXiv. The vertical axis represents
the number of publications, while the horizontal axis denotes the corresponding year.
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Figure 2.6: Illustration of different self-supervised pre-training methods

2.2.3 Self-supervised Learning Approaches

SSL is a form of representation learning where the objective function is derived
from a pretext task, which can be solved using large amounts of unlabelled data.
As such, pretext tasks play a critical role in SSL approaches and serve as their
backbone. The high-level representations learned from these pretext tasks are then
applied to subsequent downstream learning tasks, where only a small amount of
labelled data is available. While downstream tasks may vary according to specific
research needs, pretext tasks could be common across different tasks.

As shown in Fig. three main categories of SSL approaches are reviewed

based on the nature of the pretext tasks: predictive, contrastive, and generative
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Category Goal Output Examples
Predictive Infer or classify a | Fixed label or | Rotation predic-
Learning specific structured | value tion, order predic-
outcome tion
Contrastive | Distinguish between | Similarity SimCLR, MoCo
Learning similar and dissimi- | score
lar pairs
Generative Generate or recon- | High- Autoencoders,
Learning struct plausible data | dimensional GANs, MIM
sample

Table 2.1: Summary of predictive, contrastive, and generative learning

self-supervised learning. To clarify these distinctions, Table summarises how
these three categories are defined based on their goal, output, and focus, which is
motived by [44]. As indicated in the table, predictive learning focuses on structured
output prediction, contrastive learning aims to distinguish between positive and
negative pairs to learn structured embeddings, and generative learning focuses on
producing new high-dimensional samples or reconstructing missing content that
is consistent with the underlying data distribution.

There are mainly two paths to follow when employing self-supervised learning
approaches in medical imaging analysis [44]. Firstly, to adapt approaches trained
and tested on natural images. Given the significant differences between medical and
natural images, challenges remain in effectively adapting existing SSL frameworks
to address tasks in medical imaging analysis. Secondly, designing novel approaches
exploits knowledge from the medical domain and unique anatomical structures from
the medical image. In this section, I review SSL approaches that have been applied

in the field of medical imaging analysis in both manner.
Predictive Self-supervised Learning

The predictive self-supervised learning approach aims to learn robust representations
by assigning pseudo labels to each unlabelled image and framing the pretext task
as a classification or regression problem [45]. The output is typically a well-defined

label or a measurable value, such as predicting a class label, rotation angle. The key
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assumption is that by solving the structured prediction problem that leverages the
internal patterns or correlations in the data, the model is encouraged to learning
meaningful representations. It is noteworthy that pretext tasks and output must
be carefully designed and generated to ensure effective representation learning.
Additionally, these labels are typically only effective for the specific pretext task they
were generated for, offering limited utility when directly applied to downstream tasks.

Many predictive pretext tasks have been designed or adapted in the field of
medical imaging analysis. As demonstrated in Table 2.2 T provide a detailed
illustration of several of these methods, which could be categorised into two
categories: patch-based method and distortion-method. Here, based on the defined
categorisation, predictive tasks always involve a fixed output (e.g., a label or a
score). Therefore, tasks like image reconstruction and masked image modelling
are not considered predictive, as the output is not a fixed structured label but a
generated high-dimensional sample that matches the learnt data distribution.

In a patch-based predictive pretext task, the model is tasked with predicting
relationships, dependencies, or missing information at the level of image patches
or local regions. The focus is on capturing spatial correlations and learning fine-

grained local patterns within the image.

1. Patch-based method: In a patch-based pretext task, the model is designed
to predict the relationships, dependencies, or missing information between
image patches. This relies on spatial context semantics, assuming that the
model needs to understand the spatial structure of the object to accurately
determine the position or identity of each patch. Examples include relative
locations prediction [46], which is defined as the problem of predicting the
relative location of random image patches from the chosen anchor patch, and
“jigsaw puzzle” solving [47], which is defined as the problem of recognizing the

order of image patches after random shuffling.

Inspired by relative position prediction task [46], Zhang et al. [48] introduced

slice ordering as a pretext task for body part recognition using MRI scans.
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By slicing the 3D MRI scans into groups of successive 2D slices, the task is
designed to predict the spatial order (i.e., whether one slice is below or above)
of two given successive slices. A new Siamese convolutional architecture,
named Paired-CNN is designed as a pre-training network and a fine-grained
body part recognition is used as a downstream task. Bai et al. [49] proposed
a novel pretext task, anatomical position prediction, for cardiac MR scan
segmentation by leveraging the rich information encoded in the various cardiac
MR scan view planes. A standard cardiac MR scan provides images acquired
at various angulated planes relative to the heart, including short-axis, long-axis
2-chamber, 4-chamber, and 3-chamber views. A set of anatomical positions is
defined with respect to these cardiac views, and the pretext task is designed
to predict these anatomical positions, utilising the spatial and structural

information present in the different views.

Adapting the same logic as the original Jigsaw puzzle solving task [47], Zhuang
et al. [50] proposed a novel pre-text task for 3D medical data, named Rubik
cube recovery. The 3D input volume is partitioned into a grid (i.e. 2 X 2 x 2)
of sub-cubes, which are then randomly shuffled and rotated. The pretext task
is designed to recover the original configuration, involving two operations:
cube rearrangement and cube rotation. As a result, the task enables the
model to learn both translational and rotational invariant features, which are
tested on two downstream tasks including brain hemorrhage classification and
brain tumour segmentation. Building on the previous work, Zhu et al. [51]
introduced the Rubik cube+ pretext task by adding a cube masking operation
to increase the difficulty, in which the content of the cube is randomly blocked.
Manna et al. [52] designed a pretext task where the model predicts the correct
ordering of jumbled image patches into which MRI video frames are divided. A
novel CNN architecture is designed to efficiently solve jigsaw puzzles and learn
explainable representational features. These features are then used to detect
anterior cruciate ligament (ACL) tear injuries sustained in the knee of a human

in the downstream task. Taleb et al. [53] made significant advancements in
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multi-modal settings by introducing a pretext task called the multi-modal
Jigsaw puzzle. In this approach, T1 and T2 scans are simultaneously used
as multiple imaging modalities, and a Sinkhorn network [54] is used as the
backbone for solving the Jigsaw puzzle pretext task and for the downstream

segmentation task.

2. Distortion-based method: In a distortion-based pretext task, the model
is designed to predict a specific transformation or distortion applied to the
input data, assuming that global consistency and semantic-level understanding
are learned in the process. Geometric transformation serves as a common
kind of modification. Geometric transformations serve as a common type
of modification. These transformations, such as rotation, translation, and
scaling, are used to help models learn spatial relationships and invariant

features within images.

Long et al. [55] used image rotation prediction as a pretext task to recognise
the types of rotations applied to input images. COVID-19 classification was
selected as the downstream task. The assumption is that to accurately predict
image rotations, the network must learn as many semantic features of the CT
images of COVID-19 as possible. Vats et al. [56] proposed adapting both jigsaw
puzzle-solving and rotation prediction as pretext tasks for feature learning
for pathology images. These methods were chosen to learn representations
of anatomical concepts, such as pathology colour and texture, from the
original and relatively undistorted views of images. The effectiveness of these
approaches was tested on downstream pathology classification tasks (white
cell enzymes (WCE) diagnosis). Jiao et al. [57] designed a joint reasoning task
for pre-training to learn anatomy-aware representations: correct the order of
a reshuffled US video clip and predict the geometric transformation applied
to the US video clip simultaneously. This task is tested to be effective on two

downstream tasks, standard plane detection and saliency prediction.
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Table 2.2: Predictive self-supervised learning applications in medical imaging analysis
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Contrastive Self-supervised Learning

Contrastive learning is a self-supervised learning approach that learns useful and
transferable representations by training the model to differentiate between similar
and dissimilar data pairs. The fundamental assumption behind this method is
that variations caused by transformations of the input image should not alter its
semantic meaning. As a result, different augmentations of the same image should
have similar representations, referred to as “positive pairs,” while representations for
different images and their augmentations should differ, known as “negative pairs.”

The pre-training model is optimised to pull together the representations of
positive pairs and push away the representations of negative pairs. This process
minimises the distance between positive pairs and maximises the distance between
negative pairs in the latent space. An arbitrary distance function is selected for
the contrastive loss function to achieve this optimisation.

As demonstrated in Table this section introduces applications of contrastive-

based approaches in the field of medical imaging analysis, which can generally be

divided into two categories: context-context contrast and global-local contrast.

1. Context-context contrast: Context-context contrastive learning aims to
model the relationship of different samples. One pioneering context-context
contrast method is SimCLR, a simple framework for contrastive learning of
visual representations [58], which outperformed supervised models on the
ImageNet benchmark using 100 times fewer labels. To address the large batch
size required to generate negative samples, Momentum Contrast (MoCo) [59)
introduced a momentum-encoded queue to keep negative samples. Methods
such as DINO (Distillation with NO labels)[60], BYOL (Bootstrap Your
Own Latent) [61], and SimSiam (Simple Siamese) [62], further eliminates the
need for negative samples. Contrastive predictive coding (CPC) [63], on the
other hand, learns the representation of spatial information by predicting the

future in latent space using powerful autoregressive models. These methods
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have achieved impressive performance in the natural image domain and have

inspired further research in the medical imaging field.

o SimCLR: Inspired by SimCLR, Azizi et al. [64] proposed Multi-Instance
Contrastive Learning (MICLe). The main adaption is the positive pairs
construction. It not only includes augmented views of the same image,
but also leverages the availability of multiple views of the same medical
pathology per patient. Such corrected views of the same patient are also
considered positive pairs. The author tested MICLe on a Dermatology
dataset with twenty-seven classes as a downstream task. Ciga et al. [65]
employed SimCLR framework for histopathological image analysis. The
authors conducted different downstream tasks and discovered that the
combination of multiple multiorgan with several types of staining and
resolution properties enhanced the quality of the learned features. Schirris
et al. [66] proposed a Deep learning-based method to analyse whole slide
images (WSIs) of Hematoxylin and Eosin (H&E) stained tumour tissue
using Self-supervised pre-training and heterogeneity-aware deep Multiple
Instance LEarning (DeepSMILE). DeepSMILE compresses a SimCLR-
based contrastive strategy is used to pre-train a feature extractor on
histopathology tiles and variability-aware deep multiple instance learning
(VarMIL), which is extended from DeepMI [67] is used to model tumor
heterogeneity. The proposed method is applied to the task of Homologous
recombination deficiency (HRD) and microsatellite instability (MSI)
classification. Inglese et al. [68] modified the optimisation algorithm of
SimCLR to better fit 3D structural MRI data and applied it to distinguish
two important diagnostically different Systemic lupus erythematosus

(SLE) patient groups: NPSLE and non-NPSLE patients.

e« MOCO: Sriram et al. [69] adapted MoCo to predict COVID patient
deterioration based on chest X-rays (CXR). Non-COVID CXR images
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are used in the pre-training stage due to the relative scarcity of COVID-
19 patient data. Three tasks are defined to indicate COVID patient
deterioration, including oxygen requirements prediction, deterioration
prediction from a single image, and multiple images. The third task
requires multiple time-indexed radiographs, where a new transformer-
based architecture is proposed to process sequences of multiple images.
Building on the advantages of MoCo, Sowrirajan et al. [70] proposed a
MoCo-CXR (CXR) model for CXR classification problem. Since not all
augmentation strategies implemented in the original MoCo paper are
suitable for grayscale X-ray images, they adjusted data augmentation
used in MoCo to obtain high-quality representation, which were then
used to detect pathologies across different CXR datasets. Vu et al [71]
developed a method, MedAug, which leverages patient metadata to select
positive pairs for contrastive learning. They applied this approach to
CXRs for the downstream task of pleural effusion classification. By using
patient metadata, positive pairs could be selected from views of possibly
different images that come from the same patient, imaging study, or
laterality, which medical knowledge to the learning algorithm and are

expected to be rich in pathological features.

e BYOL: Based on the framework of BYOL, Xie et al. [72] introduced the
Prior-Guided Local (PGL) algorithm for 3D medical images’ segmenta-
tion, which focuses on minimising local consistency loss based on the
spatial and regional location relationship of the two augmented views
of the same region. A prior-guided aligner was proposed and added on
top of the projection head for both online and target networks. This
aligner leverages the spatial relationship between different views based
on the prior information of augmentation transformation and aligns the

features during the learning process.

« CPC: Extended from the early work on CPC, Zhu et al. [73] developed
a new method called Task-related CPC (TCPC) to handle 3D medical
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data. The method firstly uses Simple Linear Iterative Clustering (SLIC)
to detect the potential lesion areas, then crops and uses the sub-volumes
surrounding the generated supervoxels as input to the TCPC encoder.
A U-shape path is employed with a larger cube size, considering the
fewer differences in content between medical images compared to natural
images. Brain hemorrhage classification and lung nodule classification
tasks were utilized as downstream tasks. Lu et al. [74] combined CPC
with multiple instance learning (MIL) [67] for the classification of breast
cancer histology images. CPC was first used to learn semantic features
from raw breast cancer histopathological images, and then MIL was
applied for classification without the need for patch-level annotations,

allowing for efficient learning.

2. Global-local contrast Global-local contrastive learning aims to model

the relationship between both local semantic representations and global
representations. In medical imaging, data from different subjects may exhibit
inherent consistency due to the structural uniformity of organs. For instance,
in MRI and CT scans, the same anatomical region across different subjects
tends to have similar content. In such cases, contrastive strategies based solely
on data augmentation may not adequately capture the similarities present

across different images.

To address this, researchers have begun incorporating local contrast into
contrastive strategies, operating under the assumption that encoding the
same anatomical region in different medical images should produce similar
embeddings. Chaitanya et al. [75] proposed a domain-specific contrastive
strategy for volumetric medical images, that combines the proposed global
and local strategies. The global contrastive strategy uses similarity across
corresponding slices in different volumes as an additional cue and the local
contrastive strategy encourages representations of local regions in an image

to be similar under different transformations, and dissimilar to those of
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other local regions in the same image. By integrating both global and local
representations, this combined approach leads to further improvements in
representation learning for MRI. Yan et al. [76] introduced a novel contrastive
learning approach called Self-supervised Anatomical eMbedding (SAM). As
human organs are intrinsically structured, the authors aimed to develop an
algorithm capable of learning from unlabelled medical images to detect the
semantic location of a pixel, referred to as body part. To capture both global
and local information, a coarse-to-fine architecture is designed with two-level
embeddings. The global embedding is trained to distinguish every body part at
a coarse scale. The local embedding is at the pixel level, encoding anatomical
context information. A pixel-level contrastive learning framework is proposed
to differentiate pixels corresponding to various body parts, focusing on smaller
regions to capture finer features. The learned embeddings were extensively
tested in various downstream applications, including landmark detection and
lesion matching, across different imaging modalities such as 3D CT and 2D
X-ray, and for various body parts like the chest and hand. You et al. [77]
introduced a novel Contrastive Voxel-wise Representation Learning (CVRL)
method, which consists of two contrastive learning strategies tailored for
volumetric medical imaging segmentation tasks. The author argued that not
all voxels within the same image are equally positive, given the presence
of dissimilar anatomical structures within a single image. By combining a
voxel-to-volume contrastive algorithm to obtain global information from 3D
images, and a local voxel-to-voxel distillation approach to better utilize local
signals in the embedding space, CVRL effectively learns both low-level and

high-level features.

Generative Self-supervised Learning

The generative self-supervised learning approach refers to a pretext task in which
a model is trained to generate new high-dimensional data or reconstruct missing

content by learning the input data distribution [44]. The goal is to model the
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Year | Authors Imaging Modalities Pre-text task Down-stream task
2021 | Azizi et al. [64] Dermatology Images MICLe Skin lesion classification
2022 | Ciga et al. |65 Histopathological whole | SimCLR Cancer cellularity score regression
slide images (WSI) & Cancer /tissue classification
& Cancer/tumor segmentation
2021 | Schirris et al. [66] H&E whole-slide images | DeepSMILE HRD and MSI prediction
2022 | Inglese et al. 68| 3D structural MRI SimCLR NPSLE and non-NPSLE patients
classification
2021 | Sowrirajan et al. |[70] | CXR MoCo-CXR Pleural effusion Identification
2021 | Vu et al |71] CXR MoCo Pleural effusion classification
2021 | Sriram et al. [69] CXR MoCo Adverse event prediction from sin-
gle and multiple images
& oxygen requirements prediction
2020 | Xie et al. [72] 3D CT image PGL Segmentation
2020 | Zhu et al. [73] 3D Brain hemorrhage | TCPC Brain hemorrhage classification &
dataset Lung nodule classification
2020 | Lu et al. [74] Breast cancer histopatho- | CPC, MIL Breast cancer histology classifica-
logical images tion
2020 | Chaitanya et al. |75 | 3D MRI scanning Global and local contrastive learning | Segmentation
2022 | Yan et al. [76] Chest CT SAM Landmark detection
& X-rays & Lesion matching
2022 | You et al. [77] Left Atrium (LA) CT CVRL Segmentation
Table 2.3: Contrastive self-supervised learning applications in medical imaging analysis
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underlying data distribution so that the model can produce coherent outputs
resembling the input data. Unlike predictive learning, generative learning is open-
ended, meaning that multiple plausible solutions may exist for a given input. This
approach has gained popularity with the advancement of traditional autoencoders
[78], variational autoencoders [79], and generative adversarial networks (GANs) [80].

As demonstrated in Table [2.4] this section briefly reviews the applications of
generative self-supervised learning in the field of medical imaging analysis, which
has been divided into four major categories: autoregressive model, flow-based
model, auto-encoding model and diffusion model. This categorisation is followed
by [81] and based on the underlying probabilistic frameworks that have been used
to learn and sample from the data distribution. Each of these task involves model
the underlying data distribution and generate new samples coherent from the
distribution, aligning with the training objective of generative learning, which will

be discussed further in the following sections.

1. Autoregressive (AR) Model: AR models are a type of machine learning
model that predict the next value in a sequence based on previous values. These
models assume that future values depend on past ones and use this dependency
to make predictions. As a result, the joint distribution of the data is explicitly
factorised into an ordered product of conditional distributions. Originally
developed for natural language processing (NLP)—where, for example, the
next word in a sentence is predicted based on preceding words—AR models
have also been adapted for computer vision tasks. Models such as PixelRNN
[82] and PixelCNN [83] model images pixel by pixel, where each pixel is
generated by conditioning on the previously generated pixel. For instance,
lower pixels in an image can be generated based on the information from
upper pixels. Luo et al. [84] modelled the MRI reconstruction problem
using an autoregressive model and Bayesian theory. In their approach, a
Pixel CNN++ model was employed as a data-driven MRI prior, providing a
computationally tractable solution for reconstruction. Pixel CNN++ was first

trained on a dataset of MRI images to learn the pixel-wise joint probability
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distribution. During reconstruction, this generative prior was incorporated
within a Bayesian framework. The study demonstrated that the Pixel CNN-++
prior enhanced reconstruction quality by effectively capturing complex image
intensity distributions. Ren et al. [85] proposed the Medical Vision Generalist
(MVG), the first foundation model capable of handling various 2D medical
imaging tasks such as cross-modal synthesis, segmentation, denoising, and
inpainting. MVG unifies these tasks within a single image-to-image generation
framework by standardising inputs and outputs as images and using a
single-channel colouring scheme. A task prompt specifies the desired task,
enabling consistent handling across tasks. To support both local and global
context learning, MVG combines masked image modelling with autoregressive
modelling—applying random masking to a concatenated square image and
training the model to predict the next image in the sequence based on the
prompt image-label pair. This hybrid approach delivers robust performance
across all evaluated tasks and generalises well across four imaging modalities:

CT, MRI, X-ray, and micro-ultrasound.

. Flow-based Models: The goal of flow-based generative models is to estimate

complex high-dimensional data distributions that are difficult to model directly.
The core idea is to transform a simple distribution (e.g., a standard Gaussian)
into the target data distribution using a sequence of invertible and differentiable
transformations. Since the mapping is invertible, the transformed and original
distributions must have the same dimensionality, and the transformations
must be carefully designed to ensure that the Jacobian determinant is easy
to compute. Models such as RealNVP [86] and Glow [87] achieve this by
stacking invertible convolutional layers and affine coupling layers, progressively
transforming the base distribution into the image distribution with data split
into blocks. Van et al. [88] proposed an unsupervised US image despeckling
and denoising method using a normalising flow prior trained on high-quality
MRI images, eliminating the need for paired noisy and speckle-free US data.
They formulated the US despeckling task as a maximum a posteriori (MAP)
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optimisation problem under a deep generative image prior, learned from high-
quality MRI data using normalising flows (NFs). Rather than focusing on
high-level anatomical semantics, the model was trained on patches capturing
local tissue structures from speckle-free MRI images. This cross-modality
approach leveraged the tractable density estimation of flow-based models
as a prior and successfully improved the image quality of US scans. Hajij
et al. [89] explored the use of NFs as an alternative method for generating
synthetic medical images, addressing limitations commonly associated with
VAEs and GANSs, such as complex hyperparameter tuning and the lack of an
explicitly learned data probability distribution. Specifically, RealNVP was
employed for medical image synthesis, and the quality of the generated images
was evaluated using the Wasserstein distance and permutation tests. The
results provide promising evidence of the potential of NFs for medical image

generation.

3. Auto-encoding (AE) Models: AE models aim to reconstruct (part of) the
input data from corrupted or incomplete inputs. As one of the most widely
used generative models, AEs have numerous variants —such as variational
autoencoders (VAEs) — due to their flexibility and adaptability. In the medical
imaging field, AEs have been applied to tasks including image denoising,

restoration, and reconstruction.

o Image Denoising: Image denoising refers to the task of removing noise
from a corrupted image to recover a clearer version. The model is trained
to learn the underlying data distribution in order to fill into the corrupted
pixels, producing a noise-free version of the original input image. Prakash
et al. [90] adapted the image denoising approach as a pretext task for the
segmentation of cell/nuclei images. A Noise2Void (N2V) network [91] was
trained to denoise the entire dataset and then fine-tuned for segmentation.
This method demonstrated superior performance in downstream task,

even in scenarios with extreme levels of noise and limited training data.
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« Image Restoration: Image restoration refers to the task of enhancing

the quality of a degraded image by reversing transformations. The model
is trained to learn the underlying data distribution in order to synthesise
missing high-frequency details that are absent from the input, and to
produce a restored version of the degraded image. While the task may
involve elements of prediction—such as "predicting" a clearer version of
the input—the model is in fact generating missing or enhanced visual
information that remains consistent with the semantic content of the
image. Unlike predictive tasks, which typically have a fixed and single
correct output (e.g., predicting a rotation angle), image restoration can
have multiple plausible outcomes. Therefore, based on the nature of
its output and learning objective, image restoration is regarded as a
generative task. Chen et al. [92] proposed a novel generative pretext
task called context restoration. For a given image, two randomly selected
isolated patches are swapped. By repeating this process, a corrupted
version of the image is produced, preserving the intensity distribution but
altering the spatial information. The generative model is then trained to
restore the corrupted image back to its original version. This simple yet
effective strategy learns semantic features useful for various subsequent
image analysis tasks. The approach was tested on fetal standard plane
classification, abdominal multi-organ localization, and brain tumor
segmentation, demonstrating its effectiveness. Zhou et al. [93] developed
a framework that trains generic, source models for 3D imaging. The
model trained with the framework is called Generic Autodidactic Models,
nicknamed Models Genesis. The framework integrates four kinds of
transformations and shares the same autoencoder to restore the input.
This learning process enables the model to obtain latent representations
from multiple perspectives, such as learning appearance through non-
linear transformations, texture through local pixel shuffling, and context

through out-painting and in-painting. These learned representations are
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then transferred to specific downstream tasks, including both 3D and

2D image classification and segmentation tasks.

« Image Reconstruction: Image reconstruction refers to the task of
recreating an image or part of an image from the input data. The model
is trained to generate content that is consistent with the surrounding
context, producing a reconstructed version of the input image. A simple
example is reconstruction using an autoencoder, where the encoder
projects the input into a latent space, and the decoder reconstructs this
representation back into the original image. The model is optimised
by minimising the difference between the reconstructed output and the
input image. While this task may seem predictive—since the model
is "predicting" a reconstruction from the input—the primary goal is to
generate new content that is coherent with the input data. This requires
learning the global semantics of the image and modelling the underlying
data distribution. Such emphasis on data generation, along with the
nature of the output, aligns the task more closely with generative learning
rather than predictive learning. Matzkin et al. [94] proposed a pre-
text task to reconstruct the skull defect removed during decompressing
craniectomy (DC) performed after traumatic brain injury (TBI) from
post-operative CT images. A virtual craniectomy procedure is designed
to simulate the effect of DC on full skulls and generate DC post-operative
CT scans with bone flaps removed from different parts of the upper head.
Two architectures, including U-Net [95] and denoising auto-encoder
[96] were employed. Hervella et al. [97] introduced a multi-modal
reconstruction task for retinal anatomy learning. The main assumption
is that, in order to generate one image modality from another, the model
must learn relevant patterns from the images to successfully perform the
task. These learned patterns can then be transferred to solve downstream
tasks in the same domain, such as the localization and segmentation of

key anatomical structures in eye fundus retinography.
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4. Diffusion Models: Diffusion models have emerged as one of the latest

powerful classes of deep generative models, demonstrating state-of-the-art
performance in image synthesis and video generation [98]. They work by
defining a forward process that gradually adds Gaussian noise to an image
until it becomes pure noise, and a learned reverse process that removes the
noise step by step to reconstruct the original image. Once trained, the model
can generate new data by applying the reverse process to randomly sampled
noise. One of the most widely used formulations is the Denoising Diffusion
Probabilistic Model (DDPM) [99], proposed by Ho et al., which uses two
Markov chains: a forward chain that perturbs data into noise, and a backward
chain that reconstructs data from noise, both conditioned on discrete time
steps. Diffusion models are increasingly used in medical imaging for tasks
such as synthetic data generation and image reconstruction. Pinaya et al.
[100] explored the use of latent diffusion models to generate synthetic high-
resolution 3D MRI images of the adult human brain. To improve efficiency,
they employed compression models inspired by the architecture of Latent
Diffusion Models (LDMs) [101], enabling generation in a lower-dimensional
latent space. Image synthesis was further conditioned on variables such as
age, gender, ventricular volume, and brain volume relative to intracranial
volume to produce realistic brain scans. The results outperformed alternative
GAN-based methods in the unconditioned setting. Dominguez et al. [102]
proposed a physics-inspired diffusion model specifically designed for US image
generation. The model incorporates a US-specific scheduler scheme inspired
by the physical behaviour of sound wave propagation in ultrasound imaging.
This tailored approach enables the diffusion model to generate more realistic
US images, capturing characteristic features such as speckle patterns and
depth-dependent textures. The results demonstrate that the proposed method
effectively models the dynamics of US imaging during the image synthesis

process.
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2.2.4 Conclusion

In this section, I have reviewed applications of different SSL methods in medical
imaging, which has achieved significant success when performing on certain medical
imaging tasks [103]. After self-supervised training, clinical downstream tasks
require fewer labeled data, which is particularly valuable for rare diseases, where
building large datasets is inherently more challenging [104]. Among the reviewed
applications, the majority of SSL methods are directly adapted from natural image
or video analysis, without accounting for the unique characteristics of medical
images. For example, in fetal US, the extensive presence of speckle noise and
the property that US frames typically share a global pattern with local variations
can significantly influence the quality of learned representations and downstream
clinical task performance. This highlights a key area for further investigation to
fully leverage the potential of SSL in medical imaging.

Despite its effectiveness, SSL in medical imaging still faces challenges related to
quality control, ethics, patient confidentiality, and reimbursement [105]. Therefore,
trustworthy learning becomes a crucial topic in this safety-critical domain and will
be discussed in more detail in the following section. For instance, “explainable AI”
[106] is increasingly important in clinical settings, where the black-box nature of
deep learning models, which may be acceptable in other fields, is insufficient for
clinical implementation. In the case of fetal US, the diagnostic decisions made by
the model can directly impact both the fetus and the mother’s life. As a result,
patients and clinicians are highly motivated to understand how the model works
in order to build trust in its use.

Currently, multi-modal self-supervised learning has gained increasing attention
in medical imaging analysis, based on the assumption that different types of data
can contain distinct but diagnostically valuable information about the patient
[53]. Utilising multi-modal data makes these approaches more relevant in clinical
settings, as in real-world practice, doctors rely on a combination of expensive

medical tests to make accurate diagnoses [107].
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2.3 Trustworthy Deep Learning

This section is split into five subsections. Subsection introduces conceptual

foundations of trust and trustworthiness and the key criterion that needed to

be examined. In the following sections—{2.3.2 [2.3.3] and [2.3.4}—we address each

dimension of trustworthiness: robustness, explainability, and reliability, respectively.
For each, I discuss its definition, significance in the clinical context, and review

relevant state-of-the-art methodologies.

2.3.1 Conceptual Foundations of Trust and Trustworthiness

Trust plays a critical role in contexts involving uncertainty, risk, or dependence
on others. Despite its importance, the concept of trust is broad and context-
dependent. A comparative analysis of major English dictionaries—Webster’s
(9 definitions), Random House (24), and Oxford (18)—reveals an average of 17
meanings, highlighting its definitional ambiguity [108]. Different disciplines, from
philosophy and psychology to systems engineering and Al ethics, offer divergent
but complementary interpretations of trust, each emphasising different aspects
such as belief, reliability, or expectation [109].

In the context of Al and DL, trustworthiness has a more practical and evaluative
focus. For Al-assisted clinical decision systems, it is essential to clarify who or what
is actually being “trusted” [110]. O’Neill’s framework addresses this by situating
trust within relationships between agents—individuals or institutions capable of
making commitments and acting upon them [111]. As Baier notes, objects like a
chair or timetable cannot truly be trusted or distrusted; rather, I trust the people
responsible for their design and implementation [112]. Similarly, in Al rather than
asking whether users should “trust Al,” the more important question is whether Al
systems—and those behind them—are worthy of trust [113]. O’Neill argues that
trust is only valuable when directed at agents or things that are worthy of it: that
is, those that are ‘trustworthy’, misplaced trust can lead to harm, particularly in

safety critical applications such as healthcare and justice |111].
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Public discourse often treats trust as a generic attitude, such as polling data
or media report about “trust in science” or “trust in AI” [114]. However, such
generalisations can be superficial, ignoring the normative dimensions that distinguish
trust from mere belief or hope. In practice, people tend to trust based on past
experience, perceived reliability, and consistent behaviour. For instance, patients
may trust clinicians who have demonstrated competence and ethical conduct, but
not those with a history of negligence or misinformation.

To better understand trust, O’Neill proposes a tripartite framework consisting
of three interrelated dimensions, which reflect different “directions of fit” between

belief, action, and reality [111]:

1. Trust in truth claims: belief that an agent provides accurate, honest

information.

2. Trust in commitments: believing that the agent will follow through on

what they have promised or declared.

3. Trust in competence: believing that the agent has the necessary skills and

knowledge to fulfil those commitments.

These dimensions reflect both empirical and normative expectations: trust
in truth claims corresponds to an empirical “fit” with reality, while trust in
commitments and competence reflect normative obligations. O’Neill argued that one
must be trustworthy both in empirical truth claims and in normative action [111].
For example, a clinician who is honest and punctual but frequently misdiagnoses
patients lacks competence, while one who is skilled but violates confidentiality fails
in commitment. This tripartite model offers a conceptual foundation for evaluating
trustworthiness in Al systems. Although DL models are not moral agents, their
deployment in critical settings requires a careful evaluation of the systems and the
people behind them [115]. As such, the goal should not simply be to promote “trust
in AL,” but to ensure that Al systems are demonstrably trustworthy—competent,

reliable, transparent, and accountable.
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In this thesis, I adopt O’Neill’s framework as a conceptual foundation for
exploring trustworthiness in deep learning, particularly in the domain of medical
image analysis in fetal US. I argue that trustworthy DL systems must satisfy a set
of technical and ethical criteria, which I explore through three key dimensions

in the following sections:

« Robustness (Section [2.3.2)): the model’s ability to maintain accuracy and
stability across varied input conditions and imaging settings. This reflects
trust in competence, as it ensures consistent performance under realistic

conditions.

» Explainability (Section [2.3.3)): the degree to which a model’s decisions
can be interpreted and understood. This supports trust in truth claims,
particularly in clinical contexts where transparent reasoning could support

safe decision-making.

» Reliability (Section |2.3.4)): the model’s consistency in behaviour, especially
its ability to distinguish between clinically relevant and irrelevant inputs. This
aligns with trust in commitments and competence, ensuring the model acts

within its intended scope.

Together, these dimensions form a comprehensive lens for assessing trustworthy
AT systems. By grounding technical implementation in a clear conceptual model
of trustworthiness, this work aims to support the development of deep learning

systems that clinicians can confidently and justifiably rely on in practice.

2.3.2 Robustness of Deep Learning Models

Definition

Merriam-Webster defines robustness as the quality or state of being robust, with
robust meaning having or exhibiting strength or vigorous health [116]. The Oxford

English Dictionary describes robustness as the quality of being robust; strength;
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sturdiness. In statistics, robustness is defined as the insensitivity of the conclusions
of an analysis to violations of the assumptions |117].

In the context of Al and DL, robustness had been widely used and defined as
following. Ben et al. defines model robustness as the capacity of a model to sustain
stable predictive performance in the face of variations and changes in the input data
[118]. Freiesleben et al. describes it as the relative stability of a robustness target
with respect to specific interventions on a modifier [119]. Furthermore, Zheng et al.
defines adversarial robustness as ability of models to maintain their performance
under potential adversarial attacks and perturbations [120].

In my proposed research, I address the challenge of robustness in DL model by
introducing a feature-level local self-supervised learning framework. This approach
is designed to enhance the model’s capacity to learn invariant and stable feature
representations from unlabelled data, therefore improving its resilience to variations
and noises commonly encountered in medical imaging. Specifically, I formulate
pretext tasks at the feature level to mitigate the influence of pervasive speckle noise
in fetal US, which often degrades image quality and hinders representation learning.
Furthermore, by emphasising local representation learning, the model is encouraged
to focus on strong local variations—such as anatomical boundaries or region-specific
structures—rather than global patterns that are often redundant or visually similar
across fetal ultrasound frames. This design aims to improve the quality of learned
features and support consistent model performance across diverse imaging scenarios,
including cases with noise, or limited global context. In doing so, my method directly
aligns with established definitions of robustness, ensuring stable and generalisable
behaviour when applied to real-world medical imaging inputs—which are often

affected by practical challenges such as noise, artefacts, and acquisition variability.

Significance

Robustness is playing an critical role in DL, referring to a model’s ability to
maintain consistent performance in the presence of variations, noise, or adversarial

perturbations in input data. In practice, input data often exhibit inconsistencies due
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to factors such as sensor noise, environmental conditions, or variation in user inputs.
Real-world data rarely resemble the ideal conditions, inputs may be corrupted,
incomplete, poorly captured. In such scenarios, a lack of robustness can result
in substantial performance degradation, or even harmful errors—particularly in
safety-critical domains such as healthcare and autonomous driving.

Robustness is closely linked to the safety and trustworthiness of Al systems. A
robust DL model should be capable of managing such variability effectively [121].
However, DL models are known to be vulnerable to adversarial examples—inputs
that have been deliberately perturbed to mislead the model making incorrect
predictions. Improving robustness strengthens a model’s resistance to such ma-
nipulations. Beyond adversarial attacks, even benign sources of variation, such
as imaging artefacts, lighting changes, or background noise, can compromise the
performance of non-robust models.

In healthcare, robustness is especially critical due to the wide variability of clinical
data. A robust model must handle this variability while continuing to produce
clinically reliable outputs. As noted by [122], even small perturbations—such
as increased noise, minor artefacts, or shifts in data distribution—can lead to
significant performance drops. In clinical settings, such issues can result in mis-
classification, missed pathologies, or erroneous measurements, potentially affecting
patient safety. Furthermore, [123] argue that medical imaging is particularly
susceptible to adversarial attacks, and that substantial incentives may exist for
bad actors to carry on these vulnerabilities. In complex healthcare systems, these
threats may be difficult to detect or mitigate, further highlighting the importance
of robustness in Al-based diagnostics.

In my research, which focuses on fetal US—a modality characterised by high
variability—robustness is especially important. US images are affected by speckle
noise, acoustic shadowing, and operator-dependent variation in probe positioning.
Additionally, differences across ultrasound machines or clinical sites may produce im-

ages with distinct characteristics. A model that lacks robustness to these factors may
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misidentify anatomical structures, overlook abnormalities, or produce inconsistent
outputs, ultimately undermining clinical decision-making and patient trust.

In summary, robustness is foundational to the safe, effective, and trustworthy
deployment of deep learning systems in real-world clinical environments. It ensures
that models do not simply rely on memorising training data but instead learn stable,
generalisable representations that remain robust under imperfect and dynamic
conditions. As deep learning continues to transition from research to real-world
applications like medical imaging analysis, robustness must be prioritised as a

core design objective.

Methodology

Enhancing model robustness has become an increasingly important objective in the
development of DL systems. In the context of medical imaging, robustness refers to
a model’s ability to maintain consistent performance despite natural variations in
input data or the presence of noise and perturbations. Among various strategies,
contrastive learning has emerged as one of the most effective methodologies for
improving robustness, particularly in SSL frameworks. Contrastive learning enhance
a model’s ability to handle input variability by learning discriminative feature
representations.

As discussed previously, contrastive learning is a self-supervised approach in
which models are trained to distinguish between similar and dissimilar instances.
This is typically achieved by bringing the representations of similar instances closer
in the embedding space while pushing apart the representations of dissimilar ones.
The similar instances (positive pairs) are usually constructed through different
augmentations of the same input, while dissimilar instances (negative pairs) are
drawn from other samples in the mini-batch. Through this process, the model
learns to extract invariant features that are resilient to changes in appearance,
viewpoint, and noise, thereby improving robustness.

For example, Fu et al. [124] proposed Anatomy-Aware Contrastive Representa-

tion Learning (AWCL), which integrates anatomical information into the positive
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and negative pair construction process. By embedding clinical prior knowledge into
contrastive sampling, AWCL enables the model to focus on clinically meaningful
differences, thus enhancing robustness in medical image analysis. Ghosh et al.
[125] demonstrated that contrastive learning can significantly improve robustness
under label noise. Their work showed that supervised models initialised with
representations learned through contrastive learning performed substantially better,
even when trained on datasets with incorrect or noisy labels. Chuang et al. |126]
introduced Robust InfoNCE (RINCE), a contrastive loss function designed to
enhance robustness against noisy views. RINCE dynamically adjusts the importance
of training samples based on their estimated noise level, allowing the model to
prioritise more reliable inputs during training and mitigate the influence of corrupted
or irrelevant data. This highlights contrastive learning’s potential to provide
noise-invariant features.

In addition to contrastive learning, adversarial training has also been widely
studied as a methodology for improving robustness. This technique involves
deliberately exposing the model to adversarial examples—inputs that have been
intentionally perturbed to mislead the model during training. By learning from
these examples, the model becomes more capable of recognising and resisting such
manipulations, therefore improving its robustness to both natural and adversarial
perturbations. While adversarial training has shown significant promise in various
domains, it is not a primary focus of this thesis. A comprehensive review of
adversarial robustness methods could be found at [127].

In my research, I design a contrastive learning framework tailored specifically to
the characteristics of fetal US data to enhance model robustness. Given the presence
of speckle noise in US and the frequent appearance of similar global background
patterns across frames, I incorporate two key methodological adaptations. First,
I introduce feature-level pretext tasks to discard irrelevant low-level noise and
focus on more stable mid-to-high-level representations. Second, I emphasise local
representation learning to capture fine-grained anatomical differences rather than

overfitting to global similarities. These design choices allow the model to learn
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invariant and discriminative features that are resilient to input noise, poor image
quality, and local variations common in real-world ultrasound data. This approach
illustrates that achieving robustness in medical imaging requires not only a strong
learning objective, but also careful alignment between model design and the specific

properties of the dataset and clinical task.

2.3.3 Explainability of Deep Learning Models

Definition

Merriam-Webster dictionary defines explain, interpret as to make something clear
or understandable [116]. Josephson |128] defines an explanation as an assignment
of causal responsibility. Lewis |[129] defines that ezplain an event is to provide
some information about its causal history. In an act of explaining, someone who
is in possession of some information about the causal history of some event —
explanatory information,I shall call it — tries to convey it to someone else.

In the context of Al and DL, explainability has been clearly defined in several
foundational works. ISO/IEC [130] defines explainability as level of understanding
how the underlying (AI) technology works and interpretability as level of understand-
ing how the Al-based system came up with a given result. Ali et al. [131] describes
explainability as providing insight into the DNN’s decision to the end-user in order
to build trust that the Al is making correct and non-biased decisions based on facts
and interpretability as enabling developers to delve into the model’s decision-making
process, boosting their confidence in understanding where the model gets its results.
Das et al. [132] describes explanations as extra metadata information from the
model that offers insight into a specific Al decision or the internal functionality
of the AI model as a whole.

In my proposed research, which will be further discussed in Chapter [ T define
explainability in the clinical context as the model’s ability to capture anatomy-aware
knowledge. I incorporate clinician-driven insights—specifically, sonographers’ gaze
information—into the explanation process and quantify explainability by measuring

the alignment between the model’s learned features and the regions where expert
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sonographers focus their attention (e.g., through gaze data). In this setting, expert
knowledge, such as gaze patterns and anatomical cues, guides the explanation. The
model is thus encouraged to "think" more like a sonographer, and its decisions can
be explained by referencing the same anatomical features that a human expert

would naturally focus and rely on during interpretation.

Significance

With the development of DL, the autonomous machine and the black-box algorithm
started to make decision in place of humans with domain knowledge. The black-
box algorithm leads to a lack of transparency or opaqueness [133]. This means
that the users, and regulators are blinded to the inner logic and inner workings,
which becomes a serious disadvantage due to the inability of humans to verify,
interpret and understand the reasoning of the system machine [134]. This problem
becomes even more urgent as DL models start to be applied to some critical
areas, such as the criminal justice system and medical imaging analysis [135] [136].
Automatic decisions generated by DL models can have profound effects in these fields,
potentially impacting people’s lives. As a result, both users and regulators demand
an understanding of how these systems work, how they might be misused, and how
they could lead to false or harmful outcomes. As a result, model explainability has
garnered significant attention from the public, industry, and scientific communities,
with the goal of increasing trust in assistive and fully automated decisions |137].

While explainability is increasingly prioritised in DL research and practice, it is
important to acknowledge that not all DL applications require explanations. As
noted by Carvalho et al. [138], in scenarios where the cost of incorrect predictions
is low or where systems have already been thoroughly validated, high predictive
performance may be sufficient. Doshi-Velez and Kim state two kinds of such situation
[139]: (1) when there are no significant consequences for incorrect results, and (2)
when the problem is significantly well-studied and validated in real applications that
the system’s decision could be trusted, even if the system is not perfect. Examples

of former situations could be advertisement servers and product recommend system,
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while the latter situations could be referred to the postal code sorting and aircraft
collision systems [140]. Otherwise, explainability could provide its added value
The history of explainability study could be dated back to the 1970s. Researchers
started to work with attention on expert system [141-143], and a decade later, to
neural network [144], then to recommendation system in another decade |145, 146].
Lent et al. introduced Explainable Artificial Intelligence (XAI) to describe the
ability to explain the behaviour of AI in simulation game applications [147]. XAI has
since emerged as a growing field, aiming to develop methods for model explanation
or create more explainable models, while maintaining task performance [148].
The progress of XAl has slowed down for a decade, until the recent achievements
of DL call out another wave towards explainability study [149], due to the mistrust
on the DL. In 2016, Correctional Offender Management Profiling for Alternative
Sanctions (COMPAS), a criminal risk assessment tool, has found to be unreliable
and racially biased [150]. In addition, deep neural networks (DNNs) have been
shown to be highly vulnerable to adversarial perturbations, in which imperceptible
modifications to input data that lead to incorrect classifications [151, [152]. Even
as defences are proposed [153-155], new attack methods emerge, highlighting the
fragility of these systems and the urgent need for transparent decision processes.
In parallel, legal frameworks such as the EU General Data Protection Regulation
(GDPR) have amplified the call for explainability by granting individuals the right
to obtain meaningful information about algorithmic decisions that affect them [156).
In healthcare, the need for explainability is particularly acute. It is widely
argued that XAI can foster trust among clinicians, enhance transparency, and
reduce the risk of harmful or biased outcomes. However, recent work has cautioned
against overly optimistic interpretations of explainability in clinical settings. As
highlighted by Ghassemi et al. [157], explainability tools may create false confidence
in DL systems—especially in patient-level decision support—by masking model
limitations under superficially plausible outputs.
One key limitation is that most explainability approaches rely on humans

to interpret what a given explanation actually means. For instance, in medical
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imaging analysis, post hoc visual explanations such as heatmaps are among the most
widely used techniques. These maps highlight the regions that contributed most
to the model’s decision. However, this approach can be problematic. Heatmaps
often provide coarse information that is difficult to interpret—especially in clinical
settings. Even the most salient region in the heatmap may include both relevant
and irrelevant anatomical features, and simply localising a region does not clarify
what specific information the model used from that area. Moreover, humans have a
natural tendency to interpret these explanations in a favourable light, potentially
attributing meaningful reasoning to features that may not be clinically relevant. As
Rudin noted [158], “You could have many explanations for what a complex model
is doing. Do you just pick the one you ‘want’ to be correct?”.

Furthermore, explanations are not always guaranteed to be reliable, and their
performance is rarely evaluated from a human-centred perspective. For example,
the study in [159] on human-AT collaboration in chest X-ray analysis showed that
text-based explanations led to significant over-reliance on the Al system. This
effect was mitigated when text-based explanations were combined with saliency
maps, suggesting that explanation quality—and its alignment with the model’s
actual correctness—can significantly affect user trust and performance. These
observations underscore the importance of carefully selecting explainability methods
and maintaining a critical perspective when applying them in clinical practice.
Explainability should not be pursued for its own sake, but rather developed and
evaluated with a clear focus on clinical utility, factual accuracy, and alignment

with expert reasoning.

Methodology

Here,I review several state-of-the-art methodologies for DL explainability that were
available at the time of this research, and which may be applicable to or inform
my proposed approach. During that period, most explainability methods focused
on visualisation techniques that highlight image regions contributing to a model’s

prediction. While these methods offer intuitive insights into model behaviour, they



44 2.3. Trustworthy Deep Learning

are often coarse and difficult to interpret—particularly in medical imaging, where
specialised domain knowledge is required to understand the content. As a result, such
visual explanations are not always easily comparable or accessible to lay audiences.

In response to these limitations, several quantitative approaches have been
proposed to provide more objective and comparable metrics for explainability. How-
ever, in the context of medical image analysis—where models are trained to mimic
expert clinical reasoning—explainability methods must go beyond general-purpose
techniques. Specifically, there is a need to integrate clinical domain knowledge to
ensure that explanations are both relevant and meaningful to healthcare professionals.
This highlights the importance of my work on developing explainability frameworks

that are grounded in the clinical context, aligning with experts’ gaze information.

e Qualitative Visualization CNN visualization includes visualizing filters,
activation [160, [161], hidden neurons [162, 163] and CNN decision [163, [164].
Here I focus on techniques that are proposed to visualize a CNN decision, that
highlight the “important” regions for decision-making. Techniques mainly
fall into one of three categories [165]: perturbation-based, propagation-based

methods, and attention-based methods.

— Permutation-based methods: One of the earliest contributions to
CNN interpretation was made by Zeiler and Fergus [163], who blocked
random patches of images with grey patches and observed how the
classifier degrades when presented with these examples. A heat map was
then generated where each pixel represents the class score change if the

occlusion is in place.

— Propagation-based methods: Simonyan [164] proposed to produce a
saliency map by computing partial derivatives of the predicted class score
with respect to input pixel intensities. To reduce noise in the saliency
map, Springenberg |166] extend [164] to guided-backpropagation, where
a modified backpropagation step is introduced to get better visualization.

These works are compared in [167], though the visualizations produced are
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of high resolution, they are not class-discriminative. Direct comparison
and analysis are also hard to conduct based on visualization solely. Other
subsequent methods, for instance, Layerwise Relevance propagation [168]

and integrated gradients [169] are further examples of this class of method.

— Attention-based methods: Differing from propagation-based methods,
attention-based methods highlight the map by resorting the activation
of feature maps. One of the important branch is the Class Activation
Mapping(CAM) methods [170-173]. The original CAM method is pro-
posed by Zhou et al. [174]. It linearly combined the feature maps at the
penultimate layer, where the weights of each feature map are determined
by the corresponding class weights from the last fully-connected layer.
However, the method is restricted as it only applies models with global
average pooling (GAP) layer. Grad-CAM is then proposed by Selvaraju
et al. [173], it weighted each feature map using gradients instead.
Aditya et al. [170] further developed Grad-CAM++ via introducing
higher-order derivatives from Grad-CAM and getting a closed-form
solution for the weights of each feature map. The followed Smooth Grad-
CAM++ [172] method inherited the framework of Grad-CAM++, while
combing SmoothGrad [175] methods in gradient calculation. Fu et al.
proposed Axiom-based Grad-CAM (XGrad-CAM) to satisfy Sensitivity
and Conservation axioms for clear and sufficient theoretical support [165].
More recently, Desai et al. [171] proposed Ablation-CAM to remove the
dependence on gradients by running forward propagation, while stays

time consuming.

o Semantic Interpretability Kim et al. introduced the “concept activation
vector” (CAV) that automatically extracts visual concepts that are user-
defined, human meaningful and important for the CNN prediction [176].
Testing with CAV (TCAV) quantitatively analyse the relative importance of
a user-provided concept, which could be easily used and understood by non-

experts and turn the high-dimensional representations into low-dimensional
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interpretations. TCAV pioneered dataset-level analysis, however, not sup-
ported for image-level concepts. Pfau et al. proposed Robust CAV (RCAV)
to quantify concept sensitivity on individual model predictions and on model

behaviour as a whole [177].

In addition to methods built on TCAV, Adel et al. apply normalizing flows to
semantic interpretability, with the cost of a large number of inputs and high
computational burden |178]. Other approaches include model modification,
for instance, using random forest to replace certain convolutional layers [179,

180], but not widespread yet.

2.3.4 Reliability of Deep Learning Models

Definition

Merriam-Webster defines reliability as the quality or state of being reliable and the
extent to which an experiment, test, or measuring procedure yields the same results
on repeated trials [116]. The Cambridge Dictionary describes it as the quality of
being able to be trusted or believed because of working or behaving well [181]. The
Oxford English Dictionary defines it as the quality of being reliable; the extent to
which a person or thing may be relied upon; trustworthiness, dependability [182].

In context of Al and DL, the National Institute of Standards and Technology
(NIST) refers Al system reliability as the ability of an item to perform as required,
without failure, for a given time interval, under given conditions [183]. ISO/IEC
[130] defines reliability as degree to which a system, product or component performs
specified functions under specified conditions for a specified period of time.

In my proposed research, I address the challenge of reliability in Al systems by
introducing the concept of out-of-clinical-distribution (OCD) detection, tailored
specifically for US video analysis. I define reliability not only as the model’s ability
to make accurate predictions on clinically relevant data but also as its capacity
to recognise and reject non-diagnostic frames—those lacking anatomical content
essential for clinical interpretation. By detecting and filtering out these background

frames during both training and inference, my method ensures that the model
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focuses on semantically rich, clinically meaningful inputs. This targeted approach
to reliability improves representation learning, reduces noise in decision-making,
and supports safer and more trustworthy deployment of deep learning models

in clinical practice.

Significance

Reliability is a fundamental property for any system intended for real-world
deployment. In the context of DL, reliability refers to a model’s ability to produce
consistent, dependable, and accurate outputs across a range of conditions, including
under uncertainty and data variability. A reliable model should not only perform
well on average but also maintain stable behaviour when exposed to diverse
inputs, shifting data distributions, or unfamiliar deployment environments |184].
It should avoid erratic or unpredictable outputs when encountering unfamiliar or
out-of-distribution (OOD) data. Reliability becomes particularly important in
safety-critical domains, where incorrect predictions can have serious consequences.
In healthcare, for example, an unreliable model could lead to missed diagnoses,
inappropriate treatments, or misleading guidance for clinicians—potentially influence
patient safety [185].

A key aspect of reliability is a model’s ability to recognise the limits of its
competence. This involves identifying when an input lies outside the distribution
of data seen during training—a task known as OOD detection [186]. Most deep
learning models are trained under closed-world assumptions, where the training and
test distributions are assumed to match [187]. However, real-world applications often
violate this assumption, as models are frequently exposed to data from distributions
that differ from those seen during training [188]. Without the ability to detect
OOD inputs, models may produce incorrect and overconfident predictions when
encountering unseen cases [189]. OOD detection is thus essential to ensuring the
safety and reliability of DL systems [190].

Without OOD detection, a DL model risks extrapolating into unknown regions

of the input space, potentially generating confidently incorrect predictions. This
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risk is further magnified if the model fails silently—producing erroneous outputs
with no signal of uncertainty. In medical imaging, this could occur when, for
instance, a model trained on chest X-rays is tested on breast X-rays, or when
rare anatomical variations or imaging artefacts are present. A reliable system
should instead flag such cases as uncertain or defer to human judgment, rather
than make unsupported predictions.

Furthermore, reliability is essential for trust, accountability, and regulatory
compliance in Al deployment. For the regulators, models that fail in unpredictable
or unexplainable ways are unlikely to meet clinical safety and performance standards
[191]. For the end-users, clinicians are less likely to use AI tools that show
inconsistent or unreliable behaviour [192]. Ensuring reliability, therefore, is not only
essential for safe model operation but also crucial for increasing the acceptance

and integration of real-world Al-driven clinical applications.

Methodology

Ensuring model reliability has become a key area of research, particularly with
OOD detection and uncertainty quantification. In this section,I review the main
state-of-the-art methods for OOD detection, which serve as the foundation for the
reliability assessment in my subsequent research. These methods can be broadly
categorised into four groups: classification-based, density-based, distance-based,
and reconstruction-based approaches.

While each category has demonstrated effectiveness for specific tasks, they
also come with notable limitations. For example, [193] highlights the challenge
faced by classification-based methods in balancing the dual objectives of accurate
classification and effective OOD detection within a shared network. Furthermore,
different methods tend to perform better under different OOD settings—such as far-
OOD versus near-OOD-—indicating that no single approach is universally optimal.

Given these considerations, my research aims to develop a simple yet effective
method for reliable OOD detection, tailored to the needs of my specific clinical

application (namely OCD detection).
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¢ Classification-Based Methods

The majority of early works derive OOD scores from the network’s output,
while more recent approaches utilize information from the feature space or
gradient space, and some even incorporate foundation models as additional
tools. In this section, I focus on the literature related to output-based methods

and gradient-based methods for OOD detection.

— Output-based Methods

x Post-Hoc Detection Post-hoc detection methods do not requires
modification of training procedures and objectives, which is easier
to use and apply in real-world environments. Hendrycks et al. [194]
presented a very early work on OOD detection, which provided a
simple baseline for OOD detection that use the maximum softmax
probability as the ODD score. ID samples that are correctly classified
are tend to have higher maximum softmax probability than those
OOD samples. Liang et al. [195] proposed a method named ODIN
(OOD detector for neural networks), which builds on the baseline
method to detect OOD samples in neural networks. ODIN is based
on two key components: temperature scaling and input perturbation.
These techniques are used to amplify the gap between ID and OOD
samples since the authors observed that applying temperature scaling
in the softmax function and adding small perturbations to the
inputs increased the difference in softmax scores between ID and
OOD samples. Therefore, combination of these techniques leads to
improved detection performance.

Sun et al. [196] identified that a key challenge in existing OOD
detection methods is their tendency to be overconfident in OOD
predictions. To address this, they proposed ReAct (Rectified Ac-
tivations), which is based on the observation that OOD samples

often trigger internal activation patterns in neural networks that
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are significantly different from those of ID samples. By rectifying
higher activations, ReAct improves detection performance, reducing
overconfidence on OOD predictions. Dong et al. [197] proposed a
novel OOD metric called NMD (Neural Mean Discrepancy), which
measures the discrepancy between the mean of the input sample
and the mean of the training data. This metric can be computed
directly from model activations without requiring a backward pass
and is independent of the batch normalization layer. Sun et al. [19§]
proposed a sparsification-based OOD detection framework called
DICE (Directed Sparsification), which is based on the observation
that predictions for ID classes depend only on a subset of the neural
network’s weights. DICE selects the most relevant or contributing
weights for OOD detection by ranking them according to their
contribution. This weight sparsification technique results in better
separation of ID and OOD samples, leading to improved OOD

detection performance.

x Training-based Detection

Confidence Estimation DeVries et al. [199] trained a neural
network to output confidence score estimations for each input,
which are then used to distinguish between ID and OOD samples.
This confidence estimation is produced by a separate confidence
estimation branch, added to the feedforward architecture alongs
with the original class prediction branch. Such branch is usually
added after the penultimate layer, ensuring both confidence
branch and prediction branch have the same information for their
respective tasks of confidence estimation and class prediction.
Wang et al. [200] introduced EOW-Softmax (Energy-based Open-
World Softmax), a novel K + 1-way softmax formulation that
incorporates open-world uncertainty as an additional output

dimension. The neural network generates K + 1 logits, where
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the first K dimensions represent the prediction scores for the
classification task, and the K + 1-th dimension encodes the
model’s open-world uncertainty. The authors also proposed a
new energy-based objective function that seamlessly integrates

classification and uncertainty modelling.

Adversarial Training Bitterwolf et al. [201] introduced a
training scheme called GOOD (Guaranteed Out-Of-Distribution
Detection) for certifiable OOD detection. The goal of this method
is to provide worst-case guarantees by not only enforcing low
confidence at OOD points but also within the [,,-ball surrounding
those points. The approach leverages techniques from interval
bound propagation (IBP) [202] to compute an upper bound on
the maximum confidence within the [-ball. This method is
effective even for closely related OOD samples, such as those from
EMNIST and MNIST datasets. Chen et al. [203] were the first
to address the vulnerability of existing OOD detection methods
to adversarial ID samples, and proposed a novel algorithm called
ALOE to enhance the robustness of OOD detection. Their ap-
proach involves training the model using two types of perturbed
adversarial samples: adversarially crafted ID samples and OOD
samples. Both the softmax confidence score and Mahalanobis
distance-based confidence score are utilized for OOD detection.
Recently, chen et al. [204] proposed a novel framework called
ATOM (Adversarial Training with Informative Outlier Mining)
for robust OOD detection, based on the observation that most
auxiliary OOD data may be uninformative or even harmful for
OOD detection. To address this, they introduced informative
outlier mining to focus on more relevant outliers and enable the

model to estimate a tighter decision boundary between ID and
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OOD samples. Hence, this approach improves the robustness

and accuracy of OOD detection.

Stronger Data Augmentation Thulasidasan et al. [205]
incorporated Mixup [206] to improve calibration and uncertainty
prediction in deep learning models. During Mixup training,
additional samples are generated by convexly combining random
pairs of images and their corresponding labels. The resulting
Mixup-trained models is less prone to overconfident predictions
on OOD samples. Hendrycks et al. [207] proposed a technique
for robust OOD detection called AUGMIX. The method employs
diverse augmentation generation to induce robustness, utilizes a
mixing technique to combine multiple augmented images, and
introduces a Jensen-Shannon Divergence consistency loss to
enforce smoothness in the neural network’s response. This
approach is both simple and effective in enhancing the robustness
of OOD detection. As strong data augmentation techniques often
enhance the robustness of OOD detection but can negatively
impact accuracy, Hendrycks et al. [208] proposed PIXMIX
to achieve Pareto improvements. The method consists of two
main components: a set of structurally complex images (“Pix”)
and a pipeline for augmenting clean training images (“Mix”).
Diverse patterns, including fractals and feature visualisations,
are integrated into the training set, with the networks trained
for standard classification. This approach balances robustness

and accuracy in OOD detection.

— Gradient-based Methods

Liang et al. [195] proposed ODIN, one of the first methods to explore
incorporating gradient information for OOD detection. ODIN implic-
itly uses gradients during the input perturbation process, where small

perturbations are applied based on the input gradients. This technique
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increases the softmax score gap between ID and OOD samples, enhancing
the effectiveness of OOD detection. Lee et al. [209] were the first to
propose using backpropagated gradients directly as a signal for OOD
detection. The obtained gradients can serve as a distance measure in
the model’s space, indicating how much change is required to properly
represent the given input and providing insight into how familiar and
certain the model is regarding the input. Huang et al. [210] presented
an novel approach, named GradNorm to detect OOD samples by using
information of gradient from pre-trained neural network. GradNorm uses
the vector norm of the gradient as OOD score, which is backpropagated
from the KL divergence between the softmax output and a uniform
probability distribution. ID samples are more likely to have a larger
KL divergence than OOD samples because the softmax outputs for ID
samples tend to be higher for the ground-truth class, leading to a more
concentrated distribution, whereas OOD samples are more likely to
produce a uniform distribution, making it a good measure to separate

ID and OOD samples.

e Density-based Methods

The core of density-based OOD detection methods is to explicitly model
the probability distribution of in-distribution data and flag test data that
fall into low-density regions—those that are unlikely under the modelled
distribution—as OOD data. Recent works include techniques such as para-
metric density estimation, density estimation with deep generative models

and energy-based models.

— Classic density estimation Desforges et al. [211] proposed using
probability density function (PDF) estimation through kernel methods,
where OOD samples can be detected based on the estimated density. Low-
density regions indicate data points that are likely to be OOD. Lee et al.

[212] considered the case where the ID samples contains multiple classes
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and proposed modelling ID samples using a class-conditional Gaussian
distribution. This distribution is derived from features under Gaussian
discriminant analysis, and OOD samples are identified by calculating

the Mahalanobis distance to the closest class-conditional distribution.

Density estimation with deep generative models Sabokrou et al.
[213] proposed an end-to-end architecture for one-class classification,
consisting of two deep learning networks. One network functions as the
OOD detector, while the other supports it by enhancing inlier samples and
distorting outliers. Pidhorskyi et al. [214] leveraged an encoder-decoder
network to compute the likelihood that a sample was generated by the
inlier distribution. To reduce computational complexity, the parametrised
manifold capturing the underlying structure of the inlier distribution
is linearised. Deecke et al. [215] used generative adversarial networks
(GANs) for OOD detection. The goal is to assess the representation
of a given input sample in the latent space, which is trained using
ID samples. If a good representation cannot be found for the input,
it is classified as OOD. Flow-based generative methods could also for
probabilistic modelling. Zisselman et al. [216] proposed to leveraged
density modelling based on deep normalising flow, for modelling the
distribution of the feature space. Residual flow, which is an architecture
that learns the residual distribution from a base Gaussian distribution is
introduced. This method is effective for modelling distributions that are

approximately Gaussian.

Energy-based models Liu et al. [217] proposed using an energy score
for OOD detection. In this energy-based model, each input sample is
mapped to a single value, where ID samples have lower energy scores
and OOD samples have higher scores. Higher energy values indicate a
lower likelihood of occurrence. This method is theoretically aligned
with the probability density of the input sample and is less prone

to the overconfidence issue often seen in traditional models. Lin et
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al. [218] proposed a novel framework called MOOD (multi-level OOD
detection), which explores the relationship between different network
depths and OOD inference. Based on the intrinsic complexity of the input
data, MOOD can detect easy OOD samples at earlier layers, preventing
unnecessary propagation to deeper layers. Additionally, an adjusted
energy score is introduced as the OOD detection metric, which is shown

to be more suitable for networks with multiple classifiers.

¢ Distance-based Methods

The core idea of distance-based OOD detection method is to measure the
distance between an input sample and the centriods or prototypes of 1D
classes. This distance metric is used for OOD detection, as OOD samples are
expected to be relatively far away from the ID class representations, making
it possible to distinguish them based on their spatial separation in the feature
space. Here, I review some recent works categorized based on the distance

function they employ for OOD detection.

— Cosine similarity Techapanurak et al. [219] proposed using cosine
similarity for OOD detection, where class probabilities are modeled using
the softmax of scaled cosine similarity. This score is then used for OOD
detection. The proposed method is hyperparameter-free and can be
applied to any network by simply replacing the final output layer. Chen
et al. [220] leveraged the cosine similarity for boundary based OOD
detection to decompose the generalized Zero-Shot Learning problem
(GZSL) problem to a conventional Zero-Shot Learning (ZSL) problem.
Zaeemzadeh et al. [221] proposed to embed the ID samples onto a
union of 1-dimensional sub-spaces that are spanned by the first singular
vector (FSV) of features vectors from the same class. An input sample
is detected as OOD if the spectral discrepancy between the input and
the FSV is too large, which is measured using cosine similarity, which is

shown to be more robust and effective.



56

2.3. Trustworthy Deep Learning

— Mahalanobis distance (MD) Lee et al. [212] assumed that the pre-

trained features follow a class-conditional Gaussian distribution and
used Mahalanobis distance with respect to the closest class-conditional
distribution as the score for OOD detection. This approach firstly
introduces the MD to measure how far a sample is from the in-distribution
classes. Ren et al. [222] argued that while MD based methods are effective
for detecting far OOD samples (those semantically very different from
ID samples), they may fail to identify near OOD samples (which are
semantically close to ID samples). To address this issue, they proposed
a simple modification called Relative Mahalanobis Distance (RMD) for
near OOD detection tasks. This approach splits the original image into
foreground and background and uses the ratio of Mahalanobis distances
between two generative models on these two spaces as the OOD detection

score.

Euclidean distance Huang et al. [223] observed that OOD samples
with bounded norms tend to cluster near the Feature Space Singularity
(FSS) in the feature space. They proposed using the Euclidean distance
between the feature of input sample and the FSS, termed Feature Space

Singularity Distance (FSSD), as an effective measure for OOD detection.

Non-parametric nearest-neighbour distance Prior distance-based
methods impose a strong distribution assumption of the underlying
feature space being class-conditional Gaussian, which might not always
hold. Sun et al. [224] therefore proposed to leverage the non-parametric
nearest neighbour approach for OOD detection, which does not im-
pose any distributional assumption, hence provide stronger flexibility,

simplicity and generality.

Geodesic distance Gomes et al. [225] proposed a novel method, named
IGEOOD, for OOD detection. This method explores the information-

geometric properties of the feature space and uses the Fisher-Rao distance
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on the probabilistic manifold of the learned features as an effective
score for OOD detection. The Fisher-Rao distance, which represents
the geodesic distance between probability distributions in a statistical
manifold equipped with the Fisher metric, serves as a powerful tool for
clustering and a distance metric in the context of multivariate Gaussian

distributions [226].

e Reconstruction-based Methods

The core idea of reconstruction-based OOD detection methods is to compress
the input data into a latent space and then attempt to accurately reconstruct
the input using the learned compressed representations. This encoder-decoder
framework is trained and optimized using only ID data. The underlying
assumption is that OOD data cannot be effectively compressed and recon-
structed due to its dissimilarity to the ID data. As a result, OOD samples tend
to produce significant reconstruction errors. This difference in reconstruction
performance can then be used as an indicator for OOD detection. Denouden
et al. [227] used a reconstruction-based autoencoder as the encoder-decoder
framework to train the ID samples. The models identifies OOD samples it
could not be well recovered. Mahalanobis distance is Incorporated in latent
space to better capture the OOD samples. Zhou et al. [228] proposed a novel
framework of layer-wise semantic reconstruction to improve the performance
of autoencoder-based OOD detection. The proposed framework reserved the
reconstruction power of the autoencoder, while maximumly compressing the
latent space. Yang et al. [229] proposed a framework named MoodCat that
masks a random portion of the input image to synthesise the masked image and
identifies the OOD samples based on the classification-based reconstruction
error. Semantic difference between the original image and synthesised one
is used to calculate Reconstruction error. [230] introduced the idea of not
reconstructing the original image itself but rather the raw pixel of image. They

proposed a novel method called READ (Reconstruction Error Aggregated
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Detector), which combines inconsistencies from both the classifier and the
autoencoder. In this approach, the reconstruction error of raw pixels is
transformed into the latent space of the classifier, allowing for a more effective

aggregation of errors for OOD detection.

2.3.5 Conclusion

In this section, I have reviewed the conceptual foundations and practical im-
plications of trustworthiness in DL, focusing on three core dimensions: robust-
ness—whether the model performs well under diverse and imperfect conditions;
explainability—whether its decision-making process can be understood; and relia-
bility—whether it behaves consistently and safely in real-world use. Each of these
aspects plays a crucial role in the safe and effective deployment of DL models in
clinical settings. Robustness ensures performance stability across varying inputs;
explainability provides insight into the model’s reasoning process; and reliability
safeguards against silent failures by ensuring appropriate outputs in the face of
uncertainty or unfamiliar data.

These trustworthiness dimensions directly shape the design and direction of my
research. To improve robustness, I propose a feature-level, local self-supervised
learning strategy tailored to the unique characteristics of fetal US data. To address
explainability, I incorporate gaze-based anatomical priors to anchor model attention
in clinically meaningful features. For reliability, I introduce an OCD detection
framework that enables the model to differentiate between diagnostic and non-
diagnostic frames, allowing it to focus on semantically rich, clinically relevant
content for meaningful representation learning.

However, several challenges remain. First, balancing the three dimensions is
non-trivial, and improvements in one area may compromise another. For example,
techniques that improve robustness through heavy data augmentation may reduce
the interpretability of model features and hinder explainability. Second, there
is a lack of standardised metrics for evaluating these dimensions. Explainability

methods are rarely assessed from a human-centred perspective, and OOD detection
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often relies on fixed thresholds that may not generalise across tasks or datasets.
Third, clinical integration introduces additional complexity: explainability must
serve diverse end-users (e.g., clinicians, regulators), domain-specific knowledge must
be incorporated, and model behaviour must adapt to the unique characteristics of
medical data and workflows. In my work, I address these challenges by integrating
gaze-tracking data into the explanation process, accounting for US-specific imaging
properties, and redefining OOD detection as OCD detection to reflect clinical
relevance. These efforts aim to promote clinically meaningful, interpretable, and

trustworthy DL systems suitable for real-world deployment in healthcare.
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As constant as the moon in its course, as the sun in its
rising. Like the longevity of the southern mountains,
never failing, never falling.

— The Book of Songs, Major Odes of the Kingdom,

King Wen.
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3.1 Introduction

This chapter provides a brief description of the dataset used in this thesis and
outlines the preparation steps undertaken for both self-supervised and supervised
deep learning models in our study.

The National Health Service (NHS) has standardized prenatal care in the UK
through the Fetal Anomaly Screening Program (FASP) since 2001. A key

component of this program is the 20-week screening scan, also known as the second
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trimester anomaly scan, which examines 11 physical conditions of the fetus. This
scan plays a crucial role in prenatal care, offering pregnant women the opportunity
to benefit from treatment before or after birth or leading to a discussion about
options, including continuing or terminating the pregnancy. Therefore, is the
main focus of my reserach.

In this thesis, I explore and analyse second-trimester ultrasound scans using a self-
supervised approach, where raw video recordings are leveraged to learn anatomical
representations for clinical downstream tasks. Self-supervised learning alleviates the
burden of manual annotation of ultrasound videos, which is time-consuming, labour-
intensive, and nearly impossible for entire video scans. Though previous studies
that rely on human annotation in a supervised manner have achieved promising
results, only a small fraction of the available information has been utilised, which is
merely “the tip of the iceberg” compared to the entire video scan due to limited
annotations available. By employing a self-supervised approach, I would be able
to explore the dataset from a different angle, accessing the substantial portion
“beneath the surface”, which is the unlabelled scanning video, and making better
use of the entire scanning dataset for feature extraction and representation learning.

All ultrasound video scans used in this thesis were acquired as part of the PULSE
(Perception Ultrasound by Learning Sonographer Experience) project, which is
detailed in Section [3.2] Several datasets, both labelled and unlabelled, are used
in this thesis for the subsequent analysis chapters. Section and provide a

detail description of each dataset used in my studies.

3.2 Overview of PULSE Data
3.2.1 Motivations

Despite US being widely used due to its low-cost, portability and safety, it requires
a high degree of expertise to conduct the scan effectively [232-234]. In the United
Kingdom, the specialised healthcare professional, called a sonographer, is responsible
for not only performing diagnostic US, but also interpreting the real-time US

movements and issuing diagnostic reports [235]. Hence, a sonographer needs to be
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highly educated and well trained. In addition, the motions of a handheld probe
and the capture of visual information from the screen are often prone to human
bias and hard to standardise. There is no universal standard and skill assessment
for sonographers [236]. This operator-dependency restricts the usage of US to the
setting of hospitals and this has largely held back the wider development of US.
According to WHO, world-widely most of the end-users of US equipment are likely
to be individuals with little or no formal training [237, 238].

Therefore, to improve sonographers’ accuracy, efficiency, and productivity, as well
as to reduce the reliance on highly trained ultrasound operators, the use of artificial
intelligence-based technologies has received considerable attention [239-245].

The PULSE project is an interdisciplinary research project that aims to under-
stand the entire obstetric imaging scanning process as a data science problem [5]. Tt
works towards “combining machine learning, ultrasound video image analysis and
human-computer interaction (HCI) research in an attempt to better understand how
to build easier to use ultrasound systems of the future [246].”, with the ultimate
goal of automatic interpretation of freehand ultrasound. Multi-modal HCI data
has been collected, covering sonographer eye-tracking data, probe motion data
and sonographer speech recording to enhance understanding of human visual

search and navigation.

3.2.2 Data Acquisition

The PULSE study includes anonymized full-length obstetric ultrasound scan videos
while tracking the actions of the sonographer, including transducer motion, eye-gaze
attention and audio recording. In this section, I describe the data acquisition
process of the PULSE study, based on the scientific report written by Lior [5], a

maternal fetal medicine ultrasound expert and a senior collaborator of our lab.

Routine Care Setting

As part of the standard prenatal care, ultrasound scanning were carried out at the

maternity ultrasound unit, Oxford University Hospitals NHS Foundation Trust,
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Oxfordshire, United Kingdom. Three routine ultrasound scans are offered, including
a first-trimester dating scan at 11-134+6 weeks to estimate the viability and
gestational age, a 20-week screening scan, also known as the second-trimester
anomaly scan to identify fetal anomalies and measure fetal growth, and a growth
scan in the third trimester (around 36 weeks).

For quality assurance purposes, all ultrasound examinations are conducted
by accredited sonographers, supervised trainees, or fetal medicine doctors using
standard ultrasound equipment. In this thesis, I refer to all of them as “sonographers”.
The stored images and measurements are regularly reviewed by a senior accredited
sonographer, following established quality criteria [247].

In addition, if any abnormality is identified or suspected during the scanning,
all data from this scan would be excluded from the study and the pregnant women
would be referred for further examination at the Fetal Medicine Unit, Oxford

University Hospitals NHS Foundation Trust.

Participants

This project involves two groups of participants: pregnant women and sonographers.

Any pregnant woman aged 18 or older who can provide verbal and written
informed consent in English is invited to participate in this study during routine
obstetric scans by agreeing to have their ultrasound scan recorded. No additional
follow-up research scans are required. Data from women who choose to withdraw
after giving consent will be excluded from the study.

Participating sonographers include accredited sonographers, trainees supervised
by accredited sonographers, or fetal medicine doctors who perform obstetric
ultrasound and are willing and able to provide informed consent in English.
Sonographers will receive an introduction to the project and will be asked to

perform routine scans without altering their usual practices for the study.
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Sonographer

sensor

Figure 3.1: Ilustration of the setup of the routine scan acquisition process for PULSE
study.

Ultrasound System

All US scans are performed using a commercial Voluson E8 version BT18 (General
Electric Healthcare, Zipf, Austria) ultrasound machine equipped with standard
curvilinear (C2-9-D, C1-6-D, C1-5-D) and 3D /4D transducers (RAB6-D, RC6M).
A customised addition was made to create a dedicated multi-modality ultrasound
system that simultaneously acquires ultrasound scans and records the sonographer’s
actions. This system captures full-length ultrasound video scans, eye-tracking data,

transducer motion data, and audio of the sonographer’s commentary in real-time.

Ethics Approval

This study was approved by the West of Scotland Research Ethics Service, UK
Research Ethics Committee (Reference 18/WS/0051). Written informed consent
was obtained from all participants in English, and all procedures were conducted

in accordance with the guidelines and regulations.
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Routine Scan Acquisition

The setup of the routine scan acquisition process for this study is illustrated in Fig.
[3.1] During the scan, the sonographer typically sits or stands beside the pregnant
woman, who is lying on the examination bed. The sonographer manipulates the
transducer and adjusts the machine settings as needed, receiving real-time visual
feedback from the display screen. As they continuously move their hands to adjust
the transducer’s position, the displayed video updates accordingly.

During this process, data from different modalities are record and stored

simultaneously:

» Video recording: A computer equipped with a video capture card (DVI2PCle,
Epiphany Video, Palo Alto, California) and a built-in software is used to
capture real-time US video. Full-length US scans are captured using lossless
compression at resolution of 1920 x 1080 pixels at 30 frames per second.
Real-time anonymisation is conducted to ensure that no personal information

is included in the recordings.

« Eye tracking (sonographer’s gaze points): A remote eye-tracker (Tobii
Eyetracking Eye Tracker 4C, Danderyd, Sweden) is mounted below the display
screen. For each ultrasound frame, the precise point of the sonographer’s gaze,
indicating their visual attention, is recorded. No visual cues or signals are
provided to the sonographers to indicate whether the eye-tracking device is

active, ensuring the fairness of the recorded data.

« Transducer tracking (probe movement): A motion sensor (NGIMU,
X-IO Technologies, Bristol, UK) attached to the US transducer is used for
transducer motion tracking, with 3-axis accelerometer data recorded at 100

Hz.

« Audio recording: Microphones (PCC160, Crown HARMAN, Northridge,
California) are used to record the sonographer’s voice. Two microphones are

utilised to differentiate the sonographer’s voice from background noise and
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other people’s voices presented in the room. One microphone is placed near
the ultrasound display screen to best capture the sonographer’s voice, while
the other is positioned next to the pregnant woman and the accompanying

people, away from the sonographer, to isolate ambient sounds.

In this thesis, a large-scale of raw video recordings were used for self-supervised
pre-training, while a smaller set of labelled video frames were employed as the
downstream task dataset and the out-of-clinical-distribution detection dataset.

Eye-tracking dataset was also utilised for the Saliency-VAM model [248].

Sonographer Workflow

The sonographer moves the probe to explore different views of the fetal US from
various angles and zoom levels in real-time, aiming to find the best anatomical view.
Once the appropriate structure or view is identified, the sonographer freezes the
frame. If the current view is not satisfactory, the sonographer may unfreeze the
image to continue scanning, possibly taking multiple freeze frames while adjusting
the probe angle, zooming in, or changing angles to capture the optimal view,
known as the standard plane. Once the best view is located, the sonographer
freezes the image and proceeds with the necessary biometric measurements and
interpretation, such as assessing head circumference, femur length, or evaluating

the heart and brain of the fetus.

Sample Size

Based on logistical and clinical considerations—ensuring the study could be con-
ducted within manageable time frames and resources while also providing a large
enough sample to achieve adequate representation across different sonographers and
fetal gestational ages—the PULSE study prospectively decided to recruit a total of
3,000 routine ultrasound scans, with up to 20 sonographers performing these scans,

resulting in approximately 1,000 scans for each gestational age group.
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Figure 3.2: An example of the original ultrasound video recording.

3.2.3 Basic Preprocessing for Ultrasound Video Frames

Using the aforementioned equipment, Fig. shows an example of the original
US video recording from the display screen. The screen displays the US image,
along with text information and various control buttons. A basic preprocessing
step is applied to the stored video frames, where a predefined bounding box is
used to crop the clear ultrasound image to a size of 1008 x 784, excluding any
additional information displayed on the screen. The images were then scaled down
to 576 x 448 to reduce storage space on the local machine for subsequent analysis

and augmentation. This basic preprocessing was implemented in Python 3.8.

3.2.4 Existing Researches and Future Directions

A large amount of researches have been conducted under the PULSE project. In this
section, I summarise a selection of papers that utilise different combination of data
modalities and are designed for different clinical tasks. As shown in Table [3.1] most
of the researches have focused on the second-trimester dataset due to the optimal
size and visibility of the fetus during this stage. Studies on the first-trimester

dataset are also gaining momentum, reflecting a growing real-world need.
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Authors data modalities US scan | Task

trimester
Sharma et al. | US video data 2nd Automatic US video descrip-
[249| tion
Gao et al.| US video data 2nd Fetal structures detection
[250]
Lee et al.| US video data 2nd Standard planes classifica-
[251] tion
Cai et al.|US video and gaze | 2nd Standard plane detection
[252] data
Cai et al.|US video and gaze | 2nd Standard biometry plane-
[253] data finding navigation
Wang et al.| US video and probe | 2nd Operator skill assessment
[254] motion data
Alsharid et al. | US video and audio | 2nd Automatic image captioning
[255] data
Yasrab et al.| US video data 1st Standard plane segmenta-
[256] tion
Savochkina et | US video and gaze | 1st Video saliency prediction
al. [257] data

Table 3.1: Summaries of selected paper published under PULSE project

Most prior researches have relied on supervised learning, which requires a large
number of manual annotations for US video datasets to enable effective training.
However, only a small number of US frames have been labelled by clinicians during
the scanning process, typically focusing on standard planes that require clinical
measurements and assessments. Lior, a maternal fetal medicine ultrasound expert
and a collaborator of our lab, has also manually annotated a small portion of
video clips based on anatomy, organs, and standard planes, covering less than
20% of the dataset until 2021.

While supervised learning approaches have achieved promising results, the
labelled data used for learning represents are only the tip of the iceberg compared
to the entire dataset, leaving much of the information in the unused data untapped.

A significant amount of the unlabelled data could be leveraged to extract additional
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Dataset | Trime | Number | Mean Number | Number | Length
-ster of US| scan of Clips | of of clips
scans length frames
(minutes)
Dataset I | 2nd 719 34.2+12.1 | 70,661 2,261,179 | 32
Dataset 1T | 2nd 342 36.7 £ 10.8 | 119,328 715,968 6

Table 3.2: Summary of the unlabelled US video datasets

anatomical information, which could be beneficial for the model representations
learning. Given the vast amount of unlabelled data and its potential richness, a
key challenge is how to effectively incorporate these datasets for more efficient
representation learning.

Therefore, self-supervised representation learning, designed to extract meaningful
representations from raw image or video datasets, makes the PULSE dataset an
ideal candidate for such an approach. With its large amount of unlabelled data,
the PULSE dataset can greatly benefit from this approach, enhancing ultrasound

video analysis by tapping into the untapped information within the dataset.

3.3 Unlabelled US Video Dataset

In this thesis, I rely exclusively on US video as the modality for self-supervised
training. Two unlabeled ultrasound video datasets (Dataset I and Dataset II) have
been used as self-supervised pre-training datasets for Chapter 4 and Chapter 5,
respectively. These unlabeled datasets are used in the pre-training process with
a designed pretext task to learn meaningful representations, which can later be
transferred to various, more complex clinical downstream tasks. Chapter 4 focuses on
developing a novel SSL method for more robust local representation learning, while
Chapter 5 focuses on enhancing the understanding of SSL through explainability.
Table. shows the summary of the unlabelled datasets used in this thesis.
Dataset I, which has been used in chapter 4, is extracted from 719 full-length
second trimester fetal US scans collected between May 2018 and March 2023, with

an average duration of 34.2 4+ 12.1 minutes per scan, totaling approximately 409
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hours. Invalid data, such as initial frames without relevant information before the
sonographer begins the anatomy search, are discarded. After temporally down-
sampling at a rate of eight, a total of 2,261,179 frames are obtained, resulting in
70,661 clips, each with a length of 32 frames. A length of 32 frames is chosen to
ensure that each clip contains enough information for analysis, while not being so
long that multiple scanning tasks might be performed within a single clip. This
balance allows for more focused and relevant representation learning.

Dataset II, which has been used in chapter 5, is a subset of Dataset I, consisting
of 342 full-length second trimester scans collected between May 2018 and June 2020,
due to the earlier timeline of that research work. Using similar selection criteria,
715,968 frames were selected, resulting in 119,328 clips, each consisting of 6 frames.
The clip length of 6 frames is selected based on the design used in [258].

All frames were central cropped to remove the fan shape to avoid trivial solution,

before any further augmentations or processing.

3.4 Labelled US Frame Dataset

Three labeled datasets (Dataset I1I, IV, and V) were used for supervised training
in this thesis, which is summarised in Table. Dataset III, from first-trimester
scans, is used in Chapter 4 for cross-domain downstream task training. Dataset IV,
from second-trimester scans, is used in Chapters 4 and 5 for in-domain downstream
task training. Dataset V, also from second-trimester scans, is used as the in-clinical
distribution (ICD) data for out-of-clinical distribution (OCD) detection. The

following subsection provides a detailed explanation of each dataset.

3.4.1 Anatomy Recognition Dataset (Dataset III)

The first trimester fetal US scan is an essential part of prenatal care [259]. It
is offered to pregnant women to assess fetal viability and determine pregnancy
dating by measuring the fetal crown-rump length (CRL). Additionally, it helps
to estimate the likelihood of chromosomal abnormalities by measuring the fetal

nuchal translucency (NT).
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Dataset Trime | Number | Mean Number | Number | Class

-ster of US| scan of of Informa-
scans length frames classes tion
(minutes)

Dataset III | 1st 95 15.7 + 4.2 | 55,871 5 Anatomy
Dataset IV | 2nd 135 35.6 £ 84 | 15,384 14 Standard

plane
Dataset V| 2nd 212 37.6 £ 12.4 | 10,280 13 Standard

plane

Table 3.3: Summary of the labelled US video dataset

In Dataset 111, 95 first-trimester scans were used to create an annotated dataset
on first-trimester anatomy, which was done by Robail, a former post-doc of our
lab. According to the sonographers’ workflow, they scan to locate the anatomy of
interest, freeze the frame when a satisfactory view is obtained, and then perform
measurements on the US video buffered in the machine. In the first trimester, the

following actions are typically performed on the buffered video [260]:

« Diagnostic inspection: such as head, heart, abdomen
o Biometric measurement: such as NT, CRL, head circumference

e Doppler or pulse-Doppler based measurement: such as maternal uterine

artery

e 3D-mode surface rendering of anatomy

Hence, the dataset consists of five key anatomical categories, including crown
rump length (CRL), nuchal translucency (NT), biparietal diameter (BPD), 3D-
mode (3D) and other (BK). Although 3D mode is not an anatomical structure, it is
included as an important aspect of the overall scanning process, allowing for the
tracking and evaluation of the time spent scanning in 3D mode. The “other” class
includes various minority classes, such as the placenta. In total, 55,871 labelled

frames make up this first trimester anatomy dataset, as summarised in Table
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Table 3.4: Standard plane classes with description

Class Description

four views of heart

3VT Three-vessel and trachea view

4CH Four-chamber

RVOT Right ventricular outflow tract

LVOT Left ventricular outflow tract

two views of brain

BrainTv. Brain view at the posterior horn of the ventricle
BrainTec. Brain view at the level of the cerebellum

two views of spine
SpineCor. Coronal spine view

SpineSag. Sagittal spine view

Abdominal | Standard abdominal view at stomach level

Femur Stardard femur view

Kidneys Axial kidneys view

Lips Coronal view of the lips and nose
Profile Medial facial profile

Background | Non-modelled standard views and background frames

[3.3l This dataset is used to train and test the first-trimester anatomy recognition
task described in Chapter 5, with 73 scans included in the training set, 16 in

the validation set, and 6 in the test set.

3.4.2 Standard Plane Dataset (Dataset IV)

In general, obstetric US screening involves manual scanning, standard plane
detection, biometric measurement, and diagnosis [3]. An US standard plane
is defined as a specific 2D imaging plane that clearly depicts key anatomically
meaningful structures or organs, used for subsequent biometric measurement or
clinical condition diagnosis [239, [261].

During the routine scanning process, the sonographers scan to identify the

anatomy. They freeze the frame when they approach a standard view and perform
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subsequent biometric measurements. If the frozen frame does not provide a
satisfactory standard plane, this search-freeze-measure procedure is repeated. This
process always occurs in real time, with sonographers often revisiting the same
anatomical area multiple times to acquire the best possible view—referred to as the
standard plane—for improved anatomical assessment and measurement.

A large fraction of the frozen views saved by sonographers corresponded to
standard planes and have been manually annotated during the scan allowing us
to infer the correct ground-truth label. Based on these labels, 14 classes have
been identified and split, with an overview provided in Table 3.4l It includes
13 anatomy classes, along with a a background class, which encompasses both
non-standard frames and non-anatomy frames.

According to Table annotations from 135 ultrasound scans were included
to form Dataset IV, comprising a total of 15,384 labelled frames across defined
14 classes. In the downstream task of standard plane detection, which is used in
both Chapter 4 and 5, the 135 scans are used with three-fold cross-validation by

equally-divided subsets, resulting 90 training scans and 45 testing scans.

3.4.3 ICD Dataset (Dataset V)

In chapter 6, the definition of “Out-of-Clinical Distribution” is proposed based on
the presence of a clinically interesting region within each medical image. According
to this definition, the 13 standard plane views mentioned in [3.4.2 are considered
ICD data, as they provide an optimal view of the anatomy. Therefore, Dataset
V, comprising 212 scans and 10,280 labeled frames across 13 anatomical classes,
is used as the ICD dataset. An additional OCD dataset was manually created,

which will be discussed in detail in Chapter 6.

3.5 Evaluation Metrics

To quantitatively evaluate the model performance on above-mentioned downstream
tasks, including standard plane detection task and anatomy recognition task,

precision, recall, and F1 scores were reported. Precision measures how many
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positive predictions are correct, recall measures how many positive cases have been
correctly predicted and F1 score measures the harmonic mean of the precision and
recall. The evaluation metrics are calculated as follows:

. True positive
Precision =

3.1
True positive + False Positive’ (31)

True positive

Recall = (3.2)

True positive + False negative’

Precision X Recall
F1 =2 ) 3.3
seore x Precision + Recall (3.3)
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Gazing at the banks of the River Qi, where the green
bamboo flourishes. A noble man stands, like jade
being cut and polished, like stone being carved and
ground.

— The Book of Songs, The Odes of Wei, The Banks
of Q1.
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4.1 Introduction

The notable success of deep learning across various domains has greatly relied on
the availability of extensive annotated datasets. However, challenges arise when
obtaining manual human annotations becomes non-trivial, as seen in domains
like medical imaging. To address this, self-supervised representation learning is
emerging as a promising alternative, demonstrating potential in both image and
video domains [42, [262]. It releases the burden of heavy labour manual annotation
and has gained significant attention across various medical imaging modalities to
effectively obtain meaningful representations with large-scale unlabelled medical
dataset and transfer the learnt representation to achieve promising results in clinical
downstream tasks with small amount of data [44].

Self-supervised representation learning methods can be categorised into several
classes based on their learning objectives, for instance, predictive pretext task (e.g.
temporal sequence sorting [258], rotation prediction [263]) and contrastive learning
(e.g. instance discrimination tasks [58]). Most prior works on SSL applied to US
image analysis have focused on pretext tasks involving spatial transformations. As
US scanning usually include a video recording of the US scan, some recent works
explore SSL for the entire video instead of video frames, to learn both spatial
and temporal representations. Jiao et al. propose a joint reasoning approach to
learn representations from both order correction and geometric transformation
[57). As contrastive learning has become one of the leading paradigms of SSL and
demonstrates stronger generalisation to downstream tasks [58], Chen et al. propose
the US semi-supervised contrastive learning (USCL) method [264] and Zhang et
al. design the hierarchical contrastive (HiCo) learning method [265] for US video,
which provides state-of-the-art performance.

Most existing US video pre-training methods generate contrastive pairs using
video-level data augmentations [124][264][265]. Two main types of augmentations
are spatio-temporal transformations (e.g. cropping, shuffling) and colour transfor-
mations (e.g. solarisation) [266]. Normally, augmented views from the same video

are referred to as positive pairs, and samples from different videos are referred to
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as negative pairs. CL learns global representation by relying on the representation
invariant of positive pairs [58]. However, given the fact that fetal US videos often
share a global spatial pattern with significant local variations, I are motivated to
explore the use of local contrastive pairs generated from sub-cubes of US videos
for local representation learning.

For video self-supervised representation learning, [267] has demonstrated that
directly applying temporal augmentations (e.g., shuffle and reverse) at the input
level instead of the feature level could hinder feature learning. Representations
learned from different network levels exhibit varying degrees of generalization and
abstraction. Low-level features focus on simple structural patterns, while high-level
features capture semantic concepts. High-level features are more representative of
instances or semantics with context-aware representations, providing a global and
abstract understanding of objects and concepts. In contrast, low-level features are
more transferable since simple patterns are typically not task-specific. However,
they lack structural consistency across samples and are particularly sensitive to
temporal variations, as they tend to capture fast-changing details and are more
prone to noise [268]. In fetal US, low-level features capture edges (e.g., tissue
boundaries) and noise (e.g., acoustic shadows), middle-level features learn local
anatomical patterns and structures (e.g., ventricles and heart chambers), and high-
level features capture global context and semantic information (e.g., identifying
complete anatomical structures). As a result, middle-to-high-level features tend
to be more robust to noise and better at filtering out irrelevant variations as the
network focuses on meaningful semantic regions. Given that fetal US videos are
often degraded by acoustic shadows and speckle noise, I are particularly interested
in transferring the pretext task at the feature level rather than the pixel level to
enable more robust representation learning.

Meanwhile, SSL has been significantly influenced by the use of CNNs due to their
ability to learn highly complex representations [269], including in medical imaging
[57]. The CNN algorithm utilises convolutional operators to learn generalised

representations for medical imaging tasks, but its limited local receptive field hinders
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its ability to capture long-range spatial relationships in images. This limitation
creates a demand for an alternative architecture that can effectively capture long-
range dependencies and learn stronger feature representations. Vision transformer
[270], one of the latest advancements in deep learning, can serve as an alternative
to traditional CNNs. Their larger effective receptive fields enable better capture
and understanding of contextual information, which is particularly important in
medical imaging analysis [269]. In Al-assisted diagnosis, it is important not only to
focus on the area of clinical interest but also to account for surrounding tissues and
organs [271]. This broader contextual awareness could lead to more comprehensive
diagnoses. Therefore, I are interested in exploring whether transformer models can
help extract stronger features and benefit self-supervised medical imaging analysis.

As a result, in this chapter, I aim to take a further look at self-supervised

representation learning by addressing the following specific questions:

o Question 1: Would performing pre-text tasks at the feature level, instead of

the input raw data level, enhance feature learning?

e Question 2: How might utilising a combination of pre-text tasks enhance
self-supervised representation learning? How can I design an objective function

to effectively combine multiple pre-text tasks?

o Question 3: Would stronger feature extractors, for instance, transformer-
based models, contribute to better feature representations learned by self-

supervised representation learning?
By answering the above questions, our main contributions are as follows:

1. T propose a SSL framework, named feature-level Contrastive Rubik’s
Cube Recovery (CRCR) for fetal ultrasound video analysis, which is
customised to leverage the advantage of contrastive learning with Rubik’s
cube recovery and cube reconstruction pre-text tasks for local representation

learning;
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2. I introduce an approach to generate local contrastive pairs from sub-cubes of
US features, which facilitate discriminative and consistent local representation

learning;

3. I empirically compare the effect of using feature-level pretext tasks and
stronger feature extractor (e.g. 3D Swin Transformer [272]) to enhance feature

learning;

4. The proposed method CRCR consistently outperforms existing SSL methods
on both in-domain and cross-domain US clinical downstream tasks, showing

its effectiveness and generalisability.

4.2 Originality and Individual Role

I preprocessed and selected raw fetal ultrasound video clips used in this chapter with
a Python-based library developed by Richard Droste, a previous D.Phil student at
the Institute of Biomedical Engineering, University of Oxford. I designed, trained,
and tested the proposed self-supervised representation learning method using a
Python-based open-source library PyTorch [273]. This work was published and
presented in ASMUS 2024, MICCAT workshop [9]. The presentation was awarded

the Best Presentation Runner-Up, and the paper received the Best Paper award.

4.3 Background
4.3.1 Contrastive Representation Learning

Contrastive representation learning is a self-supervised representation learning
method that learns useful and transferable representations by teaching the ma-
chine to discriminate similar and dissimilar data pairs [58]. This method learns
representation in a different way as compared to the more traditional generative
or discriminative models and has become the leading paradigm.

A simple framework for contrastive learning (SimCLR [58]) is shown in Fig. [4.1]

Given an augmentation family 7, two different data augmentations 77 ~ 7 and
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Figure 4.1: A simple framework of self-supervised contrastive representation learning.
An image X is taken and random augmentations that are sampled from a family of
augmentations T' are applied to it to get a pair of two augmented images v; and vs.
Images from the pair are sent through the encoder fy to obtain representations and a
following projector to obtain projections z; and zo. The task is to maximise the similarity
between these two representations with similarity function J(.)
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Figure 4.2: Visual demonstration of contrastive representation learning loss. For each
anchor X lT ! a single positive (e.g. the augmented pair of image X;) is contrasted against a
set of negatives, including the augmented pairs of the remaining images in the mini-batch
{X k}Z:Lk#- The augmented images are projected onto the representation space for loss
calculation, depicted as the grey sphere in the figure.
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T, ~ T are sampled and performed for each input image x to obtain two augmented
views of image, which are denoted as v; and vy. Since the data augmentations
are sampled from the same family of augmentation combinations, the augmented
images are correlated views of the original image. The goal is to maximize the
agreement between these pairs, which are referred to as positive pairs.

For a mini-batch of N samples that are randomly sampled from a pre-training
dataset D, the framework yields 2N augmented images. A base encoder network
fo is applied to each augmented image to extract a representation vector. While
the augmented images v; and v; are treated as positive pairs, negative pairs are
not sampled explicitly. Instead, the other 2(/N — 1) augmented images within
the same mini-batch are regarded as negative pairs to x;. A contrastive loss

function is defined as

exp(sim(z;, z;)/7)
SN Lpsiexp(sim(z;, 2) /7))

where 1;,; is an indicator function, 7 is the temperature parameter, sim(.) is

the pairwise cosine similarity function and z is the representation vector with
zi = go(fo(vi)). A detailed demonstration of the loss generation process is provided
in Algorithm [I] A visual demonstration of the contrastive representation learning
loss is illustrated in Fig. For a given anchor image, L;; tries to maximise
its similarity with its augmented view while minimising its similarities with other

input images in the mini-batch in the representation space.

4.3.2 Rubik’s Cube Recovery

The Rubik’s Cube Recovery method [50] is a patch-based method implemented in
3D. Inspired by the jigsaw puzzle, the authors [47] proposed a pretext task to deeply
extract useful representations from the 3D medical data. The pipeline is illustrated
in Fig. [£.3] By denoting f; € x as the i-th frame of the video dataset x, a video
clip of length k, = {f1, fa, ..., fx} forms a 3D medical volume (2D + temporal
dimension). The 3D volume is partitioned into a grid (e.g. 2 x 2 x 2) of cubes and

the sub-cubes are then randomly shuffled and rotated. The task is to recover the
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Figure 4.3: Pipeline of self-supervised representation learning via recovering a Rubik’s cube puzzle. Two sub-tasks are involved, e.g. cube
ordering and cube orientation. For cube ordering, the eight sub-cubes are rearranged according to a permutation selected from all possible
options. In contrast, for cube orientation, rotations that are randomly drawn from all possible rotation options are applied to each sub-cube
individually, as shown by the grey arrows in the figure.
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Algorithm 1 Loss generation algorithm for self-supervised contrastive learning
based on instance discrimination tasks

Input: Sampled mini-batch {z;}¥,, family of augmentation 7 ,encode network fy
1: for ¢ from 1 to N do
2: Sample vg; 1 ~ T (z;)

Sample vy; ~ T (x;)

22i—1 = g@(fG(U%—l))

22i = 9o (fo(vai-))
end for

7. for i from 1 to N do
exp(sim(zok,22;—1/T)

8: Loi2i—1 = —log STV, exp(sim(eaia)/7)

9: end for
Output: L = QLN SN (Lo zi1, Loio1,2]

Algorithm 2 Loss generation algorithm for self-supervised learning via recovering
a Rubik’s cube puzzle

Input: Sampled mini-batch {z;}Y,, set of permutations P = {py, po, ..., px }, set
of rotations R = {ry, 79, ...,7a}, encoder network fy, rotation prediction head
fr, prediction prediction head f,, loss weights a, 3
1: for all i from € {1,..., N} do

2: sample permutation p; ~ P

3: Ti1,...,Tig = partition(z;) > Partition into 8 sub-cubes
4: Tit, . Tig = Pi(Tin, ..., Tig) > Permutation on sub-cubes
5: L= fpo(fo(xiq, ..., 258)) > Permutation prediction
6: Lp; =— Elepjloglj > Permutation loss
7 for all k € {1,...,8} do

8: sample rotation r; ~ R

9: i =1i(Tik)

10: g; = fr(fo(xik)) > Rotation prediction
11: Lpir=— Zj]\il r;logg; > Rotation loss
12: end for

13: end for

Output: L = ﬁ ZfL(CYLP,i + B3 %=1 Lrix)

original configuration, which is the cube’s ordering and orientation. Hence, the task
is able to learn both the transnational and rotational invariant features. For the cube
ordering task, the objective is to predict the permutation applied to shuffle the eight
sub-cubes. With a total of K possible permutations, this task can be framed as a
K-class classification problem. In the cube orientation task, the goal is to determine
the specific rotation that has been applied to each sub-cube. With a total of M

possible rotations, this task can be framed as eight M-class classification problems.
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Given the set of permutations P = {p1, pa, ...., px } and rotations R = {ry, 79, ...,ras }

that may be applied to the 3D volume x, the loss functions could be summarised as

L= OéLp + 5LR (42)

where a and [ are loss weights that control the influence of two tasks. Lp and Lg
are the permutation loss and rotation loss. Given an input 3D medical volume z;,
let p; and [; denote its ground truth and predicted permutation classes, respectively,
and r; and g; denote its ground truth and predicted rotation classes for the k — th

sub-cube. The permutation loss and rotation loss are defined as follows:

K
j=1
M
Lr;x=— > rilogg;. (4.4)
j=1

Here, cross-entropy loss is used instead of MSE loss, as the rotation is constrained
to horizontal or vertical flips to align with the nature of Rubik’s cube transformations.
Therefore, multi-class classification is used instead of regression, where the degree of
rotation is unconstrained. Algorithm [2] provides a detailed description of the process

for generating loss for self-supervised learning via recovering a Rubik’s cube puzzle.

4.3.3 Transformers in Medical Imaging Analysis

Transformers, as an alternative network architecture to CNNs; is firstly introduced
by [274] in natural language processing tasks. Attention-based blocks are used as
layers of neural network in transformer. In NLP, these attention blocks aggregate
information and correlations from the entire sequence and improved the performance
significantly. The architecture is then extended to computer vision, where vision
transformers (ViTs) [270] has been developed. For ViTs [270], images are split into
patches, and the sequence of linear embeddings of these patches is provided as
input. As a result, the global context of an input image is learned and captured

within the transformer layers. ViTs have achieved state-of-the-art performance
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Figure 4.4: Pipeline of Swin transformer [272]

in various computer vision tasks [270] and therefore have gained a lot of interest
in the field of medical imaging analysis.

A number of recent studies have focused on developing transformer-based
models for medical imaging applications, which can be roughly classified into
several categories: medical image segmentation (e.g., brain tumour [275], skin lesion
[276]), medical image classification (e.g., COVID-19 [277], retinal disease [278]),
medical object detection (e.g., MRI [279], spine CT [280]), and medical image
reconstruction (e.g., MRI [281], CT [282]). Meanwhile, transformer-based models
have also demonstrated their advantages in large-scale self-supervised pre-training

on medical imaging datasets [283].

4.3.4 Swin Transformer

The Swin Transformer is an innovation in the field of vision transformer [272].
Most prior transformer-based architectures rely on fixed-scale patches as tokens,
which are not ideal for general vision applications. Additionally, these architectures
requires quadratic complexity when producing representations of a single token, as
they compute the relationships between every pair of tokens. This poses a challenge
for medical images, which are typically high-resolution and may be intractable
for such transformer models. To address the challenge, the Swin transformer is
proposed to construct hierarchical representations with vary-scaled tokens and has
linear computational complexity to image size. Swin Transformer constructs a
hierarchical representation by starting from treating small-sized patches as tokens

and gradually merging neighbouring patches in deeper Transformer layers. The linear
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computational complexity is achieved by computing self-attention locally within
non-overlapping windows that partition an image. The number of patches in each
window is fixed, and thus the complexity becomes linear to image size. Hence, the
Swin Transformer is suitable as a general-purpose backbone for various vision tasks.

The general pipeline of the Swin transformer is illustrated in Fig. .4 An
input image is first processed by the patch partition module, where it is split
into non-overlapping patches. Each patch is treated as a token, and its feature is
represented as a concatenation of the RGB values of raw pixels for RGB images,
or simply the raw pixel values for greyscale images. A common choice of patch
size is 4 x 4, resulting in a feature dimension of 48 for RGB images. Each patch is
then passed to “Stage 1,” which consists of a linear embedding layer and a Swin
transformer block. The linear embedding layer projects the patch features into an
arbitrary dimension C. The first Swin transformer block maintains the resolution
at % X %. “Stage 27 consists of a patch merging layer and a Swin transformer
block. The patch-merging layer reduces the number of tokens by concatenating the
features of each 2 x 2 neighboring patches into a 4C-dimensional feature, followed
by a linear layer that projects these features to a 2C-dimensional space. The Swin
transformer blocks are then applied at a resolution of % X %. “Stage 3” and
“Stage 4” repeat the same process, further reducing the resolution while increasing
feature dimensionality. To produce a hierarchical representation, a shifting window
partitioning strategy is employed. In the patch-merging layer, window-based
partitioning and standard partitioning are used alternately. The window-based
partition computes relationships within local windows, while the standard partition
computes relationships between every pair of tokens. This window-based partitioning
reduces computational complexity while maintaining cross-window connections by
shifting the window partition at each layer. Such hierarchical representations could

be beneficial for medical imaging by allowing multi-scale representations, anatomies

of varying scales could be learnt for accurate analysis.
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4.4 Methods
4.4.1 Feature-level Pre-text Task

Contrastive representation learning based on instance discrimination has become
the leading paradigm of self-supervised pre-training tasks. It is trained to pull
together each instance and its augmented views, while push away from all other
instances, in the embedding space. Since the quality of US videos is always affected
by the extensive presence of speckle noises and acoustic shaded [§], whereas low-level
information (e.g. boundaries) and local noise could be discarded at the middle
to high-level feature level as discussed in the introduction. Therefore, it is worth
considering operating a pre-text tasks at the feature level instead of the instance level.

Fig. illustrates the general idea of our proposed self-supervised representation
learning approach, which operates augmentations or distortions at the feature level

instead of the original instance level. Here, I are particularly interested in feature-
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Figure 4.6: Pipeline of feature-level self-supervised contrastive representation learning.

level self-supervised contrastive representation learning. Fig. illustrates the
algorithm of the proposed method. Here, the encoder network is split into two
smaller networks gy(.) and hy(.), where fy = hy(qp). For each input video z, instead
of applying augmentations on x itself, here I send the x into gy(.) to get middle layer
feature representations r,, = go(z) and apply sampled augmentations on obtained
feature representations to get augmented feature views v; and v,. Similar to
instance-level self-supervised contrastive representation learning, here I contrast the
augmented feature pairs with the other features in the mini-batches and optimize the

contrastive loss. For each input video x;, the contrastive loss is calculated as follows:

exp(sim(z;, z;)/7)
S 1 ziexp(sim(z;, 21) /7).

Li,j = — 10g (45>

where 1;; is an indicator function, 7 is the temperature parameter, sim(.) is the
pairwise cosine similarity function and z is the projection vector with z; = gg(he(v;)).

A detailed demonstration of the loss generation process is shown in Algorithm [3]

4.4.2 Stronger Feature Extractor

Given that our study focuses on self-supervised video representation learning through
feature-level optimization, it is worth considering whether using stronger feature
extractors is beneficial. Vision transformers have shown strong performance in
medical image analysis [269]. The Swin Transformer, a key innovation in vision
transformers, is considered a highly effective feature extractor for images [272].

As introduced in Section [£.3.4, a Swin transformer can construct multi-scale
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Algorithm 3 Loss generation algorithm for self-supervised contrastive learning
based on feature discrimination tasks

Input: Sampled mini-batch {x;}¥ |, family of augmentation 7 ,encode network gy
and gy, projector gy
: for ¢ from 1 to N do
Tm,i = Q(a(%’)
Sample vo;_1 ~ T (Ty.i)
Sample vy; ~ T (Ty.i)
Z2i-1 = Go(hg(v2i-1))
z2i = go(ho(v2i-))
end for
: for ¢ from 1 to N do
L o] = -1 exp(sim(2zax,22i—1/7T) '
2,2i—1 08 Ziﬁl 1pzosexp(sim(z2i,2k)/7)
10: end for

Output: L = 5 Y2 [Loj2i-1, Loi—1.2]

Input Video Fo

TxHxWXA1

3D Patch Partition

Figure 4.7: Pipeline of 3D Swin transformer

features by continuously fusing neighbouring patches and a window partition
algorithm. I chose the Swin Transformer over other vision transformers for two
main reasons: (1) Traditional vision transformers require quadratic complexity,
whereas the Swin Transformer, through window-based self-attention, reduces this
to linear complexity—critical for medical imaging, which typically involves high-
resolution data. (2) Its hierarchical feature extraction structure enables multi-
scale representation learning, improving the model’s ability to capture complex
anatomical patterns.

In this section, I consider the 3D Swin Transformer, based on the 2D Swin
Transformer, as a stronger feature extractor to replace 3D CNNs. Here, the 2D
Swin transformer is extended to a 3D structures (2D spatio-temporal structures)

to capture rich spatial and temporal information from our 3D input, which is an
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ultrasound video clip. This idea is inspired by early works on 3D Swin transformers,
including [272] and [284]. Fig. shows the architecture of the 3D transformer. I
define each ultrasound video clip input of dimension 7'x H x W x 1, where T is the
number of frames in the clip, H and W denote the height and width of the frame,
respectively, 1 represents the grey-scale property of ultrasound video. To adapt
the 3D Swin Transformer for the Rubik’s Cube recovery task, instead of directly
extracting patch embeddings, I first partition the 3D cube into non-overlapping
2 x 2 x 2 groups. Each group is treated as a macro-block before patch embedding,
which aligns with the natural partitioning of a Rubik’s Cube. A transformer encoder
is applied at the macro-block level to learn the relationships between the four macro-
blocks, capturing their relative positions through self-attention. This step ensures
spatial consistency for Rubik’s Cube recovery while reducing computational cost.
After learning the macro-block relationships, I apply 2x2x 2 patch embedding within
each macro-block to extract fine-grained local features. This results in % X % X %
patches, each with a feature dimension of 8. Then the feature is projected into a
dimension of C' = 48 and sent into the first 3D Swin transformer block. Compared
to the traditional 2D Swin transformer, a temporal domain is added to the 3D
Swin transformer, resulting a 3D window-based multihead self-attention (W-MSA)
and 3D shifted window-based multihead self-attention (SW-MSA). The patching
merging module works similarly to 2D but only downsamples the spatial dimension
without temporal dimension to concatenate the neighboring 2 x 2 patches into a
large patch. Therefore, for each stage, the size of the feature map halves in height
and width, while is unchanged in the temporal dimension. For US video clips, if
the duration is too long, the sonographer may perform multiple tasks within the
clip, potentially leading to misleading representations during the learning process.

In general, the learning process for the 3D Swin transformer is represented

by the following equation:

§' =3D W — MSA(LN(y¥ ') +y¥ ! (4.6)

y = MLP(LN(3")) + i/ (4.7)
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gt = 3D SW — MSA(LN(y¥)) + v (4.8)
yl-l-l _ MLP(LN(Ql+1)) + gH—l (49)

where ' and y' represents the outputs of 3D W-MSA and MLP in block [, respec-

tively.

4.4.3 Multi Pre-text Tasks

In the previous section, I proposed to move from video-level CL to feature-level
CL to mitigate the influence of irrelevant low-level information and noise, and I
introduced the use of the Swin transformer as a more powerful feature extractor. In
this section, I explore how to further enhance the proposed method by considering
the special properties that owned by US videos - fetal US often exhibit global
patterns with significant local variations. Therefore, I are motivated to utilise
multiple pre-text tasks to learn local features, in contrast to traditional CL methods,
which primarily capture global frame representations.

In this section, I introduce an approach that integrates other pre-text tasks, such
as Rubik’s cube recovery and cube reconstruction, with feature-level contrastive
learning. Rubik’s cube recovery is chosen for its ability to partition data into sets
of local features, with each feature subjected to both translational and rotational
distortions, allowing for further local contrast to be drawn. Cube reconstruction
is chosen because a distorted cube loses all spatio-temporal information, making
predictions unreliable, while predictions from the original cube retain valuable
information. This enhances the contrast between distorted and original data. This

combined method is referred to as Contrastive Rubik’s Cube Recovery (CRCR).

CRCR Framework

The overall framework of our method is illustrated in Fig. [4.§ which consists
of two encoders gy(.) and hy(.), one projection head gq(.) for contrastive learning,
two MLP head f,.(.) and f,(.) for Rubik’s cube recovery task and one decoder

d(.) for the cube reconstruction task.
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Different from the normal CL paradigm [58], CRCR introduces two novel designs
for effective local representation learning. Firstly, I perform pretext tasks on the
feature level instead of the video level, and secondly, I proposed an approach to

generate local contrastive pairs from sub-cubes of US video. As shown in Fig. [4.§]

8
=1

an input US video clip z; is firstly partitioned into 2 x 2 x 2 sub-cubes {z; ;}
following the partition of Rubik’s cube. The sub-cubes of US video along with its
position embedding are then sent into the encoder gy(.) to get sub-cubes of US
features {r; ; }?Zl. Distortions (Rubik’s cube transformation and reconstruction)

are operated on the obtained features. Local contrastive pairs are generated from

sub-cube of US features with the designed distortions, as in Sec. [4.4.4]

4.4.4 Training Objectives

Rubik’s cube recovery.

RCR, which includes both cube rotation and rearrangement, are designed to recog-
nize the correct orientation after rotation and the correct order after permutation
of the sub-cubes. Here, I select the set of permutations P = {pi,ps,....,px} toO
have the largest Hamming distance for sub-cubes shuffling. Hamming distance is
a metric for comparing two equal-length strings, it is the number of positions at
which the corresponding symbols are different [285]. Therefore, largest Hamming
distance ensures that every single sub-cube has been moved. The set of rotations
R = {ri,re,...,r} is defined to ensure either a horizontal or vertical flip for
each sub-cube. Hence, the distortions are maximised, leading to the greatest loss
of spatio-temporal information.

Assume that RCR is operated on sub-cubes {r;;}5_,. Let P denotes the
permutation among the 8 sub-cubes and {R,, }?»:1 denote the relative rotation of

each sub-cube. I sample P, ~ P = {p1,p2,.....px } and Ry, ; ~ R = {ry,re, ...,";}.

The transformed sub-cubes are denoted as {7{( P, }?:1, with position embedding
updated to aligned with P,. Among these, {TZ-TJ }§:1 represents the sub-cubes after

rotation only and {r; (p,), }33:1 represents the sub-cubes after permutation only.
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We assume that by both translational and rotational representations could be
learnt by the task. The predicted results I; and {gn;}_, are obtained from the
rotation and permutation heads, respectively. RCR loss is calculated as the sum

of rotation and permutation loss as follows:

K 8 M
LRCR = —{Z Pkloglk + Z Z Rm7jloggm7j}. (410)

k=1 j=1m=1
Cube reconstruction.

Cube reconstruction is operated on both the original feature sub-cubes {r; ; }§:1
and the sub-cube obtained after Rubik’s sub-cube {r];};_( Py, With the position
embedding 7 updated with the selected permutation. The obtained reconstructions
are denoted as {rj;}}_, and {rj;7}}_, respectively, with the latter’s position
embedding updated.

By completing the task, two sets of predicted sub-cubes are obtained: the
predicted original sub-cubes and the predicted distorted sub-cubes. The recon-

struction loss is calculated as follows:

8 8
LRecon. = o1 X Z MSE(T;]‘, 7",‘7]‘) —+ g X Z MSE(T;]‘T, sz). (411)

=1 j=1
A grid-search hyperparameter optimisation was performed, where a; = 1, ap =
0.4. As in the grid search, if too much weight is placed on predicting distorted

sub-cubes, it could negatively impact the overall performance.

Contrastive learning.

With the assumption that US videos share a global spatial pattern with local
divergence, 1 propose generating local contrastive pairs using sub-cubes of US
videos, instead of global pairs using the entire video.

Normally, CL considers different US videos as negative pairs, which might result
in the high similarity between negative pairs (e.g. videos from the same scan
or performing the same measurement task) and potentially mislead representa-

tion learning [264]. The proposed approach is designed to generate two sets of
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strongly discriminative negative samples I~ = {I; ..., linter

} by introducing the
aforementioned pretext tasks as effective distortion tools. I assume that rotating
and shuffling the cube would cause severe spatial and temporal distortion, resulting
in the loss of both spatial and temporal information and leading to poor-quality
reconstruction. A Local positive samples set, I, is generated with appropriate
similarities. For a given anchor sub-cube 7; ;, the local contrastive pairs generated
from the proposed approach consist of:

r

o Positive sample I = {nm

i} rotated and reconstructed views of anchor

« Intra-feature negative samples I;,,., = {rim’ }mx;: distorted sub-cubes

mntra

from the remaining sub-cubes within the same video

« Inter-feature negative samples I, = {ri,” }r ,: distorted sub-cubes

wnter

from different videos

The above two sets of negative samples enable the model to learn representations
from different perspectives. Inter-feature negative pairs enhance instance discrimi-
nation, while intra-feature negative pairs provide local contextual information.

An example of contrastive pairs generated using the proposed strategy is
demonstrated in Fig. and [£.9] Here, sub-cube r;; is chosen as an anchor,
generating 2 positive pairs, 7 intra-feature negative pairs, and 8 x (N, — 1) inter-

feature negative pairs, where N, denotes the batch size.

o First positive sample is the rotated view of the anchor 7{17 which is the green
sub-cube on the top-right. I select it as a positive pair because rotation is
commonly used as a data augmentation technique in contrastive learning, and
I assume that US videos remain semantically similar after rotation. This is
due to the constant movement of the probe during an ultrasound scan, making

it likely to capture different views from various angles.
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Figure 4.9: An example of local contrastive pairs generated using the proposed strategy,
with a given anchor.

« Second positive sample is the reconstructed view of the anchor ry;, which

is the green sub-cube on the bottom-left. It is the reconstruction based on
the anchor r;;, with the objective to minimise the distance between the
reconstruction and the original input. Hence, it shares the same objective as

CL - to maximise the similarity between them.

Seven intra-feature negative samples are {TIJT}?:27 which are the blue sub-
cubes on the bottom-right. They are the reconstructions of the transformed
sub-cubes based on the remaining sub-cubes within the same video clip, which
are {rlTJ 8 ,. The reconstructed sub-cubes are expected to be lack of geometric
and semantic information due to enforced spatio-temporal transformation.
Therefore, the prediction would be unreliable and unrelated to the original
input. I intentional does not include {ry;”} to maximise the divergence from

the original input.

8 x (N, — 1) inter-feature negative pairs are {r; ;7 };215_,, which are the recon-

structions of the transformed sub-cubes based on the sub-cubes from different
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video clips. The negative pairs are used to provide instance discrimination,

which used the idea adapted from SimCLR.

Referred to [58][286], I adapt NT-Xent for our contrastive loss function, which

is calculated as follows:

; exp(e(rig,i)/7)
Lerr = — log P
D D S (o

== > el i)/ —log > exp(p(ri;i~)/7)}

j=litel+t i—el—

(4.12)

where 7 and ¢(.) denote the temperature parameter and the pairwise cosine

similarity function, respectively.
Overall loss function.

The overall learning objective of CRCR is a weighted combination of Rubik’s cube

recovery loss, reconstruction loss, and contrastive loss, which is calculated as follows:

Lerer = a X Lpyvik + B X Liecon. +1 X Lorg. (4.13)

A grid-search hyperparameter optimization was performed which estimated
the optimal values of « = n = 1,5 = 0.5.

A detailed description of loss generation process of the proposed CRCR approach
is shown in Algorithm [4]

4.5 Experiments

4.5.1 Data

Our experiments are based on the large-scale fetal US video dataset, named PULSE,
as described in Chapter [3] Dataset I, discussed in [3.3] consists of a large number
of unlabelled US video clips and is used as the pre-training dataset. Dataset
II1, discussed in consists of labelled first-trimester scan frames and is used

for three-fold cross-validation on the cross-domain downstream task—anatomy
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Algorithm 4 Loss generation algorithm of self-supervised Rubik’s contrastive
predicting

Input: Sampled mini-batch {z;}¥ ,, encode network fs = gg(hg), set of permu-
tations P = {p1,p2,...., px }, set of rotations R = {ry,rs, ...,y }, rotation
prediction head f,, permutation prediction head f,, cube reconstruction network
d, weight parameter ay, ag, o, 5,1

1: for i from 1 to N do

2: Ti1,...,Tig = partition(z;) > Partition into 8 sub-cubes
3: Tidy s Tis = Qo(Tin, -y Tig) > Feature of each partition
4: sample permutation Py ~ P

5: for all j € {1,...,8} do

6: sample rotation R,, ; ~ R

T: i = R (i) > Rotated sub-cube
8: Ti Py, = Pr(rij) > Permuted sub-cube
9: rg( py); = RUBIK TRANSFORM(r; ;) > Rubik transformed sub-cube
10: Imy; = fr(ho(r];)) > Rotation prediction
11: (In); = folho(ri(p,),;)) > Permutation prediction (j-th element)
12: 7.5 = d(he(ri;)) > Original sub-cube reconstruction
13: TPy, = d(h@(?"i]:( Po);)) > Transformed sub-cube recon.
14: It ={r];,00ri;)} > Positive samples
15: T— = {rim” b U{red" H it > Negative samples
16: Lyot; = — Z?:l Z%zl R, jloggm ; > Rotation recognition loss
17 end for

18: Lyerm,i = — Zszl Pilogly > Permutation recognition loss
19: L ruviki = Lroti + Lperm,i > RCR Loss
20: Lieconi = a1 35—y MSE(r7;,1:5) + aa X5y MSE(r; ;" rl;). > Recon. Loss

21: Leri = —Yivert{e(rij, i)/ —log > - cr- exp(p(rij,i7)/7)} > CLR Loss
22: end for

OUtpLIt: L= % Zszl{a X LRubik,i + ﬁ X LRecon.,i + n X LC’LR,'L’}

recognition task. Dataset IV, discussed in consists of labelled second-trimester
scan frames and is used for three-fold cross-validation on the in-domain downstream
task—standard plane detection. All frames were centrally cropped to remove the

fan shape and resized to 224 x 224 pixels.

4.5.2 Model Implementation and Training

Both 3D ResNet-18 [287] and 3D Swin Transformers [284] are utilised as the
backbone networks for the proposed self-supervised learning method. ResNet-18

is chosen based on prior work [264][51], while Swin Transformer is chosen for its
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strong feature extraction capability. I return each sub-cube to its embedded position
before passing it to 3D ResNet encoders to include positional information.

For SSL pretraining, [ employ an AdamW optimiser [288] to maintain consistency
with [283]. The initial default parameters are adopted from their work and further
refined in our setting through grid search. Both networks are trained with a
momentum of 0.9, a warm-up cosine scheduler of 500 iterations and a mini-batch of
32 for 40 epochs. After parameter tuning, an initial learning rate of 1 x 1073 is used
with decay of 0.1 for every 25K iterations for 3D ResNet-18 and an initial learning
rate of 1 x 1073 is used with decay of 0.01 for every 45K iteration for 3D Swin
Transformer. All models are implemented with PyTorch [273], with our methods
taking around 180 hours to run on a single NVIDIA Titan V GPU.

For transfer learning, I fine-tune the combined encoder gg(hy(.)) along with an
attached classifier head. The following parameters have been fine-tuned by previous
lab members for the corresponding tasks. For the standard plane detection task,
networks are trained with SGD optimizer with momentum of 0.9 and mini-batch of
16 for 70 epochs. An initial learning rate of 0.01 is used with 0.1 decay at epochs 30
and 55. For first-trimester anatomies recognition, networks are trained with SGD
optimizer with momentum of 0.9 and mini-batch of 16 for 200 epochs. An initial

learning rate of 0.1 is used with a decay of 0.1 at epochs 150.

4.5.3 Comparison Methods

In this section, the following five methods have been selected for comparison,

including those that use 3D ResNet18 and 3D Swin Transformer as backbones.

« RCR [50]: Rubik’s cube recovery, which consists of two tasks, cube rear-
rangement that focuses on identifying the correct order and cube rotation

that focuses on recognising the orientation.

« SimCLR [58]: A simple framework for contrastive learning of visual represen-
tations, which include one task of maximising agreement between differently

augmented views of the same image.
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DiRA [289]: The first SSL framework that integrate discriminative, restora-

tive, and adversarial learning in a unified manner.

USCL [264]: An US CL method that avoid similarity conflict of CL by using

only negative samples negative pairs coming from different videos.

HiCo [265]: A hierarchical contrastive learning method with the objective
to minimise the peer-level semantic alignment loss and cross-level semantic

alignment loss.

SwinUNETR [283]: A dubbed Swin UNEt TRansformers with tailored
proxy tasks, including contrastive learning, masked volume inpainting and 3D

rotation prediction.

These five methods have been chosen for comparison because they represent

different perspectives:

1. Baseline Comparison: Our method builds on SimCLR and RCR;; therefore,

I include them as baseline methods for direct comparison.

Multi-Pretext Task Integration: Our method aims to improve perfor-
mance by incorporating multiple pretext tasks. DiRA and Swin UNETR
are two state-of-the-art methods that leverage other pretext tasks within
CL frameworks. Additionally, they employ ResNet and Swin Transformer as
backbones, respectively, making them suitable for comparison due to their

similar design principles.

Ultrasound-Specific Design: Our method is specifically designed to address
the unique properties of US data. USCL and HiCo are two state-of-the-art
SSL methods developed for US video analysis, making them valuable for

comparison as they are designed for the same medical imaging modality.
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4.6 Results

4.6.1 Transfer Learning on Standard Plane Detection

Task description.

We first evaluate the pre-trained representation by transferring it to the in-domain
second-trimester standard plane detection task. Similar to [57][290], 14 classes are
considered, which includes four cardiac views, three-vessel and trachea (3VT), four-
chamber (4CH), right ventricular outflow tract (RVOT), and left ventricular outflow
tract (LVOT), two views of brain, transventricular (BrainTv.) and transcerebellum
(BrainTc.), two views of spine, coronal (SpineCor.) and sagittal (SpineSag.),
abdomen, femur, kidneys, lips, profile and background class. Precision, recall

and Fl-scores are used as the evaluation metrics.

Results.

Table shows a quantitative comparison of fine-tuning performance on the
standard plane detection task. The table indicates that CRCR generally outperforms
four state-of-the-art CL-based methods, e.g. SimCLR [58], DiRA [289], USCL [264],
and HiCo [265], by 3.8%, 1.9%, 2.0% and 1.1%, respectively, in F-1 score with the
3D ResNet backbone. Additionally, CRCR improves the performance of SimCLR
and Swin UNETR by 3.7% and 1.9%, when using 3D Swin Transformer as the
backbone. These improvements are statistically significant using the Wilcoxon
signed-rank test [291], validating the effectiveness of our proposed method. The
Wilcoxon signed-rank test is selected here as a non-parametric, robust statistical
analysis test. In contrast, methods like the paired t-test require the assumption
that the underlying distribution follows a t-distribution to ensure reliable results,
which may not always hold in real-world data.

In particular, CRCR performs better with 3D Swin Transformer as the backbone
network, demonstrating the benefit of utilising a stronger feature extractor to
enhance feature learning. Table presents the Fl-score for each class, in which
CRCR owns the best performance in the majority of classes. The improvement is

particularly notable for cardiac views, which share a global heart perspective but
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each has a local focus on specific structures, making them difficult to distinguish
even for experts. This finding is in line with our assumption that by contrasting
local contrastive pairs, the proposed method can learn semantically meaningful

information from these local areas.

4.6.2 Transfer Learning on First-Trimester Anatomy Recog-
nition

Task description.

We explore the generalisability of the pre-trained representation to a cross-domain
first-trimester anatomy recognition task. Similar to [260], five key anatomy categories
are considered, which include crown rump length (CRL), nuchal translucency

(NT), biparietal diameter (BPD), 3D-mode (3D) and other (BK) for first-trimester

fetal biometry measurements.

Results.

Table demonstrates quantitative results of fine-tuning performance on the first-
trimester anatomy recognition task. From the results, I observe that our proposed
method achieves the best performance among all the compared methods with both
3D ResNet and 3D Swin Transformer as backbone networks. Most improvements
are statistically significant with paired t-tests. This task of anatomical recognition
could be challenging due to the small fetal size in the first trimester. While the
compared CL-based methods focus on global representation learning, CRCR leans
local patterns through local contrastive pairs, which could be valuable when the
clinical region-of-interest is small. Among the compared methods, USCL and
HiCo, which are designed specifically for US videos, perform better than those
designed for general computer vision. Table 4.3|shows the F'1-score for each anatomy
category, in which CRCR achieves the highest F'1 scores in all categories. This
finding demonstrates the effectiveness and generalisability of our proposed method

CRCR on first-trimester US video.
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Table 4.2: Quantitative performance results on second-trimester standard planes
detection using 3D ResNet as the backbone. Fl-score per class (%)is used as the
evaluation metric. Rand. Init. indicates training from scratch. The best results for each
class are marked in bold.

Class Rand. Init. SimCLR DiRA USCL HiCo CRCR(ours)
3VT 30.2 39.2 41.2 41.7  43.0 49.2
4CH 25.1 33.6 35.1 356 37.1 41.7
LVOT 30.7 38.5 39.7  40.1 408 42.5
RVOT 28.8 35.3 36.8 369 37.6 40.1
BrainTv. 72.8 81.4 83.3 83.0 843 85.3
BrainTc. 69.9 81.2 83.1 82.8 83.1 83.6
SpineCor. 72.9 82.5 85.2 85.3  86.2 86.4
SpineSag. 77.3 84.3 86.5 854 86.9 87.2
Abdominal 65.0 76.5 782 785 794 79.6
Femur 80.9 88.7 89.8 894 89.8 89.6
Kidneys 62.4 74.6 74 771 783 81.2
Lips 76.7 84.5 87.3 869 86.7 90.8
Profile 70.5 79.9 80.9 81.3 81.9 81.5
Background 79.3 88.6 90.3 89.9 90.5 90.6

Table 4.3: Quantitative performance results on first-trimester anatomy recognition using
3D ResNet as the backbone. Fl-score per class (%)is used as the evaluation metric. Rand.
Init. indicates training from scratch. The best results for each class are marked in bold.

Class | Rand. Init. SimCLR DiRA USCL HiCo CRCR(ours)
CRL 85.9 99.1 994  99.6 99.8 99.8
NT 78.2 92.6 929 932 936 93.9
BPD 79.6 92.5 92.8 933 938 94.1
3D 79.2 95.7 96.50 969 974 98.7
BK 86.7 99.4 99.5 995  99.7 99.9

4.6.3 Ablation Study

Two ablation studies discussed in this subsection are conducted using 3D ResNet18

as the backbone network.
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Table 4.4: Ablation studies on the effectiveness of each self-supervised objective and the
effectiveness of performing pretext tasks at the feature level. Experiments are fine-tuned
using 3D ResNet for the standard plane detection task.

Feature-level Video-level

Lerr  Lruvic  Lgee | Precision Recall F1 Precision Recall F1

v 71.2 69.4  69.5 70.9 68.9  68.7
v 70.4 66.7  66.4 70.0 66.3  66.4

v 70.3 66.1  65.8 69.8 64.2 645

v v 70.9 69.0  68.5 70.6 68.5  68.1

v v 72.3 71.1 70.9 71.4 69.7  69.8

Q\
(\

71.8 70.5 70.3 71.0 69.5  69.1
73.1 72.6 72.0 72.4 71.1  71.3

Q\
{\
(\

Efficacy of self-supervised objectives.

We perform an empirical study on pre-training with different combinations of self-
supervised objectives used in CRCR loss. Results are shown in Table £.4, An
improvement is observed with the addition of pretext tasks. By incorporating
Rubik’s recovery and cube reconstruction into contrastive learning, performance
increases by 1.1% and 0.6%, respectively, with the combination of contrastive learn-
ing and Rubik’s cube recovery emerges as the best-performing pair. Furthermore,
the triple objective—combining contrastive learning, Rubik’s recovery, and cube
reconstruction—surpasses the best pair by 1.8% in precision. These results indicate
that three selected tasks harmonise with each other and the proposed collaborative

learning methods enhance representation learning and downstream performance.

Efficacy of feature-level pretext task.

We investigate how performing pretext tasks at the feature-level impacts rep-
resentation learning compared to the video level. As illustrated in Table [4.4]
performing pretext tasks at video level degrades the performance of the standard
plane detection task to feature level under different combinations of SSL objectives.

The largest drop occurs with the triple objective—combining contrastive learning,



108 4.7. Conclusion

which is our designed method—resulting in a decrease of approximately 1.5 %
in recall. This aligns with our hypothesis that performing pretext tasks at the
feature level enables the model to be less sensitive to superficial changes and
focus more on informative regions, as local noise and irrelevant features could be

discarded through encoder optimisation.

4.7 Conclusion

In this chapter, I have presented a novel self-supervised learning method named
feature-level Contrastive Rubik’s Cube Recovery (CRCR) for local representation
learning of fetal US video. The proposed method leverages the advantages of
contrastive learning with Rubik’s cube recovery task and cube reconstruction task.
A local contrastive pair generation approach is introduced to contrast sub-cube
pairs from US video. This feature-level approach is motivated by the observation
that mid-level features can effectively filter out noise in US videos, which otherwise
significantly degrades video quality and impairs feature learning. The design of local
representations is based on the inherent property of US videos, which consistently
exhibit a global pattern with significant local variations.

Through extensive experiments, it can be concluded that operating pretext
tasks at the feature level enables better representation learning than at the instance
level for noisy medical imaging, in our case, fetal US video. Employing a more
powerful feature extractor, such as the Swin Transformer, can further enhance
feature learning. Additionally, integrating multiple pretext tasks can be beneficial,
provided that the learning target is well-designed for the research question.

Furthermore, the results demonstrate that the proposed CRCR achieves state-
of-the-art performance on both second-trimester standard plane detection and
first-trimester anatomy recognition tasks, indicating that the quality of the learned
representations has been improved during pretraining for both in-domain and
cross-domain downstream tasks. This underscores both the generalisability and

transferability of the learned representations.
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5.1 Introduction

In the previous chapter, I investigated the performance of various self-supervised
learning methods on fetal US video. Despite some of the methods demonstrating
promising performance in different tasks, one of the limitations of end-to-end
learning is that the process is not transparent and not well understood. Clinicians
express concern over the opaque nature and desire for explanations to better
integrate it into the clinical decision process. Therefore, in this chapter, my
aim is to explore the question: how can I reach a deeper understanding of self-
supervised representation learning in the application of ultrasound video analysis
by incorporating gaze-informed, clinically driven insights.

As discussed in Chapter [2] SSL is a machine learning approach that generates
an unlabelled data representation via pretext task training and transfers the learnt
representation to make predictions on downstream tasks. At the time I started
this work, SSL methods had started to be shown to be promising in the field of
medical imaging analysis [92] to release the burden of manual data annotation, with
the first implementation in fetal US video analysis commenced in 2020 by Jianbo
Jiao [57], my co-supervisor. These studies suggest that SSL methods could learn
useful representations from large unlabelled healthcare datasets and then utilise
these learnt representations to make more complex clinical predictions, achieving
performance levels comparable to, or even surpassing, those of clinicians in certain
healthcare tasks [107]. Fig. illustrates how SSL can be translated into clinical
practice to support and assist the clinical decision-making process. These methods
have the potential to reduce diagnostic and therapeutic errors that are often inherent
in human practice [292], while also addressing critical challenges in the healthcare
system—such as workforce shortages [293] and inequities in access to care [294].

As the potential of SSL models in clinical practice continues to grow, a significant

gap remains in our ability to understand, interpret, and trust these models at
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Figure 5.1: Illustration of SSL applied in clinical practice, showing interactions with
patients and clinicians. Yellow arrows indicate the training process, with outputs used
to assist clinical decisions without explanation. Common questions from patients and
clinicians regarding unexplained decisions are listed on the right.

the same pace. A deep learning method is often regarded as a “black box”,
meaning the algorithm’s internal mechanisms and decision-making processes remain
fundamentally opaque to human understanding [295]. For the self-supervised
representation learning model, the processes by which the model extracts features
from raw data, transfers learned representations to different tasks, and utilises
these transferred features for prediction remain largely unknown and unexplainable.
Fig. [5.1] presents several common questions raised by patients and clinicians in

response to unexplained model decisions, including:

o How does the model make its decisions? Specifically, what information is the

model using to arrive at its predictions?

o Does the model behave like a clinician? In particular, is it focusing on
the same image regions and patterns that experts rely on during real-time

interpretation?
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Model

Explanations

Figure 5.2: Target audiences for model explanations and their specific needs. This
overview is partially inspired by [296].

o How can we explain the model’s predictions? Can we make its reasoning

understandable and clinically meaningful?

o Can we trust the model? Are its decisions based on clinically relevant

information, and are the explanations reliable?

o How can expert knowledge help understanding the model? Can tools such as

gaze tracking show whether the model aligns with expert visual attention?

In this chapter, I aim to address these key questions to better understand the
model’s behaviour and decision-making process, with the goal of building trust
in the model’s clinical applicability.

In safety-critical fields such as healthcare, decisions made with the assistance of
black-box models can have significant consequences, potentially directly affecting
human lives. Therefore, model explanation plays a crucial role in the advancement
of deep learning in clinical settings, offering a rationale that helps target audiences
understand the model’s decisions and build trust in automated, learning-based
systems. As shown in Fig. [5.2] in clinical practice, the target audience for
model explanations typically includes four key groups: model users (clinicians),

impacted parties (patients), model regulators (policy-makers), and model developers
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(engineers) [296]. Each group has specific needs and expectations regarding the
nature and purpose of model explanations. As the end-user of the model, clinicians
need to establish trust in the model’s use. Model explanations help bridge specific
predictions with clinical domain knowledge, therefore validating the accuracy and
relevance of those predictions. Since the model’s output can directly influence patient
health, providing clear and meaningful explanations is also essential for patients,
enabling them to understand their condition and build confidence in the predicted
outcomes. This “right to explanation” for decisions made by automated systems
has been legally mandated under the European General Data Protection Regulation
(GDPR) since 2018 [297]. Additionally, model developers can use explanations to
better understand and optimise model behaviour, ultimately improving model
performance and reliability.

In this study, the target audience for model explanations includes all key end-
users involved in the use of deep learning-assisted fetal US scans: sonographers,
expectant mothers, regulators, and engineers. My focus on explainability is driven by
the need to provide each of these groups with meaningful, clinically grounded insights.
Specifically, I generate explanations that assess how well the model’s attention
aligns with the gaze patterns of experienced sonographers. For sonographers—the
primary users—trust in the model depends on its ability to mirror their clinical
reasoning. I address this by evaluating the correspondence between the model’s
focus and expert gaze during scanning. Expectant mothers, whose care is directly
influenced by these models, benefit from meaningful explanations that support their
understanding and confidence in the diagnostic process. Regulators require evidence
that AI tools are reliable, and clinically valid, which our anatomy-aware, gaze-
informed metrics help to demonstrate. Finally, engineers benefit from explainable
feedback to better understand and refine model behaviour. By grounding model
explainability in clinician gaze data and anatomical relevance, my work aims to
meet the diverse expectations of all these end-users, supporting more trustworthy

and clinically integrated DL systems.
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At the time of this work, most research in model explanations concerned
understanding general deep learning models with a focus on model visualisation
(162164, [298, 299]. The visual-based explanations are generally coarse, especially
when the information is diffuse. Quantitative metrics for explainability have been
proposed [162, [299], but are still limited. The explainability of self-supervised
representation learning models, on the other hand, was under-explored.

This chapter explores how self-supervised representation learning in fetal US
video analysis can be better understood by incorporating clinically relevant infor-
mation, specifically sonographers’ gaze tracking data. I define explainability as
the model’s ability to capture anatomy-aware knowledge and propose quantitative
metrics based on visually salient landmarks—regions that clinicians naturally focus
on during scanning. These metrics tell, how well the model’s learned features align
with sonographers’ gaze and anatomical relevant information by measuring the
clustering quality of fine-tuned CNN features at these landmarks. Validated on
mid-pregnancy fetal US videos, my approach offers valuable insights into model
behaviour and supports more trustworthy, clinically aligned explanations of self-

supervised learning.

5.2 Originality and Individual Role

I preprocessed and selected raw fetal ultrasound video clips used in this chapter with
a Python-based library developed by Richard Droste, a previous D.Phil student at
the Institute of Biomedical Engineering, University of Oxford. I re-implemented the
saliency prediction model that was developed by Richard Droste. I designed, trained,
and tested the proposed quantitative metrics using a Python-based open-source
library PyTorch [273]. This work was accepted as extended abstract in the Medical

Imaging Meets Neurips (MED-NEURIPS) 2021, NEURIPS workshop.
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5.3 Background
5.3.1 Self-supervised Representation Learning

The general pipeline of self-supervised learning, typically consists of two steps: (1)
train a CNN model with a pre-defined task on a large set of unlabelled data, and
(2) fine-tune the pre-trained network for the high-level downstream task with a
small set of annotated data. The core to the approach is the principle of providing
“labels for free” from unlabelled data, which is advantageous as it makes deep
learning no longer annotation dependent. There has been growing interest in
self-supervised representation learning applications in the field of medical image
analysis due to the relatively limited availability of medical image annotations.
Therefore, it is crucial to select appropriate approaches when adapting and applying
current methods that were originally developed for natural images to medical image
analysis. Otherwise, it may result in visual representations that lack consistency

in appearance and semantics.

5.3.2 Model Explainability

Model explainability refers to methods that help humans understand how a deep
learning (DL) model makes decisions, and is often discussed alongside interpretability.
While the terms are sometimes used interchangeably [300, 301], recent studies
distinguish them more clearly |158, |302]. As defined by [158], interpretability
typically refers to the transparency of a model at the task definition level, whereas
explainability involves post hoc methods that aim to clarify the behaviour of black-
box models. Montavon et al. [302] describe interpretation as “the mapping of
an abstract concept (e.g., a predicted class) into a domain that the human can
make sense of,” and explanation as “the collection of features of the interpretable
domain that have contributed to a given decision.”

In my work, I refer explainability in the clinical setting to the model’s ability to
capture anatomy-aware knowledge. To assess this, I use sonographers’ gaze-tracking

data as a reference for clinically meaningful regions. My proposed quantitative
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metrics measure how well the model’s learned representations align with these
gaze-informed landmarks, revealing whether the model’s attention corresponds to
expert reasoning. This approach provides a form of post hoc explainability by
helping to interpret the features the model relies on, making its decisions more

understandable and trustworthy in clinical ultrasound analysis.

5.3.3 Saliency Prediction

According to cognitive studies, the human optic nerve receives a vast amount of
data that exceeds its processing capacity and only pays attention to the necessary
information [303|. Hence, when interpreting an image, the human eye tends to
focus on semantically informative regions [304], leading to its close relationship
with image analysis and understanding. The attention of the eye across the image
could be quantified through the distribution of gaze points, which could be recorded
using gaze-tracking techniques. The study presented in this chapter is part of
the PULSE project. A key novelty of this project is the simultaneous recording
of both full-length ultrasound videos and the sonographer’s eye movements while
performing routine obstetric scans on pregnant women [5].

A machine learning-based model that imitate human visual attention is referred
to as saliency prediction model. It predicts the probability that the human eyes
would look at each pixel of a given image [305], which has been referred to as a
visual saliency map. Huang et al. firstly introduce CNN as an effective saliency
prediction model [306]. Since then, most state-of-art saliency prediction models
have been developed based on CNN.

Saliency prediction is useful in ultrasound image analysis. [248] 253] model
sonographer visual attention to assist in ultrasound image analysis tasks. In my
work, I utilise saliency prediction in a different perspective to aid in the explainability

of self-supervised representation learning for ultrasound.
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5.3.4 Landmarks

An anatomical landmark, or landmark, is defined as “a point of correspondence on
each object that matches between and within populations” [307] and “a biologically-
meaningful point in an organism” [308]. The extraction and localisation of landmarks
are critical in numerous medical image analysis tasks, aiding in visual navigation
[309] and providing evidence for anomaly diagnosis [310]. Therefore, anatomical
landmarks detection has become a fundamental task. Traditionally, human experts
manually identify these landmarks, which is often tedious and cumbersome [311,
312]. To address this, machine learning-based models have been developed for fast
and accurate automatic landmark localisation, offering a valuable alternative to
manual identification, particularly when precise localisation of multiple landmarks
is required [313]. These methods could be either classification-based [314, 315],
detecting the presence of landmarks in image voxels, or regression-based [316, 317,

predicting heatmaps that indicate landmark locations.

5.3.5 Clustering

Clustering is an unsupervised machine learning technique that assigns a set of data
points into self-similar groups, which are called clusters, so that the data points in
the same cluster are more similar to each other than those in other clusters [318].
Traditionally, clustering is performed on observed data points using various methods.
These include hierarchical clustering (i.e. BIRCH [319]), centriod-based clustering
(i.e. K-means [320]), density based clustering (GMM [321]) and density-based
clustering (i.e. DBSCAN [322]). He et al. suggests that a non-linear transformation
could simplify the data structure, making it more linear separable in the transformed
feature space |323]. Clustering performed in this transformed feature space is referred
to as feature clustering. A CNN model, which operates as a non-linear model, is
designed to learn meaningful feature representations, ensuring that meaningful
information in the data is preserved in the feature space. Consequently, it simplifies

the associated data structure and preserves the inherent data groupings. Clustering
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also plays a key role in XAI, by offering insights of relationships between data and

simplify complex data to uncover patterns for explainability.

5.4 Methods

An overview of the proposed explainability method for self-supervised learning frame-

work is presented in Fig.[5.3] Asshown in the figure, our method consists of six steps:

1. Pre-training a CNN model f(#) that transferable to downstream tasks with a

selected self-supervised pretext task on unlabelled ultrasound video clips;

2. Supervised transfer learning with end-to-end fine-tuning on a selected clinical

downstream tasks with a small amount of labelled ultrasound video frames;

3. Saliency map prediction on selected ultrasound video frames using a Saliency-
VAM model [248] with automatically recorded eye-gaze tracking data and

extracting visual salient landmarks;

4. Extracting features that correspond to visually salient landmarks from the

penultimate layer of the fine-tuned CNN model g(6);

5. Clustering the extracted CNN feature vectors across the input ultrasound

video frames, with each cluster represents a landmark;

6. Evaluating the quality of clustering as the proposed explainability metrics.

In this section, I describe our proposed explanability method in general term.
Let x C R>XH*W be the set of US video frames with height H, width W and
monotone color, let V € R>IXWXK 1o the set of US video clips with number
of frames K in each video clips v = {x;|z; € x}E, and let G = [0, W] x [0, H]
be the set of valid gaze points.

Dataset V = {v;]v; € VI consists of N, raw US video clips of length N is
available for self-supervised pretext training. Dataset X = {z;|z; € x} % consists
of N4 labelled US video frames is available for supervised downstream training.

Suppose each video frame z; has a corresponding gaze point set G; = {g;|g; € G }j-vzgl,
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with N, > 1. Dataset D = {(x;, G;) N4 consists of Ny pairs of video frames and

gaze point sets is available for further explanability analysis on downstream task.

5.4.1 Self-supervised Pretext Training

Firstly, 1 pre-train self-supervised pretext tasks on raw ultrasound video clips.
The following three self-supervised pretext tasks are selected with the reason for

selection with the specific US properties.

« Temporal sequence sorting [258]: US is a real-time operator dependent
imaging modalities, where the temporal coherence is crucial as the probe
continuously capture frames information in a sequential manner. Leveraging
this temporal consistency allows the model to better understand frame order
and motion patterns, further encouraging the learning of spatio-temporal
representations, which are important for recognising anatomical structures in

dynamic scans.

« Rotation prediction [263]: Unlike the natural image, US image lack a
canonical orientation, as the appearance of anatomical structures is directly
influenced by the probe’s rotation. Clinicians rely on rotation consistency
to accurately interpret anatomy. Therefore, it is important for the model
to learn rotation-aware features to enhance its spatial understanding and

improve anatomical recognition.

« Pace prediction [324]: In fetal US scans, the frame acquisition rate is not
uniform; it varies depending on probe speed, anatomical complexity, and
user interaction. The proposed method encourages the model to understand
temporal dynamics and motion variations, which are the key factors in real-

time analysis. Therefore, enables more effective motion-aware feature learning.

These methods encompass both spatial (rotation) and temporal (sequence and
pace) transformations that have proved to be effective in other medical image

modalities. I assume that if a model can successfully complete one of the selected
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pretext tasks, it should be capable of capturing underlying anatomical-aware
information from a specific perspective. Hence, it is valuable to explain and
compare these methods as they offer distinct insights.

Furthermore, some of the other pretext tasks mentioned in the literature review
are not applicable here due to certain unique characteristics of fetal ultrasound. For
instance, colourisation-based methods are not suitable because of the monochrome
nature of ultrasound images, and tracking-based methods face challenges due to
difficulties in visual tracking of ultrasound scans under B mode (e.g., complex and
variable natural of US image). At the time this research was conducted, SimCLR
[58] had only recently been published and its strong performance in medical imaging
analysis had not yet been widely demonstrated. As a result, contrastive learning
methods were not included in this study.

Here, 1 apply three selected methods to a set of raw fetal ultrasound video
clips V' with clip length N; = 6. Fig. briefly illustrates the algorithms of three

methods, which are more explicitly discussed next.

Temporal Sequence Sorting [25§]

The raw ultrasound video clip undergoes pre-processing through random shuffling
to form an input for the 3D CNN model f(#). Subsequently, the model is trained
to arrange the shuffled sequence in ascending order. Since video clips of length 6
are utilized, there are a total of 720 ways to permute the clip. To maximize the
deviations between permutations and control the task’s difficulty and efficiency,
only permutations exhibiting the largest Hamming distance with the original
order are considered during pre-processing. [325] defines the Hamming distance
between two strings or vectors of equal length as the count of positions where the
corresponding symbols differ. When considering permutation of a set of length
6, the maximum Hamming distance is 5, attained by the following permutations:
(2,1,4,3,6,5),(2,3,5,6,1,4),(2,4,6,5,3,1), (3,4,1,6,2,5),(3,5,2,1,6,4), (3,6,4,5,1,2),
(4,5,6,2,1,3),(4,6,5,3,2,1),(5,1,2,6,4,3),(5,6,1,2,3,4),(6,5,1,3,4,2). There-
fore, the temporal sequence sorting task has been formulated as an 11-class

classification problem.
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Rotation Prediction [263]

A set of rotations {R!, R?,.., RM} are applied to a video clip and the resulting
transformed clips are utilized as inputs for 3D CNN model f(#). The task is
formulated to identify the specific types of rotations that have been applied to each
of the input clips, which is a M class classification. Intuitively, if a model could
accomplish this task, it should be aware of both semantic representations and also
geometric transformations of the video clip. Here, I consider four degrees of in

plane rotation {0°,90°,180°,270°} to apply to ultrasound video clips.

Pace Prediction [324]

3D CNN model f(€) takes inputs of video clips sampled at different paces and
trains to identify the corresponding pace category. Three pace candidates {slow,
normal, fast} are considered with the corresponding down-sample rates of {2, 4,
8}. The assumption is that if a model can learn the task, it should be able to
understand the underlying video content and learn the spatio-temporal features.
Each input clip has six frames and the starting frame is randomly sampled with the

prerequisite that the remaining frames are longer than the desired training clips.

5.4.2 Downstream Task Fine-tuning

Secondly, I fine-tune the pre-trained network f(6) for the clinical downstream task
with a small set of annotated ultrasound video frames. In this work, I focus on a
clinical classification task. During fine-tuning, the weights of the convolutional layer
are retained, and a classifier head with randomly initialized weights is attached for
classification training. The resulting 3D CNN model, denoted as g(), is employed
to carry out the downstream task and assess the meaningfulness and transferability

of the pre-trained representations

5.4.3 Visually Salient Landmark Extraction

Thirdly, I predict the saliency map and extract the visually salient landmarks.
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Figure 5.5: Pipeline of saliency map prediction using the Saliency-VAM model.

Saliency Map Prediction

As mentioned in Sec. human tend to look at semantically informative regions
to understand an image. In the context of ultrasound scanning, sonographers tend
to focus on anatomically informative regions to understand the image.

The Saliency-VAM model [248] is an original framework proposed by Richard
Droste, a previous member of the lab, which models sonographer visual attention
on static fetal ultrasound video frames through visual saliency prediction. Fig.
5.5 illustrates the pipeline of the Saliency-VAM model, where a CNN is trained
to predict gaze point distribution (saliency map) of sonographers observing the
image from the domain of interest. This model is based on unique datasets from
the PULSE project, where gaze-tracking data is automatically recorded during
sonographers’ routine clinical fetal anomaly screenings. The model takes the
unlabelled fetal US scan video frames as input and predicts visual saliency to learn
the attention patterns corresponding to each frame. It is trained using a KLD
loss, computed between the predicted saliency maps and gaze points automatically
recorded during ultrasound scanning.

Given an ultrasound video frame and its corresponding gaze point set {(z;, G;)} €

]H><W

D, a visual saliency map S; € [0,1 is generated, where S;; denotes the

probability that pixel z; ; is fixed upon. §; is created as a sum of Gaussian around
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the gaze points in G;, normalized so that >°; ; = 1. By down-scaling visual saliency
map S; to the size of S; € [0, 1]7axWa it is used as a target to predict the saliency
map S;. The training loss is computed using the Killback-Leibler divergence (KLD)
between the predicted saliency map and the down-scaled probability map.

In my work, I choose to use the Saliency-VAM model for saliency map pre-
diction for two primary reasons. Firstly, it operates in a self-supervised manner,
relying solely on unlabelled fetal US video frames and automatically recorded gaze
data, without the need for manual annotations. This aligns with my objective
of explaining self-supervised learning models while avoiding the introduction of
additional annotation procedures during the explanation stage. Secondly, the
model has already demonstrated strong performance in visual saliency prediction
on the same fetal US dataset used in my study, making it a ready-to-use solution

that requires no further adaptation.

Visually Salient Landmark Extraction

Here I use the learnt visual saliency to discover landmarks that attracts human
visual attention, which are termed as visually salient landmarks. As the defined
landmarks are detected by predicting the sonographer’s gaze directly from saliency
measures, they are practically significant and salient to operators.

The saliency-VAM model takes ultrasound video frame x; of dimension 288 x 244
as input and outputs saliency maps S; of dimensions W, x Hy; = 36 x 28 with
three two-fold down-sampling operations. The highest visual attentions are located
on the local maxima max; ; of the generated saliency map S; and extracted by

peak__local__max algorithm. Here, 7 represents the number of local maxima. Each

N

video frame z; has a corresponding set of visual salient landmarks L; = {l; ;};2;,

with N; > 1. Visual salient landmarks /;; € [1, W] x [1, Hy] are obtained by fitting
a 2D Gaussian peak to a 3 x 3 neighbour around the local maxima max; ;, and
are proved to correspond to key anatomical structures in US scans [326]. Fig.

shows examples of predicted saliency maps and the discovered visually salient
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Predicted Saliency Visually Salient Standard View
Ultrasound Image Map Landmarks Location Anatomy

Figure 5.6: Examples of predicted saliency map (second column) and visually salient
landmarks (third column) on ultrasound standard plane TV and TC. The predicted
saliency map of each example has two peaks and two generated visually salient landmarks,
which are labelled as 0 and 1. The first column shows a selected image of each standard
plane and the last column illustrates the anatomy of each standard view.

landmarks from two selected ultrasound standard planes, the transventricular (TV)

and the transcerebellar (TC) plane.

5.4.4 Self-supervised Feature Extraction

Fourthly, I extract CNN features from the fine-tuned model g(#) at the location of
visually salient landmarks, which process has been demonstrated in Fig. [5.7]
With the obtained set of visual salient landmarks L; for the US frame z;, I extract
the corresponding feature set F; from the penultimate layer of the CNN model g(6).
This is done using the function f : [1, Wy] x [1, Hy] — R™7, which maps location
of each visual salient landmark on the saliency map to the corresponding feature
activation of the penultimate CNN layer, where Ny is the number of channels.
Given that the location of visually salient landmarks correspond to the areas
of maximum visual attention of sonographers, it is reasonable to hypothesize

that if the model g(#) successfully initiates sonographers’ performance on clinical
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Figure 5.7: Pipeline of self-supervised CNN feature extraction (after fine-tune) at visual
saliency landmarks and self-supervised CNN clustering across images.

downstream tasks, the CNN features at these salient landmarks should contain

meaningful anatomical information.

5.4.5 Self-supervised Feature Clustering

Fifthly, I cluster the set of extracted feature vectors at the locations of visual salient
landmarks across US video frames as depicted in in Fig. [5.7

We consider a set of US video frames X, = {z;|z; € x}, € X, which is a
subset of labelled frames available for supervised downstream training. The set
of all landmarks features vectors across these N, number of US video frames is
obtained as F = U, F;. I use K-means clustering [320] to classify F into K number
of clusters {C1, Cs, ..., Ck }, where the number of cluster K is defined as the number
of landmark labels contained in the dataset X.. K-means, as a centroid-based
clustering algorithm, partitions the dataset based on the closeness of data points
to the centroid of each cluster. I choose it due to its efficiency, effectiveness, and

simplicity. Here, the Euclidean norm is used as a distance metric.
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5.4.6 Explainability Metric

Finally, I quantitatively measure explainability using a proposed set of metrics
based on the clustering quality of self-supervised CNN features at visually salient
landmarks across different US video frames.

As discussed in earlier sections, visually salient landmarks refer to locations
that attract sonographers’ visual attention during real-time US scanning and
interpretation. In clinical practice, sonographers tend to focus on anatomically
informative regions to interpret the image. Based on this, I hypothesise that these
gaze locations correspond to regions containing key anatomical information.

Since self-supervised models are designed to closely mimic how a human makes
decisions from US images, I hypothesise that an effective model should align with the
reasoning of sonographers. Therefore, the focus of the learned representations should
correspond closely with gaze distribution. The fine-tuned CNN model, denoted as
(g9), should therefore be capable of capturing meaningful anatomical features at
visually salient landmarks, indicating that the model’s attention aligns with the
clinician’s gaze focus. Moreover, the features extracted from different landmarks
should corresponding to their underlying anatomical relevant information.

Accordingly, T define explainability as the model’s ability to capture anatomy-
aware knowledge. I assess this through the quality of clustering of the learned
features at visually salient landmarks. The proposed metrics offer a quantitative
evaluation of explainability by measuring how well the model’s focus aligns with
sonographers’ gaze in terms of capturing anatomically meaningful information.

Here, I use three quantitative metrics to measure the clustering quality: the
Silhouette Coefficient [327], together with two additional new measures - cluster

Compactness and cluster Uniqueness.

Silhouette coefficient (S) aims to explain the consistency of clustering and

quantifies how similar a data point is to its cluster compared with the other
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Figure 5.8: Example when two clusters share the same distance deviation, but different
intra-class deviation. I assume that each star represents a cluster, with one data point
per cluster located at the intersection of the circle with a radius of 1 and the axis.

clusters [327]. S is defined as

1 & b(x) —alx)
5= n Z max{a(z;), b(z;)}’

=1

(5.1)

where a(z;) represents the average distance between x; and z; ;«; that are in the
same cluster, b(x;) = miny4 ﬁ S woccy, |1Ti, o3, represents the minimum average
distance from each data point to the data points in another cluster, and n is the
number of feature vectors in the set F. S is always between —1 and 1. § =1

indicates a well-separated clustering.

Compactness (D) quantifies the inter-class deviation, which measures how
similar a data is to its own cluster. It is defined as the weighted average of the
square distance to the centroid. Here, 7 is a scaling factor, (i is the centroid

of k-th cluster . D¢ is defined as

L o s — a3
po=13 3 il 52)

N2 e,

where 7 denotes the temperature parameter.

Uniqueness (Dy) quantifies the intra-class deviation, which measures how
separable the clusters are. Here, I define it to include both distance deviation

and angular deviation. A classical measure of distance deviation is the weighted
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sum of squared distance between global average of the dataset and each centroid
%Zszl |Ck| X || — x]|[3. Fig. illustrates an example where two clusters own
the same distance deviation. I assume that each star represents a cluster, with one
data point per cluster located at the intersection of the circle with a radius of 1
and the axis. Both datasets have a data mean of (0,0), thus both clusters have
the same distance separation of 2. However, observe that the clustering on the left
appears to be better separated than the one on the right, which indicates different
intra-class deviations. Hence, distance deviation alone cannot fully represent the
intra-class deviation; angular deviation also plays a crucial role. Here, I use the
cosine similarity between centroid and data mean as a measure of deviation measure.
Since cosine similarity measures the closeness of two clusters in distance space and
distance measure tells their separation in angular space, I introduce an additional
exponential term and assign opposite signs to each term to leverage their opposite
trends. Here, |Ck| denotes the cardinality of Cy. Dy is defined as

exp{||jn, — X|[3 — {Hh=x )

T

(5.3)

1 K
DU:*Z|CI§|X
(L)

where 7 represents the temperature parameter, which is the same as in D..

5.5 Experiments

5.5.1 Data

Our experiments are based on the large-scale fetal US video dataset, named PULSE,
as described in Chapter [3] Dataset II, discussed in [3.3] consists of a large number
of unlabelled US video clips and is used as the pre-training dataset. Dataset IV,
discussed in [3.4.2] consists of labelled second-trimester scan frames and is used for
three-fold cross-validation on the downstream task—standard plane detection. All
frames were centrally cropped to remove the fan shape and resized to 288 x 224 pixels

with further data augmentation including horizontal flipping, brightness variation.
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5.5.2 Model Implementation and Training

Self-supervised Pre-training Stage

We use a 3D ResNet-18 [287] as the backbone network for self-supervised represen-
tation learning. The models were trained with an SGD optimizer with momentum
of 0.9 and weight decay 1 x 107*, which is aligns with [57]. The learning rate was
set to be 0.001 initially by grid search and is decayed by 0.1 after every 24,000
iterations. The models were trained for 50 epochs, with batch size of 32. The
models were implemented with the PyTorch framework. Each training run took

13-18 hours on a single NVIDIA GTX 1080 Ti.
Supervised Fine-tuning Stage

In terms of the clinical downstream task, during the fine-tuning stage, the weights
of the convolutional blocks are preserved from the self-supervised representation
learning networks, while the weights of the fully-connected layers are initialized
randomly. Subsequently, the network is trained in a supervised manner using cross-
entropy loss. The data pre-processing and training strategy remains consistent with
the self-supervised pre-training stage, with the exception of setting the initial
learning rate to 0.01. The parameters have been fine-tuned by previous lab

members for this specific tasks.

5.5.3 Evaluation Metrics

e Model Explainability Here, both quantitative and qualitative methods are
employed to provide explanations for the SSL model in fetal US analysis,
offering a more comprehensive understanding from multiple perspectives.
Qualitative explanations, such as highlighted regions, are intuitive and visually
interpretable, while quantitative explanations offer objective, comparable

metrics that facilitate straightforward comparison between different models.

— Quantitive Explainbility: The proposed quantitative metrics are used
to measure model explainability, incorporating clinical domain knowledge

into the explanation process. Specifically, the quality of feature clustering
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is used to assess the model’s ability to capture anatomy-aware knowledge,

providing a quantitative measure of explainability.

— Qualitative Explainbility: Visualising CNN representations is a direct
way to explore hidden patterns inside ML algorithms. Here, two types
of visulisation methods are selected to provide qualitative explanations
for fetal US analysis. Firstly, I visualise the CNN decisions using guided
backpropagation [163|. Secondly, I plot the corresponding activation-
based spatial attention maps, which are considered as the sum of absolute

values of each feature map here [32§].

e« Model Performance To evaluate the model performance on downstream
tasks, precision, recall, and F1 scores are reported. Precision measures how
many positive predictions are correct, recall measures how many positive cases
have been correctly predicted and the F'1 score measures the harmonic mean
of the precision and recall. Detailed formulas and discussion could be found

in Chapter

5.6 Results
5.6.1 Quantitative Evaluation of Model Explainability

Quantitative evaluation of the proposed explainability metrics has been conducted
across selected self-supervised pretext tasks, as presented in Table 5.1 Both
lower and upper baselines are included, represented by random initialisation and
a supervised model, respectively. As shown in the table, the upper and lower
baselines show the best and worst clustering quality, as expected. In the case
of random initialisation, the model has not been exposed to any anatomical
information during training, and thus performs poorly in capturing anatomy-
aware knowledge. In contrast, the supervised model is trained on a large number
of labelled ultrasound frames and is therefore expected to demonstrate stronger
clinical reasoning and better feature clustering. Among self-supervised learning

methods, the sequence sorting method has the best clustering quality in terms
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Table 5.1: Quantitative evaluation of the proposed explainability metrics for selected
self-supervised pretext tasks, including lower and upper baselines.

Rand.Init. Pace Pred. Rot.Pred. Seq.Sort | Supervised

Uniqueness 1 1.132 2.677 2.587 3.512 4.032
Compactness | 1.805 1.596 1.378 1.375 1.358
Silhouette 1 0.164 0.237 0.244 0.243 0.278

of uniqueness and compactness, while the rotation prediction method has the
best with Silhouette coefficient.

For the three selected pretext tasks, the models are trained to learn represen-
tations from different perspectives. The results indicate that, among the tested
self-supervised methods, rotation prediction and sequence sorting achieved higher
clustering performance, suggesting superior explainability—specifically, a stronger
ability to capture anatomy-aware knowledge and better alignment between the
model’s reasoning and the gaze focus of sonographers. This implies that the attention
pattern of these models during prediction more closely resemble the visual focus of
clinicians during scanning and interpretation. The stronger clustering performance
of rotation prediction and sequence sorting tasks can be explained by how well
these tasks match the nature of US imaging. Sequence sorting benefits from both
spatial and temporal information, which is especially useful in US videos where
frames are captured in a smooth and continuous order as the probe moves. This
natural flow helps the model learn meaningful anatomical changes over time, similar
to how sonographers interpret scans. Rotation prediction is also effective because
US images do not have a fixed orientation. Rotating an image can significantly
change how anatomy appears, so training the model to predict rotation encourages
it to focus on important visual features. On the other hand, pace prediction is
less helpful. The scanning speed in US is often irregular and varies depending on
the operator. Sudden stops or changes in speed may not reflect any anatomical

structure, making this task harder to learn from. Overall, rotation prediction and
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sequence sorting help the model focus on anatomy in a way that better matches
how clinicians view and interpret US scans.

Fig. presents the t-SNE plots of the clustering results. A clear separation
between clusters emerges progressively from (a) to (e), with the cluster centroids
becoming further apart. This provides a visualisation that aligns well with the quan-
titative results discussed above. These findings suggest that, based on our proposed
explainability metrics, either of the top-performing methods would be preferable

for the selected ultrasound analysis task to achieve improved explainability.

5.6.2 Qualitative Evaluation of Model Explainability

Fig. shows heatmaps generated using guided backpropagation, which indicates
which part of the image is used to make a decision. Taking the fetal head as an
example, the visualisations demonstrate that both supervised and self-supervised
methods are able to capture key anatomical structures, such as the outer edge of
the skull. In contrast, the model with random initialisation exhibits a uniformly low
response across the image, indicating a lack of focus on anatomically relevant regions.
Fig. presents the mid-level activation-based spatial attention maps for the spine,
illustrating the regions where the network primarily focuses when performing the
task. The spatial attention responses show a progressively stronger correlation with
anatomical structures, transitioning from random initialisation to self-supervised
learning, and further to supervised learning. These visual-based explanations are
generally consistent with the results of our proposed explainability metric.
However, as discussed earlier, visual-based explanations are often coarse and
limited in their ability to capture subtle differences. Similar visual outputs can be
produced across different models, making comparisons difficult, as minor variations
may be easily overlooked by the human eye. This limitation could be found in
the two examples presented above, where it is challenging to distinguish between
methods based solely on visual inspection. This highlights a major drawback of
qualitative explainability approaches and emphasise the motivation behind our

proposed quantitative evaluation framework. Quantitative metrics provide precise,
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(a) Image (b) Rand. Init. (c) Pace Pred. (d) Rot.Pred.

Figure 5.10: Visualization of downstream tasks using guided-backpropagation
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(e) Seq.Sort (f) Supervised

. Dark colors mean high-response regions.
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5.7. Conclusion

Table 5.2: Evaluation results on standard plane detection task.

Rand.Init. Pace Pred. Rot.Pred. Seq.Sort Supervised
Precision 0.625 0.673 0.667 0.679 0.681
Recall 0.580 0.584 0.637 0.622 0.627
F1-score 0.596 0.614 0.644 0.644 0.646

objective measurements that can capture subtle variations in model behaviour and

allow for straightforward comparisons across different methods.

5.6.3 Evaluation on Downstream Task Performance

A second-trimester standard plane detection task is used to evaluate downstream
performance and further validate the effectiveness of our proposed explainability
metrics. Evaluation results are shown in Table [5.2] The results demonstrate that,
the self-supervised learning models outperform random initialisation, while the
supervised model performs the best. The sequence sorting and rotation prediction
methods have better results than the pace prediction method. The pace prediction
method is designed to learn representations through understanding video content.
I suspect the ultrasound video, describes the motion of the probe might not be
appropriate for the design (i.e. pause during biometric measurement). Better
performance on the downstream task suggests the model learns better anatomical
meaningful representations compared to the others, which corresponds to the high
clustering quality and better anatomic-aware knowledge capture in Sec. [5.6.1}
Hence, the results demonstrate the effectiveness of our proposed metrics, and the

recommended method choice based on the metrics is valid.

5.7 Conclusion

In this chapter, I addressed the challenge of explainability in self-supervised learning
for fetal US analysis. Explainability is defined within the clinical context as the
ability to capture anatomy-aware knowledge, with clinical domain expertise incor-

porated directly into the explanation process. Rather than treating explainability
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as generic feature visualisation, I adopt a clinician-driven approach by integrating
visually salient landmarks—regions that naturally attract sonographers’ attention
during ultrasound interpretation. I proposed a novel set of quantitative metrics
to assess model explainability, evaluating how well the learned representations
align with gaze-tracking data and how effectively the features at these landmarks
are clustered and correspond to anatomically relevant information. This ensures
that the model’s reasoning aligns with sonographers’ visual attention during real-
time US interpretation, offering a clinically meaningful explanation framework.
The proposed methods are evaluated on fetal US scan undertaken within mid-
pregnancy. Experimental results demonstrate that the proposed quantitative metrics
effectively measure explainability across selected methods with different pretext
tasks. Compared to conventional visual explanations, these metrics provide a
more straightforward, precise, and objective assessment, while also aligning well

with downstream task performance.



140



The valley wind blows gently, bringing clouds and
rain. Let us strive together with united hearts, there
should be no anger between us.

— The Book of Songs, The Odes of Bei, The Valley
Wind.

Out-of-Clinical-Distribution Detection
with a Softmax-Conditioned Variational
Autoencoder Boosted Model
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6.1 Introduction

Deep learning models, including self-supervised learning models, have demonstrated
effectiveness with state-of-art performance [329] 330]. In Chapter 4, I demonstrate
its effectiveness in medical imaging analysis, specifically in US video analysis.
However, such models are always “black boxes” with obscure decision-making
algorithms and minimal human intervention. This can be problematic in safety-
critical fields like healthcare. For this reason, it is essential to make machine
learning trustworthy and responsible for users |331]. In Chapter 5, I explore this
question within the subfield of explainable DL. I investigate the explainability of
the model to advance understanding of model decisions and build human trust. As
argued in [332], one of the other key aspects of building trustworthy deep learning
models is ensuring their reliability. [332]. An important topic is improving the
reliability of prediction confidence [333], which remains a significant challenge. DL
models are trained in a closed-world setting, with the assumption that the testing
data belongs to the distributions that have been encountered during the training
process [334]. However, in open-world applications, DL models might be exposed
to unseen data from different data distributions. A reliable DL model should not
only maintain good performance with in-distribution (ID) data, but also be detect
and abstain from making prediction based on out-of-distribution (OOD) data [335].
OOD detection, which aim to classify whether an input belongs to the training
distribution is an active area of research [193] in various safety-critical applications,
e.g. cybersecurity [336], autonomous driving [337] and medical image analysis [338].
OOD performance is therefore an important measure for the safe deployment of
DL models, ensuring they can reliably handle unexpected or unfamiliar data. This
is particularly important for medical image analysis, as a safe DL system should
withhold any decisions related to assistive diagnosis for cases that fall outside their

validated expertise, ensuring patient safety and clinical accuracy [33§].
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Majority of OOD detection methods in medical image analysis are adapted from
those used in natural image analysis. However, this adaptation is not straightforward.
Medical images posse unique characteristics across different modalities. For example,
cell images are invariant to orientation changes, X-ray images exhibit high variance
in feature scale, and CT scans have location-specific features [339]. Additionally,
defining the concept of “out-of-distribution” data is more challenging in the medical
domain. The definition must be clinically meaningful, considering factors such
as data acquisition biases, which can complicate the process of identifying what
constitutes out-of-distribution data. Cao et al. [338] identify several common
choices for OOD data in medical image analysis, which include: 1) inputs that are
unrelated to the evaluation, such as data from a different imaging modality; 2)
inputs that are incorrectly prepared, such as blurry images, incorrect anatomical
views, or different data acquisition protocol; and 3) inputs that are unseen, such
as cases involving different or unknown diseases.

In this chapter, I introduce a new choice of OOD definition in the clinical
setting. Different from the traditional OOD detection method, that relying solely on
statistical differences, our definition is based on the presence of a clinically relevant
region. Here, the concept of a “clinically interesting region (CIR)” is introduced to
refers to an area within a medical image that holds particular clinical significance.
These regions are assumed to contain critical, high-quality anatomical information
used for clinical decision-making, for instance, abnormalities or important anatomical
views. Samples contain a CIR are referred to as clinical interesting samples. In
real-world scenarios, such samples demand extra attention from clinicians, as they
are more likely to be linked to diseases or require further treatment. For instance, in
a CT scan, abnormal organs might signal the presence of cancer, necessitating extra
scrutiny. Similarly, in ultrasound scans, standard planes with key anatomical views
require special attention for biometric measurements to assess fetal health. Samples
contain the “clinically interesting region” are defined as in clinical-distribution
(ICD) data. Out-of-clinical distribution (OCD) data refer to sample that lack of

“clinically interesting region” - lacking key anatomical information. Examples of
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OCD data include images from healthy samples or background images that do not
provide clinically relevant features. The goal of OCD detection is to distinguish
ICD samples from OCD data.

Here, T focus on OCD detection in fetal US application. During scanning,
the sonographer adjusts the probe based on their expertise and standard plane
guidelines to capture the optimal view of the fetal anatomy [340]. Once the desired
standard plane is achieved, a freeze-frame is saved and annotated for measurements
and the medical report. Sonographers may zoom in, zoom out, and fine-tune the
probe to achieve the optimal view, often holding the probe near standard planes
for extended periods. Therefore, frames captured before and after the freeze-frame
may contain relevant anatomical views, even if they don’t fully meet standard
criteria. These frames are referred to as “Approximate standard plane” because
they contain valuable, though not perfectly aligned, anatomical information. Fetal
US examinations typically involve 13 anatomical views. These views include both
standard planes and “approximate standard planes,” which are considered ICD
data as they contain relevant anatomical information. Background frames, on
the other hand, contain no anatomical information and exhibit a distribution
distinct from clinically relevant frames are considered OCD data. A reliable deep
learning model that mimics the sonographer’s scanning and detection process
should not only accurately detect and classify anatomical views but also remain
vigilant to background frames.

A reliable deep learning system designed to mimic the sonographer’s scanning
and detection process should confidently detect and classify standard anatomical
views while remaining vigilant to background frames, which includes noisy and
non-anatomical frames. Hence, I define frames contains meaningful anatomical
information as “clinically interesting” ICD data and frames with no anatomical
information as OCD data. By performing OCD, a decision boundary is learned
for clinically interesting regions, and “approximate standard planes” could be

selected from the background, which provides additional information for standard
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planes and can be used as a guide in US scan with signal given when potential
“clinically interesting region” might occur.

Similar to OOD detection [335], an OCD detector defines a scoring function
that maps input features to an uncertainty score, enabling the differentiation
of inputs based on this score. Numerous studies have sought to improve the
performance of OOD detection score functions through techniques such as stronger
data augmentation and the addition of noise at various levels [217, 335]. Early
approaches primarily focused on classification-based models [149] |194, 221|, whereas
more recent work has explored generative models, which have shown promising
results despite their increased complexity [341, 342]. However, in the context of high-
resolution medical imaging, this added complexity imposes significant computational
demands, raising practical concerns. Mangaokar et al. [343] argued that in medical
imaging, disease characteristics are often subtle—such as minor changes in heart
shape on a chest X-ray—and that generative models may oversimplify the task by
producing images that appear similar but fail to capture these critical diagnostic
variations. As a result, I adopt a simple classification-based backbone for the
design of our OCD detection model, enabling the joint optimisation of both ICD
classification and OCD detection objectives. However, prior work has shown
that a trade-off often exists between classification accuracy and OOD detection
performance [190].

To address this, Liu et al. [344] proposed integrating image classification with
open-set recognition to allow knowledge transfer between ID and OOD classes
while preserving class discrimination. Building on this idea, I aim to improve OCD
detection by enhancing the cluster compactness of ICD features, based on the
assumption that enhancing the cluster compactness of the ICD classes benefits both
classification and distance-based OCD detection. This is achieved by incorporating
a feature regulariser to encourage more discriminative representations.

Moreover, anatomical views in fetal ultrasound are highly variable due to
differences in probe positioning and fetal movement. These variations often result

in ICD frames that are contextually similar to adjacent background (near-OCD)
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frames captured during continuous scanning. This high intra-class heterogeneity and
proximity to near-OCD frames significantly increase the challenge of detection [345].

To address these challenges, I propose a softmax-conditioned variational autoen-
coder (VAE) boosted model, in which a classification-based model is augmented
with a softmax-conditioned VAE acting as a feature regulariser. By incorporating
softmax scores into the latent space, the VAE constructs a mixture of learnable
class-conditioned Gaussian priors. I hypothesise that this approach enhances
the constraint on ICD features and improves the accuracy of both classification

and OCD detection.

In summary, this chapter makes the following contributions:

1. I define a new concept of “out-of-clinical-distribution” detection, in which sam-
ples contain “clinical interesting region” is referred as in-clinical-distribution
data. OCD detector helps to distinguish samples that contain clinically
interesting information used for clinical decision-making, and could be used

to assist the first-stage medical examination.

2. T introduce an out-of-clinical-distribution (OCD) detection framework that in-
tegrates a classification-based backbone with the proposed softmax-conditioned
VAE in the feature space. The VAE incorporates classification prediction
information in both inference and generative models and acts as a feature

regulariser to enforce ICD clusters’ compactness.

3. Experiments on fetal US video frames show the effectiveness of the proposed
OCD detection method in learning more compact ICD features and improving
OCD detection performance. “Approximate Standard Planes” could be
selected via OCD scores from the “background” class to enrich the dataset

for anatomy learning.
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6.2 Originality and Individual Role

I manual selected the OCD dataset defined and used in this chapter. I preprocessed
the fetal ultrasound frames used in this chapter with a Python-based library
developed by Richard Drose, a previous D.Phil student at the Institute of Biomedical
Engineering, University of Oxford. I defined the concept of OCD detection. I
designed, trained and tested a OCD detection method using a Python-based open-
source library Pytorch [273]. This work was published and presented in MICAD

2024 [10] and the paper was awarded the Best Paper award.

6.3 Background
6.3.1 OOD Detection in Medical Image Analysis

Most of the recent researches about OOD detection in medical image analysis are
focus on image classification. [346] adapted Gram matrix-based method [347] to
skin disease classification, where OOD samples are defined as corrupted skin image,
natural image and healthy skin image. The Mahalanobis-based method is deployed
in [348] for unseen anomalies detection and in [349] for semantic shift detection
with chest X-ray image. [338] define 3 types of OOD examples and use a feature-
based binary classifier, AE and VAE for OOD detection. [342] propose to train
Denoising Diffusion Probabilistic Models (DDPM) exclusively on in-distribution
data (Chest X-ray) to detect OOD samples and consider all other datasets of

the same dimension as OOD datasets.

6.3.2 OOD Detection Using Union of One-Dimensional
Subspaces (U1D)

Classfication-based models are one of the important classes in OOD detection.
In general, OOD detection techniques try to either use the class membership
probabilities as a measure of uncertainty or define a measure of similarity between
the input samples and the training dataset in a feature space. [221] proposed

a modification based on the traditional classification-based methods to project
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Figure 6.1: The general pipeline of VAE.

the training dataset onto a low-dimensional embedding. In particular, a union of
1-dimensional embedding is chosen to constrain the representation of ID data in
the feature space. The authors hypothesise that by enforcing each know class onto
a 1-dimensional subspace, the OOD data are less likely to be at the same region
of these know classes, therefore the detection could be more robust and accurate.
A first singular vector is selected as a robust representative of each 1-dimensional

subspace and cosine similarity is used as OOD detection score.

6.3.3 Variational Autoencoder

Autoencoder is a type of neural network that designed to efficiently learn feature
representation from unlabelled data [350]. An AE consists of two parts: the encoder
and decoder, where the encoder compresses the input data into a latent space
and the decoder reconstructs the input based on the compressed latent feature.
While the standard AE maps an input into fixed latent representations - it outputs
an encoding vector of size n, VAE extends the capability of AE by incorporating
probability manner for describing dataset the latent space, as illustrated in Fig. 6.1}
Its encoder maps an input to a distribution over the latent space by outputting
two vectors of size n - the vectors of mean and standard deviation. At the decoder
process, VAE generates a new sample from the distribution based on the mean
and standard deviation, instead of using a single fixed point. The mean vector
determines where the distribution should centred and the standard deviations
determine how much from the mean it could vary. As the decoder is now exposed
to a degree of local variation by sampling, a continuous and smooth latent space

representation is enforced. Similar reconstructions are expected to correspond to the



6. Out-of-Clinical-Distribution Detection with a Softmaz-Conditioned Variational
Autoencoder Boosted Model 149

input for any sampling drawn from the same latent distributions. Therefore, VAE
is currently widely used for anomaly detection 351} [352], latent space manipulation

[353], and data imputation and denoising [354, [355].

6.4 OCD Detection

6.4.1 Definitions

Clinically Interested Region: In the field of medical imaging analysis, I term
a clinically interesting region (CIR) as an area within a medical image that is
of particular interested to clinicians due to its relevance to patients’ diagnosis or
treatment, and need to be selected for closer examination or analysis. This term
could be used in medical imaging analysis to put focus on areas with particular
key anatomical structures, which might be clinically significant. Examples of

CIR applications include:

« Disease Diagnosis - Abnormal Anatomical Structures: The regions
where abnormality is likely located, which might indicate a disease and requires

attention for further investigation, such as tumor or infections in a CT scan)

e Quantitative Measurement - Key Anatomical Views: The targeted
region for characteristics measurement (i.e. size, shape, intensity), such as

standard planes in ultrasound scans for biometric measurements

o Treatment Planning - Post-operative Regions: Targeted areas for
treatment (i.e. surgery, radiation, therapies), such as a specific tumor for

radiation.

In summary, CIRs include samples that are of particular clinical interest and

hold the most relevance to the clinical decision-making process.
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Figure 6.2: Examples of OCD frames in fetal US scan

Out-of-clinical Distribution: We define in-clinical distribution (ICD) and out-

of-clinical distribution (OCD) in the following way based on the presence of a CIR:

o ICD Data: An image contains a CIR, where an abnormality or clinically
significant finding is present and requires further examination, diagnosis, or

treatment. Examples include standard planes during US scanning.

« OCD Data: An image without a CIR, where no abnormality or clinically
significant finding could be detected. It is a normal image which does not
contain significant medical concerns or require further clinical investigation.

An example is a normal chest X-ray scan.

Here, anatomical views showing identifiable fetal structures are considered ICD
data, while background frames lacking clear anatomical details are considered
OCD data. Fig. shows three examples of OCD frame within a fetal US scan.
The goal of OCD detection is to distinguish anatomical views from background
frames in real-time ultrasound videos, which is crucial for two reasons. Firstly, only
standard planes are typically annotated and saved during scanning, yet anatomically
informative frames appear throughout the scanning. Identifying these additional
views offers deeper insights into fetal health and development. Secondly, detecting
these frames provides valuable visual guidance for recognising critical anatomical
information in real-time, potentially reducing the need for extensive training and

experience for sonographers.
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6.4.2 Rationale

The rationale for proposing OCD detection is as follows:

o Dataset Bias: In clinical practice, abnormal data, which requires clinical
attention, typically represents a minority class, and the overwhelming number
of normal samples can lead to class imbalance, which may adversely affect
model performance. In the context of fetal US scans, a similar imbalance
exists due to the predominance of background frames—such as those showing
only amniotic fluid, acoustic shadows, or frames captured during probe
repositioning. These non-informative frames vastly outnumber diagnostically
relevant, anatomically informative ones in routine scans. If left unfiltered,
this imbalance can bias the model towards learning superficial patterns from
background frames, rather than focusing on features that are critical for

clinical interpretation.

o “Background Noise”: The presence of background noise—non-diagnostic
frames during training and inference—can degrade the model’s ability to
learn consistent, anatomy-aware representations, ultimately reducing both
performance and reliability. These background frames often contain noise or
clinically irrelevant information, and including a large number of such frames
can hinder the model’s focus on meaningful content, limiting its capacity
to extract anatomically informative features. OCD detection addresses
this challenge by identifying and excluding non-diagnostic frames, allowing
the model to concentrate on high-quality, semantically rich data. This
improves model robustness and efficiency, while also supporting safer and

more trustworthy deployment in clinical settings.

6.5 Methodology for OCD Detection

Let us denote Dy.qin, and Dy as dataset used for classification training and OCD
detection test, respectively. As shown in Fig. [6.3] Dyqin contains labelled in-
clinical distribution data only, where Dygin = {(%n, yn)}2_; and y, € {1,2, ..., L}.
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Figure 6.3: Demonstration of the composition of training and testing dataset

Dy consists of both ICD and OCD data, and the task is to distinguish whether

a testing input contains the “clinically interesting region” and consists of three

steps as depicted in Fig.

6.5.1 Training Stage

In the first step, a classification model is trained simultaneously with the proposed

softmax-conditioned VAE on ICD training data Dy,.qin-

Classification Model

We adapted the approach from [221] to project ICD features obtained from the
classification model onto a union of 1-dimensional subspaces, with each class
occupying a distinct, mutually orthogonal subspace. Such projection provides a
stronger constraint on the feature space compared to traditional approach. To
achieve this feature embedding, two key adjustments were made. Firstly, the weights
of the last fully connected layer are initialised with orthogonal vectors and kept
frozen during training; secondly, cosine similarity is utilised in the calculation
of the softmax function.

For a given input z;, the predicted probability of belonging to class [ is firstly

i ’U}T i . . . .
calculated as p;; = ch’é_ -, where ¢;; = IIZJ‘-]\C\Z denotes the cosine similarity between
5 Cd 2

the weight vector w; of the final fully connected layer (corresponding to class [)

and the feature vector f; of input z;. This followed by a sharpening operation

defined as P;; = ?’f, where the sharpening factor is given by s;; = (BN ((w,)! f:)).

s
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Here, (ws); represents the weight vector of the sharpening layer corresponding for
class [, f; € R? is the learned feature of input, o denotes the sigmoid function
and BN refers to batch normalisation.

Cosine similarity is employed to encourage alignment between feature vectors and
their corresponding class weight directions in the final layer, promoting class-specific
feature representation and effectively forming a union of one-dimensional subspaces.
An orthonormal weight matrix is used to maximise inter-class separation, thereby
enhancing feature discrimination and reducing class overlap in the embedding space.
The sharpening layer is introduced to improve the model’s ability to extract fine-
grained features and enhance robustness. The use of a union of one-dimensional
feature subspaces aims to increase the compactness of ICD samples while minimising
the error rate in OCD detection. Therefore, the input features of each group are
imposed to lie on a subspace in the direction of w; (I = 1,2,..., L), which are
1-dimensional and mutually orthogonal. The classification loss is calculated based

on modified output logit F,.

Softmax-Conditioned Variational Autoencoder (SC-VAE)

In a standard VAE, an isotropic Gaussian is typically used as the prior over the
latent space. While this simplifies the modelling process, it limits the model’s ability
to capture complex, class-specific representations [356]. In multi-class settings,
a shared prior forces all latent features into a single overlapping distribution,
which can blur important class-related characteristics and lead to the loss of class
discriminative information during encoding and reconstruction. To address this
limitation, I propose a softmax-conditioned VAE, which explicitly incorporates
soft, probabilistic class information into the latent space. By leveraging softmax
outputs from a pre-trained classifier, the SC-VAE encourages the latent space to
segregate into distinct, class-specific regions, therefore preserving key semantic
features and improving the intra-class compactness.

In the SC-VAE;, the prior is modelled as a mixture of class-conditioned Gaussian

distributions, where each class is associated with its own learnable mean and
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covariance. Rather than assuming a single prior for all inputs, the model assumes
that each class corresponds to a distinct latent distribution. The softmax scores
from the classifier serve as weights over these class-specific Gaussians: for a given
input, the probability of sampling from the Gaussian of class [ is given by the
model’s softmax probability for that class. Consequently, each input is associated
with a weighted mixture of class-conditioned priors, encouraging more structured
and semantically meaningful latent representations for each class. I hypothesise that
this design also acts as a feature regulariser, guiding the model to learn compact,
well-separated clusters for each ICD class.

Importantly, the SC-VAE uses the full softmax probability distribution as the
conditioning signal, rather than relying on a single hard class label. This choice
enables the model to account for prediction uncertainty, which is particularly relevant
in clinical applications such as fetal US, where certain standard planes—such as
cardiac views—are challenging to distinguish, even for experienced sonographers.
In these cases, the model may assign high probabilities to multiple classes instead
of one clear winner. Conditioning on only the most likely class could lead to
biased or misaligned latent representations. By incorporating the entire softmax
vector, the model captures the range of plausible class memberships, therefore
generating a more robust encoding that reflects the model’s confidence. This soft
class-conditioning is especially beneficial in borderline cases, where OCD detection
tends to fail if one relies only on confident predictions.

Another key advantage of the SC-VAE framework is its capacity to mitigate
posterior collapse—a common issue in VAEs, where the posterior distribution
becomes too similar to the prior, leading the latent variable to stop encoding
meaningful information. This typically occurs when the prior is overly simplistic or
the decoder is excessively powerful. In contrast to a fixed isotropic Gaussian, the
prior in SC-VAE is learnable and class-specific, making it more informative and
better aligned with the underlying data distribution. During training, the class-

conditioned prior can adapt to the structure of the encoder’s posterior, preventing
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trivial convergence and enabling the model to learn richer and more informative
latent representations.

We further hypothesise that OCD detection is improved by enforcing greater
intra-class compactness within the latent space, leading to better separation between
ICD and OCD samples. Consider two multivariate Gaussian distributions represent-
ing the latent features of OCD and ICD samples of class i: N (uo, Xo) and N (p;, ¥;),
respectively. Their separation could be measutred using the Bhattacharyya distance,
which is calculated as the sum of Mahalanobis distance between means and
compactness (covariance) of each distributions. Increasing the compactness of
N (u;,%;) thus increase the Bhattacharyya distance, improving separability. The
SC-VAE explicitly encourages this compactness through the KL divergence term
during training, ensuring that each ICD class occupies a small, well-defined volume
in latent space. This principle underpins the SC-VAE'’s role as a feature regulariser:
by enforcing the compactness of each ICD class, the model enhances its ability
to detect clinically irrelevant frames.

The overall SC-VAE architecture is illustrated in Fig. [6.4)(a*), which shows how
class information is incorporated into both the inference network (encoder) and the
generative model (decoder). By using softmax outputs as soft class-conditioning
for both stages, the model maintains flexibility and avoids the rigidity of hard
class labels. This approach allows the model to emphasise the most likely class
while still accounting for less proable predictions, resulting in more stable and
informative latent features. Integrating class context into both the encoding and
decoding processes ensures that the structure of the latent space and the quality
of reconstruction are both grounded in clinically meaningful information.

In the generative model, the latent variable z; is sampled from class-conditioned
Gaussian distributions, with the probability of sampling from a specific class
distribution determined by its softmax score. The probability density function

(pdf) of z; conditioned on class [ is formalised as:

po(zill) ~ N(po(l), diag(oy(1))), (6.1)
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where pp(-) and o3(-) are generated by a class-conditioned encoder parameterised
by 0(-) : R — Re. py(z]l) is used as the Gaussian prior for class .
In the inference model, the posterior of z; is dual-conditioned on both the input

feature and class, with its pdf given by:

qo(zil fi, 1) ~ Npo(fi, 1), diag(ay(f;.1))), (6.2)

where 114(-) and o3(-) are generated by a feature-class dual-conditioned encoder
parametrised by ¢(-) : R¥L — R¢ d denotes the dimension of latent space.

The designed SC-VAE is trained using evidence lower bound optimisation
(ELBO) [357], which involves minimising two losses: the reconstruction loss between
the input features and generated targets (measured by MSE) and the distribution
discrepancy between the prior and posterior in the latent space (measured by KL
divergence). Given the softmax score p;;, which indicates the likelihood of input
x; belonging to Gaussian distribution conditioned on class [ in the latent space.
The loss function of the designed SC-VAE is defined as:

1 N L

Loae = 37 2 D Pis % {MSE(fi. fir) + K Llgg(zl fi, Dllpa(=:lD)]}. - (6.3)
i=1[=1

We jointly train the baseline classification model and softmax-conditioned

VAE with loss:

‘ctrain = Qs X ['cls + Qyge X ‘Cva& (64)

where a5 and a4 are the weights for classification loss and VAE loss. KL distances
are estimated using a single latent sample [356]. A detailed demonstration of the

loss generation process is provided in Algorithm

6.5.2 Class Representative Calculation

In statistics, the first singular vector has been used as a rubost estimator of mean
and covariance [358]. According to [359], the first singular vector can also be
treated as a class representative, as it preserves most of the information and is

robust to noise and augmentation.
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Algorithm 5 Loss generation algorithm for joint training of SC-VAE with
classification model
1: Input: Dataset X = {z;}¥,, class labels Y = {y;}¥,,4; € {1,..., L}, batch
size B, number of training iterations 7'
2: Initialize: Feature Extractor fy(z), Classifier he(f), Prior ps(z]y), Encoder

¢s(2|z,y), Decoder g,(z|z,y)

3: for each training iteration t =1,...,7 do
4: Sample mini-batch {z1, xs, ..., zp} from dataset X
5: for each x in the mini-batch do
6: Extract feature representation: f = fy(z)
7: Predict class probability: § = he(f)
8: for y=1to L do
9: Compute mean and log-variance from encoder:
f1g, log Xy = gy (2] f, y)
10: Sample € ~ N (0, 1)
11: Compute latent variable:
2=y +04sO€, where o,=/diag(Xy)
12: Compute mean and log-variance of learnable conditional prior:
119, 10g X9 = pop(2]y)
13: Compute reconstructed feature: f = an(flz,y)
14: Compute Reconstruction Loss: L. = MSE(f, f)
15: Compute KL Loss: Lkr, = KL(gs(2|f, y)||Ipe(2]y))
16: Compute VAE Loss for given z,y: L, = Lrec + Lk
17: end for
18: end for
19: Compute classification loss:

B L
£cls - - Z Z Yi log ?jz

i=1y=1
20: Compute VAE loss:
B L w
'Cvae - Z Z giy X 'Cx,y
r=1y=1
21: Compute total loss:

L= Qeps X 'Ccls + Qyge X 'Cvae

22: Compute gradients V¢ ¢ n oL
23: Update parameters ¢, &, ¢, n, 6 using SGD optimiser
24: end for
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Here, I use it as a representatives for each ICD class. For ICD class [, its
corresponding first singular vector u; is calculated using singular value decomposition
(SVD). In this process, the matrix containing the aggregated input features of
the training data from that class is decomposed, and the first singular vector is

extracted to represent the class.

6.5.3 OCD Detection

As the features of each input lie on a 1-dimensional subspace and are regulated
by the proposed VAE to ensure intraclass compactness, I assume they will occupy
a tiny region with no volume in the space, concentrated around the first singular
vector. Therefore, the angular distance between the first singular vector and the
input sample can be used as the score for OCD detection.

At test time, I use the minimum angular distance 6,, between the extracted test

feature and the first singular vector of each class as an uncertainty score

ftTUl
L]

Given testing dataset Dp and a chosen threshold d7, ypyeq, Which is the prediction

) (6.5)

Op = mlin(arccos(

of our proposed OCD detection method is defined as:

{O(ICD) if 8, < Op
Ypred =

6.6
1(ICD) otherwise (6.6)

The probability of a test input z,, belongs to ICD could also be calculated using
probability function P(d,, < dr|n € Dr). By employing Monte Carlo sampling on
85, the probability function is estimated as +; Ym_, 1(67" < d7), where M is the

number of Monte Carlo samples and 4] is the m-th sample.

6.6 Experiments

6.6.1 Dataset

Our experiments are based on the large-scale fetal US video dataset, named PULSE,
as described in Chapter [3] Dataset V, discussed in [3.4.3], consists of a large number

of labelled anatomical views are used as the ICD dataset. I split the ICD dataset so
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that 80% is used for the training stage and the remaining 20% is used as the ICD
testing dataset. As discussed in Chapter [3] less than 20% of the frames are labelled
either during scanning or through manual annotation by sonographers. A large
number of background frames and non-standard anatomical views remain unlabelled
and largely indistinguishable, resulting in the absence of a ready-to-use OCD dataset.
To address this, I manually created an OCD dataset by selecting 1,085 background
frames based on three specific criteria: frames containing only dark amniotic fluid
without visible fetal anatomy, frames with ultrasound artifacts (such as acoustic
shadows or speckle noise) that obscure anatomical details, or frames with empty
regions when the probe was briefly moved away from the fetus. These criteria
ensured that the OCD dataset contained no clear anatomical information. The

testing dataset for OCD detection includes both ICD testing data and OCD data.

6.6.2 Implementation Details

We used ResNet-18 [287] as the backbone architecture for the classification model.
The classification model described in Sec. was jointly trained with the proposed
SC-VAE. These models were implemented with the PyTorch framework and trained
with an SGD optimiser for 200 epochs with a batch size of 32, a moment of 0.9, a
weight decay of 1 x 10~ and an initial learning rate 0.1 that decayed by 0.1 after
every 60 epochs. The choice of initialisation parameters and optimiser followed
the methodology proposed by [57]. Data augmentation was performed including

horizontal flipping, brightness variation, resizing, and centre cropping.

6.6.3 Evaluation Metrics

During evaluation, OCD images are treated as positive examples, meanwhile, ID
images from all classes are treated as negative for global metrics and ID images
from each class are treated as negative for class-wise metrics. Four global and
one class-wise metrics are used to evaluate OCD detection performance. These

are summarised in Table [6.11
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Table 6.1: Global and Class-wise Evaluation Metrics

Metric

Description

Detection Error (%) |

AUROC 1
57 at 95% TPR (x1072) 1

Global FPR at 95% TPR (%)
1

Class-wise FPR at 95% TPR
(%) J

Minimum misclassification rate over all pos-

sible thresholds.
Area under the FPR against TPR curve.

Angular distance based decision boundary
at 95% TPR.

Percentage of ID data that wrongly classi-
fied as OCD at 95% TPR.

Percentage of ID data in each class that
wrongly classified as OCD at 95% TPR.

6.6.4 Comparison Methods

In this section, I compare seven selected methods, including both classification-

based and generative-based OOD detection approaches. In our experiments, these

methods have been adapted to the OCD setting, specifically tailored to detect

OCD samples rather than general OOD data.

for OCD detection.

MSP [194]: The maximum softmax probability is proposed as an OCD score

o ODI [195]: Temperature scaling and small input perturbations are used to

compute more reliable OCD scores.

« Mahalanobis [212]: Mahalanobis distance is used to calculate the OCD

score by measuring how far a sample’s feature representation deviates from

the distribution of ICD features.

o U1D [221]: A union of one-dimensional projections is employed to project

the learned features onto orthogonal 1D subspaces, enhancing the separability

between ICD and OCD samples for more effective OCD detection.

« AE: [360]: An autoencoder is used to reconstruct the input, and the

reconstruction error is calculated as the OCD score for detection.
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e MemAE [341]: In a memory-augmented autoencoder, instead of directly
using the encoder output for reconstruction, a query is generated from the

encoded input to retrieve the most relevant items from an external memory.

« DDPM OOD ([342]: A DDPM is used to reconstruct inputs corrupted with
different levels of noise. The reconstruction errors across these noise levels are

combined into a multi-dimensional score, which is used for OCD detection

The first four classification-based methods are selected for comparison because
our proposed approach also falls within this category, and these represent state-
of-the-art techniques in classification-based OOD/OCD detection. In addition, I
include several generative-based methods, as they are emerging as strong alternatives
in the field. Specifically, the AE serves as a classic baseline, while MemAE shares
a similar idea to our design—enhancing reconstruction using the most relevant
retrieved data, although it does not explicitly incorporate class information. DDPM
is a recently proposed and highly promising method that achieves strong performance
despite its high computational cost. Including DDPM in our comparison allows us
to assess whether our method offers a favourable trade-off between performance

and complexity.

6.7 Results
6.7.1 Quantitative Results

Table shows a quantitative evaluation of OCD performance compared between
different methods. Form the results, I observe that our proposed method achieves
the best performance among all the compared classification-based methods, with
an improvement of 4.46, 2.06, 8.35, 1.00 in detection error, respectively. The results
indicate the effectiveness of our design in enhancing the separation between ICD
and OCD data. The comparison between UlD and our method validates the
effectiveness of our proposed VAE head in improving the compactness of ICD data,

leading to enhanced OCD detection performance.
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Method FPR at 95% | 0r at 95% | Detection AUC ¢t
TPR (%) | TPR (x107%) | Error (%) |
T

Classification-based

MSP [194] 25.8 38.92 11.32 94.32
ODIN [195] 18.64 43.58 8.92 96.13
Mahalanobis [212] | 32.57 29.37 15.21 87.62
U1D [221] 12.7 50.25 7.86 97.19
Ours 9.17 57.45 6.86 97.53

Generative-based

AE [360] A7.85 21.68 19.82 81.55
MemAE [341] 21.58 39.73 12.88 88.69
DDPM OOD [342] | 12.06 54.18 741 95.51
Dual Heads

DDPM + ours \ 9.12 57.92 6.69 97.64

Table 6.2: Performance comparison between different methods

For generative-based methods, the AE offers the worst performance. As a simple
reconstruction method, it may not be well-suited for recognising and reconstructing
complex medical images or detecting outliers, especially since outliers can appear
similar to ICD data. The improved performance of MemAE compared to AE
highlights the importance of incorporating class information in the OCD detection
process, as it enhances the model’s ability to differentiate between ICD and OCD
data. Notably, our method also outperformed method that using DDPM for OCD
detection. In DL, there is often a trade-off between computational complexity and
performance. Due to the computational complexity of DDPM, our method offers a
simpler yet effective alternative that produces comparable or even better results.
I also tested a model that simultaneously trained DDPM and our model as dual
heads. There is an improvement in performance, but it is not statistically significant.

However, the increase in computational cost is significant, suggesting that the added
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Figure 6.5: PCA and t-SNE visualisations of baseline and SC-VAE boosted methods
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Figure 6.6: PCA and t-SNE visualisations of baseline and SC-VAE boosted methods

complexity of the model may not be worth the trade-off. This indicates that more

complex models do not always result in proportionally greater accuracy.

6.7.2 Qualitative Results

Here, a qualitative comparison is made between our model and U1D, as the same
classification backbone and feature representatives are used, making the visualisation
comparison more straightforward. A t-SNE visualisation and a 3D PCA plot of
class representatives and input features are included are qualitative results. Fig.

[6.5] shows the t-SNE visualisation, in which our proposed method shifts the OOD
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ours).
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Figure 6.8: Class-wise PCA Visualisations of ICD testing data (continued).
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Table 6.3: Labelled ICD data and select “Approximation Standard Planes” for

each standard plane view.

1st Column: Standard plane (SP) views (8 out of 13

classes selected). 2nd Column: Labelled ICD data, which is SP view. 3rd Column:
“Approximation Standard Planes”, which are frames in the background (i.e. real-time
ultrasound scan video) that are predicted as ICD, and further classified into each SP

view.
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Figure 6.9: Examples of “Approximation Standard Planes” for 4CH

features further away from ID samples. Fig. [6.6] presents the 3D PCA plots, which
contain both class representatives (as a solid line) and ID testing data (as a circle),
with class-wise 3D PCA visualisation shown in Fig. and [6.8f Each coloured
line represents a class-representative vector and the coloured dots represent ICD
data for different classes. Hence, the spread of a single-coloured cluster represents
the compactness of ICD testing data for a given class. Here, I include class-wise
visualisations for 13 standard plane classes on both U1D and our proposed model.
Hence, it verifies that the first singular vector is a good class summary as ID testing
feature is spread around the vector for each class and illustrates that ID features
become more compact intra-class in the feature space under the proposed model.

Table. demonstrates “Approximation Standard Planes” selected from the
background (i.e. real-time ultrasound scan video) of 8 out of 13 standard plane views.
These frames are identified as ICD in OCD detection, and then further classified into
each SP view. Here dr at 95% TPR is used as threshold to determine the boundary
of ICD. The selected approximations closely resemble the standard plane view for
most classes by capturing non-standard anatomical information specific to each
class. However, for cardiac views—such as 4CH—the “Approximation Standard

Planes” approach proves less effective compared to other classes. This is due to the
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inherent difficulty of distinguishing between cardiac views, which even experienced
sonographers find challenging, as these views share similar global structures with only
subtle local differences. Consequently, identifying accurate approximations for these
classes is a more complex task. Fig. presents additional approximations for the
4CH view. Some of these examples contain anatomical features associated with other
cardiac views, such as 3VT, which shares a similar global pattern. Others resemble
abdominal views due to the presence of rounded edges, or include frames with noise
or incomplete anatomical structures that hinder further diagnostic interpretation.
Such ambiguity is rarely observed in non-cardiac classes, further highlighting the
complexity of approximating cardiac views. This behaviour aligns with the challenges
faced by human experts, and is therefore a reasonable outcome. As a conclusion,
our methods could effectively select “Approximation Standard Planes” from the

background, which is valuable for the ultrasound search and selection process.

6.8 Ablation Study

Ablation experiments were conducted to investigate the impact of using a VAE as
a regulariser, with different choices of class information encoded, on the model’s

performance. The following choices of models are considered:

o Baseline: A standard classification-based model U1D without any regulariser.

e + AE: An autoencoder is used as a regulariser, but without incorporating any

class-specific information.

o + Vanilla CC-VAE: A class-conditioned VAE regulariser that use a standard

multivariate Gausian as prior.

o + CC-VAE: A VAE regulariser that incorporates learnable class-conditioned

information.

e + SC-VAE (ours): A VAE regulariser that incorporates softmax score as class

information to guide the latent space.
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Table 6.4: Evaluation Results of Global Metrics on OCD Detection

Metric ‘ Baseline +AE 4+ vanilla CC-VAE +CC-VAE +SC-VAE (ours)
FPR at 95% TPR (%) | 12.70 12.84 11.34 12.17 9.17
dr at 95% TPR (x1072) 1 50.25 54.87 56.93 55.13 57.45
Detection Error (%) | 7.86 8.23 7.72 7.72 6.86
AUROC 1 97.19 96.84 97.03 97.07 97.53

Table demonstrates the evaluating results of OCD detection with global
metrics. Here, OCD detection with classification model only is used as a baseline.
Different types of reconstruction models (AE, vanilla CC-VAE, CC-VAE, and
SC-VAE) are added to the input features. Vanilla CC-VAE and CC-VAE are
defined as using a standard multivariate Gaussian as prior and using a learnable
class-conditioned Gaussian as prior, respectively. The proposed SC-VAE method
outperforms the other method, which validate our design. An increase in d7 at
95% TPR can be observed in different types of reconstruction models compared to
the baseline model, which indicates that OCD features lie further away from 1D
feature space, hence OCD and ID features are more separable. This observation
is reasonable since OCD features might be skewed from ID features during joint
training due to its relatively high reconstruction error.

Table demonstrates class-wise FPR at 95% TPR with class-wise means
and standard deviations. Our proposed model achieves the lowest mean, standard
deviation, and lowest FPRs among 8 of 13 classes. Compared to the baseline model,
the proposed model tends to provide a bigger drop in FPR in classes with high
FPRs. In the case of cardiac views—such as 3VT, 4CH, LVOT, and RVOT—high
FRPs could translate to cardiac view classes having high similarity and being near
neighbours in the feature space. These observations suggest that the proposed

method might be a potential solution to the “near neighbour” issue.

6.9 Conclusion

In this work, I introduced a new concept - “out-of-clinical distribution” detection - for

medical image analysis, with ICD data is defined as images that contain important
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and clinically interesting anatomical information, and OCD data is defined as images
that do not contain anatomical information used for clinical decision making. A new
type of OCD detection method was proposed by adding a novel softmax-conditioned
variational autoencoder on input features. The softmax-conditioned variational
autoencoder incorporates prediction information in both inference and generative
models, which use a class-conditioned mixture Gaussian as prior, and enforce the
ICD feature compactness. Experiments on fetal ultrasound data demonstrated
that the proposed method improves detection performance in both classification-
based and generative-based approaches, and remains effective even within classes
that have high similarity and are near neighbors in the feature space. It achieved
comparable results when adding DDPM as dual heads, suggesting that increasing

model complexity does not always lead to equivalent gains in accuracy.



We cut and clear the fields, mowing the thorny un-
dergrowth. The great fields are full of crops, already
sown and well tended. Now we reap the harvest, and
next year the millet will again be plentiful.

— The Book of Songs, Hymns of Zhou, Cutting the
Weeds.
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7.1 Summary of Contributions

This thesis has presented three research studies aimed at addressing key challenges
in adopting deep learning applications in clinical practice. Self-supervised learning
was explored as an alternative framework to mitigate the need for large annotated
datasets. Meanwhile, model robustness, explainability, and reliability were investi-
gated in separate works to tackle the broader issue of model trustworthiness. Below,

I summarise the main contributions of this thesis.

1. Chapter Fetal Ultrasound Video Representation Learning using
Contrastive Rubik’s Cube Recovery In this chapter, I developed a novel
self-supervised learning approach for robust local representation learning
from raw fetal US scan data. The key contributions are as follows: First, I
proposed feature-level representation learning to enhance robustness, enabling

the model to discard US-specific noise and learn more stable features. Second,

173
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7.1. Summary of Contributions

I introduced a local representation learning strategy tailored to the unique
characteristics of US data. This involved a novel local contrastive pair genera-
tion method, along with Rubik’s Cube recovery and cube reconstruction tasks,
to generate contrastive sub-cube pairs from US videos and effectively capture
local spatio-temporal features. Third, I employed 3D Swin Transformers as a
stronger feature extractor to further strengthen the feature learning process.
The effectiveness and generalisability of the proposed method were validated
through both in-domain and cross-domain clinical classification tasks. I further

validate the design of our method through two ablation studies.

Chapter [5: Explainability of Self-Supervised Representation Learn-
ing for Fetal Ultrasound Video In this chapter, I explored the explainability
of self-supervised learning models in the context of fetal US by leveraging
video data and gaze-tracking information to generate clinically meaningful
explanations. The key contributions are as follows: First, I defined explain-
ability in a clinical setting as the model’s ability to capture anatomy-aware
knowledge. Based on this definition, I introduced a novel set of quantitative
metrics that incorporate clinical-driven insights into the explaination process.
Specifically, 1 utilised visually salient landmarks—regions that naturally
attract sonographers’ attention—and assessed how well the focus of the
learned representations aligns with sonographers’ gaze patterns during image
interpretation. The effectiveness of the proposed metrics was validated across
various SSL tasks, demonstrating their ability to provide more consistent and
comparable explainability assessments than traditional qualitative methods,

which are often coarse and difficult to interpret in the context of fetal US.

Chapter [6; Out-of-Clinical-Distribution Detection with a Softmax-
Conditioned Variational Autoencoder Boosted Classification Model
In this chapter, I introduced the novel concept of out-of-clinical-distribution
detection to enable deep learning models to filter out irrelevant frames from

large, heterogeneous real-time US scans and to assess model reliability in fetal
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US analysis. The key contributions are as follows: First, I defined “in-clinical-
distribution” data as frames containing clinically relevant regions with key
anatomical information essential for diagnostic decision-making—for example,
standard planes in fetal US. Second, I proposed the first OCD detection
method for fetal US, based on a classification framework that incorporates a
softmax-conditioned variational VAE. This SC-VAE model integrates class-
dependent information into the reconstruction process while acting as a feature
regulariser. I validated the effectiveness of our method on fetal US datasets,
demonstrating superior performance compared to both classification-based
and generative models, and achieving results comparable to state-of-the-art
diffusion models—highlighting the simplicity and efficacy of our approach.
Finally, I validate the design of our method through the ablation study.

7.2 Future Works

In the previous section, I discussed the technical contributions that has been
introduced in this thesis. Beyond the technical advancements, these approaches
hold potential for broader applications and could serve as a blueprint for future
research. They may inspire further exploration and innovation in related areas,
particularly in conjunction with work being developed concurrently by my peers.
Below, I outline and discuss key areas for potential impact and further research,

structured according to the contributions of each chapter.

1. Chapter Fetal Ultrasound Video Representation Learning using
Contrastive Rubik’s Cube Recovery The proposed SSL approach is
currently tested on fetal US scan, but also has the potential to be applied
to other imaging modalities that exhibit significant local variations. During
the development of this method, several other SSL approaches have also
emerged for fetal US analysis. For instance, Fu et al. [124] incorporated
anatomical information into the classic CL approach, and Gridach et al. [361]

introduced a multi-modal contrastive learning method that combines US video
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with sonographers’ audio. This integration of additional information mirrors
real-world diagnostic processes, where clinicians synthesise various types of
data to make informed decisions. Since the ultimate goal of model training
is to closely mimic how clinicians make diagnostic decisions, incorporating
additional clinical information or leveraging multi-modal approaches could

represent a promising direction for future research.

Chapter Explainability of Self-Supervised Representation Learn-
ing for Fetal Ultrasound Video The concept of incorporating clinical
understanding through sonographers’ visual attention can be extended to
various studies with different focus areas that require attention to specific
clinical task. The proposed metric, designed based on visual attention, could
serve as a standard performance measure for future research. However,
in this field, there is currently no unified definition of key terms such as
“explainability”, “reliability”, and “interpretability”. Future efforts need to
aim at establishing clear, unified definitions for these concepts, which would

then allow for the introduction of standardised evaluation metrics across

studies.

Chapter [6; Out-of-Clinical-Distribution Detection with a Softmax-
Conditioned Variational Autoencoder Boosted Classification Model
I introduced the concept of OCD detection within the context of clinical
analysis, which can be applied to a wide range of clinical tasks beyond
US. The proposed OCD detection approach can serve as a reference point
for future research in this area. Additionally, our methods demonstrated
competitive results compared to the diffusion-based DDPM models [342],
which are currently a popular topic in the field. However, DDPM comes
with significant computational costs. A key consideration moving forward is
whether to follow the trend toward increasingly complex models like DDPM

or to focus on further refining and advancing traditional, simpler models.
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Balancing innovation with computational efficiency is worth considered not

only for this research but also for advancements across the broader field of Al
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In the past when I departed, the willows swayed
gently. Now as I return, the snow falls thickly

— The Book of Songs, Minor Odes of the Kingdom,
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Gathering Vetch.
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